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Abstract

Forecasting, a powerful technique for unveiling potential future events, relies on historical data
and methodological approaches to provide valuable insights. This dissertation delves into the
domain of electric mobility, investigating the effectiveness of three distinct algorithms—Long
Short-term Memory (LSTM), Autoregressive Integrated Moving Average (ARIMA), and Gated
Recurrent Unit (GRU)—for predicting customer charging behavior. Specifically, it focuses on
forecasting the number of charges over a 7-day period using time-series data from European
electric mobility customers. In this study, we scrutinize the interplay between algorithmic
performance and the intricacies of the dataset. Root mean squared error (RMSE) serves as a
metric for gauging predictive accuracy. The findings highlight the supremacy of the ARIMA
model in single-variable analysis, surpassing the predictive capabilities of both LSTM and
GRU models. Even when additional features are introduced to enhance LSTM and GRU
predictions, the superiority of ARIMA remains pronounced. Notably, this research underscores
that ARIMA is particularly well-suited for time series data of this nature due to its tailored
design. It contributes valuable insights for both researchers and practitioners in the electric
mobility industry, aiding in the strategic selection of forecasting methodologies.
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1 Introduction

Forecasting stands as a pivotal instrument, unveiling the veiled trails of an uncertain future.
It illuminates intricate patterns, deciphering the subtleties within data to lay bare potential
trajectories. At the intersection of historical data and external influences resides the heart of
precision prediction. This study embarks on an exploration into the efficacy of three distinct
algorithms — Long Short-Term Memory (LSTM), Autoregressive Integrated Moving Average
(ARIMA), and Gated Recurrent Units (GRU) — in forecasting customer charging behavior
[Hochreiter and Schmidhuber 1997; Box and Jenkins 1976; Cho et al. 2014].

Fueled by the surging global electric vehicle market that saw a remarkable 42.9% surge in sales
during 2020, the quest for accurate predictions in electric vehicle charging becomes increasingly
paramount. The nucleus of this investigation lies in comprehending the unique capabilities of
ARIMA, LSTM, and GRU in the context of forecasting time-series data, underpinned by their
distinct algorithmic constructs. Through a comparative lens that accentuates outcome-based
analysis over algorithmic intricacies, this research aims to unveil the most adept model for
predicting customer charging behavior within the electric mobility sector.

Our findings spotlight the ARIMA model’s supremacy in single-variable analysis, outperform-
ing LSTM and GRU with lower root mean squared error (RMSE) and heightened predictive
accuracy. Despite subjecting LSTM and GRU to augmented datasets encompassing addi-
tional features, ARIMA'’s favorable performance persists. This not only underscores ARIMA’s
resonance with this specific time-series data but also carries implications for practical decision-
making within the realm of electric mobility. Beyond academic considerations, these revelations
resonate in operational streamlining, resource allocation, and the intricate interplay of algorith-
mic evaluations, model selections, and the influence of external variables.

Embedded in this inquiry is the pivotal role of a third-party service provider, "The Company,"
facilitating access to charging stations for Battery Electric Vehicle (BEV) and Plug-In Hybrid
Electric Vehicle (PHEV) users, championing a seamless charging experience and a maximal
number of charges over time.

Structured as a multi-chapter expedition, each successive section delves deeper into the re-
search odyssey. Chapter 2 bestows a theoretical foundation concerning the three algorithms
and their architectural underpinnings. Chapter 3 meticulously navigates the dataset’s genesis
and transformation, while Chapter 4 meticulously dissects the influence of data. Algorith-
mic examinations come to the forefront in Chapters 5, 6, and 7, culminating in Chapter 8’s
encompassing synthesis.
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2 Background and Related Work

2.1 Introduction

Stochastic models and Neural Networks have the capability to learn and generate outputs
beyond the scope of the input data that they are presented with. Specifically related to this
thesis proposal, these models have been imperative in forecasting probable future occurrences
based on time series data. This chapter aims to introduce the three models we wish to apply
in our analysis, namely Autoregressive Integrated Moving Average (ARIMA), Gated Recurrent
Units (GRU), and Long Short-Term Memory (LSTM). Additionally, this chapter includes the
various performance measurements that can be used to assess each of the models. Whilst these
measurements are commonly used to assess regression models, it is not necessary to use all of
them, but rather one or a combination of some that best fit the data at hand. In the different
comparative studies that have been documented below, it can be seen that different performance
measurements were used as it was dependent on the analysis at hand. Coincidentally, each of
the studies produced various results, and no one model has been found to be superior to all
others. The importance of these studies is to enable future analysts to have the knowledge to
best choose which forecasting model to use upfront, based on the data they wish to project,
without having to develop all other models.

2.2 Autoregressive Integrated Moving Average (ARIMA)

Box and Jenkins [1976] introduced the Autoregressive Integrated Moving Average (ARIMA)
(also known as Box and Jenkins forecasting), which is a stochastic model for time series data
that merges the Autoregressive (AR) and Moving Average (MA) processes to construct a com-
prehensive model. ARIMA can capture complex relationships within data by measuring the
degree of dependency between one dependent variable and other changing variables [Chen 2019.
Since ARIMA does not assume any underlying models or relationships, it is widely used to fore-
cast time series. A focal point of this methodology is that it relies on the past values of the
input data and previously calculated error values to determine a forecasted value.

The acronym ARIM A(p,d,q) can be explained using the three essential components of the
model:

AR Autoregressive process refers to a type of stochastic process where the value of a time
series at a given point in time is based on its past values. The AR component (p) is
the number of past observations used to predict future values.

1 Integrated process refers to the act of differencing a time series to make it stationary.
Stationarity is an important property of time series data as it denotes that the statis-
tical properties of the data (such as mean and variance) do not change over time. The
I component d represents the number of times the differencing operation is performed.
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MA Moving Average process refers to a type of stochastic process, where the value of a
time series at a given point in time, is based on its past errors. The MA component
q is the number of lagged errors used to predict future values of the time series.

Moving Average. An approach that considers the dependency between observations
and the residual error terms from the moving average applied to lagged observations

(q)

The AR model of order p, i.e., AR(p) can be written in the form:

p
Ty = C—i—Zgbixt_i +€t (21)
i=1

where x; is the stationary variable, ¢ is the constant, the terms in ¢; are autocorrelation coeffi-
cients at lags 1, 2, ..., p. It is assumed that ¢; are the residuals of a Gaussian white noise series

with mean zero and variance o?2.

The MA model of order ¢, M A(q), is defined as :

q
Ty = [+ Z 91'8,5_2' (22)
=0

where p is the expectation of z; (assumed to be zero), the terms for 6; are the weights applied
to the current and prior values of the stochastic term in the time series with 6, = 1. ¢; are the
residuals of a Gaussian white noise series that have a mean zero and variance o2.

These two models are then combined by addition forming the ARIMA model of order (p, q) as
is defined as:

p q
Ty =cC+ Z gbixt_i + & + % + Z eigt—i (23)
i=1 =0

where ¢; # 0, 0; # 0, and 02 > 0. The parameters p and ¢ are called the AR and M A orders,
respectively.

For the ARIMA model to be successful, a few assumptions about the data and the model
parameters are as follows:

The Time Series Data Does Not Contain Anomalies

Performing a descriptive analysis of the data to ensure that there are no erroneous
data will alleviate this problem. Should any data fields be empty, these should be
appropriately filled in, given the field requirements.

The Time Series Data is Stationary and Non-Seasonal

According to [Hyndman and Athanasopoulos 2018|, a stationary time series is one that
exhibits consistent statistical properties regardless of the time when the observations
are taken. Seasonality, which refers to a predictable pattern of changes or trends
that repeats over a set number of time periods, often causes a time series to be non-
stationary due to variations in average values across certain times within the seasonal
span. To transform a non-stationary time series into a stationary one, differencing
can be applied by computing the differences between consecutive observations.

The Model Parameters and Error Term are Constant
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Historic Data Dictates the Behaviour of Current and Future Time Points
By only being able to predict using the defined input data, the predicted values may
not hold in stressed market data conditions.

2.2.1 Hyperparameter Optimization

In the modelling process, it is essential to determine the optimal values for the hyperparameters
that govern the Autoregression (AR), Integration (), and Moving Average (M A) components.
This process, which involves finding the best values for these hyperparameters based on a given
set of data, is known as hyperparameter optimization or tuning. The value for I depends on
whether the data set is stationary or not. To assess stationarity, one can apply the Augmented
Dickey-Fuller (ADF) test, which yields the appropriate value for I. Once I is determined,
additional statistical tests, such as the Autocorrelation Function (ACF) and the Partial Au-
tocorrelation Function (PACF), can be utilized to select candidate values for the AR and MA
hyperparameters.

To determine the optimal hyperparameters for an ARIMA model, each candidate model needs
to be compared using a relative measure. Two commonly used measures of goodness of fit are
the Akaike Information Criterion (AIC) and the Bayesian Information Criterion (BIC), which
help identify the best model from a pool of potential models. However, BIC is generally re-
garded as a more conservative measure because it penalizes models with more parameters than
AIC does. Therefore, BIC is often preferred when the sample size is large, and the goal is to
select a model that fits the data well while using the fewest parameters possible. In contrast,
AIC is useful when the sample size is small, and the aim is to balance the model’s goodness of
fit with its complexity. These measures can be defined as:

AIC = 2k — 21n(L) (2.4)

BIC = kln(n) —21In(L) (2.5)

where k is the number of parameters in the model, L is the likelihood of the data given the
model, and n is the number of observations. The likelihood of the data given the model, L,
refers to the probability of observing the data we have under the assumption that the model
is true. More formally, if we have a sample of observations yl,42,...,yn, and the model is
specified by a set of parameters 01,602, ..., 0k, then the likelihood of the data given the model
is given by:

L=P(yl,y2,..,yn | 01,02, ....0k) (2.6)

The AIC or BIC value is calculated for each model, and the model with the lowest value is
considered the best fit for the data. The lower the value, the better the model is considered to
be.

Augmented Dickey-Fuller (ADF) Test

The Augmented Dickey-Fuller (ADF) test is a widely-used statistical test for examining whether
a given time series data set is stationary or not. It is one of the most common statistical tests
used to investigate the stationarity of a series. Being a significance test (i.e., a unit root test),
it involves hypothesis testing based on null and alternative hypotheses. A test statistic is then
computed and p-values are reported as a result. In probability theory and statistics, a unit root
is a characteristic of some stochastic processes that can cause difficulties in statistical inference
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involving time series models. Specifically, a unit root is non-stationary but not necessarily
trended. The ADF test is carried out under certain assumptions, including:

Null Hypothesis (Hy): Series is non-stationary or series has a unit root.

Alternate Hypothesis(H;): If the null hypothesis is not rejected, then the test has
not provided enough evidence to prove that the series is non-stationary.

Conditions to Reject Null Hypothesis (Hy): If Test statistic < Critical Value
and p-value < 0.05 then reject Null Hypothesis (Hy) as the time series does not have
a unit root and hence, is stationary and does not have a time-dependent structure.

Should the time series data be stationary, the value of I can be set to 0. If not, the data should
be differenced and the ADF test should be run on the differenced data. If the differenced data
then passes the aforementioned conditions, the value of I can be set to 1. Alternatively, the
processes of differencing and performing the ADF tests need to be re-initiated.

Complete Auto-Correlation Function (ACF) and Partial Auto-Correlation Func-
tion (PACF)

In order to perform time series analysis and forecasting using Autoregressive Moving Aver-
age (ARMA) models, it is necessary to select candidate models and determine the order of
Autoregressive (AR) and/or Moving Average (MA) terms. This can be done by examining
the Autocorrelation function (ACF) and Partial autocorrelation function (PACF) plots of the
series. While these plots do not directly determine the order of the ARMA model, they can
provide insight into the order and help identify models that may be a good fit for the time-series
data.

The Autocorrelation Function (ACF) plot is a graphical representation of the correlation coef-
ficients between a time series and its lagged values, expressed as a bar chart. The ACF plot
provides information on how the present value of a time series is correlated with its past values
at different lags (1-unit past, 2-unit past, ..., n-unit past). The y-axis of the ACF plot repre-
sents the correlation coefficient, while the x-axis indicates the number of lags. For instance, if
y(t—1),y(t),y(t —1),...,y(t —n) represent the values of y at a given times ¢t,¢t —1,...,t —n,
then the the correlation coefficient between y(t) and y(¢ — 1) is the lag-1 value, lag-2 is the
correlation coefficient between y(t) and y(t — 2), and so forth.

The Partial Autocorrelation Function (PACF) is a measure of the partial correlation between
a time series and its lags, which captures the direct relationship between a time series and
its past values, while removing the indirect effects of other intervening variables. It can be
interpreted as the correlation between a specific lag and the time series, after removing the
effects of the other lags. In simple terms, PACF can be thought of as a linear regression where
we predict the current value of the time series using only the values of a specific set of lags,
while controlling for the effects of all other lags. By doing so, PACF helps to identify the direct
causal relationship between a time series and its past values.

The order of the AR(p) model can be determined by examining significant spikes on the PACF

plot. On the other hand, the order of the MA(q) model can be determined by identifying a
sharp cut-off after lag q on the ACF plot.
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2.3 Long Short-Term Memory (LSTM)

Long Short-Term Memory (LSTM) is a type of Recurrent Neural Network (RNN) that is specif-
ically designed to overcome the vanishing gradient problem and capture long-term dependencies
in time series data [Hochreiter and Schmidhuber 1997|. It achieves this by introducing a mem-
ory cell and several gates that regulate the flow of information into and out of the cell [Bengio
et al. 1993]. The gates are responsible for controlling the forget, input, and output information,
which allows the LSTM to selectively remember or forget information over time. This makes
the LSTM well-suited for modelling sequential data that exhibits long-term dependencies, such
as speech, text, and time series data. Looking into the architecture of the LTSM in Figure 2.1,
it can be seen that there are four layers inside that interact together [Karkare 2018].

The LSTM model allows for the horizontal flow of information to the cell state ¢; from the
previous cell state ¢;_;, without modification, thereby enabling the model to retain context
from multiple time steps in the past. This makes it capable of learning long-term dependencies
in the input sequence. Between cell statec;_; and ¢;, there is the possibility to include or
remove information with the use of the sigmoid layers o, or gates. The output of these gates
ranges between 0 and 1, which is a measurement of the weight of how much information each
component should be let through to control the cell state. Each of the three gates impacts the
data differently, as they each have their purpose.

he

Figure 2.1: Architecture of LSTM

Let us define the LSTM equations using the following assumptions: z; is the input at the
current timestamp, h;_; is the hidden state of the previous timestamp, and W is the weighted
matrix associated with the input and hidden state. Then, we can express the LSTM equations
as follows:

Forget Gate (f;) determines which information to discard from the cell state. It takes in the
previous hidden state h;_; and the current input x;, passes them through a sigmoid
function, and outputs a number between 0 and 1 for each element in the cell state.

Je =0 (W [he1, x¢] + by) (2.7)
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Input Gate (i;) determines which new information to be stored in the cell state. It takes
in the previous hidden state h;_; and the current input x;, passes them through a
sigmoid function, and outputs a number between 0 and 1 for each element in the cell
state.

iv = o (Wi * [het, 4] + b)) (2.8)

Candidate Cell (¢;) creates a vector of new candidate values to be added to the cell state. It
takes in the previous hidden state h;_; and the current input z;, passes them through
a tanh function, and outputs a vector of new values.

¢ = tanh(We x [hy_1, z¢] + be) (2.9)

Cell State (¢;) the long-term memory of the LSTM. It is updated by the forget gate, input
gate, and candidate cell to selectively retain or discard information from previous time
steps.

Cy = ft *Cc_1 + it * 6,5 (210)

Hidden State (h;) the output of the LSTM, which is based on the current cell state and
the current input. It is calculated by passing the updated cell state through a tanh
function and multiplying it by the output gate.

hy = o, * tanh(c") (2.11)

Output Gate (0;) determines which part of the hidden state to output. It takes in the pre-
vious hidden state h;_; and the current input z;, passes them through a sigmoid
function, and outputs a number between 0 and 1 for each element in the hidden state.
The updated hidden state is then multiplied by these values to produce the final
output.

or = oWy * [hy_1, 2] + b,) (2.12)

2.3.1 LSTM Model Hyperparameters

Selecting appropriate hyperparameters is crucial in ensuring the effectiveness of the learning
algorithm and the resulting performance of the LSTM model. These hyperparameters are re-
sponsible for controlling the learning process, and choosing the correct values can significantly
impact the quality of the model’s predictions. However, hyperparameters are often volatile, and
varying their values can lead to different outcomes. Hence, it is vital to compare models and
adjust the hyperparameters through hyperparameter tuning to achieve optimal results. This
process is called hyperparameter tuning.

The relevant hyperparameters to tune for the LSTM model are as follows:

Nodes A node is a computational unit that has one or more weighted input connections, a
function that links the inputs by means of data transfer, and an output connection.
Nodes are organized into layers to comprise a network, and can also be referred to as
the visible layer. By convention, the number of nodes used is in exponents of 2 (2, 4,
8, 16, 32, 64, 128, 256, 512, 1024...) as this corresponds to using the efficient use of
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the underlying hardware. However, there is no proof of an optimal method to select
these hyperparameters

Batch Size A batch size refers to the number of samples processed before the model’s pa-
rameters are updated during training. Larger batch sizes can speed up training, but
smaller batch sizes can lead to more accurate models. However, it is important that
the batch size contains a subset of data that is able to statistically represent all data
samples to ensure that the quality of the model does not degrade.

Epochs The number of times the learning algorithm will iterate through the entire training
dataset. One epoch refers to a sample of training data updating the internal model
parameter once. Increasing the number of epochs can lead to more accurate models,
but can also lead to overfitting.

Optimizer Responsible for controlling the performance of the algorithm by adjusting the
model weights and learning rates in order to minimize the loss function.

Dropout Rate The percentage of nodes in the model randomly "drop out" during training
to prevent overfitting. A higher dropout rate can increase regularization and prevent
overfitting, but can also lead to underfitting.

Patience The number of epochs to wait before stopping training if the model’s performance
on the validation set has not improved. This is used in early stopping to prevent
overfitting.

Learning Rate The magnitude of the update to the model’s parameters during training.
A smaller learning rate can lead to slower but more stable training, while a larger
learning rate can lead to faster but less stable training.

Activation Function The activation function decides whether a neuron within an artificial
network is important or not in the process of prediction using simpler mathematical
operations, and hence activates or deactivates the node.

2.3.2 Hyperparameter Optimization

Hyperparameter tuning or optimization is the process of selecting the optimal hyperparame-
ters for a model to achieve a desired metric value. Proper selection of hyperparameters can
result in a successful model, while poor selection can lead to an inefficient and time-consuming
training process. There are two main methods of setting hyperparameters for models, which
are explained below.

Manual Hyperparameter Tuning

Manual hyperparameter tuning involves an iterative process of selecting hyperparameters man-
ually, setting them, building machine learning models, and evaluating their performance using
the underlying dataset. This method allows for the testing of different combinations of hyper-
parameters to determine the best combination that yields the desired performance metric.
This approach has several advantages, including (1) providing greater control over the process
and (2) facilitating a deeper understanding of the tuning process and how it affects network
weights. However, it also has several disadvantages, such as (1) the tedious and time-consuming
nature of the process, as it often requires many trials, (2) the cost and effort involved in keeping
track of the various hyperparameters and their corresponding results, and (3) the potentially
large number of hyperparameters to consider, depending on the complexity of the model [ES
and Bajaj 2022].
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Automated Hyperparameter Tuning

Automated hyperparameter tuning refers to using algorithms to automatically search for the
optimal set of hyperparameters for a given machine learning model. This approach involves
specifying a range of hyperparameters and their possible values. The algorithm then runs mul-
tiple trials on the training dataset, testing different combinations of hyperparameters until it
finds the best set of hyperparameters that results in optimal performance on the validation set.

The main advantage of automated hyperparameter tuning is that it saves time and resources,
as the process is automated and can quickly search through a large parameter space. However,
a potential disadvantage is that it may not always find the best set of hyperparameters, and
the user may need to have a good understanding of the algorithm used and its limitations. We
will discuss a few of these algorithms and tools that can be used to achieve automated tuning.

A selection of hyperparameter tuning methods are:

Grid Search A grid search is a commonly used method for hyperparameter optimization. It
involves systematically trying out all possible combinations of a pre-defined subset
of hyperparameters and applying them to a learning algorithm, then evaluating the
resulting models through cross-validation (explained in Section 2.5). This can be a
computationally intensive process, but it ensures that all possible hyperparameter
values are considered and may lead to finding the best combination for optimal per-
formance. The model boasting the best accuracy is naturally considered to be the
best, and these hyperparameters are then selected as the optimal ones |Bergstra and
Bengio 2012].

Random Search Random search is a hyperparameter tuning method that selects hyperpa-
rameters randomly and uses them to train a model. The best combination of hyper-
parameters is then selected. While it shares some similarities with grid search, the
main difference is that it does not require setting a specific set of values for each hy-
perparameter. Instead, values are randomly sampled from a statistical distribution,
such as a uniform distribution, for each hyperparameter. [Bergstra and Bengio 2012].

Bayesian Optimization BBayesian optimization is an iterative method that selects hyperpa-
rameters by building a probabilistic model of the objective function based on previous
iterations. It then uses this model to intelligently choose the next set of hyperparam-
eters to evaluate. This method is particularly useful when evaluating the objective
function is computationally expensive or time-consuming. By using information from
previous evaluations, Bayesian optimization can efficiently explore the hyperparame-
ter space and converge on the optimal set of hyperparameters more quickly than other
methods [Snoek et al. 2012].

Other tuning methods and algorithms exist; however, these have not been covered in this
document as they fall outside of the scope of this analysis.

2.4 Gated Recurrent Units (GRU)

Introduced by Cho et al. [2014], the Gated Recurrent Units (GRU) is a type of neural network
that is commonly used for processing sequential data. It was designed to address the vanish-
ing gradient problem that arises in standard Recurrent Neural Network (RNN) models, where
gradients can become very small, making it difficult to learn long-term dependencies. GRU
accomplishes this by using gating mechanisms to selectively update and reset its hidden state,
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allowing it to selectively remember or forget information as needed. The design of GRU is
similar to that of LSTM, with the key difference being the number of gates and the way they
are used to control the flow of information [Chung et al. 2014]. Unlike LSTM, however, the
GRU only has two gates: reset gate, and update gate; as can be seen in the GRU architecture
in Figure 2.2. The simplification of the cell allows it to store long-term states, but with reduced
computational complexity in comparison to the LSTM |[Li et al. 2021].

To understand the functioning of the GRU, refer to the GRU cell illustrated in Figure 2.2. In
each time step t, the GRU cell receives an input z; and the previous hidden state h; ;. The
output is a new hidden state h; which is then forwarded to the subsequent timestamp. The
initial value of hq is zero when t = 0.

z¢ 1
Figure 2.2: Architecture of a GRU Cell

Reset Gate (r;) is a gating mechanism that controls how much of the previous hidden state
h;_1 is used in computing the candidate hidden state h; at the current time step t.

re=0c(W"sxx;, +U" % hy_q) (2.13)

where U” and W" are weight matrices for the reset gate. Given that the Sigmoid
function is applied here, the value of r; will range from 0 to 1.

Update Gate (z;) is a gating mechanism that controls how much of the previous hidden state
hi_1 is retained and how much of the candidate hidden state h; is incorporated into
the new hidden state h; at the current time step t.

2z =0(W?*xx, + U % hy_q) (2.14)

where U? and W#* are weight matrices for the reset gate. Once again, the Sigmoid
function is applied here, resulting in z; ranging from 0 to 1.

Candidate Hidden State (h;) is an intermediate hidden state value computed at the cur-
rent time step t, based on the input x; and the previous hidden state h;_;, and
potentially modified by the reset gate.

ilt = tcmh(Wxt +7r© Uht_l) (215)
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Hidden State (h;) is the final hidden state value output by the GRU at the current time step
t, obtained by combining the previous hidden state h;—; and the candidate hidden
state h; using the update gate.

]’Lt = (]. — Zt> ® ht—l + 2 ® ;Lt (216)

2.4.1 GRU Model Hyperparameters and Hyperparameter Optimiza-
tion

As GRU is a variation of the LSTM, it too has hyperparameters that need to be chosen and
optimized. Furthermore, the hyperparameters for the GRU are the same as those described in
Section 2.3.1. Similarly, the method of optimizing the hyperparameters is as per those of the
LSTM described in Section 2.3.2.

2.5 Model Performance Measures

In addition to interpretability, predictive evaluation is a crucial aspect of machine learning, as it
allows us to assess the performance of a model. In this analysis, we focus on regression models
and, therefore, only consider regression metrics. Regression involves predicting the state of an
outcome variable at a particular time point using other related independent variables, resulting
in continuous values within a specific range.

Assuming that 4 indicates the i** observational data point, n is the total number of data points,
yi is the actual observations of the time series, and ¢i is the predicted value of the time series,
the following metrics can be used to evaluate the results of the prediction:

Mean Square Error (MSE) It is calculated as the average of the squared differences be-
tween the predicted and actual values of the time series. By squaring the differences,
it places more emphasis on larger errors, penalizing them more heavily than smaller
errors. This property makes it a preferred metric over others as it can be easily
optimized due to its differentiability.

n

MSE = % > (i — ) (2.17)

=1

Root Mean Squared Error (RMSE) is obtained by taking the square root of the mean
squared error. The advantage of using RMSE is that it gives us the error value in
the same unit as the target variable, which makes it easier to interpret the results.
Additionally, RMSE is more sensitive to large errors than to small errors because the
errors are first squared before averaging. Therefore, RMSE is useful in cases where
large errors are considered to be more undesirable than small errors.

n

1
RMSE = | — i — Ui)? 2.18
P (215)
Mean Absolute Error (MAE) is the average of the absolute differences between the pre-
dicted and actual values of the time series. Compared to MSE, it is more robust

to outliers and does not penalize errors as heavily. MAE is a linear score, meaning
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all individual differences are equally weighted. However, it may not be suitable for
applications where outliers need to be emphasized.

1 — X
MAFE = ;Zm — Uil (2.19)

=1

R? or the Coefficient of Determination enables us to assess the performance of our model
relative to a constant baseline, and quantify how much our model has improved. The
baseline is determined by calculating the mean of the data and plotting a line at that
mean. R? is a scale-free metric, meaning it is not affected by the magnitude of the
values, ensuring that R? will always be less than or equal to 1.

R2_1_ > i (Wi — 90)?
> i (v = 1:)?

Adjusted R? is an improvement over R? because R? suffers from the problem of increasing
scores even when the model is not improving, which can mislead researchers. Adjusted
R? is always lower than R? because it takes into account the increasing number of
predictors and only shows improvement if there is a genuine improvement in the
model’s performance.

(2.20)

RZ=1- K%) * (1 — RQ)] (2.21)

Cross Validation (CV) Cross-validation is a statistical technique used to estimate the accu-
racy or performance of machine learning models. It is commonly employed to guard
against overfitting, especially when the available data is limited. The cross-validation
process involves dividing the data into a fixed number of folds or partitions, perform-
ing the analysis on each fold, and then computing the average error estimate across
all the folds. The general algorithm for this analysis is provided in Algorithm 1.

Algorithm 1 K-Fold Cross Validation Methodology

Require: Dataset, k
1: Divide the data set into k number of folds (subsets) randomly.
2: For each fold, train your model on the remaining k — 1 folds of the dataset. Finally, test
the model to determine the effectiveness of the & fold
3: Repeat this for all k-folds within the data set
4: Calculate the performance metric of the model by averaging the accuracy of the k& — th
record (called the cross validation accuracy)

This method is considered to be less biased compared to other methods as it ensures
that every observation from the original dataset has the chance of appearing in the
training and test set. This makes it one of the best approaches when dealing with
limited input data. A drawback of this approach is that the training algorithm must
be executed k times from the beginning, resulting in k times more computational
resources needed for evaluation.

Algorithm 1 is not the appropriate method for evaluating time series models because
shuffling the data disrupts the temporal order of events and may lead to training on
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future data and testing on past data, introducing data leakages. To preserve the tem-
poral dependency between observations during testing, cross validation on a rolling
basis is a more suitable method for time series data. This involves training the model
on a small subset of data, forecasting for later data points, and then assessing the ac-
curacy of the forecasted data. The same forecasted data points are then incorporated
into the next training dataset, and the process is repeated for subsequent data points.
This can be seen in Figure 2.3.

Earliest Latest
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Mumber of Data Splits
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Figure 2.3: Cross Validation on Time Series

2.6 Feature Selection

Feature selection involves selecting the most consistent, relevant, and non-redundant features
from a given dataset to use in building a model. As datasets continue to grow in size and
complexity, it becomes increasingly important to methodically reduce their size [Guyon and
Elisseeff 2003]. The primary objectives of feature selection are to enhance model performance
and reduce the computational cost of modelling. Feature selection offers numerous benefits to
machine learning models, including simplifying the model and improving its interpretability,
decreasing training times, increasing accuracy, and reducing the risk of over-fitting.

2.6.1 Feature Selection Methods

Feature selection algorithms can be grouped into two main categories: supervised and unsu-
pervised. Supervised methods are used for labelled data, and unsupervised methods are used
for unlabeled data. Unsupervised techniques can be further classified filter methods, wrapper
methods, embedded methods, and hybrid methods. We will discuss the first three below, as
hybrid methods refer to a combination of these methods.

Filter-Based Methods are a type of feature selection algorithm that select features based
on statistical measures, rather than relying on cross validation performance. These
methods typically apply a chosen metric to assess the relevance of each feature and
perform recursive feature elimination to remove irrelevant attributes. Filter-based
methods can be categorized as either univariate or multivariate. Univariate methods
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create an ordered ranking list of features based on their individual relevance, while
multivariate methods evaluate the relevance of the features as a whole, identifying
and removing redundant and irrelevant features.

Wrapper-Based Methods approach feature selection as a search problem, wherein a set of
features is selected and their quality is assessed by comparing various combinations of
features through preparation, evaluation, and comparison. This approach enables the
identification of potential interactions among variables. These methods concentrate
on identifying feature subsets that can enhance the performance of the clustering
algorithm utilized for the selection process. Popular examples of such techniques are
the Forward feature selection and the Boruta feature selection.

Embedded Methods involves integrating the feature selection algorithm as a part of the
learning algorithm, enabling the simultaneous performance of classification and fea-
ture selection. During the training process, the classifier will extract the appropriate
features that contribute the most to each iteration. Widely-used embedded methods
include decision tree feature selection and random forest feature selection.

Pearson Correlation

The Pearson Correlation is a filter-based method. It is frequently used for numerical variables
and calculates a value, denoted by r, between -1 and 1. The correlation between variables is
evaluated based on this value, where 0 implies no correlation, 1 indicates a completely positive
correlation, and 1 denotes a completely negative correlation [Boslaugh and Watters 2008|.

i (i = ) (Y — )
Vi (@i — 2 (i — i)
where 7 is the correlation coefficient, z; are the sample values of the z-variable, Z; is the mean
of the the z-variables, y; are the sample values of the y-variable, and y; is the mean of the the
y-variables.
In cases where the data set consists entirely of either positively or negatively correlated at-
tributes, there is a significant likelihood of a problem called multicollinearity affecting the
model’s performance. This occurs when one predictor variable within a multiple regression
model can be accurately predicted in a linear manner from the others, leading to results that
are skewed or misleading. The simplest solution to this issue is to remove or eliminate one of

the perfectly correlated features or to apply a dimension reduction algorithm such as Principal
Component Analysis (PCA) [Jolliffe 2011].

r (2.22)

Chi Squared

Chi-Squared is a filter-based method, that is utilized in statistics to assess the independence
of two events. This method involves computing the chi-squared metric between the target
and the numerical variable, and selecting only the variable with the highest chi-squared value.
Given the data for two variables, we can derive the observed count O and expected count
E, and then evaluate the degree of deviation (known as the degree of freedom) between the
expected and observed counts. To use x? for feature selection, we calculate x? between each
feature and the target, and choose the desired number of features with the best x? scores. The
underlying assumption is that if a feature is independent of the target, it does not provide
relevant information for classifying observations.

Xe = Xn: ©—E) (2.23)



where c is the degree of freedom, O are the observed values and E are the expected values.

Recursive Feature Elimination (RFE)

Recursive Feature Elimination (RFE) is a wrapper-based method used in the selection of fea-
tures. This method starts by fitting a model to the underlying data set, and then progressively
deletes the weakest features until a predetermined number of features is achieved. Features are
ranked by the model’s coefficient attributes (which determine the importance of the feature);
and through the removal of the number of features iteratively, the RFE is able to eliminate
dependent variables and collinearity within the model. RFE requires the specification of the
number of features to retain, but determining the optimal number of features beforehand is
often not feasible. However, by using cross validation, the different feature subsets can be
pre-evaluated and selected based on their scores.

Lasso Regression

Lasso Regression is a technique based on an embedded approach. This linear model utilizes
a cost function to evaluate the linear relationship between two features. When two features
exhibit a linear correlation, their combined presence will amplify the cost function’s value. As
a result, Lasso Regression endeavours to minimize the coefficient of the less significant feature
to zero, in order to identify the most relevant features [Hastie et al. 2015].

Ntraining
1 i 7
MSE(y7 ypTed) = 2]\7— Z (yreal - ypred)2 (224)
training —1
ho= > lajl (2.25)
j=1
LassoM SE(Y, Yprea) = MSE(Y, Yprea) + aly (2.26)

where a; is the coefficient of the 4t feature, [; is the penalty term, and « controls the intensity
of the penalty term. As the coefficient of a feature increases, so does the corresponding value
of the cost function. Therefore, a higher « coefficient leads to stronger penalization, resulting
in a sparser feature set.

Tree-Based Models

Embedded methods utilize algorithms that have feature selection mechanisms built into them,
such as tree-based models. Random Forest is an example of a tree-based model that employs
the bagging method and decision trees for feature selection. In Random Forest, the training
dataset is repeatedly resampled using the "bootstrap" procedure, with each sample containing
a random subset of the original features to fit a decision tree. The number of models and
features are hyperparameters that require optimization. The predictions of the trees are then
combined using the mean value (for regression) or soft voting (for classification). Bagging aims
to decrease the standard error and variance of the model by averaging the outputs of individual
decision trees, thus balancing the bias-variance trade-off.

2.6.2 Selecting the Best Feature Selection Model

Choosing the best feature selection method depends on the input and output in consideration
[Heavy.AI 2022].
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Algorithm 2 Random Forest Feature Importance Methodology

Require: Numerical data matrix representing the features and predictor values

1: Implement Shadow Features by creating randomness to the features by creating duplicate
features and shuffling the values in each column.

2: Train a classifier (Random Forest) on the data set and calculate the importance by assigning
Z-scores (z-scores explain where the resulting score lies on a normal distribution curve)

3: Compare the importance of the original features and the shadow features. Then the algo-
rithm checks for each of your real features if they have higher importance.

4: If the Z-score of the original feature has performed better than the shadow feature, mark
the feature as important.

Numerical Input, Numerical Output To best select features from data with numerical
input variables and numerical output, a widely-used method is to determine the cor-
relation coefficient between variables by using the Pearson’s correlation coefficient for
linear regression or Spearman’s rank coefficient for nonlinear regression.

Numerical Input, Categorical Output To best select features from data with numerical
input variables and categorical output, the categorial target needs to be considered
when calculating the correlation coefficient, such as ANOVA correlation coefficient for
linear or Kendall’s rank coefficient for nonlinear.

Categorical Input, Numerical Output In the rare case of a regression predictive modelling
problem where the data used consists of categorical input variables and numerical
output, a correlation coefficient such as ANOVA correlation coefficient for linear or
Kendall’s rank coefficient for nonlinear can once again be used, but in reverse order.

Categorical Input, Categorical Output To best select features for data with categorical
input variables and categorical output, one can use a correlation coefficient such as
the Chi-Squared test for known to be a successful method when dealing with agnostic
data types.

2.7 Comparative Studies of the Models used to Forecast
Time Series Data

Whilst the prediction of the future is impossible, we can imply a series of events given the
combination of historic data and knowledge of potential future situations that may impact the
prediction. However, the correctness of a prediction can only be established when compared
to the actual occurrence, and it may be required to assess various prediction methodologies
to determine the best algorithm given the data set at hand. By assessing previous works that
compare the prediction algorithms, we can establish (1) that the aforementioned algorithms are
all adequate at producing a prediction value; (2) that the algorithms can successfully analyse
various kinds of time-series data, and; (3) that by using these algorithms on the time-series data
presented in this thesis proposal, we can be confident that we can achieve reasonable forecasting
results. Hence, the success determined in previous related works indicates the potential success
of the research proposal.

2.7.1 Stock Market Price Prediction

Investors have yielded significant profits by successfully predicting the future closing stock values
in the financial stock exchange. However, the ability to forecast these stock prices is challenging
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to calculate due to the number of potential variables to consider as well as unpredictable noise
that may contribute to the resultant prices [Shah et al. 2018|. To investigate whether ARIMA
or LSTM offer a better prediction methodology to lower forecast errors and higher accuracy
of forecasts; Siami-Namini et al. [2018| applied the models to historical monthly financial time
series data from January 1985 to August 2018 from the Yahoo finance website. Since the data
collected had non-stationary properties, the ARIMA model was selected to model and fore-
cast these market values. LSTM, on the other hand, was chosen as a representative of deep
learning-based algorithms due to its capability to train and preserve features of a given data set
over a longer period of time. There is no specific empirical evidence to determine whether the
more traditional economic forecasting method, such as the ARIMA, forecasts better than the
deep learning algorithms, such as LSTM. However, in determining which model has a better
performance in reducing error rates, Siami-Namini et al. [2018] were able to compare ARIMA
and LSTM. The data preparation involved selecting stock from the market and using the "Ad-
justed Close" variable as the only feature of the financial time series to be fed into the ARIMA
and LSTM Models. The data was split into two subsets: 70% of the dataset was used for
the training set and the remaining 30% for the test set, to test the accuracy of the models.
Using the RSME assessment metric, the results of the analysis showed that the LSTM-based
algorithm had an 84.4% lower RMSE in comparison to the ARIMA model, stating that the
deep learning-based approaches have the advantage of iterative optimization which improves
the model fit of the data. It is to be noted that this analysis was only performed on single-
variable data, and further investigation could be considered for other data sets with a various
number of features.

Joosery and Deepa [2019] further performed a comparative analysis of the ARIMA and LSTM
forecasting algorithms in the prediction of stock prices. The data used in the analysis consisted
of five historical stock price data ranging from April 2009 to February 2019. There are simi-
larities in this analysis in comparison to that of Siami-Namini et al. [2018], in that the same
algorithms have been used to predict stock prices using historical time-series values. However,
the difference in the analyses include (1) the efficiency of the two models was compared using
the MSE instead of the RMSE; (2) The value predicted was the average of the stock value
over the day; (3) the efficiency of the algorithms was tested on the data observations over
different periods of time. The results of the analysis by Joosery and Deepa [2019] showed that
the ARIMA model performed better on larger sets of data (over one year), whereas the LSTM
model performed better on smaller data sets. The justification for this result is that the LSTM
is affected by the amount of training data provided whereas ARIMA is not. When an addi-
tional mechanism was added to the LSTM to improve the memory of the LSTM, it was found
that it performed similarly to that of ARIMA with large data sets and much better than that
of the LSTM in smaller data sets. As LSTM can find patterns in various input data, further
investigation could include external factors to improve its performance.

An earlier research article by Adebiyi et al. [2014b] examined the performance of ARIMA
and an Artificial Neural Network (ANN) when predicting published stock data from the New
York Stock Exchange. Whilst the ANN is not LSTM or GRU, it is still important to understand
how statistical models compare to artificial neural network models. In the analysis, the closing
price of the selected stock was chosen to be forecast over a 30-day period. Using the "Close
Price" as a prediction variable, the selected stock chosen was the Dell Inc. stock data from
August 1988 to February 2011 and consisted of a total of 5680 observations. Using the MSE as
a performance indicator, Adebiyi et al. [2014b] found that there was no significant difference in
the training forecasting accuracy of the ARIMA model in comparison to the ANN. However,
the performance of the ANN model was shown to be better than the ARIMA model in terms
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of the forecast accuracy of the test data. This is an indication that any improvements on the
ANN (such as the inclusion of LSTM or GRU) could potentially improve the performance.

A comparative study of LSTM and Deep Neural Network (DNN) for Stock Market Forecasting
was also conducted by Shah et al. [2018]. This study used a web data set containing daily
close prices of a particular stock from 1997 to 2017, to forecast daily and weekly movements.
The split of the data was 80:10:10 (train:valid:test), which allowed the training and validation
errors to coincide and stabilise quicker. In the daily predictions, it was found that the DNN
produced a lower RMSE than the LSTM, whilst the LSTM resulted in a lower forecast bias.
However, in the weekly predictions, the LSTM does a better job of predicting these movements,
in comparison to the DNN.

An analysis of a less traditional stock price, Bitcoin, was done by Yamak et al. [2019] where the
efficiency of performance of the ARIMA model, LSTM and GRU networks were compared. The
Bitcoin data set, with a one-day interval and exchange rate in American Dollars, was extracted
from November 2014 to June 2019. The 1639 data points were split into a training and test set
at a 70:30 ratio. Once the models were trained, they were tested for efficiency using the RMSE
and the Mean Absolute Percentage Error (MAPE). With both indicators, the results showed
that the ARIMA model outperformed both LSTM and GRU. The result could be due to the
parameters chosen per model, as well as the data size. Furthermore, the selected features may
not have been sufficient to predict the Bitcoin prices accurately, as they may not have implicitly
contained information about other external features

2.7.2 COVID-19 Case Prediction

Since 2019, the COVID-19 epidemic has spread from Wuhan, China to 213 countries world-
wide. The spread of the virus has taken a devastating toll on the livelihoods and health of many
individuals and economies. To try to mitigate its effects, detailed studies have been performed
to develop short-term prediction models to predict the number of future cases. Shahid et al.
[2020] proposed using LSTM and GRU to predict COVID-19 cases. For the cases in 10 different
countries, a daily record of the number of confirmed cases, death cases and recovered cases were
extracted from The Harvard COVID-19 database with 268 samples dated from January 2020
to June 2020. The training data set compromised of just under 60% of the sample data, and
40% was allocated to the test data. For each country, the models were expected to predict the
number of given cases for the next 48 days. In the analysis, three performance measurements
are used to evaluate the performance of the proposed models. These indices are the MAE,
RMSE and the R? score. Once the models had been built and trained, it was found that
ARIMA was unable to follow the trend of the features within the data, and this resulted in a
higher prediction error. LSTM performed better than both GRU and ARIMA, with the lowest
MAE and RMSE values for deaths as well as the highest R? values scored in recovered cases.
These results were only provided for one country, namely China.

In a further study, ArunKumar et al. [2021] also compared the differences between deep layered
neural networks, such as LSTM and GRU, in the forecasting of COVID-19 cases. This anal-
ysis was conducted using publicly available data from John Hopkins University’s COVID-19
database. Unlike the previous analysis, ArunKumar et al. [2021] predict a 60-day forecast of
the COVID-19 trend for the top-10 countries that are highly impacted by COVID-19. The
values selected to be forecasted include cumulative confirmed cases, cumulative recovered cases
and cumulative fatalities in the countries. Whilst it is not stated how many sample points were
used in training and testing the models, it is known that MSE and RMSE indices were used
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as performance measurements, with the lowest of the values believed to be the best model for
forecasting. The results showed that in half the countries, LSTM performed better than GRU
in predicting the total number of confirmed cases and recovered cases. For the forecast of the
fatalities data, LSTM outperformed GRU in six out of the 10 countries. This indicates that
the outputs of the models are dependent on the data given, as well as the required forecast.

2.7.3 Traffic Volume Prediction

To predict online traffic experienced on satellite networks to prevent network congestion and
improve the utilisation of network resources, Li et al. [2021] proposed using a GRU neural
network and comparing the results to a specialised ARIMA model can consider fractional dif-
ferencing (FARIMA). This analysis had a large amount of data, namely 400,000 data points,
and it was split into an 80:20 training and test ratio. Using the performance indicators, MAE,
MSE and RMSE, it was found that the GRU outperformed the ARIMA model and had superior
prediction accuracy.

The prediction of resource utilisation of user traffic in cellular networks was investigated by
Azari et al. [2019]. This evaluation of LSTM and ARIMA was undertaken to see which model
resulted in superior performance. Using a multi-variable data set consisting of cellular traffic
on the 5G network to train the models, the performance was measured by RMSE under dif-
ferent traffic circumstances. The analysis showed that the LSTM model, in particular when
augmented with additional features, demonstrated an improved prediction over the ARIMA
model for future traffic predictions.

A further study, to forecast real-time network traffic in India, was done by Shelatkar, Tejas
et al. [2020], where ARIMA and LSTM were used to predict the time-series data 30 days ahead
of time. Using a multi-variable data structure, that included the number of user visits to a
page, seasonality visit patterns, holidays, and other long-term trends, Shelatkar, Tejas et al.
[2020] was able to determine that the LSTM was more effective than the ARIMA model.

Looking at a more traditional form of traffic congestion, Wang et al. [2020] investigate the
prediction of truck traffic low based on the LSTM and GRU. Sampled truck GPS data was
collected between November 2018 and December 2018, which resulted in 288 data points and
was used to predict data at one-hour time intervals. Each piece of GPS data consisted of
the date and time that the data was recorded, as well as the geolocation coordinates, and
truck identification and travel data. For the roadway network, both the LSTM and GRU were
trained on optimised parameters to predict traffic flow and their performance was compared us-
ing MAPE as a performance indicator [Wang et al. 2020]. The findings show that both models
have excellent performance in predicting truck traffic flows. However, for the average prediction
accuracy throughout both peak and off-peak periods, LSTM had an improved accuracy of 4.1%
in comparison to GRU.

2.7.4 Summary of Comparative Studies

In these studies, LSTM consistently demonstrated strong performance in predicting time-series
data. ARIMA and specialized ARIMA models also showed competitive results. GRU showcased
competitive performance in some scenarios. Choice of algorithm often depended on data and
prediction target characteristics.

Based on the collective findings derived from the summary of the conducted comparative stud-
ies in the related work, it can be discerned that, excluding the results of our own experiments,
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Study Aim Data Algorithms and
Findings
Stock Market | Predict stock market | Historical monthly | LSTM had a lower

Price Predic-
tion

closing prices using

ARIMA and LSTM.

financial time series
data (Jan 1985 - Aug
2018).

RMSE in comparison
to ARIMA, indicating
better pattern cap-
ture.

Bitcoin Price

Predict Bitcoin prices

Bitcoin exchange rate

ARIMA outperformed

Prediction using ARIMA, LSTM, | data (Nov 2014 - Jun | LSTM and GRU in
and GRU. 2019). terms of RMSE, at-
tributed to parameter
tuning.
Traffic ~ Vol- | Predict traffic volume | Large dataset with | GRU demonstrated
ume Predic- | using GRU compared | 400,000 data points. superior prediction ac-
tion to specialized ARIMA curacy to ARIMA in
models. MAE, MSE, RMSE.
Network Traf- | Forecast network traf- | Cellular network traf- | LSTM,  with  ad-
fic Prediction | fic using LSTM and | fic data from a 5G net- | ditional features,
ARIMA. work. improved  prediction

accuracy in certain

scenarios.

COVID-19
Case Predic-
tion

Short-term COVID-19
case prediction using
LSTM and GRU.

COVID-19 case data

from 10 countries.

LSTM outperformed
GRU and ARIMA in
predicting case num-
bers.
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the Long Short-Term Memory (LSTM) algorithm exhibited a consistent pattern of robust per-
formance in predicting time-series data across various domains. This algorithm consistently
demonstrated superior predictive capabilities or remained competitively comparable when jux-
taposed against alternative methodologies such as Autoregressive Integrated Moving Average
(ARIMA) and Gated Recurrent Unit (GRU). Nevertheless, it is imperative to underscore that
the determination of the optimal algorithm is inherently contingent upon the specific attributes
characterizing the dataset under consideration, as well as the particular forecasting objectives
inherent to the research context.

Nonetheless, it remains important to recognize that while these conclusions draw from the
synthesized insights of established studies, the definitive identification of the most suitable
algorithm for the precise research inquiry at hand necessitates meticulous analysis of the distinct
attributes intrinsic to the dataset under scrutiny and the particular contextual requisites of the
investigation.

2.8 Research Questions

Having conducted a comprehensive literature review exploring the theoretical foundations and
existing studies on electric vehicle charging behaviour prediction, this section aims to outline
the specific research questions that guided our investigation. The identified research questions
were designed to assess the efficacy of different forecasting algorithms and their suitability
for predicting the number of electric charges performed by European customers with electric
vehicles. The answers to these research questions will shed light on the most accurate and
appropriate model for forecasting charging behaviour, providing valuable insights for the electric
mobility industry.

e Main Research Question

— RQ1: Which algorithm (ARIMA, LSTM, or GRU) provides the most accurate pre-
dictions for the number of electric charges on a daily basis over a 7-day period by
European customers with electric vehicles?

e Subsidiary Research Questions

— RQ2: What are the strengths and weaknesses of each algorithm in predicting cus-
tomer charging behaviour based on a single variable data set (number of charges)
and a multivariable dataset (Inclusion of session duration, power usage, customer
type, etc.)?

— RQ3: Did the addition of external features or data improve the prediction accuracy
of LSTM and GRU models, and how did it compare to ARIMA’s single variable

performance?

— RQ4: How do the algorithms compare in terms of computational efficiency and
resource requirements for processing the given electric mobility data?

— RQ5: What are the implications of the study’s findings for practical applications in
the electric mobility industry?

By addressing the research questions outlined above, this study contributes to the understand-
ing of machine learning algorithms’ capabilities in predicting electric vehicle charging behaviour.
The insights gained from this research can be used to inform decision-making processes and
optimize the charging infrastructure, fostering the sustainable growth of the electric mobility
sector.

33



2.9 Conclusion

In this chapter, an extensive exploration of comparative studies was conducted, focusing on
forecasting models and their applications. The primary aim of the chapter was to establish a
comprehensive understanding of the theoretical underpinnings of the algorithms under scrutiny,
providing a strong foundation for subsequent research. The investigation delved into the sig-
nificance of comparative studies in evaluating the efficacy of forecasting models, serving as
benchmarks for prediction accuracy and applicability. ARIMA, LSTM, and GRU emerged as
prominent models due to their abilities to capture and predict complex temporal patterns.
The theoretical foundations of ARIMA, LSTM, and GRU were explained. ARIMA combined
autoregressive and moving average components with differencing to handle stationary and non-
stationary time series data. LSTM’s architecture with input, output, and forget gates addressed
vanishing gradient problems in RNNs, making it adept at handling time series data. GRU’s
streamlined structure, integrating an update gate, enabled efficient learning of temporal de-
pendencies. The chapter delved into feature analysis and comparative metrics. The Pearson
correlation coefficient assessed interrelationships between input variables, while MAE, RMSE,
and R? score quantified predictive accuracy. These metrics facilitated robust comparative
evaluation. Methods for comparing ARIMA, LSTM, and GRU results were discussed, employ-
ing MAE, RMSE, and R? score along with visual representations like scatter plots and line
graphs to enhance understanding. This chapter significantly advanced research by providing a
sturdy framework grounded in theoretical foundations, feature analysis, and metrics compar-
isons. These components empowered forthcoming research to identify the optimal algorithm
for electric vehicle charging behaviour prediction, bridging existing knowledge and future in-
vestigations, thus establishing a strong foundation for algorithmic forecasting in electric vehicle
charging behaviour prediction.
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3 Understanding the Data

3.1 Origin of the Data

For privacy reasons, the company name and exact data structure and contents will not be
provided.

To understand the data, it is important to understand its origins and structure. The data
set being analysed belongs to a European Company, herein known as "The Company" that
provides a third-party charging service to customers that own and/or drive Battery Electric
Vehicle (BEV) or Plug-In Hybrid Electric Vehicle (PHEV), by granting them access to charging
stations that are owned by various charging point providers. Customers of The Company, who
own BEVs or PHEVs from various vehicle brands (or suppliers) can charge their vehicle at any
charging station, owned by various providers throughout the EU, at a standard agreed rate.
As an underlying function, The Company has contractual agreements with different suppliers
to provide a standard tariff to their customers, whilst also having other contracts with various
charging point providers enabling customers the freedom to charge anywhere.

All data generated by The Company, or by customers who have some interaction with The
Company and their services, are stored within the internal Data Warehouse (DWH). This
thesis proposes only to analyse the charging records generated by customers who have charged
their vehicles at a charging station.

3.2 Relationships within the Data

To find patterns within the data to forecast based on the requirements, it may be necessary to
look at more than the data relating to the charge itself. Additional insights could be derived
from extensions of the charge data, which include information about the vehicle supplier, the
customer and their pertaining contract information. To better understand the data connec-
tion, a high-level Entity Relationship Diagram (ERD), using Crow’s Foot notation, is shown
in Figure 3.1. The ERD illustrates the type of relationship between two entities, through car-
dinality which are the indicators on both ends of a line that connects the two entities. When
considering the relationship between tblCustomer and tblContract, for example, it can be seen
that one customer can have at least 1 associated contract (with no upper limit on the number
of contracts). Similarly, one contract can only be associated with one customer, and cannot be
shared among customers.

3.3 Data Definition

The ERD in Figure 3.1 represents the data in a normalised fashion; however, this analysis
requires the data to be denormalised. This is a technique used to combine the data tables to
have one table with all the necessary information, with redundancy. The data relevant to this
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Figure 3.1: High-Level Entity Relationship Diagram

thesis has been defined in Table 3.1, with the respective data definitions.

3.4 Anonymisation of the Data

As The Company has its headquarters in Europe, it is required to comply with the law created
in the European Union (EU) that protects the personal data of its citizens, known as the
General Data Protection Regulation (GDPR). The GDPR stipulates what companies can and
cannot do with their customers’ personal data. Whilst we may understand personal data as
a customer’s name, surname, contact details, banking details, personal identification number,
and any other methods that can directly identify a customer; data that can indirectly relate to
a customer need to be anonymised too. Although the charges data does not contain any direct
personal information, they do contain indirect personal information, such as the customer id,
and contract id. Furthermore, when a customer charges, we are aware of their location, and
although the customer does consent for the data to be collected and analysed anonymously, we
are not able to divulge these addresses as it indicates where a customer was at a certain point
in time and having the ability to track a customers’ movements is against GDPR. To remain
GDPR compliant, all data used within this analysis has been partially or fully anonymised, as
indicated in Table 3.1.

3.5 Stationary and Non-Stationary Data Series

A time series is said to be stationary if its statistical properties, such as mean, variance, and
autocorrelation, remain constant over time. In contrast, a non-stationary time series exhibits
changes in these properties over time, making it difficult to model or forecast reliably. Analysis
of non-stationary time series may lead to spurious results that falsely suggest a relationship
between variables. Therefore, it is essential to transform non-stationary time series data into
stationary data for obtaining consistent and accurate results. Differencing is a popular tech-
nique used to make non-stationary data stationary, especially for fitting an ARIMA model.
In contrast, LSTM and GRU models can capture and interpret the underlying trends in non-
stationary data without explicit differencing.

3.6 Data Transformation and Data Encoding

The charges data as described in Table 3.1 has only been summarised on a daily basis per
individual customer. As we are interested in the total number of charges on a daily level, the
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No | Name Data Type | Description Format / | Anony-
Content mised
01 | charge day datetime Date corresponding to | YYYY-MM- | N
the customer initiat- | DD
ing the charging ses-
sion.
02 | customer id | varchar(b) Unique value to iden- | Hash  Func- | Y
tify the customer tion
03 | contract id | varchar(15) | Unique value to iden- | Hash  Func- | Y
tify the contract of the | tion
customer
04 | customer - varchar(8) Type of customer ser- | PRIVATE /| N
type viced by The Com- | BUSINESS
pany. Private cus-
tomers refer to in-
dividuals whilst busi-
ness refers to fleet ve-
hicles owned by busi-
nesses
05 | charging - varchar(2) Phase of the charging | AC / DC N
phase session
06 | session du- double Length of time (min- | value >= 0 N
ration utes) of the charging
session
07 | power usage | double Power usage (kWh) of | value >= 0 N
the charging session
08 | roaming - boolean Indicator to determine | TRUE /I N
charge whether the charge | FALSE
was completed within
the customer’s home
country or not
09 | number of - | double The total number of | value >=1 N

charges

charges completed by
a customer on that
day

Table 3.1: Data Descriptions of Columns within charges data
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charges data has to be transformed to have this view.

Since categorical data lacks an inherent order, it cannot be assigned an integer value with a
natural ordering. Using such an encoding can lead to suboptimal performance or unpredictable
outcomes such as producing predictions between categories. Instead, a one-hot encoding ap-
proach can be used where a new binary variable is introduced for each distinct category value
[Brownlee 2020.

For this analysis, the categorical data will then be transformed through one-hot encoding for
our machine-learning algorithms to be able to process and understand the data. Figure 3.2
shows an example of the transformed data that has one-hot encoding applied to it, using a
sample data set, that will be used in the proposed analysis. The total number of charges per
day has been highlighted to indicate the value to be predicted over time.

number_of_ business_ session_ valid_business_| valid_private_ terminated_ | new_covid_

charge_day|  charges |private_charges|  charges ac_charges | dc_charges | bev_charges | phev_charges | duration | power_usage | contracts contracts | new_contracts | _contracts cases

2022-01-01 8,408 6,899 1,509 3,981 4,427 5,910 1,555 1,352,208 211,934 26,524 227,200 867 47 594,527
2022-01-02] 11,347 9,325 2,022 4,966 6,381 8,166 1,922 1,501,973 291,908 26,543 227,790 656 14 355,808
2022-01-03] 10,113 7,953 2,160 5,698 4,415 6328 2,416 1,699,905 230,303 26,562 228,544 787 39 541,945
2022-01-04] 9,284 7,283 2,001 5,465 3,819 5,742 2,282 1,570,985 203,854 26,616 229,204 753 103 932,190
2022-01-05 10,678 8,258 2,420 6,199 4,479 6,561 2,653 1,808,124 234,274 26,543 229,874 700 27 1,048,967
2022-01-06] 10,763 8,618 2,145 6,101 4,662 6,928 2,492 1,783,450 243,115 26,585 230,560 754 35 904,629
2022-01-07| 12,412 9,867 2,545 7,029 5383 7,986 2,875 2,124,234 277,941 26,581 231,125 596 42 893,304
2022-01-08] 12,421 9,954 2,467 6,661 5,760 8,148 2,700 1,846,206 284,464 26,564 231,585 486 49 905,804
2022-01-09) 9,856 8,104 1,752 4,984 4,872 6,647 2,028 1,513,349 233,684 26,586 232,102 588 17 784,586
2022-01-10) 8,724 7,205 1,519 5,463 3,261 5,205 2,433 1,775,109 181,969 26,658 232,817 804 30 715,665
2022-01-11 8,780 7,278 1,502 5,593 3,187 5,146 2,531 1,707,313 179,339 26,696 233,465 716 33 1,149,542
2022-01-12 9,396 7,800 1,596 5935 3,461 5711 2,556 1,775,368 190,967 26,822 234,072 766 48 1,118,501
2022-01-13] 10,086 8,399 1,687 6333 3,753 6,131 2,742 1,873,602 211,723 26,863 234,849 866 40 1,018,684
2022-01-14] 11,417 9,297 2,120 6,756 4,661 7,226 2,762 1,972,479 245,529 26,856 235,421 605 70 1,041,178
2022-01-15] 12,568 9,922 2,646 7,461 5,107 7,818 3,020 2,035,298 265,683 26,831 235,902 526 40 955,164

Figure 3.2: Transformed and Encoded Sample Data

3.7 Data Windowing

In order to achieve accurate time series prediction using the suggested techniques, it is necessary
to reshape the data using fixed windows. This approach ensures that the model is provided
with the most comprehensive information available at a particular time point from the recent
past. For function X; (where i represents the current time period), if we wish to predict X4
- next value in a time series - the data points X;, X;_1, X;_a,...X;_, are all fed into the model.
The expectation is that the proposed algorithm will be able to calculate the auto-correlation
coefficients from X; ; to X;, to predict X;,;. Assuming that the data contains 30 data points,
using a window size of 5 days to predict 7 days in advance, the tapered data will be structured
as per Figure 3.3.

3.8 Cross Validation

Cross Validation is a technique commonly used in machine learning to evaluate the performance
of a model on data that it has not yet seen. As our data set contains data over several years,
we can safely assume that the number of daily charges has been impacted by both internal
and external forces. Within the scope of our data set, internal forces are those that directly
impact the increase or decrease of the number of charges that can be controlled by the business.
Such forces can be attributed to the increase in the number of customers, price changes on the
charging lower levels, and change in the sale of vehicles. These values have all been accounted
for (indirectly or directly) as features in the data set.
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Previous 5 Days Data Current Day Data to Predict
r s Al ! \r ! 1
charge_day|number_of charges Input Order t-5 t-4 t-3 t-2 t-1 t t+1
day_01 charge_01 1 charge 01 | charge_02 7
day 02 charge_02 2 charge 01 | charge 02 | charge 03
day 03 charge_03 3 charge 01 | charge_02 | charge_03 | charge_04 ™ Incomplete Data
day_04 charge_04 4 charge 01 | charge_02 | charge_03 | charge_04 | charge 05
day 05 charge_05 5 charge 01 | charge_02 | charge_03 | charge_04 | charge_05 | charge 06 B
day 06 charge 06 6 charge 01 | charge 02 | charge 03 | charge 04 | charge_05 | charge_06 | charge 07 7
day 07 charge_07 7 charge_02 | charge_03 | charge_04 | charge_05 | charge_06 | charge_07 | charge 08
day 08 charge_08 8 charge_03 | charge_04 | charge_05 | charge_06 | charge_07 | charge_08 | charge 09
day 09 charge_09 9 charge_04 | charge 05 | charge_06 | charge_07 | charge_08 | charge_09 | charge_10
day_10 charge_10 WlnDdat::ling 10 charge_05 | charge_06 | charge_07 | charge_08 | charge_09 | charge_10 | charge_11
day 11 charge 11 Function 11 charge_06 | charge 07 | charge 08 | charge 09 | charge_10 | charge_11 | charge 12
day_12 charge_12 12 charge_07 | charge_08 | charge_09 | charge_10 | charge_11 | charge_12 | charge_13
day 13 charge_13 % 13 charge_08 | charge 09 | charge_10 | charge_11 | charge_12 | charge_13 | charge_14
day 14 charge_14 14 charge 09 | charge_10 | charge_11 | charge_12 | charge_13 | charge_14 | charge_15
day_15 charge_15 15 charge_10 | charge_11 | charge_12 | charge_13 | charge_14 | charge_15 | charge_16
day_16 charge_16 16 charge_11 | charge_12 | charge_13 | charge_14 | charge_15 | charge_16 | charge 17
day 17 charge_17 17 charge_12 | charge_13 | charge_14 | charge_15 | charge_16 | charge_17 | charge_18
day_18 charge_18 18 charge_13 | charge_14 | charge_15 | charge_16 | charge_17 | charge_18 | charge_19 —  Complete Data
day 19 charge_19 19 charge_14 | charge_15 | charge_16 | charge_17 | charge_18 | charge_19 | charge 20
day 20 charge 20 20 charge 15 | charge 16 | charge_17 | charge_18 | charge_19 | charge_20 | charge 21
day 21 charge_21 21 charge_16 | charge_17 | charge_18 | charge_19 | charge_20 | charge_21 | charge 22
day 22 charge_22 22 charge_17 | charge_18 | charge_19 | charge_20 | charge_21 | charge_22 | charge_23
day 23 charge 23 23 charge_18 | charge_19 | charge_20 | charge_21 | charge_22 | charge_23 | charge_24
day 24 charge 24 24 charge 19 | charge 20| charge 21| charge 22 | charge 23 | charge 24 | charge 25
day 25 charge 25 25 charge 20 | charge 21 | charge 22 | charge 23 | charge_24 | charge_25 | charge 26
day_26 charge_26 26 charge_21 | charge_22 | charge_23 | charge_24 | charge_25 | charge_26 | charge_27
day 27 charge 27 27 charge_22 | charge_23 | charge_24 | charge_25 | charge_26 | charge_27 | charge 28
day 28 charge 28 28 charge_23 | charge_24 | charge_25 | charge_26 | charge_27 | charge_28 | charge 29
day 29 charge_29 29 charge_24 | charge_25 | charge_26 | charge_27 | charge_28 | charge_29 | charge_30
day 30 charge_30 30 charge 25 | charge 26 | charge 27 | charge 28 | charge_29 | charge_30 | charge 31 J
Unseen Data Point

Figure 3.3: Windowing Function Example for Single Variable Data

On the other hand, the external forces are those that cannot be controlled by The Company
yet affect the number of charges. A large factor that impacted the charges was COVID-19.
With reference to Figure 3.4, it can be seen that the first and second lockdowns (dates as
per the European Lockdown periods) had a visible impact on the number of charges as these
decreased greatly. Whilst, we have considered the number of new COVID-19 cases in the data
set, this cannot guarantee that we have represented its impact correctly. Further external fac-
tors include the price of energy, the price of fuel (as an alternative for PHEV), the number of
vehicles manufactured, economic trends towards the use of green energy (energy that comes
from natural sources) and general use of BEVs/PHEVs. The factors would all attribute to the
number of charges and would have different impacts over different times.

Hence, it was decided to split the data and use the functionality of cross-validation to un-
derstand whether the models would perform in line with the results relative across all splits.
Should the models produce (near) consistent results, it would mean that the selected models
are able to handle different trends within the data set.

3.9 Data Assumptions

This analysis will consider the number of charges (and any related data) summarised on a daily
basis from 2014-08-17 when the first charge was recorded by The Company.

Other than the anonymisation of the data, no further data exclusions have been defined; how-

ever, after the initial descriptive analysis of the data, exclusions of specific data points may be
considered.
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Figure 3.4: First and Second COVID-19 Lock-Downs overlaid on the Charges Data

3.10 Technical Implementation

3.10.1 Model Implementation

The raw data to be refined is housed within the main Data Warehouse (DWH) belonging to The
Company. The DWH is a PostgreSQL database housed in the Microsoft Azure environment.
Access to the DWH is via the database tool DBeaver version 21.0.1. Extraction of the data will
be done by using SQL to create a denormalised, anonymised and one-hot encoded data table
that is saved in Comma-Separated Values (CSV) format.

Using Python 3.7.4 64-bit, the Comma-Separated Values (CSV) file will then be read in and
analysed accordingly. The initial descriptive analysis will require data to be plotted, and vi-
sualizations will be created using matplotlib; a comprehensive library for creating static,
animated, and interactive visualizations in Python.

The implementation of the LSTM and GRU models will be developed using an open-source soft-
ware library that provides a Python interface for artificial neural networks known as Keras. The
ARIMA model will be implemented using statsmodels (or more specifically statsmodels.tsa),
a Python module that contains model classes and functions useful for time series analysis.

To determine the optimised hyperparameters for the Keras models (LSTM and GRU), a tool
known as Talos will be used that allows for fully automating hyperparameter tuning and model
evaluation [Talos 2019]. For the ARIMA model, tuning of the parameters can be done by per-
forming statistical correlation of the data using a Complete Auto-Correlation Function (ACF)
and a Partial Auto-Correlation Function (PACF) function. The optimised hyperparameters
for all models, the training data and testing data, and the predicted values generated by the
models will be stored in CSV format.

The codebase for this project is available on GitHub: https://github.com /robynepelwan /masters
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3.10.2 Hyperparameter Tuning Tool Selection and Implementation

Talos is a hyperparameter optimization library for deep learning models. It is an open-source
tool that allows users to easily optimize the hyperparameters of their neural network models.
TALOS is designed to work with the Keras deep learning library and can be used to optimize a
wide range of model architectures, including feedforward neural networks, convolutional neural
networks, and recurrent neural networks (such as LSTM and GRU models) [Talos 2019].

The library provides a simple and flexible interface for specifying the search space and the op-
timizer to be used. Once the search space and optimizer are defined, Talos will automatically
perform a search over the space of hyperparameters to find the optimal set of hyperparameters
for the given model. It uses Bayesian optimization to search over the space of hyperparameters,
which is a method that uses a probabilistic model to guide the search process. This method has
been shown to be more efficient than grid search and random search, which are other common
methods for hyperparameter optimization. It also provides an option to use Hyperband which
is a method that is designed to optimize the performance of a model within a fixed computation
budget. This means that it will find the best models with the least number of iterations.

For the ARIMA model, we chose to use auto_arima to find the optimal hyperparameters.
This automated algorithm used a combination of statistical tests and heuristics to find the
best hyperparameters for the model. It fits a range of models with different combinations
of hyperparameters, and then uses information criteria such as Akaike Information Criterion
(AIC) and Bayesian Information Criterion (BIC) to select the best model. It also includes a
step of differencing the time series data, if necessary, to make it stationary.
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4 Exploratory Analysis

4.1 Introduction

The core focus of The Company is to develop a strategy that continuously allows the number
of charges to increase over time. Simply put, an increase in charges means that more and more
customers are using the service of The Company which translates to increased revenue margins.
Of course, understanding the development of charges over time is quite complex and needs to
be investigated. When considering Figure 4.1, it can be seen that over the course of the last
few years, the number of monthly charges has increased significantly - 2021 saw nearly a 300%
increase from the number of charges completed in 2020. The growth of these charges are due
to both internal and external factors. In this Chapter, we will look at different internal factors
to determine whether these have any correlation to the factor we wish to predict. Although we
have predicted the number of charges on a daily basis, the graphs and data below have been
summarised on a monthly basis for ease of viewing.

—— number_of_charges

400,000

300,000

200,000

Number of Charges

100,000

2015 2016 2017 2018 2019 2020 2021 2022
Date

Figure 4.1: Total Number of Charges Summarised by Month
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4.2 Data Deep-Dive

4.2.1 Charges by Customer Type

The Company services two kinds of customers; private customers and business customers, where
private customers make up an average of 79.64% of the total customer base. The split on a
monthly basis has been shown in Figure 4.2. Due to the proportion of the private customer
segment that has charged their vehicles in comparison to the business customer segment, we
can assume that this customer type has an influence on the prediction of the number of charges.
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Figure 4.2: Total Number of Charges Split By Customer Type

4.2.2 Charges by Power Type

Based on the kind of vehicle that the customer has, they are allowed to charge their vehicle
with either Alternating Current (AC) or Direct Current (DC). The current is important to The
Company as each current type is priced differently; hence it is relevant to understand the split
of the charges by current type. Prior to 2020, 84.12% of all charges were attributed to AC. This
is largely due to the vehicles that were available at the time that only allowed AC charging.
However, there has been an increasing demand for electric vehicles due to government backing
in Furope, which would drive the demand for electric vehicles up, and hence faster charging
batteries. Hence, after 2020, 62.90% of all charges were AC. Whilst the demand for DC charg-
ing stations is rising, AC still makes up for the bulk of the charges and we expect that these
charges have a positive correlation to the number of charges in our thesis. The AC/DC split
on a monthly basis has been shown in Figure 4.3.

4.2.3 Charges by Vehicle Type

The Company provides a service to vehicles that can be charged, namely Battery Electric Ve-
hicle (BEV) and Plug-In Hybrid Electric Vehicle (PHEV). As BEVs rely solely on battery life,
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Figure 4.3: Total Number of Charges Split By Power Type

The Company wishes to gain more of these customers as the frequency of their charges could be
higher than that of a PHEV. This is because PHEVs have the option to drive on a combustion
engine should they have no ability to charge their vehicle. Prior to 2016, nearly all vehicles
on The Company’s portfolio were BEVs; between 2016 to 2019 the BEV/PHEV split was at
60/40. However, the demand for BEV is increasing and largely due to government backing (as
mentioned previously). BEVs batteries are also improving over time, meaning that the vehicles
can drive further / longer distances and are comparable to normal combustion engine distances
now. Post 2020, we see that 75% of all vehicles that have charged are BEVs. The BEV/PHEV
split on a monthly basis has been shown in Figure 4.5. It is important to note that not all
vehicles have been classified as BEV/PHEV due to data errors and these vehicles have been
marked as "UNKNOWN".

Research and development of the energy storage systems in BEV and PHEVs, are ongoing to
reduce their relatively high cost and extend their useful life. Batteries that can last longer
and be charged faster are now sought after to encourage drivers to consider vehicles using
alternative fuel sources. Interestingly enough, hints at battery improvements can be seen in
Figure 4.5, as post-2019, the average charging capacity of DC batteries now ranges between
40-50 kWh. AC remains between 10-20kWh. Vehicles that have batteries that last longer after
a charge may not charge as often as those with lower distance batteries - however, with the lack
of understanding of the customer behaviour, we cannot make such an assumption. Though,
should this be considered as an important factor for predicting the number of charges, this
inferred charging behaviour should be picked up by the respective model.

4.2.4 Other Features to Consider

In this analysis, we have considered several other factors within the data that could be helpful
in the training of the model. These include

The Number of New Contracts is the number of new contracts that are valid at
The Company and able to charge on the date of inspection.

44



B phev _charges

BN ey _charges

400,000 { mm unknown_veh_charges
350,000
300,000
§ 250,000
g
;
E 200,000
150,000
100,000
50,000
¢ 2016 017 2018 2019 2020 2021 2022
Date
Figure 4.4: Total Number of Charges Split By Vehicle Type
— ac;averagé anelriusage.
f dc_laveragelz mee.r_usage.
50
/ AV N
40
2 AN
S
b \ -
p—y
SV
N ~— — ]
. L P —
A~
~
L~
0
2015 016 017 2018 2019 2020 2021 2022

Date

Figure 4.5: Average Power Usage (AC/DC Split)
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The Number of Terminated Contracts is the number of contracts that ended
their relationship with The Company and are no longer able to charge on the date of
inspection.

Total Session duration is the sum of the session duration (in minutes) of all charges
that were performed on the date of inspection.

Total Power Consumption is the sum of the power consumption (in kWh) of all
charges that were performed on the date of inspection.

4.3 Increasing the Number of Charges

The core focus of The Company is to ensure that the number of charges increases over time,
this would mean that more and more people are using the service which translates to increased
revenue margins. Several aspects can be directly attributed to an increase in the number of
charges, and are discussed below.

4.3.1 New Customers and Existing Customers

To gain a large chunk of customers, The Company is able to have a contractual agreement with
a new original equipment manufacturer (OEM), where customers who purchase new vehicles
from said OEM will automatically be signed up to the service of The Company upon delivery of
their new vehicle. It is important to note, that whilst a customer with a new vehicle is signed
up with The Company automatically, the customer is allowed to sign up with other service
providers should they deem fit. In Figure 4.6, the number of charges has been plotted with
green vertical lines where each line indicates the sign-up of a new OEM. Of course, signing up
a new OEM does not translate to an immediate increase in the number of charges but there is
a steady increase over time.

As stated before, it is not necessary that a customer signs up with The Company, despite
their OEM contractual agreements with The Company. Hence, another manner to increase
the number of customers is by appealing to these customers to join The Company. Similarly,
existing customers would need to be encouraged to use the services of The Company more than
their current behaviour. To push people to use the services of The Company, The Company
would need to provide some incentive to encourage this behaviour.

4.3.2 COVID-19

The impact of the Coronavirus Disease 2019 (COVID-19) virus has been felt globally, affecting
countries, economies and individuals. Hence, it is no surprise that the virus affected the number
of charges. In Figure 4.7, the two major download periods in Europe have been highlighted
against the charges data, where it can be seen that the number of charges decreased during
this time. Whilst there have not been other lockdowns that have taken place, it is important
to note the significance that COVID-19 has had on the data, and hence, appropriate to reflect
this in the predictions that follow.

4.4 Feature Analysis

By only looking at the charges, we may not be able to fully understand why the movement of
the data occurs over a period of time. In this analysis, we looked into measurable properties
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within the data, known as features, to see if these were able to give us further insights. This
exploratory analysis revealed many different features that we have considered in our analysis.
As explained in Section 2.6, we aimed to select features in the data that could improve the
performances of our models. As our input data was numeric, and our output data was numeric,
we used a linear regression feature selection known as the Pearson correlation coefficient. This
method measured the strength between different variables by comparing every variable to every
other variable and returned a value between -1 and 1. A correlation coefficient of 1 indicates
a strong positive relationship between the variables, whilst -1 indicates a strong negative re-
lationship. A correlation coefficient of 0 indicates no relationship at all. Our main goal was
to view the relationship of all the features compared to the number of charges, but having the
comparison of all other variables would also indicate the co-dependencies in the data.

4.4.1 Feature Identification

We have identified 13 additional features that could affect the prediction of the number of
charges in Table 4.1. Each of these features was calculated on a daily basis to match the format
of the number of charges.

No | Feature Name Description

01 | number_ of charges The total number of charges

02 | private charges The number of charges performed by private customers

03 | business_charges The number of charges performed by business customers

04 | ac_ charges The number of AC power charges

05 | dc_charges The number of DC power charges

06 | bev_charges The number of charges performed by customers with
BEVs

07 | phev_charges The number of charges performed by customers with
PHEVs

08 | session_ duration The total session duration (in minutes) of the charges
performed

09 | power usage The total energy usage (in kWh) of the charges per-
formed

10 | valid business contracts | The number of valid business contracts that have access
to charge their vehicles

11 | valid private contracts | The number of valid private contracts that have access
to charge their vehicles

12 | new_ contracts The number of new contracts signed up with The Com-
pany

13 | terminated contracts The number of contracts that have reached their end
date

14 | new covid cases The number of new covid cases within Europe

Table 4.1: Description of the Identified features

4.4.2 Pearson’s Correlation Coefficient

Pearson’s Correlation Coefficient was calculated for each combination of the identified features

using the formula
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r= > i (i — 2)(yi — ) ,
VI = 2P = )7 (4.1)

where 7 is the Pearson Coefficient, n is number of the features, and x and y are the features
compared at the time. To note, because we predicted 7 days in advance, we cannot compare
the 13 features to the number of charges that happened on that day. In order to understand the
relationship of the features to the number of charges, we need to compare each of the features on
days D at times [D;_7, D;_g, .... D;—1| to number of charges at day D;. In doing so, we have
allowed for the data to be viewed from one period of time, and be compared to another period
of time without overlap, to avoid data leakage. However, since we will be comparing 7 days’
worth of data per feature, we had to calculate 7 different Pearson’s Correlation Coefficients per
feature. In Figure 4.8, the correlation coefficients can be seen comparing each feature to every
other feature, using a lag of 1 day or at time D, ;. For the number of charges, we can see
that many of the features have a very strong positive relationship with it - private charges,
bev_charges, valid private contracts scoring the highest of 0.99. Whilst this high correlation
is suspicious, it is important to note that the number of charges over time was largely performed
by private customers, and also largely performed by customers who drove BEVs. Furthermore,
private charges can only be performed by customers that have a private contract, and hence,
this feature scored highly. Further features with high scores include the ac_charges and dc_ -
charges (with both features ranking the same given that the number of charges roughly are
split between 50% AC and 50% DC), as well as phev_charges and session duration. On the
other hand, we found that the total power usage and the number of terminated contracts have
a very weak to no relationship with the number of charges as a feature. Interestingly, despite
the fact that the new covid cases only became relevant at the end of 2019, it does have a
reasonable relationship with the number of charges.

When considering the entire result from Figure 4.8, we found that the features that scored
highly against the number of charges also scored highly among each other. Similarly, if a fea-
ture scored low against the number of charges, it was likely to score also low against the other
features. Whilst, this is not a common result of the correlation analysis across all data sets,
it is reasonable for the relationships within this data set given the business model and data
dependencies of The Company. It was, hence, possible to further delve into the features and
only compare them to the number of charges and not consider the other relationships in the
data.

We compared the correlation coefficients of all variables only to the number of charges at
different lag times, to see if there was a large discrepancy in the relationship over the 7 days.
The relationship over the time period did not alter by much, showing a similar relationship
per feature across all time lags. A visual representation of the correlation coefficients spread
per feature is shown in Figure 4.9, with the median correlation coefficient per feature over the
seven-day period displayed numerically.
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4.4.3 Feature Selection Consideration

When selecting the appropriate features to model our data, we would have selected those
with the highest correlation to the number of charges. However, in this case, the data is so
interdependent on each other that should we select all features with the highest correlation, we
may still be selecting too many features that would not deem the result we wanted - which is
using the least amount of features to accurately determine the number of charges for 7 unseen
days. In Chapter 6, we used all the features to determine the number of charges, and in Chapter
7, we used only three features to do the same.
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5 Single Variable Analysis

5.1 Introduction

The purpose of a single variable analysis is to determine whether we can use the history of
the number of charges without any other factors to forecast the future number of charges. In
doing so, we assume that the past charges infer any patterns from internal and external factors.
The success in predicting the number of charges for each of the selected algorithms will depend
on how the algorithm can determine the patterns within the data and forecast the number of
charges. Within this section, we will look into the prediction process and results for each of
the selected algorithms.

5.2 Long Short-Term Memory (LSTM)

5.2.1 Model Data Preparation

Prior to any predictions, the LSTM was configured based on input-specific parameters, namely
explicit parameters taken directly from the input data, and hyperparameters derived from the
input data. Algorithm 3 shows the high-level process that we need to follow in order to predict
and verify the number of charges.

Algorithm 3 LSTM Process to predict the number of charges

Require: raw_data, window_size, days_to_predict
Ensure: data contains no null values
1: Create input_data by transforming and tapering the raw_data using window_size and
days_to_predict
2: Split the tapered input_data into three data sets: training, validation, test
3: Using the training_data to train the LTSM and a variety of hyperparameters, find the
optimal hyperparameters using the validation_data to verify the result
4: Train the model on the training_data using the optimal hyperparameters
5: Predict the number of charges for a number of days defined by days_to_predict
6: Determine the rate of error between the predicted value and the test_data set

Once the data has been transformed and encoded, it needs to be tapered (or windowed) as
per Section 3.7. Using Algorithm 3, the number of charges was predicted for the next seven
days (days_to_predict = 7) using a windowed data period of fourteen days (window_size =
14). This meant that we considered two weeks prior to forecast the week that follows. Figure
5.1 shows how twenty-one days of data will be arranged by the windowing function to produce
an input data set (or training data set) of fourteen days, and an expected output data set (or
prediction data set) of seven days. Note that whilst the initial data set contains 2,639 data
points, due to the windowing function, only 2,618 days contain complete data and can hence
be used in the prediction.
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Figure 5.1: Arrangement of Training and Prediction Data created by the Windowing Function
at Time t

Following the data preparation process that created the tapered data set input_data of size X,
the data needs to be split into three data sets training, validation, and test data to ensure that
there is no data leakage of the test data when training and validating the LSTM. The initial
process step "I: Split Data" in Figure 5.2, reflects the splitting of the training_data in size k
(k = X - days_to_predict) and the test_data into size days_to_predict. The test data
is excluded from all further steps until it is required once again in the final step to evaluate the
model performance.

Process step "II: Determine Optimal Hyperparameters" defines the process of finding the op-
timal hyperparameters by experimenting only on the training data taken from the previous
step. To ensure that the experiments can run on one data set and then be tested on another
data set, training data is split into two data sets, namely the experiment training data -
exp_training data (of size k - days_to_predict) and the experiment validation data - exp_-
validation_data (size days_to_predict).

Thereafter, process "III: Predict the number of charges" trained the LSTM model using the
training data and the selected hyperparameters to forecast the number of charges for seven
days, discussed in Section 5.2.3 and 5.2.4. Finally, to evaluate the decency of the predicted val-
ues, Process step "IV: Evaluate Model Performance" was then conducted, discussed in Section
5.2.5.

input_data (size: X)
Transformed dafa to meet model requirements

I: Split Data

training_data (size k = X - days_to_predict)
Used for hyperparameter optimizations and final training for|
prediction

test_data (size = days_to_predict)
Not included in the expeniments

c " llI: Predict the
II: Determine Optimal ’ )
vaer-Param?;rs Training Data For Experiments - number of charges
training_data (size = k) Train of Model | Predict forecast_data IV: Evaluate Model
9. e \ / (size = days_to_predict) Performance

¥

. . Compare test_data
exp_training_data exp_validate_data

) . " to forecast_data
(size = k - days_to_predict) (size = days_to_predict)

Hyper-
Parameter
Testing

Optimised
Hyper-Parameters

Figure 5.2: Data Split Process: Train, Validate and Test Data
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5.2.2 Scaling the Data

In addition to the data tapering, we scaled the data to change the values of numeric columns
in the dataset to a common scale. As the features had different ranges, it was very important to
scale data before inputting it into the LSTM. The class sklearn.preprocessing.MinMaxScaler
was used to transform all features individually such that it is in the given range on the training
set, which we have selected as between zero and one. Assuming we have feature X defined as a
numerical value per day. Using the min-max normalisation method, we had to map the numeric
range of this feature to the scale range in [0,1] to create the scaled values defined as X' as
per Equation 5.1.

X — min(X)
maz(X) — min(X)
After the scaled data set has been used to train and test the model, the model outputs predicted

values (that are also scaled) that need to be unscaled using the same scaler function that was
used during the scaling process.

X' = (5.1)

5.2.3 Hyperparameter Tuning

To determine the best combination of hyperparameters, the LSTM model is trained using the
data from exp_training_data and a random selection of the hyperparameters. The trained
model then forecasts the number of charges for the next days_to_predict number of days.
These forecasted values were then validated against the exp_validation_data using a selected
model performance measure known to produce a validation loss. This process is then restarted
using the same exp training data but with a new combination of hyperparameters, then val-
idated against the exp_validation_data to produce another validation loss. Table 5.1 shows
the different hyperparameters considered, as well as the range of values to be considered. Given
the number of hyperparameters and the values of consideration, if we were to test every com-
bination of the hyperparameters, we would need to run over 580 000 experiments, just for one
data set.

To use Talos [2019] to identify the optimal hyperparameters, we altered the LSTM model
to accept a dictionary of lists of hyperparameters (defined as params) that were to be tested.
This implementation can be seen in Listing 5.1.

from keras.layers.core import Dense, Activation, Dropout
from keras.models import Sequential
from keras.layers import Dense, Activation, Dropout, LSTM

def lstm_model(X_train, Y_train, X_test, Y_test, params):

model = Sequential()

model .add (LSTM(params [’nodes’], input_shape=(X_train.shapel[1],
X_train.shape[2])))

model .add (Dropout (params [’dropout’],seed=config.SEED))

model .add (Dense(7))

model.add (Activation(params[’activation’]))

model.compile(loss=params[’losses’], optimizer=params[’optimizer’])

history = model.fit(X_train,
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Y_train,
epochs=params [’epochs’],
batch_size=params[’batch_size’],
validation_data=(X_test, Y_test),
callbacks=[EarlyStopping(monitor=’val_loss’,
patience=params[’patience’])],

verbose=0,
shuffle=False)

return history, model

Listing 5.1: LSTM Model Definition

We chose to run the experiment one hundred times, which meant that [Talos 2019] randomly
chose one hundred combinations (to perform one hundred experiments) of the selected values
from the features in Table 5.1. Per experiment, Talos trained the LSTM model defined in
Listing 5.1 using a selected combination of features, and the exp_training_data as the input
data set. The trained model then predicted the number of charges for the next seven days
and these values were then compared to the actual number of charges that occurred in the
exp_validation_data. The difference between these figures was measured by the selected loss
function to produce a validation loss. The model and respective hyperparameters with the
lowest validation loss were then saved to use as the final model to forecast future charges. As
the input data was scaled, the validation loss values are also scaled between [0,1]. In experiment
number 45, the lowest validation loss of 0.00887 was found and corresponds to the first set of
hyperparameters found in Table 5.2. The spread of the validation loss per experiment number
is shown in Figure 5.3.
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02

o1

.
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Number of Experiments

Figure 5.3: Validation Loss Result Spread for LSTM Single Variable Experiments

5.2.4 Model Training

The hyperparameters that resulted in the lowest validation loss were stored and used to train
the model defined in Listing 5.1 can be seen in Table 5.2. The difference between the exper-
imentation phase and the training phase was due to the data used when training. Instead of
the exp_training_data, the LSTM was trained using the full training_data data set. Once
trained, the model was then expected to predict the number of charges for the next seven days.
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Parameter to Optimise | Selected Values

nodes 1, 2, 4, 8, 16, 32, 64, 128, 256, 512, 1024

batch_size 1, 2, 4, 8, 16, 32, 64, 128, 256, 512, 1024

epochs 20, 40, 80, 100, 200

dropout 0, 0.01, 0.05, 0.075, 0.1,0.2, 0.3, 0.5

patience 20, 30, 50, 100, 200

optimizer "Adam", "Nadam", "RMSprop"

losses "mean_squared_error" (MSE), "mean_absolute_error" (MAE)
activation "relu", "sigmoid", "softmax", "tanh"

Table 5.1: Selection of Potential Values for the Hyperparameter Tuning

No | Testing | Validatio] Activatio] Batch| Drop | Epochs | Losses | Nodes | Optimizer | Pat-

Loss Loss Size | Out ience
01 | 0.00058 | 0.00887 | relu 32 0.2 200 MSE 256 RMSprop 20
02 | 0.00037 | 0.00935 tanh 2 0.075 | 100 MSE 1,024 RMSprop 20
03 | 0.00045 | 0.01027 tanh 8 0.1 80 MSE 128 Adam 100
04 | 0.00041 | 0.01282 relu 8 0.075 | 200 MSE 64 Nadam 200
05 | 0.00039 | 0.01382 tanh 8 0 80 MSE 256 Nadam 50

Table 5.2: LSTM (Single Variable): Five Lowest Validation Losses with the Associated Hyper-
parameters

5.2.5 Model Results

For the 7-day period ending on the 31st of March 2022, LSTM predicted a total of 94,211.69
charges. This is 542.31 charges (or 0.57%) less than the actual amount of 94,754 charges that
occurred during this week. The measure of difference between the actual and predicted values,
the RMSE, was 460.362; which is relatively low compared to the actual number of charges.
The detailed day-by-day breakdown comparing the actual number of charges and predicted
number of charges and the RMSE for the last 7 days in March 2022 were calculated and shown
in Table 5.3. Figure 5.4 visually represents the actual number of charges for the last month of
inspection, overlaid with the predicted number of charges for the last seven days.

Date Actual Value | Predicted Value | Difference | % Difference
Day 01 14,878 14,827.44 -50.56 -0.34%
Day 02 15,476 15,315.16 -160.84 1.04%
Day 03 13,806 14,044.79 238.79 1.73%
Day 04 11,844 12,457.83 613.83 5.18%
Day 05 12,119 12,164.83 45.83 0.38%
Day 06 12,703 12,451.31 -251.69 -1.98%
Day 07 13,928 12,950.32 -977.68 -7.02%
Total 94,754 94,211.69 -542.31 -0.57%

RMSE: 460.362

Table 5.3: LSTM Number of Charges: Actual vs Predicted per Day

5.2.6 Residual Analysis with Confidence Intervals

The differences between the actual and predicted values were extracted and graphed, with the
resulting values fitted to a normal distribution curve. Calculating the mean and standard devia-
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Figure 5.4: LSTM (Single Variable): Actual and Predicted Figures

tion from the data facilitated the creation of this normal curve. Opting for a normal distribution
was justified by the anticipation that most residual values would center around zero, thinning
out as they diverged from the mean. This corresponds to the expectation that the predicted
values closely match the actual values, resulting in only a few values deviating significantly from
the mean. Incorporating confidence intervals extended the graph to signify a range where, for
instance, we could be 95% confident that the true residuals resided. This enhancement allowed
us to visually capture the realm within which the majority of observed or simulated residuals
should fall, providing a comprehensive representation of predictive uncertainty.
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Figure 5.5: LSTM (Single Variable): Residual Analysis

Figure 5.5 presented a comprehensive analysis of the residuals, which represented the dispari-
ties between predicted and actual values for each data point. The blue histogram depicted the
distribution of these residuals, indicating their frequency across various ranges. To compre-
hend the underlying distribution generating these residuals, simulated samples were generated
from the fitted distribution and displayed as the orange histogram. These simulated samples
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provided a visual representation of the potential value range that could emerge as deviations
between predicted and actual outcomes.

The confidence intervals (CI), denoted by red and green dashed vertical lines, held significant
importance. These intervals highlighted the range within which we could confidently assert
that the true residuals lay, with a 95% confidence level. The red line marked the lower bound
of the CI, signifying our reasonable confidence that the actual residuals were situated above
this point. Conversely, the green line, representing the upper bound, indicated our confidence
that the actual residuals were below this value.

Based on the results of the residual analysis conducted for the single variable LSTM model,
pictured in Figure 5.5, several significant insights were garnered. The range of residuals was
observed to span from -25 to 25, indicating that the model’s predictions deviated from the
actual values within this range. This deviation encompassed both negative and positive resid-
uals, signifying instances where the model both underestimated and overestimated the actual
outcomes. The confidence intervals (Cls) played a crucial role in shedding light on the uncer-
tainty associated with the model’s predictions. The lower CI of -40 indicated a high level of
confidence that the true residuals fell above this threshold. This aligned with the presence of
negative residuals, suggesting that the model occasionally overestimated the predicted values.
Conversely, the upper CI of 40 also carried a similar degree of confidence, indicating that the
actual residuals were below this value. This corresponded to the presence of positive residuals,
indicating instances where the model’s predictions fell short of the actual values.

5.2.7 Cross Validation Analysis

To estimate the skill of the model, we split the data set into five data sets as can be seen in
Table 5.4 and further illustrated in Figure 5.6. Using these data splits, the process detailed in
Algorithm 3 is then applied to each one to determine how the size and pattern of each data set
affect the LSTM model and hence the predicted results.

Split No | Split Start Date | Split End Date | Number of Data Points | % of Total Data Points
01 2014-08-17 2016-06-19 528 20%
02 2014-08-17 2017-11-29 1,056 40%
03 2014-08-17 2019-05-11 1,584 60%
04 2014-08-17 2020-10-20 2,112 80%
05 2014-08-17 2022-03-31 2,639 100%

Table 5.4: Cross Validation: Split of Data Set

On each of the data splits, we optimised the hyperparameters using the same base hyperpa-
rameter selection in 5.1. The results per data split are shown in Table 5.5.

Split Testing | Validatio] Acti- Batch| Drop | Epochs | Losses | Nodes | Optimizer | Pat-
No | Loss Loss vation Size | Out ience
01 | 0.01645 | 0.12224 tanh 2 0.3 200 MSE 8 RMSprop 100
02 0.11925 | 0.13379 sigmoid 128 0.01 | 40 MSE 2 RMSprop 30
03 | 0.00088 | 0.11693 tanh 1 0.3 40 MSE 256 RMSprop 200
04 | 0.00096 | 0.03728 tanh 256 0.05 | 200 MSE 128 RMSprop 100
05 | 0.00058 | 0.00887 relu 32 0.2 200 MSE 256 RMSprop 20

Table 5.5: LSTM (Single Cross Validation): Lowest Validation Losses and Hyperparameters
per Data Split
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Figure 5.6: Cross Validation Data Split

Each LSTM model was trained on the data per split, with the respectively optimised hy-
perparameters, resulting in a seven-day prediction per split. Table 5.6 shows the actual and
predicted total number of charges per prediction period of 7 days with the respective point
difference comparison and the RMSE. The graphs in Figure 5.7 illustrate the daily actual and
predicted values. In the figures, the actual number of charges (blue) were plotted on a daily
basis over a period of 30 days, with the predicted values (orange) plotted on the last seven days
of the defined period.

Split No | Date From | Date To | Actual Predicted | Difference | % Difference | RMSE
Value Value
01 2016-06-12 | 2016-06-19 | 78 68.41 -9.59 -12.29% 2.9677
02 2017-11-22 | 2017-11-29 | 2,234 2,557.97 323.97 14.50% 90.9312
03 2019-05-04 | 2019-05-11 | 4,644 4,637.06 -6.94 -0.15% 31.1418
04 2020-10-13 | 2020-10-20 | 21,479 21,982.67 503.67 2.34% 206.1429
05 2022-03-24 | 2022-03-31 | 94,754 94,211.69 -542.31 -0.57% 460.362

Table 5.6: LSTM (Single Variable Cross Validation): Actual vs Predicted Charges Results per
Split

The RMSE is an indicator of the goodness of fit, and the lower the RMSE, the better the fit.
However, this only applies to a comparison of several fits on the same dataset. For every split,
we have a different set of data, and hence, the assumption that the results from Split 1 are
better than those from any other Split as it has the lowest RMSE, is incorrect. To compare
different RMSE values across different data splits, we need to normalise all RMSE values so
that they are comparable as per Equation 5.2, where 3 is the average of the observed values
over the time of investigation (seven days in our case). The normalised RMSE uses the average
value of the actual number of charges and compares this to the RMSE to produce a value
between 0 and 1. The closer the normalised RMSE is to 0, the better the result.

RMSE

)
In Figure 5.8, we displayed the RMSE with the Normalised RMSE per data split. As explained

RMSE normalised = (5.2)
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Figure 5.7: LSTM (Single Variable) Cross Validation: Actual vs Predicted Charges Results per
Split
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Split No | Minimum Charges | Maximum Charges | RMSE | Normalised RMSE
01 7 14 2.968 0.424
02 250 365 90.931 0.791
03 635 716 31.142 0.384
04 2,579 3,686 206.143 0.186
05 11,844 15,476 460.362 0.127

Table 5.7: LSTM: RMSE and Normalised RMSE Comparison

above, considering only the RMSE values would mean that the results in Split 1 gave the best
results, whilst Split 5 gave the worst (RMSE 2.968 vs 460.362). However, the direct comparison
of the RMSE values per split is not valid, as each RMSE is calculated on a different data set.
Whilst each split contains seven data points, Split 1 has a daily average of 11 charges whilst
Split 5 has a daily average of over thirteen thousand charges. Hence, a difference of 1 charge
per day (when comparing the actual values to the predicted values) will affect Split 1 far more
than it will affect Split 5. Hence, the RMSE values need to be normalised using Equation 5.2
to facilitate a comparison between the different data splits. When comparing the Normalised
RMSE, we can now see that Split 5 produced the best-predicted charges when compared to
the other splits. These results showed that despite the fact that the original data set contained
different trends over different time periods (which includes the impact of COVID-19), the
model performed better having more data points. It also indicated that the windowing period
of fourteen days contained enough information to predict the number of charges for seven days
within Split 5 as indicated by a low rate of error.
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5.3 Gated Recurrent Units (GRU)

5.3.1 Model Data Preparation

Due to the similarity between the LSTM and the GRU, the configuration of the GRU took
on the same modelling preparation method. Using the univariate input data, we derived the
optimal hyperparameters to have a paradigmatic forecasting model. Algorithm 4 shows the
high-level approach taken to predict and verify the number of charges.

Algorithm 4 GRU Process to predict the number of charges

Require: raw_data, window_size, days_to_predict
Ensure: data contains no null values
1: Create input_data by transforming and tapering the raw_data using window_size and
days_to_predict
2: Split the tapered input_data into three data sets: training, validation, test
3: Using the training_data to train the GRU and a variety of hyperparameters, find the
optimal hyper-parameters using the validation_data to verify the result
4: Train the model on the training_data using the optimal hyper-parameters
5: Predict the number of charges for the number of days defined by days_to_predict
6: Determine the rate of error between the predicted value and the test_data set

The data was also prepared as described in Section 3.7, where we transformed, encoded and
tapered (or windowed) the univariate time series. Maintaining the variable input from the
LSTM, we predicted the same number of charges (days_to_predict = 7) using a windowed
data period of fourteen days (window_size = 14). The twenty-one days’ worth of data was
arranged again as in Figure 5.1 that produced an input data set (or training data set) of fourteen
days, and an expected output data set (or prediction data set) of seven days. By creating these
training and testing sets, the full data set containing 2,639 data points was decreased to only
2,625 data points that could be used in the prediction. This was due to the windowing function.
The data was then split as described in Section 5.2.1 and graphically depicted in Figure 5.2

5.3.2 Hyperparameter Tuning

To determine the best combination of hyperparameters, the GRU model was trained using the
data from exp_training_data and a random selection of the hyperparameters. The trained
model then forecasts the number of charges for the next days_to_predict number of days.
These forecasted values were then validated against the exp_validation_data using a selected
model performance measure known to produce a validation loss. This process was then reiter-
ated using the same exp training data but with a different combination of hyperparameters.
The range of the hyperparameters is the same as those used in the LSTM model as shown in
Table 5.1.

from keras.layers.core import Dense, Activation, Dropout
from keras.models import Sequential
from keras.layers import Dense, Activation, Dropout, GRU

def gru_model(X_train, Y_train, X_test, Y_test, params):
model = Sequential()
model .add (GRU(params [’nodes’], input_shape=(X_train.shape[1],
X_train.shape[2])))
model .add (Dropout (params [’dropout’],seed=config.SEED))
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model.add (Dense(7))
model.add (Activation(params[’activation’]))
model.compile(loss=params[’losses’], optimizer=params[’optimizer’])

history = model.fit(X_train,
Y_train,
epochs=params[’epochs’],
batch_size=params[’batch_size’],
validation_data=(X_test, Y_test),
callbacks=[EarlyStopping(monitor=’val_loss’,

patience=params[’patience’])],

verbose=0,
shuffle=False)

return history, model

Listing 5.2: GRU Model Definition

We chose to run the experiment one hundred times, which meant that [Talos 2019] randomly
chose one hundred combinations (to perform one hundred experiments) of the selected values
from the features in Table 5.1. Per experiment, Talos trained the GRU model defined in Listing
5.2 using a selected combination of features, and the exp_training_data as the input data
set. The trained model then predicted the number of charges for the next seven days and
these values were then compared to the actual number of charges that occurred in the exp_-
validation_data. The difference between these figures was measured by the selected loss
function to produce a validation loss. The model and respective hyperparameters with the
lowest validation loss were then saved to use as the final model to forecast future charges. As
the input data was scaled, the validation loss values are also scaled between [0,1]. In experiment
number 54, the lowest validation loss of 0.01351 was found and corresponds to the first set of
hyperparameters found in Table 5.8. The spread of the validation loss per experiment number
is shown in Figure 5.9.
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Figure 5.9: Validation Loss Result Spread for GRU Single Variable Experiments
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No | Testing | Validatio] Activatio] Batch| Drop | Epochs | Losses | Nodes | Optimizer | Pat-
Loss Loss Size | Out ience
01 | 0.00043 | 0.01351 | tanh 64 0.01 | 80 MSE 1024 Nadam 20
02 | 0.00044 | 0.01436 sigmoid | 4 0.075 | 100 MSE 256 Adam 50
03 | 0.00043 | 0.01803 tanh 4 0 100 MSE 8 Adam 50
04 | 0.00051 | 0.01891 sigmoid 16 0.5 200 MSE 256 Adam 200
05 | 0.00046 | 0.01909 tanh 2 0.01 | 100 MSE 16 Nadam 30

Table 5.8: GRU (Single Variable): Five Lowest Validation Losses and their Associated Hyper-
parameters

5.3.3 Model Training

The hyperparameters that resulted in the lowest validation loss were stored and used to train
the model defined in Listing 5.2 can be seen in Table 5.8. The difference between the exper-
imentation phase and the training phase was due to the data used when training. Instead of
the exp_training_data, the GRU was trained using the full training_data data set. Once
trained, the model was then expected to predict the number of charges for the next seven days.

5.3.4 Model Results

For the 7-day period ending on the 31st of March 2022, GRU predicted a total of 93,019.86
charges. This is 1,734.14 charges (or 1.83%) less than the actual amount of 94,754 charges
that occurred during this week. The measure of difference between the actual and predicted
values, the RMSE, was 531.225; which is low compared to the actual number of charges. The
detailed day-by-day breakdown comparing the actual number of charges and predicted number
of charges and the RMSE for the last 7 days in March 2022 were calculated and shown in
Table 5.9. Figure 5.10 visually represents the actual number of charges for the last month of
inspection, overlaid with the predicted number of charges for the last seven days.

Date Actual Value | Predicted Value | Difference | % Difference
Day 01 14,878 14,890.03 12.03 0.08%
Day 02 15,476 14,783.15 -692.85 -4.48%
Day 03 13,806 14,076.08 270.08 1.96%
Day 04 11,844 12,367.57 523.57 4.42%
Day 05 12,119 11,588.94 -530.06 -4.37%
Day 06 12,703 12,049.54 -653.46 -5.14%
Day 07 13,928 13,264.54 -663.46 -4.76%
Total 94,754 93,019.86 -1,734.14 -1.83%

RMSE: 531.225

Table 5.9: Number of Charges: Actual vs Predicted per Day

5.3.5 Residual Analysis with Confidence Intervals

After conducting the residual analysis for the single variable GRU model, as seen in Figure 5.11,
several notable findings emerged. The analysis revealed that the residuals spanned from -5 to
40, illustrating the range within which the GRU model’s predictions deviated from the actual
values. This range encompassed both negative and positive residuals, indicating instances where
the model underestimated and overestimated the actual outcomes, respectively. The confidence
intervals (ClIs) added an important layer of insight into the model’s prediction uncertainties.
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Split Testing | Validatio] Acti- Batch| Drop | Epochs | Losses | Nodes | Optimizer | Pat-
No | Loss Loss vation Size | Out ience
01 | 0.01514 | 0.11969 sigmoid | 2 0.05 | 200 MSE 1024 RMSprop 20
02 | 0.16631 | 0.1293 sigmoid | 512 0 20 MSE 8 Nadam 20
03 | 0.00099 | 0.11429 tanh 2 0.075 | 40 MSE 512 RMSprop 100
04 | 0.00096 | 0.04679 sigmoid 16 0.05 | 100 MSE 1024 Nadam 200
05 | 0.00043 | 0.01351 tanh 64 0.01 |80 MSE 1024 Nadam 20

Table 5.10: GRU (Single Variable Cross Validation): Lowest Validation Losses and Hyperpa-
rameters per Data Split

The lower CI of -50 indicated a strong level of confidence that the actual residuals exceeded this
value. This observation aligned with the presence of negative residuals, indicating instances
where the model’s predictions were higher than the actual values. Conversely, the upper CI of
30 also carried a significant degree of confidence, suggesting that the actual residuals were lower
than this value. This correlated with the occurrence of positive residuals, showcasing instances
where the model’s predictions fell below the actual values.

5.3.6

We split the data set into five data sets as can be seen in Table 5.4 and further illustrated in
Figure 5.6. Using these data splits, the process detailed in Algorithm 4 was then applied to
each one to determine how the size and pattern of each data set affect the GRU model and the
predicted results.

Cross Validation Analysis

On each of the data splits, we optimised the hyperparameters using the same base hyper-
parameter selection in 5.1. The results per data split shown in Table 5.11

Each GRU model was trained on the data per split, with the respectively optimised hyper-
parameters, resulting in a seven-day prediction per split. Table 5.11 shows the actual and
predicted total number of charges per prediction period of 7 days with the respective point
difference comparison and the RMSE. The graphs in Figure 5.12 illustrate the daily actual and
predicted values. In the figures, the actual number of charges (blue) were plotted on a daily
basis over a period of 30 days, with the predicted values (orange) plotted on the last seven days
of the defined period.

Split No | Date From | Date To | Actual Predicted | Difference | % Difference | RMSE
Value Value
01 2016-06-12 | 2016-06-19 | 78 64.31 -13.69 -17.55% 2.905
02 2017-11-22 | 2017-11-29 | 2,234 2,785.23 551.23 24.67% 122.184
03 2019-05-04 | 2019-05-11 | 4,644 4,608.74 -35.26 -0.76% 28.677
04 2020-10-13 | 2020-10-20 | 21,479 22,604.39 1,125.39 5.24% 219.744
05 2022-03-24 | 2022-03-31 | 94,754 93,019.86 -1,734.14 -1.83% 531.225

Table 5.11: GRU (Single Variable) Cross Validation: Actual vs Predicted Charges Results per
Split

Using the RMSE as an indicator of the goodness of fit, we can compare the different RMSE
values to determine which split has the lowest score. However, as the RMSE values were not all

calculated on the same datasets, we need to calculate the normalised RMSE as per Equation
5.2.
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Split No | Minimum Charges | Maximum Charges | RMSE | Normalised RMSE
01 7 14 2.905 0.277
02 250 365 122.184 0.397
03 635 716 28.677 0.042
04 2,579 3,686 219.744 0.070
05 11,844 15,476 531.225 0.039

Table 5.12: GRU (Single Variable Cross Validation): RMSE and Normalised RMSE Compari-
son

To better understand why we cannot use the RMSE, consider the results of Split 1 vs Split 5.
Here we see that Split 1 has a lower RMSE than Split 5 (RMSE 2.905 vs 531.225 respectively),
and hence, we could use this to determine that Split 1’s predicted values were better than those
from Split 5. When comparing the Normalised RMSE, we can now see that Split 5 produced the
best-predicted charges when compared to the other splits. These results showed that despite
the fact that the original data set contained different trends over different time periods (which
includes the impact of COVID-19), the model performed better having more data points. It
also indicated that the windowing period of fourteen days contained enough information to
predict the number of charges for seven days within Split 5 as indicated by a low rate of error.

Figure 5.13 visually displays the RMSE with the Normalised RMSE per data split for the
GRU. Similar to the LSTM results, when only comparing the normalised RMSE, it can be seen
that Split 5 produced the best-predicted charges when compared to the other splits.
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Figure 5.14: Number of Charges plotted against the Rolling Mean and Rolling Standard Devi-
ation to understand Stationarity in the Original Time Series Data

5.4 Autoregressive Integrated Moving Average (ARIMA)

5.4.1 Stationarity Analysis

A stationary time series is one whose properties do not depend on the time at which the series
is observed [Hyndman and Athanasopoulos 2018]. A stationary process has the property that
the mean, and variance (or standard deviation) do not change over time. Considering the
visual representation of the number of charges and its respectively plotted mean and standard
deviation in Figure 5.14, the data is not stationary.

To further test for stationarity known as the Augmented Dickey-Fuller (ADF) test, which de-
termines whether the change in the number of charges at a point can be explained by a lagged
value (such as time t-1) and by a linear trend. As ADF is a statistical significance test, it was
used to inform the degree to which a null hypothesis H,y can be rejected or fail to be rejected.
Here we defined the following hypothesis.

Null Hypothesis (Hy): The series of data (number of charges over time) is non-stationary
Alternate Hypothesis(H;): If the null hypothesis is rejected, then the series of data (number
of charges over time) is stationary.

Based on the ADF, we found that the test statistic was 6.079685, the p-value was 1.000000 and
the critical value at a significance of 5% was -2.862647.

Since the test statistic is greater than the critical value, and the p-value is greater than 0.05,
given a significance level of 5%, we cannot reject the null hypothesis (Hy). Hence, the series of
data is non-stationary - confirming the visual analysis.

For us to transform the non-stationary charges data to stationary, we used a technique known
as differencing, which computes the differences between consecutive observations. The ADF
test calculated on the difference of the number of charges data showed a p-value = 1.792536E-19
which is less than 0.05 and hence, our original null hypothesis, which stated that the time series

70



—— MNumber of Charges - Differenced
Rolling Mean
—— Rolling Standard Deviation

2000

J

[l
.Ii. Bitkle NN I
. Kooyt e IPRTTREI ' bt bk bttt I ""M*_\‘ N
1 R e e T 3 -
L I

I
ot el ¥
” m

|

2000

—4000

o 500 1000 1500 2000 2500

Figure 5.15: Number of Charges plotted against the Rolling Mean and Rolling Standard Devi-
ation to understand Stationarity in the Differenced (d = 1) Time Series Data

is non-stationary, is false. Hence, differencing the number of charges transformed the series into
a stationary data set to be used in the ARIMA model. As the ADF results concluded that the
null hypothesis was proven false after the data set was differenced after one iteration, we can
set the value of d to 1.

5.4.2 Model Data Preparation

The only transformation to the data for the ARIMA model occurred when the data needed to
be made stationary and non-seasonal. Unlike the previous models, ARIMA does not require
that the data be tapered. Hence, the unicolumnar stationary data can be split into the relevant
training, validation, and test data sets, and used in the training and testing of the ARIMA
Model. Algorithm 5 shows the high-level process to predict the number of charges and verify
whether the prediction is valid.

Algorithm 5 ARIMA Process to predict the number of charges

Require: raw_data, days_to_predict
Ensure: ABC

Split the input_data into three data sets: training, validation, test

Using the training_data to train the ARIMA model and a variety of hyperparameters,
find the optimal hyperparameters using the validation_data to verify the result

9: Train the model on the training_data using the optimal hyperparameters

10: Predict the number of charges for a number of days defined by days_to_predict

11: Determine the rate of error between the predicted value and the test_data set

1: Using statistical methods, determine if raw_data is stationary and non-seasonal
2: if raw_data is not stationary then

3: transform the data to a stationary data set to create input_data

4: else

5: copy raw_data as is to create input_data

6: end if

7

8:
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5.4.3 Autocorrelation Function (ACF) and Partial Autocorrelation
Function (PACF)

Plotting the ACF and PACF of the data helped to understand the order of AR and MA for use
in the model as an estimate for a good fit for the time-series data. We know from the analysis
in Section 5.4.1, that the order of differencing is 1, and hence, we will focus our analyses on
the first-order differencing graphs shown in Figure 5.16. The ACF and the PACF are known
as lollipop plots. The original and second-order differencing graphs have been provided for
reference.
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Figure 5.16:

ACF and PACF Plots on the Number of Charges

The lag 0 of both the ACF and PACF represents the correlation of the time series with itself,
resulting in a correlation of 1. The blue region in the ACF and PACF plots represents the 95%
confidence interval, which is a measure of statistical significance. Thus, any value within the
blue region indicates that it is statistically close to zero, while any value outside the blue region
is statistically significant.

Simply stated, to determine the order of the model, we count the number of lollipops that
are above or below the confidence interval before the next lollipop enters the blue area.

In the partial autocorrelation for the first order differencing, we observed (1) there were several
non-zero significant autocorrelations prior to lag=7, (2) there was a high degree of autocorrela-
tion between adjacent (lag = 7) in the PACF plot, and (3) after lag=7, there was a geometric
decay in ACF plot. This led us to conclude that we have a significant lag at lag = 7 and hence,
the autoregressive lag value of p is optimal at 7.

In the autocorrelation for the first order differencing, we observed (1) there were several sig-
nificantly non-zero autocorrelations, (2) there was a high degree of autocorrelation between
adjacent (lag = 1) in ACF plot, and (3) after lag = 1, there was a geometric decay in PACF
plot. This led us to conclude that we have a significant lag at lag = 1 and hence, the moving
average lag value of ¢ is optimal at 1.
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5.4.4 Hyperparameter Tuning and Model Training

The hyperparameters required for tuning in forecasting model ARIMA are the autoregressive
parameter p, the differencing parameter d and the moving average ¢. In our statistical analyses
in Sections 5.4.1 and 5.4.3, we calculated that the optimal values can be set at d =1, p =7
and ¢ = 1.

In the implementation of the ARIMA model, we chose to use the pmdarima.arima.auto__arima
function which conducted a search over the provided model constraints and returned the best
model according to the AIC value. Unlike the models shown for LSTM and GRU, where the
parameters needed to be individually selected, auto arima works by conducting differencing
tests to determine the order of differencing (which we have set to 1 given the analyses produced
in Section 5.4.1), d, and then fitting models to the numeric values defined within ranges be-
tween start _p and max_p for parameter p, and between start g and max__q for parameter q.
Given that the data were daily, m = 7 was set as this indicates daily data. As the original data
was not stationary, this variable was set to false, and d = 1 to indicate that the data needed to
be differenced once as per our analysis. Similarly, the data was found to be non-seasonal, and
hence the seasonal parameter was set to false. To find the best model, auto arima optimized
on information__criterion =" aic’. This implementation can be seen in Listing 5.3.

from pmdarima.arima import auto_arima

def arima_model(Y_train):

model = auto_arima(y = Y_train,
start_p = 1,
start_q
start_P = 1,
max_p = 14,
max_q = 14,
m=7,
seasonal = False,
stationary = False,
d =1,
information_criterion = ’aic’)

I
[

return model

Listing 5.3: ARIMA Model Definition

The auto__arima function performed a stepwise search to minimise the AIC based on a defined
range of values with results shown in Table 5.13. It can be seen that the lowest AIC value
resulted from the model ARIMA(7,1,1) (or p=7, d=1 and q=1) which matches our statistical
analyses, and they were considered as the optimal hyperparameters for the ARIMA model.

5.4.5 Model Results

For the 7-day period ending on the 31st of March 2022, ARIMA predicted a total of 94,731.24
charges. This is 2.76 charges (or 0.02%) less than the actual amount of 94,754 charges that
occurred during this week. The measure of difference between the actual and predicted values,
the RMSE, was 365.070; which is relatively low compared to the actual number of charges.
The detailed day-by-day breakdown comparing the actual number of charges and predicted
number of charges and the RMSE for the last 7 days in March 2022 were calculated and shown
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No | Model Parameters (p,d,q) AIC Time (sec)
01 ARIMA(L,1,1) 38,878.48 1.26
02 ARIMA(0,1,0) 30,286.62 0.11
03 ARIMA(1,1,0) 39,176.96 0.21
04 ARIMA(0,1,1) 38,948.63 0.86
05 ARIMA(0,1,0) 39,284.99 0.05
06 ARIMA(2,1,1) 37,776.65 2.09
07 ARIMA(2,1,0) 38,572.36 0.22
08 ARIMA(3,1,1) 37,756.94 2.08
09 ARIMA(3,1,0) 38,522.14 0.45
10 ARIMA(4,1,1) 37,102.70 3.45
11 ARIMA(4,1,0) 37,895.74 0.43
12 ARIMA(5,1,1) 36,588.16 2.70
13 ARIMA(5,1,0) 36,759.20 0.61
14 ARIMA(6,1,1) 36,371.72 5.46
15 ARIMA(6,1,0) 36,444.88 1.10
16 ARIMA(7,1,1) 36,337.32 5.90
17 ARIMA(7,1,0) 36,343.30 1.27
18 ARIMA(8,1,1) 36,339.02 7.59
19 ARIMA(7,1,2) 36,341.00 7.18
20 ARIMA(6,1,2) 36,354.07 6.26
o1 ARIMA(8,1,0) 36,342.81 1.69
22 ARIMA(8,1,2) 36,338 .54 8.04
23 ARIMA(7,1,1) 36,344.96 2.06

Table 5.13: Hyperparameter results
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in Table 5.14. Figure 5.17 visually represents the actual number of charges for the last month
of inspection, overlaid with the predicted number of charges for the last seven days.

Date Actual Value | Predicted Value | Difference | % Difference
Day 01 14,878 14,867.85 -10.15 -0.07%
Day 02 15,476 15,718 4 242.4 1.57%
Day 03 13,806 14,195.23 389.23 2.82%
Day 04 11,844 12,249.75 405.75 3.43%
Day 05 12,119 11,971.2 -147.8 -1.22%
Day 06 12,703 12,456.45 -246.55 -1.94%
Day 07 13,928 13,272.35 -655.65 -4.711%
Total 94,754 94,731.24 -22.76 -0.02%

RMSE: 365.070

Table 5.14: Number of Charges: Actual vs Predicted per Day
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Figure 5.17: ARIMA: Single Variable Actual and Predicted Figures

5.4.6 Residual Analysis with Confidence Intervals

In the evaluation of the ARIMA forecasting model, an essential aspect of assessing the model’s
predictive accuracy involved the consideration of confidence intervals. A confidence interval
(CI) is a statistical range within which the true value of the variable was expected to lie with a
certain level of confidence. For instance, in our analysis, we adopted a 95% confidence interval,
which indicated that we were 95% confident that the actual value would fall within the specified
range of the predicted value.

Upon performing the ARIMA model evaluation, a notable observation emerged. All of the
predictions generated by the ARIMA model fell comfortably within the boundaries of the 95%
confidence interval. This result signified the model’s consistency in capturing the inherent
variability and uncertainty present in the dataset. The alignment of predictions within the
specified confidence interval reinforced the model’s capability to provide reliable forecasts while
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acknowledging the potential variability in the true values. It further highlighted the robust-
ness and precision of the ARIMA model in offering predictions that were both accurate and
appropriately bounded by the level of confidence established. The results can be seen in Figure
5.18.
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After conducting the residual analysis for the single-variable ARIMA model, as seen in Figure
5.19, several key insights were obtained. The analysis revealed that the residuals ranged from
-20 to 20, representing the deviations between the ARIMA model’s predicted values and the
actual data points. The inclusion of confidence intervals (Cls) added an important dimension
to the analysis. The lower CI of -40 indicated a high level of confidence that the actual residuals
were greater than this value. This observation was in line with the presence of negative residuals,
where the model’s predictions exceeded the actual values. Conversely, the upper CI of 20 carried
a significant degree of confidence, suggesting that the actual residuals were lower than this value.
This correlation aligned with the occurrence of positive residuals, indicating instances where
the model’s predictions fell short of the actual values.
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5.4.7 Cross Validation Analysis

Each ARIMA model was trained on the data per split, with the respectively optimised hy-
perparameters, resulting in a seven-day prediction per split. Table 5.15 shows the actual and
predicted total number of charges per prediction period of 7 days with the respective point
difference comparison and the RMSE. The graphs in Figure 5.20 illustrate the daily actual and
predicted values. In the figures, the actual number of charges (blue) were plotted on a daily
basis over a period of 30 days, with the predicted values (orange) plotted on the last seven days
of the defined period.

Split No | Date From | Date To | Actual Predicted | Difference | % Difference | RMSE
Value Value
01 2016-06-12 | 2016-06-19 | 78 74.69 -3.31 4.42% 2.684
02 2017-11-22 | 2017-11-29 | 2,234 2,023.74 -210.26 -9.41% 49.154
03 2019-05-04 | 2019-05-11 | 4,644 4,600.44 -43.56 -0.94% 28.407
04 2020-10-13 | 2020-10-20 | 21,479 22,298.25 819.25 3.81% 181.567
05 2022-03-24 | 2022-03-31 | 94,754 94,731.24 -22.76 -0.02% 356.070

Table 5.15: Cross Validation: Actual vs Predicted Charges Results per Split

Using the RMSE an indicator of the goodness of fit, we can compare the different RMSE values
to determine which split has the lowest score. However, as the RMSE values were not all
calculated on the same datasets, we need to calculate the normalised RMSE as per Equation

5.2.

Split No | Minimum Charges | Maximum Charges | RMSE | Normalised RMSE
01 7 14 2.684 0.259
02 250 365 49.154 0.160
03 635 716 28.407 0.042
04 2,579 3,686 181.567 0.058
05 11,844 15,476 356.070 0.026

Table 5.16: ARIMA: RMSE and Normalised RMSE Comparison

To better understand why we cannot use the RMSE, consider the results of Split 1 vs Split 5.
Here we see that Split 1 has a lower RMSE than Split 5 (RMSE 2.684 vs 356.070 respectively),
and hence, we could use this to determine that Split 1’s predicted values were better than those
from Split 5. When comparing the Normalised RMSE, we can now see that Split 5 produced the
best-predicted charges when compared to the other splits. These results showed that despite
the fact that the original data set contained different trends over different time periods (which
includes the impact of COVID-19), the model performed better having more data points. It
also indicated that the windowing period of fourteen days contained enough information to
predict the number of charges for seven days within Split 5 as indicated by a low rate of error.

Figure 5.21 visually displays the RMSE with the Normalised RMSE per data split for the

ARIMA. Only when the normalised RMSE values were compared, could it be seen that Split 5
produced the best-predicted charges when compared to the other splits.
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Figure 5.20: ARIMA (Single Variable) Cross Validation: Actual vs Predicted Charges Results
per Split 78
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Figure 5.21: ARIMA: RMSE and Normalised RMSE Visual Comparison

5.5 Results Comparison for All Models

Once the experiments were completed and each of the models predicted the number of charges
for the last 7 days in March 2022, we were then able to compare the results per model. To
recapitulate, we considered only the univariate data for the number of charges completed per
day from August 2014. The total data set consisted of 2,639 data points, where the last 7 data
points were considered as the test data. Each model (LSTM, GRU, and ARIMA) used the
training data to determine the best hyperparameters required to produce the best test result.
Once these hyperparameters were defined, each model then predicted the number of charges
for the next seven days which were then compared to the test data set.

5.5.1 Hyperparameter Optimization

Both LSTM and GRU models each had eight hyperparameters to optimise, whilst ARIMA had
three. The time per model to find the optimised hyperparameters can be seen in Table 5.17.
As expected, finding the optimal hyperparameters for the ARIMA model took less time than
the other two models - and the LSTM and GRU times are similar given the similarity of the
models and the required hyperparameters.

No | Model | Hyperparameters | Time (hh:mm:ss)
01 | ARIMA 3 00:01:02
02 LSTM 8 02:03:51
03 GRU 8 02:34:54

Table 5.17: Time taken to find the optimal hyperparameters

5.5.2 Model Results

Once the hyperparameters were found, each model predicted the number of charges per day for
a period of seven days. These were then plotted against the actual values of the charges over

79



those seven days, where the RMSE of each model result was calculated based on the actual
charges, as shown in Table 5.18. On a total level, ARIMA underpredicted the actual values
by 0.02%, LSTM underpredicted by 0.57%, GRU underpredicted by 1.83%. When
comparing the RMSE values, again, the ARIMA model had the least amount of errors in its
predictions. Figure 5.22 visually represented the results per model against the actual number
of charges.

Date Actual ARIMA LSTM GRU Pre-
Value Predicted Predicted dicted
Value Value Value
Day 01 14,878 14,867.85 14,827.44 14,890.03
Day 02 15,476 15,718.4 15,315.16 14,783.15
Day 03 13,806 14,195.23 14,044.79 14,076.08
Day 04 11,844 12,249.75 12,457.83 12,367.57
Day 05 12,119 11,971.2 12,164.83 11,588.94
Day 06 12,703 12,456.45 12,451.31 12,049.54
Day 07 13,928 13,272.35 12,950.32 13,264.54
Total 94,754 94,731.24 94,211.69 93,019.86
% Diff -0.02% -0.57% -1.83%
Difference -22.76 -542.31 -1,734.14
RMSE 356.070 460.362 531.225

Table 5.18: The Actual Number of Charges vs The Predicted Number of Charges per Model
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Figure 5.22: Day predictions for all models

5.5.3 Residual Analysis Comparison

The investigation into residuals and their associated confidence intervals for the ARIMA, LSTM,
and GRU models provided distinct insights into their predictive performance. The ARIMA
model showcased a narrow range of residuals and tight confidence intervals, signifying accurate
and consistent predictions closely aligned with actual values. In contrast, the LSTM model’s
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residuals spanned from under -25 to just over 25, with confidence intervals around -40 and 40,
indicating moderate alignment with occasional deviations. The GRU model, however, displayed
a wider range of residuals, extending from -1 to around 60, with confidence intervals at -50 and
50-60. These findings collectively revealed the ARIMA model’s superior precision, the LSTM
model’s moderate alignment, and the GRU model’s higher variability in forecasting accuracy.
Such analyses provided nuanced insights that enabled informed model selection for specific
forecasting requirements.

5.5.4 Cross Validation Results

The RMSE results per data split can be seen in Table 5.19 and seen graphically in Figure 5.22.
The RMSE allowed us to compare the difference between actual vs. expected per individual
split, and it can be seen that for every split, the ARIMA model has the lowest RMSE in
comparison to the LSTM and GRU models. To be able to compare the RMSE per model
across all splits, the RMSE values were normalised and in every iteration, on average, the
ARIMA model outperformed the other models. Furthermore, the normalised RMSE decreased
as the data increased in size for all models. This can be seen graphically in Figure 5.24.

Splits | ARIMA | LSTM | GRU
RMSE

Split 01 [ 2.684 | 2.968 | 2.905

Split 02 | 49.154 | 90.931 | 122.184

Split 03 | 28.407 | 31.142 | 28.677

Split 04 | 181567 | 206.143 | 219.744

Split 05 | 356.070 | 460.362 | 531.225

RMSE Normalised
Split 01 0.259 0.283 0.277
Split 02 0.160 0.296 0.397
Split 03 0.042 0.046 0.042
Split 04 0.058 0.066 0.070
Split 05 0.026 0.034 0.039

Table 5.19: Comparison of the RMSE and Normalised RMSE per Model
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Figure 5.24: LSTM: RMSE and Normalised RMSE Visual Comparison
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6 Multivariable Analysis (All Features)

6.1 Introduction

The multivariable analysis was based on observations of more than one feature at a time. The
purpose of this multivariable analysis was to determine whether we could use the history of the
number of charges, as well as additional influential features, to forecast the future number of
charges. As with the single variable analysis, the success of the selected algorithms depended
on how well they could determine patterns within the underlying data to forecast the number
of charges. In Section 4.4, we discussed the potential features within the underlying data and
described them in Table 4.1. To understand the relationship between the features, a Pearson
coefficient correlation analysis was performed and this revealed that the number of charges
had several highly correlated features (that, in themselves, are also highly correlated), and few
features that had very little to no correlation. In the analyses presented, we considered two
approaches to identify the features’ impact on the prediction of the number of charges by (1)
using all of the identified features, and (2) using only a selection of the features.

Furthermore, as ARIMA is a methodology best used for single variable analyses, we only
implemented the multivariable analyses on LSTM and GRU.

6.2 Long Short-Term Memory (LSTM)

6.2.1 Model Data Preparation

The preparation of the multivariable LSTM model, in comparison to the single variable LSTM
model, only differs in how the data was prepared. In this analysis, we kept the window size
and number of days to predict the same as the single variable model so that we could compare
the outputs. Hence, Algorithm 3 was also used as the high-level process that we followed to
predict the number of charges.

After the data had been transformed and encoded, it needed to be tapered by using the vari-
ables days_to_predict = 7 (that defined seven as the number of days forward we wished to
predict) and window_size = 14 (that defined fourteen as the window period). Assuming that
F'1 represented the number of charges, figure 6.1 visually represents how 21 days of trans-
formed data F1; 13, F'1;_19, ..., F'l; was arranged to produce the input data (or training data)
of fourteen days F'l;,1, Fl;49, ..., F1;17, and the expected output (test data) of seven days. In
addition to the training data, we also included other factors represented by F2, F'3,...F'n where
we tapered these as per the factor F'1. This tapered data now represented the input_data.
To create the train, validation, and test data, the process defined in Figure 5.2 was used. As
the multivariable data set had only increased in the number of columns due to the extra added
features, we could compare the rows to those in the single dataset as those remained the same,
i.e. the daily number of data points had remained the same.
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Figure 6.1: Actual Windowing Function for Multivariable Data

6.2.2 Scaling the Data

As per the single variable model, we scaled the different numeric variables using Equation 5.1
which ensured that all values were mapped to a value between [0,1]. The scaled data set was
then used to train, validate, and test the model, producing predicted values that were scaled.
To better understand the results in the context of the original data set, these predicted values
were unscaled using the same initial scaler that was applied to the input.

6.2.3 Hyperparameter Tuning

With the data sets created, we needed to determine the best combination of hyperparameters
that can be used to train the LSTM. With reference to Figure 5.2, Process Step "II: Determine
Optimal Hyper-Parameter", the data from exp_training_data was trained in combination
with various hyperparameters and then required to forecast the number of charges for the next
seven days. These forecasted values were then validated against exp_validation_data using
the selected model performance measurement to produce a validation loss. This process was
repeated fifty more times using the same dataset, but using a different combination of hyperpa-
rameters each time to produce fifty different validation loss values. At the end of this process
(also known as the experimentation phase), the validation loss values were compared and the
hyperparameters of the lowest validation loss were stored as the optimal hyperparameter set
that we will use in the final forecasting of the number of charges. The selection of hyperparam-
eters is as per Table 5.1, and once again, |[Talos 2019| was used to conduct the experimentation.

It is important to note that due to the increased data size, the experiments would have a longer
run-time. Hence, to complete the experimentation in a reasonable time and also ensure that
we get to the best hyperparameters possible, we ran fifty experiments. As the input data was
scaled, the validation loss values were also scaled between [0,1].

In experiment number 36, the lowest validation loss of 0.03950 was found and corresponds to
the first set of hyperparameters found in Table 6.1. A visual representation of each scaled
validation loss per experiment performed can be seen in Figure 6.2

6.2.4 Model Training

As shown in Table 5.1, the hyperparameters that resulted in the lowest validation loss were
stored and used to train the model defined in Listing 5.1. The difference between the exper-
imentation phase and the training phase was due to the data used when training. Instead of
the exp_training_data, the LSTM was trained using the full training_data data set. Once
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Figure 6.2: Validation Loss Result Spread for LSTM Multivariable (All Features) Experiments

trained, the model was then expected to predict the number of charges for the next seven days.

The hyperparameters, that resulted in the lowest validation loss, were stored and used to train
the model defined in Listing 5.1; they can be seen in Table 6.1. The difference between the
experimentation phase and the training phase was due to the data used when training. Instead
of the exp_training_data, the LSTM was trained using the full training_data data set.
Once trained, the model was then expected to predict the number of charges for the next seven
days.

No | Testing | Validatio] Activatio] Batch| Drop | Epochs | Losses | Nodes | Optimizer | Pat-
Loss Loss Size | Out ience

01 | 0.00108 | 0.03950 | tanh 512 0.05 |20 MSE 256 Adam 20

02 | 0.00044 | 0.04177 relu 16 0.01 |40 MSE 128 Nadam 100

03 | 0.00079 | 0.06304 relu 512 0.05 |40 MSE 64 Adam 50

04 | 0.00150 | 0.06388 relu 1024 | 0.5 40 MSE 512 Nadam 100

05 | 0.00790 | 0.07221 relu 64 0.2 40 MSE 512 Nadam 50

Table 6.1: LSTM (Multivariable - All Features): Five Lowest Validation Losses and their
Associated Hyperparameters

6.2.5 Model Results

For the 7-day period ending on the 31st of March 2022, LSTM predicted a total of 96,400.90
charges. This is 1,646.90 charges (or 1.71%) more than the actual amount of 94,754 charges
that occurred during this week. The measure of difference between the actual and predicted
values, the RMSE, was 627.454; which is low compared to the actual number of charges. The
detailed day-by-day breakdown comparing the actual number of charges and predicted number
of charges and the RMSE for the last 7 days in March 2022 were calculated and shown in
Table 6.2. Figure 6.3 visually represents the actual number of charges for the last month of
inspection, overlaid with the predicted number of charges for the last seven days.
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Date Actual Value | Predicted Value | Difference | % Difference
Day 01 14,878 15,135.87 257.87 1.73%
Day 02 15,476 14,652.85 -823.15 -5.32%
Day 03 13,806 14,223.95 417.95 3.03%
Day 04 11,844 13,087.43 1,243.43 10.50%
Day 05 12,119 12,173.08 54.08 0.44%
Day 06 12,703 13,238.34 535.34 4.21%
Day 07 13,928 13,889.37 -38.63 -0.28%
Total 94,754 96,400.90 1,646.90 1.71%

RMSE: 627.454

Table 6.2: Multivariable LSTM Number of Charges: Actual vs Predicted per Day
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Figure 6.3: LSTM (Multivariable - All Features): Actual and Predicted Figures

86




Split No | Date From | Date To | Actual Predicted | Difference | % Difference | RMSE
Value Value
01 2016-06-12 | 2016-06-19 | 78 67.26 -10.74 -13.77% 3.400
02 2017-11-22 | 2017-11-29 | 2,234 2,440.83 206.83 9.26% 84.237
03 2019-05-04 | 2019-05-11 | 4,644 4,481.73 -162.27 -3.49% 39.317
04 2020-10-13 | 2020-10-20 | 21,479 22,699.49 1,220.49 5.68% 243.153
05 2022-03-24 | 2022-03-31 | 94,754 96,400.9 1,646.9 1.74% 627.454

Table 6.3: LSTM Cross Validation: Actual vs Predicted Charges Results per Split

6.2.6 Residual Analysis with Confidence Intervals
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Figure 6.4: LSTM (Multivariable): Residual Analysis

Based on the results of the residual analysis conducted for the multivariable LSTM model,
pictured in Figure 6.4, several key insights were drawn. The range of residuals was observed to
span from -60 to 5, indicating that the model’s predictions exhibited variations from the actual
values within this range. The presence of mainly negative positive residuals signified instances
where the model tended to underestimate the actual outcomes. Furthermore, the confidence
intervals (Cls) provided valuable information about the uncertainty associated with the model’s
predictions. The lower CI of -60 indicated a high level of confidence that the true residuals fell
above this threshold. This corresponded to the model’s tendency to occasionally overestimate
the predicted values, as evidenced by the presence of negative residuals. Conversely, the upper
CI of 60 indicated a similar degree of confidence that the actual residuals were below this value.

6.2.7 Cross Validation Analysis

With the split data set seen in Table 5.4 (and further illustrated in Figure 5.6), we applied
Algorithm 3 to each data split to determine how the size and pattern of each data set affect
the LSTM model and hence the predicted results.

On each of the data splits, we optimised the hyperparameters using the same base hyper-
parameter selection in 5.1. The results per data split are shown in Table 6.3.

Each LSTM model per data split was trained using the respectively optimised hyperparameters,
which resulted in a seven-day prediction per split. Table 6.3 shows the actual and predicted
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total number of charges per prediction period of 7 days with the respective point difference
comparison and the RMSE. The graphs in Figure 6.10 illustrate the daily actual and predicted
values. In the figures, the actual number of charges (blue) were plotted on a daily basis over
a period of 30 days, with the predicted values (orange) plotted on the last seven days of the
defined period.

The RMSE allowed us to compare the results per model, but only to a respective split. Hence,
we calculated the normalised RMSE, as shown in Table 6.4 in order to compare the RMSE
across splits. Split 05 produced the lowest normalised RMSE (0.046), indicating that this Split
produced the best prediction values vs actual values in comparison to all splits. Graphically,
the RMSE and the normalised RMSE per split for the multivariable LSTM (with all features)
can be seen in Table 6.6.

Split No | Minimum Charges | Maximum Charges | RMSE | Normalised RMSE
01 7 14 3.400 0.324
02 250 365 84.237 0.274
03 635 716 39.317 0.058
04 2,579 3,686 243.153 0.078
05 11,844 15,476 627.454 0.046

Table 6.4: Multivariable LSTM: RMSE and Normalised RMSE Comparison
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6.3 Gated Recurrent Units (GRU)

6.3.1 Model Data Preparation

The preparation of the multivariable GRU model, in comparison to the single variable GRU
model, only differed in how the data was prepared. As with the prior analyses, the window size
and number of days to predict remained the same as the single variable model so that we could
compare the outputs. Hence, Algorithm 4 was also used as the high-level process to predict
the number of charges.

After the data had been transformed and encoded, it was then tapered by using the variables
days_to_predict = 7 and window_size = 14. As explained in Section 6.2.1 the input_data
was visually represented in Figure 6.1 showing how 21 days of transformed data were arranged
to produce the 14-day input data (or training data), and the expected seven-day output (test
data).

6.3.2 Scaling the Data

As per the single variable model, the input_data was scaled using Equation 5.1 mapping the
data to a value between [0,1]. The scaled data set was then used to train, validate, and test
the model, producing predicted values that were scaled. To better understand the results in
the context of the original data set, these predicted values were unscaled using the same initial
scaler that was applied to the input.

6.3.3 Hyperparameter Tuning

The process of determining the best combination of hyperparameters to train the GRU was
similar to that described in Section 6.2.3 where we detailed the hyperparameter tuning process
for LSTM, using |Talos 2019] was used to conduct the experimentation with the same selection
of hyperparameters are as per Table 5.1. The only difference here is that the model used was
the GRU. Due to the increased size of data, the experiments have a longer run-time when
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compared to that of the single variable model. Hence, to complete the experimentation in a
reasonable time, and also ensure that we get to the best hyperparameters possible, we ran fifty
experiments. As the input data was scaled, the validation loss values were also scaled between
(0,1].

In experiment number 10, the lowest validation loss of 0.0236 was found and corresponds to
the first set of hyperparameters found in Table 6.5. A visual representation of each scaled
validation loss per experiment performed can be seen in Figure 6.7.
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Figure 6.7: Validation Loss Result Spread for GRU Multivariable (All Features) Experiments

6.3.4 Model Training

As shown in Table 5.1, the hyperparameters that resulted in the lowest validation loss were
stored and used to train the model defined in Listing 5.2. The difference between the exper-
imentation phase and the training phase was due to the data used when training. Instead of
the exp_training_data, the GRU was trained using the full training_data data set. Once
trained, the model was then expected to predict the number of charges for the next seven days.

The hyperparameters that resulted in the lowest validation loss were stored and used to train
the model defined in Listing 5.2 can be seen in Table 6.5. The difference between the exper-
imentation phase and the training phase was due to the data used when training. Instead of
the exp_training_data, the GRU was trained using the full training_data data set. Once
trained, the model was then expected to predict the number of charges for the next seven days.

6.3.5 Model Results

For the 7-day period ending on the 31st of March 2022, GRU predicted a total of 94,425.24
charges. This is 328.76 charges (or 0.35%) less than the actual amount of 94,754 charges that
occurred during this week. The measure of the difference between the actual and predicted
values, the RMSE, was 514.998; which is low compared to the actual number of charges. The
detailed day-by-day breakdown comparing the actual number of charges and predicted number
of charges and the RMSE for the last 7 days in March 2022 were calculated and shown in
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No | Testing | Validatio] Activatio] Batch| Drop | Epochs | Losses | Nodes | Optimizer | Pat-
Loss Loss Size | Out ience
01 | 0.00064 | 0.02359 | tanh 128 0.3 200 MSE 256 Nadam 50
02 | 0.00050 | 0.02387 relu 32 0.01 |80 MSE 32 Nadam 200
03 | 0.00079 | 0.06712 sigmoid | 256 0.5 200 MSE 128 RMSprop 50
04 | 0.00055 | 0.07971 sigmoid | 2 0.05 | 100 MSE 128 Adam 30
05 | 0.00453 | 0.08342 relu 512 0.2 100 MSE 16 RMSprop 100

Table 6.5: GRU (Multivariable - All Features): Five Lowest Validation Losses and their Asso-
ciated Hyperparameters

Table 6.6. Figure 6.8 visually represents the actual number of charges for the last month of
inspection, overlaid with the predicted number of charges for the last seven days.

Date Actual Value | Predicted Value | Difference | % Difference
Day 01 14,878 14,738.52 -139.48 -0.94%
Day 02 15,476 14,824.00 -652 -4.21%
Day 03 13,806 14,239.74 433.74 3.14%
Day 04 11,844 12,768.42 924.42 7.80%
Day 05 12,119 12,079.70 -39.3 -0.32%
Day 06 12,703 12,300.30 -402.7 -3.17%
Day 07 13,928 13,474.57 -453.43 -3.26%
Total 94,754 94,425.24 -328.76 -0.35%

RMSE: 514.998

Table 6.6: Multivariable GRU Number of Charges:

Actual vs Predicted per Day

17500

15000

12500

10000

7500

Number of Charges

5000

2500

—— number_of_charges_actual

number_of_charges_predicted

P
mﬂ'ﬂ'@

o

5 -

e N ma,\‘
el

Date

g
o

o

il
o

6.3.6 Residual Analysis with Confidence Intervals

Figure 6.8: GRU: Multivariable Actual and Predicted Figures

Based on the results of the residual analysis for the multivariable GRU model pictured in
Figure 6.9, several insights can be gleaned. The range of residuals, spanning from -20 to
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Figure 6.9: GRU (Multivariable): Residual Analysis

30, suggested that the model’s predictions exhibit variations from the actual values within
this range. The presence of negative residuals indicates that, on occasion, the model tended
to overestimate the predicted values. Conversely, the presence of positive residuals signifies
instances where the model underestimated the actual outcomes. Furthermore, the confidence
intervals (CIs) provided valuable information regarding the uncertainty associated with the
model’s predictions. The lower CI of -60 suggested that there is a high degree of confidence
that the true residuals fall above this threshold. This could be due to the model’s tendency
to occasionally overestimated the predicted values, as indicated by the presence of negative
residuals. On the other hand, the upper CI of 50 implied a similar level of confidence that
the actual residuals are below this value. This aligned with the presence of positive residuals,
indicating instances where the model’s predictions fall short of the actual values.

6.3.7 Cross Validation Analysis

With the split data set seen in Table 5.4 (and further illustrated in Figure 5.6), we applied
Algorithm 4 to each data split to determine how the size and pattern of each data set affect
the GRU model and hence the predicted results.

On each of the data splits, we optimised the hyperparameters using the same base hyperpa-
rameter selection in 5.1. The results per data split shown in Table 5.11.

Split No | Date From | Date To | Actual Predicted | Difference | % Difference | RMSE
Value Value
01 2016-06-12 | 2016-06-19 | 78 T4.77 -3.23 -4.14% 2.883
02 2017-11-22 | 2017-11-29 | 2,234 2,567.44 333.44 14.93% 99.125
03 2019-05-04 | 2019-05-11 | 4,644 4,487.33 -156.67 -3.37% 40.069
04 2020-10-13 | 2020-10-20 | 21,479 22,256.38 777.38 3.62% 210.957
05 2022-03-24 | 2022-03-31 | 94,754 94,425.24 -328.76 -0.35% 514.998

Table 6.7: GRU (Multivariable - All Features) Cross Validation: Actual vs Predicted Charges
Results per Split
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Each GRU model was trained on the data per split, with the respectively optimised hyperparam-
eters, resulting in a seven-day prediction per split. Table 6.7 shows the actual and predicted
total number of charges per prediction period of 7 days with the respective point difference
comparison and the RMSE. The graphs in Figure 6.10 illustrate the daily actual and predicted
values. In the figures, the actual number of charges (blue) were plotted on a daily basis over
a period of 30 days, with the predicted values (orange) plotted on the last seven days of the
defined period.

Using the RMSE as an indicator of the goodness of fit, we can compare the different RMSE
values to determine which split has the lowest score. However, as the RMSE values were not all

calculated on the same datasets, we need to calculate the normalised RMSE as per Equation
5.2.

Split No | Minimum Charges | Maximum Charges | RMSE | Normalised RMSE
01 7 14 2.883 0.275
02 250 365 99.125 0.322
03 635 716 40.069 0.059
04 2,579 3,686 210.957 0.067
05 11,844 15,476 514.998 0.038

Table 6.8: Multivariable GRU: RMSE and Normalised RMSE Comparison

To better understand why we cannot use the RMSE, consider the results of Split 1 vs Split 5.
Here we see that Split 1 has a lower RMSE than Split 5 (RMSE 2.883 vs 514.998 respectively),
and hence, we could use this to determine that Split 1’s predicted values were better than those
from Split 5. When comparing the Normalised RMSE, we can now see that Split 5 produced the
best-predicted charges when compared to the other splits. These results showed that despite
the fact that the original data set contained different trends over different time periods (which
includes the impact of COVID-19), the model performed better having more data points. It
also indicated that the windowing period of fourteen days contained enough information to
predict the number of charges for seven days within Split 5 as indicated by a low rate of error.

Figure 6.11 visually displays the RMSE with the Normalised RMSE per data split for the

GRU. When only comparing the normalised RMSE, it can be seen that Split 5 produced the
best-predicted charges when compared to the other splits.
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No | Model | Hyperparameters | Time (hh:mm:ss)
01 | LSTM 8 02:22:01
02 GRU 8 04:24:54

Table 6.9: Time taken to find the optimal hyperparameters for the Multivariable Analysis

6.4 Results Comparison

Once the experiments were completed and each of the models predicted the number of charges
for the last 7 days in March 2022, we were then able to compare the results per model. In
these analyses, we considered all data points including fourteen data features and the number
of charges that were completed per day from August 2014. The total data set consisted of
2,639 data points per feature, where the last 7 data points were considered as the test data.
Both models (LSTM, and GRU) used the training data to determine the best hyperparameters
required to produce the best test result. Once these hyperparameters were determined, each
model then predicted the number of charges for the next seven days which were then compared
to the test data set.

6.4.1 Hyperparameter Optimization

Both LSTM and GRU models each had eight hyperparameters to optimise, and the respective
time to find the optimised hyperparameters per model was shown in Table 7.9. Finding the
optimal hyperparameters for LSTM took 2 hours less time than the GRU. We would expect
that the GRU and LSTM have similar times given the similarity of the models and the required
hyperparameters. Hence it is assumed that because the finding of the optimal hyperparame-
ters occurred on a local machine, any event on the machine (automatic software updates, for
example) could have caused this delay.
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Date Actual Value | LSTM Predicted Value | GRU Predicted Value
Day 01 14,878 15,135.87 14,738.52
Day 02 15,476 14,652.85 14,824.00
Day 03 13,806 14,223.95 14,239.74
Day 04 11,844 13,087.43 12,768.42
Day 05 12,119 12,173.08 12,079.70
Day 06 12,703 13,238.34 12,300.30
Day 07 13,928 13,889.37 13,474.57
Total 94,754 96,400.90 94,425.24
Difference 1,646.90 -328.76
% Diff 1.71% -0.35%
RMSE 627.454 514.998

Table 6.10: The Actual Number of Charges vs The Predicted Number of Charges per Model

6.4.2 Model Results

Once the hyperparameters were found, each model predicted the number of charges per day for
a period of seven days. These were then plotted against the actual values of the charges over
those seven days, where the RMSE of each model result was calculated based on the actual
charges, as shown in Table 6.10. On a total level, LSTM overpredicted the actual values
by 1.71%, and GRU underpredicted by 0.35%. When comparing the RMSE values, the
GRU had the least amount of errors in its predictions in comparison to the LSTM (514.998 vs
627.454). Figure 6.12 visually represented the results per model against the actual number of

charges.
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Figure 6.12: Prediction Results for LSTM and GRU

6.4.3 Residual Analysis Comparison

The investigation into residuals and their associated confidence intervals for LSTM and GRU
models provided distinct insights into their predictive performance. The GRU model showcased
a narrow range of residuals and tight confidence intervals, signifying accurate and consistent
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Figure 6.13: RMSE Comparison for LSTM and GRU

predictions closely aligned with actual values. In contrast, the LSTM model’s residuals were
mostly negative, with confidence intervals around -60 and 60. These findings revealed the GRU
model’s superior precision and the LSTM model’s higher variability in forecasting accuracy.
These results are in alignment with the conclusions found in Table 6.10 with regard to the
RMSE results.

6.4.4 Cross Validation Results

The RMSE and normalised RMSE results per data split can be seen graphically in Figures 6.13
and 6.14. Whilst the LSTM performs better in Split 02 and marginally better in Split 03, the
RMSE results from the GRU are far better in the final two splits. To be able to compare the
RMSE per model across every split, the RMSE values were normalised and on average, the
GRU model outperformed the LSTM models. Furthermore, the normalised RMSE decreased
as the data increased in size for all models. This can be seen graphically in Figure 6.14.
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7 Multivariable Analysis (Selected Features)

7.1 Introduction

As shown in Section 6, the multivariable analysis required features to the analysis additional
than the number of charges. As with the previous section, the purpose of this multivariable
analysis was to determine whether there were features that could improve the difference between
the actual and forecasted figure, but by only using a selected number of features. Section 4.4
detailed the feature analysis and feature correlation, and using these results, we determined it
best to use three features to predict the number of charges.

Private Charges The private_charges feature had an average correlation coefficient of
0.981 with the number of charges. Due to this strong positive relationship between the
two features, it was decided that the other features with such a strong correlation co-
efficient (>0.94) should not be used as these may not add any additional information
to the model.

Session Duration The session_duration feature also has a relatively strong relationship
with the number_of_charges and hence was also selected.

New Contracts To add a bit of variety to the data, and try to include information in the
models that may have been missed in the single variable models, the new_contracts
feature was selected to be included in the analysis.

The features with a correlation coefficient below 0.65 were excluded as their relationships with
the number_of_charges may not have been beneficial to the model. The feature new_covid_-
cases had a relatively high correlation score of 0.740 but was ultimately not selected as the
cases may have only been relevant to a selected period of the data set.

7.2 Long Short-Term Memory (LSTM)

7.2.1 Model Data Preparation and Data Scaling

The data preparation explained in Section 6.2.1 along with Algorithm 3 was also used as the
high-level process that we followed to predict the number of charges. The reduction of the fea-
tures in this data set only impacts the number of columns in the data, with no other impacts
on the model.

As per the multivariable model, the data was scaled using Equation 5.1 that mapped all values
between [0,1]. This data set was then used to create the data sets to train, validate, and
test the model, producing predicted values that were scaled. These predicted values were then
unscaled using the same initial scaler as used in the scaling process.

100



7.2.2 Hyperparameter Tuning and Model Training

To remain in line with the previous experiments from the Multivariable Analysis (All Features),
we ran fifty experiments. As the input data was scaled, the validation loss values were also
scaled between [0,1]. The selection of hyperparameters for this data set can be seen as per
Table 5.1, and once again, [Talos 2019] was used to conduct the experimentation.

In experiment number 20, the lowest validation loss of 0.0215 was found and corresponds
to the first set of hyperparameters found in Table 7.1. A visual representation of each scaled
validation loss per experiment performed can be seen in Figure 7.1

0.40

0.35

Walidation Loss

Lowest Valuation Loss: 0.0215, Experiment No. 20

o 10 20 30 40 50
Number of Experiments

Figure 7.1: Validation Loss Result Spread for LSTM Multivariable (Selected Features) Exper-
iments

No | Testing | Validatio] Activatio] Batch| Drop | Epochs | Losses | Nodes | Optimizer | Pat-
Loss Loss Size | Out ience

01 | 0.00070 | 0.02152 | relu 64 0.2 40 MSE 512 Nadam 50

02 | 0.00094 | 0.08571 relu 1024 | 0.5 40 MSE 512 Nadam 100

03 | 0.00042 | 0.09751 relu 16 0.01 |40 MSE 128 Nadam 100

04 | 0.00088 | 0.09880 sigmoid | 4 0.05 | 200 MSE 8 Adam 200

05 | 0.00052 | 0.10105 sigmoid | 2 0.075 | 100 MSE 64 Nadam 20

Table 7.1: LSTM (Multivariable - Selected Features): Five Lowest Validation Losses and their
Associated Hyperparameters

7.2.3 Model Results

For the 7-day period ending on the 31st of March 2022, LSTM predicted a total of 97,265
charges. This is 2,511 charges (or 2.65%) more than the actual amount of 94,754 charges
that occurred during this week. The measure of difference between the actual and predicted
values, the RMSE, was 488.768; which is low compared to the actual number of charges. The
detailed day-by-day breakdown comparing the actual number of charges and predicted number
of charges and the RMSE for the last 7 days in March 2022 were calculated and shown in
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Date Actual Value | Predicted Value | Difference | % Difference
Day 01 14,878 15,474.57 596.57 4.01%
Day 02 15,476 15,563.38 87.38 0.56%
Day 03 13,806 14,339.91 533.91 3.87%
Day 04 11,844 12,759.47 915.47 7.73%
Day 05 12,119 12,464.25 345.25 2.85%
Day 06 12,703 12,900.81 197.81 1.56%
Day 07 13,928 13,762.86 -165.14 -1.19%
Total 94,754 97,265.23 2,511.23 2.65%

RMSE: 488.768

Table 7.2: LSTM (Multivariable - Selected Features) Number of Charges: Actual vs Predicted
per Day
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Figure 7.2: LSTM: Multivariable Actual and Predicted Figures

Table 7.2. Figure 7.2 visually represents the actual number of charges for the last month of
inspection, overlaid with the predicted number of charges for the last seven days.

7.2.4 Residual Analysis with Confidence Intervals

Based on the results of the residual analysis conducted for the multivariable (selected features)
LSTM model, pictured in Figure 7.3, several key insights were drawn. The range of residuals
was observed to span from -20 to 20, indicating that the model’s predictions exhibited vari-
ations from the actual values within this range. This range encompassed both negative and
positive residuals, indicating instances where the model underestimated and overestimated the
actual outcomes, respectively. Furthermore, the confidence intervals (CIs) provided valuable
information about the uncertainty associated with the model’s predictions. The lower CI of
-50 indicated a high level of confidence that the true residuals fell above this threshold. This
corresponded to the model’s tendency to occasionally overestimate the predicted values, as
evidenced by the presence of negative residuals. Conversely, the upper CI of 50 indicated a
similar degree of confidence that the actual residuals were below this value.
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Figure 7.3: LSTM (Multivariable - Selected Features): Residual Analysis

Split No | Date From | Date To | Actual Predicted | Difference | % Difference | RMSE
Value Value
01 2016-06-12 | 2016-06-19 | 78 66.03 -11.97 -15.37% 3.277
02 2017-11-22 | 2017-11-29 | 2,234 2,660.13 426.13 19.07% 110.780
03 2019-05-04 | 2019-05-11 | 4,644 4,533.39 -110.61 -2.38% 33.004
04 2020-10-13 | 2020-10-20 | 21,479 22,330.90 851.9 3.97% 209.778
05 2022-03-24 | 2022-03-31 | 94,754 97,265.23 2,511.23 2.65% 488.768

Table 7.3: LSTM (Multivariable - Selected Features) Cross Validation: Actual vs Predicted
Charges Results per Split

7.2.5 Cross Validation Analysis

We applied Algorithm 3 to each data split (shown in Table 5.4) to determine how the size
and pattern of each data set affect the LSTM model and hence the predicted results. Each
LSTM model per data split was trained, using the respectively optimised hyperparameters,
which resulted in a seven-day prediction per split. Table 7.3 shows the actual and predicted
total number of charges per prediction period of 7 days with the respective point difference
comparison and the RMSE. A visual representation of the actual and predicted charges can be
seen in Figure 7.4. In the figures, the actual number of charges (blue) were plotted on a daily
basis over a period of 30 days, with the predicted values (orange) plotted on the last seven days
of the defined period.

To compare the RMSE across splits, we calculated the normalised RMSE, as shown in Table
7.4. Split 05 produced the lowest normalised RMSE (0.036), indicating that this split produced
the best prediction values vs actual values in comparison to all splits. Graphically, the RMSE
and the normalised RMSE per split for the multivariable LSTM (with selected features) can
be seen in Table 7.5.
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Split No | Minimum Charges | Maximum Charges | RMSE | Normalised RMSE
01 7 14 3.277 0.312
02 250 365 110.78 0.36
03 635 716 33.004 0.049
04 2,579 3,686 209.778 0.067
05 11,844 15,476 488.768 0.036

Table 7.4: LSTM (Multivariable - Selected Features): RMSE and Normalised RMSE Compar-

ison
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Figure 7.5: LSTM (Multivariable - Selected Features): RMSE and Normalised RMSE Visual

Comparison
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7.3 Gated Recurrent Units (GRU)

7.3.1 Model Data Preparation and Data Scaling

The data preparation explained in Section 6.3.1 along with Algorithm 4 was also used as the
high-level process that we followed to predict the number of charges. The reduction of the fea-
tures in this data set only impacts the number of columns in the data, with no other impacts
on the model.

As per the multivariable model, the data was scaled using Equation 5.1 that mapped all values
between [0,1]. This data set was then used to create the data sets to train, validate, and
test the model, producing predicted values that were scaled. These predicted values were then
unscaled using the same initial scaler as used in the scaling process.

7.3.2 Hyperparameter Tuning and Model Training

With the data sets created, we determined the best combination of hyperparameters that can
be used to train the GRU as described in 6.3.3. The hyperparameters corresponding to the
lowest validation loss values found in the experimentation phase were stored as the optimal
hyperparameter set used in the final forecasting of the number of charges. The selection of
hyperparameters for this data set can be seen as per Table 5.1, and once again, Talos [2019]
was used to conduct the experiment.

To remain in line with the previous experiments from the Multivariable Analysis using all fea-
tures, once again, we ran fifty experiments. As the input data was scaled, the validation loss
values were also scaled between [0,1].

In experiment number 37, the lowest validation loss of 0.0284 was found and corresponds to
the first set of hyperparameters found in Table 7.5. A visual representation of each scaled
validation loss per experiment performed can be seen in Figure 7.6

Validation Loss

west Vatuation toss 070284 Expermment o 37

o 10 20 30 40 50
Number of Experiments

Figure 7.6: Validation Loss Result Spread for GRU Multivariable (Selected Features) Experi-
ments
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No | Testing | Validatio] Activatio] Batch| Drop | Epochs | Losses | Nodes | Optimizer | Pat-
Loss Loss Size | Out ience
01 | 0.00070 | 0.02152 | relu 64 0.2 40 MSE 512 Nadam 50
02 | 0.00094 | 0.08571 relu 1024 | 0.5 40 MSE 512 Nadam 100
03 | 0.00042 | 0.09751 relu 16 0.01 |40 MSE 128 Nadam 100
04 | 0.00088 | 0.09880 sigmoid | 4 0.05 | 200 MSE 8 Adam 200
05 | 0.00052 | 0.10105 sigmoid | 2 0.075 | 100 MSE 64 Nadam 20

Table 7.5: GRU (Multivariable - Selected Features): Five Lowest Validation Losses and their
Associated Hyperparameters

Date Actual Value | Predicted Value | Difference | % Difference
Day 01 14,878 15,532.75 654.75 4.40%
Day 02 15,476 15,981.8 505.8 3.27%
Day 03 13,806 14,591.17 785.17 5.69%
Day 04 11,844 13,080.78 1,236.78 10.44%
Day 05 12,119 12,971.86 852.86 7.04%
Day 06 12,703 13,007.11 304.11 2.39%
Day 07 13,928 13,627.8 -300.2 2.16%
Total 94,754 98,793.27 4,039.27 4.26%

RMSE: 731.009

Table 7.6: GRU (Multivariable - Selected Features) Number of Charges: Actual vs Predicted
per Day

The hyperparameters that resulted in the lowest validation loss were stored and used to train
the model defined in Listing 5.2. Once trained, the model was then expected to predict the
number of charges for the next seven days.

7.3.3 Model Results

For the 7-day period ending on the 31st of March 2022, GRU predicted a total of 98,793 charges.
This is 4,039 charges (or 4.26%) less than the actual amount of 94,754 charges that occurred
during this week. The measure of the difference between the actual and predicted values, the
RMSE, was 731.009; which is low compared to the actual number of charges. The detailed day-
by-day breakdown comparing the actual number of charges and predicted number of charges
and the RMSE for the last 7 days in March 2022 were calculated and shown in Table 7.6. Figure
7.7 visually represents the actual number of charges for the last month of inspection, overlaid
with the predicted number of charges for the last seven days.

7.3.4 Residual Analysis with Confidence Intervals

Based on the results of the residual analysis conducted for the multivariable (selected features)
GRU model, pictured in Figure 7.8, several key insights were drawn. The range of residuals
was observed to span from -45 to 5, indicating that the model’s predictions exhibited variations
from the actual values within this range. The presence of mainly negative positive residuals
signified instances where the model tended to underestimate the actual outcomes. Furthermore,
the confidence intervals (CIs) provided valuable information about the uncertainty associated
with the model’s predictions. The lower CI of -75 indicated a high level of confidence that the
true residuals fell above this threshold. This corresponded to the model’s tendency to occa-
sionally overestimate the predicted values, as evidenced by the presence of negative residuals.
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Figure 7.7: GRU (Multivariable - Selected Features): Actual and Predicted Figures
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Figure 7.8: GRU (Multivariable - Selected Features): Residual Analysis
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Split No | Date From | Date To | Actual Predicted | Difference | % Difference | RMSE
Value Value
01 2016-06-12 | 2016-06-19 | 78 67.1 10.9 -13.97% 3.217
02 2017-11-22 | 2017-11-29 | 2,234 2,834.51 600.51 26.88% 134.514
03 2019-05-04 | 2019-05-11 | 4,644 4,499.81 -144.19 -3.10% 47.488
04 2020-10-13 | 2020-10-20 | 21,479 23,402.38 1,923.38 8.95% 323.600
05 2022-03-24 | 2022-03-31 | 94,754 98,793.27 4,039.27 4.26% 731.009

Table 7.7: GRU (Multivariable - Selected Features) Cross Validation: Actual vs Predicted
Charges Results per Split

Split No | Minimum Charges | Maximum Charges | RMSE | Normalised RMSE
01 7 14 3.217 0.306
02 250 365 134.514 0.437
03 635 716 47.488 0.070
04 2,579 3,686 323.600 0.103
05 11,844 15,476 731.009 0.054

Table 7.8: GRU (Multivariable - Selected Features): RMSE and Normalised RMSE Comparison

Conversely, the upper CI of 75 indicated a similar degree of confidence that the actual residuals
were below this value.

7.3.5 Cross Validation Analysis

We applied Algorithm 4 to each data split (shown in Table 5.4) to determine how the size and
pattern of each data set affect the GRU model and hence the predicted results. Each GRU
model per data split was trained, using the respectively optimised hyperparameters, which
resulted in a seven-day prediction per split. Table 7.7 showed the actual and predicted total
number of charges per prediction period of 7 days with the respective point difference compar-
ison and the RMSE. A visual representation of the actual and predicted charges can be seen
in Figure 7.9. In the figures, the actual number of charges (blue) were plotted on a daily basis
over a period of 30 days, with the predicted values (orange) plotted on the last seven days of
the defined period.

To compare the RMSE across splits, we calculated the normalised RMSE, as shown in Table
7.8. Split 05 produced the lowest normalised RMSE (0.054), indicating that this split produced
the best prediction values vs actual values in comparison to all splits. Graphically, the RMSE
and the normalised RMSE per split for the multivariable GRU (with selected features) can be
seen in Table 7.10.
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0- 0o

Split 01 Split 02 Spiit 03 Spiit 04 Spiit 05

No | Model | Hyperparameters | Time (hh:mm:ss)
01 | LSTM 8 02:22:01
02 GRU 8 04:24:54

Table 7.9: Time taken to find the optimal hyperparameters for the Multivariable Analysis

7.4 Results Comparison

Once the experiments were completed and each of the models predicted the number of charges
for the last 7 days in March 2022, we were then able to compare the results per model. In
these analyses, we considered only the number of charges as well as the data points from three
additional features (private charges, session duration and new contracts) that were registered
per day from August 2014. The total data set consisted of 2,639 data points per feature, where
the last 7 data points were considered as the test data. Both models (LSTM, and GRU) used
the training data to determine the best hyperparameters required to produce the best test
result. Once these hyperparameters were defined, each model then predicted the number of
charges over the next seven days which were then compared to the test data set.

7.4.1 Hyperparameter Optimization

Both LSTM and GRU models each had eight hyperparameters to optimise, and the respective
time to find the optimised hyperparameters per model was shown in Table 7.9. As expected,
finding the optimal hyperparameters for the ARIMA model took less time than the other two
models - and the LSTM and GRU times are similar given the similarity of the models and the
required hyperparameters.

7.4.2 Model Results

Once the hyperparameters were found, each model predicted the number of charges per day for
a period of seven days. These were then plotted against the actual values of the charges over
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Date Actual Value | LSTM Predicted Value | GRU Predicted Value
Day 01 14,878 15,474.57 15,532.75
Day 02 15,476 15,563.38 15,981.80
Day 03 13,806 14,339.91 14,591.17
Day 04 11,844 12,759.47 13,080.78
Day 05 12,119 12,464.25 12,971.86
Day 06 12,703 12,900.81 13,007.11
Day 07 13,928 13,762.86 13,627.80
Total 94,754 97,265.23 98,793.27
Difference 2,511.23 4,039.27
% Diff 2.65% 4.26%
RMSE 488.77 731.01

Table 7.10: The Actual Number of Charges vs The Predicted Number of Charges per Model

those seven days, where the RMSE of each model result was calculated based on the actual
charges, as shown in Table 6.10. On a total level, both LSTM and GRU overpredicted the
actual values by 2.65% and 4.26%, respectively. When comparing the RMSE values, LSTM
had the least amount of errors in its predictions in comparison to GRU. Figure 7.11 visually
represented the results per model against the actual number of charges.
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Figure 7.11: Prediction Results for LSTM and GRU

7.4.3 Residual Analysis Comparison

The investigation into residuals and their associated confidence intervals for multivariable (se-
lected features) LSTM and GRU models provided distinct insights into their predictive perfor-
mance. The LSTM model showcased a narrow range of residuals, with slightly looser confidence
intervals, signifying accurate and consistent predictions closely aligned with actual values. In
contrast, the GRU model’s residuals were mostly negative, with confidence intervals around -75
and 75 (a larger range in comparison to the LSTM). These findings revealed the LSTM model’s
superior precision and the GRU model’s higher variability in forecasting accuracy. These results
are in alignment with the conclusions found in Table 7.10 with regard to the RMSE results.
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Figure 7.12: RMSE Comparison for LSTM and GRU

7.4.4 Cross Validation Results

The RMSE and normalised RMSE results per data split can be seen graphically in Figures 7.12
and 7.13. Whilst the GRU performed marginally better in Split 01, LSTM outperformed the
GRU in every split that followed. To be able to compare the RMSE per model across every
split, the RMSE values were normalised and on average, the LSTM models outperformed the
GRU model. Furthermore, the normalised RMSE decreased as the data increased in size for
all models and can be seen graphically in Figure 7.13.
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8 Comparative Analysis

8.1 Introduction

With the completion of all experiments, we were then able to compare the ARIMA, LSTM,
and GRU models for univariable data, and the LSTM, and GRU models for multivariable data
(all features and selected features).

To forecast the number of charges for seven days at the end of March 2022, the best-fitting
models of ARIMA, LSTM, and GRU were utilized. Univariable models were trained using
the number of charges, while multivariable models were trained using additional features, both
dating from 2014, with a rolling window period of 14 days before the prediction period. The
predicted values were then compared with the actual values to assess the models’ predictive ca-
pability. To evaluate the prediction performance, RMSE was used, with lower values indicating
better performance.

8.2 Results Analysis and Discussion

The results in Table 8.1 summarise important factors considered to compare the models. These
factors include the number of features used, the number of hyperparameters that needed to be
optimized, the number and duration of the experiments, and the values of actual vs expected
values and RMSE. For the single variable analysis, the ARIMA model showed lower values
than both the LSTM and GRU models, indicating the accuracy of the statistical model was
better than the neural networks. ARIMA model produced a lower error value (356.070) than
the LSTM and GRU models (460.362 and 531.225, respectively)in the seven-day prediction val-
ues which indicated that ARIMA was more successful than LSTM and GRU models forecasting.

In trying to determine whether the error values for the LSTM and GRU models could be
improved, we included additional features to the data set. Initially, fourteen additional data
features were added to find the best-fitting models and compare the error rates calculated from
the forecasted values when compared to the actual values. The LSTM model produced error
values higher than their single variable counterparts. For LSTM, the multivariable model pro-
duced an error rate of 627.454 in comparison to the LSTM single variable model’s error rate of
460.362. The increase was likely caused by the over-fitting of the features. As seen in Chapter
4.4, the correlation analysis showed that the features were all very similar and overtrained the
model on the training data deeming it unable to reasonably predict future daily charges. On the
other hand, the multivariable GRU model produced a lower error rate of 514.998 in comparison
to the GRU single variable model’s error rate of 531.225. However, this difference is not signifi-
cant and hence shows that the GRU can handle all the features, but could also do without them.

The fourteen features were then reduced to three and added to then find the best-fitting models
for both LSTM and GRU. Here we saw that the LSTM with three features performed signif-
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icantly better than the LSTM with all features (488.768 vs. 627.454 respectively). However,
the GRU with three features performed worse than the GRU with all features (731.009 vs.
514.998). The reason for both results is that the selected features were a better input for the

LSTM but not for the GRU.

When comparing all error rates, the ARIMA model had the lowest and hence, predicted better
than all other models. Whilst we can state that the ARIMA model is the better predictor of the
number of charges, it should be noted that the underlying data dictates the success or failure
of a model. This was seen in the comparison of the GRU multivariable models (all features
vs selected features). We could have achieved a better result with the GRU had we selected a
different subset of features.

Single Variable Multivariable (All Features) | Multivariable (3 Features)
ARIMA| LSTM | GRU LSTM | GRU LSTM | GRU
Model Type Statistica] RNN RNN RNN RNN RNN RNN
Model
Number of Fea- | 0 0 0 14 14 3 3
tures
Number of Hy- | 3 8 8 8 8 8 8
perparameters
Number of Ex- | 196 100 100 50 50 50 50
periment Itera-
tions
Hyperparameter | 00:01:02 | 02:03:51 | 02:34:54 | 02:22:01 | 04:24:54 01:06:35 | 01:43:41
Optimisation
(hh:mm:ss)
Total % Differ- | -0.02% | -0.57% | -1.83% | 1.74% -0.35% 2.65% 4.26%
ence
RMSE 356.070 | 460.362 | 531.225 | 627.454 | 514.998 488.768 | 731.009
Normalised 0.026 0.034 0.039 0.046 0.038 0.036 0.054
RMSE

Table 8.1: Model Summary: Comparison of Models

We conducted a comprehensive analysis of the performance of different algorithms for forecast-
ing the number of charges. We not only compare the performance of the ARIMA, LSTM, and
GRU models on the entire dataset, but we also applied cross-validation techniques to split the
data into five parts. This allowed us to evaluate the performance of the models on different
subsets of the data, providing a more robust assessment of their forecasting capabilities.

Cross-validation is a technique used in machine learning to assess the performance of a model
by dividing the data into several subsets, training the model on one subset and evaluating its
performance on the remaining subsets. In the case of time series data, it is important to use
techniques such as time-series cross-validation or rolling window cross-validation to ensure that
the temporal dependencies in the data are preserved during the splitting process.

The results of our analysis showed that the ARIMA model outperformed the LSTM and GRU
models based on the RMSE values. The results can be seen in Table 8.2. The ARIMA model
had the lowest RMSE values across all data splits, indicating that it was able to make more
accurate predictions than the other models. Additionally, we also included the percentage
difference between actual vs predicted values, and we found that the LSTM model did have
lower percentage difference values for some splits.
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Single Variable

Multivariable (All Features)

Multivariable (3 Features)

Split | Actual | ARIMA| LSTM | GRU LSTM | GRU LSTM | GRU
No Charges
Number of Charges
01 78 74.69 68.41 64.31 67.26 74.77 66.03 67.10
02 2,234 2,023.74 | 2,557.97 | 2,785.23 | 2,440.83 | 2,567.44 2,660.13 | 2,834.51
03 4,644 4,600.44 | 4,637.06 | 4,608.74 | 4,481.73 | 4,487.33 4,533.39 | 4,499.81
04 21,479 22,298.25| 21,982.67| 22,604.39| 22,699.49| 22,256.38 22,330.90| 23,402.38
05 94,754 94,731.24] 94,211.69| 93,019.86| 96,400.9, | 94,425.24 97,265.23| 98,793.27
% Difference (Actual and Predicted)
01 -0.04% | -0.12% | -17.55% | -13.77% | -4.14% -15.35% | -13.97%
02 -9.41% | 14.50% | 24.67% | 9.26% 14.93% 19.07% | 26.88%
03 -0.94% | -0.15% | -0.76% | -3.49% | -3.37% -2.38% | -3.10%
04 3.81% 2.34% 5.24% 5.68% 3.62% 3.97% 8.95%
05 -0.02% | -0.57% | -1.83% | 1.74% -0.35% 2.65% 4.26%
RMSE
01 2.684 2.968 2.905 3.400 2.883 3.277 3.217
02 49.154 90.931 122.184 | 84.237 | 99.125 110.78 134.514
03 28.407 31.142 28.677 | 39.317 | 40.069 33.004 | 47.488
04 181.567 | 206.143 | 219.744 | 243.153 | 210.957 209.778 | 323.6
05 356.07 | 460.362 | 531.225 | 627.454 | 514.998 488.768 | 731.009
Normalised RMSE
01 0.256 0.283 0.277 0.324 0.275 0.312 0.306
02 0.160 0.296 0.397 0.274 0.322 0.360 0.437
03 0.042 0.046 0.042 0.058 0.059 0.049 0.070
04 0.058 0.066 0.070 0.078 0.067 0.067 0.103
05 0.026 0.034 0.039 0.046 0.038 0.036 0.054

Table 8.2: Model Summaries: Result Comparison per Data Split

1
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Given our results, we saw that ARIMA was a better predictor for stationary time series data.
One reason for this was that ARIMA models were specifically designed for time series data and
were able to take into account the temporal dependencies in the data. These models were able
to identify patterns in the data and make predictions based on those patterns. In contrast,
LSTM and GRU models were generally used for non-time series data and may not have been
as well-suited for this type of data.

Another reason why ARIMA may have been a better predictor was that it was a simpler model
than LSTM and GRU. This made it easier to understand and interpret the results of the model.
Additionally, simpler models can be less prone to overfitting, which can lead to more accurate
predictions.

It was important to note that the choice of model would depend on the specific data and fore-
casting problem at hand. For example, if the time series data is non-stationary, other methods
such as exponential smoothing may have been more appropriate. Additionally, if the data has
high levels of noise or irregular patterns, more complex models such as LSTM or GRU may
have been necessary. However, for stationary time series data - as we have used in this disser-
tation, ARIMA was often a good choice as it was simple, well-understood, and able to capture
temporal dependencies in the data.

8.3 Impact of Results from a Business Perspective

Forecasting important Key Performance Indicators (KPI) for a shorter period, such as within
the next few weeks, has several advantages compared to long-term planning or forecasting for
the next few years. Specifically, in this dissertation, we looked at the short-term forecasting of
the number of charges - and we forecasted 7 days into the future.

One advantage of short-term forecasting is that it allows for more accurate predictions. Since
we considered a short time horizon, fewer unknown factors could affect the outcome and make
it easier to identify patterns and trends in the data. This we saw with the cross validation re-
sults that included the COVID-19 data set. This affected the data set a lot less than expected
given that we only forecasted one week. Additionally, short-term forecasts can be updated more
frequently, and given the short training and prediction times of the models, the results could
be produced when necessary and hence can prove to be beneficial when making quick decisions.

Another advantage of short-term forecasting is that it can help identify and respond to potential
issues more quickly. For example, if The Company does see a decline in the number of charges
(which has a direct impact on revenue) in the short-term forecast, it can take immediate action
to address the issue before it becomes a larger problem. Given that The Company is still fairly
new to the market, it still can make short-term adjustments.

Whilst this short-term forecasting is unable to assist with making strategic decisions based on
long-term trends, having a week-by-week estimation of the number of charges will help in the
day-to-day operations to enable quick decision-making that could in turn allow The Company
to meet their long-term goals.

In this dissertation, we aimed to analyze the forecasted values of seven days, specifically the
last week of March 2022. We found that the ARIMA model was the most effective in predicting
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these values, and we, therefore, decided to see what this same model would predict up until
December 31, 2022. A summary of the actual and predicted charges for each month (including
the originally predicted seven days) has been summarised in Table 8.3.

Date From | Date To | Actual Charges | Predicted Charges | RMSE | Difference | Perc Diff
2022-03-25 | 2022-03-31 94,754 94,731.24 356.070 -22.76 -0.024%
2022-04-01 | 2022-04-30 465,891 409,835.75 2,199.035 | -56,055.25 | -12.032%
2022-05-01 | 2022-05-31 471,451 424,692.71 2,120.783 | -46,758.29 -9.918%
2022-06-01 | 2022-06-30 495,768 416,351.7 2,907.180 | -79,416.30 | -16.019%
2022-07-01 | 2022-07-31 616,332 435,641.31 6,060.390 | -180,690.69 | -29.317%
2022-08-01 | 2022-08-31 602,584 439,570.97 5,514.946 | -163,013.03 | -27.052%
2022-09-01 | 2022-09-30 589,215 430,421.88 5,606.242 | -158,793.12 | -26.95%
2022-10-01 | 2022-10-31 643,093 449,400.9 6,560.519 | -193,692.10 | -30.119%
2022-11-01 | 2022-11-30 663,804 439,423.33 7,718.856 | -224,380.67 | -33.802%
2022-12-01 | 2022-12-31 787,850 458,886.51 10,996.032 | -328,963.49 | -41.755%

Table 8.3: Monthly Charging Predictions for 2022 (Original Model)

Our analysis revealed that while the ARIMA model was capable of predicting the number of
charges that far in advance, it was only able to do so with reasonable accuracy for the immediate
three months. For April, May and June, the RMSE remained below 3,000 with a percentage
difference of under roughly 16%. Given that these results are forecasted, a general acceptance
criteria of 15% difference has been used at The Company. The number of charges until June
has been shown in Figure 8.1. After July, however, the RMSE increased quite substantially - as
the predicted values were not in line with the actual values. This was because the trained did
not represent the future data set as well as it represented the validation data - and the decay
in the pattern of the predicted values was evident hereof. This does not mean that the model
we used was insufficient, but rather that the future data had different intrinsic patterns that
were not substantially represented in the historic data.
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Figure 8.1: Visual Representation of Monthly Charging Predictions for 2022 (Original Model)
Our analysis also showed that the actual data revealed a significant increase in the number of
charges compared to the predicted model. While this may have been attributed to external

factors such as market growth or new goals set internally by The Company, it highlighted the
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importance of updating the model to incorporate any changes that may impact the number of
charges.

Therefore, we concluded that the ARIMA model could be used to predict the number of charges
up to a year in advance, with the understanding that the results were dependent on the cur-
rent situation. After three months, it would be necessary to update the model with the latest
information if we wished to stay on track with our predictions.

To test this hypothesis, we decided to update the data and run the ARIMA model again, this
time incorporating data up until June 30, 2022. A summary of the actual and predicted charges
for each month (where the seven-day prediction had been moved to the last week in June) has
been summarised in Table 8.4.

Date From | Date To | Actual Charges | Predicted Charges | RMSE | Difference | Perc Diff
2022-06-24 | 2022-06-30 120,658 117,578.21 536.356 -3,079.79 -2.55%
2022-07-01 | 2022-07-31 616,332 526,157.55 3,070.839 | -90,174.45 -14.63%
2022-08-01 | 2022-08-31 602,584 523,565.40 2,681.542 | -79,018.61 -13.11%
2022-09-01 | 2022-09-30 589,215 515,138.74 2,719.132 | -74,076.26 -12.57%
2022-10-01 | 2022-10-31 643,093 535,742.96 3,725.959 | -107,350.04 | -16.69%
2022-11-01 | 2022-11-30 663,804 519,909.42 4,980.472 | -143,894.58 | -21.68%
2022-12-01 | 2022-12-31 787,850 544,816.35 8,332.265 | -243,033.65 | -30.85%

Table 8.4: Monthly Charging Predictions for 2022 (Updated Model)

Our results showed that updating the model with three months of data did improve the predic-
tion of the number of charges until the end of 2022. This analysis revealed that July, August
and September had lowered their RMSE values in comparison to the first run - and also showed
that the percentage difference between actual and expected had fallen below the recommended
15%. The number of charges until September has been shown in Tables 8.2. This showed us
that the model was still most effective in predicting the number of charges for the immediate
three months, and also that the results for October, November, and December were better in
the second run compared to the first. This could be an indication that customer charging be-
haviour had stabilized toward the end of the year, which allowed the model to predict the values
more accurately. Overall, this analysis showed that while the ARIMA model was effective in
predicting the number of charges, it needed to be updated regularly to ensure that it continued
to accurately reflect the current situation.

8.4 Research Findings and Contributions

The present study investigated the efficacy of machine learning algorithms in predicting cus-
tomer charging behaviour in the electric mobility industry. By focusing on European customers
with electric vehicles, the research aimed to enhance the accuracy of charging behaviour fore-
casts and provide valuable insights for the sustainable growth of the electric vehicle ecosystem.

In Subsection 2.8, we formulated a primary research question and subsidiary research questions
to investigate the efficacy of machine learning algorithms for predicting customer charging be-
haviour in the electric mobility industry. In light of the comprehensive results and analyses
presented in the previous sections, we will now proceed to provide a concise summary, aligning
our findings with the respective research questions.

120



actual_charges
—— predicted_charges

22,000

20,000

Number of Charges

18,000

16,000

2022-06 2022-07 2022-08 2022-09
Date

Figure 8.2: Visual Representation of Monthly Charging Predictions for 2022 (New Model)

RQ1: Which algorithm (ARIMA, LSTM, or GRU) provides the most accurate pre-
dictions for the number of electric charges daily over 7 days by European customers
with electric vehicles?

We conducted a comprehensive analysis of the performance of the ARIMA, LSTM, and GRU
models on the time series data of electric charges by European customers with electric vehicles.
The evaluation metric used was the root mean squared error (RMSE), which measures the
accuracy of predictions by calculating the difference between actual and predicted values. The
results were as follows:

o ARIMA Model: RMSE = 356.070
e LSTM Model: RMSE = 460.362
e GRU Model: RMSE = 531.225

Based on the results, the ARIMA model outperformed both LSTM and GRU models, exhibiting
the lowest RMSE value. This indicates that ARIMA provided the most accurate predictions
for the number of electric charges in the given dataset.

RQ2: What are the strengths and weaknesses of each algorithm in predicting
customer charging behaviour based on a single variable data set (number of charges)
and a multivariable dataset (Inclusion of session duration, power usage, customer
type, etc.)?

Single Variable Analysis

e ARIMA Model achieved the lowest RMSE value, indicating its strength in handling the
time series data of electric charges by European customers based on the number of charges.

e LSTM Model produced a higher RMSE value compared to ARIMA, suggesting its weak-
ness in handling the single-variable data.

e GRU Model performed the worst in comparison to LSTM and ARIMA.
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Multivariable Analysis

e LSTM Model showed increased error values (higher RMSE) when the data included addi-
tional features (e.g., session duration, power usage, customer type). Overfitting of features
may have contributed to the decrease in performance.

e GRU Model demonstrated a slight performance improvement when applied to the multi-
variable dataset, as indicated by a lower RMSE compared to its single-variable analysis.

RQ3: Did the addition of external features or data improve the prediction accuracy
of LSTM and GRU models, and how did it compare to ARIMA'’s single variable
performance?

LSTM Model with Additional Features showed a decrease in performance (higher RMSE) com-
pared to its single variable counterpart, likely due to overfitting of the added features. GRU
Model with Additional Features demonstrated a slight performance improvement (lower RMSE)
when applied to the multivariable dataset, indicating better handling of the additional features
compared to LSTM. The results from both LSTM and GRU models with additional features
did not outperform ARIMA’s single variable performance, which had the lowest RMSE. Thus,
ARIMA remained the superior choice for forecasting customer charging behaviour based on
this dataset.

RQ4: How do the algorithms compare in terms of computational efficiency and
resource requirements for processing the given electric mobility data?

ARIMA Model required the fewest hyperparameters (3) and had the shortest hyperparameter
optimization time (00:01:02). For the LSTM and GRU Models, both required more hyperpa-
rameters (8) and longer optimization times (LSTM: 02:03:51, GRU: 02:34:54). Hence, ARIMA
was found to be computationally efficient, as it was a simpler model compared to LSTM and
GRU, making it easier to interpret and implement.

RQ5: What are the implications of the study’s findings for practical applications
in the electric mobility industry?

The use of the ARIMA model is recommended for forecasting the number of electric charges by
Furopean customers with electric vehicles, as it demonstrated superior accuracy in the provided
dataset. The results highlight the importance of considering the characteristics of the data and
the specific forecasting task when selecting an appropriate algorithm. ARIMA’s suitability for
stationary time series data made it the preferred choice for this application. Practical decision-
making processes, resource planning, and infrastructure optimization in the electric mobility
sector can benefit from the accurate predictions provided by the ARIMA model. It should be
acknowledged that the choice of the model ultimately depends on the nature of the data and
the specific requirements of the forecasting task. Non-stationary time series data or data with
high levels of noise might necessitate the use of alternative methods.

8.4.1 Reconsidering Benchmarking: Implications for Algorithm Se-
lection

It is worth noting that this research did not incorporate a benchmark model for comparison
alongside the evaluated algorithms. While benchmarks can provide a point of reference, their
inclusion can sometimes introduce bias or oversimplification. In our study, the algorithms
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were compared directly with each other, taking into account the specific characteristics of the
dataset at hand. The focus remained on assessing the relative strengths and weaknesses of
the algorithms in the context of electric vehicle charging behaviour prediction. The absence
of a benchmark allows for a more nuanced understanding of algorithm performance and its
applicability to real-world scenarios.

8.4.2 Initial Expectation and Unforeseen Results

Initially, there was a prevailing expectation that the LSTM model, with its capability to capture
intricate temporal patterns, would outperform other algorithms. However, the research findings
revealed a counterintuitive outcome—the ARIMA model surpassed both the LSTM and GRU
models in predictive accuracy for the provided dataset. This unexpected outcome emphasizes
the significance of empirical evaluation in algorithm selection, as theoretical assumptions may
not always align with practical outcomes. The study’s findings contribute to the nuanced
understanding of algorithm performance and the importance of data-specific analyses.

By addressing these research questions, the study has contributed valuable insights into the
effectiveness of machine learning algorithms in forecasting customer charging behaviour within
the electric mobility industry. The research aids in resource optimization and practical applica-
tions within the field, advancing knowledge in electric mobility forecasting. The methodological
approach and data transformations employed during the research process also offer guidance
for future investigations in this domain.

8.5 Methodology Limitations and Considerations

While the selected algorithms (ARIMA, LSTM, GRU) were carefully chosen for their promi-
nence in time series forecasting, it was important to recognize that the field encompasses a
broader range of algorithms that were not explored in this research. These algorithms might
have offered distinct advantages or faced specific challenges that were not accounted for in this
study.

Furthermore, the feature selection process, including the incorporation of external factors such
as COVID-19 data, introduced a layer of complexity. The chosen features represented a sub-
set of potential variables influencing charging behaviour, potentially overlooking other crucial
contributors. The single dataset used for training and evaluation also demanded attention,
as dataset-specific noise and trends could have limited the models’ ability to capture broader
patterns accurately.

Generalizability concerns stemmed from the fact that the study’s findings primarily relied on
a specific dataset. Variations in geographical, temporal, or cultural contexts could have re-
sulted in varying charging behaviours, thereby warranting caution when applying the findings
to diverse scenarios. Assumptions inherent in predictive modelling, such as stationarity and
linearity, introduced an additional layer of complexity, as these assumptions might not have
held for all charging behaviour patterns.

The residual analysis provided valuable insights into model performance, but the interpretation
of confidence intervals required careful consideration. Misinterpretation of confidence intervals
could have led to inaccurate conclusions about the models’ accuracy. Moreover, the method-
ology’s focus on machine learning algorithms and historical data might have inadvertently
disregarded influential external factors, such as evolving policies or technological advancements.
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Finally, the choice of evaluation metrics, while appropriate for the study’s objectives, invited
reflection. Employing metrics beyond RMSE, such as MAE or MAPE, could have offered addi-
tional perspectives on model performance. Ensuring data quality was crucial, as the accuracy
of model predictions hinged on the reliability of input data.

By acknowledging these limitations and considerations, this study aimed to foster transparency,
enhance the interpretation of results, and provide a balanced assessment of the research method-
ology’s strengths and weaknesses. These insights prompted critical evaluation and paved the
way for future research to address these challenges and contribute to the evolving field of electric
mobility forecasting.

8.6 Future Work

This study has provided valuable insights into the prediction of electric vehicle charging be-
haviour using various machine learning models. Beyond the current scope, several promising
areas for future research could advance the field and contribute to the sustainable growth of
the electric mobility industry.

1. Hyperparameter Optimization: Further investigation into fine-tuning hyperparam-
eters for each model could yield improved forecasting accuracy. This might involve ex-
ploring more advanced optimization techniques or developing automated methods for
parameter selection.

2. Ensemble Methods: An interesting avenue is to explore ensemble methods that com-
bine the strengths of multiple models. Ensembling techniques like stacking or blending
could potentially enhance predictive performance by leveraging the complementary as-
pects of individual models.

3. Time Series Decomposition: Applying time series decomposition techniques, such as
Seasonal and Trend decomposition using LOESS (STL), could help in capturing underly-
ing patterns and seasonality more effectively, potentially leading to improved forecasting
results.

4. External Factors: Inclusion of additional external factors beyond the COVID-19 dataset
could be explored. Factors like weather conditions, social events, or public holidays might
contribute to a more comprehensive model that better captures real-world complexities
in the electric mobility sector.

5. Long-Term Forecasting: Fxtending the forecasting horizon beyond the 7 days could
provide insights into longer-term trends and help in planning for more extended time-
frames in the context of electric vehicle charging behaviour.

6. Transfer Learning: Investigating the potential of transfer learning from related domains
could be beneficial. Transferring knowledge from similar time series forecasting tasks
might help in enhancing the predictive capabilities of the models, specifically tailored for
the electric mobility industry.

7. Model Interpretability: Enhancing the interpretability of machine learning models
could be crucial for practical deployment in the electric mobility sector. Exploring tech-
niques for explaining model predictions, especially in complex models like LSTM and
GRU, could facilitate better decision-making and resource allocation.
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8. Dynamic Feature Engineering: Implementing dynamic feature engineering techniques
that adapt to changing patterns and trends in the data could lead to more robust and
adaptive forecasting models for electric vehicle charging behaviour.

9. Deployment in Real-World Scenarios: Testing the models in real-world scenarios
within the electric vehicle charging infrastructure could provide valuable insights into
their practical utility and uncover potential challenges that might not arise in a controlled
experimental setup.

10. Hybrid Models: The combination of traditional time series models (e.g., ARIMA)
with deep learning models (e.g., LSTM) could harness the strengths of both approaches,
potentially resulting in more accurate and stable predictions, tailored to the dynamic
demands of the electric mobility industry.

Exploring these areas of future work could contribute to the continuous advancement of fore-
casting methodologies for electric vehicle charging behaviour. As the electric mobility industry
strives for sustainable and efficient charging infrastructure, these research directions could pro-
vide actionable insights for optimizing resource allocation, enhancing operational efficiency, and
supporting decision-making processes.
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9 C(Conclusion

Based on historical data, the prediction of the likelihood of a future outcome is imperative
in business as it highlights possible future risky scenarios that can be mitigated. Of course,
merely predicting the future is not good enough, as the expected outcome should match the
actual occurrence as time progresses. For a business like The Company, that means being able
to assess whether there will be growth in the business over time. The simple measurement
and trend analysis on the number of charging sessions dictates whether The Company is
growing in line with the global markets.

In this dissertation, we aimed to predict the number of charges for the next seven days. To do
this, we compared the performance of the ARIMA model, LSTM model, and GRU model. We
first used a single-variable model, which uses only one variable to make predictions.

To begin the process, we first had to prepare the data. We collected the number of charges
that were summarized on a daily basis from 17.08.2014 to 31.03.2022. We then preprocessed
the data by using a window period of 14 days, to predict the charges for the next seven days.
This data was then referred to as the input dataset. Data is typically split into a training and
test set to evaluate the performance of a model. The training data is used to train the model
and the test data is used to evaluate the performance of the model on unseen data. This helps
in assessing the model’s generalization capability and avoiding overfitting.

After preparing the data, we then used the training data in the experimentation. For each
algorithm, we took the training data and split it once again into the experiment training data
and the experiment validation set. This validation set was used to evaluate the performance of
the model during training, and to avoid overfitting.

With the prepared data, we then had to optimize the hyperparameters for each algorithm.
Hyperparameter optimization is the process of finding the best values for the parameters of
a model. It is done to fine-tune the parameters of the model to improve its accuracy. The

ARIMA model had 3 hyperparameters to optimize, while the LSTM and GRU models had 8
each.

After the experimentation was complete, we had the training data and the optimized hyperpa-
rameters per model. We then predicted the results for the next seven days, per algorithm and
compared these figures to those of the test set, using the Root Mean Squared Error (RMSE)
as a metric. The ARIMA model outperformed both LSTM and GRU models by having the
lowest RMSE.

We then decided to include additional features to the data set to determine whether additional
information could improve the prediction results. We only did this for LSTM and GRU to
determine whether we could improve their performance. The process was the same as the
above, with the only change being that the extra features were added to the data.
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In our second analysis, we looked at how all 13 identified features predicted the number of
charges for the next seven days. For this case, the multivariable GRU performed better than
the multivariable all-features LSTM model. However, the RMSE for the multivariable all-
feature GRU was still not better than the initial ARIMA RMSE.

In our third analysis, we selected 3 features as part of our experiment (private charges, session
duration, and new contracts) to predict the number of charges. These features were found us-
ing feature analysis or Pearson’s correlation. Here we saw that the RMSE for the LSTM with
selected features performed much better than the GRU for selected features. LSTM selected
features also did better than LSTM multivariable all features - but was still not better than
the LSTM single variable model.

In all cases, the ARIMA model outperformed all the other models, despite the addition of
features. This meant that the number of charges contained enough information to predict the
next seven days of charges. ARIMA model is specifically designed for time-series data, it is
a statistical model that captures the temporal dependencies in data, such as trends and sea-
sonality. The model uses past observations to forecast future values, which makes it well-suited.

For each of the models above, we also considered the impact of cross validation of the different
data sets and how these would impact the results. By using this technique, we could mitigate
the issue of overfitting the model to the training data, given that the time series data has a
temporal dependence. In time series cross validation, we split the data into five different subsets
using k-fold cross validation and trained and evaluated each model on different subsets of the
data. using the RMSE as a metric, we found that ARIMA also outperformed all other models
when predicting the seven days of charges per data split.

One limitation of this dissertation that we initially identified was that we only predicted seven
days. While a week is long enough to determine which algorithm is better for prediction, in
terms of usefulness for actual problems, seven days of prediction may be considered short. It
can aid in short-term planning but is less useful for long-term planning. Given that ARIMA
had the lowest RMSE score when predicting the number of charges, the prediction analysis
was extended to predict the number of charges until the end of December 2022. Our analysis
revealed that the model was capable of predicting that far in advance; however, it was only able
to do so with reasonable accuracy for the immediate three months that followed the training
period. For April, May and June 2022, the RMSE remained below 3,000. The model was
updated to include training data up to June 2022, and once again called to predict the number
of charges until December 2022. This analysis revealed that July, August and September 2022
had lowered their RMSE values in comparison to the first run. This decrease highlighted that
the updated data represented the "future data" better than it did in our first run. As a poten-
tial direction for future work, we could explore predicting more values with updated data sets
as these contained intrinsic patterns more aligned with the predicted values. In general, more
data is generally better for machine learning models, as it allows the model to better capture
the underlying patterns in the data.

Another limitation of this thesis was that the data used was highly correlated and internal to
the company. One option for expanding the data would be to bring in external data that can
influence the number of charges. While we considered the effect of COVID-19, there may be
other factors that can also affect these charges. If the included factors are more complex than
the presented time-series data, then perhaps the LSTM and GRU models may perform better.
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It is important to note that the best algorithm for a problem depends on the underlying data.
ARIMA models are best suited for time-series data with a clear trend and seasonality. LSTM
and GRU models are more suited for time-series data with more complex patterns, such as
long-term dependencies or multiple seasonalities. Given the fact that we were able to simplify
the number of charges into a data set with clear trend and seasonality, ARIMA best predicted
the number of charges, returning the lowest RMSE value when compared to the LSTM and
GRU models for all data splits.
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