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Abstract

Contemporary industrial systems exhibit a pronounced dependence on extensive
data, thereby requiring sophisticated analytical frameworks to facilitate decision-
making under conditions of uncertainty. Conventional statistical methodologies
are frequently constrained in their ability to encapsulate the non-linear, dynamic,
and multi-factorial interactions characteristic of complex industrial ecosystems.
This Master’s thesis undertakes an exploration into the integration of advanced
machine learning paradigms to augment the efficacy of industrial forecasting and
property prediction endeavors, as evidenced by two pertinent case studies.

The initial case study undertakes an investigation into the efficacy of supervised
learning models for the prediction of international crude oil prices. A suite of al-
gorithms, including linear regression, tree-based ensembles, and recurrent neural
networks, were subjected to training and evaluation utilizing historical price data
in conjunction with pertinent macroeconomic indicators. The study substantiates
that non-linear machine learning models yield superior predictive accuracy rela-
tive to traditional baselines, with a notable advantage observed during periods of
market volatility.

The second case study delves into predicting mineral properties, with a particular
emphasis on Mohs hardness, by leveraging tabular datasets that capture chemical
composition and physical measurements. The study develops regression models
and a basic generative model to evaluate the role of machine learning within ma-
terials informatics. The generative model underscores the feasibility of generating
synthetic mineral-like feature vectors, representing an early step towards data aug-
mentation and the concept of inverse design.

For both case studies, the dissertation outlines a standardized methodology that
involves preparing data, crafting features, training models, validating them, and
evaluating performance with metrics like MAE, RMSE, and (R?) . The findings
illustrate how versatile machine learning is for different industrial data types and
suggest that data-driven models offer exciting possibilities for integration into cur-
rent industrial practices.

Keywords: Machine Learning; Industrial Systems; Oil Price Forecasting; Time
Series; Minerals; Mohs Hardness; XGBoost; LSTM; Generative Models.
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Abbreviations

The following abbreviations are used throughout this dissertation:

Al
ANN
ARIMA
BCE
CNN
GAN
LSTM
MAE
ML
MSE
ReLU
RMSE
RNN
SGD

R2
XGBoost

Artificial Intelligence

Artificial Neural Network
Autoregressive Integrated Moving Average
Binary Cross-Entropy
Convolutional Neural Network
Generative Adversarial Network
Long Short-Term Memory
Mean Absolute Error

Machine Learning

Mean Squared Error

Rectified Linear Unit

Root Mean Squared Error
Recurrent Neural Network
Stochastic Gradient Descent
Coefficient of Determination
Extreme Gradient Boosting
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Chapter 1

Background and Motivation

1.1 Introduction

Contemporary industrial operations produce vast quantities of information. This
data encompasses everything from immediate operational readings to archived in-
formation and system activity logs. The increasing automation and interconnect-
edness of industrial processes make data analysis more intricate. Conventional an-
alytical techniques often struggle to account for complex, non-linear relationships,
evolving system behaviors, and the interplay of various elements. Consequently,
there’s a strong demand for sophisticated, adaptable, and intelligent computational
solutions to aid in prediction and informed decision-making.

Machine learning offers a potent solution to these complexities. Its strengths lie
in its capacity to model intricate connections, identify patterns directly from data,
and adjust to dynamic conditions. These capabilities make machine learning well-
suited for various industrial applications, including predicting demand, identifying
equipment failures, detecting unusual occurrences, optimizing production, and es-
timating material characteristics. This study will showcase the practical value of
machine learning in industrial contexts by examining two specific areas: (1) pre-
dicting global crude oil prices and (2) forecasting mineral properties, including the
creation of a model to generate simulated data.

1.2 Research Motivation

This study is driven by the growing need for precise forecasting tools in various
industries. Specifically, predicting oil prices is crucial for financial planning, man-
aging transportation, and understanding energy markets. The challenge is that
oil prices are highly unstable, changing quickly and influenced by global events.
Existing forecasting methods often fail to be accurate when the market is turbu-
lent. Machine learning, particularly advanced techniques like non-linear and deep
learning, could offer more reliable and flexible solutions.

Simultaneously, predicting the properties of materials is a key area in materials



science and industrial engineering. Being able to forecast physical properties, like
hardness, based on a material’s chemical makeup or other measurable features can
speed up the process of designing and classifying materials. Furthermore, gener-
ative models, like GANs, are opening up new possibilities for creating artificial
data. This is especially useful when real-world data is limited, costly to collect, or
takes a long time to gather.

1.3 Research Problem and Objectives

This dissertation explores the use of machine learning to improve prediction
capabilities within demanding industrial contexts. The key areas of investigation
are:

e Forecasting Volatility: Evaluating the effectiveness of machine learning mod-
els in predicting the behavior of fluctuating industrial time series, exemplified
by crude oil prices.

e Predicting Material Properties: Assessing the accuracy of machine learning
regression techniques in forecasting material hardness, using existing mineral
datasets.

e Data Generation: Examining the ability of generative models to create real-
istic synthetic mineral data that reflects actual chemical and physical char-
acteristics.

This thesis aims to:
1. Create and assess machine learning models to predict crude oil prices.
2. Construct and contrast regression models for forecasting mineral hardness.

3. Develop and test a basic generative adversarial model to produce artificial
mineral data.

4. Assess the effectiveness of the models using established performance mea-
sures.

1.4 Structure of the Dissertation

The dissertation is structured into six parts.

The second part 2 offers a thorough examination of existing research on how
machine learning is used in industrial settings, how oil prices are predicted, and
how mineral properties are estimated. The third part 3 details the approach used,
including the data sources, data preparation, the machine learning models em-
ployed, and the methods used to assess the results. The fourth and fifth parts 4
and 5 present two practical examples: predicting oil prices and predicting the hard-
ness of minerals. The final part 6 concludes by summarizing the key discoveries,
acknowledging any constraints, and suggesting areas for further investigation.



Chapter 2

Literature Review

2.1 Machine Learning in Industrial Systems

Incorporating machine learning (ML) into industrial processes has revolutionized
how engineers work. It allows them to better understand and utilize complex
information. Before ML, industrial systems mainly used models based on known
physical principles. These models were easy to understand, but struggled with
intricate relationships, hidden factors, and large amounts of data.

ML changed this by moving away from models based on physics to models based
on data. ML allows systems to automatically identify patterns from data, without
needing to be explicitly told how everything works. Recent research shows that
over 70% of today’s industrial businesses use data-driven solutions in areas like
predicting equipment failures, ensuring product quality, forecasting energy use,
and improving processes.

Machine learning is significantly transforming industrial operations, especially
in the realm of predictive maintenance. By examining data like vibrations, tem-
peratures, and pressures, ML models can forecast equipment malfunctions. This
proactive approach allows businesses to decrease operational interruptions, lower
maintenance expenses, and improve workplace safety. Sophisticated techniques
like neural networks and ensemble methods excel at identifying minute deviations
that traditional methods often miss.

Furthermore, reinforcement learning (RL) is emerging as a key technology for
industrial control. RL systems can learn the best strategies for managing processes
by interacting with their environment. This allows for flexible adjustments in
changing situations. Consequently, ML is evolving from a purely analytical tool
to an active participant in industrial automation, capable of making real-time
decisions.



2.2 Qil Price Forecasting: Models, Challenges,
and Trends

2.2.1 Classical Statistical Approaches

Predicting the future cost of crude oil is notoriously difficult within the field of
economics. Traditional methods, including ARIMA, GARCH, VAR, and Holt—Winters,
have been common tools for examining the market. The ARIMA model, for exam-
ple, relies on the idea that future prices are directly related to past prices. While
straightforward, ARIMA struggles to account for non-linear relationships or shifts
in market behavior. Likewise, the GARCH model, designed to understand volatil-
ity, is restricted in how it reacts to market fluctuations, assuming a symmetrical
response.

Research indicates that these statistical models often perform adequately when
the market is steady. However, they tend to be unreliable during significant events
like political instability, global health emergencies, changes in OPEC policies, or
unexpected disruptions to the supply chain.

2.2.2 Machine Learning Approaches

As computing capabilities have increased, machine learning (ML) models are
now seen as valuable tools for forecasting oil prices. Techniques that combine mul-
tiple models, like Random Forest, Gradient Boosting, and XGBoost, are effective
at capturing intricate relationships between different factors and handling non-
linear patterns. XGBoost is especially well-suited for financial predictions because
it is designed to prevent overfitting and manage the complexity of the model.

Furthermore, deep learning methods offer additional enhancements. Long Short-
Term Memory (LSTM) networks are specifically built to understand long-term
connections within data that unfolds over time. LSTMs use special memory units
and control mechanisms to remember information over extended periods. This
allows them to identify patterns like recurring seasonal trends, sudden market
changes, and delayed reactions to events.

Mathematically, the LSTM’s update procedure is characterized by:

fe=0(Wg - [hi1, 2] + by) (2.2.1)
i = o(W; - [hy_y, 2] + b;) (2.2.2)
Cy = tanh(We - [hy_1, 24] + be) (2.2.3)
Ci=f0C_1+i,0C (2.2.4)



or = 0(Wy - [he—1, 2] + by) (2.2.5)

ht =0;® tanh(Ct) (226)

LSTMs, as shown by these equations, use forget, input, and output gates to
manage information, enabling them to model the fluctuating behavior of time-
series data.

2.2.3 Hybrid and Advanced Models

The field is moving towards hybrid models that leverage both statistical and
machine learning techniques. A notable example is the ARIMA-LSTM model,
which decomposes the problem by using ARIMA for linear modeling and LSTM for
capturing non-linear residuals. This evolution also includes incorporating external
factors like macroeconomic indicators and sentiment analysis, as well as advanced
signal processing techniques like Wavelet decomposition.

A comparison of classical vs ML-based oil forecasting models is given in Table
2.1.

Model Nonlinearity Shock Sensitivity Data Requirements
ARIMA Low High Low
GARCH Medium Medium Low
XGBoost High Low Medium
LSTM Very High Low High
Hybrid ARIMA-LSTM  Very High Very Low High

Table 2.1: Comparison of forecasting model characteristics

2.3 Mineral Property Prediction and Materials
Informatics

2.3.1 Predictive Models in Mineralogy

Materials informatics represents a shift towards data-centric methods for accel-
erating materials discovery and characterization. A persistent difficulty lies in pre-
dicting physical properties, for example Mohs hardness, directly from a mineral’s
chemical makeup or structural description. In contrast to traditional mineralogical
approaches that depended on empirical observations and laboratory testing, ma-
chine learning provides automated and scalable alternatives. Regression models,
including Support Vector Regression (SVR), Random Forest, and XGBoost, have
achieved notable success in predicting properties from recent mineral datasets.



2.3.2 Generative Models in Materials Science

Generative Adversarial Networks (GANs) are a cutting-edge advancement in
materials informatics. They are composed of a generator G and a discriminator
D, two neural networks that engage in a minimax game:

mGin max V(D,G) = Eypy,,. [log D(z)] + E.p. [log(1 — D(G(2)))] (2.3.1)

GANSs offer a method for generating synthetic mineral feature data that ap-
proximates real-world distributions, addressing the challenge of limited dataset
availability.

2.3.3 Challenges in Materials Data

Materials science datasets frequently exhibit limitations including:
e low cardinality (e.g., hundreds of validated mineral instances);
e feature sparsity; class-conditional probability skew;

e non-standardized measurement protocols;
e inconsistent measurement conditions;
e paucity of mechanical property annotations (e.g., hardness).

GANs and regression ensembles are considered viable approaches for data aug-
mentation and enhanced model generalization.

2.4 Summary of Gaps and Research Opportuni-
ties

Significant challenges remain in both industrial prediction and mineral data
analysis. Specifically:

e Forecasting oil prices is still problematic due to the absence of reliable mod-
els that can handle extreme market fluctuations and account for external
economic impacts.

e The accuracy of predicting mineral characteristics is hampered by insufficient
data, which limits the effectiveness of deep learning techniques.

e Generating artificial data for materials science research is not yet sufficiently
advanced.

e A lack of standardized machine learning frameworks exists that could be
applied across various industrial applications, from predicting trends over
time to forecasting material properties.



These identified shortcomings highlight the need for a comprehensive method-
ological approach that combines various machine learning models to tackle diverse
industrial problems.



Chapter 3

Methodology

3.1 Research Framework

This section details the systematic approach employed throughout the thesis.
While the two research objectives—predicting oil prices and estimating mineral
hardness—utilize distinct datasets and modeling methods, they are underpinned
by a shared analytical framework. This uniformity guarantees that each phase of
the research can be reproduced and cross-referenced between the two areas.

The process commences with data preprocessing, proceeds to choosing and
training appropriate models, and culminates in a thorough assessment of their
effectiveness. This order is deliberate: empirical evidence suggests that the ro-
bustness of any machine learning model is largely determined by the quality of its
input data, and the trustworthiness of findings hinges on a meticulous and open
evaluation process. The overarching methodological framework is illustrated in
Fig. 3.1.

The initial stage of our workflow is dedicated to comprehending the characteris-
tics of the datasets. When dealing with crude oil time series, particular emphasis is
placed on aligning sampling periods, eradicating sudden spikes attributable to ex-
ternal occurrences, and integrating varied sources into a cohesive structure. These
procedures are indispensable, as discrepancies in the temporal grid can distort the
estimation of short-term trends and lead to unpredictable outcomes.

For the mineral dataset, the principal obstacle arises from the inherent diver-
sity of its features. Chemical compositions, structural descriptors, and measured
physical properties frequently operate across fundamentally different scales. Thus,
normalizing and standardizing these variables is a requisite step prior to under-
taking any insightful modeling.

With the datasets ready, the modeling phase commences. The oil forecasting
component contrasts neural network architectures against gradient-based tech-
niques to assess their respective abilities in managing temporal dependencies. For
the mineral hardness prediction, a generative adversarial network (GAN) is in-
tegrated alongside conventional regression models. The GAN’s purpose here is
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Figure 3.1: General methodological pipeline used in the research.



not material generation, but rather to investigate its capacity to discern underly-
ing correlations within complex mineral data. The entire framework is structured
to ensure methodological uniformity while accommodating the unique attributes
of each dataset, ultimately aiming for results that are both understandable and
relevant to real-world applications.

3.2 Dataset Description

This segment introduces the datasets employed throughout the research. Despite
their distinct formats and sources, the crude oil and mineral datasets both neces-
sitate thorough preparation prior to analysis. The subsequent sections will detail
the datasets’ contents, the steps taken to prepare them, and their key features.

3.2.1 Crude Oil Price Dataset

This dataset contains daily information about crude oil, gathered from public
energy market data. It focuses on the closing price of Brent crude, a key indicator
for the worldwide oil market. The data covers a long period, including times when
the market was relatively steady and times when prices changed dramatically due
to world events.

B date = # price = # percentChange = # change

date on which price is price in USD/Bbl change percentage to absolute change value
captured previous date previous date
1983-03-30 2022-03-01 10.4 140 -54.2 88.4 -32.8 ’
1983-03-30T00:66:00 29.27

1983-04-04T00:06:00 30.63 4.646395626921763 1.36
1983-05-02T00:06:00 30.25 -1.2406137773424748 -8.38
1983-06-01T60:006:00 31.38 3.7355371908826446 1.13
1983-87-01T60:006:00 32.0 1.975780752871383 0.62
1983-08-01T00:006:00 31.59 -1.28125 -8.41
1983-09-01T60:06:00 30.36 -3.893637226970856 -1.23

Figure 3.2: Fragment of the crude oil price dataset used for forecasting.

The illustration in Figure 3.2 presents a sample of the data used for the study.
The horizontal dimension displays the dates, and the vertical dimension shows
the daily closing price of oil, measured in US dollars per barrel. Small, rapid
price fluctuations are due to typical market volatility and minor news. Larger,
sustained price increases or decreases signal broader economic trends and shifts
in the balance of supply and demand. Observing this data reveals a combination
of gradual trends and sudden shifts. This characteristic suggests that complex

10



machine learning models, rather than simpler linear models, are appropriate for
analyzing this data.

The time series data is prepared for modeling through a series of initial adjust-
ments.

First, gaps in the data, stemming from events like holidays or inconsistent data
collection, are addressed. These missing values are replaced using a method called
nearest-neighbor interpolation, which aims to maintain the patterns observed in
the data close to the missing points.

Second, unusual data points, or outliers, are handled. These outliers, which
might represent brief, significant occurrences, are smoothed out only if they don’t
align with the overall trends in the data. This approach ensures that genuine
market fluctuations are not removed.

Finally, the data is scaled to a standard range. This normalization step is crucial
for the stability of the mathematical calculations used in the modeling process.

These preparatory steps are designed to preserve the inherent temporal char-
acteristics of the data. They also make the data suitable for use with forecasting
models that rely on neural networks and gradient-based learning techniques.

3.2.2 Mineral Dataset

Within this mineral dataset, you'll find a compilation of physical, chemical, and
structural descriptors for a diverse array of naturally occurring minerals. Each
row represents a distinct mineral sample, and its columns are populated with fea-
tures such as elemental compositions, crystallographic parameters, density-related
metrics, and other experimentally derived information. The dataset is further
augmented by the inclusion of the corresponding Mohs hardness value, which is
designated as the target for the regression problem.

A high-level distribution of hardness values is shown in Fig. 3.3, illustrating the
natural imbalance across different hardness ranges.

11
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3112
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0 3m 0 6 0 a
2] Abenakiite-(Ce) 5.8 4.5
1 Abernathyite 4.0 2.75
2 Abhurite 5.8 2.0
3 Abswurmbachite 0.0 6.0
4 Actinolite 2.0 5.5

Figure 3.3: Histogram of Mohs hardness values across mineral samples.

A subset of the raw feature data is illustrated in Fig. 3.4. The table reveals the
varied nature of mineral descriptors, with some possessing elaborate chemical com-
positions and others featuring simpler structures containing few active elements.
Consequently, normalization and feature scaling are crucial steps before applying
any predictive models.

0 0 Abenakiite-(Ce) 5.0 450 0.0 3.240 3.0 1.4
1 1 Abernathyite 4.0 2505 3.0 3.446 3.0 1.5
2 2 Abhurite 5.0 2.00 3.0 4.420 3.0 2.0
g e Abswurmbachite 0.0 0.00 0.0 0.000 0.0 0.(
4 4 Actinolite 2.0 5.50 2.0 1.050 4.0 1.
4 G P

5 rows x 140 columns

Figure 3.4: Excerpt from the raw mineral feature matrix.

In addition to fundamental scaling operations, a process of feature pruning is
undertaken, removing low-variance and redundant attributes to achieve dimension-
ality reduction and mitigate overfitting. The dataset’s composition, encompassing
both continuous and categorical-like chemical indicators, necessitates a transfor-
mation of all features into a homogeneous numerical representation suitable for
machine learning model ingestion.

Collectively, the mineral dataset furnishes a diverse and information-rich foun-
dation for the prediction of hardness values, concurrently presenting an opportu-
nity to investigate generative modeling paradigms through the GAN architecture
detailed later in this chapter.
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3.3 Forecasting Models and Analytical Methods

Within this chapter, we detail every forecasting approach utilized for the crude
oil price data. A variety of statistical, analytical, and machine learning strategies
were explored, encompassing traditional time series models, regression techniques,
Monte Carlo simulations, and the Prophet forecasting tool. While Chapter 4’s
ultimate prediction relies on Prophet, all these methods were put into practice
during our research to independently verify the series’ patterns.

3.3.1 Time Series Analysis

Classical time series models are a common tool for characterizing the intrinsic
structure of financial price fluctuations. In this study, autoregressive and moving-

average models were implemented as a starting point. The general ARMA (p, ¢)representation
is:

Ye=c+ G111+ P2Ye—a -+ OpVe—p €& — Or1€i1 — Oa64 0 — - — Og€4_g,

where 7, is the price at time ¢, ¢ is a constant term, ¢; and 6; denote the
autoregressive and moving—average coefficients, and ¢, is a white-noise error term.
The values of (p, ¢) determine the lag structure.

The application of these models facilitated the observation of stable short-term
dependencies within the series and the establishment of a statistical baseline for
comparative assessment.

3.3.2 Regression Analysis

Linear regression was employed to model the relationships between oil prices and
several predictor variables. These predictors were created using lagged values
and derived indicators. The underlying model takes the form of a general linear
equation.

v =00+ 55X+ B Xo+ -+ B, X, + ¢

where 7 is the target variable, X; are predictors, (; are regression coefficients,
and € is the error term.

The objective of this method was to ascertain if linear models could adequately
represent the primary movements within the time series. The reliance on regression
for all forecasting resulted in comparable trend patterns, a consequence of the
pronounced serial correlation inherent in the oil price figures.

13



3.3.3 Monte Carlo Simulation

We utilized the Monte Carlo method to simulate the uncertainty inherent in future
price variations. Let X be a random variable with an expected value of «:

M(X) = a,

the classical discrete expectation formula is:

M(X) = Z LiPi,
=1

where x; are the possible values of the variable and p; are their probabilities.

By generating numerous hypothetical price trajectories, we were able to gauge
the variability of potential future results. In real-world application, however, the
generated curves mirrored the overall trajectory of statistical models, aligning with
the enduring trend and minimal seasonal fluctuations observed in oil price data.

3.3.4 Prophet Model

The forecast presented in Chapter 4 was generated through the application of the
Prophet model. Prophet’s methodology involves decomposing a time series into
its constituent elements of trend, seasonality, and event-specific effects, thereby
facilitating its adaptation to structural modifications and nonlinear characteristics.

The model posits that the series can be articulated as:

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

where ¢(t) is the trend component, s(t) is seasonality, h(t) accounts for event
effects, and ¢; represents noise.

Trend component. Prophet uses a piecewise linear trend of the form:

g(t) = (k+a(t) 0)t + (m +a(t) ),

where k is the base growth rate, m is the intercept, and a(t) are indicator
functions for the automatically detected change points. The vectors § and v adjust
the slope and level after each change point.

Seasonality component. Seasonality is modeled using a Fourier series:

N
2mnt 2mnt
s(t) = Z (an cos 7;? + b, sin %) :
n=1

14



where P is the period (e.g., yearly seasonality) and N is the number of har-
monics.

Forecasting. Upon model fitting, Prophet extrapolates the trend and seasonal-
ity into the future, yielding projected values alongside uncertainty intervals derived
from Bayesian sampling. The forecast presented in Chapter 4 was generated uti-
lizing this framework. Although ARIMA, regression, and Monte Carlo models
produced broadly analogous results due to the pronounced autocorrelation struc-
ture of crude oil prices, the Prophet model demonstrated enhanced stability and
provided interpretable uncertainty bounds, thereby establishing it as the preferred
approach for the presentation of the final forecast.

3.4 Mineral Hardness Prediction Models

In this section, we describe the modeling frameworks developed to predict mineral
hardness, drawing upon a comprehensive collection of chemical, physical, and crys-
tallographic descriptors. Recognizing that mineral properties stem from complex
interactions at multiple structural scales, we investigated a variety of regression
and generative modeling approaches. The purpose of this methodological explo-
ration is twofold: to ascertain the most effective predictive model and to gain
insight into how different modeling paradigms engage with the underlying data
structure.

The specific methods utilized in this segment of the study are linear regres-
sion, Random Forest, XGBoost, and a Generative Adversarial Network (GAN).
Although these models operate on distinct assumptions and internal processes,
their collective application yields a broad perspective on the predictive landscape.

3.4.1 Linear Regression

The foundational model employed was linear regression, intended to ascertain the
degree to which fluctuations in mineral hardness could be elucidated by simple ad-
ditive dependencies among its attributes. The general linear model is characterized
by the following equation:

U= Po+ Brxy + Bay + - - + By,

where:
e y — predicted hardness value,

e r; — mineral descriptors (chemical fractions, optical properties, structural
indices, etc.),

e [, — learned coefficients reflecting the contribution of each descriptor,
e [y — intercept term capturing baseline hardness when all feature values are

Zero.
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The linear model operates under the premise that hardness varies directly and
independently with each factor, assuming all other influences remain unchanged.
This simplification is seldom accurate in mineralogy, as hardness is a complex
property arising from the interplay of factors like bonding characteristics, crystal
structure, ionic forces, hydration, and impurities. Despite this limitation, linear
regression still offers valuable foundational understanding.

The primary purpose is to ascertain if simple correlations exist between the at-
tributes and hardness. Furthermore, it establishes a benchmark against which the
improvements offered by advanced models can be measured. Despite potentially
modest outcomes, the derived coefficients allow for understanding the individual
impact of each feature, indicating their positive or negative effect prior to account-
ing for non-linear relationships.

Although linear regression is not ideal for modeling the nonlinear nature of
mineral properties, its inclusion adds to the overall methodological completeness
of the study.

3.4.2 Random Forest

The Random Forest algorithm, a type of ensemble learning based on trees, pro-
duces a final prediction by averaging the results from many individual decision
trees.

K

where:
e Ti(r) — prediction of the k-th decision tree,
e K — total number of trees in the ensemble.

Every tree acts as a classifier or regressor by dividing the feature space into
segments, each associated with a single, constant output. The inherent randomness
in the training data (bootstrap samples) and the selection of features for each tree
means that their individual inaccuracies tend to cancel each other out when their
predictions are aggregated.

This averaging effect is key to reducing variance and preventing the model from
overfitting.

e it naturally handles nonlinear feature interactions,
e it accommodates mixed—scale variables,
e it is resilient to noise and outliers,

e it provides feature importance estimates that reveal which descriptors drive
model performance.
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Within mineralogy, numerous properties are interconnected in ways that am-
plify or depend on each other. For instance, a mineral’s resistance to scratching
can be influenced by both its internal atomic arrangement and the presence of
minute amounts of other elements. A predictive framework that accounts for these
combined influences is more apt to represent the actual chemical and structural
realities of minerals. The Random Forest approach proved considerably more effec-
tive than simple linear models, suggesting that complex, non-linear relationships
and critical tipping points are important factors in how hardness changes.

3.4.3 XGBoost

XGBoost operates as a gradient boosting framework, constructing decision trees
one after another. Each subsequent tree is specifically designed to address and rec-
tify the inaccuracies identified in the trees that preceded it. The model’s structure
can be represented as:

M
J=Y ful®), fu€T,
m=1

where:

e fn(z) — the prediction of the m-th regression tree,
e M — number of boosting rounds,

e F — the space of all possible trees.

Training minimizes an objective function combining prediction error and model
complexity:

L= Z€<y27@z) + Z Q(fm),

where:

e /(-) — loss function, typically squared error,

e Q(f,n) — regularization term penalizing overly complex trees.
XGBoost’s strength comes from:

e its ability to approximate highly nonlinear relationships,

careful regularization,

second—order gradient optimization,

handling missing values automatically,

strong performance on tabular scientific datasets.
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The intricate relationships found within mineral datasets frequently encompass
phenomena like:

-critical levels of elemental composition (for instance, specific oxide concentra-
tions leading to significant increases in hardness), -property variations tied to crys-
tallographic arrangement, -non-linear correlations between optical and mechanical
characteristics.

Due to its method of sequentially reducing residual errors, XGBoost more ac-
curately models the relationships than Random Forest. This resulted in XGBoost
delivering the best predictive performance among the regression models, providing
both accuracy and interpretability in mapping mineral descriptors to hardness.

3.4.4 Generative Adversarial Network (GAN)

The application of a Generative Adversarial Network was undertaken to ascertain
whether the distribution of mineral features is amenable to learning and generative
replication. Notwithstanding its indirect role in hardness prediction, the GAN
furnished insights into the latent structure inherent in mineral data and evaluated
the capacity of synthesized samples to emulate genuine mineral attributes.

The minimax objective of a GAN is defined as:

min max (B, ,, [log D(2)] + B [log(1 = D(G(2)))]]

where:

e D(x) — discriminator output (probability that x is real),
e (G(z) — generator output (synthetic sample),

® Do — empirical distribution of real minerals,

e p., — latent noise distribution (Gaussian),

e z — latent vector encoding abstract mineral characteristics.

Generator. The generator transforms latent vectors into synthetic feature sam-
ples:

G(Z) = WQO'(le + bl) + bg,

where Wy, W, are weight matrices and o(+) is a nonlinearity.

Discriminator. The discriminator estimates how likely a sample is real:

D(l’) = O'(Wdili' + bd)
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The GAN’s training spanned 300 epochs, guided by the Adam optimizer. In
parallel, the generator’s capacity to emulate the statistical signatures of genuine
minerals grew, and the discriminator’s skill in discerning deviations from these
signatures was refined.

GAN investigations demonstrated that the characteristics of minerals exhibit
an organized, learnable pattern. However, discrepancies in particular physical
properties, such as density, underscored the challenges of employing unrestricted
generative models for scientific datasets without incorporating knowledge specific
to the field.

3.4.5 Methodological Significance

Each model adds value to the analysis of the mineral dataset.

e Linear Regression — Serves as a starting point for prediction and reveals
straightforward connections between variables.

e Random Forest — Detects complex patterns and relationships where fea-
tures influence each other in a non-linear way.

e XGBoost — Delivers the most accurate and precise predictions, showcasing
the power of gradient boosting in predicting mineral characteristics.

e GAN — Assesses the ability to create a synthetic representation of mineral
features, revealing both its strengths and weaknesses in capturing the data’s
structure.

This combination of techniques provides a strong framework for the research
findings discussed in Chapter 4. That chapter will delve into a detailed analysis
of how well different approaches perform, which features are most influential, and
how the data distributions compare.

3.5 Evaluation Metrics

This study examined how well the forecasting and regression models performed by
applying a set of error-based evaluation tools. These tools were chosen to corre-
spond to the two modeling contexts explored in the research: predicting upcoming
crude oil values, which is inherently a temporal prediction task, and estimating
mineral hardness, which falls under classical supervised regression. The purpose
of the evaluation was to quantify overall predictive accuracy, determine how sen-
sitive each model is to irregular or extreme data points, and measure the scale of
discrepancies between predicted and observed outcomes.

The analysis relied on three main performance indicators: the Mean Absolute
Error (MAE), the Root Mean Squared Error (RMSE), and the determination
coefficient (R?). These metrics are widely adopted across methodological studies in
both statistics and machine learning because they illuminate different dimensions
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of predictive behavior—ranging from average deviation to variance-weighted error
and the proportion of explained variability.

3.5.1 Mean Absolute Error (MAE)

To determine the Mean Absolute Error, we average the absolute values of the errors
made in predictions, thus focusing solely on their size rather than their direction.
The formula is:

1O A
MAE = EZHJ:: — Bl

t=1
where:
e n — number of observations,
e y, — true value at instance ¢,
e ; — predicted value at instance ¢,
e |y: — y:| — absolute deviation between prediction and truth.

MAE offers a straightforward and understandable measure of average prediction
inaccuracy. Its strength lies in presenting this average error using the same units
as the data being predicted. Unlike metrics that square errors, MAE treats all
errors equally, meaning it doesn’t overemphasize the impact of very large mistakes.
This makes it a reliable choice when dealing with data that might have occasional,
significant outliers, such as mineral hardness readings affected by unusual elemental
makeup.

Using MAE in crude oil time series forecasting helps understand how accu-
rately the model predicts immediate price movements. When predicting mineral
hardness, MAE provides a measure of how closely the model’s predictions match
real-world hardness values determined in a lab.

3.5.2 Root Mean Squared Error (RMSE)

Root Mean Squared Error is defined as:

n

1 .
RMSE = | = > (5 — ).

t=1

Its parameters include:
e (y; — 9:)> — squared error for instance t,

e the square root — bringing the metric back to the original unit scale.
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Because the Root Mean Squared Error (RMSE) squares the error values, it
gives greater weight to larger errors. This characteristic makes RMSE especially
useful for analyzing scientific data. In these datasets, significant discrepancies
are often problematic, potentially signaling issues with the model’s reliability or
performance.

In oil price forecasting, RMSE helps identify when the model’s predictions are
most inaccurate, particularly during periods of rapid market shifts. For mineral
hardness, RMSE reveals the nature of prediction errors: are they generally small,
or are they driven by significant deviations for certain minerals, such as those with
unusual trace element content?

Using both RMSE and MAE provides a more comprehensive assessment of a
model’s performance because RMSE is more strongly affected by the spread of
errors. This combined approach offers a richer insight into how consistently the
model performs.

3.5.3 Coefficient of Determination (R?)

The coeflicient of determination is defined as:

R2—1_ > (Y — 90)?
> i (Y — 9)?

where:

e y — mean of the true target values,

e numerator — residual sum of squares (model error),
e denominator — total sum of squares (data variance).

The R? value tells us how well the model’s predictions match the actual data.
A high R? (near 1) means the model’s predictions are very close to the real values,
explaining a large portion of the data’s variation. A low R? (near 0) means the
model’s predictions are not very accurate and don’t explain much of the data’s
variability.

When forecasting mineral hardness, the R? value is especially valuable. This is
because hardness fluctuates significantly and is influenced by numerous physical
characteristics. Consequently, a relatively high R? suggests the model effectively
represents a significant part of the variation stemming from the mineral’s chemical
composition and structure.

While the R? value should be viewed carefully when predicting crude oil prices
due to the presence of long-term trends, seasonal changes, and unexpected mar-
ket events, it still provides a useful way to compare the performance of various
forecasting models in a standardized manner.
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3.5.4 Complementary Interpretation of Metrics

Instead of relying on a single measure, understanding the model’s effectiveness
requires considering multiple performance indicators. Analyzing these metrics in
combination is essential for ensuring the validity and trustworthiness of the results.

MAE vs. RMSE. MAE and RMSE are both ways to measure how wrong
a model’s predictions are. MAE gives you a sense of the average size of the
errors. RMSE, on the other hand, emphasizes the impact of big mistakes. If
RMSE is significantly bigger than MAE, it suggests the model sometimes makes
very inaccurate predictions. This could be due to unusual data points, like rare
minerals or sudden shifts in oil prices.

R? as a structural indicator. The R? value indicates the proportion of the
total variation in the data that the model explains. A middling R? score doesn’t
automatically mean the model is bad, particularly when the outcome being pre-
dicted is affected by numerous intricate elements.

Practical significance. This work uses a combination of MAE, RMSE, and R?
for:

e a measure of average predictive error (MAE),
e sensitivity to large deviations (RMSE),
e and an estimate of how well the model aligns with structural patterns (R?).

By combining these measures, the assessment goes beyond simple correctness.
It also confirms the model’s reliability in a scientific context and how easily its
workings can be understood.

3.6 Software Tools

This research leveraged a suite of freely available software to perform its calcula-
tions. The choice of these tools was driven by the specific analytical needs of the
project and the practical challenges of handling large, complex scientific data. This
chapter details the software environment, outlining the purpose of each component
in the process of preparing the data, building and training models, presenting re-
sults visually, and assessing performance.

3.6.1 Python Programming Environment

The research utilized Python for all experimental procedures. This choice was
driven by Python’s prevalence in scientific computing and machine learning. Its
appeal in research circles is due to its rich collection of numerical libraries, its
seamless integration with data analysis processes, and its ability to facilitate quick
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development. This versatility allowed for the integration of both traditional sta-
tistical techniques and contemporary machine learning methods within a single,
cohesive structure.

The project leveraged Python to:

e Prepare and clean datasets containing mineral and oil price information.

e Apply feature engineering techniques and scaling methods.

e Develop and train regression models.

e Perform Monte Carlo simulations to assess uncertainty in time series data.
e Build and train a Generative Adversarial Network (GAN).

e Create visual representations of model results.

e computing evaluation metrics such as MAE, RMSE, and R?.

Python’s design, built with independent components, made it simple to adjust
the process as the research evolved. This flexibility facilitated trying out various
model approaches without needing significant modifications to the core program.

3.6.2 Machine Learning and Statistical Libraries

Several core libraries were used to implement the forecasting and regression models:

NumPy and SciPy. For processing complex mineral datasets and extensive
time-series data, NumPy offered optimized tools for mathematical calculations
and linear algebra. SciPy provided the necessary functions for statistical analysis,
including interpolation and signal processing.

Pandas. Pandas was the primary tool for dataset manipulation, including;:
e handling missing entries in the oil dataset,
e merging multiple feature sources in the mineral dataset,
e computing returns, differences, and lagged variables,
e exporting preprocessed data for modelling.

Its tabular structure allowed for clear, transparent preprocessing pipelines.

scikit-learn. The implementation of linear regression, Random Forest, and sev-
eral preprocessing tools relied on scikit-learn. Beyond model training, the
library was used for:

e splitting datasets into training and testing partitions,
e computing cross-validation scores,

e applying standardization and normalization,
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e retrieving feature importance values from ensemble models.

XGBoost Library. This research leveraged the high-performance xgboost li-
brary. Its key features, including GPU acceleration, efficient processing of sparse
data, and advanced regularization techniques, were crucial. The library’s capa-
bilities were instrumental in obtaining successful results for predicting mineral
hardness.

3.6.3 Neural Network Frameworks

PyTorch. This research project utilized the PyTorch deep learning library to
build and train a Generative Adversarial Network (GAN). PyTorch’s flexible com-
putational graph structure was particularly helpful in designing and training the
specific neural network components, including the generator and discriminator,
which were fully connected.

PyTorch enabled:

e cfficient GPU-based training of the GAN,

e implementation of custom loss functions,

e monitoring of convergence and training stability,

e generation of synthetic mineral descriptors for distributional analysis.

PyTorch was selected because it’s easy to understand and allows for straight-
forward examination of the steps involved in calculations. This characteristic is
particularly valuable when working with generative models.

3.6.4 Time Series and Forecasting Tools

Prophet. Chapter 4’s crude oil price prediction was created using the Prophet
library. This library is well-suited for analyzing long-term data with changes over
time because it breaks down the data into its underlying patterns (trend and sea-
sonality). It also uses a statistical method called Bayesian uncertainty estimation
to provide a range of possible future values.

Prophet was used for:

e constructing the piecewise-linear trend component,

e generating yearly seasonal patterns through Fourier series,
e producing future forecasts with confidence intervals,

e visualizing predicted vs. observed price trajectories.

This tool offered a clear breakdown of the data, making it easy to understand.
It also allowed us to see how the results compared to the statistical and machine
learning models we discussed previously.
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3.6.5 Visualization Tools

Data and model results were made easier to grasp through visual representations.
We employed these tools:

Matplotlib. Matplotlib served as the main plotting library for:
e time series visualizations of oil prices,
e scatterplots comparing predicted and true mineral hardness,
e feature importance bar charts from XGBoost,

e density plots comparing GAN-generated and real mineral descriptors.

Seaborn. Seaborn offered visually appealing and polished graphics, especially
useful for exploring data distributions, relationships between variables, and as-
sessing the fit of regression models.

These visualization tools allowed for a clear interpretation of model behaviour
and helped identify trends, outliers, and structural features within the data.

3.6.6 Hardware and Execution Environment

The research utilized a high-performance workstation. This system featured a
current multi-core processor and an NVIDIA graphics card, which significantly
sped up the process of training neural networks. The project’s structure, employing
Python scripts, Jupyter notebooks, and organized file structures, allowed for easy
replication of results and iterative development. This setup enabled the team to
test various models and complete numerous experimental runs efficiently, within
reasonable timeframes.

3.6.7 Rationale for Tool Selection

This selection of Python, scikit-learn, XGBoost, PyTorch, and Prophet was made
strategically. The goal was to find a good mix of understanding the results, adapt-
ing to different needs, and performing calculations quickly. While each individual
model needed its own specialized tools, the way they all worked together was
consistent because these libraries are designed to work well with each other.

Employing open-source software provided several benefits: it allowed for clear
examination of the process, made it possible to repeat the analysis, and enabled
verification of every stage. Furthermore, the widespread acceptance of these tools
within the scientific field enhances the trustworthiness of the methods used.

The software environment employed throughout this research offered a depend-
able and performant foundation. It facilitated the execution of experiments related
to forecasting and regression, ultimately leading to trustworthy and understand-
able research findings.
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3.7 Summary

The following chapter outlines the research approach employed to predict both
crude oil prices and mineral hardness. Despite the distinct nature of these two
prediction problems — considering their data, the specific models needed, and the
goals of the analysis — a unified analytical structure was implemented. This con-
sistent framework enabled the study to combine traditional statistical methods,
advanced machine learning techniques, and generative modeling strategies in a
way that is both logically connected and easily replicable.

This section of the chapter started by outlining the specific datasets employed
for the research. The analysis of the crude oil data presented challenges related
to its extended history, instances of abrupt changes, and unpredictable variations.
Conversely, the mineral dataset was a complex collection of diverse measurements,
including chemical composition, crystal structure, and physical properties. The
primary difficulties with this dataset were the need to adjust for different scales of
measurement and to handle the presence of many zero values. A clear understand-
ing of these dataset properties was crucial for selecting the appropriate analytical
methods that would be discussed subsequently.

To predict oil prices, we employed a variety of analytical techniques. We used
time series analysis, specifically ARMA and ARIMA models, to understand short-
term price fluctuations and recurring patterns. Regression models helped us in-
vestigate how past prices and other factors influenced current prices. The Monte
Carlo method allowed us to simulate possible future price movements and assess
the associated uncertainty. Furthermore, we utilized the Prophet model, which
breaks down the price data into trends and seasonal patterns, allowing for adapt-
ability to changes and long-term cycles. These different approaches offered diverse
perspectives on how prices change over time and formed the basis for comparing
their performance in the following section.

This study explored predicting mineral hardness using various machine learning
approaches. A range of models, each with a distinct approach to data analysis, were
employed. Simple linear regression served as a benchmark, assessing the impact of
individual mineral properties on hardness. More sophisticated models, specifically
Random Forest and XGBoost, were used to model complex, non-linear relation-
ships within the data. XGBoost proved to be the most accurate in predicting
hardness. Additionally, a Generative Adversarial Network (GAN) was developed
to generate synthetic mineral descriptor data. Although the GAN wasn’t designed
for direct prediction, it helped to understand the underlying structure of the min-
eral data and highlighted the possibilities and constraints of generative models in
this context.

To assess how well the models performed on different tasks, we used a consistent
group of established measures. We used Mean Absolute Error (MAE) and Root
Mean Squared Error (RMSE) to understand the size of the prediction mistakes.
RMSE was particularly useful because it highlighted larger errors. We also used
the coefficient of determination, R? , to determine how well each model’s predic-
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tions matched the variability in the actual values. These metrics were selected
because they are easy to understand and commonly used in studies involving both
regression and forecasting. By using all of these metrics together, we ensured that
the evaluation considered not just the numerical accuracy of the predictions, but
also how well the predicted patterns matched the actual patterns.

The final section summarized the software employed for the study. Python
was the primary programming platform. It was enhanced by a suite of libraries,
including NumPy, Pandas, scikit-learn, XGBoost, PyTorch, and Prophet. Com-
bined with visualization packages like Matplotlib and Seaborn, this collection of
software created a versatile, understandable, and effective system for the entire
experimental process. The ability of these tools to work together and produce
consistent results was crucial for evaluating various models and exploring different
analytical approaches.

This chapter establishes a robust methodology, serving as the foundation for
the empirical work detailed in Chapter 4. By integrating statistical techniques,
machine learning algorithms, and generative models, we gain a multifaceted under-
standing of both predictive modeling and materials science applications. Chapter
4 will then utilize this methodology on actual datasets, assessing the effectiveness
of each approach and exploring the scientific significance of the findings.
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Chapter 4

Results and Discussion (Crude
Oil Price Forecasting)

4.1 Historical Overview of the Brent Crude Oil
Dataset

This research starts by looking at the historical data on crude oil prices. The full
Brent crude oil price history, which is the basis for all the price prediction models,
is shown in Figure 4.1. This data covers many years and includes times when
prices were fairly steady, as well as periods of significant price swings caused by
global economic conditions, political events, and changes in oil production.
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Figure 4.1: Historical Price Chart

As demonstrated in Figure 4.1, the oil market demonstrates clear structural
phases. The late 1980s and 1990s were characterized by moderate price movements,
whereas the early 2000s saw significant upward pressure driven by global industrial
expansion. The 2008 financial crisis introduced a sharp and rapid collapse, followed
by a period of partial recovery and renewed instability.

The period after 2014 shows a notable decline influenced by increased global
production, advances in shale technology, and OPEC policy shifts. More recent
years include unprecedented events such as the COVID-19 pandemic, which cre-
ated historically sharp price swings and temporarily destabilized global demand.

These observations illustrate the primary challenge of crude oil price forecast-
ing: the series is highly non-stationary, exhibits multi-scale dynamics, and contains
structural breaks that cannot be captured by simple linear models. The combina-
tion of long-term macroeconomic trends and sudden geopolitical shocks requires
forecasting models capable of handling nonlinear behaviours, irregular patterns,
and uncertainty.

In the following sections, the behaviour of this dataset is further analyzed using
time series decomposition, regression-based modelling, and the Prophet forecasting
framework.
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4.2 Time Series Analysis

To better understand the underlying behaviour of the oil price series, a time series
analysis was conducted. The purpose of this analysis is to observe the structural
properties of the data, including trend components, volatility patterns, and the
presence of short-term fluctuations. Figure 4.2 presents the visualization of the
raw time series in its analytical form.
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Figure 4.2: Time Series Analysis

The time series visualization highlights several important characteristics rele-
vant for forecasting. First, the series does not exhibit stationarity. Instead, it
shows long upward and downward movements, indicating the presence of strong
trend components. Such behaviour is typical for commodity markets, where price
movements are influenced by long-term economic cycles, global supply conditions,
and geopolitical events.

Second, the graph reveals substantial volatility clustering. Periods of relative
stability are interrupted by intervals of high price variability. These fluctuations
reflect rapid market adjustments triggered by financial crises, policy decisions by
major oil-producing nations, and shifts in global demand. Volatility clustering
creates challenges for classical forecasting models, as they often assume constant
variance over time.

Third, the time series demonstrates abrupt structural changes. These include
the sharp rise in the early 2000s, the sudden collapse during the 2008 crisis, the pro-
nounced drop in 2014 linked to oversupply, and the extreme market disturbances
around the COVID-19 pandemic. Such structural breaks reduce the accuracy of
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simple autoregressive models and motivate the use of more flexible forecasting
approaches.

Finally, the absence of regular seasonal behaviour suggests that oil prices are
primarily driven by macroeconomic and geopolitical dynamics rather than short-
term periodic cycles. This observation is important for model selection: seasonal
components must be used cautiously or omitted entirely, depending on the forecast
horizon and data decomposition strategy.

The time series analysis confirms that crude oil prices display nonlinear, volatile,
and structurally complex behaviour. These characteristics explain why basic re-
gression or ARIMA-type models often struggle to achieve high forecasting accu-
racy and underscore the necessity of applying more adaptive methods, such as the
Prophet model, discussed later in this chapter.

4.3 Regression Analysis Prediction

In addition to classical time series inspection, a regression-based forecasting ap-
proach was applied to evaluate whether the future movement of oil prices can be
predicted from their lagged historical values. The regression model attempts to
capture linear relationships between the current price and several preceding obser-
vations. Figure 4.3 illustrates the prediction results obtained using this method.
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Figure 4.3: Regression Analysis Prediction

As shown in Figure 4.3, the regression model is able to reproduce the general
long-term movement of the oil price series. This behaviour is expected, because
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regression with lagged features effectively incorporates information contained in
recent market behaviour. However, the figure also reveals several important limi-
tations of this modelling approach.

The regression model, while capturing the overarching trend, exhibits a deficit
in accounting for acute directional changes. It attenuates rapid upward move-
ments and sudden downturns, resulting in a predictive output that is insufficiently
responsive to abrupt market shocks. Considering the pronounced sensitivity of
crude oil prices to geopolitical developments and global policy pronouncements,
this limitation in reflecting sudden shifts in trajectory compromises the regression
methodology’s efficacy for precise short-term forecasting.

A further limitation of the model is its inherent reliance on a linear connection
between present and past price data. This simplification is problematic for oil
markets, as their price dynamics are shaped by intricate factors like production
agreements, economic trends, supply interruptions, and speculative trading. The
model’s inability to account for these non-linear influences results in consistent
forecasting inaccuracies, particularly when market volatility increases.

A third issue is that the model’s forecasts often trail actual outcomes when
the market is undergoing significant changes. This delay arises because regression
models are ill-equipped to handle abrupt shifts in market structure. Consequently,
when the market transitions to a new stable state, as seen during the 2008 financial
crisis or the 2014 price drop, the model persists in projecting based on prior trends
until enough new information is gathered.

It’s worth mentioning that the regression model demonstrates satisfactory ac-
curacy during periods of market stability. When oil prices remain within expected
bounds and are not subject to significant disruptions, the model’s forecasts closely
mirror observed outcomes. This underscores its value as a foundational approach,
yet simultaneously points to the necessity of more adaptable forecasting instru-
ments for practical use.

Regression analysis furnishes valuable perspectives on the composition of oil
price time series and establishes a reference point for evaluating more advanced
modeling techniques. However, its inherent linearity and restricted adaptability
preclude it from adequately capturing the multifaceted complexities of global oil
market behavior. Accordingly, superior predictive accuracy mandates the utiliza-
tion of more robust and nonlinear forecasting methodologies, such as the Prophet
model.

4.4 QOil Price Change Analysis

To obtain a clearer understanding of the short-term volatility present in the Brent
crude oil market, an analysis of daily price changes was conducted. Whereas
the previous sections examined the long-term structure and regression patterns
of the series, the purpose of this analysis is to quantify how strongly the price
fluctuates from one day to the next. Figure 4.4 presents the daily differences
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between consecutive price observations.
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Figure 4.4: Oil Price Change Chart

As shown in Figure 4.4, the distribution of daily price changes is highly irreg-
ular. Most changes are relatively small and close to zero, indicating that during
stable market conditions the oil price tends to fluctuate within a narrow range.
These periods represent normal market behaviour, where supply and demand react
gradually to ongoing economic factors.

However, the figure also displays numerous large positive and negative fluctua-
tions. These sharp deviations correspond to sudden market events such as:

e geopolitical conflicts affecting production or transportation routes,

e unexpected OPEC announcements regarding supply quotas,

e large-scale economic disruptions such as financial crises,

e abrupt declines in global demand triggered by pandemics or lockdowns,

e speculative reactions and market corrections driven by investor sentiment.

The occurrence of such significant deviations points to the inherent unpre-
dictability within oil markets. Crucially, these extreme data points are not singular
events; they frequently manifest in groups. This tendency, termed volatility clus-
tering, is a characteristic feature of financial data over time. It suggests that times
of intense price swings are prone to recurring, much like periods of stable activity
tend to cluster.
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This observation has two important implications for forecasting models:

1. Classical linear models struggle with abrupt shifts. Methods that
employ regression analysis are built upon the assumption of gradual, unbroken
trends, making them ill-equipped to swiftly address abrupt surges or declines.
Consequently, their reactions during volatile market periods tend to be sluggish
or insufficient.

2. Forecast uncertainty must widen during volatile periods. To accu-
rately predict future outcomes, any practical forecasting approach must incorpo-
rate these sudden fluctuations by widening the range of possible results. This is
especially crucial in fields like energy economics, where understanding the potential
variability is as vital as knowing the most likely single value.

The daily change analysis also reveals periods where the price rapidly declines
over multiple consecutive days—a characteristic observable during both the 2008
crisis and the 2020 pandemic shock. These multi-day drops indicate systematic,
not random, reactions within the market and illustrate why traditional models
with constant-variance assumptions often fail.

The examination of intraday price variations in crude oil confirms their propen-
sity for irregular, shock-driven volatility. This necessitates the development and
utilization of models capable of capturing nonlinear dynamics, abrupt regime
shifts, and inherent uncertainty. These findings provide a compelling rationale
for employing more flexible analytical frameworks, such as the Prophet model,
which will be elaborated upon in the ensuing section.

4.5 Prophet Forecast

The final forecasting step was carried out using the Prophet model, which was
selected for its ability to decompose the oil price series into trend and seasonality
components and to provide uncertainty estimates for future values. Figure 4.5
presents the resulting forecast based on the historical Brent crude oil dataset.
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Figure 4.5: Prophet Forecast

The forecast shown in Figure 4.5 consists of three main elements: the historical
observations (displayed as points), the central forecast curve, and the surrounding
prediction interval. The central curve represents the median forecast generated by
the model, while the shaded area corresponds to the uncertainty band, typically
reflecting an 80% or 95% confidence interval.

Unlike methods relying on regression, the Prophet model is designed to identify
and represent the enduring trend within the data. It filters out temporary, sharp
changes, concentrating instead on the fundamental direction of the market. Con-
sequently, the model generates predictions that align with the general movement
of Brent prices, avoiding excessive responses to minor, short-term variations. This
characteristic is especially valuable for planning over a medium timeframe, where
understanding the overall price direction is more crucial than pinpointing daily
price shifts.

The Prophet model’s predictions become less precise the further out they go.
This is shown by the forecast’s uncertainty range growing wider over time. This
widening reflects the greater challenge of accurately predicting oil prices in the
distant future. Initially, the model uses recent data to generate forecasts with
relatively small margins of error. However, as the prediction period increases,
the likelihood of unforeseen events, policy shifts, and other disruptive factors rises.
Consequently, the model accounts for this increased unpredictability by expanding
the range of possible outcomes.

Based on the historical data visualized in Figure 4.5, the Prophet model effec-
tively models the observed trends. It accurately captures significant market shifts,
such as sustained periods of growth and decline. Furthermore, it avoids being
overly sensitive to short-lived, extreme price fluctuations. This ability to adapt to
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the overall trend while remaining stable is a significant advantage of the Prophet
methodology.

Analyzing the methods used, comparing Prophet to previous techniques re-
veals a key advantage: Prophet portrays uncertainty more accurately than tradi-
tional methods like regression or classical time series models. Although models like
ARIMA or basic regression can predict a single value, they frequently fail to cap-
ture the full spectrum of potential future results, particularly in volatile markets.
Prophet, however, incorporates uncertainty directly into its design.

This Prophet-based prediction offers a clear and understandable picture of po-
tential oil price movements. It accurately reflects past data patterns, accounts for
existing trends, and openly displays the range of possible outcomes. Because of
these characteristics, it’s well-suited for presenting the primary forecasting findings
of this research.

4.6 Comparative Discussion

TThis part of the document offers a quick overview and comparison of the methods
used to predict Brent crude oil prices. A more in-depth analysis and discussion of
the significance of these findings will be found in the final chapter.

Table 4.1 provides a concise comparison of the models evaluated in this study.
The comparison focuses on three aspects: the ability to capture long-term trends,
responsiveness to short-term fluctuations, and the capacity to represent structural
changes and uncertainty.

Table 4.1: Comparison of Forecasting Models for Oil Prices

Model Strengths Limitations Overall Assessment
Time Series | Captures short-term | Fails to handle struc- | Useful for descriptive
Analysis  (Clas- | autocorrelation tural breaks; limited | analysis but weak for
sical) trend flexibility long-term forecasting.
Regression Reproduces  general | Cannot model nonlin- | Baseline model with
Model trend; simple and | ear behaviour; lags | limited predictive ac-
interpretable during shocks curacy.
Daily Price | Reveals volatility clus- | Not a  forecasting | Essential for under-

Change Analysis

ters; highlights shock
dynamics

model; purely descrip-
tive

standing risk and un-
certainty.

Most balanced model
for medium-term fore-

Prophet Model | Captures long-term | Less responsive to
trend; handles change | extreme  short-term
points; uncertainty | volatility casting.

intervals included

Traditional statistical methods and regression models offer useful information,

however, they are not reliable enough for consistent predictions in a market char-
acterized by unpredictable changes and complex relationships. Prophet, with its
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ability to break down trends and assess uncertainty, is the most effective method
for this research.

Chapter 6 will offer a comprehensive discussion of the economic meaning, con-
straints, and consequences of these findings.
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Chapter 5

Results and Discussion (Mineral
Hardness Prediction)

5.1 Overview of the Mineral Hardness Dataset

This study’s focus shifts to forecasting mineral hardness. We’'ll leverage a com-
prehensive collection of characteristics — physical, chemical, and optical — to make
these predictions. Unlike the previous chapter’s analysis of fluctuating oil prices,
this mineral data presents a collection of distinct, individual mineral types. Each
mineral is characterized by its own set of measured or documented attributes.
This distinct data structure necessitates a new analytical strategy. Furthermore,
it presents difficulties stemming from the high number of variables, the diversity
within the data, and the potential for incomplete information.

The mineral data consists of numerous numerical properties. These properties,
used to identify and categorize minerals, include things like the amounts of differ-
ent oxides, the concentrations of elements, how light bends through the mineral,
its density, optical characteristics, and structural details. Because these properties
come from different measurement methods, they have different ranges and pat-
terns. Some properties naturally group together, some are unevenly distributed
or have unusual values, and some are incomplete because of missing information
in the records. To prepare this data for analysis using predictive models, we had
to perform several data preparation steps: adjusting the scales of the properties,
filling in the missing values, and removing properties that were very similar to
others or didn’t vary much.

The goal is to predict a mineral’s Mohs hardness, a numerical value indicating
how easily it can be scratched. This hardness is determined by several intercon-
nected physical and chemical properties, including how the mineral’s atoms are
arranged, the strength of the bonds between them, its chemical makeup, and any
imperfections in its structure. Because of these complex, non-linear relationships,
where the exact formula is unknown, this prediction task is ideal for testing and
comparing various regression and machine learning methods.
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This mineral dataset is ideal for evaluating different modeling techniques. We
will assess and contrast the effectiveness of Linear Regression, Random Forest,
XGBoost, and a basic GAN-based method. The goal is to identify which of these
approaches best reflects the data’s characteristics and yields the most precise pre-
dictions of mineral hardness.

5.2 Model Performance Summary

To evaluate how effectively different algorithms can predict mineral hardness, three
regression models were tested: Linear Regression, Random Forest, and XGBoost.
Their performance was measured using three standard metrics discussed in Chap-
ter 3: Mean Absolute Error (MAE), Root Mean Squared Error (RMSE), and
the coefficient of determination (R?). A summary of the results is provided in
Table 5.1.

Table 5.1: Performance of Regression Models for Mohs Hardness Prediction

Model MAE RMSE R?

Linear Regression very large very large <0
Random Forest 0.36 0.93 0.77
XGBoost 0.35 0.92 0.77

The analysis definitively indicates that a straightforward linear approach is in-
adequate for modeling the connection between the characteristics and the hardness
of the minerals. Linear Regression struggles, a finding that aligns with the com-
plex, non-linear relationships and the presence of multiple variables within the
data. Conversely, ensemble models built on decision trees provide reliable and
precise predictions. This success stems from their capacity to effectively repre-
sent interactions between variables and non-linear patterns. Specifically, XGBoost
stands out as the top performer. Consequently, XGBoost will be the focus of the
following sections, where its performance will be examined in greater detail.

5.3 XGBoost: Predicted vs True Mohs Hardness

Having analyzed the quantitative results, we now need to visually inspect the XG-
Boost model’s performance against the actual hardness measurements. A scatter
plot comparing predicted and actual values offers a clear understanding of the
model’s accuracy. In this plot, each data point represents a mineral sample. Its
true hardness is plotted along the horizontal axis, while the model’s predicted hard-
ness is plotted on the vertical axis. A diagonal line represents perfect agreement
between the model’s predictions and the real values.
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Figure 5.1: XGBoost Predictions vs. True Mohs Hardness

As shown in Figure 5.1, most points lie close to the diagonal reference line,
indicating that the model is able to reproduce the true hardness values with a
relatively small error. Deviations from the diagonal are mostly confined to minerals
with atypical compositions or combinations of features that are underrepresented
in the dataset. These cases typically appear near the edges of the hardness scale
and reflect natural data imbalance rather than model failure.

The visualization reveals a key feature of the data: some hardness values are
grouped more tightly than others. This is because many minerals have similar
chemical compositions or structures. This results in a higher concentration of
data points within specific hardness ranges. The model is adept at dealing with
these concentrated areas, generating accurate predictions that closely match the
actual values, even when the relationships between different characteristics are
intricate.

Based on the visual representation, the XGBoost model’s performance aligns
with the findings from the numerical data. It consistently and precisely relates the
input features to Mohs hardness. Consequently, XGBoost is the preferred starting
point for this research’s analysis of mineral characteristics.
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5.4 Feature Importance Analysis

For insight into the model’s decision-making process, we analyzed feature impor-
tance using XGBoost. This reveals which input variables most significantly influ-
ence the model’s Mohs hardness predictions and how the model weighs different
mineral characteristics. The importance score quantifies the total impact of each
feature throughout the entire XGBoost model, considering its role in all decision
trees and splitting steps.

XGBoost Feature Importance (Top 20)
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Figure 5.2: XGBoost Feature Importance Scores

Figure 5.2 shows that only a subset of the available features plays a dominant
role in the final prediction. This is a natural outcome for datasets with many
correlated or partially redundant descriptors. XGBoost tends to select features
that provide the highest information gain while downweighting those that either
duplicate information or introduce noise.

A few key characteristics stand out as significantly more influential. These
are generally structural and chemical properties that are known to influence how
strongly atoms are held together and how rigid the crystal structure is. These
properties directly impact how resistant a material is to scratching. Conversely,
certain optical properties or chemical properties that don’t vary much have a
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minimal impact. This implies that these properties either don’t strongly relate to
hardness or are too inconsistent to be helpful in predicting it.

The way feature importance is spread out reveals how well the model deals with
relationships that aren’t simple straight lines. Linear models, like linear regression,
assume each feature has a consistent effect on the outcome. However, XGBoost can
understand more intricate connections. Features that are considered important can
affect the outcome in various ways, depending on what other features are present.
This ability to capture these complex interactions is a key reason why models like
XGBoost often perform better than simpler, linear models.

This analysis reveals the model’s inner workings, pinpointing the mineral char-
acteristics that most effectively drive its predictions. These key findings will be
re-examined in the final section, where we’ll assess how easily the model’s results
can be understood and discuss its potential weaknesses.

5.5 Real vs GAN-generated Distribution

To conclude the investigation, a basic generative model was implemented. This
model’s purpose was to artificially recreate the mineral dataset’s core structure.
The objective wasn’t to produce accurate mineral representations. Instead, the
focus was on evaluating a Generative Adversarial Network’s (GAN) ability to learn
the overall statistical characteristics of the data’s feature space. A positive outcome
would signify that the dataset exhibits coherent patterns, which are discernible
even by less complex generative models.

Real vs GAN-generated distribution
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Figure 5.3: Comparison of Real and GAN-generated Feature Distributions
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Figure 5.3 compares the distribution of selected features from the real dataset
with those produced by the trained GAN model. The generated curve follows
the general shape of the empirical distribution, which indicates that the generator
successfully captured the dominant statistical patterns present in the original data.
Although deviations appear in the tails and in regions with sparse real observations,
the overall alignment is surprisingly close given the simplicity of the model.

The observed pattern validates two key findings. Firstly, the mineral data ex-
hibits consistent structural connections, successfully captured by both predictive
and generative modeling techniques. Secondly, the Generative Adversarial Net-
work (GAN) approach shows promise for future applications like data enhancement
or reverse engineering. This includes generating artificial feature representations
to investigate potential mineral combinations or address data scarcity in specific
areas of the feature space.

This study serves as a preliminary exploration. The goal wasn’t to create ac-
tual, usable synthetic minerals. Instead, the focus was on showing how generative
modeling could be used in this area. To achieve real-world mineral synthesis, more
sophisticated models and specific rules related to the field would be needed. These
future improvements will be covered in the final section.

5.6 Brief Comparative Notes

This chapter’s findings highlight significant variations in the performance of the
models when predicting mineral hardness. Linear Regression struggles to accu-
rately model the data because the relationships are complex and influenced by
multiple factors. In contrast, ensemble models based on decision trees, especially
XGBoost, achieve considerably superior results and consistently provide reliable
predictions across all levels of mineral hardness.

The analysis of feature importance reveals that hardness is primarily influ-
enced by a limited number of descriptors. Furthermore, the generative adversarial
network (GAN) experiment demonstrates that the dataset possesses organized
statistical structures that generative models can effectively learn and replicate.
These results underscore the potential of machine learning for predicting mineral
properties and also confirm the internal consistency of the data.

A more detailed interpretation of these results, along with their methodological
and practical implications, is presented in Chapter 6.
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Chapter 6

Conclusions and Future Work

6.1 Conclusions

The present thesis undertook the examination of two independent, yet methodolog-
ically congruent, problems: the forecasting of crude oil prices and the prediction
of mineral hardness based on high-dimensional descriptors. Notwithstanding the
divergence in datasets and modeling objectives, both segments were predicated on
the deployment of machine learning tools for the analysis of complex, nonlinear
systems.

The initial segment of this research established that the price dynamics of Brent
crude oil are predominantly influenced by long-term trends, structural discontinu-
ities, and abrupt market responses to economic or geopolitical occurrences. While
classical regression and elementary statistical methodologies were capable of re-
producing overarching tendencies, they proved inadequate for capturing sharp in-
flection points or intervals of elevated volatility. The Prophet model exhibited the
most consistent performance, demonstrating an ability to integrate trend shifts
and to represent forecast uncertainty in a lucid manner. The resultant forecasts
illustrate that adaptable time-series models are better suited for markets where
directional and variance changes are unpredictable.

The second phase of our work tackled the challenge of predicting mineral hard-
ness using a dataset that was both varied and high-dimensional. Linear Regression
was found to be unsuitable, as it could not account for the strong nonlinearities and
multicollinearity present in the data. In stark contrast, ensemble models built upon
decision trees, notably XGBoost, demonstrated superior performance, delivering
accurate and consistent predictive outcomes. Our analysis of feature importance
revealed that only a select group of mineral descriptors played a significant role
in hardness prediction, a finding that resonates with the physical reality where
structural and compositional factors are dominant. Finally, a simple GAN ex-
periment successfully reproduced the overall statistical distribution of the dataset
synthetically, suggesting that the data possesses an intrinsic internal consistency.

The study’s results, across both sections, underscore the effectiveness of contem-

44



porary machine learning techniques for analyzing complex datasets characterized
by irregularities, noise, and multiple variables. Models that can learn nonlinear
relationships, adjust their structure to the data, and quantify uncertainty consis-
tently deliver the most reliable and insightful predictions. Taken together, these
findings demonstrate the potential of well-considered predictive modeling as a
robust analytical approach in diverse fields ranging from resource economics to
materials science.

6.2 Future Work

This research opens up several avenues for further investigation. For predicting oil
prices, future work could prioritize models that integrate economic data, geopo-
litical developments, and insights gleaned from news articles. By including these
external factors, it might be possible to mitigate the effects of unforeseen market
disruptions and enhance short-term forecasting precision. Furthermore, exploring
novel model combinations, such as merging Prophet with recurrent neural net-
works or transformer architectures, could lead to more resilient predictions over
extended periods.

To enhance the accuracy of predicting mineral hardness, future research should
utilize more extensive and representative datasets, as the existing collection ex-
hibits deficiencies and inconsistent representation across various mineral categories.
The application of advanced generative modeling techniques, including conditional
GANSs or diffusion models, warrants investigation for creating authentic synthetic
mineral compositions or for inverse design applications. Furthermore, incorpo-
rating domain-specific knowledge, such as adherence to stoichiometric principles
or crystallographic symmetries, directly into the modeling framework presents a
promising avenue. This integration is expected to bolster the physical understand-
ing of the models and potentially lead to superior predictive performance.

The thesis would benefit from a more comprehensive approach to quantifying
uncertainty and ensuring model explainability across both its constituent parts.
The application of methodologies such as SHAP, Bayesian ensembles, or proba-
bilistic neural networks would serve to elucidate the underlying reasons for model
predictions and their responsiveness to data perturbations. Such analytical tools
are of particular consequence in disciplines where predictive outcomes inform op-
erational decisions or scientific interpretations.
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