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Abstract

In this thesis we develop a multivariate time-series classification model using machine
learning techniques and the FinBERT model for extracting sentiment on daily oil news
headlines gathered from oilprice.com. The model improves classical methods for predicting
brent oil futures by using natural language processing techniques to capture daily market
sentiment on oil and by using machine learning techniques and models to capture non-
linearity in the data. Using model assessment techniques, we choose an ensemble model to
conduct simple trading strategies to show how the developed models can be used in the
financial markets. In addition, we explore how news sentiment about oil affects the return of
brent oil futures under extreme events by conduction an event study. This thesis finds that by
using the developed model in trading brent oil futures with short-sale-constraints, one can
outperform a simple buy-and-hold trading strategy in a bull market. As the model shows a
clear bias towards predicting positive future trading days, limitations have to be set on how

the model would perform in a bear market.
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Resumo

Nesta tese, desenvolvemos um modelo de classificagdo de séries temporais multivariadas
usando técnicas de aprendizado de maquina e o modelo FinBERT para extrair o sentimento em
manchetes de noticias didrias sobre petroleo coletadas do oilprice.com. O modelo melhora
métodos classicos para prever os futuros de petroleo Brent usando técnicas de processamento
de linguagem natural para capturar o sentimento didrio do mercado sobre o petréleo e usando
técnicas e modelos de aprendizado de maquina para capturar a nao linearidade dos dados.
Usando técnicas de avaliagdo de modelos, escolhemos um modelo de conjunto para realizar
estratégias de negociacdo simples para mostrar como os modelos desenvolvidos podem ser
usados nos mercados financeiros. Além disso, exploramos como o sentimento de noticias sobre
o petroleo afeta o retorno dos futuros de petroleo Brent em eventos extremos, realizando um
estudo de eventos. Esta tese conclui que, ao usar o modelo desenvolvido na negociagdo de
futuros de petréleo Brent, ¢ possivel superar uma estratégia de compra e manutencao simples

em um mercado de alta.
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1. Introduction

There is no hiding from oil, the black gold has become the world’s most important commodity
and has been a significant reason for the rise and fall of numerous countries. On a personal note,
there is no denying that oil has had an enormous effect on the Norwegian economy, which is

one of my motivations for choosing oil as a research target.

With recent events like the coronavirus-pandemic, supply-chain blockades, the war in Ukraine,
and an energy shock in Europe, we can clearly see the importance of oil. This resource is vital
to every country and will continue to be in decades to come, even as we transition into

renewables and green alternatives.

Natural Language Processing (NLP), a subfield within computer science and Artificial
Intelligence (Al), is a tool to extract sentiment and make sense of unstructured text data. By
gathering text data from sources like newspaper headlines, financial reports, or social media
sites, NLP can be used to extract meaningful information and help us make data-driven

decisions. NLP is currently an innovative trend in finance with a lot of future potentials.

By using machine learning techniques and the state-of-the-art FinBERT model for news
sentiment analysis, we develop a multivariate time-series classification model using machine
learning techniques that predicts the future market movement of brent oil futures at time t+1
until t+N. Most previous studies that model oil prices rely primarily on econometric models,
historical statistical data, or official macroeconomic data, which used alone might be insensitive
to real-time economic issues (Li et al., 2019), or simply does not capture the nonlinearity of the
data. This thesis tries to overcome these shortcomings by (1) using daily sentiment scores on
oil news headlines as data to capture real-time sentiment on oil and (2) introducing machine
learning models, including random forest classifiers, artificial neural networks, logistic

regression, support vector machine and XGBoost to capture non-linear relationships in the data.

Event studies investigate how oil sentiment scores before and after oil-related news affects the
return of brent oil futures. The return path of extreme positive sentiment events starts, on
average, to increase from day t-10 and up until day t+3, from where it seems the news is turning
stale. We see a decrease for extreme negative sentiment events from day t-9 until the day of the
event. Somewhat surprisingly, extreme negative sentiment events increase from the event day

until day t+4, from where it again continues its decline.



We will discuss machine learning (ML), a central subject in this thesis, and natural language
processing (NLP), which is used to extract sentiment data, as well as the FinBERT model which
is the model we use to extract our sentiment scores. We describe some common pitfalls that
can arise when using machine learning techniques, such as overfitting, underfitting, and lack of
interpretability. We also introduce the process of extracting, selecting, and transforming raw
data into features, called feature engineering, as well as the several different types of ML
models, including artificial neural networks (ANNs) and random forest classifiers (RFCs), and

how these models work and how they are used in the context of this particular thesis.m

We use FI1, accuracy, precision, and recall scores to assess the performance of every
classification model, as well as for comparison. We find that, in general, all classification
models mentioned above are better at predicting future positive trading days than predicting
future negative trading days. On average, our models correctly predict 64% of the future
positive trading days and 54% of the future negative trading days when testing on a test set
using a rolling window. Adding on this, we find that the years with the highest average F1
scores are 2019, 2021, and 2022, and the years with the lowest average F1 scores are 2016,
2017, and 2020. As 2019, 2021, and 2022 were considered good years for oil, and 2016, 2017,
and 2020 were considered bad years, these results also suggest that the model is a good predictor

in bull markets and a bad predictor in bear markets.

Further, to put our findings in more financial terms, we create two trading strategies based on
an ensemble model that leverages the predictability of future positive trading days by
implementing a no-short-sale restriction. All long-only portfolios without leverage significantly
outperform a buy-and-hold portfolio; this also holds when considering trading costs of 0.75%.
All levered long-only portfolios do not beat the benchmark, except 2x leverage in the first

trading strategy.

We successfully develop a multivariate time-series classification model that utilizes sentiment
scores obtained from the state-of-the-art FInBERT model. Our model is based on a direct
forecasting approach which has the advantage in that it is directly optimized to forecast each
step. Some cons of this approach are that we have to build multiple models and assess their
individual performance, as well as the computational cost of this approach. The model
successfully works as a good predictor in bull markets but has its limits in bear markets. Further
research and development could help increase the model’s predictability on future negative
trading days which will making the model even reliable. Further limitations are discussed in

2



chapter 8. This study contributes to existing literature by introducing FinBERT as a NLP model
to extract sentiment scores from oil news headlines, which is used to develop a multivariate

time-series classification model that utilizes ML techniques.

2. Literature Review

Oil has a dominant occupation in the commodity market, and it has become the world's primary
energy source and essential commodity (Yang & Zhou, 2020). Researchers have engineered
numerous models and intelligent algorithms to forecast crude oil prices. Among them are the
integration of intelligent algorithms and econometric models (Wang et al., 2012), machine
learning methods (Zhao et al., 2017), probabilistic models (Abramson & Finizza, 1995), and

crude oil spot price forecasting model using relative inventories (Ye et al., 2005).

The research methods mentioned by the researchers utilize historical data and official
macroeconomic statistics. Moreover, this data alone might be insensitive to real-time economic
issues (Li et al., 2019). As we see technologies advance and people increasingly spend more of
their life online, the amount of unstructured real-time data is growing daily. As more real-time
data becomes readily available, we might see a shift in how we measure economic activity and
changes in our predictive models. To further improve models for forecasting crude oil prices,
using unstructured data sources like online text has begun to see potential in recent literature.
The potential information embedded in unstructured big data, such as textual data, provides a
novel data source for oil price forecasting (Li et al., 2019). Online data also cover a more
comprehensive range of contents than official statistical data. It may even contain some key
predictive features that are difficult to capture for official statistical data (Gong et al., 2022).
Highlighting recent events, the invasion of Ukraine (2022) is a geopolitical event that is not
captured quickly by official statistical data. Further, the evidence from using an empirical
decomposition (EMD) approach suggests that the primary driving force behind crude oil price

fluctuations is significant midterm events (Zhang et al., 2019).

The efficient market hypothesis (EMH) (Samuelson, 1965; Fama, 1963, 1965) suggests that
market prices are reflected by all information available to market participants. However,
humans suffer from psychological and emotional biases that can lead to irrationality when
acting as market participants in financial markets. Thus, we have the battle between EMH and

behavioral finance. However, there has been enough research on investor rationality to say that



the question is no longer whether investor sentiment affects stock prices but how to measure

and quantify it (Baker & Wurgler, 2007).

The most widely used and popular method for analyzing and preprocessing unstructured text
data is sentiment analysis (Clements & Todorova, 2016; Li et al., 2020). Scholars have been
trying to identify and capture investor concern and sentiment in financial markets and their
influence on the oil market due to the influence on speculative oil demand and, therefore, oil

prices (Ye et al., 2020).

For example, Tetlock (2007) finds that media pessimism has predictive power for stock market
prices when he analyzes the interactions between a popular column in the Wall Street Journal
(WSJ) with daily content and the stock market. Furthermore, Li et al. (2017) use Henry’s
Finance-Specific Dictionary to extract sentiment and find evidence to support the robust
predictability of obtained sentiment on oil price trends. A common weakness of extracting
sentiment using dictionaries is that the sentiment features generated by lexicon-based methods
are insensitive to domain-specific terms and negative phrases, resulting in a nonadaptive and
incomplete capture of information (Fan et al., 2021). Recently though, Araci (2019) has
introduced FinBERT, a pretrained natural language processing (NLP) model that specializes in
extracting sentiment from financial text data, which we will utilize in this paper. Another text
preprocessing technique called Topic Modeling is popular in recent literature but designed
explicitly for preprocessing long texts, like news articles, instead of news headlines. As Shi et
al. (2018) described, news headlines can be arbitrary, noisy, and ambiguous, as they only
contain a few words. Recent literature from Li et al. (2019) and Gong et al. (2022) also employs
convolutional neural networks (CNNs) to analyze text features extracted from online news and
to generate a key sentiment indicator. Also in recent literature, Kelly et al. (2019) develops a

text-mining method which extract information from news articles to predict asset returns.

So far, news-based techniques and analyses are widely applied in other fields, such as the stock
market, exchange market, and cryptocurrency market, but not in energy finance (Gong et al.,
2022). With limited research, Bai et al. (2022), Li et al. (2019), and Liu et al. (2018) are among
a few who use financial news to conduct analyses on the crude oil market. Wex et al. (2013)
and Yu et al. (2005) are also a few who earlier have researched how financial news can improve
crude oil forecasting. However, none to our knowledge have researched how news sentiment
can be used to improve a brent oil forecasting model, together with the FinBERT model for

sentiment analysis and an ensemble ML model for multivariate time-series classification.



3. Data Description

In this research, we utilize four primary datasets, namely a news headline dataset, a financial
market dataset, an oil market dataset, and a macroeconomic dataset. Additionally, we calculate
and add technical features based on the primary datasets. All the data are collected on daily

observations.

Data Collection

To obtain our text data, we created a crawling pipeline in Python and collected 30 375 news
headlines from the archive section on oilprice.com, published in the period from February 5th,
2010, to October 14th, 2022. Crawling is a widely used strategy by programmers to download
webpages systematically and efficiently (Fan et al., 2021). We use news headlines instead of
the full article, following that news headlines contain much less repetition and fewer irrelevant
words than the news article itself (Nassirtoussi et al., 2015), as well as the considerable data
processing requirement to run sentiment analysis on a big amount of text data with the

FinBERT model.

We collect Brent Oil Futures Prices, the Dow Jones Industrial Average (DJIA), the Gold Spot
Dollar (XAU/USD), the US Dollar Index Futures, the Goldman Sachs Commodity Index
(SPGSCI), 10Y and 3Y treasury yields, CBOE Volatility Index (.VIX) and DAX Futures, all
from Investing.com. We collect the Baltic Dry Index (.BADI) from the Refinitiv terminal and
the 10-Year Breakeven Inflation Rate (TI0YIE) from FRED. All beforementioned data is

collected from the same period as the news headlines.

Following Li et al. (2019), we selected a handful of these features because previous literature
has shown that futures markets, the foreign exchange market, and stock markets have spillover
effects on the crude oil market, Chen and Chen (2007), Cifarelli and Paladino (2010), Lizardo
and Mollick (2010), Sadorsky (1999). As we are researching brent oil and not crude oil, we
make a reasonable assumption that similar effects are to be found in the brent oil market. In
addition, we add the 10Y breakeven inflation rate, which implies what market participants
expect the inflation rate to be in the next ten years, on average. An overview of the raw input

variables can be found in table 1.



Table 1: Raw Input Variables

Input variables class Input variables Data source

Goldman Sachs Commodity Index
Dow Jones Industrial Average
US Dollar Index
Financial Market Data Investing.com
Gold Spot USD
DAX Futures

CBOE Volatility Index

Baltic Dry Index Refinitv

Oil Market Data Brent Oil Futures Price Investing.com

Macroeconomic Market
Data

Breakeven Inflation Rate
(10Y)

fred.stlouisfed.org

News Headlines

Sentiment Scores Oilprice.com

News Headlines Preprocessing and Sentiment Extraction

After crawling our text data, we preprocess the news headlines with the goal of removing as
much noise in the data as possible. To do this, we eliminate all duplicate news headlines and
create a sentence vector of all news headlines published on the same day. The sentence vectors
are then processed by removing punctuations like .,!$()*%@][]. Next, we lowercase all of our
text. After preprocessing our sentence vectors, we run them through the FinBERT tokenizer
and FinBERT model, which returns a positive, negative, and neutral sentiment score for each
sentence vector. These sentiment scores represent the probability of a given news headline
being positive, negative, or neutral. The sentiment scores are then ready to be analyzed or to be

added as inputs to our model.



Figure 1: Amount of Published News on oilprice.com
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By looking at figure 1 above, we can see that the amount of news headlines published is

following a positive trend, meaning that more and more text data (news headlines about oil) are

becoming available for research.

Figure 2: Monthly Average Sentiment, Brent Oil Futures Price and News Volume

Monthly Average Sentiment, Brent Oil Futures and News
Volume (2014 - 2022)
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In figure 2 above, we find a positive correlation between monthly average sentiment on news

headlines and the price of Brent Oil Futures from 2014 — 2022. Something that might seem
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surprising at first is that we find a negative correlation between news volume and the price of
Brent Oil Futures. However, an explanation for this could be that bad news is a better attention
grabber than good news, which means that when the price of oil drops, more news is posted

simply because news agencies know that bad news is getting more views than good news.

Technical Features

In addition to the features collected above, we calculate and add technical features based on the
historical data of these. We calculate and add the 7-day cumulative sentiment score for all
sentiment labels (Positive, Negative, and Neutral). We also calculate and add 2, 3, and 5-day
rolling volatility of brent oil futures, the 10-Day vs. 22-Day volatility, as well as the yield spread
between 3Y Treasury Yields and 10Y Treasury Yields.

Finally, our dependent feature, the target, is derived from the returns of brent oil futures. We
set a binary target where days with a positive return on brent oil futures are equal to 1, and days

with a negative return on brent oil futures are equal to -1.

4. Event Study

In this section, we study how news headlines with extreme sentiment scores impact the return

of brent oil futures returns by using an event study methodology.

An event study is a method where we study how certain events impact a feature that we are
interested in, in our case, the returns of brent oil futures. Our research will look at cumulative

returns over a set period to understand how news sentiment affects brent oil futures returns.

The price of oil is affected by a variety of factors, including global oil demand, the level of oil
production and supply, geopolitical tensions, and the strength of the global economy. As a result,

the price of oil can be volatile and fluctuate significantly over time.

In general, the price of oil reached a peak in the mid-2000s before experiencing a significant
drop during the global financial crisis in 2008. It then recovered somewhat before dropping
again in 2014 due to increased production and slowing global demand. Since then, the price of
oil has generally been range-bound, although it has been affected by various geopolitical events
and economic conditions, like in the recent invasion of Ukraine, where we saw a quick spike in

the price of oil.



Figure 3: Brent Oil Futures Prices with events
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For the event study, we start off by gathering our sentiment scores from the FiInBERT model
and find the most positive and the most negative event for each year from February 2010 until
October 2022. Following the work of Li et al. (2019) and others, we set the day of the published
news headline at t=0 and gathered the t-10 days before the event and t+10 days after the event.
We then calculate the cumulative return of brent oil futures each day from t-10 until t+10. We
repeat this for all extreme events each year and, finally, calculate the average cumulative returns
during the event window. We find that the return path of extreme positive sentiment events
starts, on average, to increase from day t-10 until day t+3, where it seems the news is turning
stale. We see a decrease in extreme negative sentiment events from day t-9 until the day of the
event. Surprisingly, extreme negative sentiment events increase from the event day until day

t+4, from where it again continues its decline. See figure 4 below.



Figure 4: Average Cumulative Returns of Brent Oil Futures during Extreme Sentiment Events
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In figure 4, the solid blue line represents the average cumulative return of events with extremely
positive sentiment. The red solid represents the average cumulative return of events with
extremely negative sentiment. The dotted lines represent the upper and lower confidence

intervals at a level of 95% significance.

5. Machine Learning

5.1 Machine Learning

Machine learning (ML) is a subfield of artificial intelligence (AI) that involves designing and
developing algorithms and models that can learn from and make predictions or decisions based
on data. These algorithms and models can improve their performance over time as they are
exposed to new data and can learn from it. Machine learning is often used to analyze large
datasets to identify patterns or trends that may not immediately appear to us humans. It has a
wide range of applications, including image and speech recognition, and for this thesis: natural
language processing and predictive modeling. Generally, an ML workflow consists of several
steps: defining the problem, preparing the data at hand, choosing and training models, model

assessment and finally, fine-tuning the models.

Some common pitfalls that can arise when we use machine learning techniques is:
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1. Overfitting: This occurs when a model is trained too well on the training data, and as a
result, it performs poorly on new, unseen data. This can be caused by using a too
complex model for the given dataset or not having enough data to train the model.

2. Underfitting: This occurs when a model cannot capture the underlying patterns in the
data, and as a result, it performs poorly on both the training and test data. This can be
caused by using a model that is too simple for the given dataset or by having too much
noise in the data.

3. Lack of interpretability: Some machine learning models, particularly complex ones
like deep neural networks, can be difficult to interpret and understand. This can make
it challenging to understand how the model makes predictions and identify any

potential issues with the model.

In ML, we call our variables for features, and ML techniques require us to prepare these in
specific ways via feature engineering, which is the process of extracting, selecting, and
transforming raw data into features that can be used to train machine learning models. This is
a crucial step in the machine learning workflow, as the quality and relevance of the features can
significantly impact the model's performance. To feature engineer, we must apply domain
knowledge from finance and known statistical techniques. Some standard techniques for feature
engineering include normalization or standardization, one-hot encoding, and feature selection.
Our ultimate goal is to create a set of relevant and informative features that we can use for our

ML models without falling into underfitting or overfitting.

This thesis uses several ML models, techniques from natural language processing and

thereunder, FinBERT, which are explained and outlined below.

5.2 Natural Language Processing

In general, Natural Language Processing (NLP) is a field within machine learning that focuses
on enabling computers to understand, interpret, and generate human language. It involves using
linguistics, computer science, and machine learning techniques to process and analyze natural
language data. NLP is used in a wide range of applications, including language translation,
information retrieval, chatbots, and sentiment analysis. Some everyday tasks in NLP include
language translation, named entity recognition, and sentiment analysis. NLP has numerous

practical applications in fields such as healthcare, customer service and finance.
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FinBERT

FinBERT is derived from the BERT (Bidirectional Encoder Representations from Transformers)
language model that has been specifically trained on financial texts. BERT is a type of neural
network-based language model that has been developed to understand the context and meaning
of words in a given sentence or paragraph. It does this by considering the words that come
before and after a given the word, as well as the overall structure of the sentence. FinBERT is
a version of BERT that has been trained on a large dataset of financial texts, such as news
articles, annual reports, and regulatory filings. This allows it to understand financial
terminology and context better and be more effective at tasks such as named entity recognition
and sentiment analysis in the financial domain. FinBERT is often used in financial applications

such as automated financial analysis and risk management.

5.3 Machine Learning Models

Artificial Neural Networks

An artificial neural network (ANN) is a machine learning model inspired by the structure and
function of the biological neural networks that make up the brain. ANNs are composed of layers
of interconnected neurons which process and transmit information. They are trained to

recognize patterns and make decisions or predictions based on input data.

There are several different types of ANNSs, including feedforward networks, convolutional
neural networks, and recurrent neural networks. In this thesis, we are utilizing feedforward
networks composed of an input, hidden, and output layer. In short, the input layer receives the
input data, and the hidden and output layers process and transmit the information through the

network.
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Figure 5: Visualization of a Simple Artificial Neural Network
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In this thesis, we will primarily utilize two activation functions for our ANNs, the ReLU (or
rectified linear unit) activation function and the Tanh activation function. Simply put, the
activation function is a key component that determines the output of a neuron given its input.
It is a mathematical function that takes in the input to a neuron, applies a transformation to it,

and produces an output.

Random Forest Classifier

A random forest classifier (RFC) is an ML algorithm designed for classification tasks. It is an
ensemble method, which means that it combines the predictions of multiple decision tree
models to make a final prediction. It works by building many decision trees and training them
on different subsets of the training data. We get the final prediction by averaging the predictions
of all of the individual trees. The random forest classifier takes several hyperparameters that
can be adjusted to the problem and data at hand, including the number of trees in the forest, the
maximum depth of each tree, the minimum number of samples that are required to split a node,

and the minimum number of samples required at a leaf node. A node is simply a point in the
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RFC where a decision is made. Overall, an RFC algorithm is better than the average model at

reducing overfitting as it combines the predictions of multiple decision trees.

Support Vector Classifier

Support vector classifier (SVC) is an ML algorithm designed for classification tasks. An SVC
is a type of support vector machine (SVM), which sorts data into different groups and puts a
line (or a hyperplane) between the data groups. The distance between the hyperplane and the
nearest data point is what we call the margin. The ultimate goal of the SVC is to maximize our
margin between the groups. This gives the SVC an advantage regarding noise or outliers in the
data. An SVC is also computationally efficient to train and can rely on a very small subset of

training data to make accurate predictions.

XGBoost

eXtreme Gradient Boosting (XGBoost) is an ML algorithm designed for classification tasks.
Like the RFC algorithm, it uses an ensemble method that has decision trees as the base model.
XGboost is generally known to provide high accuracy, computationally efficiency, and thus,
its ability to handle large sets of training data. XGBoost is also good at dealing with missing
values. Some hyperparameters of XGBoost that we can tune for performance are, the learning

rate, number of trees, maximum depth and regularization.

Logistic Regression

In machine learning we use logistic regression (LR) for classifications tasks, LR uses the
logistic function to model the probability of an event occurring. The logistic function is a
sigmoid function that maps any real-valued number to a value between 0 and 1. In the context
of logistic regression, this probability is used to predict the likelihood of a certain class (e.g.,
"negative" or "positive") based on our input features. Our goal is to find the best fitting line that
separates the data points into their respective classes. This line is found by optimizing a loss
function, such as the cross-entropy loss, which is commonly used. The model is then evaluated

based on its ability to correctly predict the class of unseen data points in a testing set.
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Ensemble Models

In machine learning an ensemble model that is a hybrid model built by combining the
predictions of smaller models. The idea behind ensemble modeling is that by aggregating the
predictions of multiple models, the resulting model will have improved predictive performance
compared to any of the individual models. There are several different ways to build an ensemble
model, including bagging, boosting, and voting. Bagging involves training multiple models on
different subsets of the training data, and then averaging or voting on the predictions of the
individual models. Boosting involves training a series of models in sequence, where each model
tries to correct the mistakes made by the previous model. Voting involves training multiple
models and then having them vote on the final prediction. Ensemble models can be particularly
effective when the individual models make different types of errors, as the ensemble model can

correct for these errors and produce more accurate predictions.

5.4 Dealing with Time-Series Data in ML

Training and Test Data

In machine learning we use training and test sets to evaluate the performance of our models.
The goal of training a model is to create a function that can accurately predict the output for
new inputs. However, simply training a model on a dataset and evaluating its performance on
the same dataset can be misleading, as the model may simply memorize the training data and
not generalize well to new, unseen data. This is known as overfitting (as mentioned above). To
accurately assess the model's performance and ability to generalize to new data, we use a
separate test set. The model is trained on the training set and then evaluated on the test set (Out-
of-sample). This allows us to see how well the model generalizes to new data and how well it

will perform on unseen data in the real world.

Rolling Window for Time-Series Data

Rolling window is a technique we use to analyze time-series data. It involves dividing the time
series data into a series of smaller, overlapping chunks or windows, and analyzing each chunk
separately. For example, if we have a time series data set with 1000 data points, we might use
a rolling window of size 100 to analyze the data. This would result in 10 separate chunks of

data, each containing 100 data points. We can then apply machine learning algorithms to each
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of these chunks independently to identify patterns or trends in the data. The advantage of using
a rolling window is that it allows us to analyze the data in a more granular way, as we are
looking at smaller chunks of data rather than the entire time series. This can be very useful
when we need to test our models over a longer test period, as the window chunks allow us a

bigger test data set.

Data Leakage

As we are dealing with time-series data. data leakage is something we have to be aware of. In
machine learning data leakage refers to the presence of information in the training data that
should not be used to make predictions. This can occur when the data used to train a model
includes information that would not be available at the time a prediction needs to be made. For
example, if a model is trained to predict the likelihood that a trading day will be positive or
negative, and the training data includes the outcome of this (whether the trading day was
positive or negative), this would be considered data leakage. This is because the outcome would
not be known at the time the model is being used to make a prediction. Data leakage can lead
to overly optimistic model performance and inaccurate predictions when the model is used in
the real world. To prevent data leakage, it is important to carefully evaluate the data used to
train a model and ensure that it only includes information that would be available at the time a

prediction needs to be made.

Data Purging

In machine learning, data purging is the process of removing data from a dataset that is not
relevant or useful for the task at hand. This can be done for a variety of reasons, such as reducing
the size of the dataset to make it easier to work with or removing data that may introduce bias
or cause overfitting. Data purging is typically done as a preprocessing step before training a
model. It is important to carefully consider which data to include or exclude when purging a
dataset, as removing too much data can lead to a loss of important information, while keeping

too much data can result in noise or redundancy that can negatively impact model performance.
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5.5 Model Assessment

There are many ways to assess models in machine learning, depending on the problem you are
trying to solve. One common approach for classification tasks is to use a confusion matrix,
which is a table that compares the predicted class labels with the true class labels. The confusion
matrix allows us to calculate various metrics, such as accuracy, precision, and recall, which can
help understanding how well the model is performing. In short, accuracy is calculated by
dividing the number of correct predictions made by our model by the total number of
predictions made. Recall is defined as the number of true positive predictions made by the
model, divided by the total number of actual positive cases in the dataset, we usually also use

recall with precision, which measures the accuracy of positive predictions made by our model.

In our methodology chapter, we will implement the various models discussed above, as well

defining training and test sets, and preprocessing with data leakage measures and data purging.

6. Methodology

The methodology in this study consists mainly of two parts. (1) sentiment extraction from oil
news headlines via the FInBERT model and (2) applying machine learning models to predict
the future movement of brent oil futures. In the end, we will conduct a couple of simple trading
strategies to show how our models could be implemented in the financial market. For an

overview of our primary methodology, see the methodology pipeline in figure 6 below.
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Figure 6: Methodology pipeline
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6.1 Data Preparation

Sentiment Extraction

From the news headlines collected through our crawling pipeline, we aim to extract sentiment
scores which we will use for analysis and for our forecasting model. To achieve this, the pre-
trained FInBERT model and the FinBERT tokenizer (Araci, D. 2019) are utilized. See
FinBERT in chapter 5.

Before extracting the sentiment scores, we need to preprocess the news headlines by removing
noise in the text. This is done using the NLTK library in Python. We remove all duplicates,
lowercase all words and finally remove all news that is published on Saturdays and Sundays.
Take notice that we do not remove stop-words (which is a common step when preprocessing
text data), the reason for this is simply that FinBERT, unlike other sentiment models, looks at
the syntax of the text and how the text is built structured. Further, instead of using full news
articles in the analysis, we use news headlines due to several advantages: first, news headlines
can provide a sufficient summary of the key news information; second, news headlines contain
much less repetition and fewer irrelevant words than the news article itself (Nassirtoussi et al.,

2015).
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We run the processed news headlines through the FinBERT tokenizer and model to obtain three
probability-based sentiment scores. The three probability scores (between 0-1) obtained tell us

how probable it is that a given news headline fits the label of positive, negative, and neutral.

Table 2: Example of Sentiment Extraction on a News Headline about Oil

News headline Positive Negative Neutral

Oil Prices Set for A Weekly Loss as
0.04 0.90 0.06

Inflation Fears Return

Financial Market Data and Oil Data

Before being used in our machine learning model, the financial market data and oil data had to
be preprocessed. After collecting data from our sources, we convert daily prices into daily

logarithmic returns, following equation (1):

(1) r, =In (L)

where
T = return of feature at time (t)
P = price of feature at time (t)

P(t-1) = price of feature at time (t - 1)

Final Data Preparation

Thereafter, we explore the stationarity of our features. When we say that our data is stationary,
we mean that the statistical properties of our data are stationary over time. Using the Dickey-
Fuller test, we find that all of our features are stationary and can be rejected at a 95%

significance.
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Finally, we engineer polynomial features to increase the complexity of the model and
standardize the data using the sci-kit learns StandardScaler to make the features closer to

standard normally distributed data. Standardization follows equation (2):

o (gmw)
o S

(2) Zj

where
Z; = standardized feature at observation (i)
Xx; = feature at observation (1)

U = mean of traning sample

s = standard deviation of training sample

To finalize our data, we split the data into two sets, predictor features (x) and our target feature
(y). Finally, we shift our predictor features one day into the past, such that we have predictors
(X’s) at t-1 and the target (y) at t=0. This is important, such that we do not use data from the

future to predict the future, which would obviously not be possible in a real-world scenario.

Training and Testing

After our data is prepared, we define our training and test sets. We implement a rolling window
approach for training to evaluate a classifier model on our dataset. The rolling window moves
across the time series in fixed steps, and at each step, a classifier is trained on the data in the
current window and used to make a prediction for the next time point. We use a grid search
method to find the optimal windows for our model and define a training set of 85% and a test

of 15%.

To capture a reasonable amount of various market environments, the models are trained on
windows of 1400 observations which roughly equals to five trading years, this also means that
the first five years will not be available for testing out-of-sample. The window moves one step
at a time, which is optimal when we want to predict t+1. We also delete 20 days between each

training and test set to prevent data leakage and to delete data that might cause overfitting, this
20



process is what is known as data purging. The training is then repeated daily with a one-step

rolling window and predicts a negative or positive trading day on the next day (t+1).

Figure 7: Example of a Rolling Window Workflow
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6.2 Modeling

To predict negative or positive trading days at t+1 until t+n, we run the data through several
different machine learning classifier models that are well known to be good at finding patterns

in non-linear data, including:

o Artificial Neural Network (ANN) with tanh activation function.
e Random Forest Classifier (RFC)

e Support Vector Classifier (SVC) with rbf kernel and poly kernel.
e Logistic Regression (LR)

e XGBoost Classifier

To find the optimal hyperparameters we employ a grid search method which tests multiple

hyperparameters for the given data set and outputs the best hyperparameters.

For our ANN we find the optimal four hidden layers of size 31, 120, 15 and 2, and with tanh as

activation function.

As some models perform better than others at classifying positive or negative trading days, we
implement ensemble learning, which combines models to create one hybrid model. We test

different hybrid models, but the best performing one is a hybrid model consisting of an SVC
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model with Radial Basis Function (RBF) kernel and a LR model which results in F1-score of

60%.

6.3 Robustness Check

To see the impact of our news sentiment features on the outcome of our models’ predictions we
repeat the same workflow as outlined above, but we remove all news sentiment features from
the dataset. We find that the average F1-score as well as accuracy score is 4% higher on average

with the sentiment features added to the model.

6.4 Trading Strategies

Based on the hybrid model (ensemble model) that consists of LR and SVC, we create two long-
only trading strategies that shifts capital between Brent Oil Futures and cash. The strategies are
based on the predictions made on a test set (out-of-sample) from 14.12.2020 until 14.10.2022,
which equals 458 trading days. For our first trading strategy, if our model predicts that t+1 is
positive 100% of our capital is invested in Brent Oil Futures, if our model predicts that t+1 is
negative 100% of our capital is invested in cash. This process is repeated each day until the last

trading day in our test sample.

For our second trading strategy, if the model predicts that t+1 and t+2 will be positive trading
days, we invest 100% of our capital in Brent Oil Futures, if the model predicts that only t+1
will be positive we invest 60% in Brent Oil Futures and 40% in cash, and at last, if the model

predicts that t+1 is negative, we put 100% of our capital in cash.

These two trading strategies leverages the fact that our model is good at predicting positive
future trading days. Further we replicate the same strategies, but with leverage at the 2x and 5x

level.

Other trading strategies were tested, such as time-weighted-averaging by increasing the amount
invested when positive predictions were made, as well as higher leverage strategies, but all

were eventually discarded.
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7. Results and Discussion

In this chapter we will summarize the finding in this study with a main focus on the forecasting

ability of our machine learning algorithms and our trading strategies.

7.1 News Analysis and Event Study

In our collected data about oil news headlines, we found that an average sentiment score has a
positive correlation to Brent Oil Futures prices of roughly 0.25, we also found that the price of
Brent Oil Futures has a negative correlation of about -0.14 to news volume, which could be
explained by that news agencies might have an incentive to publish more negative news than
positive news as negative news is more attention grabbing. This suggested explanation is also
supported by the fact that the sentiment scores of news is heavily left skewed as seen when we

plot the monthly frequency of the average sentiment score.

Figure 8: Average Frequency of Sentiment Scores, Monthly

Freguency
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Further we find that the average number of news headlines is growing, with most news
headlines between the months of March and September. The average number of news headlines
published each year is 2336, the average number of news headlines published each month is

195 and the average number of news headlines published each day is about 6.

In our event study we find that the return path of extreme positive sentiment events starts, on

average, to increase from day t-10 and up until day t+3, from where it seems the news is turning
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stale. For extreme negative sentiment events, we see a decrease from day t-9 until the day of
the event. Somewhat surprisingly, extreme negative sentiment events seem to increase from the
event day until day t+4, from where it again continues its decline. But as seen in figure 4 from

chapter 4, extreme positive sentiment events seem to be incorporated into prices rather quickly.

7.2 Machine Learning Models

We assess the results from our machine learning classifying models/algorithms by the key
metrics accuracy, recall, precision and F1-score. The results are summarized in the three tables

below.

Table 3: Weighted average of positive prediction scores

Model Recall Precision F1-Score
SvC
RBF kernel 0.59 0.63 0.61
Poly kernel 0.58 0.61 0.60
XGBoost 0.57 0.64 0.60
LR 0.64 0.62 0.63
RFC 0.55 0.64 0.59
ANNs
Tanh 0.55 0.58 0.56
ReLU 0.43 0.59 0.50
Hybrid 1 - LR &
SvVC 0.53 0.66 0.59
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Table 4: Weighted average of negative prediction scores

Model Recall Precision F1-Score
SVC
RBF kernel 0.59 0.54 0.57
Poly kernel 0.55 0.53 0.54
XGBoost 0.62 0.54 0.58
LR 0.58 0.56 0.57
RFC 0.63 0.54 0.58
ANNs
Tanh 0.53 0.50 0.51
ReLU 0.65 0.49 0.56
Hybrid1-LR &
SvcC 0.68 0.53 0.60

Table 5: Weighted average of both predicted classes scores

Model Accuracy Recall Precision F1-Score
SVC
RBF kernel 0.59 0.59 0.59 0.59
Poly kernel 0.57 0.57 0.57 0.57
XGBoost 0.59 0.59 0.60 0.59
LR 0.60 0.60 0.60 0.60
RFC 0.59 0.59 0.59 0.59
ANNSs
Tanh 0.55 0.54 0.54 0.54
ReLU 0.53 0.54 0.54 0.53
Hybrid 1 - LR &
SVC 0.59 0.60 0.61 0.60

Accuracy = (True Positives + True Negatives) / (True Positives + False Positives + True Negatives + False
Negatives); Recall = True Positives / (True Positives + False Negatives); Precision = True Positives / (True

Positives + False Positives); F1-Score = 2*(Recall * Precision) / (Recall + Precision)
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From the results in table 3 and 4, we can see that all the models are on average significantly
better at predicting future positive trading days, compared to negative trading days, an
exception is the ANN with ReLU activation function which has a 6% higher Fl-score for
negative predictions. A reason for the bias in prediction could be that the there are fewer
examples in the training data of patterns between the features that result in negative trading
days than for positive trading days, which makes it harder for the models to correctly classify
negative trading days. The model has simply been trained more on classifying positive trading

days.

We also found with our robustness check that our collected news sentiment on oil news
headlines do affect the model’s ability to predict future positive and negative trading days, with

an average increase of 4% in F1-score and accuracy.

7.3 Trading Strategies

To put the results of our ML models into more financial terms, we conducted a couple of simple
trading strategies. For both trading strategies, the ensemble model consisting of LR and SVM

w/rbf kernel is utilized.

In the first trading strategy we buy Brent Oil Futures if the model predicts that t+1 will be a
positive trading day, else we put all of our capital in cash. This results in a daily average return
0f 0.20% and a Sharpe ratio of 0.11, which beats a buy-and-hold strategy which gives a daily
average return of 0.11% and a Sharpe ratio of 0.04. With a position of 2x leverage, this same
trading strategy gives a daily average return of 0.38% and a Sharpe ratio of 0.10. For trading
strategy 1, transactions costs of 0.75% were implemented and resulted in a lower Sharpe ratio

of 0.10.
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Figure 9: Trading Strategy 1
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In our second trading strategy we buy Brent Oil Futures if the model predicts that t+1 and t+2
will be positive trading days, else we put all of our capital in cash. This results in a daily average
return of 0.03% and a Sharpe ratio of 0.02. With a position of 2x leverage, this same trading
strategy gives a daily average return of 0.04% and a Sharpe ratio of 0.01. The reason this trading
strategy fails to beat any of the others is that it missed a lot of positive trading days, as the two

next trading days has to be labeled as positive for it to initiate a buy command.

Figure 10: Trading Strategy 2
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Note that we do not include extra costs of using leverage, which does not reflect a real-world
application. But as we find that the trading strategies without leverage yield better results, one
could possibly discard the idea of using leverage at all, as this would also inflict extra costs,

and especially in day-to-day trading and intraday trading.

Table 6: Trading Strategy Results

Buy-and-
Hold Trading 2x Trading 2x

Benchmark | Strategy1 Leverage Strategy 2 Leverage
Average Daily
Return 0.11% 0.20% 0.38% 0.03% 0.04%
Standard Deviation 2.57% 1.77% 3.59% 1.46% 3.0%
Maximum Daily
Loss -14.11% -15.21% -33.15% -15.21% -33.15%
Sharpe Ratio 0.04 0.11 0.10 0.02 0.01

Table 6 above summarizes the performance of the trading strategies over the out-of-sample

testing period of two trading years.

8. Conclusion and Limitations

In this study, we have analyzed how sentiment on oil news headlines affects the returns of brent
oil futures and used sentiment features to create several multivariate time-series classification
models utilizing machine learning techniques. Finally, we implemented an ensemble model on
two simple trading strategies to show how the model could be used in a real-world financial
application. A trading strategy based on a one-day forecast beats a benchmark of buy-and-hold

and offers a higher return as well as a higher Sharpe ratio.

In our event study we found that sentiment from extreme events is incorporated rather quicky,
which would make it hard to day trade on sentiment alone. However, the event study does not

consider longer time periods, which could potentially lead to other conclusions.

Our model’s prediction ability is heavily affected by the overall health of the market, and thus
provides little protection against systematic risk. However, for traders dealing with brent oil

futures, the models researched in this thesis can help achieve a higher average return and risk-
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adjusted returns. Limitations in regard to the ML models come in the form of computational
requirement as performing grid search and other hyperparameter tuning of the ANN models
shows to require a lot of processing time, optimally one would optimize the hyperparameters

of the ANNSs to achieve better results.

Some limitations should be discussed around the trading strategies, as the test period from the
end of 2020 until the end of 2022 is considered very good years for oil. The trading strategies
should be backtested in bad years as well to ensure the robustness of the model. The fact that
the model is better at predicting future positive trading days than negative trading days means

that we can expect a worse performance when considering test periods in bear markets.

This study successfully shows that we can use the state-of-the-art FinBERT model to gather
sentiment scores from news headlines related to oil that captures the current market sentiment.
Further, we show that these sentiment scores can be used as features in various ML models for
classification tasks. Some limitations come to the computational requirement of using
FinBERT, in this study we use news headlines, but by using the full articles one could take
advantage of the extra information in the text. And even though FinBERT is viewed as the best
sentiment model to this date, this might not hold for sentiment extracted from commodity news.
Thus, other sentiment extraction methods could prove for better results. One could also train

the FinBERT model further on financial text specifically related to oil.

This study has contributed to the research on how we can utilize NLP and ML models to
improve standard econometric forecasting models for predicting the future returns of brent oil
futures. An ensemble model was used to conduct trading strategies; according to our knowledge,

this has not been attempted in recent literature.

Further research on additional input features of the model could help create a more reliable
model that can more confidently make predictions in both bull and bear markets. Further
research could also be conducted on backtesting more complex trading strategies, as this study

only showed a simple approach.
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