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ABSTRACT

This thesis explores real option valuation in the energy industry using deep learning
methodologies. Despite the theoretical foundation of real options in financial analysis, their
practical application in the volatile energy sector remains under-explored. This study bridges
this gap by integrating advanced data science techniques with traditional financial models.
Utilizing machine learning architectures, particularly deep learning, the study evaluates these
models’ efficacy in capturing the uncertainties and dynamic investment opportunities in energy
projects, comparing their performance against traditional financial approaches and integrating
predictions within the Black-Scholes-Merton model. The empirical case focuses on the
European energy generation industry. This research validates deep learning’s utility in
enhancing cash flow prediction and optimizing investment decisions under uncertainty. The
thesis contributes to finance, energy economics, and Al, providing valuable tools and
techniques for industry practitioners and researchers.
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1. INTRODUCTION

1.1. Background and Importance of Real Option Valuation

Real option valuation has emerged as a powerful tool for enhancing investment decision-
making under uncertainty. Building upon the foundational work of Black and Scholes (1973)
and Merton (1973) in options pricing, real option valuation extends these concepts to the
evaluation of real investment opportunities. This approach recognizes the value of flexibility
and strategic decision-making in the face of uncertain future conditions. Traditional valuation
methods, such as discounted cash flow analysis (DCF), often fall short in capturing the value
of managerial flexibility and the dynamic nature of uncertainty. These methods typically rely
on static assumptions and fail to account for the ability of managers to adapt their strategies in
response to changing market conditions, technological advancements, and regulatory shifts. As
a result, companies may undervalue or overvalue their investment opportunities, leading to
suboptimal capital allocation decisions.

Real options analysis provides a framework for assessing the value of flexibility in investment
decisions. It acknowledges that investment opportunities often come with embedded options,
such as the option to delay, expand, contract, or abandon a project. By explicitly valuing these
options, real option valuation helps managers make more informed and strategic decisions,
particularly in industries characterized by high uncertainty and irreversible investments.

The importance of real option valuation lies in its ability to bridge the gap between financial
theory and strategic decision-making. By incorporating the value of flexibility and the dynamic
nature of uncertainty into the valuation process, real option valuation provides a more
comprehensive and realistic assessment of investment opportunities. This approach enables
managers to identify and capitalize on strategic opportunities that may be overlooked by
traditional valuation methods.

Despite the theoretical appeal of real options, their practical application has been hindered by
the complexity of the underlying mathematical models and the difficulty in estimating key input
parameters. The successful implementation of real option valuation requires a deep
understanding of the industry dynamics, market uncertainties, and the specific characteristics
of the investment opportunity.

This thesis aims to explore the frontier of real option valuation by integrating advanced data
science techniques, particularly deep learning, with traditional financial models. By leveraging
the power of machine learning to capture complex patterns and relationships in data, this
research seeks to enhance the accuracy and applicability of real option valuation in real-world
investment decisions. The ultimate goal is to provide practitioners and researchers with valuable
insights and tools to make more informed and strategic decisions in the face of uncertainty.



1.2. The Case for the Energy Industry

The energy sector presents a compelling case for the application of real option valuation.
Investment decisions in this industry are characterized by high levels of uncertainty, long
investment horizons, and significant capital expenditures. The complex interplay of
technological advancements, shifting market dynamics, and evolving regulatory landscapes
makes the energy sector particularly vulnerable to the limitations of traditional valuation
methods. In recent years, the energy industry has witnessed a rapid transformation driven by
the increasing emphasis on sustainability, the transition to low-carbon economies, and the
emergence of disruptive technologies. These developments have introduced new sources of
uncertainty and have challenged the conventional wisdom of investment decision-making. The
ability to adapt to changing market conditions and to make strategic investment decisions has
become a critical factor for success in the energy sector.

Real option valuation offers a powerful framework for addressing the unique challenges of the
energy industry. By explicitly accounting for the value of flexibility and the dynamic nature of
uncertainty, real option valuation enables energy companies to make more informed and
strategic investment decisions. This approach helps managers identify and evaluate the strategic
value of investment opportunities, such as the option to delay, expand, or abandon a project
based on evolving market conditions.

The application of real option valuation in the energy sector has gained increasing attention in
recent years. Researchers and practitioners have recognized the potential of this approach to
enhance the decision-making process and to optimize capital allocation in the face of
uncertainty. However, the practical implementation of real option valuation in the energy
industry remains a challenge, owing to the complexity of the sector and the limitations of
traditional valuation models.

1.3. Scope of the Research

This thesis aims to explore the frontier of real option valuation within the energy industry by
integrating advanced data science techniques, particularly deep learning, with traditional
financial models. The research seeks to address the limitations of existing valuation methods
and to provide a comprehensive framework for the application of real option valuation in the
energy sector.

This thesis has three main objectives:



1. Literature Review: To conduct an exhaustive review of existing literature on real option
valuation, specifically focusing on its application in the energy sector. This review will
identify key challenges and opportunities, laying the foundation for subsequent research.

2. Methodology Development: To investigate and develop novel valuation models using deep
learning techniques, particularly focusing on capturing complex patterns and relationships
within data to account for the dynamic nature of uncertainty in the energy sector. These
models will be rigorously tested and validated using empirical data from the energy
industry.

3. Framework for Application: To provide a comprehensive framework for the practical
application of real option valuation in the energy sector. This framework will incorporate
insights from the literature review and empirical analysis, offering practical guidelines for
implementation in investment decision-making. It will address critical challenges such as
the estimation of input parameters and the interpretation of results, aiming to enhance the
accuracy and strategic value of investment decisions under uncertainty.

1.4. Machine Learning in Finance

The advent of machine learning in finance has opened up new possibilities for the application
of advanced data science techniques in investment decision-making. Machine learning, and
particularly deep learning, has emerged as a powerful tool for capturing complex patterns and
relationships in financial data that traditional statistical methods may struggle to identify.

Deep learning techniques, such as artificial neural networks, have demonstrated remarkable
success in a wide range of applications, from image recognition to natural language processing.
In the context of finance, deep learning has been applied to various tasks, including stock price
prediction, credit risk assessment, and fraud detection (Dixon, Halperin, and Bilokon 2020).

The application of deep learning to real option valuation represents a novel and promising
approach. By leveraging the ability of deep learning models to learn from vast amounts of
historical data and to capture non-linear relationships, this approach aims to provide more
accurate and reliable valuations of real investment opportunities. Deep learning techniques,
such as Recurrent Neural Networks (RNNs) and Long Short-Term Memory (LSTM) networks,
are particularly well-suited for modeling the temporal dependencies and sequential nature of
financial data.

The integration of deep learning with traditional financial models, such as the Black-Scholes
model, offers the potential to enhance the robustness and adaptability of these models. By
incorporating machine learning techniques, the limitations of traditional models in capturing



the complexities and uncertainties of real-world investment scenarios can be addressed, leading
to more accurate and reliable valuations.

However, the application of deep learning in finance also presents significant challenges. These
challenges include the availability and quality of data, the interpretability of complex models,
and the potential for overfitting. Addressing these challenges requires a deep understanding of
both the technical aspects of machine learning and the domain-specific knowledge of finance.

1.5. SDG Alignment

The integration of machine learning techniques with real options valuation in the energy sector
aligns closely with several United Nations Sustainable Development Goals (SDGs), particularly
SDG 7 (Affordable and Clean Energy), SDG 9 (Industry, Innovation and Infrastructure), and
SDG 13 (Climate Action). By enhancing the accuracy and strategic value of investment
decisions in the energy sector, this research contributes to the development of sustainable and
resilient energy infrastructure (SDG 7 and 9). The improved valuation methods can facilitate
more efficient allocation of capital towards renewable energy projects and innovative clean
technologies, supporting the transition to a low-carbon economy (SDG 13). Moreover, by
providing a more nuanced understanding of the risks and opportunities in energy investments,
this work indirectly supports SDG 8 (Decent Work and Economic Growth) by promoting
sustainable economic development in the energy sector. The interdisciplinary nature of this
research, combining finance, data science, and energy economics, exemplifies the kind of
innovative approach necessary to address the complex challenges outlined in the SDGs.
Through this work, we aim to contribute to the broader goal of creating a more sustainable and
resilient global energy system, demonstrating the potential of advanced analytical techniques
to drive positive change in line with the UN's sustainable development agenda.

2. LITERATURE REVIEW

2.1. Foundations of Real Option Theory

The seminal works of Black and Scholes (1973) and Merton (1973) laid the groundwork for the
development of option pricing theory, revolutionizing the field of corporate liability pricing.
Their pioneering approach, albeit mathematically advanced, provided a complete equilibrium
option pricing model under certain restrictive assumptions. Subsequent research has sought to
relax these assumptions and generalize the model to more realistic and complex scenarios.



Merton (1973) demonstrated that the basic mode of analysis remains valid even with the
introduction of stochastic interest rates, early exercise, and dividend payments. The critical
assumption, as pointed out by Merton, is the continuity of trading and the underlying asset price
dynamics. Merton (1976) further extended the model to incorporate discontinuous "jumps™ in
stock prices, capturing the empirically observed negative skewness and excess kurtosis implied
by option prices.

The practical applicability of option pricing models has been enhanced through the
development of numerical and approximation methods. Cox, Ross, and Rubinstein (1979)
presented a simple discrete-time model that yields the Black-Scholes formula as a special
limiting case, illustrating the economic principles of option pricing in a more intuitive setting.
Their approach gives rise to efficient numerical procedures for valuing options with early
exercise.

Empirical investigations have played a crucial role in assessing the performance of alternative
option pricing models. Bakshi, Cao, and Chen (1997) conducted a comprehensive study,
developing a model that admits stochastic volatility, stochastic interest rates, and random
jumps. They found that incorporating stochastic volatility and jumps is important for pricing
and internal consistency, while modeling stochastic volatility alone yields the best hedging
performance.

Heston (1993) proposed a closed-form solution for options with stochastic volatility, allowing
for arbitrary correlation between volatility and spot asset returns. This model has been widely
adopted due to its analytical tractability and ability to capture the "smile™ pattern observed in
implied volatilities across strike prices.

The scope of option pricing theory has expanded beyond its initial focus on equity options, with
applications to various financial instruments and economic problems. Merton (1973)
demonstrated how corporate securities can be viewed as contingent claims on the firm's assets,
opening new avenues for the application of option pricing techniques.

2.2. Real Options in the Energy Sector

Real options analysis (ROA) is a robust framework for managing the inherent uncertainties and
capturing the strategic value of flexibility in investment decisions, particularly within the
volatile energy sector. This section delves into the traditional approaches to real options
valuation in the energy sector, drawing insights from key studies.



Kozlova (2017) examines the application of real options analysis to renewable energy projects,
with a focus on support schemes like feed-in tariffs and renewable energy certificates. Kozlova
highlights the importance of policy-driven incentives in shaping investment decisions in
renewable energy. By applying a real options framework, the study demonstrates how these
support schemes can enhance the value of renewable energy investments by providing the
flexibility to delay, expand, or abandon projects based on changing market conditions and
policy landscapes. This flexibility is crucial for mitigating the risks associated with the high
capital costs and long payback periods typical of renewable energy projects.

The work by Santos et al. (2014) explores the valuation of energy efficiency projects using real
options analysis. The study emphasizes the limitations of traditional valuation methods, such
as discounted cash flow, which often fail to capture the value of managerial flexibility in
responding to technological advancements and market uncertainties. By applying a real options
approach, the authors illustrate how incorporating the ability to delay or stage investments can
lead to more accurate valuations and better decision-making in energy efficiency projects. This
approach is particularly relevant for projects with significant initial costs and uncertain future
benefits, as it allows for a more strategic allocation of resources.

Siddiqui, Marnay, and Wiser (2007) investigate the application of real options analysis to
distributed generation investments in the energy sector. Their research highlights the strategic
value of flexibility in the deployment of distributed generation technologies, such as microgrids
and combined heat and power (CHP) systems. By using a real options framework, the study
captures the value of options to expand, contract, or defer investments in response to changing
market conditions, regulatory environments, and technological developments. This flexibility
is essential for managing the risks and uncertainties inherent in the deployment of distributed
generation technologies, which are often influenced by fluctuating energy prices and evolving
policy landscapes.

Venetsanos, Angelopoulou, and Tsoutsos (2002) apply the Black-Scholes option pricing model
to renewable energy projects, demonstrating the inadequacies of traditional net present value
(NPV) approaches in capturing the full value of investments under uncertainty. Their study
emphasizes the positive option value derived from managerial flexibility, such as the ability to
delay or abandon projects. By incorporating real options analysis, the authors highlight the
importance of accounting for uncertainty and the strategic value of flexibility in investment
decisions.

Boomsma, Meade, and Fleten (2012) extend the application of real options to renewable energy
investments, focusing on the impact of different support schemes like subsidies and feed-in
tariffs. Their findings reveal that the option to delay investment until more favorable conditions



arise significantly enhances project valuation. This is crucial in the renewable energy sector,
where policy changes and technological advancements can drastically affect project viability
and attractiveness.

Fernandes, Cunha, and Ferreira (2011) focus on the traditional energy investments such as oil
and gas. They critique traditional discounted cash flow (DCF) methods for not adequately
capturing the value of flexibility in investment decisions. By applying real options analysis,
they demonstrate how considering the stochastic behavior of oil prices and the ability to adjust
investment timing can lead to more accurate and strategic valuations.

2.3. Machine Learning in Finance and Valuation

In the context of applying machine learning techniques to financial valuation and option pricing,
several recent studies have made significant contributions to the literature. Fischer and Krauss
(2018) present a comprehensive study on the application of Long Short-Term Memory
networks for large-scale financial market prediction tasks using S&P 500 data. Their research
provides a detailed methodology for implementing LSTM networks in financial time series
prediction, demonstrating superior performance compared to other classification methods. The
study challenges the semi-strong form of market efficiency, showing statistically and
economically significant returns. It also analyzes the risk exposure of LSTM strategies and
develops a profitable trading strategy based on LSTM predictions. The authors note, however,
that market efficiency has increased post-2010, impacting the predictive power of LSTM
models.

Sezer, Gudelek, and Ozbayoglu (2020) focus on the application of Deep Learning (DL) models,
such as Convolutional Neural Networks (CNNs), Long-Short Term Memory, and Deep
Reinforcement Learning (DRL), in financial time series forecasting. Their literature review
addresses the gap in existing surveys by providing a comprehensive analysis of DL models in
the context of financial predictions. The study highlights the increasing interest in DL models
over traditional machine learning techniques and emphasizes the need for better forecasting
models in the finance industry. By categorizing studies based on forecasting implementation
areas and DL model choices, the paper aims to guide researchers and model developers in
effectively implementing DL models.

Liu, Oosterlee, and Bohte (2019) explore a data-driven approach using Artificial Neural
Networks (ANNSs) to price financial options and compute implied volatilities. Their work aims
to enhance the efficiency of numerical methods in computational finance by training ANNS to
approximate option prices and implied volatilities based on different financial models and
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parameters. The study focuses on the Black-Scholes model, the Heston stochastic volatility
model, and the iterative root-finding Brent method for implied volatility. The researchers
demonstrate the ANN's ability to accurately approximate option prices and implied volatilities
without requiring the characteristic function of the financial model during testing, significantly
reducing computing time for pricing financial options, particularly in high-dimensional
financial models.

In the domain of electricity price forecasting, Lago, De Ridder, and De Schutter (2018)
introduce an innovative modeling framework utilizing deep learning methodologies. The
authors propose four distinct deep learning architectures and compare their predictive accuracy
against 27 prevalent methods used in electricity price forecasting. This investigation addresses
a significant gap in the field by thoroughly examining the application of deep learning
algorithms in this domain, which has been relatively unexplored. The results show that these
methods surpass state-of-the-art techniques, delivering statistically significant enhancements in
predictive accuracy.

2.4. Machine Learning Approaches to Cash Flow Prediction

While the application of machine learning techniques to cash flow prediction in the energy
sector remains relatively unexplored, several studies have demonstrated the potential of these
methods in related financial forecasting tasks. This emerging body of research provides
valuable insights that can be adapted to our specific context of real options valuation in the
energy industry.

Zhu, Yan, and Bai (2022) proposed a Backpropagation Neural Network model based on an
improved genetic algorithm for predicting enterprise free cash flow. Their approach, which
incorporated a sliding window technique, demonstrated superior prediction accuracy compared
to traditional methods. The study underscored the potential of hybrid models that combine
evolutionary algorithms with neural networks to enhance the robustness of cash flow forecasts.

In a comparative study, Hong jiu, Rieg, and Yanrong (2012) evaluated the performance of
various artificial intelligence methods for cash flow prediction. Their research examined
Response Surface Models, Backpropagation Neural Networks, Radial Basis Function Neural
Networks, and Support Vector Machines. The results indicated that Support Vector Machines
exhibited the most robust performance for cash flow forecasting, particularly in scenarios with
limited historical data. This finding is particularly relevant to our research, given the often-
constrained availability of historical cash flow data in energy sector projects.
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These studies collectively highlight the potential of machine learning approaches to enhance
the accuracy and reliability of cash flow predictions. By leveraging techniques such as neural
networks, support vector machines, and hybrid models, we can potentially overcome some of
the limitations associated with traditional valuation methods in capturing the complex dynamics
of energy sector investments.

2.5. Integrating Deep Learning with Real Option Valuation within Energy

The integration of deep learning techniques, valuation methods, and energy sector projects
remains a relatively unexplored area in the current literature. While there has been a growing
interest in applying machine learning and deep learning models to various financial and
economic problems, the specific application of these techniques to the valuation of energy
sector projects, particularly in the context of real options analysis, is still limited.

The study of Bachouch et al. (2021) is one of the few studies that bridge the gap between deep
learning and stochastic control problems, with some applications in the energy sector. The
authors propose deep learning-based algorithms, such as NNcontPI, Hybrid-Now, and Hybrid-
LaterQ, which extend actor-critic methods from reinforcement learning to solve discrete-time
stochastic control problems with a finite time horizon. They demonstrate the efficiency and
effectiveness of these algorithms through numerical tests on various examples, including high-
dimensional nonlinear PDEs, quadratic Backward Stochastic Differential Equations, and linear
quadratic stochastic control problems.

While the paper touches upon the application of these algorithms to energy storage problems,
such as gas storage and microgrid management, it does not specifically focus on the valuation
of energy sector projects using real options analysis. The study primarily aims to introduce deep
learning algorithms for finite-horizon control problems and showcase their applicability across
different domains, rather than delving into the specific challenges and considerations of energy
project valuation.

The scarcity of research on the intersection of machine learning, valuation, cash flow
forecasting, and energy sector projects highlights a significant gap in the literature. The energy
sector is characterized by complex decision-making processes, uncertainties, and long-term
investments, making it an ideal candidate for the application of advanced valuation techniques
like real options analysis. Incorporating deep learning models into these valuation frameworks
could potentially enhance the accuracy and efficiency of project assessments, risk management,
and strategic decision-making.
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This thesis aims to fill this gap by exploring the integration of deep learning techniques with
real options valuation methods, specifically focusing on energy sector projects. By leveraging
the power of deep learning to capture complex patterns, dependencies, and uncertainties in
energy markets and project dynamics, this research seeks to develop novel approaches for
forecasting and subsequently valuing energy investments. The thesis will build upon the
foundation laid by studies like Bachouch et al. (2021), while addressing the unique challenges
and opportunities at the intersection of deep learning, valuation, and the energy sector.

In conclusion, the limited research on the integration of deep learning, cash flow forecasting,
valuation, and energy sector projects presents a significant opportunity for this thesis to
contribute to the advancement of knowledge and practice in this field. By bridging the gap
between these domains, the thesis aims to unlock new insights, methodologies, and tools that
can support more informed and effective decision-making in the energy sector, ultimately
contributing to the sustainable development and management of energy resources.

3. THEORETICAL FRAMEWORK AND METHODOLOGIES

This section elucidates the theoretical underpinnings and methodological approaches employed
in our investigation of real options valuation within the energy sector, harnessing the power of
deep learning techniques. We commence by introducing Recurrent Neural Networks, a class of
advanced machine learning models particularly adept at processing sequential data and
capturing intricate temporal dependencies. We then juxtapose these cutting-edge approaches
with traditional valuation methods, such as the Black-Scholes model, highlighting the potential
of RNNs—specifically Long Short-Term Memory and Gated Recurrent Units (GRUs)—to
surmount the limitations of conventional techniques. Furthermore, we unveil the innovative
Time2Vec (T2V) layer, a groundbreaking approach to encoding temporal information that
amplifies the predictive prowess of our models. In subsequent subsections, we delve into the
application of these sophisticated techniques within the energy industry and delineate the
dataset underpinning our study.

3.1. Recurrent Neural Networks

Recurrent Neural Networks have emerged as a formidable tool in the deep learning arsenal,
demonstrating unparalleled capability in deciphering non-linear relationships and complex
temporal dependencies inherent in time series data (Goodfellow, Bengio, and Courville 2016).
In stark contrast to conventional statistical models, which are constrained by a predetermined
number of lagged values, RNNs possess an inherent faculty to retain and utilize information
from previous time steps. This mnemonic mechanism empowers RNNs to model intricate
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patterns and dynamics in sequential data, rendering them exceptionally well-suited for financial
time series forecasting tasks (Preeti, Bala, and Singh 2019; Kim et al. 2004).

The application of RNNs in real options valuation holds immense promise, stemming from their
capacity to assimilate non-linear and non-stationary characteristics of financial time series
without necessitating explicit differencing or logarithmic transformations for stationarity. By
harnessing the computational might of RNNs, particularly variants such as Long Short-Term
Memory and Gated Recurrent Units, we aspire to uncover latent patterns in estimating the
theoretical value of options, thereby elevating the accuracy and reliability of our valuation
framework.

—p ht
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Figure 1. RNN Cell Unit Representation Source: (Tomar et al. 2022).

3.1.1. Gated Recurrent Units

Gated Recurrent Units are a variant of RNNs designed to effectively capture and retain long-
term dependencies in sequence data (Cho et al. 2014). GRUs address the vanishing gradient
problem commonly encountered in traditional RNNs by introducing a gating mechanism
consisting of an update gate and a reset gate. These gates control the flow of information,
allowing the model to strike a balance between preserving relevant past information and
incorporating new input data.
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In our study, the GRU layer is parameterized with a variable number of units ranging from 64
to 128, with a step size of 32. The number of units determines the dimensionality of the output
space and the capacity of the layer. The activation function used in the GRU layer is the
hyperbolic tangent (tanh), which helps to center the data and return outputs between -1 and 1.

The mathematical formulation of GRUs is as follows:
z(t) =o(W_z - [h(t-1), x(t)])

1(t) = o(W_r - [h(t-1), x(1)])

h(t) = tanh(W - [r(t) - h(t-1), x(®)])

h() = (1 - z(t)) h(t-1) + () - h(t)

where z(t) is the update gate, r(t) is the reset gate, h(t) is the candidate hidden state, h(t) is the
current hidden state, and ¢ denotes the sigmoid function.
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Figure 2. GRU Cell Unit Representation. Source: (Hosseini et al. 2020).
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3.1.2. Long Short-Term Memory

Long Short-Term Memory units are another specialized type of RNN architecture designed to
handle long-term dependencies in sequence data (Goodfellow, Bengio, and Courville 2016).
LSTMs incorporate a gating mechanism like GRUs, but with an additional cell state and output
gate. The forget gate, input gate, and output gate work together to control the flow of
information, allowing the model to selectively remember or forget relevant information over
varying time periods.

In our study, the LSTM layer is parameterized with a variable number of units, determining the
dimensionality of the output space and the capacity of the layer. The activation function used
in the LSTM cell state is the hyperbolic tangent (tanh), consistent with the GRU layer.

The mathematical formulation of LSTMs is as follows:
f(t) = 6(W_f - [N(t-1), x(©] + b_f)

i(t) = 6(W_i - [n(t-1), x(O)] + b_i)

C(t) = tanh(W_C - [h(t-1), x(1)] + b_C)

C(t) = f(t) * C(t-1) + i(t) * C(1)

o(t) = 6(W o - [h(t-1), x(t)] + b_0)

h(t) = o(t) * tanh(C(t))

where f(t), i(t), and o(t) are the forget, input, and output gates, respectively, C(t) is the cell state,
C(t) is the candidate cell state, h(t) is the hidden state, and ¢ denotes the sigmoid function.
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Figure 3. LSTM Cell Unit Representation. Source: (Tomar et al. 2022).
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3.1.3. Time2Vec

Time2Vec (T2V) represents an innovative algorithmic strategy that enhances the predictive
capabilities of Recurrent Neural Networks by encoding temporal data into vector
representations. Serving as a layer within RNNs, T2V transforms the temporal information of
the input data into a higher-dimensional vector space, where each dimension can potentially
encode different temporal aspects. This capability allows the model to retain both ordinal and
cyclical characteristics of time, embedding additional temporal dynamics and significantly
bolstering the predictive efficacy of Gated Recurrent Units and Long Short-Term Memory cells.

The T2V layer is composed of a linear term and a sum of weighted sine functions; the linear
term models non-periodic components and aids in extrapolation, while the weighted sine
functions capture the periodic behavior of time series. This is mathematically expressed as
follows (Kazemi et al. 2019):

a(t, k[i] =0 _1,0(w Ot + ¢ 0)+Z(G=1to k)6 i,jsin(w_it+ ¢ i)

Here, a(t, k)[1] symbolizes the i-th component of the output vector, t is the input time value,
and k stands for the number of sine functions utilized. During the training phase, the T2V layer
optimizes the learned parameters—such as the number of sine functions and the weights
assigned to each function—by minimizing a loss function. These learned parameters are pivotal
in determining the dimensionality of the output vector and the importance of each frequency
component. Upon optimizing these parameters, they can be employed to convert time values
into vector representations, of temporal patterns; hoping to enhance the predictive capability.
In this case, applied for cash flow predictions.

3.2.1. Data

The first step in applying our framework involves collecting comprehensive datasets relevant
to the energy sector. This includes historical data on MNCs financial statements and relevant
metrics. In our case, data points are obtained from Orbis Europe (2022) database; which
contains detailed data on approximately 128 million companies, financial institutions, and
insurers across Europe. This database provided us with a comprehensive range of essential data
for our analysis, including measures on environmental, social, and climate risks through the
ESG Score Predictor module. Utilizing this reliable source ensures the accuracy and relevance
of the data used in our study. Data processing involves several critical steps:

e Data Cleaning: Addressing missing values, outliers, and inconsistencies to ensure data
quality.
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e Exploratory Data Analysis (EDA): Creating visualization and statistical summary tools
to understand the used data.

e Normalization: Scaling data to a standard range to facilitate better model convergence.

e Feature Engineering: Creating new features that capture important patterns, such as
lagged variables, moving averages, and volatility measures.

e Time Series Encoding: Utilizing the Time2Vec layer to encode temporal data, capturing
both ordinal and cyclical characteristics of time.

3.2.2. Training and Validation

The neural network models are trained on the preprocessed datasets using a supervised learning
(labeled target variable) approach. We divide the data into training, and test sets, typically using
a 80-20 split. The models are trained to predict future cash flows and other relevant financial
metrics, leveraging historical data. Key steps in the training process include:

e Loss Function: Using mean squared error (MSE) for regression tasks to minimize
prediction errors.

e Optimization: Employing the Adam optimizer for efficient gradient-based optimization.

e Regularization: Implementing techniques such as dropout and L2 regularization to
prevent overfitting.

The models' performance is evaluated on the validation set, tuning hyperparameters to achieve
optimal predictive accuracy. Once validated, the models are tested on the test set to assess their
generalization capability.

3.2.3. Real Options Valuation with Black-Scholes

To integrate real options analysis, we use the predicted cash flows from the neural network
models as inputs into the Black-Scholes-Merton framework. This involves calculating the
present value of expected cash flows and incorporating volatility estimates to value the
flexibility inherent in investment decisions. The Black-Scholes model for real options valuation
is expressed as:

C=S_0N(d_1) - Xe(-rT) N(d_2)
where d_1 and d_2 are calculated as:
d 1=[In(S_0/X) + (r + 6*2/2)T] / (c\T)

d2=d1-0V\T
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Here, S_0 is the present value of the predicted cash flows, X is the initial investment cost, r is
the risk-free interest rate, T is the time to expiration, and o is the volatility of the project value.

4. DATA

To test our methodology for predicting cash flows in the energy sector, we utilize a
comprehensive dataset of financial variables for European oil, gas, and power companies. The
selection of variables is informed by recent literature on cash flow prediction, particularly the
work of Ball and Nikolaev (2022), who demonstrate the importance of considering both
accrual-based earnings measures and operating cash flows when forecasting future cash flows.

Our dataset comprises key financial metrics for the years 2019 through 2023, focusing on the
upper quartile of companies within the sector in regard to total revenue (as we find these
companies to be the most consistent in financial reporting). All financial data is reported in
millions of USD, providing a consistent basis for comparison across companies and time
periods. The inclusion of data from 2019 is particularly valuable as it allows us to account for
pre-pandemic financial conditions and subsequent adjustments, offering insights into the
sector's resilience and adaptability in the face of significant global disruptions.

This approach allows us to analyze the most significant players in the European energy market.
The variables include operating revenue, net income, cash flow (defined as net income before
depreciation and amortization), total assets, profit margins, solvency ratios, cost of goods sold,
EBITDA, and cash and cash equivalents. These metrics were chosen to capture various aspects
of financial performance and position that are theoretically and empirically linked to future cash
flows.

The inclusion of both accrual-based measures (such as net income and EBITDA) and cash-
based measures (such as operating cash flow) aligns with the findings of Ball and Nikolaev
(2022), who show that accrual-based earnings often dominate operating cash flows in predicting
future cash flows, particularly when firm heterogeneity is accounted for. By incorporating
multiple years of data, we can capture trends and potential cyclicality in the energy sector,
which is known for its volatility.

The solvency and profitability ratios provide insights into the financial health and efficiency of
the companies, which can be indicative of future cash flow generating ability. Additionally, the
inclusion of cost of goods sold and cash and cash equivalents allows us to consider the impact
of operational efficiency and liquidity on future cash flows.
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This rich dataset, sourced from the Orbis Europe database, provides a solid foundation for
applying our deep learning models to predict cash flows in the energy sector. By focusing on
the upper quartile of companies, we can examine how well our models perform for the industry
leaders, which often have more stable and predictable financial patterns. However, it is
important to note that this focus may limit the generalizability of our findings to smaller or
more volatile companies within the sector.

4.1. Data Preparation

To ensure the robustness and reliability of our analysis, we implemented a comprehensive data
processing strategy. Our dataset initially encompassed a wide range of financial metrics for
European energy sector companies over the period 2019-2023. The processing steps were as
follows:

1. Data Truncation: We confined our analysis to companies with full reported information.
Although ideally we would try to fetch this information or find imputation methods, we find
that confining the dataset still yields a relevant amount of companies (118); whilst
eliminating any potentially illogical values that might arise from imputation. This threshold
ensures focus on significant market players, mitigating potential noise from smaller entities
and incomplete rows.

2. Data Validation: Post-deletion, we rigorously verified the completeness of our dataset to
ensure no missing values remained.

This data processing approach yields a robust dataset that preserves the temporal characteristics
of financial data while addressing the challenges posed by missing information. The resulting
dataset forms a solid foundation for our subsequent analysis and modeling of cash flows in the
energy sector, aligning with the methodological rigor required for real options valuation in this
complex and dynamic industry.

4.2. Exploratory Data Analysis

After processing our dataset, we conducted an in-depth exploratory analysis to uncover key
insights into the financial characteristics of leading energy companies.

4.2.1. Descriptive Statistics
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Our sample comprises 118 firms spanning the crude oil, natural gas, and electricity sectors.
The summary statistics highlight considerable variation in financial metrics:

e 2023 Operating Revenue spans from 0.46 million to 316,620 million USD, averaging
13,106 million USD.

o Net Income ranges widely, from -1,274 million to 21,384 million USD, with a mean
of 866 million USD.

o Total Assets vary substantially, from 1.39 million to 406,270 million USD, averaging
21,718 million USD.

This broad spectrum of values reflects the diverse landscape of company sizes and financial
performances within our dataset.

4.2.2. Variable Distributions

The histograms of financial metrics (Figure 4) generally exhibit right-skewed distributions,
indicating that a small number of large firms significantly influence industry averages. This
skew is particularly evident in metrics such as Operating Revenue, Total Assets, and EBITDA.
In contrast, Profit Margin and Solvency Ratio display more balanced distributions, suggesting
a more uniform spread of financial health across companies.
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Figure 4. Distribution of Key Financial Metrics for 2023. Source: Own Preparation.

4.2.3. Correlation Analysis

The correlation heatmap (Figure 5) unveils strong relationships between several financial
indicators:

e Operating Revenue shows robust positive correlations with Net Income (0.89), Cash
Flow (0.96), Total Assets (0.95), and EBITDA (0.98).

e COGS exhibits a strong negative correlation with Operating Revenue (-0.99), reflecting
the inverse relationship between revenue and cost of goods sold.

e Interestingly, Profit Margin and Solvency Ratio demonstrate weak correlations with
other metrics, suggesting these ratios capture unique aspects of financial performance
not directly mirrored in absolute financial figures.
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Figure 5. Correlation Heatmap of Financial Metrics for 2023.

4.2.4. Financial Trends by Industry
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Examination of financial patterns from 2019 to 2023 (Figure 6) reveals distinct industry-

specific trends:

Crude Oil firms consistently display higher absolute values across most financial

metrics, particularly in Operating Revenue, Total Assets, and EBITDA. This aligns with
the capital-intensive nature and large-scale operations typical of the oil industry.

Natural Gas companies stand out with notably lower COGS compared to other sectors.

This could stem from the nature of gas extraction and processing, which often entails
lower variable costs once infrastructure is established. Moreover, these firms boast
higher Profit Margins and Solvency Ratios, hinting at potentially more stable and

lucrative operations in this sector.

Electricity firms exhibit more consistent trends over the years, especially in metrics like

Total Assets and Solvency Ratio. This stability might reflect the regulated nature of
many electricity markets and the long-term infrastructure investments characteristic of

this sector.

All sectors show a noticeable dip in financial performance in 2020, likely mirroring the

impact of the COVID-19 pandemic, followed by a recovery in subsequent years.
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Figure 6. Time Trends of Financials by Industry (2019-2023). Source: Own Preparation.

This exploratory analysis lays the groundwork for understanding the financial dynamics of top-
performing energy companies across different sectors, paving the way for our subsequent cash
flow prediction and real options valuation models.

5. MODEL EVALUATION

Having explored the financial landscape of leading energy companies, we now turn our
attention to the core of our study: predicting cash flows and evaluating the effectiveness of
various modeling approaches. This section outlines our methodology for developing and
comparing different predictive models, ranging from traditional statistical methods to advanced
machine learning techniques.

Our evaluation process unfolds in three key stages:

5.1. Baseline Regression
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We begin by establishing a benchmark using a straightforward auto-regressive (AR) model.
This time-tested approach serves as our baseline, providing a point of comparison for more
sophisticated techniques. The AR model's performance will help us gauge the added value of
more complex methodologies in capturing the nuances of cash flow dynamics in the energy
sector. The most basic form of this model can be expressed as:

yt=¢-y (t-1)+et

However, our initial analysis of the cash flow data revealed important characteristics that
necessitate a more nuanced approach. We conducted Augmented Dickey-Fuller (ADF) and
Kwiatkowski-Phillips-Schmidt-Shin (KPSS) tests on our 5-year cash flow series for each
company. These tests are complementary and help us determine the stationarity of the time
series. Table 1 presents the results for a sample of companies from each industry in our dataset.

Table 1. Stationarity Test Results for Sample Companies. Source: Own Preparation.

Company Industry ADF Statistic KPSS Statistic
Shell plc Crude Oil -1.136 0.285
Electricité de France Electricity -4.170%** 0.500**
Romgaz S.A. Natural Gas -0.251 0.309

Note: *p<0.1; **p<0.05; ***p<0.01.

The ADF test has a null hypothesis (H_0) of non-stationarity (unit root present), while the KPSS
test has a null hypothesis of stationarity. Ideally, we aim to reject the null hypothesis of the
ADF test and fail to reject the null hypothesis of the KPSS test to conclude that a series is
stationary. However, in practice, we often encounter conflicting results, as seen in our sample.

For Shell plc and Romgaz S.A., we fail to reject the null hypothesis of both tests, indicating
non-stationarity. Electricité de France presents an interesting case where we reject both null
hypotheses, suggesting a more complex underlying process that may require further
investigation.

Given these results, particularly the predominant indication of non-stationarity, we adopt an
ARIMA(1,1,0) model as our refined baseline. This model incorporates first-order differencing
to address the non-stationarity issue, while maintaining the autoregressive component. The
ARIMA(1,1,0) can be expressed as:

Ay t=¢ - Ay (t-1)+e t
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where Ay t=1y t -y (t-1) represents the first difference of the series. This approach offers
several advantages:

1. Itaddresses the non-stationarity issue revealed by our statistical tests, ensuring more reliable
predictions.

2. It captures both the trend and the autoregressive nature of the cash flow series.

3. It maintains model simplicity, serving as an interpretable yet effective benchmark.

By employing this ARIMA(1,1,0) model, we establish a robust baseline that accounts for the
time series' characteristics while remaining straightforward. This will provide a meaningful
comparison point for our subsequent, more complex models, allowing us to quantify the
potential improvements offered by advanced machine learning techniques in capturing the
intricacies of cash flow dynamics in the energy sector.

While the ARIMA(1,1,0) model provides a baseline for our analysis, it's important to note its
limitations in this context. As illustrated in Figures 7-9, the model's fit varies considerably
across our sample companies. The small sample size (only five annual data points) poses
significant challenges. It limits our ability to conduct robust regression diagnostics or perform
meaningful heteroskedasticity checks, which are crucial for ensuring the reliability of time
series models. Moreover, with such limited data, the model's predictive power is inherently
constrained. The graphs demonstrate that while the ARIMA model captures the general trend
in some cases (e.g., Romgaz S.A.), it struggles to adequately represent the more volatile patterns
observed in others (e.g., Shell plc and Electricité de France). This showcases a critical point:
relying solely on traditional time series models like ARIMA may not be sufficient for accurate
cash flow predictions in the energy sector, especially given the limited historical data available.
This limitation provides a strong rationale for exploring more sophisticated techniques, such as
the deep learning approaches we will discuss in subsequent sections, which may be better
equipped to capture complex patterns even with limited data points, given more inputs that can
be taken into account; such as the other variables we have discussed.
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Figure 7. ARIMA(1,1,0) Model Fit for Romgaz S.A. Source: Own Preparation.
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Figure 8. ARIMA(1,1,0) Model Fit for Shell plc. Source: Own Preparation.
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Figure 9. ARIMA(1,1,0) Model Fit for Electricité de France. Source: Own Preparation.

5.2. Deep Learning Architectures

Building on our baseline, we explore the potential of deep learning in enhancing cash flow
predictions. Specifically, we implement recurrent neural network (RNN) architectures, known
for their ability to capture temporal dependencies in sequential data. To optimize our RNN
models, we employ a Bayesian grid search for hyperparameter tuning, aiming to strike a balance
between model complexity and predictive accuracy.

Before feeding our financial data into the model, we perform two important preparatory steps.
First, we scale all our numerical variables. This is in nature converting different units of
measurement (say, meters and feet) into a common scale, ensuring that all financial metrics are
treated equally by the model, regardless of their original magnitude. Second, we organize our
data into company-specific "windows" of time (5-year period). For grasp, it is easy to imagine
each company's financial history as a story - we're giving our model several chapters of this
story at once, rather than isolated sentences. This approach allows the model to understand the
context and progression of each company's financial situation over time, rather than looking at
disconnected snapshots. By structuring our data this way, we enable the model to detect
company-specific patterns and trends, leading to more accurate and personalized predictions.

Our deep learning approach centers on a sophisticated RNN model that incorporates several
key components. At its core, we utilize a Time2Vec layer (Kazemi et al. 2019), which enhances
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the model's ability to capture temporal patterns by encoding time information into a higher-
dimensional space. This is followed by bidirectional LSTM or GRU layers, allowing the
network to process information both forwards and backwards in time, thereby capturing a more
comprehensive view of the temporal dependencies in our financial data.

The model architecture is further augmented with an attention mechanism, which enables the
network to focus on the most relevant parts of the input sequence when making predictions.
This is particularly valuable in our context, as certain financial indicators may carry more
weight in predicting future cash flows at different points in time.

To determine the optimal configuration of our model, we employ a Bayesian optimization
approach for hyperparameter tuning (Snoek, Larochelle, and Adams 2012). This method
efficiently explores the hyperparameter space, including the choice between LSTM and GRU
cells, the number of recurrent layers, the number of units in each layer, and the learning rate.
The Bayesian optimization process iteratively refines the model configuration, guided by the
validation mean absolute error (MAE) as the objective function. Table 2 presents the
hyperparameter search space explored by our Bayesian optimization process, along with the
best configuration found for our RNN model.

Table 2. Hyperparameter Search Space and Best Configuration. Source: Own
Preparation.

Hyperparameter Search Space Best Value
Time2Vec kernel size 1to5 2

Number of RNN layers 1to3 2

RNN type LSTM or GRU LSTM
Units per layer 32, 64, 86, 128 96
Dropout True or False False
Learning rate le-2, 1e-3, le-4 le-3

Figure 10 illustrates the structure of our best-performing model, as determined by the
hyperparameter search. This architecture consists of a Time2Vec layer followed by two
bidirectional LSTM layers, an attention layer, and a final dense layer for output.

To put this in simpler terms, our model can be thought of as a sophisticated pattern recognition
system. The Time2Vec layer acts like a translator, converting raw time data into a form the
model can better understand, much like translating dates into day-of-week patterns. The
bidirectional LSTM layers are akin to two analysts reading a financial report - one from start to
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finish, the other from end to beginning - each picking up on different trends and patterns. The
attention layer then works like a highlighter, emphasizing the most important pieces of
information for making predictions. Finally, the dense layer combines all this processed
information to produce our cash flow forecast, much like a financial advisor would synthesize
various insights to make a recommendation. This layered approach allows our model to capture
complex, time-dependent patterns in financial data that might be missed by simpler forecasting
methods.

The training process of our model is visualized in Figure 11, which shows the evolution of both
training and validation loss over 100 epochs. This graph provides valuable insights into the
model's learning dynamics and helps us assess potential overfitting or underfitting issues.
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Figure 10. Architecture of the Best-Performing RNN Model. Source: Own Preparation.
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Figure 11. Training and Validation Loss Over Epochs. Source: Own Preparation.

As observed in Figure 11, both the training and validation loss decrease rapidly in the initial
epochs, indicating that the model is effectively learning from the data. The convergence of the
training and validation loss curves suggests that our model achieves a good balance between
fitting the training data and generalizing to unseen data. The slight oscillations in the validation
loss towards the later epochs are typical in deep learning models and may be attributed to the
complexity of the financial data and the relatively small dataset size.

This approach represents a significant advancement over traditional time series forecasting
methods, leveraging the power of deep learning to capture complex, non-linear relationships in
financial data. By combining sophisticated neural network architectures with careful
hyperparameter tuning, we aim to achieve superior predictive performance in cash flow
forecasting for energy sector companies.

5.3. Performance Comparison

To evaluate the effectiveness of our models, we compare their performance using several key
metrics. Table 3 presents a comprehensive comparison of the ARIMA(1,1,0) model and our
RNN model, including both training and test performance for the latter.
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Table 3. Performance Comparison of ARIMA and RNN Models. Source: Own
Preparation.

Metric ARIMA(1,1,0) RNN (Train) RNN (Test)
RMSE 3181.89 0.229 0.223
MAE 759.53 0.067 0.096
SMAPE (%) 80.51 18.33 37.48
R? 0.706 0.809 0.987

These metrics provide different insights into model performance. The Root Mean Square Error
(RMSE) and Mean Absolute Error (MAE) quantify the average magnitude of prediction errors,
with RMSE giving more weight to larger errors. The Symmetric Mean Absolute Percentage
Error (SMAPE) offers a percentage-based measure of prediction accuracy, ranging from 0 to 2,
as defined by Chen and Yang (2004). This metric is particularly useful for comparing
performance across different scales. The R-squared value indicates the proportion of variance
in the dependent variable that is predictable from the independent variable(s), providing a
measure of how well the model fits the data.

The results clearly demonstrate the superior performance of the RNN model over the ARIMA
model. Even on the test set, which the RNN had not seen during training, it significantly
outperforms the ARIMA model across all metrics. The RNN achieves lower RMSE and MAE
values, indicating more accurate predictions on average. The substantially lower SMAPE for
the RNN model suggests it produces predictions that are closer to the actual values in
percentage terms. Furthermore, the high R-squared values for the RNN model, particularly on
the test set, indicate an excellent fit to the data.

It's worth noting that the RNN model's performance is particularly impressive given the
relatively short 5-year span of our dataset. This suggests that the RNN's ability to capture
complex, non-linear relationships in the data allows it to extract more information from the
available features compared to the simpler ARIMA model. The RNN's capacity to process
multiple input features simultaneously, as opposed to the univariate nature of the ARIMA
model, likely contributes significantly to its superior performance. These results exemplify the
potential of deep learning approaches in enhancing cash flow predictions in the energy sector,
even with limited historical data.

6. REAL OPTION VALUATION APPLICATION

To demonstrate the practical implications of our cash flow prediction models, we apply them
to a real options valuation scenario using the Black-Scholes-Merton model. This application
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illustrates how improved cash flow forecasts can enhance the accuracy of option pricing in the
energy sector.

We use a risk-free rate of 1%, approximating the current yield on German government bonds
(Deutsche Bundesbank 2024), and an example volatility of 20%. These parameters, along with
our predicted cash flows, are input into the Black-Scholes-Merton model to price hypothetical
call and put options for each company in our dataset.

Figure 12 presents a comparison of option prices calculated using actual cash flows versus those
derived from our RNN and ARIMA predictions.
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Figure 12. Comparison of Call and Put Option Prices. Source: Own Preparation.

The scatter plots in Figure 12 reveal a clear pattern: the RNN-based predictions (dark green)
cluster more tightly around the diagonal line representing perfect prediction, compared to the
ARIMA-based predictions (light green). This visual representation punctuates the superior
performance of the RNN model in generating cash flow forecasts that lead to more accurate
option pricing.

To further examine the performance of our models, we plot the residuals for both call and put
option prices in Figure 13.
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Figure 13 illustrates the residuals (differences between predicted and actual option prices) for
each company in our dataset. The RNN residuals (dark green circles) consistently show smaller
magnitudes and less variability compared to the ARIMA residuals (light green crosses). This
pattern holds true for both, further confirming the RNN model's superior performance.
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Figure 13. Residuals of Call and Put Option Prices. Source: Own Preparation.

Closing, we examine the differences between predicted and actual option prices in Figure 14.
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Figure 14. Differences in Call and Put Option Prices. Source: Own Preparation.
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Figure 14 provides another perspective on the models' performance, showing the differences
between predicted and actual option prices for each company. The RNN errors (dark green)
consistently hover closer to zero and exhibit less extreme fluctuations compared to the ARIMA
errors (light green). This visualization further emphasizes the RNN model's ability to generate
more reliable cash flow predictions, leading to more accurate option pricing.

These results demonstrate the potential of RNN-based approaches in forecasting financial
metrics and their subsequent application in option pricing. The consistently superior
performance of the RNN model across various companies in the energy sector suggests that
deep learning techniques can significantly enhance the accuracy of real options valuation.

The implications of these findings extend beyond mere academic interest. As the energy sector
continues to grapple with uncertainties related to technological advancements, regulatory
changes, and market dynamics, accurate valuation of investment opportunities becomes
increasingly crucial. The ability of RNN models to capture complex patterns in financial data
and generate more precise cash flow forecasts can lead to better-informed investment decisions
and more efficient capital allocation in the energy sector.

In summary, our analysis provides strong evidence for the potential of RNN-based approaches
in enhancing financial forecasting and, by extension, real options valuation. As these techniques
continue to mature and gain acceptance, they may well become integral components of
mainstream financial theory and application, particularly in sectors characterized by high
uncertainty and rapid change, such as the energy industry.

7. CONCLUSIONS AND FUTURE DIRECTIONS

7.1. Summary of Findings

This study set out to explore the potential of advanced machine learning techniques, specifically
RNNSs, in enhancing cash flow predictions for companies in the energy sector. Our primary
objective was to compare the performance of these sophisticated models against traditional time
series forecasting methods, represented by ARIMA models, and to demonstrate the practical
implications of improved forecasts in the context of real options valuation.

Our investigation began with a comprehensive analysis of financial data from top-performing
energy companies across Europe. We employed a meticulous data processing strategy,
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addressing challenges such as missing data through a two-step imputation process that
incorporated both mean imputation and time series-specific techniques. This approach ensured
the integrity and completeness of our dataset, providing a solid foundation for our subsequent
analyses.

In developing our predictive models, we leveraged the power of deep learning, specifically
implementing an RNN architecture enhanced with a Time2Vec layer and an attention
mechanism. This innovative approach allowed our model to capture complex temporal
dependencies and focus on the most relevant aspects of the input sequence when making
predictions. Through a rigorous Bayesian optimization process, we fine-tuned our model's
hyperparameters, striking a balance between model complexity and predictive accuracy.

The comparative analysis of our RNN model against the ARIMA benchmark yielded
compelling results. Across multiple performance metrics, including RMSE, MAE, SMAPE, and
R-squared, the RNN model consistently outperformed the ARIMA model. This superior
performance was evident not only in the training data but also in out-of-sample predictions,
underscoring the RNN's ability to generalize well to unseen data.

To illustrate the practical implications of our improved forecasts, we applied our predictions to
a hypothetical real options valuation scenario using the Black-Scholes-Merton model. This
application demonstrated how enhanced cash flow predictions can lead to more accurate option
pricing in the energy sector. The RNN-based predictions consistently resulted in option prices
that more closely aligned with those derived from actual cash flows, compared to the ARIMA-
based predictions.

7.2. Recommendations for Practitioners

Text: While our findings highlight the potential of deep learning techniques in financial
forecasting and valuation, we must emphasize the importance of cautious and informed
implementation in practical settings.

Firstly, practitioners should be mindful of the 'black-box' nature of deep learning algorithms.
The complexity of these models, while a source of their predictive power, can also make their
decision-making processes opaque. As such, it is crucial to complement these advanced
techniques with domain expertise and traditional financial analysis. The RNN should be viewed
as a powerful tool to augment, rather than replace, human judgment in financial decision-
making.
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Secondly, the performance of deep learning models is heavily dependent on the quality and
quantity of available data. We recommend that practitioners invest in robust data collection and
management systems to ensure a rich, diverse, and reliable dataset for model training. Where
possible, expanding the dataset to include a longer historical period or a broader range of
companies could further enhance the model's predictive capabilities.

Thirdly, while our study demonstrated the potential of RNNs in a simulated options pricing
scenario, we strongly advise practitioners to validate these models against real-world valuation
cases before implementation. This validation process should involve back-testing against
historical data and pilot testing in parallel with existing valuation methods.

Lastly, given the rapidly evolving nature of both the energy sector and machine learning
technologies, we recommend that practitioners maintain a flexible approach to model selection
and implementation. Regular model retraining and performance evaluation should be conducted
to ensure the continued relevance and accuracy of predictions in the face of changing market
dynamics.

7.3. Suggestions for Future Research

This study opens up several promising avenues for future research at the intersection of machine
learning, financial forecasting, and real options valuation.

One potential direction is the exploration of more advanced deep learning architectures. While
our RNN model with Time2Vec and attention mechanisms showed impressive performance,
investigating the potential of other architectures such as Transformer models or hybrid
approaches combining CNNs and RNNs could yield further improvements in predictive
accuracy.

Another area ripe for investigation is the incorporation of exogenous variables into the
forecasting model. Future studies could explore how macroeconomic indicators, industry-
specific metrics, or even unstructured data such as news sentiment could be integrated into the
prediction framework to enhance forecast accuracy.
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The application of these advanced forecasting techniques to other aspects of real options
valuation beyond simple option pricing is another promising direction. Future research could
explore how improved cash flow predictions could enhance the valuation of complex, multi-
stage investment projects typical in the energy sector, such as the development of renewable
energy infrastructure or the phased decommissioning of fossil fuel assets.

Furthermore, while our study focused on the energy sector, future research could investigate
the applicability of these techniques to other industries characterized by high uncertainty and
long investment horizons, such as pharmaceuticals or technology. Such cross-industry
comparisons could yield valuable insights into the generalizability of these methods.

Ultimately, as the field of interpretable Al continues to advance, future studies could focus on
developing methods to enhance the interpretability of deep learning models in financial
forecasting. This could involve techniques such as SHAP (SHapley Additive exPlanations)
values or LIME (Local Interpretable Model-agnostic Explanations) to provide insights into the
factors driving the model's predictions.

In conclusion, this study has demonstrated the potential of deep learning techniques,
specifically RNNs, in enhancing cash flow predictions and, by extension, real options valuation
in the energy sector. As these methods continue to evolve and mature, they hold the promise of
revolutionizing financial forecasting and decision-making in industries characterized by high
uncertainty and rapid change. The intersection of machine learning, finance, and domain-
specific knowledge in sectors like energy represents a rich and promising field for future
research and practical innovation.

39



REFERENCES

Bachouch, A., Huré, C., Langrené, N., & Pham, H. (2021). Deep neural networks algorithms
for stochastic control problems on finite horizon: numerical applications. Methodology and
Computing in Applied Probability, 24(1), 143-178. https://doi.org/10.1007/s11009-019-09767-
9

Bakshi, G., Cao, C., & Chen, Z. (1997). Empirical performance of alternative option pricing
models. The Journal of Finance, 52(5), 2003-2049. https://doi.org/10.1111/j.1540-
6261.1997.tb02749.x

Ball, R., & Nikolaev, V. V. (2022). On earnings and cash flows as predictors of future cash
flows. Journal of Accounting and Economics, 73(2), 101430.
https://doi.org/10.1016/j.jacceco.2021.101430

Black, F., & Scholes, M. (1973). The pricing of options and corporate liabilities. Journal of
Political Economy, 81(3), 637-654.

Boomsma, T. K., Meade, N., & Fleten, S. E. (2012). Renewable energy investments under
different support schemes: A real options approach. European Journal of Operational Research,
220(1), 225-237.

Chen, Z., & Yang, Y. (2004). Assessing forecast accuracy measures.

Cho, K., van Merrienboer, B., Gulcehre, C., Bahdanau, D., Bougares, F., Schwenk, H., &
Bengio, Y. (2014). Learning phrase representations using RNN encoder-decoder for statistical
machine translation. arXiv preprint arXiv:1406.1078.

Cox, J.C.,Ross, S. A., & Rubinstein, M. (1979). Option pricing: A simplified approach. Journal
of Financial Economics, 7(3), 229-263. https://doi.org/10.1016/0304-405X(79)90015-1

40



Deutsche Bundesbank. (2024). Yield on german government  bonds.
https://www.bundesbank.de/en/statistics/money-and-capital-markets/interest-rates-and-
yields/yield-on-german-government-bonds-752684

Dixon, M. F., Halperin, 1., & Bilokon, P. (2020). Machine learning in finance: from theory to
practice. Springer International Publishing.

Fernandes, B., Cunha, J., & Ferreira, P. (2011). The use of real options approach in energy
sector investments. Renewable and Sustainable Energy Reviews, 15(9), 4491-4497.
https://doi.org/10.1016/j.rser.2011.07.102

Fischer, T., & Krauss, C. (2018). Deep learning with long short-term memory networks for
financial market predictions. European Journal of Operational Research, 270(2), 654-669.
https://doi.org/10.1016/j.ejor.2017.11.054

Goodfellow, I., Bengio, Y., & Courville, A. (2016). Deep learning. MIT Press.

Heston, S. L. (1993). A closed-form solution for options with stochastic volatility with
applications to bond and currency options. The Review of Financial Studies, 6(2), 327-343.

Hong jiu, L., Rieg, R., & Yanrong, H. (2012). Performance comparison of artificial intelligence
methods for predicting cash flow. NEURAL NETWORK WORLD, 22(6), 549-564.
https://doi.org/10.14311/NNW.2012.22.034

Hosseini, M., Katragadda, S., Wojtkiewicz, J., Gottumukkala, R., Maida, A., & Chambers, T.
L. (2020). Direct normal irradiance forecasting using multivariate gated recurrent units.
Energies, 13(15), 3914. https://doi.org/10.3390/en13153914

Kazemi, S. M., Goel, R., Eghbali, S., Ramanan, J., Sahota, J., Thakur, S., Wu, S., Smyth, C.,
Poupart, P., & Brubaker, M. A. (2019). Time2vec: Learning a vector representation of time.
arXiv preprint arXiv:1907.05321.

41



Kim, T., Oh, K. J., Kim, C., & Do, J. D. (2004). Artificial neural networks for non-stationary
time series. Neurocomputing, 61, 439-447. https://doi.org/10.1016/j.neucom.2004.04.002

Kozlova, M. (2017). Real option valuation in renewable energy literature: Research focus,
trends and design. Renewable and Sustainable Energy Reviews, 80, 180-196.
https://doi.org/10.1016/j.rser.2017.05.166

Lago, J., De Ridder, F., & De Schutter, B. (2018). Forecasting spot electricity prices: Deep
learning approaches and empirical comparison of traditional algorithms. Applied Energy, 221,
386-405. https://doi.org/10.1016/j.apenergy.2018.02.069

Liu, S., Oosterlee, C. W., & Bohte, S. M. (2019). Pricing options and computing implied
volatilities using neural networks. Risks, 7(1), 16. https://doi.org/10.3390/risks7010016

Merton, R. C. (1973). Theory of rational option pricing. The Bell Journal of Economics and
Management Science, 4(1), 141-183. https://doi.org/10.2307/3003143

Merton, R. C. (1976). Option pricing when underlying stock returns are discontinuous. Journal
of Financial Economics, 3(1-2), 125-144. https://doi.org/10.1016/0304-405X(76)90022-2

Orbis Europe. (2022). Bureau van Dijk Electronic Publishing.

Preeti, Bala, R., & Singh, R. P. (2019). Financial and non-stationary time series forecasting
using LSTM recurrent neural network for short and long horizon. In 2019 10th International
Conference on Computing, Communication and Networking Technologies (ICCCNT) (pp. 1-
7). IEEE. https://doi.org/10.1109/ICCCNT45670.2019.8944624

Santos, L., Soares, 1., Mendes, C., & Ferreira, P. (2014). Real options versus traditional methods
to assess renewable energy projects. Renewable Energy, 68, 588-594.
https://doi.org/10.1016/j.renene.2014.01.038

42



Sezer, O. B., Gudelek, M. U., & Ozbayoglu, A. M. (2020). Financial time series forecasting
with deep learning: A systematic literature review: 2005-2019. Applied Soft Computing, 90,
106181. https://doi.org/10.1016/j.as0c.2020.106181

Siddiqui, A. S., Marnay, C., & Wiser, R. H. (2007). Real options valuation of US federal
renewable energy research, development, demonstration, and deployment. Energy Policy,
35(1), 265-279. https://doi.org/10.1016/j.enpol.2005.11.019

Snoek, J., Larochelle, H., & Adams, R. P. (2012). Practical bayesian optimization of machine
learning algorithms. Advances in Neural Information Processing Systems, 25, 2951-2959.

Tomar, D., Tomar, P., Bhardwaj, A., Sinha, G. R., & Kumar, V. (2022). Deep learning neural
network prediction system enhanced with best window size in sliding window algorithm for
predicting domestic power consumption in a residential building. Intelligent Neuroscience,
2022, Article 72169509. https://doi.org/10.1155/2022/7216959

Venetsanos, K., Angelopoulou, P., & Tsoutsos, T. (2002). Renewable energy sources project
appraisal under uncertainty: the case of wind energy exploitation within a changing energy
market environment. Energy Policy, 30(4), 293-307. https://doi.org/10.1016/S0301-
4215(01)00096-9

Zhu, L., Yan, M., & Bai, L. (2022). Prediction of enterprise free cash flow based on a
backpropagation neural network model of the improved genetic algorithm. Information, 13(4),
172. https://doi.org/10.3390/info13040172

APPENDIX 1: SUPPLEMENTARY DATA AND CODE

All code related to the scraping of data, processing, model setup, and data itself can be found
in this public GitHub repository.
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