Pre prints.org

Article Not peer-reviewed version

Using Generative Pre-Trained
Transformers (GPT) for Electricity Price
Trend Forecasting in the Spanish Market

Alberto Menéndez Medina and José Antonio Heredia Alvaro

Posted Date: 20 March 2024
doi: 10.20944/preprints202403.1197v1

Keywords: electricity market price; Spain; Generative Al; GPT; sentiment analysis

Preprints.org is a free multidiscipline platform providing preprint service that
is dedicated to making early versions.of research outputs permanently
available and citable. Preprints posted at Preprints.org appear in Web of
Science, Crossref, Google Scholar, Scilit, Europe PMC.

Copyright: This is an open access article distributed under the Creative Commons
Attribution License which permits unrestricted use, distribution, and reproduction in any
medium, provided the original work is properly cited.




Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 20 March 2024 d0i:10.20944/preprints202403.1197.v1

Disclaimer/Publisher’'s Note: The statements, opinions, and data contained in all publications are solely those of the individual author(s) and

contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to people or property resulting
from any ideas, methods, instructions, or products referred to in the content.

Article
Using Generative Pre-Trained Transformers (GPT)

for Electricity Price Trend Forecasting in the
Spanish Market

Alberto Menéndez Medina ' and José Antonio Heredia Alvaro 2*

1 Catedra Industria 4.0 Universitat Jaume I, Castellon , Spain; albertomenendez@outlook.com
2 (Catedra Industria 4.0 Universitat Jaume I, Castellén , Spain; heredia@uiji.es
* Correspondence: heredia@uji.es

Abstract: The electricity market in Spain holds significant importance in the nation's economy and
sustainability efforts due to its diverse energy mix that encompasses renewables, fossil fuels, and nuclear
power. Accurate energy price prediction is crucial in Spain, influencing the country's ability to meet its climate
goals and ensure energy security and affecting economic stakeholders. We have analyzed electricity market
related news and expert reports between 2018 and 2023 using advanced capabilities of GPT tools, like OpenAl's
ChatGPT, to predict the electricity price trend for the Spanish market. Our research proposes two different
training and modelling approaches of Generative Pre-trained Transformers (GPT) with specialized
news feeds specific to the Spanish market: in-context example prompts and fine-tuned GPT models.
Our findings indicate that integrating GPT insights into electricity price trend forecasting can result
in more precise predictions and a deeper understanding of market dynamics. Through our research,
we aim to provide insights to understand the capabilities of GPT solutions, and how those can be
used to enhance prediction accuracy, ultimately supporting informed decision-making for
stakeholders across the Spanish electricity market and companies whose margins heavily depend
on electricity costs and price volatility.

Keywords: electricity market price; Spain; Generative Al; GPT; sentiment analysis

1. Introduction

The forecast of the medium to long-term price trend of the electricity market is subject to
considerable uncertainty due to the influence of multiple complex factors - geopolitical events,
climatic phenomena, social developments, regulations, technical factors, economic cycles, etc. [1].

Analyzing the evolution of the Spanish electricity market (OMIE) from 2018 to 2023 [2] unravels
key factors behind heightened volatility. Understanding the intricate evolution of energy prices
between 2018 and 2023 (Figure 1), sheds light on the multifaceted factors that influenced this journey.
According to the International Energy Agency [3], during the initial years, from 2018 to 2021, energy
prices were shaped by a confluence of variables, including rising costs across various fuels and
technologies, supply chain pressures, labor market constraints, and fluctuations in critical mineral
supplies and construction materials. Notably, clean energy costs, which had previously witnessed
steady declines, exhibited a distinct uptrend during this period.
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Figure 1. Evolution of energy price in the electricity Spanish market -OMIE- (2018-2023).
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However, the narrative dramatically turned after 2020, with energy prices experiencing
heightened volatility. As reported, the primary catalyst for this volatility was the growing disparity
between surging demand and a limited pipeline of new conventional projects within the oil industry.
This imbalance introduced a significant risk of price spikes, casting shadows on the global economy's
stability. Moreover, competitive electricity markets grappled with a widening gap between revenue
from electricity sales and total generation costs, further contributing to price fluctuations.

The COVID-19 pandemic, a global disruptor, played its part by dampening overall energy
demand, particularly in the case of carbon-intensive fuels like coal and oil. Conversely, renewable
energy sources proved more resilient in the face of the pandemic's impacts. CO2 emissions were
notably reduced, and the energy sector witnessed a decline in capital investment, primarily affecting
oil and natural gas supply projects. These repercussions are expected to reverberate through energy
markets in the years to come.

Furthermore, the world's current energy crisis, initiated by Russia's invasion of Ukraine, has
added another layer of complexity to the energy landscape. High energy prices, particularly in the
natural gas sector, have led to wealth transfers from consumers to producers, affecting electricity
generation costs globally. The crisis has also posed challenges in ensuring access to modern energy
for many, with lingering uncertainties about its duration and fossil fuel price trends. While short-
term shifts have seen increased demand for oil and coal as alternatives to costly gas, the long-term
trajectory points toward low-emissions sources such as renewables, nuclear energy, and heightened
efficiency measures.

Previous time series forecasting approach models used to determine energy prices prior to the
COVID-19 pandemic [4-6] faced significant challenges during and after the crisis. They struggled to
adapt to the abrupt disruptions in energy demand, increased price volatility, supply chain pressures,
and changes in the energy mix brought about by the pandemic. Additionally, uncertainties in the
economic and policy landscapes further hindered their accuracy. The pandemic exposed the
limitations of these forecasting models in coping with such unforeseen disruptions, emphasizing the
need for more adaptable and robust forecasting approaches to navigate the evolving energy market
dynamics effectively.

Scientific evidence suggests that having prior information about these qualitative factors can be
of great importance in understanding the possible future evolution of the market. For example,
understanding what affect the consumption patterns [7,8], the demand density [9], and the electricity
generation [10,11] can be critical. In fact, many market specialists publish their understanding of
recent market developments and possible trends based on factors such as social phenomena affecting
demand, conflicts, government agreements, natural disasters, legislative actions, nuclear plant
shutdowns, weather conditions, etc., either through journals or company reports available on the
web.

These reports can be processed to apply sentiment analysis techniques. Typically, sentiment
analysis techniques applied to markets (stock markets, oil markets, electricity markets) capture only
headlines and classify the possible price direction. Research insights suggest that including sentiment
analysis results improves quantitative predictions of price prediction models. There is a growing
trend towards using deep learning techniques for market sentiment analysis. Machine learning-based
methods involve training a model on a dataset of text where the sentiment of each text fragment is
known. The trained model can then be used to predict the sentiment of new text. Examples of
machine learning techniques include Convolutional Neural Networks (CNN), Recursive Neural
Networks (RNN), and Transformer models [12].

Large Language Models (LLMs) are based on Transformer architecture trained on a large
volume of data (GPT), which are then fine-tuned for specific contexts [13]. Current LLMs have been
trained on large and varied datasets, giving them the capability to understand the functioning of the
economy and markets. To evaluate sentiment in a particular market, they need to be fine-tuned with
specific new datasets derived from specialist reports and related news to derive sentiments of the
specific market [14,15]. Breitung et al. [16] apply this approach to the oil market by generating a
specific dataset with 1600 records.
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So far, we have not found publications dealing with sentiment analysis applied to trends in
electricity markets.

Advanced natural language processing methods have transformed Al interaction and
Generative Pre-trained Transformers (GPT) are ground-breaking for generating human-like text and
comprehending natural language [17]. GPT models can be extended and refined with specialized
news and reports analysis [18], which can significantly enhance energy price prediction models, in
addition to sentiment analysis, in several ways:

e Data Enrichment: GPT-based models can analyze and extract valuable insights from a vast
corpus of specialized news articles and reports on the energy market. This data enrichment
provides a broader context for energy price forecasting models.

e Event Detection: GPT models can detect and highlight significant events [19], such as
geopolitical developments, supply disruptions, or regulatory changes, that may impact energy
markets. These detected events can be used as input variables for forecasting models.

e  Market News Summarization: GPT can generate concise summaries of complex news articles
and reports [20] making it easier for analysts and traders to stay informed about market
developments. These summaries can serve as valuable inputs for forecasting models.

e Identifying Influential Factors: GPT can identify, and rank factors mentioned in the news and
reports likely to influence energy prices. This information can guide feature selection and help
prioritize variables in forecasting models.

e  Customized reports: In the case of OpenAl's GPT, users can provide customized prompts to
extract specific information or insights from news and reports. This allows for tailored analysis
based on the unique requirements of the forecasting model.

The assumption is that by incorporating GPT-based specialized news and reports analysis into
energy price prediction models allows for a more comprehensive and timely understanding of
market dynamics [21]. This, in turn, may improve the models' accuracy and helps energy market
participants make informed decisions in an increasingly complex and dynamic environment. The
application of GPT technology in predicting energy prices in the Spanish Market is the focus of our
research.

In this paper, we analyze how the reasoning capabilities of large language models (LLMs) can
be used to derive context-specific trend predictions from specialized news and expert reports. We
construct a dataset of electricity news and reports and compare the forecasting performance of two
different approaches for domain knowledge enhancement: prompting engineering and fine-tuning.
Our findings indicate that LLMs can successfully leverage their reasoning capabilities to
contextualize the evolution of electricity market prices.

We contribute to the literature on advanced Natural Language Processing (NLP) tools applied
to management science, illustrating how LLMs can be effectively used to extract business experts'
perspectives on the future and consolidate their consensus, and provide tactical guidance to drive
these models towards achieving optimal results.

In what follows, we present the methods used to adjust the GPT, the implementation details (the
original code and the dataset are openly available?), the metrics that we have defined to evaluate the
different dimensions of the sentiment extracted from the analysis of the texts, the results obtained,
the future developments that would be interesting to address and the main conclusions of this article.

2. Materials and Methods

OpenAlI's GPT models, renowned for their natural language understanding and generation
capabilities, provide a robust foundation for various applications. Two primary paradigms emerge
regarding integrating private data and tailoring these models to specific tasks: context learning and
fine-tuning [18]. These paradigms unlock the potential to enhance model performance, adapt to

! https://github.com/AMM-UJI/energy-price-prediction-OpenAl
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domain-specific nuances, and leverage the unique characteristics of proprietary datasets, all while
preserving the underlying capabilities of the pre-trained GPT model.

2.1. Paradigm 1: In-Context Learning

In-context learning, also called prompt engineering or prompt design, is a paradigm that allows
users to interact with GPT models by providing context-specific instructions or queries [22]. This
approach enables the customizations of model responses without directly modifying the model. By
crafting tailored prompts, users can elicit responses that align with their specific requirements,
making it a versatile tool for leveraging the pre-trained knowledge of GPT models while adding a
layer of domain specificity. In-context learning is precious when quick, context-aware responses are
needed, such as in chatbots, customer support, or generating domain-specific content. However, it
relies on the skillful design of prompts and may require iterative adjustments to achieve optimal
results, as understanding and controlling model behavior through prompts can be nuanced.

2.2. Paradigm 2: Fine-Tuning

Fine-tuning represents a deeper level of customization, where the pre-trained GPT model is
adapted to perform specific tasks or Excel domains [23]. The model is further trained on domain-
specific data, including proprietary datasets, specialized text, or even structured information in this
paradigm. Fine-tuning allows the model to learn from this additional data while preserving its
general language understanding capabilities. This approach results in a more refined and specialized
model capable of providing nuanced and context-aware responses in a particular domain. Fine-tuned
models have applications in medical diagnosis, legal document analysis, and financial forecasting,
where precise and domain-specific insights are essential. However, fine-tuning requires careful data
curation, domain expertise, and a thorough understanding of the trade-offs involved in
specialization, as excessive fine-tuning can risk overfitting to specific datasets and limit model
generality.

2.3. Implementation Details

To conduct a comprehensive comparative analysis and measure the efficacy of OpenAl
technologies into time series trend forecasting, we created two sets of predictions with the in-context
examples and fine-tuning approaches of OpenAl's customization, using a collection of news articles
[24,25] and expert analysis reports specifically focused on the Spanish energy markets [26,27].

The OpenAl models calculated three variables for each news article content:

1. Impact on Electricity Price (Scale 0-10): The first variable quantifies the perceived impact of each
news article on the price of electricity within a scale ranging from 0 (no impact) to 10 (high
impact). This quantification allows us to discern the potential influence of each piece of news on
energy prices, a critical factor in our forecasting model.

2. Direction of Impact (Up, Down, None): We evaluated whether the news articles indicated a
potential price impact in the form of an increase ("Up"), a decrease ("Down"), or no discernible
impact ("None"). Understanding the Direction of influence is paramount for making informed
predictions in the dynamic energy market.

3. Impact Period (Past, Short-term, Mid-term, Long-term, None): The third variable delves into the
temporal aspect of impact, categorizing it into various periods—Past, Short-term, Mid-term,
Long-term, or None. This temporal classification aids in determining when the anticipated price
effects are likely to materialize, further enhancing the precision of our forecasts.

Simulating the impact of news on the energy market involves understanding market dynamics
and investor behavior when they receive updates [28]. While no formula perfectly captures this, we
used a simplified “exponential decay” model to represent how the impact of news might fade over
time for short-term news and a “Gaussian model” for mid-long-term impacts (Figure 2). This model
assumes that the impact of the news will be most significant immediately after or close to its release
and will gradually diminish over time.
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Figure 2. Three different approaches to simulate news impact decay over time.

2.3.1. In-context Implementation

For the in-context model, we added to the instructions to calculate the mentioned variables, 8
examples of the market news and articles dataset and provided the values of Impact, Direction and
Period from an energy expert point of view (Figure 3). We executed this prompt passing as parameter
each of the collected news and articles in the full dataset and enrich each news record with the new
information calculated by GPT (model: text-davinci-003).

] ©
Energy Energy
News In-context News
examples
' prompt
Specialised Specialised
reports 8 examples reports
\ / provided with \ /
the prompt
~ 1545 records OpenAl
enriched
information

Figure 3. In-context example multivariate model.

Taking the “Impact” value of the news on the date of release, we calculated the average impact
over the following period depending on the identified “Duration”: for short-term up to 3 weeks; for
mid/long-term, up to 3 months. Then we grouped all these values calculating the average of each
interval (weeks for short-term, months for mid/long term). The symbol of the value indicated if it was
a positive or negative impact (increase or decrease of the energy price).

2.3.2. Fine-Tuned Implementation

To create the fine-tuned model, for each news or article, we completed a first run with OpenAl
using the “In-context examples prompt” to identify its assessment of “Impact Period” for each record
(short-term, mid/long-term, past, None), keeping aside 25 randomly selected records for each
possible value for the fine-tuning.
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In parallel, calculated for each date of the time-series range (2018-2023) what difference (%) the
price has suffered with the previous time interval to the news event (weeks for short-term, months
for mid/long term) as per the following formulas

Impactyeer = 0.5 APrice,por ¢ + 0.3 - APTiCe 00k 41 + 0.2 - APTICE 00k t42
Impact,onin = 0.5 APriceonen e + 0.3 - APrice month 41 + 0.2

“APTicemontn t+2

With this information, we populated each news sample record to be used for fine-tuning,
including the “Direction” field (sign of the impact), obtaining a dataset as the one shown below
(Figure 4):

Time Headline Price Reallmpact Directiom Period
20191227 Energla El sistema eléctrico registrd un super...  32.518750 6.7 Long
9-03 GAS y PETROLEO REPowerE scion suropea conju...  118.456250 -18.2 Long
Interrumpibilidad Alcoa se adjudica 21 millone...  80.335833 5.2 oW Long

MERCADO ELECTRICO Iberdrola se compromete a no... 203.084583 33 L Long

Energla El Ejecutivo dari 900 millones en ayud... 89.838750 253 Long

INFORMES E| Barématro enargético de AEGE seflal... 213.801667

623 2021-08-26 Combustible La gasolina baja por segunda saman... 122.575833
617 2021-08-16 Enargla El pracio de la luz sigue por debajo d...  90.1B8750
370 2020-04-01 Coronavirus La crisls de las pymes asesta un d. 25.994583

7 2021-10-26 Crénica de Bolsa lberdrola da impulso al lbex ... 215.337083

125 rows x B columns

Figure 4. Pre-Fine-Tune data frame.

From here we were ready to follow the Fine-tuning steps explained by OpenAl to create a
custom model [23]:

e Dataset preparation: Every instance within the dataset should represent a conversation
structured in a manner consistent with OpenAl’s Chat Completions API. This structure entails
organizing the conversation as a list of messages, where each message comprises a role, content,
and the possibility of including a name.

e Validate data formatting and divide training and testing datasets

e  Upload dataset file and create the fine-tuning job using the OpenAI SDK.

e  Use the new fine-tuned model with the rest of the news and articles to enrich the dataset with
calculated variables.

After applying the new model to the rest of the news and article dataset (Figure5), we calculated
the average Impact decay based on Impact Period (short-term: weekly average; mid/long-term:
monthly average).

2 The weights in the formula are a simplified approximation to the area under the curve for

“exponential decay” and “Gaussian model” as per in Figure 2.
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Figure 5. Fine-tunned OpenAl multivariate model.

3. Results

From the results of analyzing the news and articles, we extract information like its impact on the
price, the direction of that impact, and the period it will occur.

We have grouped the insights provided by this analysis in short-term and mid/long-term,
calculating the average impact for each interval and the sign indicating Direction, and we evaluate
the accuracy of that prediction based on the variation of price over the following period after the
news occurred.

We have defined three different types of metrics to measure the accuracy of the Direction of the
Impact prediction:

e  Close Price: If the Direction indicates that the Price will go UP (Figure 6), the OPEN PRICE at
the beginning of the first interval when the news is published (interval t) should be LOWER than
at least 1 of the CLOSE PRICE values of the current or the following two intervals (t, t+1, t+2).
The intervals will be weeks for short-term and months for mid/long-term.

DIRECTION UP A

RIGHT RIGHT WRONG
CLOSE,,,
CLOSE,,, t 1+1 142
t t+l 2
CLOSE, CLOSE,

OPEN, ™8 - ccccnntnccnnncncsnnasss OPEN, ™% ----- . ——————————————— OPEN, pupg=======r======== *‘CAI.E’-SE R

T

€10 CLOSE, | D
t t+l 42
CLOSE,,,

Figure 6. OpenAl Close Price Metric: Direction UP.

If the Direction indicates that the Price will go DOWN (Figure 7), the OPEN PRICE at the
beginning of the first interval when the news is published (t) should be HIGHER than at least 1 of the
CLOSE PRICE values of the current or the following two intervals (t, t+1, t+2).
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Figure 7. OpenAl Close Price Metric: Direction DOWN.

e  High/Low: If the Direction indicates that the Price will go UP (Figure 8), the OPEN PRICE at the
beginning of the first interval when the news is published (interval t) should be LOWER than at
least 1 of the HIGH PRICE values of the current or the following two intervals (t, t+1, t+2). The
intervals will be weeks for short-term and months for mid/long-term.

DIRECTION UP A
RIGHT RIGHT WRONG

HIGH,,;
HIGH,

t t+l t+2 t t+l t+2

HIGH,, ;

HIGH, i
HIGH, )
OPEN, l ------------------------ OFEN, R S — oFE e
' ' ‘ l HIGH,, N g, HIGH, -HIGHH
t t+l t+2

Figure 8. OpenAl High/Low Price Metric: Direction UP.
If the Direction indicates that the Price will go DOWN (Figure 9), the OPEN PRICE at the

beginning of the first interval when the news is published (t) should be HIGHER than at least 1 of the
LOW PRICE values of the current or the following two intervals (t, t+1, t+2).

DIRECTION DOWN V¥
RIGHT RIGHT WRONG

LOW,,,
t 41 142 t 41 42 t 141 142

Figure 9. OpenAl High/Low Price Metric: Direction DOWN.
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Threshold: Same as High or Low, but there should be a minimum difference between the Open
Price value and the High or Low, depending on the Direction of 2% for short-term and 5% for
mid/long term.

3.1. Short-Term Analysis

The following figures (Figures 10 and 11) and Table 1 show the analysis results of short-term
identified impacts on price using OpenAl and comparing both approaches: in-context examples and
fine-tuning. The color of the arrows indicates OpenAl prediction to go UP (green) or DOWN (red),
next to the price timeseries.

ntext: Short-term Impact analysis
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Figure 10. In-context short-term graph.
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Figure 11. Fine-tuned short-term graph.

Table 1. OpenAl short-term metrics.

In-context Fine-tunned

Accuracy Close Price 0.64 0.71
Accuracy High/Low 0.74 0.81
Accuracy Threshold 2% 0.64 0.64

The in-context model detects 117 impact points, while the fine-tuned model only detects 31
short-term impacts.

Concerning the scores, we can see that the fine-tunned approach performs slightly better but
with considerably fewer captured points.

3.2. Mid/Long-Term Analysis

The following figures (Figures 12 and 13) and Table 2 show the results of the analysis of
mid/long-term identified impacts on price using OpenAl and comparing both approaches: in-context
examples and fine-tuning.
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Figure 13. Fine-tuned mid/long-term graph.

Table 2. OpenAl mid/long-term metrics.

In-context Fine-tunned

Accuracy Close Price 0.68 0.81
Accuracy High/Low 0.89 0.93
Accuracy Threshold 5%  0.80 0.86

The in-context model detects 71 impact points, while the fine-tuned model only detects 59
mid/long-term impacts. The scores show that the fine-tuned approach is performing again better,
although with slightly fewer points.

Overall, OpenAl detects the trend in the price time series, especially in the mid/long term. The
in-context approach seems more sensitive, but the fine-tuned model provides slightly more accurate
results.

4. Discussion

Our findings indicate the potential of GPT models to provide valuable insights and improve
predictions, particularly in understanding mid-term price trends. Therefore, we conclude that
continued exploration and optimization of OpenAl's capabilities are essential to unlock their full
potential in energy price forecasting, and particularly electricity market price. To validate and to
generalize the observed results further research is needed.

Building on the insights gained from this study it should be enhanced the contextual
understanding and data sources used as input for the GPT models by incorporating additional
relevant news and reports sources and increased periodicity and optimizing the accurate impact
calculation and decay over time methods to translate real impact.

The key benefit of increasing LLM awareness about the market evolution by the in-context
approach is that it avoids the need to re-modify LLM parameters for this specific task application.
Instead, developers can append an external knowledge repository, enriching the input and thus
refining the output accuracy of the model. Therefore, in-context is seen as a more practical and
economical approach, with a lower barrier to entry and independent of the specific LLM model.
However, for more extensive and professional applications, it is necessary to automate the workflows
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that allow scalability and better precision of responses. A RAG architecture [29] can be developed for
this purpose.

RAG has become one of the most popular architectures in LLM systems, combining automated
information retrieval mechanisms and in-context learning to bolster LLM performance. In this
framework, a query initiated by a user requests the retrieval of relevant information through search
algorithms. This information is then integrated into the LLM indications, providing additional
context for the generation process [30].

In basis of an RAG architecture, we plan to develop the following additional functionalities:

e  the incorporation of GPT-calculated features into multivariate time series prediction models as
input variables

e influential event detection as early warning signals (natural disasters, geopolitical conflicts,
regulatory changes)

e automatic generation of reports that describe the recent evolution of the electricity market price
and the prediction of price trends.

5. Conclusions

Our research explored the crucial realm of energy price prediction within the Spanish electricity
market, which has significant implications for the nation's economy, sustainability goals, and energy
security. We utilized GPT models, specifically OpenAl's ChatGPT, to create a new approach to energy
price trend forecasts. This new approach can be used to create innovative hybrid models merging
GPT insights with domain-specific knowledge and real-time data feeds to address the unique
complexities of the Spanish electricity market.
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