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Abstract: Deep learning techniques have significantly advanced time series prediction by effectively
modeling temporal dependencies, particularly for datasets with numerous observations. Although
larger datasets are generally associated with improved accuracy, the results of this study demonstrate
that this assumption does not always hold. By progressively increasing the amount of training data in
a controlled experimental setup, the best predictive metrics were achieved in intermediate iterations,
with variations of up to 66% in RMSE and 44% in MAPE across different models and datasets. The
findings challenge the notion that more data necessarily leads to better generalization, showing that
additional observations can sometimes result in diminishing returns or even degradation of predictive
metrics. These results emphasize the importance of strategically balancing dataset size and model
optimization to achieve robust and efficient performance. Such insights offer valuable guidance for
time series forecasting, especially in contexts where computational efficiency and predictive accuracy
must be optimized.
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1. Introduction

Deep learning has made remarkable strides in time series prediction, largely due to its
ability to model complex temporal dependencies that traditional methods often struggle
with. The evolution of deep learning architectures for time series forecasting began with
multilayer perceptrons (MLPs), which laid the groundwork for later developments in the
field. MLPs [1–4] enabled the modeling of static relationships in data, but as the need for
capturing sequential information arose, more sophisticated techniques were developed.
This led to the advent of recurrent neural networks (RNNs) [5,6] which incorporate feedback
loops to retain information from past states, significantly enhancing predictive capabilities.
The field continues to progress with the introduction of transformer networks [7,8] which
have shown exceptional performance in a variety of tasks, including time series forecasting,
by allowing for long-range dependencies without the limitations of sequential processing
inherent in RNNs.

Modern deep learning models, particularly large language models (LLMs) [9], have
architectures that can include billions of parameters, reinforcing the principle of “more data,
better model performance”. This principle posits that increasing the amount of training data
generally leads to improvements in model accuracy, yet this can be challenging in practice.

Despite these advancements in architecture, a significant research gap remains re-
garding the optimal use of data volume in training deep learning models for time series
forecasting. Although the prevailing assumption in the field is that increasing the amount
of training data improves model accuracy, this approach has limitations. Large datasets
introduce challenges such as noise, missing values, and computational complexity, which
may hinder performance and create inefficiencies. Furthermore, traditional learning frame-
works like the probably approximately correct (PAC) learning theory [10] suggest that
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while large sample sizes improve the likelihood of accurate learning, unique challenges
arise in time series data, including autocorrelation, non-stationarity, and seasonality [11].
Time series data often exhibit behavioral shifts, where only specific subsets of data may be
relevant for making accurate forecasts.

Innovative strategies have emerged to mitigate the limitations associated with small
datasets while leveraging the potential of large models. For example, recent findings
indicate that thoughtful optimization of model architecture and training processes can
yield high accuracy, even with limited data availability [12]. These insights suggest that
while the volume of data typically enhances model performance, effective model tuning
and the utilization of pre-existing knowledge can reduce the dependence on extensive
datasets, making deep learning techniques more applicable across domains where data
may be scarce.

The existing literature largely overlooks the possibility that effective training could
be achieved with subsets of data, especially when historical data from previous horizons
is strategically incorporated. This study addresses this gap by questioning whether the
principle of “the more data, the better model performance” holds in the context of time
series forecasting. Specifically, it explores whether training deep learning models on
selectively chosen subsets provides improved performance metrics compared to training
on complete datasets.

Although models are studied in which research focuses on estimating model param-
eters by using a partial window of available observations [13], if the first available data
follow a process unrelated to the current reality, then the use of such data in the estimation
can lead to biased predictions and report higher mean square errors. Excessive reduction,
however, can negatively impact the variance, reflecting higher errors. For these reasons,
it is essential to study methodologies that allow starting from the most recent data and
studying the impact of adding mobile windows with historical data to build forecasts,
allowing the generalization capacity of the model to be observed [14].

This research, therefore, aims to challenge the traditional view of data quantity and
emphasize the potential of optimized training and strategic data usage. By doing so, this
study contributes a novel methodology for data selection in deep learning for time series
forecasting, demonstrating that, in some cases, intermediate dataset sizes yield optimal
predictive accuracy. The key contributions of this study are as follows:

This work critically examines the impact of dataset size on time series forecasting
using deep learning techniques. Through an experimental approach, it is demonstrated
that optimal predictive performance is not always achieved with the complete dataset, but
rather in intermediate iterations, challenging the assumption that larger datasets always
yield better metrics. The key contributions of this study are as follows:

- Identification of a nonlinear relationship between dataset size and predictive perfor-
mance, with significant variations in metrics such as RMSE (up to 66%) and MAPE
(up to 44%) across different models and time series.

- Proposal of a methodology that optimizes data usage, illustrating how strategic
selection of observations can enhance computational efficiency without compromising
model accuracy.

- Demonstration that, in certain cases, smaller datasets can outperform larger ones in
terms of overall model performance, depending on the time series structure and the
model employed.

This article is organized as follows: Section 2 provides a detailed description of
the methodology. Section 3 gives information on the databases used and details of the
parameters of the models employed. Section 4 focuses on the main results. Section 5
presents a discussion based on the obtained evidence. Finally, Section 6 describes the
conclusions and future lines of work.
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2. Related Works

In recent years, machine learning (ML) models have increasingly leveraged meta-
heuristic algorithms for fine-tuning, enhancing their predictive accuracy and efficiency, par-
ticularly in time series forecasting. Metaheuristic approaches, including genetic algorithms,
particle swarm optimization, and simulated annealing, offer robust solutions for optimizing
the hyperparameters of complex models [15]. This is especially beneficial in fields where
data characteristics are highly dynamic, such as financial forecasting and hydrological
predictions [16]. For instance, in forecasting cryptocurrency prices, decomposition-aided
long short-term memory (LSTM) models, tuned with metaheuristic algorithms, have shown
promise in capturing volatile patterns in bitcoin pricing [17]. This approach not only en-
hances model performance, but also facilitates interpretability through techniques such as
Shapley values, which provide insights into feature contributions to model predictions.

The combination of deep learning architectures with metaheuristic optimization has
also seen success in environmental sciences, particularly for streamflow and hydroclimatic
data analysis. Recent studies demonstrate that by incorporating metaheuristic-enhanced
ML models, such as those using gradient-boosted trees and deep neural networks, re-
searchers can significantly improve monthly streamflow prediction [18]. These models,
tuned to capture intricate hydroclimatic dependencies, underscore the potential of meta-
heuristics in adapting ML models to unique domain challenges. As a result, the use of
metaheuristics for model optimization has emerged as a state-of-the-art approach in time
series forecasting, offering a more adaptable and fine-grained methodology that enhances
both accuracy and applicability across diverse domains.

2.1. Neural Networks for Time Series Forecasting

The large amount of available data makes ANNs increasingly a dominant technique in
time series predictions. There is a wide literature on the use of neural networks, Zhang [19]
makes an extensive summary of works in which different models are applied to these tasks,
obtaining results with lower errors than traditional techniques.

In the model studied by Hochreiter and Schmidhuber [20], a long-term memory
network (LSTM) has the capacity to store information from iterations in the network,
behaving as a memory of the previous states to calculate the following states.

Several researchers have described the performance of LSTM networks for the predic-
tion of time series, such as those observed in [21–23], discovering a higher performance
than traditional techniques, especially in cases of large numbers of observations. The
use of BiLSTM networks, although also widely extended and with good results, is not
contemplated since it would increase the processing time and the computational cost [24],
without a significant improvement in the results.

A simpler architecture is the MLP, one of the most studied networks in the literature
due to its simplicity in time series prediction tasks [25–27], in addition to the great ability
to establish relationships despite being the simplest model, it is currently still the subject
of extensive research. This widespread use is due to the fact that it is a simple, but highly
effective model [28], especially in the approximation of functions even in non-linear time
series or with missing data.

2.2. Impact of Data Quantity in Time Series Forecasting

In time series forecasting, the correlation between the quantity of data and model
accuracy is particularly pronounced. Larger datasets are often essential for accurately
modeling complex multivariate time series, as they capture a wider array of seasonal
and cyclical patterns. For instance, models such as DeepAR [29] demonstrate enhanced
performance when trained on extensive historical datasets, allowing them to identify
intricate temporal dependencies. In financial forecasting, longer and richer multivariate
time series provide the necessary context for models like long short-term memory (LSTM)
networks, thereby improving predictive accuracy [30].
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However, the utilization of larger datasets is not without its challenges. Issues such
as noise, missing data, and the computational complexity of handling vast datasets can
hinder model performance. To address these concerns, techniques such as data imputation
and noise filtering have been explored to enhance the quality of the data used for training.

There is some concern in the literature about the number of observations needed to
obtain good predictions, with some experimentation in this regard through performance
measurement and variation of error metrics [31,32], finding significant differences between
the observations considered necessary.

2.3. Transfer Learning and Multi-Task Learning

Some authors propose methodologies that try to address the handling of large amounts
of data, such as transfer learning [33] which represents a pivotal advancement in model
training, allowing practitioners to leverage knowledge from large, pre-existing datasets to
improve performance on smaller, domain-specific tasks. Recent studies have demonstrated
that pre-training models on external datasets followed by fine-tuning on target datasets
can yield significant performance enhancements, particularly when the target data are lim-
ited [34]. An example of this is the N-BEATS architecture [35], which has shown improved
forecasting accuracy across various domains when pre-trained on general datasets.

In addition, multi-task learning frameworks [36] have emerged as a promising av-
enue for enhancing predictive performance. By training models on multiple related tasks
simultaneously, these frameworks enable the capture of shared patterns across diverse time
series datasets, leading to improved outcomes on individual forecasting tasks [37].

2.4. Rolling Window Validation

Other techniques focus on an iterative approach to training to improve predictions.
Rolling window validation has emerged as a fundamental technique for evaluating the
performance of deep learning models in time series forecasting from the challenge of
time-dependent data. This approach involves sequentially training models on a fixed-
size training set while testing them on subsequent time periods, effectively simulating
real-world forecasting scenarios [38]. Employing rolling windows can ensure that model
assessments are robust and reflect the dynamic nature of time series data, which may
exhibit non-stationarity, seasonality, and trend shifts over time [39].

Recent studies have highlighted the advantages of rolling window validation over
traditional fixed-split methods, as it allows for continuous updates to model parameters
and hyperparameters, facilitating the capture of evolving patterns within the data [40]. Ad-
ditionally, this methodology enhances the generalizability of models by providing multiple
evaluations across different temporal segments, ultimately leading to more reliable in-
sights into model performance [41]. Notably, advancements in deep learning architectures,
such as LSTMs and transformers, have underscored the importance of effective validation
strategies, with rolling window validation being integral to optimizing model training and
selection processes in various forecasting applications [42].

All these methodologies are based on the principle of the impact of the size of the
time series on predictive models, some focusing on iterative training that includes the most
recent observations. The proposed model focuses on a methodology that begins by training
with the most recent data [43], allowing the model’s behavior to be observed by adding
historical data, obtaining on the one hand information on the model’s ability to generalize
by incorporating more data, and on the other hand understanding whether the data history
generates an impact on the prediction capacity.

3. Methodology
3.1. Multilayer Perceptron (MLP) Networks

Multilayer perceptron (MLP) models can be considered a classic neural network
approach for economic time series forecasting, widely used in the literature [28,44–48]. The
main reason for their extensive use is that they are considered universal approximators
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meaning they can approximate any continuous function with a hidden layer, provided it
has enough neurons. Despite their simple and easily programmable structure [3,25], they
are the subject of numerous research studies [27], showing promising results.

The processing units that constitute the network (neurons) are structured into multiple
layers, hence the term “multilayer”. The first layer represents the input data fed into
the neural network, while the final layer is responsible for producing an output that
corresponds to the network’s response to the processed data. Between these two, there may
be one or more intermediate layers. Each neuron in each layer processes the information it
receives from all the neurons in the preceding layer:

xl
j = f

(
∑

i
wl

jix
l−1
i + bj

)
. (1)

In this equation, xl
j represents the output of neuron j in layer l. This output is derived

from the outputs of neurons in the previous layer, xl−1
i , which are multiplied by the weights

wl
ji, representing the connections between this neuron and those in the preceding layer.

For this reason, these layers are often referred to as dense layers [49]. The output xl
j is

calculated by applying an activation function f () to the weighted sum of the inputs plus a
bias term bj. In hidden layers, common activation functions include the hyperbolic tangent
or the sigmoid function, while a linear function is generally used in the output layer.

The power of neural models, such as MLPs, lies in their ability to learn from data,
enabling them to perform artificial intelligence tasks. Therefore, it is essential to train them
before use. In this process, the available data are split into two groups: one for training and
another for validation. The validation set is used to assess the performance of the trained
network, which is a standard procedure in neural models.

During training, the data are organized into pairs of inputs and desired outputs. These
data are fed into the network, which generates an output. This output is then compared
to the expected one to compute the error. The error is propagated backward through the
layers to adjust the weights of the neurons to minimize it. The algorithm that performs this
adjustment is known as “backpropagation” [50].

3.2. Long Short-Term Memory (LSTM) Networks

Long short-term memories (LSTMs) are a sophisticated neural network architecture
designed to handle time-dependent data such as text, speech, or translations [20]. These
networks are equipped with internal memory and feedback loops within neurons in the
same layer, allowing them to process sequences effectively. Due to their complexity, the
processing units in LSTMs are referred to as “cells” instead of neurons. As depicted in
Figure 1, the temporal dynamics of inputs (xt), outputs (yt), feedback (yt−1), and memory
states (ct−1 and ct) are clearly illustrated. Each cell contains three gates, the input gate,
forget gate, and output gate, which regulate the flow of data within the cell over time.
These gates determine how much of the information is used to update the internal state.

The forget gate is responsible for deciding whether to retain or discard the stored
information, ct−1. This decision is made by computing the weighted sum of the new
inputs, xt, and the outputs from all neurons in the preceding time step, yt−1. This com-
putation is processed through a sigmoid function σ, which produces a response ranging
from 0 (indicating complete erasure of the “memory”) to 1 (indicating full retention of
the “memory”):

ft = σ
(

W f [yt−1, xt
]
+ b f

)
, (2)

In this expression,
[
yt−1, xt

]
represents the input vector (column vector) to the cell,

comprising the new inputs at time t, xt, and the outputs of all neurons in the same layer
at the previous time step, yt−1 (feedback). The symbol W f denotes the weight vector
associated with the forget gate, which includes weights for both the new inputs and the



Appl. Sci. 2024, 14, 11081 6 of 23

feedback, while bf signifies the corresponding bias. It is important to note that in neural
network literature, weights are typically represented as matrices when referring to an
unspecified neuron within a layer, with each row corresponding to a specific neuron.
However, since the formula reflects the response of a single neuron, the weight matrix is
represented as a row vector, which is then multiplied (through the dot or scalar product)
by the column vector comprising the new inputs and feedback.
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The input gate determines whether to incorporate new information into the internal
state of the cell (its “memory”). Similarly, the weighted sum of new inputs and feedback is
processed through a sigmoid function to ascertain the extent to which new information
should be integrated into the cell’s “memory”:

it = σ
(

Wi[yt−1, xt
]
+ bi

)
, (3)

In this context, W i and bi represent the associated weight matrix and bias. The
information intended for inclusion in the cell’s “memory” is calculated using the hyperbolic
tangent function, which yields values ranging from −1 to +1. This is applied to the
weighted sum (with Wc as the weight matrix) of the new information supplied to the cell,
in conjunction with contributions from other neurons within the same layer. A bias term,
bc, is also incorporated in this computation:

c′t = tanh
(
Wc[yt−1, xt

]
+ bc). (4)

The updated internal state is derived from the combination of the portion of its prior
value preserved by the forget gate and the input of the new information supplied by the
input gate. Therefore, it can be expressed in the following manner:

ct = ftct−1 + itc′t. (5)

The output gate determines the proportion of the new internal state that will be
emitted as the cell’s output. This value, which ranges from 0 to 1, is obtained through a
sigmoid function that processes the weighted sum of the new input data (Wo is the weight
matrix) and the previous outputs of the neurons in the same layer, in addition to a bias
term (bo). This approach is consistent with the processing methods used for the other gates
(i.e., the forget gate and the input gate, ft and it):

ot = σ
(
Wo[yt−1, xt

]
+ bo). (6)
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The output of the new cell will be the portion of the hyperbolic tangent of the new
internal state that the output gate permits to be transmitted.

yt = ottanh(ct). (7)

LSTM is trained using a variant of the traditional backpropagation algorithm, specifi-
cally tailored to accommodate the recurrent architecture of this model. This training process
involves two key modifications: the truncated backpropagation through time (BPTT), which
is employed to update the weights associated with the output units and output gates, and
the real-time recurrent learning (RTRL), which focuses on adjusting the weights of the cell
inputs, input gates, and forget gates [21].

3.3. Transformer Networks

In recent years, the use of transformer-based models for time series forecasting has
grown exponentially, as these solutions are particularly effective in extracting correlations
within long time series. Previously, these techniques were primarily utilized in the fields
of natural language processing (NLP) and computer vision [51,52] which has led to an
increasing interest in these networks due to their ability to capture dependencies and
interactions for forecasting time series.

Transformer architectures are characterized by their encoder–decoder structure, repre-
sented in Figure 2, where each encoder layer generates information regarding the relevance
of the inputs among themselves. Conversely, the decoder layer performs the opposite
function: based on the encodings, it generates the output sequence using the embedded
contexts [53].
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The application of transformers for time series prediction is on the rise, as evidenced
by the increasing number of publications focused on this area and the promising re-
sults obtained [54,55] solidifying this model as an attractive alternative to traditional
approaches [56].

These networks possess a deep learning architecture based on attention mechanisms.
The introduction of scaled dot-product attention algorithms is grounded in the research
conducted by Vaswani [57], whose primary objective was to enable models to focus on the
most relevant elements. To achieve this, the weighted sum of the values (V) is calculated,
where the weights are obtained through the softmax function applied to the dot products
of the queries (Q) and keys (K), scaled by the square root of the dimension of the keys (dk).
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3.4. Walking Back

The proposed methodology is based on the hypothesis that a larger number of ob-
servations increases both the computational cost and the training time of the models,
without necessarily guaranteeing an improvement in predictive performance. This phe-
nomenon is because, although more data can provide more information, they can also
increase the complexity of the model, which can lead to overfitting, where the model learns
non-generalizable patterns from the training data.

There is a gap in the literature regarding the optimal number of observations needed
to efficiently train neural networks. This ideal amount is not universal and depends largely
on the characteristics inherent to the time series, such as its seasonality, trends, periodicity,
and noise level. Previous studies have shown that the optimal amount of training data is
not always linearly proportional to the accuracy of the models, as performance can degrade
when irrelevant or excessively noisy historical data are introduced.

The choice to split the time series in half (50%) as a starting point is based on the
search for a balance between the amount of data used for training and the amount reserved
for subsequent iterations. Fifty percent represents a compromise between a sample large
enough to capture general patterns and an appropriate starting point for progressive
evaluation, avoiding computational overhead from the start. Various studies in incremental
learning suggest that splitting the data into large initial segments can help identify the
point at which the model starts to overfit historical data rather than improve performance.

By splitting only half of the observations, the model has enough information to
learn general relationships in the time series without being overly dependent on noisy or
irrelevant patterns in the early data. In fact, in many cases of time series prediction, more
recent data tend to have more relevance in future prediction than distant historical data,
making a progressive and selective approach to data input appropriate. This is also aligned
with the practice of using moving or dynamic data windows, widely used in time series
forecasting, which suggests that using recent data may be more beneficial than including
the entire series.

The progressive inclusion of the additional 10% of data in each iteration allows for a
flexible and adaptive approach to model evaluation, as one can monitor at each step how
the model’s performance changes as more historical data are introduced. This approach is
derived from the methodology of cross-validation and learning curve analysis, where the
idea is to find the point at which the model reaches its optimal performance without the
addition of additional data generating substantial improvements. In some cases, adding
more data can even degrade performance due to the phenomenon known as diminishing
returns [58], which occurs when additional data brings redundant information or noise that
reduces the model’s ability to generalize. The sequence of action of the model is reflected
in Figure 3.
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Formally, let x = {x1, . . . , xN } ∈ RN by the full time series where N is the total
number of time steps. Each iteration k ∈ {1, 2, 3, 4, 5, 6} defines a subset x(k) of the full
time series as:

x(k) =
{

x
(⌈

N
2
+ 1 − (k − 1)

N
10

⌉)
, . . . , x(N)

}
(8)

4. Dataset Details and Performance Metrics
4.1. Dataset

This section describes the time series used in the experimentation process to verify the
results with the ANNs used: MLP, LSTM, and transformer. These are data with different
characteristics, especially the number of observations, to check how the new methodology
influences when it comes to obtaining the best results.

The first time series included in the study is the time series with prices from NEMO
(nominated electricity market operator) for the management of the daily and intraday
market for electricity prices. The large number of observations contained in this dataset
allows a contrast with smaller time series. The data are composed of information between
13 November 2019, and 24 October 2023. The complex patterns of this series make it
suitable for prediction with the different models used.

To test the robustness of the proposed model, different datasets are included. The
second set is made up of data related to the West Texas intermediate crude price index (WTI)
obtained through the Thomson Eikon Reuters platform. The data have a daily timeline that
covers from 10 January 1983 to 15 June 2022. WTI prices are the most used spot oil price,
along with Brent spot prices as a reference to set the price of oil.

The third dataset includes the one corresponding to the Apple stock index with daily
data from 7 May 2004 to 8 May 2024. These data show a slight increasing trend, which
helps to validate the model in different cases.

Lastly, data relating to the gold price index using the XAU/USD pair are included
with daily data from 13 May 2015 to 15 June 2022.

Figures 4–7 illustrate the graphs of each time series. Figure 4a,c,e reflect the per-
formance of the methodology in the iteration in which the most adjusted metrics were
obtained, while Figure 4b,d,f represent the result obtained using the total number of
observations available for the GOLD time series corresponding to the MLP, LSTM, and
transformer models, respectively. Figures 5–7 follow the same structure for the WTI, Apple,
and OMIE time series respectively. Notably, the WTI time series (Figure 5) exhibits an
unusual peak in the middle, which poses a challenge for the proposed methodology. In
contrast, the other time series do not display irregular patterns that could complicate the
methodology’s application. Statistical analyses confirm that the datasets remain stable and
representative across varying observation sizes, supporting the validity of the experimental
setup and ensuring the reliability of the results. This comprehensive approach reinforces
the robustness of the findings, particularly regarding the relationship between dataset size
and model performance.

Appl. Sci. 2024, 14, x FOR PEER REVIEW 10 of 23 
 

unusual peak in the middle, which poses a challenge for the proposed methodology. In 
contrast, the other time series do not display irregular patterns that could complicate the 
methodology�s application. Statistical analyses confirm that the datasets remain stable and 
representative across varying observation sizes, supporting the validity of the experi-
mental setup and ensuring the reliability of the results. This comprehensive approach re-
inforces the robustness of the findings, particularly regarding the relationship between 
dataset size and model performance. 

 
(a) MLP model results in the iteration in which 

the best-fit metrics were obtained 

 
(b) MLP model results using the total number of 

observations 

 
(c) LSTM model results in the iteration in which 

the best-fit metrics were obtained 

 
(d) LSTM model results using the total number of 

observations 

 
(e) Transformer model results in the iteration in 

which the best-fit metrics were obtained 

 
(f) Transformer model results using the total num-

ber of observations 

Figure 4. Gold results. 

  

Figure 4. Cont.



Appl. Sci. 2024, 14, 11081 10 of 23

Appl. Sci. 2024, 14, x FOR PEER REVIEW 10 of 23 
 

unusual peak in the middle, which poses a challenge for the proposed methodology. In 
contrast, the other time series do not display irregular patterns that could complicate the 
methodology�s application. Statistical analyses confirm that the datasets remain stable and 
representative across varying observation sizes, supporting the validity of the experi-
mental setup and ensuring the reliability of the results. This comprehensive approach re-
inforces the robustness of the findings, particularly regarding the relationship between 
dataset size and model performance. 

 
(a) MLP model results in the iteration in which 

the best-fit metrics were obtained 

 
(b) MLP model results using the total number of 

observations 

 
(c) LSTM model results in the iteration in which 

the best-fit metrics were obtained 

 
(d) LSTM model results using the total number of 

observations 

 
(e) Transformer model results in the iteration in 

which the best-fit metrics were obtained 

 
(f) Transformer model results using the total num-

ber of observations 

Figure 4. Gold results. 

  

Figure 4. Gold results.

Appl. Sci. 2024, 14, x FOR PEER REVIEW 11 of 23 
 

 
(a) MLP model results in the iteration in which the 

best-fit metrics were obtained 

 
(b) MLP model results using the total number of ob-

servations 

 
(c) LSTM model results in the iteration in which the 

best-fit metrics were obtained 

 
(d) LSTM model results using the total number of ob-

servations 

 
(e) Transformer model results in the iteration in 

which the best-fit metrics were obtained 

 
(f) Transformer model results using the total number 

of observations 

Figure 5. WTI results. 

  

Figure 5. Cont.



Appl. Sci. 2024, 14, 11081 11 of 23

Appl. Sci. 2024, 14, x FOR PEER REVIEW 11 of 23 
 

 
(a) MLP model results in the iteration in which the 

best-fit metrics were obtained 

 
(b) MLP model results using the total number of ob-

servations 

 
(c) LSTM model results in the iteration in which the 

best-fit metrics were obtained 

 
(d) LSTM model results using the total number of ob-

servations 

 
(e) Transformer model results in the iteration in 

which the best-fit metrics were obtained 

 
(f) Transformer model results using the total number 

of observations 

Figure 5. WTI results. 

  

Figure 5. WTI results.

Appl. Sci. 2024, 14, x FOR PEER REVIEW 12 of 23 
 

 
(a) MLP model results in the iteration in which 

the best-fit metrics were obtained 

 
(b) MLP model results using the total number 

of observations 

 
(c) LSTM model results in the iteration in which 

the best-fit metrics were obtained 

 
(d) LSTM model results using the total number 

of observations 

 
(e) Transformer model results in the iteration in 

which the best-fit metrics were obtained 

 
(f) Transformer model results using the total 

number of observations 

Figure 6. Apple results. 

  

Figure 6. Apple results.



Appl. Sci. 2024, 14, 11081 12 of 23Appl. Sci. 2024, 14, x FOR PEER REVIEW 13 of 23 
 

 
(a) MLP model results in the iteration in which the 

best-fit metrics were obtained 

 
(b) MLP model results using the total number of obser-

vations 

 
(c) LSTM model results in the iteration in which the 

best-fit metrics were obtained 

 
(d) LSTM model results using the total number of ob-

servations 

 
(e) Transformer model results in the iteration in 

which the best-fit metrics were obtained 

 
(f) Transformer model results using the total number 

of observations 

Figure 7. OMIE results. 

The choice of these time series is due to the different characteristics of each of them, 
especially valuing the different number of observations that make them up. 

Table 1 shows the number of observations in each time series, in addition to the divi-
sion of each of these by the methodology used and the quantity used in each of the obser-
vations. The data have been split randomly to create the train and test partitions. To ensure 
replicability, the same seed has been established for random selection in each method. 

  

Figure 7. OMIE results.

The choice of these time series is due to the different characteristics of each of them,
especially valuing the different number of observations that make them up.

Table 1 shows the number of observations in each time series, in addition to the division
of each of these by the methodology used and the quantity used in each of the observations.
The data have been split randomly to create the train and test partitions. To ensure
replicability, the same seed has been established for random selection in each method.

The experiments included an in-depth analysis of frequency distributions to identify
potential biases and dispersion within the time series data. For instance, the OMIE time
series contained numerous values of zero or close to zero, which complicated the calculation
of certain metrics, such as the mean absolute percentage error (MAPE). Consequently, the
MAPE metric was not calculated for the OMIE time series. This behavior necessitated spe-
cific adjustments to the metrics employed for model performance evaluation. Additionally,
series such as WTI and Apple displayed heterogeneous patterns characterized by episodes
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of high volatility followed by relatively stable periods. These abrupt shifts in variability
posed significant challenges for modeling and prediction.

Table 1. Dataset division.

Time
Serie 1st Iteration 2nd Iteration 3rd Iteration 4th Iteration 5th Iteration 6th Iteration Total

Observations

Train Test Train Test Train Test Train Test Train Test Train Test

GOLD 740 186 888 223 1036 260 1184 297 1332 334 1480 371 1851

WTI 4115 1029 4938 1235 5761 1441 6584 1647 7408 1852 8230 2058 10,288

Apple 2088 522 2505 627 2923 731 3340 836 3758 940 4175 1044 5219

OMIE 16,612 4153 19,380 4846 22,149 5538 24,918 6230 27,686 6922 27,686 6922 34,608

The presence of outliers emerged as another critical aspect of the analysis. In the WTI
series, extreme events were identified that distorted the overall scale, whereas the GOLD
series exhibited greater stability with fewer outliers. These outliers not only impacted error
metrics but also influenced the weight distributions during model training, particularly
in architectures sensitive to input variability, such as recurrent neural networks (RNNs)
and transformers.

Seasonality and long-term trends were also examined using statistical tools and spe-
cialized visualizations. For example, the OMIE price series demonstrated pronounced
seasonal patterns, likely reflecting cycles associated with energy supply and demand. In
contrast, series such as GOLD and Apple showed no significant seasonality, although they
exhibited relatively consistent long-term trends. These differences in temporal behavior
underscore the necessity of tailoring preprocessing techniques and modeling strategies to
the specific characteristics of each dataset.

Finally, autocorrelation was evaluated through the analysis of autocorrelation func-
tions (ACF) and partial autocorrelation functions (PACF). This step facilitated the identi-
fication of temporal dependencies within the observations, a critical factor for selecting
and optimizing model hyperparameters. Series with high autocorrelation, such as GOLD,
were more amenable to models that leverage long-term dependencies, while those with
lower autocorrelation, like Apple, benefited from approaches focusing on local tempo-
ral relationships.

4.2. Error Metrics

The error metrics enable us to effectively assess the accuracy of the models. In this
study, we chose the metrics that are most frequently employed in neural network-based
time series forecasting [59].

Root mean squared error (RMSE):

RMSE =

√√√√ 1
N

N

∑
t=1

(x(t)− x̂(t)) (9)

Mean squared error (MSE):

MSE =
1
N

N

∑
t=1

(x(t)− x̂(t))2 (10)

Mean absolute percentage error (MAPE):

MAPE =
1
N

N

∑
t=1

|x(t)− x̂(t)|
|x(t)| × 100 (11)
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R-squared (R2):

R2 = 1 − ∑N
t=1(x(t)− x̂(t))2

∑N
t=1(x(t)− x(t))2 (12)

In these equations, x(t) represents the t-th element of the time series, while x̂(t) denotes
the predicted value, x(t) indicates the mean value of the time series, and N is the total
number of elements in the series.

The error in the predictions is measured using the MAPE and RMSE metrics, which
allow us to know the accuracy of the forecasting model, the ideal being the lowest possible
value since it represents the least error in the predictions.

The accuracy of the predictions is assessed using the MAPE and RMSE metrics, which
help determine the effectiveness of the forecasting model, with lower values indicating less
error in the predictions. Similarly, MSE and R2 provide insights into model performance
by analyzing the variation of the dependent variable relative to the predictions of the
independent variable. A value closer to 1 reflects superior performance according to the
R2 metric.

R2 is commonly employed to evaluate the fitting performance of nonlinear models
and can be complemented by other metrics such as MAPE, MSE, and RMSE. This allows
for an intuitive and straightforward comparison with previous studies, facilitating the
interpretation of results for a broader audience [60]. Although R2 is traditionally associated
with linear models, its application to nonlinear models can yield valuable insights regard-
ing the proportion of variability explained by the model. Recognized and valued as an
important metric, R2 is the comprehensibility of results. When used alongside MAPE, MSE,
and RMSE, it provides a robust and comprehensive evaluation of model performance while
addressing potential limitations by offering multiple perspectives on model accuracy and
error [61,62]. In some cases, R2 may even yield a negative value when the model poorly fits
the problem at hand [63] and in cases of a poor fit to the problem posed [64].

The decision to utilize various metrics stems from the recommendation to apply
multiple performance indicators to ensure the validity of machine learning models, as this
approach can help mitigate the shortcomings of individual metrics [65]. These metrics are
widely used in the literature for various types of time series, including those characterized
by significant trends [66–68].

4.3. Parameters

When employing neural networks, it is essential to establish several parameters,
known as hyperparameters, which govern the learning process. Proper configuration of
these hyperparameters is crucial for developing a neural network that is both efficient and
precise during training. The key hyperparameters include:

- Learning rate: This parameter dictates the rate at which weights are adjusted through-
out the learning process. A smaller learning rate results in a more precise but slower
algorithm, whereas a larger value accelerates the process at the cost of accuracy. Thus,
it is vital to identify a balanced value.

- Batch size: This indicates the number of samples processed before the network’s
weights are updated.

- Epoch: This term refers to the total number of times the model will process the entire
dataset during training.

- Optimization algorithm: This specifies the learning algorithm employed to train the
neural model. The Adam algorithm, commonly used for training LSTMs, merges the
benefits of RMSProp—akin to gradient descent—with momentum [69]. In this study,
the Adam algorithm has been utilized in all ANNs.

The selection of these hyperparameter values is influenced by computational con-
straints, aiming to avoid both overfitting and underfitting, two phenomena that can com-
promise the predictive power of the neural model.
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Extensive research has been conducted on methods for selecting hyperparameters [70].
Machine learning models may be estimated through an iterative trial-and-error approach.
This methodology is often applied in detailed experiments tailored to the specific charac-
teristics of the data. However, techniques like grid search and random search—designed
for automatic optimization—quickly lose effectiveness as the number of hyperparam-
eters increases, leading to substantial time and computational resource costs during
model training.

Goodfellow [71] provided recommendations regarding the most suitable parameter
choices for making predictions with neural networks, along with a comparison of various
options. The final selection will also be constrained by computational limitations while
striving to prevent overfitting and underfitting, which pose risks to the predictive capa-
bilities of the neural model. Table 2 outlines the primary hyperparameters employed in
this study.

Table 2. Parameters selected.

Model Learning
Rate Batch Epoch Hidden

Layers Optimizer Ff_dim Num_heads

Transformer 0.001 150 150 1 Adam 75 6

LSTM 0.001 25 100 2 Adam - -

MLP 0.001 25 75 2 Adam - -

The significance of parameter selection is further emphasized by [72], who examined
the estimation of parameters under the condition that they are independent of one another.
This independence is feasible only when the number of parameters is limited; otherwise,
it incurs substantial computational costs. Smith’s research [73] underscores the potential
for minimizing errors through appropriate hyperparameter selection, exploring various
strategies to enhance network performance.

5. Experimental Results

Tables 3–6 show the results of the methodology applied to the four data series con-
sidered in the study. The results illustrate how the last dataset, with the total number of
observations, is not the one that achieves the best results on all occasions.

Table 3. GOLD results.

Metrics GOLD

Time Serie ANN RMSE MSE MAPE R2 Time

MLP

1◦ 0.08 0.01 15.47 0.95 6.37

2◦ 0.06 0.00 18.36 0.97 6.86

3◦ 0.07 0.01 20.09 0.96 6.27

4◦ 0.07 0.00 21.67 0.97 7.86

5◦ 0.07 0.00 24.14 0.97 7.09

6◦ 0.10 0.01 26.47 0.96 8.96

LSTM

1◦ 0.15 0.02 32.74 0.80 26.07

2◦ 0.16 0.02 34.13 0.79 32.11

3◦ 0.18 0.03 27.21 0.84 30.14

4◦ 0.18 0.03 25.06 0.85 32.36

5◦ 0.18 0.03 26.00 0.87 34.34

6◦ 0.18 0.03 17.82 0.91 40.57
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Table 3. Cont.

Metrics GOLD

Time Serie ANN RMSE MSE MAPE R2 Time

TRANS

1◦ 3.69 13.64 1101.49 −169.90 31.65

2◦ 0.23 0.05 59.72 0.48 34.93

3◦ 0.19 0.03 31.23 0.76 40.77

4◦ 0.30 0.09 31.93 0.59 54.46

5◦ 0.24 0.05 32.90 0.75 60.89

6◦ 0.29 0.08 47.88 0.70 61.07

Table 4. WTI results.

Metrics WTI

Time Serie ANN RMSE MSE MAPE R2 Time

MLP

1◦ 2.49 6.20 41.58 0.97 16.62

2◦ 2.34 5.45 37.21 0.97 16.47

3◦ 2.30 5.28 35.03 0.98 17.66

4◦ 2.17 4.72 34.63 0.98 20.33

5◦ 2.02 4.07 35.06 0.98 29.40

6◦ 2.01 4.02 35.63 0.98 31.85

LSTM

1◦ 5.35 28.69 43.11 0.95 70.63

2◦ 4.56 20.81 8.89 0.94 72.87

3◦ 4.37 19.17 8.47 0.94 110.60

4◦ 4.04 16.33 7.51 0.95 118.62

5◦ 4.03 16.29 7.88 0.95 131.19

6◦ 4.15 17.29 8.05 0.94 151.46

TRANS

1◦ 6.87 47.32 45.97 0.92 138.38

2◦ 5.19 27.02 9.80 0.93 217.77

3◦ 5.16 26.69 9.87 0.92 216.02

4◦ 4.78 22.90 9.16 0.93 223.83

5◦ 5.00 25.00 9.51 0.92 264.62

6◦ 4.60 21.19 8.61 0.93 300.67

Table 5. Apple results.

Metrics Apple

Time Serie ANN RMSE MSE MAPE R2 Time

MLP

1◦ 2.75 7.55 13.41 0.98 9.22

2◦ 3.08 9.51 12.34 0.97 10.49

3◦ 3.87 14.97 12.31 0.97 11.34

4◦ 2.82 7.97 14.72 0.98 13.45

5◦ 3.55 12.60 16.64 0.98 15.65

6◦ 2.72 7.40 22.22 0.99 15.34
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Table 5. Cont.

Metrics Apple

Time Serie ANN RMSE MSE MAPE R2 Time

LSTM

1◦ 11.08 122.89 5.20 0.71 42.09

2◦ 17.81 317.18 9.15 0.00 44.47

3◦ 27.19 739.29 13.75 −1.44 61.23

4◦ 28.99 840.89 14.47 −1.31 70.45

5◦ 36.04 1299.15 19.15 −1.90 67.74

6◦ 75.27 5666.90 45.01 −8.00 80.35

TRANS

1◦ 38.86 1510.48 18.79 −2.36 113.49

2◦ 48.00 2304.44 27.09 −5.96 121.31

3◦ 86.16 7424.24 50.37 −23.44 146.48

4◦ 108.10 11,685.85 64.97 −32.37 142.26

5◦ 104.38 10,896.09 63.74 −24.72 194.40

6◦ 111.03 12,329.70 69.36 −21.07 207.48

Table 6. OMIE results.

Metrics OMIE

Time Serie ANN RMSE MSE R2 Time

MLP

1◦ 10.71 114.73 0.84 35.81

2◦ 11.02 121.55 0.86 64.83

3◦ 12.02 144.36 0.85 61.99

4◦ 12.95 167.58 0.85 59.95

5◦ 12.71 161.47 0.87 70.77

6◦ 12.91 166.65 0.88 71.21

LSTM

1◦ 16.54 273.87 0.63 254.31

2◦ 16.85 284.11 0.67 267.75

3◦ 18.62 346.75 0.64 308.86

4◦ 19.78 391.53 0.66 413.56

5◦ 19.02 361.81 0.71 422.07

6◦ 20.35 414.43 0.71 436.84

TRANS

1◦ 16.71 279.28 0.63 686.82

2◦ 17.19 295.69 0.65 829.67

3◦ 18.52 343.01 0.64 880.48

4◦ 19.64 385.83 0.66 997.92

5◦ 18.73 351.08 0.72 1130.10

6◦ 21.47 461.04 0.67 1150.56
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The GOLD time series (Table 3), being the one that consists of the fewest observations,
shows that in the first iterations, it already obtains the most accurate results and with the
least error.

Table 4 shows the time series related to the data OMIE and it achieves the best results
in the first iteration, being the time series that consists of more observations, which shows
that it is not necessary to use all of these for the training to be optimal.

The time series with Apple prices (Table 5) shows a greater error as more observations
are included. This is because, being a time series with an upward trend, it struggles to
accurately model future behavior, leading to worse results as more historical data are used
for training.

However, the oil price (Table 6) does show better behavior by including a greater
amount of data in the training, being a time series with little marked trend.

The results show how the best metrics are not always obtained in the last iteration
with the complete dataset, varying depending on the time series and the model used.

For the time series of WTI oil prices, since the best results have been obtained for
the MLP and Transformer ANNs in the last iteration, a comparison has been made with
the iterations that have obtained the best metrics in second place, with the fifth being
and fourth respectively. The error metrics show a variation of less than 1%; however, the
computing time between iterations, which must include 1000 more training observations in
the case of this series, does represent a notable difference. In the Apple time series for the
MLP model, the sixth iteration, with the lowest error, has been compared with the fourth,
the second with the lowest error.

The results tables also show the time needed for training in each of the cases, showing
how this methodology can lead to significant savings in computing time by not using all
the observations in all cases.

6. Discussion

The results demonstrate that in neural networks, optimal performance is not neces-
sarily tied to the volume of observations in the training set. The findings reveal that the
best error metrics vary across different iterations, depending on the characteristics of each
time series, indicating that more data does not universally enhance model accuracy. This
aligns with previous studies, which suggest that after a certain threshold, adding additional
observations does not yield significant improvements in predictive accuracy and may even
lead to diminishing returns. Unlike research focused on sparse datasets, where adding
synthetic data often helps mitigate high error metrics (as shown by [74,75]), this study
highlights that when sufficient data are available, the inclusion of extra observations can
sometimes increase error rather than reduce it. This finding challenges the assumption that
increasing data volume always enhances model performance, especially for datasets with
complex, non-linear temporal dependencies.

The current literature reflects no clear consensus on the ideal quantity of observations
for training time series models [76–78]. While some studies advocate for larger datasets,
others, such as [79,80], report that increasing the number of observations does not necessar-
ily improve error metrics, resonating with the findings. This study adds to this discussion
by showing that after a certain threshold, additional data points may not reduce error and,
in some cases, may even degrade performance. This pattern is consistent with research
by [81], who observed that after reaching a certain number of observations, the error met-
rics plateaued while computational costs continued to rise. Thus, the results suggest that
the relationship between dataset size and neural network performance is non-linear, and
that excessive data may impose additional computational burdens without corresponding
accuracy gains.

Another important implication of the findings is the potential to enhance computa-
tional efficiency. The observation that error rates do not decrease significantly after a certain
dataset size suggests that training times could be reduced without compromising model
accuracy. This has practical value for applications requiring real-time predictions or those



Appl. Sci. 2024, 14, 11081 19 of 23

operating under limited computational resources, as it supports the notion that an optimal
subset of observations can achieve near-maximum performance while reducing training
costs. Such optimization could be particularly beneficial in large-scale prediction systems,
where resource allocation and training efficiency are critical factors. By identifying an
optimal balance between data volume and accuracy, the approach provides a framework to
refine both predictive performance and associated computational expenses.

In a broader context, these findings offer practical guidelines for handling time series
prediction problems across various domains, such as finance, healthcare, and environ-
mental forecasting, where data may either be abundant or constrained by factors like
data privacy or collection limitations. By leveraging an optimal subset of observations,
practitioners can achieve competitive model performance while minimizing computational
costs, which is particularly advantageous in real-time forecasting and low-resource en-
vironments. Additionally, this approach allows for more sustainable model deployment
by reducing energy consumption associated with training on excessive data. As a result,
the methodology contributes to a more efficient, scalable approach to time series forecast-
ing that can be tailored to the specific data availability and computational constraints of
diverse applications.

Nonetheless, it is important to acknowledge certain limitations of this study. First, the
observed behavior varied depending on the specific time series and neural network model
employed. This variability means that a single, universal pattern could not be established
where a specific iteration or data volume consistently provided the best results across all
cases. Consequently, the model developed focuses on identifying the ideal proportion
of the training set for each unique application, rather than proposing a one-size-fits-all
solution. Future research could benefit from exploring these findings across a broader
range of time series types and neural network architectures to better understand how
generalizable this approach may be and to refine methods for optimizing training data in
neural network-based time series forecasting.

7. Conclusions

The results of this research allow us to conclude that, contrary to what is commonly
assumed, a greater number of observations does not necessarily guarantee an improvement
in error metrics when training recurrent neural networks, such as MLPs, LSTMs, and
transformers, for time series prediction. The best metrics were obtained at different stages
of the iterations, depending on the specific characteristics of each series, indicating that the
optimal number of observations varies from case to case.

In addition, no evidence of a significant improvement has been found when including
more training data in terms of predictive performance, causing in some of the series a
significant worsening of the resulting metrics, even leading to an underfitting of the model.
This methodology allows significant computational savings by identifying the ideal amount
of data for training and excessive training time. Furthermore, the metrics calculated for the
training and testing partitions demonstrate that the methodology avoids both underfitting
and overfitting.

The practical implications of these findings are significant: it is possible to reduce
the number of observations used to train neural networks without losing precision in the
predictions, which could optimize training time and reduce the computational resources
required. This has a direct impact on the development of real-time forecasting systems or
in environments where resources are limited.

Finally, the future implications of this research suggest that it is necessary to develop
more accurate techniques to automatically determine the optimal number of observations
based on the specific characteristics of the time series and the model used. Reducing
redundant or irrelevant data without sacrificing accuracy is a key area for further research.
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