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Abstract

This investigation examines the efficacy of the Time Series Informer (TSI) architecture in forecasting
stock prices, positioning it as a pivotal instrument within business intelligence (BI) paradigms.
Amid the escalating intricacy and nonlinear dynamics inherent to financial markets, deep learning
frameworks have emerged as preeminent modalities for delineating sequential dependencies.
Employing a comprehensive historical dataset of stock prices sourced from Google, the present
analysis juxtaposes the TSI with the Long Short-Term Memory (LSTM) model. Performance is
rigorously benchmarked through dual quantitative indices: The Root Mean Square Error (RMSE)
and the Pearson correlation coefficient. Supplementary assessments encompass convergence
trajectories, computational parsimony, and temporal overheads associated with model training.
Empirical findings substantiate the superior predictive fidelity and correlative fidelity of TSI vis-a-
vis LSTM, underscoring its adeptness at encapsulating protracted temporal interdependencies in
financial chronologies. Visualization of convergence profiles evinces accelerated and more resilient
optimization dynamics for TSI. Collectively, this multifaceted juxtaposition elucidates the model’s
viability for pragmatic stock market prognostication, thereby illuminating the transformative
prospective of advanced neural architectures in fortifying strategic business intelligence
infrastructures.

Keywords: deep learning; stock market; informer; transformers; LSTM

1. Introduction

Financial markets are among the most complex and dynamic systems in the world, characterized
by nonlinearity, high volatility, and intricate dependencies on various socio-economic factors.
Accurately predicting stock prices remains a holy grail in financial analysis, with implications for
investors, portfolio managers, and policy-makers. Traditionally, statistical models like ARIMA,
GARCH, and linear regression have been employed to forecast prices; however, these often fall short
in capturing nonlinear patterns and intricate temporal relationships inherent in stock data. Therefore,
advent of Al, which is a step forward from numerical and mathematical concept to stochastically
context, has changed our world economically as well as computationally (Moazezi Khah Tehran et
al. 2025). In recent years, deep learning models, especially Recurrent Neural Networks (RNNs)
(Mienye et al. 2024, Tariq et al. 2023) and their variants like Long Short-Term Memory (LSTM), have
shown remarkable success in modeling sequential data due to their ability to retain information over
long periods (Nguyen-Trang et al. 2025; Tuhin et al. 2025). RNNs, while historically significant, are
often limited by the vanishing gradient problem, making them less suitable for long-term
dependencies. LSTM models, with their specialized architecture containing memory cells and gating
mechanisms, overcome these limitations (Hafshejani et al. 2025).

The main downside of the Long Short-Term Memory (LSTM) method is that it is
computationally expensive and difficult to train due to its complex architecture, which includes
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multiple gates and parameters. This complexity leads to longer training times and higher resource
consumption compared to simpler models or modern alternatives such as Transformers. LSTMs also
struggle with capturing very long-term dependencies when sequences become extremely long, and
they can be sensitive to hyperparameter choices and initialization. Additionally, because they process
data sequentially, LSTMs are less parallelizable, making them less efficient for large-scale or real-time
applications (Kim and Kim 2024).

The transformer architecture, introduced in 2017, revolutionized sequence modeling by
supplanting recurrence with self-attention mechanisms, which parallelize computations and adeptly
discern global dependencies irrespective of distance. In time series domains, transformers have
supplanted RNNs in tasks requiring multivariate forecasting, with empirical validations showing
marginal yet consistent gains in absolute price prediction for electronic trading scenarios.
Comparative analyses further illuminate these dynamics: while LSTMs excel in resource-constrained
environments for short-term horizons, transformers, including gated recurrent unit (GRU) hybrids,
outperform in trend classification for equities like Tesla, leveraging attention to mitigate overfitting
on noisy inputs. However, vanilla transformers suffer from prohibitive memory footprints in long-
sequence regimes, prompting innovations like the Informer model.

Developed as an efficient ProbSparse self-attention variant, the Informer (or TSI herein) distills
transformer efficacy for long-sequence time-series forecasting by curtailing query-key interactions to
dominant elements, achieving linear complexity and up to 90% reduction in training latency
compared to baselines. Its generative-style decoder further bolsters multi-step predictions, rendering
it apt for financial chronologies where foresight beyond immediate horizons informs Bl-driven
hedging and allocation. Applications in finance have proliferated: Informer has been hybridized with
empirical mode decomposition for denoising volatility surfaces in option pricing, yielding superior
mean absolute errors over LSTM counterparts, and extended to multi-source integrations for
meteorological-financial forecasting, though challenges persist in hyperparameter sensitivity and
interpretability within opaque market microstructures. Recent enhancements, such as diffusion-
augmented Informers, address distributional shifts in extreme events, amplifying its utility in stress-
tested BI pipelines.

Despite these strides, a lacuna endures in the literature: while isolated deployments of Informer
in financial contexts abound, rigorous, head-to-head benchmarking against entrenched models like
LSTM, framed explicitly through a BI lens, remains sparse. Extant reviews aggregate hybrid DL
paradigms but seldom dissect efficiency trade-offs in production-grade stock prediction, overlooking
convergence stability and correlative fidelity as proxies for BI integrability. Moreover, evaluations
often confine to synthetic or curtailed datasets, neglecting comprehensive historical corpora like
Google stock prices, which embody tech-sector idiosyncrasies such as earnings-driven surges and
algorithmic trading artifacts. This oversight hampers the translation of DL innovations into
actionable BI artifacts, where not only accuracy but also parsimony and resilience under stochastic
perturbations dictate adoption.

To bridge this void, the present study systematically appraises the TSI model’s efficacy for stock
market prediction, juxtaposing it against LSTM within a Bl-oriented framework. Leveraging a
granular historical dataset of Google (Alphabet Inc.) stock prices, spanning daily closes, volumes,
and adjacencies from 2004 onward, we benchmark predictive fidelity via root mean square error
(RMSE) and Pearson correlation coefficient, augmented by assays of convergence trajectories,
computational overheads, and training epochs. Our hypotheses posit TSI's preeminence in
encapsulating long-range dependencies, evinced by steeper learning curves and heightened
correlation with empirical trajectories, thereby affirming its salience for scalable BI deployments.

The manuscript unfolds as follows: Section 2 delineates the theoretical underpinnings of TSI and
LSTM, alongside dataset curation, as well as encompassing hyperparameter tuning and validation
protocols. Section 3 proffers empirical results, replete with visualizations of performance metrics.
Concluding remarks synthesize contributions and prospective trajectories.
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2. Materials and Methods

2.1. Data Description and Preparation

The dataset employed comprises historical daily closing prices of Google (GOOGL), available
via Yahoo Finance. This dataset spans roughly a decade, providing a rich temporal sequence for
modeling. Importantly, stock prices are influenced by multifaceted factors; however, for the scope of
this study, we focus purely on historical close prices to assess the models’ ability to learn temporal
dependencies. The dataset is depicted in Figure 1. Data preprocessing begins with normalization
through MinMaxScaler to compress values into the [0,1] range, facilitating stable training. We then
truncate the series into sequences of length 60 days, where each sequence predicts the subsequent
day’s price. This windowing approach is their standard in time series deep learning applications. The
dataset is split into training and testing subsets, with 80% allocated for training to enable robust
learning, and the remaining 20% used for evaluation and comparison. The sequences are reshaped
appropriately to fit into the models, with each sample being a 3D tensor: (samples, timesteps,
features).

Google Stock Closing Prices
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Price

80 1
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40 -

204

2015 2016 2017 2018 2019 2020 2021 2022 2023
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Figure 1. stock prices used to evaluate models.

2.2. LSTM Model

The LSTM model incorporates an LSTM layer with 50 units, favored for its gating mechanisms
that mitigate vanishing gradient issues, followed by the Dense output. The model is compiled with
the Adam optimizer, a popular choice for time series forecasting, employing Mean Squared Error
(MSE) as the loss function. Figure 2 depict the individual architectures of the LSTM model,
illustrating the flow of data and gating mechanisms.

~ Forget Gate
o(W_f+ [h_{t1}, x.t] + DD

Input Gate
i- [h_{t-1}, x_t] + B~

Input Cell State Output
X_t =T t*C_{t1} +i %

tanh(W_C€ -« [h_{t-1}, x t] + b_C)

Output Gate
o(W_o - [h_{t-1}, x_t] + b_o)
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Figure 2. LSTM model architecture.

2.2.1. Hyperparameters of the LSTM Network

The LSTM model is configured with the following hyperparameters: input_size=1 (for the
univariate close price feature), hidden_size=50 (number of units in each LSTM layer), num_layers=2
(stacked LSTM layers for capturing complex dependencies), output_size=1 (for predicting the next
close price), learning_rate=0.001 (for the Adam optimizer), epochs=50 (training iterations),
batch_size=32 (mini-batch size for efficient gradient updates), and MSELoss as the loss function
(mean squared error for regression tasks). These parameters balance model capacity and
computational efficiency, with the 2-layer structure enabling hierarchical pattern learning in time
series data.

2.2.2. LSTM Architecture

The architecture consists of a stacked LSTM network followed by a linear output layer. Input
sequences (shape: batch size x sequence length x 1) are processed through two LSTM layers, where
each layer updates the hidden state h: and cell state C: using forget, input, and output gates to mitigate
vanishing gradients and capture long-term dependencies. The final hidden state from the second
layer is passed to a fully connected linear layer for single-value prediction. The diagram below
illustrates a single LSTM unit in the chain, showing recurrent connections for input X;, hidden state
hy, and cell state C:, with gates (o for sigmoid, tanh for hyperbolic tangent) controlling information
flow

2.3. Time Series Informer (TSI)

Transformer neural networks (Vaswani 2017) are machine learning models proposed mainly to
overcome LSTM drawbacks. The concept of this method is the attention not only to the events that
occur before a specific predictand, but also to the events that happen after it. This concept has
attracted much attention from researchers and scientists in many research areas, such as information
retrieval, text classification, and document summarization. In addition to language related
applications, Transformers have also been utilized in computer vision (Nicolas et al. 2020), chemistry
(Schwaller et al. 2019), life sciences (Rives et al. 2016), and river level prediction (Castangia et al. 2023).
Transformer method suffers from some drawbacks. For example, the skill of the method for sharp
changes is relatively low (Ye et al. 2022). Inspired by the works of Zhou et al. (2021) and Naisipour et
al. (2025a) we feed long-term ENSO time series into the Informer network and receive a two years
long prediction. The overall architecture of Informer network Gy, as shown in Figure 3, consists of
five main components.

Given a time sequence X' = {xi,...x[_|xf € R%*} at time t and the output corresponding
sequence Y* = {yi,.. Y lyi €RYY }, the module encodes the input representations X¢ into a
hidden state representation #* and decodes an output representations Y* from #H* = {hf,...,hf }.
The extracted features of each series are added to the positional encoders, after the input series have
been embedded and representative features have been created by the embedding module. We
consider that we have t-th sequence input X* and p types of global time stamps and the feature
dimension after input representation is d,,q4.;- We first use a fixed position embedding to maintain
the local context:

PE(Pos,Zj)=Sin(pOS/ (2L,)%/dmoder) )

PE (05 2j+1)=C08(p0s/ (2L ,) 2/ dmoder’) 2

where 7 € {1, ...,dnoqe1/2}. A learnable stamp embedding SE,,y) utilizes every global time stamp
with limited vocab size. Since the self-attention’s similarity computation can have access to global
context, the computation consuming is affordable on long inputs. we project the scalar context x}
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into d,oqe;-dim vector uf with 1-D convolutional filters with kernel width equal to 3 and stride one
to align the dimension. Thus, we have the feeding vector:

x;eed[i] = auj + PE( «t-1)+i) T Z[SE(LXX(t—l)H)]p 3)
14
In this equation, a is the factor balancing the magnitude between the scalar projection and

local/global embedding that is set to 1 in this study, and 4 € {1, ...,L,}.

Qutputs

| Fully Connected Layer |

Multi-head
Attention

Masked Multi-head
ProbSparse Self-
Attention

Concatenated Feature Map

Multi-head
ProbSparse
Self-Attention

Inputs

Figure 3. Overall view of Informer Model.

ProbSparse Self-attention. We apply the ProbSparse self-attention by allowing each key to only
attend to the u dominant queries:

Vd

where Q is a sparse matrix of the same size of q and it only contains the Top-u queries under the

1T
A(QXK,V) = Softmax <Q£> 174 4)

sparsity measurement M (q,K).

Encoder. The encoder’s purpose is to extract from the lengthy sequential inputs the reliable long-
range dependency. As the input representation is done, the matrix X5, € R:x*@model will be the new
shape of the t-th sequence input X*.

Self-attention Distilling. We use the distilling operation to privilege the superior ones with
dominating features, because the natural consequence of the ProbSparse self-attention mechanism
has redundant combinations of value V. This also makes a focused self-attention feature map in the
next layer. Observing the n-heads weights matrix of the Attention blocks in Figure 4, it drastically
reduces the input’s time dimension. According to Equation (6), the applied procedure forwards from
j-th layer into (j + 1)-th layer.

Xt,, = MaxPool <ELU (Convid ([x;]AB))> 5)

In this formula, [-],p represents the attention block, ELU(:) is the activation function and
Conv1d(-) is an 1D convolutional filter with kernel width of three. To reduces the whole memory
usage, a max-pooling layer with stride 2 down samples X into its half slice.
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Decoder. We use a stack of two identical multi-head attention layers as the decoder, and to

alleviate the speed plunge in long prediction, we apply the generative inference. The following

vectors are given to the vanilla decoder as the input:

X(tie = Concat(xttokenlxg) € R(Ltoken+Ly)deodel

(6)

where Xf o, € RltokenXdmodel and X5 € REy*9model are is the start token and placeholder for the target
sequence, respectively. The final layer is a dense layer that generates the results. Table 1 is a detailed

description of the TSI model’s hyperparameters.

Table 1. Hyper parameters of the TSI module.

Input sequence length of the Informer encoder 48
Start token length of the Informer decoder 24
Encoder input size 7
Decoder input size 7
Probsparse attention factor 5
Dimension of the model 128
Number of heads 8
Number of encoder layers 2
Number of decoder layers 1
Dropout 0.04
Attention used in the encoder Prob sparse
Time features encoding fixed
Activation function RELU
Whether to use distilling in the encoder True
Padding 0
Batch size 80
Learning rate 0.001

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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Loss function MSE

Ensemble Numbers 10

2.4. Generative Inference

We use one of the best data augmentation methods called Generative Adversarial Network
(GAN) to increase input data that can be trained to imitate a data distribution. GAN was first
proposed in 2014 by Ian Goodfellow et al. This method learns to produce fresh data with the same
statistics as the training set given a training set. GANs have shown beneficial for semi-supervised
learning (Salimans et al. 2016) while being first proposed as a type of generative model for
unsupervised learning. They also have been successful in fully supervised learning (Isola et al. 2017)
and reinforcement learning (Ho and Ermon 2016). GANs can improve astronomical images
(Schawinski et al. 2017) and simulate gravitational lensing for dark matter research. They were used
to model the distribution of dark matter in the universe and to predict the occurrence of gravitational
lensing (Mustafa. et al. 2019) GANs have been proposed as a fast and accurate way of modeling high-
energy jet formation (Paganini et al. 2017) and modeling showers through calorimeters of high-
energy physics experiments (Erdmann et al. 2019) They have also been trained to approximate
bottlenecks in simulations of particle physics experiments (Salamani et al. 2018).

The GAN consist of “indirect” training through the discriminator and another neural network
that can tell how “realistic” the input seems, which itself is also being updated dynamically. This
means that the generator is not trained to minimize the distance to a specific image, but rather to fool
the discriminator. In this study, Each probability space (€, urf) defines a GAN game. There are two
players called generator and discriminator. The generator’s strategy set is P (Q), the set of all
probability measures pc on (). The discriminator’s strategy set is the set of Markov kernels pp: QO —
P [0,1], where P [0,1] is the set of probability measures on [0,1]. The GAN game is a zero-sum game,
with the objective function:

L(.U'G/#D) = IEX~yref,y~uD(x) [11'1 }’] + Ex~y(;,y~uD(x) [11’1(1 - }’)] (7)

The generator aims to minimize the objective, and the discriminator aims to maximize the
objective. The generative network’s training goal is to increase the error rate of the discriminative
network (Luc et al. 2016; Karpathy et al. 2016). GANSs are implicit generative models (Mohamed et al.
2016) that do not explicitly model the likelihood function nor provide a means for finding the latent
variable corresponding to a given sample.

Start token is efficiently applied in NLP’s dynamic decoding (Devlin et al. 2018), and we extend
it into a generative way. We sample a Li,ien long sequence in the input sequence, so X contains
target sequence’s time stamp, that is the context at the target. Instead of the cumbersome “dynamic
decoding” in the vanilla encoder-decoder blocks, the decoder used in this study forecasts outputs by
a forward procedure. We chose the MSE loss function across the entire Informer module.

2.5. Ensembling Procedure

Ensembling constitutes a fundamental methodology in machine learning designed to enhance
predictive performance and model robustness by aggregating the outputs of multiple individual
models (Ganji et al. 2025a). Rather than relying on a single estimator, ensemble approaches, such as
bagging, boosting, and stacking, leverage the diversity and complementary strengths of multiple
learners to mitigate variance, reduce bias, and improve generalization (Naisipour et al. 2024a). This
paradigm capitalizes on the premise that aggregated predictions often outperform any constituent
model, particularly in complex domains characterized by high variability or nonlinear interactions,
such as financial time series forecasting or climatic phenomena (Naisipour et al. 2024b). By
synthesizing multiple model inferences, ensembling not only stabilizes predictions against stochastic
fluctuations due to random initialization or data sampling but also attenuates the risk of overfitting
(Ganiji et al. 2025b).

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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In the present investigation, an ensemble-based approach was employed to further refine the
predictive accuracy of both the TSI and LSTM architectures inspired by the study of (Naisipour et al.
2025b). Each model was independently trained ten times using distinct random weight initializations
while maintaining consistent data partitions and hyperparameter configurations. The outputs from
these ten individual runs were subsequently averaged to produce a single consolidated prediction
for each model. This averaging strategy effectively smooths out the variability stemming from
random initialization, yielding more stable and reliable forecasts. Consequently, the ensemble
outputs represent a statistically more robust estimation of each model’s predictive capability, thereby
ensuring a fair and reproducible comparative evaluation between TSI and LSTM frameworks.

2.6. Training Procedure

The models are trained for 20 epochs with a batch size of 32, and a validation split of 20% helps
monitor overfitting and convergence. Early stopping could be incorporated, but here we seek to
analyze the raw convergence behaviors.

2.7. Evaluation Metrics

In modeling and numerical simulation, ensuring fairness and accuracy through appropriate
performance metrics is indispensable: only by employing reliable and interpretable error indicators
can one ensure that a model performs correctly and equitably across its domain of application
(Naisipour et al. 2009; Labibzadeh et al. 2008). Extending this principle to data-driven contexts, recent
studies emphasize the decisive role of metric selection in evaluating deep learning convolutional
neural networks, demonstrating that inappropriate metrics can distort model assessment and lead to
biased interpretations of predictive skill (Labibzadeh, et al. 2015). Collectively, these studies
underscore that fair model evaluation demands metrics that are rigorously derived, physically or
statistically relevant, and sensitive to both global performance and local deviations; without such
precision, models risk producing overconfident, biased, or misleading results that compromise
scientific validity and practical applicability (Naisipour et al. 2024c).

Thus in this study, models are evaluated based on RMSE for accuracy and Pearson correlation
coefficient to ascertain the strength of linear association with true prices. These metrics are calculated
on the test set.

Below are the formulas for each metric and the explanation of their parameters:

Pearson Correlation Coefficient (PCC):

e 5 I

ZJ’=S Ey,m,lEy,m
Ze E’ ZZe E! 2
y=s~Zym,l &y=s=ym

The PCC measures the strength and direction of the linear relationship between predicted and

ACCpp, =

(8)

observed Nifo 3.4 values. This metric is particularly useful for assessing the model’s ability to track
the temporal dynamics events. The metric is a dimensionless one that calculates the strength and
direction of the linear relationship between the predicted and observed values. Values range between
-1 and +1.

Root Mean Squared Error (RMSE):

e E' —E 2
RMSEl,m — \]Zy—s( y,m,l y,m) (9)

le — s

RMSE gives greater weight to larger errors by squaring the differences between predicted and
actual values. This metric is useful for identifying significant outliers or instances where the model
deviates substantially from observed patterns.

RMSE Unit is the same as the predicted variable. Since RMSE is the square root of MSE, it brings
the metric back to the original units of the target variable, making interpretation of prediction errors
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easier. In these formulae, E is the actual value and E’ denotes the prediction result. Here, m is the
calendar month.

The performance evaluation of the model in this study is grounded in two widely accepted
metrics, each stemming from established methodologies that offer distinct perspectives on model
accuracy and predictive power. The first metric, the PCC, quantifies the linear relationship between
predicted and observed values, where a higher PCC value, approaching +1, reflects a strong positive
correlation, indicating effective representation of the market value (Glantz and Ramirez, 2020). The
RMSE calculates the square of errors before averaging, therefore emphasizing larger errors more
heavily. The RMSE, derived from the square root of MSE, maintains the same unit as the original data
and is particularly sensitive to large errors, thus smaller values are preferable for a well-calibrated
model (Hyndman and Athanasopoulos, 2018).

3. Results

3.1. Predictive Performance and Comparison

The predicted stock prices for the test data are plotted against actual prices in Figure 5. Visual
inspection reveals the TSI's superior ability to follow long-term trends and respond to recent
fluctuations compared to the standard LSTM, which often underestimates volatility. Table 2
compares the performance and training time of two models, LSTM and TSI, using three metrics:
RMSE, Pearson Correlation Coefficient, and training time in seconds. The TSI model outperforms the
LSTM, achieving a lower RMSE of 1.75 compared to 2.35, indicating more accurate predictions.
Additionally, TSI shows a stronger linear relationship with the target data, as reflected by a higher
Pearson correlation coefficient of 0.94 versus 0.88 for LSTM. Pearson correlation analysis confirms
that the TSI predictions align more closely with actual stock prices. The higher correlation
underscores the model’s proficiency in capturing temporal dependencies. These results demonstrate
a clear advantage of TSI over the traditional LSTM in stock forecasting, aligning with existing
literature. However, this improved performance comes with a longer training time, with TSI taking
60 seconds to train compared to 45 seconds for LSTM. Overall, TSI offers better accuracy and
correlation but requires more computational time.

Actual vs Predicted Stock Prices

160
— Actual Price

— LSTM Predicted
—— TSlIPredicted

150 A

140

130 A

120 A

Price

110 A

100 A

90 1

80 1

T T T T T T T T T
0 50 100 150 200 250 300 350 400
Time Steps

Figure 5. The predicted stock prices for the test data are plotted against actual prices.
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Table 2. Models” performance and training time.

Model RMSE | Pearson Correlation Coefficient | Training Time (seconds)

LSTM 2.35 0.88 45

TSI 1.75 0.94 60

Note: The training time was measured from start to finish for each model, capturing total training duration.

3.2. Comparison of Convergence

Plotting the training and validation loss over epochs (Figure 6) reveals that the TSI converges
faster and more smoothly than the LSTM, which exhibits greater oscillations and slower convergence
due to vanishing gradients.

Training and Validation Loss Convergence (Logarithmic Scale)

—— LSTMTraining Loss
—— LSTMValidation Loss
—— TSITraining Loss
—— TSl Validation Loss

103 4

102 4

100 4

101 4

Loss (Log Scale)

1072 4

1073 §

1074 5

T T T y T T T T
0.0 25 5.0 75 10.0 12.5 15.0 17.5
Epochs

Figure 6. Convergence Plots of Loss over Epochs.

4. Conclusions

This comprehensive comparison underscores the efficacy of deep learning architectures,
particularly TSIs, in modeling complex financial time series. Our experiments have shown that TSI
model not only outperforms LSTMs in predictive accuracy but also converge faster and exhibit
greater stability during training. The lower RMSE and higher correlation coefficients affirm the
suitability of TSIs for practical stock market prediction tasks.

The convergence analysis indicates that TSIs can learn sparse dependencies more efficiently,
which is vital in financial contexts where market movements are influenced by historical patterns
extending beyond short-term windows. Despite a marginal increase in computational costs, the
improved accuracy and stability make TSIs attractive for deployment in business intelligence
systems.

Nevertheless, this study also highlights the importance of hyperparameter tuning, the potential
for integrating additional features (such as volume, technical indicators), and the need for more
rigorous testing over different stocks and market conditions. This research showed that hybrid
models blending attention mechanisms with convolutional layers can boost predictive capabilities.

In real-world applications, the balance between accuracy and computational efficiency must be
carefully managed, especially when deploying models for high-frequency trading or risk
management systems. Overall, the results reinforce the position of TSIs as a mainstay deep learning
approach for stock market forecasting, fostering more informed and strategic business decisions.
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