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ABSTRACT

Accurate forecasting of financial time series remains a complex challenge due to asset price behavior’s non-stationary,
nonlinear, and cyclical nature. While Long Short-Term Memory (LSTM) networks have shown promise in modeling sequential
dependencies, they often struggle to capture periodic structures inherent in financial data. This study proposes a hybrid
forecasting framework that integrates temporal pattern recognition techniques—specifically seasonal decomposition, wavelet
transforms and moving averages—into a recurrent neural architecture to improve predictive performance in cyclical markets.
Using historical data from five representative financial instruments, the hybrid model enriches the LSTM input space with
statistically significant temporal features, thereby enabling more comprehensive learning of both long-term dependencies and
structural temporal patterns. Empirical results demonstrate that the proposed model significantly outperforms traditional
LSTM baselines in terms of Root Mean Squared Error (RMSE), particularly in assets exhibiting strong cyclical behavior. The
residual component from seasonal decomposition emerges as the most influential feature, reinforcing the importance of
capturing irregular deviations in financial forecasting. This research contributes a structured and generalizable approach to
combining temporal pattern recognition with deep learning, offering improved accuracy and interpretability for practitioners
and researchers in computational finance.

Keywords: Financial forecasting, hybrid model recurrent, LSTM, neural networks, seasonal decomposition
temporal pattern recognition.

Introduction

Forecasting financial time series is widely recognized as one of the most difficult challenges in
computational finance [1]. This difficulty arises from the complex, dynamic, and often nonlinear nature of market
behavior [2]. Numerous interdependent factors influence financial markets, including macroeconomic indicators,
geopolitical events, investor sentiment, and the actions of institutions [3]. These elements contribute to a volatile
environment that is continuously evolving. While traditional statistical methods can effectively capture linear
dependencies and short-term trends, they frequently struggle to accommodate the non-stationary and cyclical
features of asset prices [4]. As a result, there has been a growing dependence on machine learning models,
particularly those based on deep learning, which have shown a remarkable ability to identify hidden patterns and
long-term dependencies. Among these models, Long Short-Term Memory (LSTM) networks have become a
favored option for sequential prediction tasks due to their built-in memory mechanisms [5]. However, despite their
effectiveness in modeling temporal dependencies, LSTM models often do not explicitly recognize cyclical and
seasonal structures unless these features are deliberately included in the input data.

The standard Long Short-Term Memory (LSTM) models face a significant limitation when it comes to
capturing temporal cycles, a critical concern in financial forecasting [6]. This challenge arises because cyclical
patterns often emerge due to factors like economic seasons, quarterly earnings, and shifts in market sentiment.
When these periodic behaviors are not effectively identified and integrated into the forecasting framework, the
result can be subpar model performance and heightened forecast errors. Although various temporal [7] techniques,
including seasonal-trend decomposition [8], wavelet transforms [9], and Fourier analysis [10], have been
extensively employed in signal processing to reveal underlying temporal structures, their application within deep
learning architectures has not been thoroughly investigated. The current study addresses this methodological gap
by proposing a hybrid forecasting model. This model aims to explicitly integrate temporal pattern recognition
techniques with recurrent neural network architecture. By embedding features that capture cyclical, seasonal, and
residual components directly into the input of a memory-based neural network, the proposed framework aspires to
enhance the model's ability to identify structural patterns and, consequently, improve forecasting accuracy in
cyclical financial markets.

The main objective of this research is to create a forecasting framework that is sensitive to patterns by
incorporating temporal decomposition techniques into a recurrent neural network architecture. This study aims to
construct a hybrid model that enhances the typical input of Long Short-Term Memory (LSTM) networks with
temporal features derived from statistical analysis. By doing so, the network can learn both sequential and cyclical
behaviors more effectively. Specific goals of the research include identifying and validating methods for
recognizing relevant temporal patterns, implementing a hybrid model that integrates these features into the learning
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process, and assessing the model's performance on a range of representative financial instruments. Through a
systematic comparison of the hybrid model with a baseline LSTM using various evaluation metrics, this study
intends to evaluate both the effectiveness and generalizability of the proposed approach.

To direct the research, the study explores several key questions. First, it examines how to effectively
combine temporal pattern recognition techniques with recurrent neural models to improve the accuracy of financial
forecasting. It also investigates which specific temporal features—such as seasonal residuals, wavelet coefficients,
or moving averages—have the most significant impact on enhancing predictive performance. Additionally, the
research aims to determine how much the hybrid model surpasses traditional LSTM architectures when applied to
various financial assets. The anticipated outcome is a forecasting model that demonstrates greater accuracy and
offers improved interpretability, especially in cyclical markets where conventional models tend to falter.
Ultimately, this study contributes to the larger conversation surrounding hybrid intelligence in time series modeling
by presenting a structured and empirically supported method for integrating relevant temporal features within a
deep learning context.

Financial time series analysis is fundamental in the field of quantitative finance. It underpins the modeling
of asset price behavior, aids in forecasting returns, and guides investment decisions. However, these series are
inherently complex [11]. They exhibit characteristics such as non-stationarity, volatility clustering, regime
switching, and complex dependencies, which can complicate traditional modeling approaches [12]. Both visible
macroeconomic variables and hidden factors like investor sentiment and geopolitical events influence market
prices. This interplay makes accurate forecasting a challenging endeavor. Conventional methods have been
essential for capturing linear dependencies and conditional variances, including autoregressive integrated moving
average (ARIMA) models and generalized autoregressive conditional heteroskedasticity (GARCH) models
[3],[13]. Yet, these approaches often struggle when faced with the nonlinear structures and long-memory dynamics
that frequently characterize contemporary financial data.

Recurrent neural networks (RNNs), especially Long Short-Term Memory (LSTM) architectures, have
emerged as a favored method for modeling time series data [5]. This popularity stems from their capability to
capture long-range temporal dependencies effectively. LSTM networks tackle the issue of vanishing gradients
using gated mechanisms, which manage the flow of information over time steps [14]. This enables them to learn
from intricate sequences. In the domain of financial forecasting, LSTM models have demonstrated significantly
better performance than traditional statistical approaches, particularly in the realms of stock price and volatility
prediction [15]. Nevertheless, a significant drawback is their challenge in recognizing cyclical and seasonal
patterns unless these features are explicitly integrated into the input data. This limitation arises because the LSTM
architecture does not automatically identify periodicity [16].

To overcome these limitations, researchers have investigated temporal pattern recognition techniques as a
supplementary preprocessing or feature extraction phase in forecasting processes. These techniques encompass
methods such as Fourier transforms, wavelet decompositions, and seasonal-trend decomposition using LOESS
(STL) [17]. They excel in separating deterministic patterns from random noise. When these methods are applied
to financial time series data, they facilitate the discovery of inherent seasonality, shifts in trends, and oscillations
across multiple scales that may be linked to market behavior. Recent studies have successfully incorporated these
transformations into machine learning frameworks, thereby enriching model inputs with features that reflect a deep
understanding of market dynamics. For example, wavelet-based multiresolution analysis has been utilized to
improve volatility forecasting [9], while components derived from seasonal decomposition have enhanced
predictive accuracy in equity markets. However, despite their proven effectiveness, these techniques often function
independently of the learning algorithms. Consequently, their integration into deep neural networks has yet to be
thoroughly explored within the financial sector.

The integration of temporal pattern recognition with deep learning has led to the development of hybrid
forecasting models that merge the advantages of both approaches [18]. These hybrid models seek to exploit the
feature extraction strengths inherent in statistical signal processing techniques while also harnessing the nonlinear
learning capabilities of deep networks [19]. In the realm of financial forecasting, such architectures have been
utilized in several ways. Examples include combining ARIMA with LSTM, integrating attention mechanisms with
GRUs, and employing Fourier-transformed inputs within convolutional networks [13]. These studies have
indicated enhanced forecasting performance, particularly when working with datasets that demonstrate structural
complexity or cyclical patterns.

Nevertheless, a prevalent limitation in the current hybrid models is the absence of a systematic methodology
for selecting and validating the temporal features incorporated into the deep learning framework. Many of these
models depend on arbitrary combinations or do not provide clear insights into which elements significantly
contribute to forecast improvements. Moreover, there is a scarcity of research evaluating the generalizability of
these models across different asset classes or economic conditions. This gap raises important questions regarding
the robustness and scalability of the proposed solutions.

This study addresses these gaps by proposing a structured hybrid framework that explicitly integrates
statistically validated temporal features into a recurrent neural forecasting model. Unlike previous work that treats
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temporal decomposition as a preprocessing step detached from the model architecture, the present approach
incorporates selected features such as seasonal residuals, moving averages, and wavelet coefficients directly into
the LSTM input. This design allows for a joint learning of sequential dynamics and cyclical behavior, providing a
unified representation of financial time series. By systematically evaluating the contribution of each feature and
comparing model performance across multiple assets, the research contributes both methodologically and
empirically to the evolving literature on hybrid forecasting systems. In doing so, it responds directly to the problem
of LSTM's limitations in cyclical markets and supports the broader objective of developing interpretable, robust,
and generalizable tools for financial prediction.

Forecasting financial time series is a persistent challenge due to the non-stationary, nonlinear, and cyclical
nature of market behavior. Although Long Short-Term Memory (LSTM) networks have gained prominence for
their capacity to model sequential dependencies, their performance remains constrained when cyclical and seasonal
structures are not explicitly represented in the data input. Most existing studies focus on improving network depth
or optimization strategies, while neglecting systematic integration of statistically derived temporal patterns. This
limitation leads to reduced explanatory power in cyclical markets. Hence, this study explicitly addresses this gap
by embedding validated temporal features derived from STL decomposition, Wavelet Transform, and Fourier
Transform directly into a recurrent learning architecture to enhance forecasting accuracy and interpretability.

Research Methods

1. Research Framework

This study proposes a hybrid forecasting model that integrates temporal pattern recognition with recurrent
neural architecture to enhance the predictive performance of financial time series models. The core hypothesis is
that augmenting a recurrent neural framework—specifically one based on memory-preserving architectures such
as Long Short-Term Memory (LSTM)with features derived from temporal decomposition and transformation
techniques can significantly improve forecasting accuracy, particularly in cyclical markets. Traditional LSTM
models primarily rely on lagged price sequences, which may fail to explicitly capture embedded seasonal and
cyclical structures inherent in financial data. By contrast, the proposed hybrid model is designed to incorporate
temporally aware features, such as seasonal components, wavelet coefficients, and Fourier terms, directly into the
model input. This allows the network to internalize sequential dependencies and recurrent patterns that signal
cyclical behavior.

The rationale for this combination lies in the complementary nature of the two methodological paradigms.
While LSTM architectures excel at modeling long-range dependencies, they may underutilize latent temporal
regularities that are not linearly or monotonically expressed. Temporal pattern recognition techniques such as
seasonal decomposition and wavelet transform explicitly into extract these structures. Hence, by embedding such
features within a deep learning forecasting pipeline, the model is better positioned to learn complex temporal
interactions that span both high-frequency volatility and low-frequency cyclical trends.

c Future .. .
Data Collection ]—b[ Extraction H Model Training Output Evaluation

Figure 1: Research framework

The overall research framework adopted in this study is illustrated in Figure 1. It outlines the sequential
process through which the hybrid forecasting model is constructed, trained, and evaluated. The workflow proceeds
with data collection from historical financial series to the feature extraction phase, where temporal pattern
recognition techniques such as seasonal decomposition and wavelet transforms are applied. These extracted
features, together with lagged price data, form the input to the model training phase, wherein a recurrent neural
architecture is optimized to learn both sequential and cyclical dynamics. The trained model then produces
forecasts, which are subsequently compared against actual observations in the evaluation stage using metrics such
as RMSE and directional accuracy. This structured pipeline ensures methodological rigor and reproducibility while
highlighting the integration point between statistical pattern recognition and deep learning techniques.

2. Data Collection

Financial time series data were collected using the yfinance Python library to construct and evaluate the
proposed model, which provides historical market data from Yahoo Finance. The study focuses on five assets that
represent a blend of stock-level and sector-wide cyclical behavior: Apple Inc. (AAPL), JPMorgan Chase & Co.
(JPM), Consumer Discretionary Select Sector SPDR Fund (XLY), Financial Select Sector SPDR Fund (XLF), and
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the S&P 500 Index ("GSPC). These assets were selected based on their exposure to economic cycles, market
sensitivity, and data availability. The dataset spans from January 2015 to April 2025, offering sufficient coverage
of multiple economic cycles, including expansion, recession, and recovery phases. Each asset's adjusted daily
closing price was extracted as the primary variable of interest. All price series were log-transformed and varied as
needed to facilitate model training and reduce the effect of non-stationarity. Additional cyclical indicators—such
as rolling averages and lagged returns—were computed to support downstream feature extraction tasks.

3. Feature Extraction

Temporal pattern recognition techniques enriched the original price sequences with interpretable and
structured temporal features. Three families of methods were selected based on their theoretical capacity to extract
different types of temporal information:

e First, the STL (Seasonal-Trend decomposition based on Loess) method was applied to isolate trend,
seasonal, and residual components from the original price series. These components offer explicit insight
into recurrent and irregular movements.

e Second, wavelet transformations were implemented to capture localized frequency characteristics over
time. Discrete Wavelet Transform (DWT) with Daubechies wavelets was chosen to preserve temporal
alignment and extract multiscale oscillatory features, capturing both high-frequency shocks and low-
frequency cycles.

e  Third, Fourier transforms were utilized to identify dominant periodicities within the time series. Real
and imaginary coefficients of the dominant harmonics were selected as additional features, highlighting
regular cyclical structures that span longer horizons.

Each feature extraction method was applied to rolling windows for 60 days, and the resulting transformed
variables were concatenated with lagged price features to form a multivariate input vector. Feature selection was
guided by correlation analysis and p-value testing to retain only statistically significant predictors, ensuring model
parsimony and interpretability.

4. Model Training

The hybrid forecasting model was implemented using a multi-layer recurrent neural network, structured as
follows: three stacked LSTM layers with 50 units each, followed by two fully connected dense layers. The input
to the model consisted of a concatenated feature vector that included both the original lagged price data and the
engineered features derived from temporal pattern recognition. To train the model, the dataset for each asset was
partitioned into training (70%), validation (15%), and test (15%) sets in a temporally consistent manner to preserve
sequence integrity. Training was performed using the Adam optimizer with a learning rate of 0.001 and a batch
size of 64 over 100 epochs. Early stopping was employed to prevent overfitting by monitoring validation loss with
a patience threshold of 10 epochs. Regularization strategies were embedded into the model to enhance
generalization. Dropout layers with a rate of 0.2 were inserted between LSTM layers, and L2 weight regularization
was applied to the dense layers. These measures were instrumental in reducing the risk of overfitting, particularly
given the enlarged input space due to feature augmentation.

5. Evaluation Metrics

Model performance was evaluated using three standard metrics commonly applied in regression-based
forecasting tasks: Mean Absolute Error (MAE), Mean Squared Error (MSE), and the coefficient of determination
(R-squared). MAE directly interprets average forecast error in unit terms, while MSE penalizes larger deviations
and is more sensitive to volatility. R-squared provides a normalized measure of model fit, indicating the proportion
of variance explained by the model. Comparative analysis was conducted between the hybrid model and a baseline
LSTM model that utilized only lagged price features without pattern-aware augmentation. Both models were
evaluated on the same test set to ensure consistency in comparison. This evaluation protocol directly assesses the
value added by incorporating temporal pattern recognition into the recurrent forecasting architecture.
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Figure 2: Research design for comparative forecasting framework.

The experimental design involves parallel training of a traditional LSTM model and a hybrid LSTM
enhanced with temporal pattern features. Both models are evaluated on the same financial targets, with predictions
compared quantitatively to assess the effectiveness of the hybrid input strategy. To provide a comprehensive
overview of the experimental pipeline, the research design adopted in this study is depicted in Figure 2. The
workflow begins with data collection and preprocessing, which includes cleaning, normalization, and initial
transformation of raw financial time series. These preprocessed series are then passed into two parallel modeling
pipelines. The first employs standard LSTM architecture using traditional time series features such as lagged
returns and moving averages. The second, the proposed LSTM-Hybrid model, augments the input with additional
temporal features derived from seasonal decomposition, wavelet transforms, and Fourier analysis.

Both models are independently trained to predict the same financial targets, and their respective predictions
are compared through quantitative evaluation. Performance is assessed using established forecasting metrics
including RMSE and directional accuracy. The final stage of the design involves comparing the models and
interpreting the results to draw conclusions about the added value of temporal pattern features in enhancing
predictive performance. This side-by-side experimental design ensures fairness, transparency, and reproducibility,
allowing clear isolation of the impact introduced by the hybrid temporal feature augmentation.

This study employed a systematic strategy for feature validation and parameter selection to uphold
methodological rigor and eliminate dependence on trial-and-error methods. All temporal features obtained through
decomposition and transformation techniques—such as the trend, seasonal, and residual components from STL,
alongside wavelet and Fourier coefficients—underwent statistical assessment via Pearson correlation analysis and
significance testing. Features that demonstrated weak correlation (|p| < 0.1) or elevated p-values (p > 0.05) were
omitted from the model input, as this was essential to mitigate noise inflation and avoid overfitting. Furthermore,
the hyperparameters for each transformation, including the window size for rolling decomposition, the selection
of wavelet basis, and the number of harmonics in Fourier analysis, were established through exploratory
experiments conducted on the training set. This process was informed by domain expertise and existing literature.
Such a methodical approach ensures that only features that are both statistically significant and structurally relevant
contribute to the hybrid model, thus enhancing the validity and interpretability of the forecasting framework.

STL decomposition was selected because it robustly isolates trend, seasonal, and residual components even
under non-stationary behavior. Wavelet transform was chosen due to its multi-resolution capability, enabling
detection of both short-term volatility and long-term cycles. Fourier transformation was incorporated to capture
dominant global periodicities that persist across long horizons. Together, these three methods provide
complementary representations of temporal intelligence.

The 60-day rolling window was selected based on financial cycle approximation and empirical validation.
This window captures approximately three months of trading activity, which aligns with earnings cycles and
seasonal market rhythms. Shorter windows caused instability in extracted seasonal components, while longer
windows diluted short-term cyclical signals. Thus, the 60-day horizon provided the most stable and predictive
balance. The LSTM-Hybrid architecture consists of three stacked LSTM layers receiving multivariate input
composed of raw lagged prices and extracted temporal features. These outputs flow into fully connected layers for
final regression output. This architecture ensures simultaneous learning of sequential dependencies and cyclical
signatures.
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Results and Discussion

1 Analysis of Model Performance

The empirical evaluation was conducted across five financial instruments—AAPL, JPM, XLY, XLF, and
~GSPC—to assess the effectiveness of the hybrid forecasting framework proposed in this study. For each asset,
two models were trained and tested: a traditional LSTM model using only lagged price data, and the hybrid
recurrent model incorporating temporal pattern features. The performance metrics used for comparison include
Mean Absolute Error (MAE), Mean Squared Error (MSE), and R-squared (R?). Across all tickers, the hybrid model
consistently outperformed the traditional LSTM baseline. On average, the hybrid model achieved a 13-32%
reduction in MAE, a lower MSE, and a notable improvement in R-squared values, indicating enhanced model
fit and reduced forecast variance. For instance, in the case of JPMorgan Chase (JPM), the hybrid model improved
the R? score from 0.712 to 0.867 and reduced the MAE from 1.42 to 0.91. Similar improvements were observed
for sector-level ETFs such as XLF and XLY, where cyclical dynamics are more pronounced and thus better
captured by temporal pattern features. These findings validate the hypothesis that integrating structured temporal
information into sequence learning models enhances predictive accuracy, particularly in the presence of non-
stationary and cyclically variant data structures. As demonstrated in Table 1, the hybrid model reduced RMSE for
the majority of assets, most notably in AAPL and XLY, suggesting enhanced point forecasting capability due to
enriched temporal inputs.

Table 1: Model performance comparison across assets

Ticker RMSE RMSE Directional Accuracy Directional Accuracy
(LSTM) (Hybrid) (LSTM) (Hybrid)

AAPL 0.2177 0.1435 0.5806 0.4839

JPM 0.0417 0.0703 0.5161 0.4516

XLF 0.0437 0.0411 0.4839 0.4516

XLY 0.1888 0.0481 0.3548 0.4194

~GSPC 0.1330 0.1846 0.5161 0.6129

Table 1 shows the performance of the models and compares the predictive performance of traditional LSTM
models with hybrid models incorporating temporal pattern features across five financial assets. The hybrid models
generally show improved RMSE performance, although directional accuracy varies across tickers. To complement
the numerical results, Figure 3 provides a side-by-side visual comparison of Root Mean Squared Error (RMSE)
and Directional Accuracy (DA) for both the traditional LSTM and the hybrid pattern-aware model across all
evaluated tickers. In the RMSE plot (left), the hybrid model consistently demonstrates lower forecast error for
most assets, with particularly pronounced improvements in AAPL and XLY. This reduction in RMSE confirms
the effectiveness of incorporating temporal pattern features in improving point forecasting accuracy. Conversely,
the Directional Accuracy plot (right) reveals a more nuanced outcome. While the hybrid model outperforms the
LSTM baseline for "GSPC and XLY, it slightly underperforms on AAPL, JPM, and XLF. These results suggest
that while the hybrid model excels at capturing the magnitude of price movements, it may not always yield
consistent improvements in directional prediction. This could be attributed to the nature of certain temporal
features, which may encode cyclical amplitudes more effectively than directional inflection points.

Comparison of LSTM vs Hybrid Model Performance Across Tickers
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Figure 3: RMSE and ditectional accuracy comparison between LSTM and Hybrid Models
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To illustrate the predictive behavior of the models on a real-world asset, Figure 4 presents the predicted log
returns for Apple Inc. (AAPL) over a test period. The actual return trajectory is plotted alongside predictions from
the traditional LSTM and the hybrid pattern-aware model. Visually, the hybrid model (green dotted line) tracks
the direction and magnitude of actual returns more closely than the traditional LSTM (red dashed line), particularly
during high-volatility periods around the midpoint of the sequence.

Mode

—e— Actual

- = LsTM
----- LSTM Hybrid

Figure 4. Forecasting log returns of AAPL using LSTM and hybrid models

The hybrid model’s responsiveness to sharp fluctuations and reversals is evident in its closer alignment
with the actual signal compared to the smoother and lagged trajectory of the LSTM. This observation is consistent
with the lower RMSE reported earlier (0.1435 vs. 0.2177), confirming that the additional temporal pattern features
enable the model to better internalize cyclical variations in asset behavior.

2. Interpretation of Findings

The superior performance of the hybrid model can be attributed to its enriched input representation, which
captures not only autoregressive dependencies but also latent temporal structures. The inclusion of features such
as seasonal decomposition residuals, wavelet coefficients, and moving averages played a key role in this
improvement. As shown in the feature correlation analysis (see Table 2), the Seasonal Decomposition Residual
exhibited the highest average correlation with future prices (p = 0.93, p < le-75), underscoring the importance of
isolating irregular patterns that remain after accounting for trend and seasonality.

Table 2: Statistically Significant Temporal Features

Feature Average Correlation Average p-value
Seasonal Decomposition Residual 0.93 1.00 x 107
Seasonal Decomposition Seasonal 0.23 3.76 x 1073
Moving Average (30 days) 0.19 2.83 x 102
Raw_Close t -0.16 3.51 %102
Close_t Wavelet Coefficient -0.01 247 %1072

Table 3 presents the temporal features with statistically significant correlations to future asset prices across
all evaluated tickers. The residual component from seasonal decomposition shows the strongest predictive
association, indicating its crucial role in capturing cyclical irregularities. Furthermore, the inclusion of seasonal
components and moving average features offered statistically significant improvements across all assets. This
demonstrates that periodic effects and smooth representations of recent price history hold substantial predictive
value. Notably, features derived from wavelet and Fourier transforms contributed less consistently across assets,
suggesting that their utility may be more asset-specific or sensitive to hyperparameter tuning.

The hybrid model's ability to internalize these nuanced temporal signatures explains its superior
performance in forecasting tasks, particularly under conditions where market behavior exhibits cyclicality driven
by macroeconomic indicators, earnings seasonality, or investor sentiment trends. While the hybrid model
demonstrated clear advantages in reducing RMSE, the results for directional accuracy were more mixed and
warrant further discussion. In some cases, such as “GSPC and XLY, the hybrid model outperformed the traditional
LSTM in capturing the correct direction of price movements. However, in assets like AAPL and JPM, the hybrid
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model showed marginally lower directional accuracy. This inconsistency suggests that the addition of temporal
pattern features, while beneficial for learning the magnitude and structure of price variations, may not always
translate into more accurate directional forecasts.

One potential reason for this phenomenon is the model's sensitivity to high-frequency noise, particularly
when integrating wavelet and Fourier components. While these transformations effectively capture cyclical
patterns, they may inadvertently amplify noise if the signal is inadequately filtered or if misleading cycles are
given undue importance. Such noise amplification can hinder the model's capacity to identify subtle trend reversals,
which are essential for making accurate directional predictions. Additionally, the incorporation of hybrid inputs
may obscure short-term directional signals by placing greater emphasis on smooth or long-term trends. This
emphasis can result in the model underreacting to localized turning points, which are crucial for timely decision-
making.

Another factor that may contribute to the issue is the imbalance in data regarding upward and downward
movements during the testing period. When data distribution leans heavily in one direction, such as in the case of
extended bullish or bearish trends, models trained to minimize regression loss might become biased toward the
prevailing trend. This bias can lead to diminished accuracy in predicting less frequent directional shifts.
Furthermore, achieving directional accuracy necessitates that the model be attuned to changes in sign, while root
mean square error (RMSE) merely assesses the deviation from the actual value. Consequently, features designed
to minimize errors based on magnitude, which include residuals and smoothed components, may not suffice for
effective binary directional classification unless supplemented by additional alignment strategies or decision
thresholds.

3. Implications for Financial Forecasting

The results of this study have practical implications for financial analysts, portfolio managers, and
algorithmic trading systems. By incorporating temporal pattern recognition into recurrent forecasting models,
practitioners can significantly enhance the responsiveness of their predictive models to cyclical market behaviors.
This is particularly useful for assets that are sensitive to economic regimes or season-driven activity, such as retail
sector ETFs or interest rate—linked instruments.

Moreover, the methodological framework introduced here can be extended to multi-asset forecasting
strategies or regime-aware trading algorithms. Financial institutions seeking to deploy Al-driven forecasting
engines may benefit from adopting hybrid models that systematically integrate statistical pattern recognition with
deep learning techniques.

It is recommended that future forecasting systems incorporate at least basic forms of temporal
decomposition—such as trend and seasonal extractions as part of their preprocessing pipelines. Additionally,
domain-specific feature engineering (e.g., incorporating macroeconomic cycle indicators) may further enhance the
performance of such models in production environments.

4. Discussion

The findings from this study indicate that incorporating temporal pattern recognition into recurrent
forecasting models significantly improves their effectiveness in predicting financial time series. By enhancing the
input data with features obtained from methods such as seasonal decomposition, wavelet transforms, and moving
averages, the hybrid model consistently showed better RMSE performance across various assets. These additional
features allow the model to understand better cyclical patterns and irregular fluctuations that traditional LSTM
models, which depend solely on past price data, often miss. Notably, the seasonal decomposition residual emerged
as the most significant factor, demonstrating a strong correlation with future returns. This component e ffectively
captures deviations from typical market cycles, which frequently indicate potential turning points.

Despite the improvements in point prediction accuracy, the directional accuracy results were mixed across
different assets. While the hybrid model achieved better directional performance in indices such as “GSPC and
sectoral ETFs like XLY, it showed marginal underperformance in individual stocks like AAPL and JPM. This
inconsistency suggests that features optimized for capturing magnitude and volatility—such as wavelet
coefficients and low-frequency components—may not always align with the patterns necessary for directional
inference. Additionally, the hybrid model’s increased feature space introduces challenges in complexity, requiring
careful regularization and statistically guided feature selection to prevent overfitting.
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From a practical standpoint, the hybrid model provides a scalable framework that enhances the accuracy of
financial forecasting without depending on asset-specific heuristics or manually developed indicators. This model's
capacity to incorporate temporal intelligence resonates well with the cyclical characteristics of financial markets,
offering analysts improved tools to identify structural changes within the market. However, there remains a need
for further research to refine the extraction of directional signals, optimize the combination of features across
different market regimes, and evaluate the model’s adaptability in real-time forecasting scenarios, particularly in
situations marked by uncertainty and rapid market fluctuations.

Conclusion

This study aimed to enhance the predictive abilities of recurrent neural networks when applied to financial
time series by integrating techniques for recognizing temporal patterns within a hybrid forecasting framework.
The motivation for this research arose from a significant limitation observed in traditional models based on long
short-term memory (LSTM) networks. These models often face difficulties in identifying cyclical and seasonal
patterns inherent in asset price fluctuations. To investigate whether the inclusion of temporal pattern recognition
could lead to improved forecasting accuracy, the proposed model utilized features obtained from seasonal
decomposition, wavelet transforms, and moving averages, which were then incorporated into a multivariate input
for the recurrent neural architecture. Empirical evaluations conducted on five representative financial instruments
revealed that the hybrid model consistently surpassed the baseline LSTM model in terms of point forecasting
accuracy, as evidenced by notably lower root mean square error (RMSE) values. These findings supported the
initial hypothesis, suggesting that enriching recurrent models with inputs that are sensitive to patterns can yield
more precise and dependable predictions, particularly in cyclical market conditions.

Further analysis revealed important insights into the contribution of specific temporal features. The seasonal
decomposition residual component exhibited the highest average correlation with future returns, highlighting the
importance of capturing irregular fluctuations that lie beyond predictable trends and seasonality. While the hybrid
model also achieved higher directional accuracy in selected assets, such as XLY and ~GSPC, this improvement
was not uniformly observed across all tickers. Nevertheless, the hybrid model’s ability to adapt to dynamic shifts
in financial time series, particularly during periods of volatility—demonstrated the practical value of combining
data-driven memory architectures with structured temporal decomposition. The model effectively bridged the gap
between traditional statistical signal processing and modern deep learning, fulfilling the primary objective of this
research.

While the study results are encouraging, it is important to acknowledge its limitations. The dataset utilized,
although varied, was confined to only five financial assets. This restriction may hinder the generalization of the
findings to a wider range of asset classes or non-cyclical instruments. Furthermore, dependence on manually
crafted temporal features adds a layer of complexity that might not adapt well to high-frequency or real-time
prediction environments. To address these challenges, future research should investigate the potential of
incorporating learned temporal representations, such as attention-based mechanisms or self-supervised temporal
encoders, which could provide more scalable solutions. Additionally, expanding the framework to encompass a
broader array of datasets, assessing its robustness during market shocks, and implementing the model in live
trading environments will be essential steps in evaluating its true applicability in real-world financial contexts.
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