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Abstract

This study evaluates the performance of quantum-inspired machine learning models against traditional and deep learning approaches for forecasting
high-dimensional, noisy financial time-series data. Using rigorous empirical testing, we compare a Quantum Wavelet Learning (QWL-SVR) model
with Random Forest and LSTM architectures on key metrics (RMSE, R?). Results demonstrate that Random Forest significantly outperforms both
quantum and deep learning alternatives (RMSE: 913.29 vs. 7,438.07 and 18,976.63, respectively), while the quantum model shows only marginal
advantages over LSTM. Statistical tests (p < 0.001) confirm that current quantum-inspired implementations fail to surpass classical machine learning in
robustness or accuracy. These findings challenge prevailing assumptions about quantum superiority in financial applications, highlighting the enduring
value of traditional methods. The study provides actionable insights for financial analysts and contributes to the growing discourse on practical
quantum machine learning limitations, suggesting hybrid approaches as a promising future direction.

Keywords : Quantum Computing, Financial Market Forecasting, Time Series Analysis, Quantum Machine Learning (QML), Quantum Neural
Networks (QNNSs)

1. INTRODUCTION

In today's increasingly volatile and data-driven financial landscape, the demand for accurate and robust forecasting models has intensified. Financial
markets are characterized by complexity, non-linearity, and high levels of noise, rendering traditional modeling approaches often insufficient. Against
this backdrop, Quantum Machine Learning (QML) emerges not merely as a technological advancement but as a transformative opportunity in financial
analytics. By leveraging the unique properties of quantum mechanics—such as superposition and entanglement—QML offers the potential to handle
high-dimensional, stochastic financial time series data with enhanced efficiency and predictive accuracy.

This research examines the efficacy of quantum-enhanced models in forecasting key financial market metrics. Rather than viewing QML as a mere
extension of classical computing, the study positions it as a fundamental shift in computational strategy, particularly suited to the nuanced requirements
of modern financial systems. As demonstrated by Thakkar, S., Kazdaghli, S., Mathur, N., Kerenidis, I., Ferreira-Martins, A. J., & Brito, S. G. A. (2024)
in their work “Improved Financial Forecasting via Quantum Machine Learning. Quantum Machine Intelligence, 6(27) (2024)”, quantum algorithms
can capture intricate dependencies in financial data that are often elusive to classical models, thereby enabling improved forecasting under uncertainty.
Similarly, the study by Emmanoulopoulos and Dimoska (2022), titled “Quantum Machine Learning in Finance: Time Series Forecasting” highlights
the potential of parameterized quantum circuits in modeling complex time series data with higher noise levels. The objective of this study is to evaluate
quantum frameworks—specifically Quantum Neural Networks (QNNSs), Variational Quantum Circuits (VQCs), and Quantum Generative Adversarial
Networks (QGANS) - in comparison with traditional time-series models like Long Short-Term Memory (LSTM) and Gated Recurrent Unit (GRU)
networks, using the NIFTY 50 index as a representative benchmark.

The research employs a comprehensive variable set designed to replicate real-world financial decision-making scenarios. Market-driven variables
include daily close prices (to detect price trends), log returns (to ensure stationarity), 30-day and 90-day rolling volatility (to measure short- and
medium-term risk), and Bollinger Bands (as volatility-sensitive technical indicators). Complementing these are macroeconomic indicators such as GDP
growth rate, Consumer Price Index (CPI), repo rate, and unemployment rate, which contextualize financial metrics within broader economic dynamics.
This integrative modeling approach aligns with the perspective that forecasting models must blend micro-level market behavior with macroeconomic
signals to achieve meaningful accuracy. Yet, as with many quantum innovations, challenges persist—particularly regarding the constraints of current
Noisy Intermediate-Scale Quantum (NISQ) hardware and the interpretability of hybrid models.

Nevertheless, this study contributes to a growing body of literature seeking to operationalize quantum computing in applied finance. By rigorously
comparing quantum and classical models across multiple evaluation criteria, it aims to advance the discourse on quantum advantage in financial
forecasting—Ilaying the groundwork for future applications as quantum technologies mature.
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2. OBJECTIVE OF THE STUDY

1. Todevelop and evaluate a quantum machine learning model for forecasting key financial market metrics using time-series data.
2. To compare the forecasting performance of quantum models against traditional and deep learning models, considering both market-specific
and macroeconomic variables.

3. LITERATURE REVIEW

In recent years, quantum machine learning (QML) has emerged as a disruptive paradigm in financial forecasting, offering potential advantages in
computational efficiency and predictive accuracy over classical models. As financial markets grow increasingly complex, traditional approaches—such
as ARIMA and deep learning models like LSTM—struggle with high-dimensional, noisy time-series data. This has spurred interest in quantum-
enhanced models, which leverage superposition and entanglement to process financial data more effectively (Woerner & Egger, 2019). While early
research demonstrates promise, significant gaps remain in real-world applicability, scalability, and integration with classical financial modeling
frameworks.

The foundational work of Woerner and Egger (2019) established quantum computing’s potential for financial tasks such as portfolio optimization,
credit scoring, and risk analysis. Their study introduced quantum support vector machines (QSVMs) and variational quantum circuits (VQCs),
demonstrating superior performance in specific optimization tasks. However, these findings were constrained by reliance on quantum simulators and
small-scale synthetic datasets, highlighting the nascent state of quantum hardware.

Similarly, Patil, R., Shankar, K., Elhoseny, M., &Lakshmanaprabu, S. K (2023) explored hybrid quantum-classical models for financial forecasting,
comparing quantum neural networks (QNNs) to classical counterparts in credit scoring and churn prediction. Their results indicated competitive or
superior accuracy for quantum models but underscored limitations in scalability due to hardware noise and circuit depth. These early studies laid the
groundwork for QML in finance but were largely theoretical, with limited empirical validation.

Recent research has shifted toward applying QML to financial time-series forecasting. Bahri, T., Fotiadis, A., Palittapongarnpim, P., & Gauthier, F.
(2022) benchmarked quantum neural networks (QNNSs) against classical BiILSTM models, finding that QNNs achieved comparable performance with
fewer parameters. Their methodology employed parameterized quantum circuits via Pennylane, yet the study’s reliance on simulators left open
questions about real-hardware feasibility. Further innovations include Sato, T., Terashima, H., Endo, S., Ohzeki, M., &Imamichi, T. (2024)’s quantum
generative adversarial network (QGAN) for financial time-series modeling. Their work showed that QGANS could capture temporal dependencies
more effectively than classical models in low-dimensional settings. However, scalability to high-dimensional financial datasets remained a challenge,
as experiments were confined to quantum simulators.

Hybrid quantum-classical architectures have also gained traction. Nagesh, N., Kumar, R. P., Abinaya, R., & Ananthi, R. (2024) introduced HQNN-FSP,
a hybrid model for stock price prediction, which outperformed classical neural networks in training efficiency and generalization. Despite promising
results, the study noted that real-world deployment would require advancements in quantum hardware to handle high-frequency, large-scale financial
data.

A critical gap in the literature is the lack of systematic comparisons between quantum and classical forecasting models. While studies like Meng, Y.,
Alagappan, M., Dhomkar, S., Mehta, A., Yoo, S., & Gambetta, J. (2023) benchmarked QLSTM against classical LSTM, their evaluations were limited
to small-scale datasets and omitted key financial metrics (e.g., Sharpe ratio, maximum drawdown). Additionally, most research fails to account for
macroeconomic variables or market regime shifts, which are crucial for robust financial forecasting.

The literature disproportionately represents developed markets, with minimal exploration of emerging economies or sector-specific forecasting. For
instance, Zhang, L., Li, X., Wang, T., & Zhang, S. (2023)’s QGAN study used Yahoo Finance data but did not examine how quantum models perform
in illiquid or volatile markets. Similarly, the integration of macroeconomic indicators—critical for classical forecasting—remains underexplored in
QML frameworks.

4. CONCEPTUAL FRAMEWORK

This study evaluates the performance of Traditional Machine Learning (RF, SVM), Deep Learning (LSTM, GRU), and Quantum Machine Learning
(QNN, QCNN) models in forecasting key financial metrics. The framework assesses their ability to handle high-dimensional data, incorporate
macroeconomic indicators, and mitigate noise in financial datasets. Forecasting accuracy is measured using RMSE and other performance metrics,
providing insights into the optimal model selection for different financial prediction tasks. The comparative analysis aims to guide practitioners in
leveraging these advanced techniques for improved market forecasting.
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4.1 CONCEPTUAL MODEL
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Fig.1. Conceptual Model
(Proposed conceptual model, source: The authors)

4.1.1 HYPOTHESIS DEVELOPMENT
1. Quantum vs. Traditional Models (Forecasting Performance)

Ho: There is no statistically significant difference in forecasting accuracy between quantum machine learning models (e.g., QNN, QCNN)
and traditional machine learning models (e.g., Random Forest, SVM) for key financial market metrics.

H,: Quantum machine learning models exhibit statistically superior forecasting accuracy compared to traditional machine learning models
for key financial market metrics.

2. Quantum vs. Deep Learning Models (Forecasting Performance)

Ho: Quantum machine learning models (e.g., QNN, QCNN) do not achieve significantly better forecasting performance than deep learning
models (e.g., LSTM, GRU) for financial time-series data.

H,: Quantum machine learning models demonstrate statistically significant improvements in forecasting performance over deep learning
models for financial time-series data.

3. Macroeconomic Indicators in Quantum Models

Hy: Incorporating macroeconomic indicators (e.g., GDP growth, inflation rates) does not enhance the predictive accuracy of quantum
machine learning models for financial metrics.

H.: The integration of macroeconomic indicators significantly improves the predictive accuracy of quantum machine learning models for
financial metrics.

4. Quantum Models for Noisy, High-Dimensional Data

H,: Quantum machine learning models are not more robust than traditional or deep learning models in handling high-dimensional, noisy
financial time-series data.

H;: Quantum machine learning models exhibit significantly greater robustness in processing high-dimensional, noisy financial time-series
data compared to traditional or deep learning alternatives.

5. RESEARCH METHODOLOGY

5.1 RESEARCH DESIGN

This study adopts an exploratory and analytical research design, aiming to evaluate the effectiveness of quantum machine learning (QML) models in
forecasting financial market metrics. It seeks to compare the performance of QML models with classical and deep learning models in real-world
scenarios. A quantitative research methodology is used, involving time-series analysis of historical financial and macroeconomic data to train, test, and
benchmark forecasting models.

5.2 RESEARCH METHOD

This study utilizes secondary quantitative data comprising historical financial market data and macroeconomic indicators to evaluate model
performance. The primary dataset consists of daily closing prices of the NIFTY 50 index from 2015 to 2025, sourced from Yahoo Finance, capturing
diverse market conditions across bull, bear, and volatile periods. To enhance the forecasting framework, key macroeconomic variables were integrated,
including GDP growth rates, Consumer Price Index (CPI) inflation, repo rates, and unemployment figures, obtained from the Reserve Bank of India
(RBI) database. Volatility measures such as the India VIX and rolling standard deviations were also incorporated to account for market risk dynamics.
Returns were calculated using both percentage change and logarithmic methods to ensure robustness. For quantum model implementation, the study
employed PennyLane and Qiskit frameworks to simulate Quantum Support Vector Machines (QSVM), Variational Quantum Circuits (VQC), and
Quantum Neural Networks (QNN), providing a comprehensive comparison against classical machine learning and deep learning approaches. The
exclusive use of secondary data from authoritative financial and economic sources ensures reliability while maintaining reproducibility for future
research.
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5.3 ANALYTICAL TOOLS AND TECHNIQUES

This study implements a multi-paradigm analytical approach combining classical machine learning, deep learning, and quantum-inspired techniques for
financial time-series forecasting. The classical modeling framework includes ARIMA as a baseline statistical model and Random Forest Regressor for
multivariate analysis, selected for their proven effectiveness in financial applications. Deep learning approaches incorporate Long Short-Term Memory
(LSTM) and Gated Recurrent Unit (GRU) networks to capture complex temporal patterns in the NIFTY 50 price series. The quantum machine learning
component evaluates three architectures: Quantum Support Vector Machines (QSVM) for classification tasks, Variational Quantum Circuits (VQC) for
regression, and Quantum Neural Networks (QNN) for hybrid quantum-classical learning, all implemented through PennyLane and Qiskit simulators.
The technical infrastructure leverages Python's scientific stack, utilizing pandas and NumPy for data preprocessing, scikit-learn for classical ML
implementations, and TensorFlow/Keras for deep learning components. Model evaluation employs standard forecasting metrics (RMSE, MAE, MAPE)
alongside computational efficiency measures (training time, convergence rate) to provide comprehensive performance comparisons across all
paradigms. This integrated methodology enables direct comparison of model effectiveness while accounting for both predictive accuracy and
operational practicality in financial forecasting applications.

5.4 SCOPE OF STUDY

This research is centered on evaluating the performance of Quantum Machine Learning (QML) models in comparison to classical and deep learning
models for financial forecasting, with a specific focus on index-level predictions. The primary dataset consists of daily closing prices of the NIFTY 50
index from 2015 to 2025, serving as a representative financial benchmark. To explore model behavior in complex environments, key macroeconomic
variables - namely Inflation Rate (CPI), GDP Growth, Repo Rate, and Unemployment Rate - were integrated into the dataset, allowing the study to
assess forecasting performance in a high-dimensional context. The research objectives include comparing traditional, deep learning, and QML models
under identical feature spaces, evaluating the impact of macroeconomic indicator integration on forecasting accuracy, and examining model robustness
in noisy, high-dimensional datasets. To validate the findings, statistical hypothesis testing was conducted using independent sample t-tests, enabling
formal assessment of the significance of performance differences among the models.

6. DATA ANALYSIS

6.1 MODEL 1
Quantum vs. Traditional Models

Quantun-Inspired SVM (RFF) - RMSE: 5
Traditional SVM (RBF) - RMSE: 2348.2:
Random Forest - RMSE: 155.4939, R®

MLP Neural Network - RMSE: 256.5:
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--- Hypothesis Testing ---

T-test on AMSE (sguared errors): €t = 14.1931, p = 8.09884

Reject Ho: Quantum-Inspired 5VM shows significantly lower RMSE than MLP.
T-test on A? (cross-validated): t = -49.2911, p = @.0888

Reject Hp: Quantum-Inspired 5WM has significantly higher R? than MLP.

The results demonstrate that the Quantum-Inspired SVM (RMSE = 5189.1778) performed significantly poorer than both the MLP (RMSE = 256.5952,
t = 14.1931, p < 0.001) and Random Forest (RMSE = 155.4939) models. Furthermore, the Quantum-Inspired SVM produced a negative R? value (-
0.0478), indicating a poor model fit, while traditional models achieved near-perfect R2 scores ranging from 0.997 to 0.999 (t = -49.2911, p < 0.001).
Performance Hierarchy:

Rank Model RMSE R?

1 Random Forest 155.49 0.999
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2 MLP 256.60 0.997

3 Quantum-Inspired SVM | 5189.18 | —0.048

The results showed quantum-inspired models fell short of expectations in practice, performing worse than traditional methods despite their promising
theoretical advantages. While the statistical tests confirmed significant differences between models (p < 0.001), they actually revealed that conventional
machine learning approaches worked better than the quantum-inspired technique for this financial forecasting task.

6.2 MODEL 2
Quantum vs. Deep Learning Models

Traditional Models Results:
Random Forest - 7.
SV - RMSE: 187 ) R 20,4358

MLP Neural Network - RMSE: 21858.5187, RE: -87.2543

Quantun Model Results:
Quantum SVM - RMSE: 10868.2031, R2: -20.5775

RMSE Comparison R? Comparison

20000

15000

RMSE
R

10000

5000

0
Random Forest  SVM MLP NN Quantum SvM Random Forest  SVM MLP NN Quantum SVM

The experimental results comparing quantum and deep learning models for financial forecasting present several key findings. While the quantum SVM
(RMSE: 18888.28, R2: -20.58) performed slightly better than the MLP Neural Network (RMSE: 21858.52, R?: -87.25), it still underperformed
significantly compared to Random Forest (RMSE: 3887.42, R% -1.79). The negative R? values across all models suggest fundamental issues with either
model specification or data quality. Although the quantum approach showed modest improvements over some deep learning methods, these differences
were neither statistically significant nor practically meaningful.

Performance Hierarchy:

Rank Model RMSE R?
1 Random Forest 3,887.42 -1.79
2 Quantum SVM 18,888.28 | -20.58

3 SVM (Traditional) 19,772.43 | -20.44
4 MLP Neural Network | 21,858.52 | -87.25

Consequently, we cannot reject the null hypothesis that quantum models outperform deep learning approaches for this financial forecasting task. The
results indicate that current quantum implementations, at least in their classical-approximation form, fail to demonstrate clear advantages over
traditional methods. This suggests the need for more advanced quantum implementations and better data preprocessing techniques. Future research
should explore whether true quantum models (beyond classical approximations) might yield better results in financial applications.

6.3 MODEL 3

Macroeconomic Indicators in Quantum Models

--- Forecasting Results ---

Baze | RMSE: 7387.82 | R2: -28.135
CPI | RMSE: T3@4.7e | R2: -29.1e9
abe | RMSE: 7211.56 | R2: -2B.346
Repo | RMSE: 7449.67 | R2: -38.316
Unemp | RMSE: 7351.36 | R2: -29.495

--- Hypothesis Testing (t-test ws Base Model) ---
CPI | t-stat: -@.85, p-value: B&.0885
Ghp | t-stat: @.96, p-wvalue: @.3349
Repo | t-stat: -1.47, p-value: &.1417
Unemp | t-stat: -9.52, p-value: B.6814
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Hypothesis Testing Results:

Factor: CPL

Base RMEE: 7387.8158 | CPL RMSE: 7384 .8969

Improvement: @.84%

Fail to Reject Wull Hypothesis (Hg): Mo significant improvement with CPIL.

Factor: GOF

Base RMEE: 7387.8158 | GDP RMSE: 7211.5554

Improvement: 1.33%

Reject Mull Hypothesis (Ha): GDP improwves forecast accuracy.

Factor: RKepo

Base RMEE: 7387.8158 | Repo RMSE: 7449.68743

Improvement: -1.94%

Fail to Reject Mull Hypothesis (Ha): Mo significant improvement with Repo.

Factor: Unemp

Base RMEE: 7387.8158 | Unemp RM3E: 7351.3568

Improvement: -#.88%

Fail to Reject Mull Hypothesis (Ha): Mo significant improvement with Unemp.

The results provide critical insights into the role of macroeconomic indicators in quantum machine learning models for financial forecasting. While the
base model showed poor performance (DNSE: 7307.82, R2: -29.135), the incorporation of macroeconomic indicators yielded mixed results. GDP
demonstrated a modest but statistically significant improvement (1.32% lower DNSE, p=0.3399), leading to rejection of the null hypothesis for this
indicator and suggesting that GDP growth rates can enhance forecasting accuracy. However, other indicators - CPI, Repo Rate, and Unemployment -
showed no significant improvements (p-values > 0.05), with Repo Rate actually worsening performance (-1.94% DNSE). The consistently negative R2
values across all models (-28.346 to -30.316) indicate fundamental limitations in the quantum model's ability to explain variance in financial data,
regardless of macroeconomic inputs. These findings suggest that while GDP may offer some predictive value, most macroeconomic indicators do not
substantially improve the quantum model's performance in its current implementation. The results highlight the need for more sophisticated quantum
architectures and careful feature selection to better leverage macroeconomic data.

Performance Hierarchy:

Macroeconomic Improvement Statistical
) o
Rank factors RMSE R Over Base Significance
(p-value)
1 GDP 7211.56 28.346 +1.32% 0.3399
2 Base Model 7307.82 29.135 - -
- N [\
3 CPI 7394.78 29.189 0.04% 0.9685
- N 0
4 Unemployment | 7351.36 29.435 0.60% 0.6014
5 Repo Rate 7430.67 30316 -1.94% 0.1417

In conclusion, while the results support accepting the alternative hypothesis (Hi) for GDP as a macroeconomic indicator, the overall findings
predominantly favor accepting the null hypothesis (Ho) that most macroeconomic indicators do not significantly enhance the predictive accuracy of
quantum machine learning models for financial metrics.

6.4 MODEL 4

Quantum Models for Noisy, High-Dimensional Data

QML Model (SVR) - RMSE: T438.BTeSRETIZG54, A3 -30.21RBO638726132

Random Forest Model - RMSE: 913.28B8723721103, RP: @.529334850286200

LSTH Model - RMSE: 18876.02746T48R055, RT: -183.38709423587530

[-statistic for QML vs. Random Forest: -182.45412325688K8, p-value: @.8

T-statistic for QML vs. LSTM: [bdb.78323485 edo.7T589899 ode. 79654311 ode. 74424595 ode.72Re5034
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B41.5635818] B41.61866546 641.30382796 £48.95126002 £44.75UEEEES
640.76212991 £48.97955684 £41.14847084 £40.98282887 £49.8286733
648.57654841 B4B.30385718], p-value: [B. B, B. B. B, B. B, 9. 9. B. 8. 8. 8. B, 8. B, B, B, B, 8. 8. 8. 8. 8.

B. 8. 0.0 8. 08.9.8.08.8.0.0.0, 0 0. 0.09.0.0.8.8.80.8 8
B.0,0,0,0,0,0,0.0.8,0 0,0,00 0,0 00.09.0.,8 8
B, B, B, 8.8, 8.0, 8. 8.8,0,08,08,8,08 8,0 08,0.0.0.08.,8 8
B.0,0,0,0,0,0,0.0.8,0 0,0,00 0,0 00.09.0.,8 8
B, B, B, 8.8, 8.0, 8. 8.8,0,08,08,8,08 8,0 08,0.0.0.08.,8 8
B. B, B, B. 8. 8. 0. 8. 8.8, 0.0, 0,808 08,08 4848 8. 8. 8.
B. B, B, B. 8. 8. 0. 8. 8.8, 0.0, 0,808 08,08 4848 8. 8. 8.
B. B, B, 8. 8. 8. 0. 8. 8.8, 0. 0,0,8 0 0,086 06.849.08.8. 8
B. B, B, 8. 8. 8. 0. 8. 8.8, 0. 0,0,8 0 0,086 06.849.08.8. 8
B. 0. 0. 0. 8.08.9.9.8.8.0.0.0.0 0 0.0.0.0.8.8.8.8. 8.
B. 0. 0. 0. 8.08.9.9.8.8.0.0.0.0 0 0.0.0.0.8.8.8.8. 8.
B. 0. 0. 0. 8.08.9.9.8.8.0.0.0.0 0 0.0.0.0.8.8.8.8. 8.
B. 0. 0. 0. 8.08.9.9.8.8.0.0.0.0 0 0.0.0.0.8.8.8.8. 8.
B. 8. 0.0 8. 8.9.9. 8. 8.0.08.0, 0 B B.9.0.0.8.8.8.8 8
B. 8. 0.0 8. 8.9.9. 8. 8.0.08.0, 0 B B.9.0.0.8.8.8.8 8
B. 0. 0. 0. 8.8.9.9.8.8.0.0.0.0 0 0.0.0.8.8.8.86.8 8.
B, B, BB, BB 8. 8. 8]

QML (SWR) significantly outperforms Random Forest in handling noisy, high-dimensional data.
QML (SVR) sipnificantly outperforms LSTM in handling noisy, high-dimensional data.
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The experimental results provide compelling evidence regarding the performance of quantum models in handling noisy, high-dimensional financial
data. The Quantum Wavelet Learning (QWL) model, implemented as a Support Vector Regressor (SVR), demonstrated poor performance with an
RMSE of 7438.07 and a negative R2 of -30.22, indicating it failed to adequately capture the variance in the data. In stark contrast, the Random Forest
model achieved significantly better results (RMSE: 913.29, R2: 0.53), while the LSTM performed worst (RMSE: 18976.63, R2: -183.14). The statistical
comparison revealed an extremely significant difference between QWL and Random Forest (t = -182.45, p = 0.0), with the quantum model performing
substantially worse. These findings clearly demonstrate that the quantum approach was less robust than traditional machine learning methods (Random
Forest) in processing complex financial data, though it did outperform the deep learning alternative (LSTM).

Performance Hierarchy:

Rank Model RMSE R2 Statistical Significance (vs QWL)
1 Random Forest 913.29 +0.53 t=-182.45 (p =0.0)
2 QWL (SVR) 7,438.07 | -30.22 -
3 LSTM 18,976.63 | -183.14 | t=646.78 (extremely significant)

Given these results, we must accept the null hypothesis (Ho) that quantum machine learning models are not more robust than traditional methods for
handling high-dimensional, noisy financial time-series data.

The superior performance of Random Forest suggests that classical ensemble methods remain more effective for this challenging forecasting task, at
least with current quantum implementations. These results underscore the need for further development of quantum algorithms specifically designed to
address the unique challenges of financial data.

7. DISCUSSION

The findings provide critical insights into the performance of quantum, traditional machine learning, and deep learning models when applied to noisy,
high-dimensional financial time-series forecasting. Our results demonstrate a clear hierarchy in model effectiveness, with traditional machine learning
approaches, particularly Random Forest, outperforming both quantum-inspired and deep learning alternatives. The Random Forest model achieved
superior results (RMSE: 913.29, R2 0.53), significantly surpassing the quantum-inspired QWL-SVR (RMSE: 7,438.07, R -30.22) and dramatically
outperforming the LSTM (RMSE: 18,976.63, R% -183.14). This performance ranking challenges emerging narratives about the inherent superiority of
quantum and deep learning methods for complex financial forecasting tasks.

The exceptional performance of Random Forest aligns with existing literature on financial machine learning, where ensemble methods have
consistently demonstrated robustness against noise and non-linearity. The model's success can be attributed to its inherent characteristics - the ability to
handle high-dimensional feature spaces, resistance to overfitting, and capacity to capture complex, non-linear relationships without extensive feature
engineering. These results reinforce the continued relevance of traditional machine learning approaches in financial applications, even as newer
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methodologies emerge. The statistically significant difference (t = -182.45, p = 0.0) between Random Forest and the quantum model provides
compelling evidence that current quantum-inspired approaches may not yet offer practical advantages for this domain.

The intermediate performance of the quantum-inspired QWL-SVR model presents a more nuanced finding. While it underperformed compared to
Random Forest, its relative advantage over the LSTM suggests that quantum-inspired approaches may possess some inherent properties that make them
more suitable than certain deep learning architectures for handling financial noise. However, the model's negative R? value indicates fundamental
limitations in its ability to explain variance in the data, raising questions about the practical utility of such approaches in their current form. This partial
success warrants further investigation into more sophisticated quantum machine learning implementations that might better leverage quantum
principles for financial applications.

The poor performance of the LSTM model contradicts some previous research that has reported success with deep learning in financial forecasting.
This discrepancy may stem from several factors, including the particularly challenging nature of our dataset, which combines high dimensionality with
substantial noise. The extreme negative R? value suggests that the LSTM not only failed to learn meaningful patterns but actually performed worse than
a simple baseline model. This finding serves as an important caution against the uncritical application of deep learning to financial time-series problems
and highlights the need for careful architecture selection and optimization when working with noisy financial data.

These results have significant implications for both financial practitioners and machine learning researchers. For financial institutions and analysts, the
findings strongly suggest that traditional machine learning methods, particularly ensemble approaches like Random Forest, should remain the baseline
choice for forecasting tasks involving noisy market data. The study provides empirical support for maintaining current practices while approaching
newer methodologies with appropriate skepticism. For researchers in quantum machine learning, the results indicate that while theoretical potential
exists, substantial work remains to translate this promise into practical advantages for financial applications. The development of true quantum
algorithms, as opposed to classical approximations, may be necessary to achieve meaningful improvements over traditional methods.

Several limitations of this study should be acknowledged. First, the quantum model tested represents a classical approximation rather than a true
quantum implementation, which may limit the generalizability of our findings to future quantum computing systems. Second, the study focused on a
specific type of financial data, and performance characteristics may differ across other market conditions or asset classes. Third, the evaluation metrics
employed, while standard in the field, may not capture all dimensions of model performance that could be relevant in practical applications.

Future research directions should focus on several key areas. First, investigations into true quantum computing implementations, rather than classical
approximations, are needed to properly assess quantum machine learning's potential. Second, hybrid approaches that combine quantum and classical
methods may offer a more promising near-term pathway than pure quantum models. Third, alternative deep learning architectures, particularly
attention-based models, should be evaluated to determine if they can overcome the limitations demonstrated by LSTMs in this study. Finally, more
comprehensive benchmarking across diverse financial datasets and market conditions would help establish more robust guidelines for model selection.
In conclusion, this study provides empirical evidence that challenges some prevailing assumptions about the relative performance of quantum,
traditional, and deep learning methods in financial forecasting. While quantum machine learning continues to hold theoretical promise, our findings
suggest that traditional machine learning approaches currently maintain a significant practical advantage for handling noisy, high-dimensional financial
data. These results contribute to a more nuanced understanding of model capabilities in financial applications and provide a foundation for making
informed decisions about methodology selection in both research and practice.

8. IMPLICATIONS AND CONCLUSION

The findings have critical implications for financial forecasting and quantum machine learning research. The superior performance of traditional
methods like Random Forest (RMSE: 913.29, R 0.53) over quantum-inspired (QWL-SVR) and deep learning (LSTM) models underscores their
continued relevance for noisy financial data. For practitioners, these results validate classical machine learning as the preferred choice, while urging
caution in adopting quantum or deep learning approaches without rigorous testing. For researchers, the findings highlight the need to develop true
quantum algorithms—rather than classical approximations—and to reevaluate deep learning architectures for financial time-series tasks.

The study demonstrates that current quantum-inspired models fail to outperform traditional machine learning in financial forecasting, supporting the
null hypothesis (Ho). While quantum methods showed marginal advantages over LSTM, their negative R? values and higher RMSE scores reveal
significant limitations. Random Forest emerged as the most robust model, suggesting that classical approaches remain indispensable for real-world
applications. Future work should prioritize hybrid quantum-classical models and optimized deep learning architectures to bridge this performance gap.
Despite quantum computing's theoretical promise, this research confirms that traditional machine learning maintains its dominance in practical financial
forecasting. The results call for balanced innovation—advancing quantum techniques while leveraging proven classical methods—to achieve reliable
predictions in noisy market environments.
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