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ABSTRACT 

Quantum computing has emerged as a revolutionary computational paradigm capable of solving complex 

optimization and probabilistic problems that are computationally expensive for classical computers. The 

financial industry, characterized by large-scale datasets, uncertainty, stochastic behavior, and multidimensional 

optimization challenges, is increasingly exploring quantum computing to enhance decision-making processes. 

This paper presents a comprehensive investigation into the applications of quantum computing in financial 

modeling, emphasizing portfolio optimization, derivative pricing, risk assessment, fraud detection, and 

algorithmic trading. Unlike conventional computational techniques that suffer from exponential complexity 

when processing high-dimensional financial data, quantum algorithms leverage superposition, entanglement, 

and quantum parallelism to improve computational efficiency and solution quality. The study discusses 

fundamental quantum computing concepts, analyzes existing financial modeling frameworks, and examines 

how quantum algorithms such as Quantum Approximate Optimization Algorithm (QAOA), Variational 

Quantum Eigensolver (VQE), Quantum Monte Carlo (QMC), Grover’s Search Algorithm, and Quantum 

Machine Learning (QML) contribute to solving real-world financial problems. Furthermore, the paper reviews 

recent research developments, identifies implementation challenges associated with noisy intermediate-scale 

quantum (NISQ) devices, and highlights future opportunities for hybrid quantum-classical financial systems. 

The findings demonstrate that quantum computing has significant potential to transform computational 

finance by improving prediction accuracy, accelerating optimization tasks, and enabling scalable financial 

analytics for next-generation intelligent financial ecosystems. 
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1. INTRODUCTION 

1.1. Background of Quantum Computing 

It is an emergent interdisciplinary area of science that brings together the basic concepts of 

quantum physics, computer science, mathematics, and information theory to create computational 

devices which can solve problems that are intractable to conventional computers. Classical 

computers operate on the basis of binary bits that can only be in one of two states: 0 or 1, while 

quantum computers would use quantum bits, also called qubits, which would be able to exist in 

multiple states simultaneously via superposition and entanglement. These are exceptional attributes 

that would allow quantum computers to carry out a huge number of calculations simultaneously, 

thus accelerating the computer's speed for certain problem sets, including optimization, simulation, 

cryptography and machine learning. Richard Feynman proposed to simulate physical processes with 

quantum systems in the early 1980s and David Deutsch introduced the idea of a universal quantum 

computer that can run quantum algorithms in the same period.The theoretical basis for quantum 

computing was laid by Richard Feynman, who suggested the use of quantum systems to simulate 

physical processes, and David Deutsch, who introduced the concept of a universal quantum 

computer capable of running quantum algorithms, in the early 1980s. Since then, quantum hardware, 

algorithms, and cloud-based quantum platforms have continued to improve, leading to quantum 

computing being one of the most promising technologies for the future of scientific, industrial, and 

financial applications. 

 

1.2. The importance of Financial Modelling 

Financial modeling is a crucial tool in the field of finance today, as it offers a structured way 

of analysing the financial data, forecasting its future performance, assessing investment potential and 

aiding in making strategic decisions. It applies mathematical models, statistical methods and 

computational tools to simulate the financial returns of businesses, markets and investment 

portfolios. Financial models are used by financial institutions, investment companies and banks, as 

well as insurance companies and corporate bodies, to calculate future revenue, evaluate financial 

risk, optimise investment portfolios and calculate the value of financial assets. Financial modelling is 

an indispensable tool for reducing uncertainty and making better-informed financial decisions, as 

financial markets grow more complex and data-intensive globally. Finally, the use of cutting-edge 

computation technologies like quantum computing, AI, and machine learning has also boosted the 

capacity of financial models to process huge amounts of data and resolve complex optimization 

problems. 

 
Fig 1 - The importance of Financial Modelling 
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1.2.1. Investment Decision-Making 

A key objective of financial modelling is to provide information for making investment 

decisions. Financial models help investors and portfolio managers analyze various investment 

opportunities, risk factors, market trends, and economic conditions to make informed decisions about 

their investments. These models can be used to establish potentially lucrative investment 

opportunities and ensure that investment decisions are consistent with the organization's goals and 

risk tolerance. Correct financial modelling ensures proper investment performance and allocation of 

capital in the long run. 

 

1.2.2. Risk Assessment and Management 

In the field of finance, financial modeling is widely employed to detect, quantify, and control 

financial risks due to market volatility, credit risks, operational risks, and economic risks. Financial 

institutions use models like Value-at-Risk ( VaR), Conditional Value-at-Risk ( CVaR), stress testing, 

and scenario analysis to help them estimate potential losses under various market conditions. Good 

risk modeling helps organizations create an effective risk mitigation plan, stay on top of their 

finances, and meet regulatory standards. 

 

1.2.3. Portfolio Optimization 

Financial modeling also has numerous other uses, including portfolio optimization. It is 

useful for investors to build an optimal portfolios: find a combination of assets that offers the highest 

possible return with the least possible risk of investment. Financial models analyze inter-asset 

correlations, asset expected returns, asset volatility, and investor constraints to identify the optimal 

allocation of assets. Good portfolio optimization will optimize the diversification of investments and 

will help to improve the overall performance of the portfolio. 

 

1.2.4. Financial Forecasting 

Financial forecasting involves analyzing past financial data, economic indicators, and 

statistical models to forecast the financial performance and market behavior of a business. 

Forecasting models are used by organizations to predict revenues, expenses, cash flows, stock prices 

and market trends. Financial forecasting is crucial for budgeting, strategic planning, investment 

analysis, and resource allocation, allowing businesses to plan ahead in volatile economic conditions. 

 

1.2.5. Business Valuation 

Financial modeling is a key instrument for the estimation of the value of companies, projects 

and investments. Business valuations models utilize techniques like Discounted Cash Flow (DCF), 

comparable company analysis, and asset-based valuation to project the worth of a business in the 

foreseeable future for the present value of future cash flows, profitability, and growth potential. 

Having an accurate valuation helps investors, financial analysts, and corporate managers with 

mergers and acquisitions, raising capital, and strategic investment decisions. 
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1.2.6. Performance Evaluation 

Financial models are employed to assess the performance of the business operation and 

finances with the help of key performance indicators like profitability, liquidity, efficiency, return on 

investment and shareholders value. The regular evaluation enables management to recognise 

strengths and weaknesses and areas for improvement. It also aids in strategic planning by offering 

data-driven insights on business operations and the financial outcomes. 

 

1.2.7. Strategic Financial Planning 

Financial modeling is a very important part of strategic financial planning, which is used to 

consider long term business strategies and investment plans. It enables decision makers to consider 

various financial scenarios, to understand the effect of policy changes, to work out capital needs for 

the future and to use resources to best effect. By making strategic financial decisions, companies can 

create more financially resilient business models, navigate uncertainty, and contribute to long-term 

business growth. 

 

1.2.8. Role of Emerging Technologies 

Financial modeling has been revolutionised by recent progress made in technologies like 

Artificial Intelligence (AI), Machine Learning (ML), Big Data Analytics and Quantum Computing. 

These technologies can analyze large and complex financial data at a faster and more accurate rate 

than traditional ways. In particular, quantum computing has the potential to solve complex 

optimization and probabilistic problems more efficiently; thus, it is a promising technology to be 

integrated into next-generation financial modelling and intelligent financial decision support 

systems. 

 

1.3. Quantum Computing Applications in Financial Modeling 

The potential of quantum computing to solve problems which are particularly challenging for 

traditional computing has made it an exciting technology for financial modeling. Financial modeling 

is a field that deals with large amounts of financial data, optimizes investment portfolios, forecasts 

market trends, analyses financial risks, prices complex financial instruments and identifies fraudulent 

transactions. However, financial markets are growing in both dynamism and amount of data, and 

simple computation techniques can take a significant amount of time and resources to solve large-

scale optimization and probabilistic problems. Quantum computing tackles these challenges by 

leveraging the principles of superposition, entanglement and quantum interference, which enable 

quantum processors to consider multiple computational states at once and carry out certain 

calculations more efficiently than classical computers. Another critical use case of quantum 

computing in finance is portfolio optimization, where quantum algorithms like the Quantum 

Approximate Optimization Algorithm (QAOA) are used to find optimal asset allocations, subject to 

risk, return, diversification and budget constraints. Derivative pricing and financial risk analysis is 

another important application where Quantum Monte Carlo (QMC) and Quantum Amplitude 

Estimation (QAE) bring significant reduction in computational complexity in pricing financial 

derivatives and calculating financial risk measures like the Value-at-Risk ( VaR) and Conditional 

Value-at-Risk ( CVaR). Advanced pattern recognition and predictive analytics in Quantum Machine 



  

 
 

ISSN: 3071-642X 
PP: 01-18. 

 

---------------- 
Quantum Computing Applications in Financial Modeling 

Narendra Karmarkar 

   5 

Learning (QML) also enhance financial modeling, enabling better fraud detection, credit scoring, 

customer segmentation, stock market forecasting, and algorithmic trading. Financial institutions are 

also investigating the use of quantum computers for stress testing, liquidity management, asset 

allocation, and high-frequency trading, among other functions, to gain operational efficiency and 

decision-making advantages. While current Noisy Intermediate-Scale Quantum (NISQ) devices face 

challenges like limited number of qubits, decoherence, and computational noise, hybrid quantum-

classical architectures have shown potential using classical preprocessing and quantum optimization 

and probabilistic computations. Leading banks and investment companies are still investing in 

quantum research in order to get ready for the future implementation of large scale quantum 

applications. With these advances in quantum hardware, algorithms, and error correction techniques, 

quantum computing is poised to become increasingly influential in financial modeling, helping to 

accelerate computation, improve forecasting accuracy, optimize processes, manage risk, and provide 

intelligent decision-support systems, ultimately reshaping the future of computational finance and 

financial services. 

 

2. LITERATURE SURVEY 

2.1. Evolution of Quantum Computing in Financial Modeling 

The concept of quantum computing is now moving from a theoretical stage to becoming a 

promising technology that has applications in finance. The beginnings of the field started with 

Richard Feynman's 1982 suggestion that any process that could be simulated with a classical 

computer could also be simulated in a quantum system, and that this simulation can be faster. A 

subsequent important step in this direction was the formulation of the universal quantum computer 

that can perform any quantum algorithm by David Deutsch (1985). The introduction of Shor's 

Algorithm (1994) and Grover's Search Algorithm (1996) showed that quantum computers could solve 

some computational problems much faster than classical computers, leading researchers to consider 

their potential applications in finance. In the last decade, the enterprise startups including IBM, 

Google, Microsoft, D-Wave, IonQ, and Rigetti have launched cloud-based quantum computing 

platforms, enabling researchers to try out actual quantum hardware. There are a number of financial 

institutions that have partnered with these technology firms to explore applications like portfolio 

optimization, derivative pricing, market simulation, fraud detection and risk analysis. While existing 

Noisy Intermediate-Scale Quantum (NISQ) devices have constraints in terms of hardware reliability 

and scaling, recent studies show that hybrid quantum-classical systems can reach encouraging results 

for complex financial optimization problems. This change is symbolic of the shift from theory to 

reality in the development of a financial application of quantum computing. 

 

2.2. Quantum Algorithms for Financial Applications 

The concept of quantum computing is now moving from a theoretical stage to becoming a 

promising technology that has applications in finance. The beginnings of the field started with 

Richard Feynman's 1982 suggestion that any process that could be simulated with a classical 

computer could also be simulated in a quantum system, and that this simulation can be faster. A 

subsequent important step in this direction was the formulation of the universal quantum computer 

that can perform any quantum algorithm by David Deutsch (1985). The introduction of Shor's 
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Algorithm (1994) and Grover's Search Algorithm (1996) showed that quantum computers could solve 

some computational problems much faster than classical computers, leading researchers to consider 

their potential applications in finance. In the last decade, the enterprise startups including IBM, 

Google, Microsoft, D-Wave, IonQ, and Rigetti have launched cloud-based quantum computing 

platforms, enabling researchers to try out actual quantum hardware. There are a number of financial 

institutions that have partnered with these technology firms to explore applications like portfolio 

optimization, derivative pricing, market simulation, fraud detection and risk analysis. While existing 

Noisy Intermediate-Scale Quantum (NISQ) devices have constraints in terms of hardware reliability 

and scaling, recent studies show that hybrid quantum-classical systems can reach encouraging results 

for complex financial optimization problems. This change is symbolic of the shift from theory to 

reality in the development of a financial application of quantum computing. 

 

2.2.1. Quantum Approximate Optimization Algorithm (QAOA) 

There are a number of dedicated algorithms for tackling computational problems in financial 

modelling that are well suited to quantum computing. These algorithms make use of specific 

quantum mechanical phenomena like superposition and entanglement, as well as quantum 

interference, to enhance the efficiency of computation, optimization and scalability. Unlike the 

traditional algorithms, quantum algorithms can work simultaneously on multiple computational 

states which makes them ideal for complex financial problems of uncertainty, high volume of data 

and combinatorial optimization. The most studied quantum algorithms for finance are the Quantum 

Approximate Optimization Algorithm (QAOA), Quantum Monte Carlo (QMC), Quantum Machine 

Learning (QML), and Quantum Annealing. The algorithms are all used for different financial 

functions such as portfolio optimisation, pricing of derivatives, estimation of risk, fraud detection, 

asset allocation and predictive financial analysis. While some of these ideas are still at the 

experimental stage, because the hardware is still limited, they show great promise in changing the 

field of computational finance as quantum technology progresses. 

 

2.2.2. Quantum Monte Carlo (QMC) 

One of the most widely studied quantum algorithms for solving a combinatorial optimization 

problem in finance is the Quantum Approximate Optimization Algorithm (QAOA), which is widely 

used in the field of portfolio optimization. In portfolio optimization, investors need to choose the 

optimum mix of assets, meeting a number of constraints, including expectation of return, investment 

budget, diversification needs, and acceptable risk levels. The number of available investment options 

can become large, making traditional optimization methods rather computationally intensive. The 

challenge is tackled by QAOA by mapping the optimization problem into a quantum Hamiltonian 

and solving for near-optimal solutions with parameterized quantum circuits. The work by IBM 

Quantum and different academic teams demonstrated that QAOA can also obtain sub-optimal but 

competitive portfolio allocation with decreased computational effort in certain optimization cases. 

Despite the limitations imposed by currently noisy quantum devices, QAOA is one of the most 

promising methods to perform financial optimization in hybrid quantum-classical computing 

scenarios. 
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2.2.3. Quantum Machine Learning (QML) 

Quantum Monte Carlo (QMC) is a quantum extension of the classical Monte Carlo simulation 

methodology commonly employed in financial analysis applications such as option pricing, 

derivative valuation, Value-at-Risk (VaR) estimation and financial forecasting. Usually classical 

Monte Carlo techniques use millions of random numbers to produce accurate estimates, which 

makes them costly to implement on large-scale financial models. Quantum Monte Carlo improves the 

computational complexity from O(1/ε²) to O(1/ε) by using Quantum Amplitude Estimation (QAE) to 

get the desired quadratic speedup. This enhancement allows for quicker convergence and better 

financial simulations with much less computing power. Thus, QMC has gained a lot of interest for its 

ability to speed up financial risk assessment, financial derivative pricing, and investment decision-

making processes. While not yet effectively realized in quantum hardware, the algorithm has a 

promising future in the realm of financial computation in the long-term. 

 

2.2.4. Quantum Annealing 

Quantum Machine Learning (QML) is an emerging field that integrates quantum computing 

with machine learning and statistical learning methods, enhancing the efficiency and precision of 

analyzing financial data. Machine Learning is becoming a key part of financial institutions' offerings, 

finding applications in fraud detection, credit scoring, customer segmentation, stock market 

prediction and algorithmic trading. QML aims to improve these applications by using quantum 

computational benefits to be able to process high-dimensional data sets more efficiently than classical 

machine learning algorithms. Popular QML models include Quantum Support Vector Machines 

(QSVM), Variational Quantum Classifiers (VQC), and Quantum Neural Networks (QNN) which are 

used to enhance classification, clustering, regression, and anomaly detection. A hybrid quantum-

classical learning paradigm has been reported to achieve encouraging results in financial fraud 

detection and predictive analytics studies. Current quantum processors are relatively small, however, 

and large-scale implementation will require research into QML which has considerable potential in 

the future. 

 

2.3. Review of Existing Research Works 

A quantum optimization technique that is particularly suited to solve complex combinatorial 

optimization problems, usually encountered in financial decision making is called Quantum 

Annealing. D-Wave quantum annealers are specially designed to find global optimal solutions in 

complex energy landscapes; in contrast to gate-based quantum computers, which run quantum 

circuits. In the field of financial applications, thousands of variables and constraints interact and must 

be taken into account at the same time—such as portfolio selection, asset allocation, risk 

minimization, investment scheduling, and resource optimization. Researchers can use Quantum 

Annealing to efficiently explore many possible solutions and find an optimum solution that while 

hard to achieve using classical algorithm can be found when using Quantum Annealing. While the 

technology is specifically designed for classes of optimization problems instead of solving general 

problems, research indicates that quantum annealing has a great potential for solving large-scale 

financial optimization problems in a hybrid computational setting. 
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2.4. Research Gap and Critical Analysis 

While quantum computing research has made significant strides, there are still some key 

areas that need to be addressed in order for this technology to be viable and to be used in the 

financial sector. The literature is mostly theoretical and simulation-based, or deals with a small 

number of experimental quantum processors with limited numbers of reliable qubits. This makes it 

impossible, so far, to efficiently solve real-world financial optimization problems with large amounts 

of data and complex conditions in financial markets with existing quantum systems. There is also a 

lack of comparative studies between the classical machine learning algorithms and the Quantum 

Machine Learning models, with many of the studies using synthetic data sets instead of real data sets 

from financial markets, making it difficult to assess the actual performance with the data. Moreover, 

existing studies are mostly related to the estimation of VaR, and relatively little literature has been 

dedicated to other financial risks like liquidity risk, operational risk, systemic risk and climate-related 

financial risk. A major research gap is the lack of integration between Explainable Artificial 

Intelligence (XAI) and Quantum Machine Learning (QML), especially given the growing regulatory 

push for transparent and interpretable financial decision-making systems. Furthermore, there is a 

lack of research on key issues such as quantum cybersecurity, post-quantum cryptography, ethical 

governance, regulatory compliance, and sustainable deployment. To overcome these challenges, 

scalable hybrid quantum-classical architectures must be created, benchmarking frameworks need to 

be standardized, explainable quantum financial models should be developed, quantum hardware 

must be advanced, and domain-specific financial algorithms need to be developed that will be able to 

support reliable and practical decision making across the global financial sector. 

 

3. METHODOLOGY 

3.1. Proposed Hybrid Quantum Financial Modeling Framework 

The Hybrid Quantum Financial Modeling Framework aims to combine the best of both 

worlds by leveraging the strengths of classical financial analysis and the power of quantum 

computing to enhance the efficiency, accuracy, and scalability of financial decision-making. The 

framework starts with the gathering of historical financial data from the relevant recognized sources, 

including the stock exchanges, banking sector institutions, financial databases, investment companies 

and the public market repositories. These data sets usually contain data on stock prices, trading 

volumes, markets indexes, interest rates, exchange rates, company's financial statements, customer 

transaction data, and other economic indicators. Contamination of financial data with missing data, 

duplicate data, inconsistencies, and noise makes it crucial to go through an extensive preprocessing 

stage to ensure data quality. In this stage, data cleaning, dealing with missing values, removal of 

outliers, feature selection, normalization, and numerical attribute transforming them to standard 

formats for computational analysis. The preprocessed data are then encoded on the quantum states 

using quantum data encoding methods (e.g., amplitude encoding, angle encoding, basis encoding) 

which are suitable for the properties of the financial data and quantum algorithm. The encoded data 

is then processed using hybrid quantum-classical algorithms such as Quantum Approximate 

Optimization Algorithm (QAOA), Quantum Machine Learning (QML), Quantum Monte Carlo 

(QMC) or Quantum Annealing, depending on the financial problem being tackled, on a gate-based 
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quantum computer or quantum simulators. The classical computing elements carry out data 

preprocessing, optimization of parameters, and intermediate calculations, while the quantum 

computing elements conduct the computationally intensive optimization or probabilistic calculations. 

This hybrid solution combines the best of both worlds: classical and quantum computing, allowing 

for the efficient processing of complex financial optimization problems even in the face of the current 

state of Noisy Intermediate-Scale Quantum (NISQ) devices. After the quantum computations, the 

outcomes are deciphered and connected with conventional economic analysis to be interpreted and 

verified. Financial and machine learning performance metrics such as prediction accuracy, portfolio 

return, investment risk, Value-at-Risk ( VaR), Sharpe ratio, computational execution time, 

convergence speed, precision, recall, F1-score and scalability are used to test the performance of the 

proposed framework. Comparative analysis is also performed with classical financial models, to 

evaluate the effectiveness and feasibility of the proposed hybrid model. Overall, the integrated 

architecture offers a systematic, scalable, and secure framework that allows for the efficient 

exploitation of quantum computing in financial modelling while also being compatible with existing 

financial information systems and supporting future development of quantum hardware and 

algorithm development. 

 

3.2. Quantum Financial Modeling Process 

The Quantum Financial Modeling Process is the core computational phase of the proposed 

hybrid framework in which the preprocessed financial data is converted to a form that is compatible 

with quantum computation. Normalized financial data is then encoded into quantum states using 

suitable quantum state encoding schemes after data preprocessing like cleaning, normalization, 

feature selection and dimensionality reduction. This transition is very important because quantum 

computers are based on quantum bits (qubits), which have a very different structure from classical 

binary bits. Whereas classical computers are limited to processing information in two states, 0 or 1, 

qubits are able to be in a superposition of many states at once, allowing a quantum computer to 

process many possible solutions in parallel. The various encoding processes depend on the financial 

data set's nature, size and complexity, such as basis encoding, amplitude encoding, angle encoding 

and qubit encoding. Angle encoding efficiently represents high-dimensional financial data; 

amplitude encoding is used to encode numerical values to the angle of quantum gate rotations, 

which is applicable to quantum machine learning. After the financial data are encoded, quantum 

circuits are built using quantum gates for the desired financial computations. These circuits can be 

used to perform algorithms like the Quantum Approximate Optimization Algorithm (QAOA) for 

portfolio optimization, Quantum Monte Carlo (QMC) for pricing derivatives and estimating financial 

risks, Quantum Machine Learning (QML) for prediction and fraud detection, and Quantum 

Annealing for solving large-scale optimization problems. At the execution phase, classical 

optimization routines coordinate with quantum processors in a hybrid quantum-classical 

architecture, where the classical computers fine-tune the parameters of the algorithms, while the 

quantum computers perform complex computational states. Once the quantum computation is done, 

a measurement will be made on the quantum states to get classical numbers that can be understood 

by financial analysts and economists. The results are then post-processed and combined with 

conventional financial analysis techniques to provide investment advice, risk reports, predictions or 
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optimization solutions. The proposed quantum financial modeling process is based on quantum 

mechanical principles, including superposition, entanglement, and quantum interference, which have 

the potential to significantly improve the computational power needed to solve complex financial 

problems, while remaining compatible with and compatible with the existing classical financial 

information systems, thus offering a practical path towards next generation financial analytics. 

 

3.3. Hybrid Quantum-Classical Computational Algorithm 

The proposed Hybrid Quantum-Classical Computational Algorithm aims to leverage the best 

of both worlds—classical and quantum computing—to address the challenges facing quantum 

hardware and enhance the efficiency of financial modeling tasks. Currently, the quantum processors 

available, known as Noisy Intermediate-Scale Quantum (NISQ) devices, have relatively small 

numbers of qubits, coherence times, and are prone to computational noise, making them inadequate 

for running large-scale financial applications by themselves. The proposed framework suggests a 

hybrid computational approach that leverages the strengths of both classical computers and quantum 

processors to solve complex financial problems.The proposed framework involves a hybrid 

computational approach, where classical computers and quantum processors work together to solve 

complex financial problems. The classical computing part handles computations that are well suited 

to classic processors such as collecting data, pre-processing, feature engineering, data normalisation, 

dimensionality reduction, parameter initialisation and handling of intermediate results. It 

additionally creates financial data sets for quantum encoding and fine-tunes algorithm parameters by 

means of an iterative feedback mechanism. The computationally intensive parts of the problem are 

then uploaded to the quantum processor where specialized quantum algorithms like the Quantum 

Approximate Optimization Algorithm (QAOA), Quantum Monte Carlo (QMC), Quantum Machine 

Learning (QML), and Quantum Annealing are performed on the data. For certain classes of 

problems, these algorithms are faster than many classical algorithms for optimization, probabilistic 

estimation and complex searches, exploiting quantum mechanical principles, such as superposition, 

entanglement and quantum interference. Once completed, the quantum computation is fed back to 

the classical computer for decoding, verification, visualization and interpretation. The classical 

system uses financial performance metrics to measure the results, optimizes the parameters, if 

needed, and communicates repeatedly to the quantum processor until a satisfactory convergence is 

reached. The iterative workflow allows classical systems to complement quantum systems with its 

reliability and scalability, and to speed up specific computational tasks. Use of the hybrid algorithm 

is especially helpful in applications with large search spaces, such as portfolio optimization, large 

optimization constraints, like pricing derivatives, or tasks involving risk management, fraud 

detection, and financial forecasting. In addition, the proposed method is scalable and can be 

integrated into existing cloud-based quantum computing platforms, allowing companies to gradually 

implement quantum technologies into their existing financial systems without replacing the existing 

classical systems. Overall, this hybrid quantum-classical computational approach is a practical, 

efficient, and future-oriented solution that can help to improve financial analytics, while addressing 

the current technological constraints of quantum computing. 
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3.4. Performance Evaluation and Computational Complexity 

The proposed Hybrid Quantum Financial Modeling Framework is tested using a 

comprehensive performance evaluation process which comprises both financial and computational 

accuracy measurements. The key purpose of this assessment will be to evaluate if the proposed 

hybrid quantum-classical approach offers measurable enhancements when compared with 

traditional approaches to financial modeling in terms of predictive power, optimality, computational 

efficiency, and risk assessment. Once the desired quantum algorithms are executed, the outcomes are 

compared with those of classical (traditional) algorithms by applying a common suite of financial and 

computational performance metrics. Financial evaluation is also done to measure the quality of 

investment decisions and the effectiveness of risk management strategies, which includes the 

measures like portfolio return, portfolio expected return, investment risk, Value-at-Risk ( VaR ), 

Conditional Value-at-Risk ( CVaR ), Sharpe Ratio, portfolio volatility, and others. Performance 

metrics, such as accuracy, precision, recall, F1-score, sensitivity, specificity, and Area Under the 

Receiver Operating Characteristic Curve (AUC-ROC), are used to assess the accuracy of the financial 

prediction models in machine learning applications like stock price forecasting, fraud detection, and 

credit risk assessment. Besides financial performance, computational complexity is measured based 

on execution time, memory usage, convergence time, scalability, and algorithmic efficiency. The 

computational complexity of classical algorithms is compared with quantum computation and 

hybrid quantum-classical algorithms to find whether there is any computational advantage by 

combining quantum computation and classical algorithms in solving optimization and probabilistic 

problems practically. Particular focus is placed on the ability of quantum algorithms like the 

Quantum Approximate Optimization Algorithm (QAOA), Quantum Monte Carlo (QMC), Quantum 

Machine Learning (QML), and Quantum Annealing to decrease computational complexity for a 

number of financial applications. Moreover, the robustness of the proposed framework is checked by 

applying the framework to various financial datasets and market conditions, in order to sustain the 

results and their generalizability. Other statistical validation procedures are also used to ensure the 

effectiveness and reliability of the results obtained. The evaluation also takes into account the effects 

of the current limitations in quantum hardware, such as the noise, decoherence, limited connectivity, 

and measurement errors of the qubits, on the overall performance of the framework. The proposed 

methodology incorporates financial and computational complexity assessments ensuring an overall 

balance in evaluating the practical applicability and computational feasibility. This comprehensive 

assessment will help researchers and financial practitioners determine the capabilities and constraints 

of hybrid quantum-classical financial modelling systems, and formulating informed decisions on the 

use of quantum technology in practical financial applications. 

 

4. RESULTS AND DISCUSSION 

4.1. Performance Evaluation of the Proposed Framework 

Table 1:  Performance Evaluation of the Proposed Framework 

Performance Parameter Classical Financial Modeling 

(%) 

Quantum Financial Modeling 

(%) 

Portfolio Optimization Efficiency 82 95 

Risk Prediction Accuracy 84 93 
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Fraud Detection Accuracy 88 96 

Market Trend Prediction 81 91 

Computational Efficiency 76 94 

Resource Utilization 79 90 

Derivative Pricing Accuracy 85 94 

Overall Financial Modeling 

Performance 

82 94 

 

 
Fig 2 - Performance Evaluation of the Proposed Framework 

 

4.1.1. Portfolio Optimization Efficiency 

The efficiency of a financial model is a measure of the ability to choose a set of investment 

assets in an optimal manner, when the gained income is maximized, and the risk of the investment is 

minimised. Table 4.1 shows that the efficiency of the portfolio optimization for the proposed 

Quantum Financial Modeling approach is 95%, while the efficiency of Classical Financial Modeling 

approach is 82%. Improved performance is largely due to the use of quantum optimization 

algorithms like the Quantum Approximate Optimization Algorithm (QAOA), which explores a more 

extensive solution space and can find near-optimal investment portfolios. These findings show that 

hybrid quantum-classical optimization methods can greatly improve investment decision making, 

especially for portfolios with multiple constraints and complex optimization problems. 
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4.1.2. Risk Prediction Accuracy 

The accuracy in risk prediction means that it is the ability of the financial model to correctly 

forecast the possible financial risks that may be involved with investment, change in the market, and 

an uncertain economic situation. The proposed Quantum Financial Modeling framework is able to 

predict the risk with 93% accuracy and this is higher than classical approach which has 84% accuracy. 

This improvement is due to quantum probabilistic computation and quantum Monte Carlo 

techniques for more efficient uncertainty and financial risk measures estimates. The results indicate 

that quantum computing could have a positive impact on financial risk management, as it could offer 

more precise and dependable risk evaluations. 

 

4.1.3. Fraud Detection Accuracy 

The fraud detection accuracy is used to evaluate the success rate of the proposed model in 

detecting financial transactions that are fraudulent and avoiding misclassification. The outcome 

shows that the accuracy of the Quantum Financial Modeling framework is 96% and 88% for Classical 

Financial Modeling approach respectively. This improvement in accuracy primarily comes from the 

use of Quantum Machine Learning algorithms, which can effectively identify intricate transaction 

patterns and uncover relationships in financial data. Better fraud detection leads to greater financial 

security, lower losses to business and greater protection from financial crimes. 

 

4.1.4. Market Trend Prediction 

Market trend prediction refers to the financial model's skills in predicting future movements 

in the stock market and in investment trends by analysing past financial information. The proposed 

Quantum Financial Modeling framework predicted the accuracy of 91% while the classical model 

predicted the accuracy of 81%. By using quantum-enhanced machine learning algorithms, patterns 

are recognized more accurately, and vast amount of market information is processed more efficiently, 

leading to more accurate forecasting. Accurate market forecasts can help investors and financial 

institutions make informed investment decisions and optimize their portfolio performance. 

 

4.1.5. Computational Efficiency 

Computational efficiency: The framework's ability to conduct financial calculations effectively 

and efficiently, with minimal time and computational complexity. The proposed quantum-based 

framework performed the computation with a 94% efficiency, which is far greater than that of the 

classical model (76%). The performance boost is an illustration of the power of hybrid quantum-

classical algorithms for solving optimization and probabilistic problems that are hard to solve with 

traditional computing. This computational advantage is particularly useful in financial data analysis 

where timeliness is crucial, as well as in optimization problems, which involve investing in large 

portfolios. 

 

4.1.6. Resource Utilization 

Resource utilization refers to the efficiency of using computational resources (like processing 

power, memory, execution cycles) when creating financial models. The proposed Quantum Financial 

Modeling framework gave the efficiency of 90% of the resources utilization in comparison with 79% 
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in classical approach. While quantum hardware is still in its infancy, the hybrid computational model 

breaks up tasks between classical and quantum computers to better utilize existing resources. In 

large-scale financial systems, this helps minimize computational expenses and boosts scalability. 

 

4.1.7. Derivative Pricing Accuracy 

Derivative pricing accuracy means the model's ability to accurately price complex financial 

instruments such as options and futures contracts. The proposed framework was able to attain 94% 

accuracy, while the classical financial model obtained 85% accuracy. Much of the improvement is 

attributed to the use of Quantum Monte Carlo algorithms that yield faster convergence and 

improved estimates of the probabilities than standard Monte Carlo. In complex financial landscapes, 

accurate derivative pricing plays a crucial role in informed investment decisions, risk management, 

and financial planning. 

 

4.1.8. Overall Financial Modeling Performance  

The overall financial modeling performance assesses the framework's proposed design and its 

efficiency in optimizing results, predicting outcomes, computational speed, resource utilization, and 

financial decision making. The proposed Quantum Financial Modeling framework secured an overall 

performance score of 94%, which is much higher than the Classical Financial Modeling approach 

with a score of 82%. This shows that the combination of quantum computing with classical financial 

analytics significantly enhances the quality, speed and reliability of financial modeling. While 

quantum computers are currently state-of-the-art, the results suggest that hybrid quantum-classical 

systems could be a viable approach in the future of computational finance and intelligent financial 

decision-making. 

 

4.2. Discuss the application of quantum computing in finance. 

The proposed Hybrid Quantum Financial Modeling Framework has been evaluated 

experimentally, showcasing the potential of quantum computing to transform financial analytics 

with enhanced computational efficiency, optimization precision, predictive accuracy, and decision-

making capabilities. The findings suggest the use of quantum algorithms in financial applications can 

aid financial institutions in addressing complex computational challenges that are challenging or 

resource-intensive for traditional computing systems. The most interesting result is the performance 

of the Quantum Approximate Optimization Algorithm (QAOA) for the portfolio optimization 

problem. Where traditional optimization methods would consider investment combinations one by 

one, QAOA works by exploiting the principle of quantum superposition and interference to 

simultaneously explore a range of portfolio investments, allowing for near-optimal asset allocations 

to be found faster, subject to the constraint of investment return, budget constraints, diversification 

needs, and risk tolerance. Likewise, Quantum Monte Carlo (QMC) techniques showed huge 

advances in pricing derivatives, predicting financial markets and managing risk. Using Quantum 

Amplitude Estimation, QMC can substantially decrease the computational complexity of classical 

Monte Carlo simulations, enabling faster estimation of financial indicators like option prices, Value-

at-Risk ( VaR) and Conditional Value-at-Risk ( CVaR). Another significant finding from the study is 

the increased relevance of Quantum Machine Learning (QML) in the financial sector, including its 
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applications in fraud detection, credit risk evaluation, customer classification, and stock market 

forecasting. The hybrid quantum neural network with the Quantum Support Vector Machine 

(QSVM) showed superior performance in capturing complex nonlinear relationships in financial data 

compared to several traditional machine learning models, demonstrating higher prediction accuracy 

and enhanced anomaly detection. Beyond that, the hybrid quantum-classical computational 

architecture is able to effectively divide its computational workload between classical computers and 

quantum devices, enabling the use of quantum computing without having to replace the entire 

financial system infrastructure. However, there are still some practical issues which prevent the 

widespread adoption of these promising results. The current Noisy Intermediate-Scale Quantum 

(NISQ) devices are constrained in terms of number of qubits, coherence time, gate error, decoherence, 

measurement noise, and scalability, which can lead to inaccuracies and unreliabilities in 

computation. Thus, for commercial use, a fully quantum financial system is not yet feasible. Recent 

progress, however, on quantum hardware, quantum error correction, optimization of algorithms, 

cloud-based quantum platforms, and scalable hybrid architectures are promising to alleviate these 

limitations in the future. Overall, the results indicate that quantum computing is a technology with 

the potential to revolutionize the field of financial modeling and that hybrid quantum-classical 

computing is the most feasible path forward for the use of quantum technologies in today's financial 

institutions. 

 

4.3. Comparative Analysis and Interpretation 

In the comparative analysis of the proposed Hybrid Quantum Financial Modeling Framework 

and the classical (Classical Financial Modeling) approach, it was found that the financial indicators of 

the proposed Hybrid Quantum Financial Modeling approach showed significant improvement in 

several financial indicators. The experimental results show that the proposed framework significantly 

outperforms the classical model in portfolio optimization, prediction of risk, fraud detection, 

forecasting market trends, computational efficiency, use of resources and derivative pricing accuracy. 

The advantages of a quantum computer are largely believed to be the unique computational 

properties that quantum computers possess over their classical counterparts: superposition, 

entanglement, and quantum parallelism, which allow quantum algorithms to simultaneously 

evaluate multiple computational states. Typical financial models in the financial optimization field 

require exponentially increasing computation time with the number of financial assets, investment 

restrictions, and market variables. This gives rise to longer period to execute and higher 

computational costs, especially in large scale portfolio optimization and financial risk analysis. 

Unlike the standard approach, the proposed hybrid framework uses quantum algorithms, including 

the Quantum Approximate Optimization Algorithm (QAOA), Quantum Monte Carlo (QMC) and 

Quantum Machine Learning (QML), which enables the system to search through larger solution 

spaces more efficiently and reach an optimal or near-optimal solution in fewer computational steps. 

The comparative evaluation also shows that Quantum Monte Carlo has a great potential to improve 

derivative pricing and financial risk estimation, making classical Monte Carlo simulations with 

reduced computational complexity fairly accurate for prediction. Moreover, the ability of Quantum 

Machine Learning models to discover intricate relationships in financial data has been shown to 

outperform traditional machine learning methods, resulting in more precise stock market forecasts, 
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fraud detection, and credit risk analysis. The hybrid quantum-classical architecture also helps boost 

computational efficiency by dedicating classical processors for pre-processing, feature engineering 

and interpreting the results, while a quantum processor handles the more computational heavy-

lifting of optimization and probabilistic calculations. This balanced workload distribution harnesses 

the best of both worlds, computational environments, while mitigating the effects of current 

shortcomings of quantum hardware. While current Noisy Intermediate-Scale Quantum (NISQ) 

devices still are plagued by qubit stability, decoherence, gate errors and limited scalability, the 

experimental results suggest that hybrid quantum computing will provide measurable benefits in 

practice over purely classical approaches. In general, the comparative study shows that the proposed 

framework maintains computational efficiency, optimization quality, predictive accuracy, and 

financial decision making capability. The results indicate that hybrid quantum-classical financial 

modeling could be a very promising and scalable approach to tackle more complex financial 

problems, and lay the groundwork for future quantum technologies in the global financial services 

sector. 

 

5. CONCLUSION 

Quantum computing has become one of the most promising new technologies to meet the 

increasing needs for computation that have become essential to financial modelling. The application 

of quantum computing in finance was explored in this study, focusing on portfolio optimization, 

pricing and valuation of derivatives, assessment of financial risk, fraud detection, prediction of 

financial trends and algorithmic trading. Quantum computing can process vast amounts of financial 

data more efficiently than classical computing systems and solve optimization problems with 

numerous variables and constraints, thanks to the ability to use superposition, entanglement, and 

quantum interference. The researchers noted that existing Noisy Intermediate-Scale Quantum (NISQ) 

devices have proven to be less reliable, so they introduced a hybrid quantum-classical financial 

modeling approach that leverages the accuracy of classical computers and the computational abilities 

of quantum algorithms. The framework combines classical data preprocessing, feature engineering 

and result interpretation with the cutting edge quantum methods Quantum Approximate 

Optimization Algorithm (QAOA), Quantum Monte Carlo (QMC), Quantum Amplitude Estimation 

(QAE) and Quantum Machine Learning (QML). The results of performance evaluation and 

comparative analysis showed that the proposed hybrid framework has certain advantages over the 

traditional ones, such as the improvement of efficiency in portfolio optimization, the accuracy of risk 

prediction, fraud detection, market prediction, pricing of derivatives, calculation efficiency, and 

performance of financial models. The results suggest that quantum-enhanced financial models have 

the potential to enhance the decision-making process, as they can perform calculations more 

efficiently, optimize processes more quickly, and yield more precise predictive analytics. The study 

acknowledges a number of obstacles restricting widespread adoption today, such as the availability 

of qubits, decoherence, gate errors, scalability challenges, quantum error correction, cybersecurity 

concerns, regulatory compliance, and explainable quantum models. So for the time being, quantum-

classical hybrid computers are the most feasible option for financial applications until the technology 

is ready for commercial use. Future studies are required to create scalable quantum financial 



  

 
 

ISSN: 3071-642X 
PP: 01-18. 

 

---------------- 
Quantum Computing Applications in Financial Modeling 

Narendra Karmarkar 

   17 

algorithms that can process real-world financial data, improve the reliability of quantum financial 

devices, develop quantum financial explainable AI systems, establish standard benchmarking 

systems, and address ethical, regulatory, and security issues of quantum financial systems. Close 

cooperation between researchers, financial institutions, technology companies and policymakers will 

be crucial in accelerating innovations and responsible deployment of quantum technologies. To sum 

up, while quantum computing is still in its infancy, its remarkable progress holds the promise of 

revolutionizing computational finance, with the potential to drive more efficient large-scale financial 

data analysis, intelligent decision support systems, and faster optimization, which will redefine the 

landscape of the global financial sector in the future. 
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