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1. [bookmark: _Toc206331099]Introduction
Placed within the current context of rapid digital transformation, Artificial Intelligence (AI) is increasingly considered as a primary source of innovation in all industries, particularly in the financial sector (Emmanuel et al., 2024). However, such futuristic technologies not only work as an opportunity creator but since now there is every possibility that these technologies pave the way for a new breed of threats as well (Kaloudi & Li, 2020). Artificial intelligence-based financial fraud has become increasingly sophisticated, evasive and challenging to traditional security defense (Nightingale & Farid, 2022), leading to huge economic losses every year, with over 50% of organizations reporting fraud incidents in the past 24 months (PricewaterhouseCoopers, 2024). The reality provides the motivation to develop new generation computational models that can capture these complexities and open a window to explore unconventional paradigms like quantum computing.
In this respect, Quantum Machine Learning (QML) becomes particularly a new frontier to explore. Quantum Neural Networks (QNNs) are at the core of this field, and they are conjecturally infinitely powerful to learn very complex data structures that cannot be learned by their classical-cloud equivalents (Abbas et al., 2021). This work examines the study's independent variable: Adaptive Training Strategies to these networks. Instead of concentrating efforts mainly on building new architectures, The study shows that the current way of training model is the key important factor. Therefore, the main contribution is a novel training strategy, the "Imbalance-Aware Quantum Natural Gradient" (IA-QNG), that is proposed and its direct effectiveness is tested.
The dependent variable in this study is the Financial Fraud Classification Performance. The study desired to enhance the results: the model's performance in correctly discriminating between legitimate and fraudulent transactions. Due to the pathology of the data, this performance will be evaluated with robust statistics adapted to imbalanced data, namely the F1-Score and the Area Under the Precision-Recall Curve (AUC-PR).
This situation presents a perplexing performance paradox in recent literature. Comparison studies indicate the superior performance of simpler quantum models like Quantum Support Vector Machine (QSVM) against QNN in this particular setting (Innan et al., 2023). This paradox indicates that there is a deserved gap between the representational power of QNNs and the Trainability Crisis.
There are two related phenomena exacerbating that crisis, and one is the so-called barren plateau effect (McClean et al., 2018) and the other one is the influence of intrinsic noise of NISQ devices, which has been demonstrated to generate "noise-induced barren plateaus" (Wang et al., 2021). This fact emphasizes the importance of the mediating variable in the study model: Trainability Robustness. The study predicts that the adaptive training strategy (independent variable) not only has a direct influence on the performance (dependent variable) but that this direct effect by the strategy's enhanced ability to retain informative gradients in the face of noise, i.e. the explanatory mechanism that connects cause and effect.
Moreover, such a relationship cannot be explained independent of the statistical properties of the data. This is where the moderating factor, the Degree of Data Imbalance, comes into play by its role. The variable defines the specific conditions under which proposed ideal strategy is observed. The study expects the superiority of the selected approach is not expected to be uniform but will become more significant as the Degree of Data Imbalance increases. In other words, when the issue is more challenging, the effect of the study proposed solution is more significant. This interaction, therefore, the variable modifies and strengthens the relationship between the training strategy and the final performance.
Adaptive training strategies have arisen as a promising field to combat these multivariate challenges (Liu et al., 2023) although many are still heuristic. In contrast, the explicit use of QNG is a powerful and principled technique for utilizing the true information geometry of the problem to improve convergence (Stokes et al., 2020). However, this optimizer is not adapted to the statistical properties of the data in its raw form, a crucial limitation in case of a strong imbalance.
This is the precise junction that this study is on. Today, the hole in the literature is not deploying QNNs for the detection of fraud but providing a training framework to address the so-called dual trainability crisis due both to the nature of the hardware (noise) and the nature of the falsifications (imbalance). Thus, the main aim of this thesis is to create and test an adaptive retraining for quantum neural networks (QNNs) strategy, guided by the quantum natural gradient, to mitigate the performance decrease of QNNs on class-imbalanced financial fraud detection data. This research addresses a fundamental question: How far can the study go in adapting the geometric power of QNG to be combined with a statistical knowledge of the data to relieve the trainability crisis and close the reported performance gap, and thereby enable us to proceed towards a practical quantum advantage in this critical financial use case.
2. [bookmark: _Toc206331100]Statement of the Problem
The worldwide financial industry is increasingly threatened by financial fraud, the impact of which amounts to enormous monetary losses. Classical and existing quantum detection systems have proven largely inadequate for handling the pathological properties of fraud data, a domain characterized by extreme class imbalance.
In this background, while Abbas et al. (2021) study shows the theoretically appealing because of the enhanced expressibility of Quantum Neural Network (QNN), recent research results have reported a disturbing performance paradox. Despite the effectiveness of simpler quantum models such as Quantum Support Vector Machines (QSVM) in classification, (Zeguendry et al., 2023), the practical behavior of QNNs in severe imbalanced scenarios remains largely unknown. It is alarmingly the case that even seminal works on the power of quantum classifiers tend to neglect this practical concern altogether (Du et al., 2023). This discrepancy indicates that the problem is not a lack of representational power, but instead, that these networks suffer a "Trainability Crisis".
This crisis manifests as "barren plateaus" (McClean et al., 2018), a phenomenon heavily intensified by the intrinsic noise in NISQ machines, as seen to yield "noise-induced barren plateaus" (Wang et al., 2021). Adaptive training (Liu et al., 2023) has emerged as a promising way to address this problem, but most are heuristic. The Quantum Natural Gradient (QNG) optimizer, a more properly principled tool which otherwise also exploits the actual information-geometry of the problem (Stokes et al., 2020) appears to be a better candidate. However, its vanilla version remains agnostic to data statistics. These combined issues are the key bottleneck to reaching a practical quantum advantage in finance (Mancilla and Pere, 2022). This research aims to bridge this critical gap by developing an adaptive imbalance-aware training strategy that can leverage the geometrical power of the Quantum Natural Gradient.
3. [bookmark: _Toc206331101]Research Questions
This work hence aims to address a crucial issue: 
· Main Question: How can an adaptive Imbalance-Aware Quantum Natural Gradient (IA-QNG) optimizer be formulated and validated to address the dual challenges of barren plateaus and class imbalance in order to achieve thereby achieving a demonstrable and superior performance advantage over both classical and standard quantum machine learning models for real word financial fraud detection?
The study aims to: address the above-mentioned question by setting out the following specific sub-questions:
· How could the Quantum Natural Gradient (QNG) be formulated to be "imbalance-aware" applying extra focus to the geometry of the inaccessible class (fraud) during the learning phase?
· How measuring impact of proposed an adapted training strategy (Adapted QNG) in enhancing the effectiveness of a QNN, according to robust metrics such as F1-Score and AUC-PR, relative to a strong baseline based classical XGBoost models, QSVM, and QNNs trained using classical optimizers?



4. [bookmark: _Toc206331102]Significance of the Research
Importance of the work lies in its introduction of a targeted computational framework for a key challenge for quantum neural networks to be practically useful. It shows up in the following ways:
4.1. Theoretical (Scientific) Significance:
· Setting a New Paradigm in Quantum Optimization: This research proposes a novel concept of imbalance-awareness in quantum geometric optimization protocol as its main result. This is a major empirical breakthrough that differs from previous heuristics and provides a new frontier for researchers to develop training algorithms that exploit both the geometry of the problem and statistical properties of the data at the same time.
· Addressing the Trainability Crisis in a Crucial Context: The research directly aims to solve the well-known "barren plateau" problem, by adapting a strong theoretical tool (QNG) to consider an under-studied context: class-imbalance impacted by stochasticity. This ensures a fairer comparison for the estimated role of quantum neural networks.
4.2. Practical (Applied) Significance:
· Demonstrating a Practical Proof-of-Concept: This study aims to demonstrate, through empirical results, that meaningful computations of the training-hypothesis yield superior performance compared to existing classical and quantum methods. This provides a clear roadmap towards constructing better quantum models for important applications, like financial fraud detection.
· Creating a Novel Prototype: The developed methodology and its resulting insights can be transferred to the construction of prototype fraud detection systems that are significantly more accurate and robust to noise, presenting an important step towards a working practical quantum advantage.
5. [bookmark: _Toc206331103]Objectives of the Research
In order to achieve the aim of this study and to respond to its research questions, it proposes to develop and validate an adaptive training procedure for quantum neural networks using the quantum natural gradient to handle the performance drop due to class imbalance in the financial fraud detection data.
To reach the overall aim, the following specific aims will be pursued:
1. To use the above intuition to derive and construct an optimizer that exploits the imbalance of the cost in the Fubini-Study metric, that is, and Imbalance-Aware Quantum Natural Gradient (IA-QNG) optimizer by defining and formulating the exact mathematical corrections to the Fubini-Study metric which will make the optimizer more sensitive to the minority class.
2. Experimental validation that the proposed model significantly out-performs possible alternatives, by comparing it quantitatively using F1-Score and AUC-PR metrics, and systematically to a strong baseline that includes classical (XGBoost) and standard quantum (QSVM, and QNN trained with standard optimizers) models.
6. [bookmark: _Toc206331104]Research Hypotheses
The following research springboards from the pivotal issue of the problem statement and to satisfy this main purpose, and consistent with the study's objectives, the following research hypotheses will be tested:
· First Hypothesis (H1):
· Related Objective: The study seeks to validate the efficiency of the proposed training approach (IA-QNG) in making the performance of quantum neural networks better than using classic methods.
· Null Hypothesis (H0): There is no statistically significant difference in the classification performance of financial fraud data (measured by F1-Score and AUC-PR) between the Quantum Neural Networks (QNNs) trained with the IA-QNG strategy and compared to the standard training strategies.
· Alternative Hypothesis (H1): Quantum Neural Networks (QNNs) trained with the proposed IA-QNG strategy will show a statistically significant improvement of the classification performance of financial fraud data (measured by F1-Score and AUC-PR) as a dependent variable compared to the standard training strategies.
· Second Hypothesis (H2):
· Related Objective: To quantify the amount of the documented performance gap between quantum neural networks and other quantum models the proposed training strategy can close.
· Null Hypothesis (H0): There is no statistically significant difference of classification performance between QNNs trained by IA-QNG strategy and the baseline Quantum Support Vector Machine (QSVM) that when evaluated using robust and imbalance-aware metrics.
· Alternative Hypothesis (H1): Quantum Neural Networks (QNNs) trained with the proposed IA-QNG strategy will show a statistically significant improvement in the classification performance comparison with the QSVM method when evaluated using robust and imbalance-aware metrics such as F1-Score and AUC-PR.


7. [bookmark: _Toc206331105]Research Methodology
Introduction
This part presents the methodological framework. The employed of this part to rigorously test the research hypotheses and achieve the study's objectives. The framework is going to detail the research approach and design. Also contact the study's population and sample lined with the specific procedures for implementation and statistical analysis.
7.1. Research Approach
This research uses a Quantitative Approach by applying the Experimental Method. This is the most appropriate way of addressing the nature of this study because the independent variable (adaptive training strategy) is manipulated to determine its effect on the dependent variable (classification performance). The whole process is carried out in a controlled computational setting which guarantees reproducibility and allows to decouple the variable’s effects.
7.2. Research Design
The research is conducted as a comparative experiment in order to compare the performance of the novel model against a number of control groups. It comes with the following:
· Experimental Group: The Quantum Neural Network trained with the proposed strategy (IA-QNG).
· Control Groups:
1. The Quantum Neural Network trained with a standard optimizer (QNN-Adam).
2. The Quantum Support Vector Machine model (QSVM).
3. The eXtreme Gradient Boosting model (XGBoost) as a classical baseline.
This experiment is going to be in a controlled simulation environment in purpose for precise control over experimental parameters like the noise levels. Also, in the need for elimination of external factors that may influence the results.
7.3. Study Population and Sample
The definitions of the "study population" and the "study sample" as used in this computational and laboratory investigation are methodologically consistent with the nature of the work. The population is not shown as the individual but the comprehensive universe or relevant data that affect the contribution the study results in, while the sample is the protocol to select and prepare this universe of data to obtain results with validity and reproducibility.
7.3.1. Study Population (Datasets) To comprehensively achieve the research objectives, the research adopts a dual-axis strategy by utilizing two populations of data with the consideration of each with unique and complementary characteristics:
· Primary Population (for Development and Initial Validation): PaySim Dataset
· Generalization Population (for Robustness and Realism Testing): IEEE-CIS Dataset
7.3.2. Study Sample and Selection Methodology (The Experimental Protocol) This research aims to ensure statistical reliability. So, a single, static "sample" is not drawn. Instead, a rigorous experimental protocol. This is followed to generate multiple training and testing samples to ensure statistical reliability.
· Sample Selection Methodology: Stratified K-Fold Cross-Validation
7.4. Study Procedures and Variable Measurement
The research is going to be executed according to the following procedural steps:
7.4.1. Environment Setup: The research will be conducted using 
· Programming Language: Python with 
· Standard quantum computing libraries: such as Qiskit and PennyLane. 
· Simulations run on: the Qiskit Aer backend, which allows for the inclusion of 
· Realistic noise models: that mimic current NISQ hardware.
7.4.2. Data Preprocessing: Following cross-validation protocol for ensuring applying standard cleaning and transformation processes applied to the datasets as well as including feature scaling and partitioning.
7.4.3. Model Implementation: Each of the four models (IA-QNG, QNN-Adam, QSVM, XGBoost) going to independently built and trained on the exact same data. They will be folds generated by the cross-validation process to ensure a fair comparison.
7.4.4. Variable Measurement:
· Independent Variable (Training Strategy): Is operationalized through the implementation of the four (models) distinct algorithms.
· Dependent Variable (Classification Performance): Is quantitatively measured using the F1-Score and AUC-PR metrics. By measuring each result of each model’s performance test sample by calculating the confusion matrix in each fold.
· Mediating and Moderating Variables (Noise and Imbalance): Will be controlled as fixed parameters within the experiment; the noise level is set in the simulator, and the degree of imbalance is a fixed characteristic of the dataset being used.
7.5. Proposed Statistical Methods
To test the research hypotheses, a comprehensive statistical protocol designed for comparing the performance of computational models will be employed.
7.5.1. Ensuring Statistical Reliability A Stratified 10-Fold Cross-Validation protocol is planned to be used in the study as the primary procedure to ensure the reliability of the results. Also, to generate a statistical distribution of performance measures for each model.
7.5.2. Statistical Protocol for Hypothesis Testing Two-step sequence for analyzing the resulting performance distributions:
1. Omnibus Test: A One-Way Repeated Measures ANOVA will be used to determine any statistically significant differences if found, along with the mean performances of all models.
2. Post-Hoc Paired Comparisons: In case the ANOVA test is significant, a series of Paired Samples t-tests with a Bonferroni Correction will be conducted to directly test hypotheses H1 and H2.
7.5.3. Tools and Software Used The statistical protocol going to be implemented using the Python programming language. In specifically the experimental relying on the commonly trusted scientific libraries such as SciPy and Statsmodels.
8. [bookmark: _Toc206331106]Proposed Study Model
The following model illustrates the comprehensive conceptual framework of this study, embodying the complex and hypothesized relationships between the research variables, see figure 1. This model is designed to visually reflect the hypotheses, clarifying not only if the proposed strategy works, but also how, why, and under what conditions.
[image: ]
Figure 1:  Study Model’s Components
Explanation of the Model's Components
· Independent Variable: "Training Strategy" This is the core of the research innovation. This is the controlled variable, whose effect is tested by comparing the proposed strategy (IA-QNG) against the baseline strategies (standard QNN and QSVM).
· Dependent Variable: "Classification Performance" This is the ultimate result of the research measurements that compared to assess if the test reseach actions turned out differently. It will be quantitatively measured using two metrics F1-Score and AUC-PR to reach a fair evaluation when dealing with data imbalance.
· Mediating Variable: "Trainability Robustness"
· Methodological Role: It is the explanatory mechanism in the model, the "how?" The way of thinking about this is that the proposed method does not directly generate better classification thresholds but introduces a method for preserving strong and meaningful gradients of a loss function in a quantum-mechanical setting (this is just a hypothesis not a conclusion) this in turn allows better performance. It is the connection between premise and consequence.
· Moderating Variable: "Degree of Imbalance"
· Methodological Role: These variable states what to "do in what conditions". It’s not that it creates the effect, but that it modulates the effect that exists. The model suggests that the advantage of the proposed strategy is not so strong, but it gets bigger and more meaningful when the data is increasingly imbalanced. In other words, the more the problem is “harder” (i.e. higher imbalance) the proposed solution, the more it turns out to be the best. This interplay modifies and strengthens the relationship between the training strategy and performance.
9. [bookmark: _Toc206331107]Study Population and Sample
In line with the computational and experimental research type of this work, the terms "study population" and "study sample" are defined methodologically in a way that best complies with the nature of the work. The population is not individuals; it is the complete universe of relevant information and the sample is the procedures employed looking for and handling that universal to prepare the data so that the results achieved by those looking are valid, replicable and reliable.
9.1. Study Population (Datasets)
In order to more completely accomplish the research goals, a dual-axis approach is being employed, with two sets of data (with different and complementary characteristics):
· Primary Population (for Development and Initial Validation): PaySim Dataset
PaySim Dataset is a publicly available dataset design for fraud detection research. It is accessible via the Kaggle platform. This dataset generated using PaySim simulator as detailed by Lopez-Rojas et al. (2016).
The model will be developed and tested within this domain. Since it is fake data with known fraud behavior, it allows a perfect (controlled) environment in order to assess the performance of the proposed model in learning the patterns of interest. Its main characteristics are:
· Size: Over 6.3 million records.
· Inbalance: Very exceptional (only ~0.13% of transactions are fraud), this presents a challenge for traditional model evaluation applications of different learning algorithms.
· Characteristics: Low-dimensional and interpretable feature space (11 features).
· Generalization Population (for Robustness and Realism Testing): IEEE-CIS Fraud Detection Dataset
This dataset presents a real word dataset from anonymized e-commerce transactions. Also, It is available publicly through the Kaggle platform as a competition hosted for IEEE Computational Intelligence Society (CIS) IEEE-CIS. (2019). 
The study is going to be tested at the end of the process with this dataset to ensure that the model isn't overfit and can generalize its performance on messier, more complex, real world type data. If the model could work here, it would demonstrate that the model is not just fitting the PaySim data. Its main characteristics are:
· Source: Real-world e-commerce transaction data.
· Skew: Vast (fraud is substantial (~3.5% of transactions)).
· Features: The high-dimensional (431) feature space, which evaluates the model for dealing with complex representations.
This methodology guarantees that the model is evaluated under two different sources of challenge, a statistical challenge (weak signal in PaySim) and a representational challenge (complex features in IEEE-CIS). See table1.
	Attribute
	Primary Population (PaySim)
	Generalization Population (IEEE-CIS)

	Source
	Synthetic (Simulator)
	Real-world (E-commerce) 

	Total Transactions
	~6.3 Million 
	~590k (Training)

	Imbalance Ratio
	~0.13%  (Severe)
	~3.5% (Significant )

	Number of Features
	11
	431


Table1: compare between datasets.
9.2. Study Sample and Methods of Selection (The Method of the Experiment)
In this investigation, a static "sample" is not chosen. Instead, a strict experimental protocol is followed to produce multiple training and testing sets in order to obtain statistically reliable results.
· Data Sample Methodology: Stratified K-Fold Cross-Validation
· Procedure: The study is going to use a stratified k-fold cross-validation procedure (where k=5 or 10) over each dataset. The data is partitioned into k equal subsets in each round, the model is trained on k-1 subsets and tested on a remaining single subset.
· Methodological Explanation: Stratification is necessary for this experiment. This means that at each train and test fold the proportion of fraudulent transactions is preserved from the original dataset. Such a step is necessary to avoid the creation of a test set, which is quite important as it is the case here, which does not contain any fraud sample, so as to keep the performance estimate valid. This process is computationally equivalent to making several typical draws from the population, and consequently allows one to carry out rigorous statistical tests on the performance of the model.
10. [bookmark: _Toc206331108]Proposed Statistical Methods
In order to perform a rigorous and dependable quantitative assessment of the effectiveness of the proposed training strategy, as well as to test the research hypotheses, a thorough statistical protocol - specifically tailored for comparing the performance of computational models on class-imbalanced sets - will be adopted.
10.1. Experimental Design and Statistical Reliability
In the current study, the independent variable is the Training Strategy, with the following levels:
· Experimental Level: The quantum neural network obtained with the IA-QNG strategy trained in the experiments (IA-QNG).
· Control Groups:
1. The quantum neural network with standard training optimizer (QNN-Adam).
2. The model is the Quantum Support Vector Machine (QSVM).
3. The classical baseline model eXtreme Gradient Boosting model (XGBoost).
A Stratified 10-Fold Cross-Validation approach will be used in order to assure the consistency and stability of the performance values (dependent variable) of the models. The latter step is not just a validation procedure, but it is a condition of validity of the experiment because:
· No bias from random split: It makes certain that the model performance does NOT depend upon a single split of the data.
· Dealing with Imbalance: Stratification ensures that the class imbalance is preserved across the training and testing folds, which is necessary for a fair evaluation.
· Creating a Distribution: This results in a distribution with 10 values (F1 of AUC-PR) per model, which can be tested statistically, instead of relying on point-estimates comparison.
10.2. Statistical Protocol for Hypothesis Testing
Analysis of these performance distributions will proceed in a two-step fashion:
· Step 1: Omnibus Test
· Method: One-Way Repeated Measures ANOVA.
· Objective: This step is to solve the following question generally asked by developers: “Whether or not, the mean performance of the four training strategies is statistically different? The need for repeated measures design, because the repeated test the same “subjects” (the data folds) on all conditions (the models).
· Step 2: Post-Hoc Paired Comparisons for Direct Hypothesis Testing
· Method: If the ANOVA test had a clear difference, then a series of Paired Samples t-tests will be conducted to test each hypothesis individually, with a Bonferroni Correction to target the level of significance.
· To Test Hypothesis 1 (H1): Considering a direct comparison between the performance distribution of IA-QNG and the distribution of QNN-Adam. This is the crucial test of whether the research test innovation is better than the oven.
· To Test Hypothesis 2 (H2): A direct comparison between the performance distribution of IA-QNG and of QSVM will be done. This comparison seeks to demonstrate that the research test strategy could close the performance gap with the best-known quantum strategy.
10.3. Tools and Software Used
In view of the computational flavor of the data and analyses of interest, the method will implement this complete statistical protocol with the Python programming language, especially leveraging its established scientific libraries (SciPy and Statsmodels), the academic and industry standard ones for data science having thorough implementations for all statistical tests considered above.
11. [bookmark: _Toc206331109]Research Terms
To maintain the accuracy and consistency of the main concepts of the study, the following terms are clearly defined in concept and operation.
Quantum Neural Networks (QNNs)
· Conceptual: Hybrid quantum-classical models for machine learning that rely on a parameterized quantum circuit, U(θ), as a (trainable) layer of the model, with its parameters, θ,being determined by a classical computer through the minimization of some cost function (Cerezo et al., 2021).
· Operational: A Variational Quantum Classifier (VQC) for which the cost function is realized by measuring the expectation value of an observable, M, such that:
(1)         [image: ]  
· L(θ) is the value of the cost function for a given set of parameters.
· ∣ψ(θ)⟩ is the quantum state prepared by the parameterized quantum circuit U(θ).
· M is the measurement observable chosen to correspond to the classification task.
Adaptive Training Strategies
· Theoretical: A class of optimization algorithms that adapt their algorithms automatically during training to mitigate issues related to complex optimization landscapes, e.g., the barren plateau problem (Kübler et al., 2020).
· Operational (independent Variable): It is the one being studied, denoted in this work by the "Imbalance-Aware Quantum Natural Gradient (IA-QNG)" strategy. This is an alteration to the usual QNG update rule:
(2)       θt+1 = θt - η . g+ . ∇L(θt)    
Where:
· θt+1 and θt are the model parameters at iterations t+1 and t, respectively.
· η is the learning rate, a hyperparameter controlling the step size.
· ∇L(θt) is the gradient of the cost function with respect to the parameters.
· g+ is the Moore-Penrose pseudoinverse of the Quantum Fisher Information metric (QFIR) which captures the information geometry of the problem space.
Classification Performance
· Intuitive: The degree of ability of a machine learning model to apply its predictions to new, previously unseen data points. For the case of an imbalanced dataset, for which the dataset is using one, the best metric to be used is F1-Score because it equally balances the Precision and Recall (Shalev-Shwartz & Ben-David, 2014).
· Operational (Dependent Variable): This represents the dependent variable of the research task, which is to be particularly calculated through F1-Score and provided in the equation as:
(3)            [image: ]       
Where:
· Precision measures the accuracy of the positive predictions (True Positives /(True Positives+False Positives)​).
· Recall (or Sensitivity) measures the model's ability to identify all relevant instances (True Positives /(True Positives+False Positives)​).
· The Area Under the Precision-Recall Curve (AUC-PR) will be used as a complementary primary metric.
Quantum Noise Levels
· Introduction: The sum of unwanted disturbances that results in the quantum decoherence, which degrades the computational accuracy of Noisy Intermediate-Scale Quantum (Preskill 2018) devices.
· Mediating: The variable proposes to meditate, and is computed by simulating the built-in noise models in Qiskit Aer.
Dataset Imbalance Ratio
· Terminological: An attribute of a dataset in which the number of instances belonging to the minority class is much lower than that of the other classes in the dataset (the majority class) (Ali et al., 2015).
· Operational: These are the moderating terms in the analysis, which are quantified as the minority-class-to-total-sample ratio.
12. [bookmark: _Toc206331110]Literature Review
12.1. Introduction
This part presents the literature review that supports the theoretical and practical aspects of the study. It is started by a review of works that characterize the dimension of the main problem at QNNs such as their training crisis beyond noise and class imbalance. Then, it would conduct an analysis of the current research attempts to deal with these very challenges and leading to the identification gaps in literature, on which this paper hooks its originality and differentiation.
[bookmark: _bjbrepwvftwy][bookmark: _Toc206331111]Training Challenges in Quantum Neural Networks
The initial studies of quantum machine learning (QML) models have consistently highlighted significant challenges for training a Quantum Neural Networks (QNNs). A new study of a comparative study by Innan et al. (2023) on financial fraud detection found that using Quantum Support Vector Machines (QSVMs) performed well, on other hand QNNs struggled, particularly with imbalanced datasets. This poor performance is often attributed to the phenomenon of "barren plateaus", first theorized by Wang et al. (2021). As a sequence of  causes, their (barren plateaus) mathematical analysis demonstrated that hardware noise alone can cause the gradient of the loss landscape to flatten exponentially, as a result of possibility was almost zero for  making effective training. Schumann et al. (2023) furthermore generalized this finding, confirming that noise-induced barren plateaus are a universal and generic effect in layered quantum circuits. The choice of “cost function” also plays a critical role, as Kashif & Al-Kuwari (2023) showed interesting finding that using “local cost functions” makes models more robust against noise and helps mitigate barren plateaus compared with “global cost functions”.
[bookmark: _3t5kcz82udue][bookmark: _Toc206331112]Existing Solutions in the Literature
On the road of finding a possible solution in reviewing literature research papers. Depending on reviewing, the various research solutions QML training challenges could be categorized into three main types: 
[bookmark: _76ooo5olfje8][bookmark: _Toc206331113]1. Data-Level and Preprocessing Solutions
In this category, the researchers focused on modifying the data itself before it enters the quantum model. For example, Mancilla & Pere (2022) investigated how to use Linear Discriminant Analysis (LDA) as a preprocessing step in the goal of enhancing the performance of quantum classifiers on financial tasks. In the context of imbalanced data, Li et al. (2023) had significantly improved classifier performance by developing a Generative Adversarial Network (EID-GAN) to create diverse synthetic samples for the minority class. In the same way, Huang et al. (2022) contributed a novel algorithm for neural network training that handles class imbalance on an algorithmic level without requiring data resampling.
[bookmark: _rmc14ivgz64k][bookmark: _Toc206331114]2. Architecture-Level (Hybrid) Solutions
On the purpose of avoiding the full-stack training problems of pure QNNs, other researchers have turned to hybrid architectures, which are a combined quantum and classical component. Ubale et al. (2025) proposed a hybrid model that fuses classical Long Short-Term Memory (LSTM) networks with quantum features to detect fraud in sequential financial data. Similarly, Das et al. (2025) introduced the QFDNN, which is a hybrid architecture that uses a quantum layer for resource-efficient. This layer acts as a feature extraction before processing them with a classical deep neural network (DNN). These preprints suggest that the combining quantum and classical components can be an effective strategy, though they do not fully resolve the core trainability issues inherent in the quantum component itself.
[bookmark: _z97sx8bm5hjt][bookmark: _Toc206331115]3. Training and Optimization Solutions
A third category of research has focused on improving the training algorithm. Stokes et al. (2020) pioneered the Quantum Natural Gradient (QNG), as a principled optimization scheme rooted in the information geometry of quantum state space. Their work claims that QNG can lead more faster convergence and better stability than standard gradient-based optimizers. As a sequence on this, Garcia & Gacon (2024) building in that an introduced a layer-wise initialization method to prevent barren plateaus in the early training stages. On the other hand, Liu et al. (2023) proposed a different training algorithm using "random gate activation" to simultaneously address both barren plateaus and local minima by restricting the effective number of parameters in each training step.
[bookmark: _p6jd9r58grrq][bookmark: _Toc206331116]Identifying the Research Gap
The above studies have provided valuable insights and solutions on the way of addressing the symptoms of barren plateaus rather than the root cause. An interesting study of theoretical analysis by Cerezo & Coles (2023) established a core trade-off between a circuit’s expressibility and its trainability, suggesting that the problem is rooted in the very geometry of the loss landscape. This research will address this gap by proposing a novel adaptive approach to the Quantum Natural Gradient (IA-QNG). This approach is not just simply adjusting the length or direction of a training step, this work will alter the very definition of that step by using an adaptive learning rate. It provides a more theoretically grounded and robust solution to the barren plateau problem.
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