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Abstract- Financial systems have become more complicated than ever before due to their fast growth, which calls for creative 

methods of managing, analyzing, and forecasting system behavior. In order to solve problems in intricate financial systems, this 

study investigates the use of intelligent computing and trustworthy machine learning models. The goal of the project is to 

improve decision-making, risk assessment, and anomaly detection in dynamic financial contexts by fusing cutting-edge 

computational techniques with reliable AI frameworks. The dependability and interpretability of machine learning models are 

given special attention in order to make sure they satisfy the exacting standards of accuracy and transparency that are 

necessary for financial stakeholders. The implications of these technologies for reducing systemic risks and enhancing 

operational effectiveness are also covered in the study. This study demonstrates the revolutionary potential of intelligent 

computing and reliable machine learning in creating robust and flexible financial ecosystems via case studies and experimental 

validations. The results highlight how important they are in determining how finance and economic stability develop in the 

future. 

 

Index Terms- Risk assessment, trustworthy AI, complex financial systems, intelligent computing, dependable machine learning, 

and anomaly detection 

 
 

I. INTRODUCTION 

 
Modern financial systems are becoming more complicated 

due to globalization, technology breakthroughs, and the 

exponential expansion of data. This creates major obstacles to 

efficient administration, risk reduction, and decision-making. 

Because these systems are dynamic and nonlinear, traditional 

analytical techniques frequently fail to capture their essence 

[1]. The consequences of mistakes or inefficiencies might 

spread as financial markets get increasingly linked, 

highlighting the necessity for creative solutions. To 

comprehend and handle such complexity, intelligent 

computing and trustworthy machine learning approaches must 

be integrated [2]. 

 

This study's main goal is to investigate how machine learning 

and intelligent computing may be successfully used in 

intricate financial systems to improve accuracy, transparency, 

and confidence. The study specifically focuses on creating 

trustworthy and comprehensible AI models that satisfy the 

exacting requirements of financial industry stakeholders, such 

as institutions, investors, and regulators [3]. The drive comes 

from tackling important issues like fraud detection, systemic 

risk, and decision optimization while maintaining ethical 

compliance and dependability in machine learning 

applications [4]. 

This study makes a variety of contributions. Initially, it 

suggests a structure for incorporating reliable machine 

learning methods into financial decision-making procedures. 

Second, it provides fresh perspectives on creating AI models 

that strike a balance between interpretability, dependability, 

and performance. Third, through case studies and 

experimental validations, the study shows how these 

methodologies may be applied in the real world, giving 

academics and practitioners alike useful information. 

 

The use of fog computing presents a viable way to improve 

intelligent computing and trustworthy machine learning in the 

context of intricate financial systems [5]. As an extension of 

cloud computing, fog computing moves networking, data 

storage, and computation closer to the network's edge, 

lowering latency and bandwidth consumption while providing 

more effective processing for real-time applications. A more 

responsive and decentralized approach to data processing is 

made possible by integrating fog computing into financial 

systems; this is especially crucial for risk management, fraud 

detection, and real-time financial decision-making 

[6][31][33]. 

 

For complex financial systems, where the ability to recognize 

odd patterns, outliers, or fraud is essential for protecting 

financial operations, guaranteeing security, and facilitating 
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effective decision-making, anomaly detection is a crucial part 

of intelligent computing and trustworthy machine learning. 

Massive volumes of real-time data from transactions, market 

movements, and economic indicators are handled by financial 

systems. Finding irregularities in this type of data is essential 

for risk assessment, fraud prevention, and operational 

efficiency [7]. 

 

One of the biggest threats to financial institutions is market 

risk, which results from changes in market factors such 

commodity prices, interest rates, stock prices, and exchange 

rates. Due to unfavorable market fluctuations, this risk may 

result in possible financial losses. Intelligent computing and 

trustworthy machine learning (ML) approaches have emerged 

as crucial instruments for evaluating, reducing, and 

controlling market risk in intricate financial systems. These 

technologies provide the capacity to efficiently and accurately 

process large volumes of data, spot trends, and forecast future 

market movements [8][10]. 

 

Resource optimization [28] is essential to ensure that the 

financial models function effectively while preserving high 

accuracy and dependability in the context of intelligent 

computing and trustworthy machine learning applied to 

complicated financial systems. For applications like fraud 

detection, predictive analytics, market forecasting, and risk 

assessment, financial institutions produce enormous volumes 

of data that must be analyzed instantly [30][32]. Scalability, 

cost-effectiveness, and sustainability of these systems depend 

on optimizing computing resources, data storage, and energy 

usage as they get more sophisticated [9]. 

 

This article's remaining sections are organized as follows: 

Section 2 highlights any gaps in the literature by reviewing 

pertinent research on machine learning and intelligent 

computing in financial systems. The suggested technique is 

described in Section 3, with a focus on the values of 

transparency and dependability. The experimental setup and 

findings, which demonstrate the efficacy of the suggested 

methods, are presented in Section 4. The findings' 

ramifications are covered in Section 5, along with potential 

obstacles and directions for further study. The analysis is 

finally concluded in Section 6, which also provides a 

summary of the major contributions and their possible effects 

on the financial ecosystem. By navigating and optimizing the 

intricacies of contemporary financial systems, this study 

highlights the transformational potential of fusing intelligent 

computing with trustworthy machine learning, opening the 

door for innovation and resilience in the financial industry. 

 

II. WORK RELATED TO 
 

Due to the increasing demand for sophisticated analytical 

tools that can manage dynamic and complicated settings, the 

nexus of financial systems, machine learning, and intelligent 

computing has attracted a lot of interest lately. With an 

emphasis on significant advancements, gaps, and possibilities, 

this section offers a summary of the body of literature 

currently available in the field. Numerous studies have been 

conducted on the incorporation of intelligent computing and 

trustworthy machine learning into financial systems, with 

diverse methodologies concentrating on distinct facets such 

prediction accuracy, risk management, transparency, and trust. 

An overview of several important studies that have influenced 

this topic is given below, along with information on the 

algorithms utilized, their benefits, performance requirements, 

and drawbacks. 

 

LIME (Local Interpretable Model-Agnostic Explanations), a 

strategy that improves the transparency of black-box machine 

learning models by offering local explanations for their 

predictions, was presented in one of the seminal papers in the 

field of interpretable machine learning [11]. LIME's main 

benefit is its capacity to increase user trust by simplifying 

complicated models for interpretation. The fidelity of 

explanations, which guarantees that the explanation reflects 

the behavior of the model, is the basis for evaluating 

performance. However, because it necessitates creating many 

local surrogate models for every prediction, the method's 

computational efficiency becomes a barrier when working 

with huge datasets. Furthermore, there are still limitations to 

LIME's applicability to extremely complex and dynamic 

financial systems. 

 

The efficiency of ensemble learning techniques, specifically 

Random Forest and Gradient Boosting Machines (GBM), in 

detecting fraudulent financial transactions was shown in the 

field of fraud detection [12]. The financial industry uses these 

models extensively because of their high accuracy and 

reputation for resilience. Metrics including accuracy, 

precision, recall, and the F1-score are commonly used to 

evaluate these models' performance. Although these models 

perform quite well in terms of detection, they frequently have 

poor interpretability, which makes it difficult for stakeholders 

to have faith in the decision-making process, particularly in 

regulatory settings where openness is essential. Additionally, 

class imbalances in datasets might affect ensemble 

approaches, which is a significant problem in fraud detection. 

 

Another significant contribution was made by [13], who 

investigated financial risk management optimization models. 

In order to evaluate and reduce risks in unpredictable 

situations, their research integrated machine learning with 

strong optimization approaches. The models offered scalable 

solutions for huge financial datasets and offered insightful 

information on decision-making procedures. Computational 

complexity, prediction accuracy, and risk coverage are often 

used metrics to assess these models' performance. However, 

their poor adaptation to real-time financial contexts and 
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dependence on static data limit their use in extremely 

turbulent markets where risk profiles frequently alter quickly. 

 

Long Short-Term Memory (LSTM) networks, a kind of deep 

learning model, were used in the field of stock market 

prediction [14] in order to capture temporal relationships in 

stock price movements. Because LSTM models can preserve 

long-term dependencies, they are especially well-suited for 

time-series forecasting. Performance indicators including 

directional correctness, mean absolute error, and root mean 

square error (RMSE) are used to assess these models. Despite 

its great accuracy in stock price prediction, LSTMs' 

interpretability issues continue to be a major problem. 

Additionally, these models' capacity to generalize is limited by 

their propensity for overfitting, particularly in erratic markets. 

 

[15] concentrated on systemic risk analysis, identifying 

interdependencies in financial networks through the 

application of machine learning models and network-based 

techniques. The significance of comprehending systemic risks 

and how they spread across the financial system was 

underlined by their study. Risk propagation metrics and 

detection rates are typically used to assess these models' 

performance. The network-based technique was 

computationally demanding and depended on static network 

architecture, which limited its adaptability to real-time 

financial dynamics where relationships between organizations 

may change quickly, even if it was successful in identifying 

systemic concerns. 

 

[16] suggested hybrid models for financial forecasting that 

blend machine learning approaches like Support Vector 

Machines (SVM) with conventional econometric techniques 

like ARIMA. The main benefit of hybrid models is that they 

increase predicting accuracy by utilizing the advantages of 

both methodologies. Forecast accuracy and R-squared values 

are used to assess these models. They have limited scalability, 

though, and have trouble handling extremely non-linear 

data—a typical occurrence in financial systems that are prone 

to abrupt, erratic shifts. 

 

examined a number of machine learning anomaly detection 

approaches, concentrating on autoencoders and One-Class 

SVMs, which are popular for identifying odd patterns in 

financial transactions. These techniques work especially well 

for spotting abnormalities and outliers that might point to 

fraud or system malfunctions. Metrics like AUC-ROC, 

detection accuracy, and recall are commonly used to evaluate 

the effectiveness of anomaly detection algorithms. The high 

false-positive rate is a frequent drawback, though, and it may 

be a serious problem in financial applications where false 

alarms could lead to needless actions or fines. 

 

In their analysis of the ethical implications of AI in financial 

systems, [18] looked at the ideas of responsibility, 

transparency, and fairness in AI applications. They maintained 

that preserving confidence requires that ethical considerations 

be ingrained in financial AI systems. Fairness measures like 

equalized chances and demographic parity are commonly used 

to assess how well ethical AI models perform. The study did 

not specifically address algorithmic issues with performance 

or scalability, although offering insightful information about 

the ethical implications of AI [29]2. 

 

[19] emphasized the value of feature selection techniques, 

including Recursive Feature Elimination (RFE), in enhancing 

model performance by lowering noise and enhancing the 

relevance of the input data in their examination of big data 

analytics in financial systems. These techniques improve 

model accuracy when used with algorithms such as Random 

Forests. Overall model accuracy and feature significance 

ratings are used to assess how well various methods perform. 

However, model interpretability—a critical component of 

financial decision-making, particularly in regulated 

environments—was not given enough attention in this study. 

 

explained credit choices in a straightforward and intelligible 

manner by using explainable AI approaches, including SHAP 

(SHapley Additive exPlanations), to credit scoring models 

[20]. The main benefit of employing SHAP is its capacity to 

increase machine learning models' openness, which makes 

them more approachable for both users and regulators. The 

correctness of the explanations and the amount of computing 

overhead needed to produce them are used to gauge SHAP's 

performance. However, SHAP may need further modifications 

for particular financial models and can be computationally 

costly, particularly when working with huge datasets. The 

relevant works are compiled in Table 1: 

 

Table 1: Summary of Relevant Work 
Ref Algorithm 

Used 

Advantages Performance 

Parameters 

Limitations 

[11] LIME 

(Local 

Interpretab
le Model-

Agnostic 

Explanatio
ns) 

Enhances 

model 

interpretabili
ty and trust 

for black-

box models. 

Fidelity of 

explanations, 

computational 
efficiency 

Computational

ly expensive 

for large 
datasets; 

limited 

applicability to 
dynamic 

financial 

systems. 

[12] Random 
Forest, 

Gradient 

Boosting 

Machines 

(GBM) 

High 
accuracy 

and 

robustness 

in fraud 

detection. 

Accuracy, 
precision, 

recall, F1-score 

Poor 
interpretability

; sensitive to 

class 

imbalances in 

datasets. 

[13] Robust 
optimizati

on, Hybrid 

machine 
learning 

models 

Scalable, 
reliable risk 

assessments 

under 
uncertainty. 

Risk coverage, 
prediction 

accuracy, 

computational 
complexity 

Limited 
adaptability to 

real-time 

financial 
changes. 
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[14] Long 

Short-
Term 

Memory 

(LSTM) 
networks 

Captures 

temporal 
dependencie

s in stock 

market data, 
high 

prediction 

accuracy. 

RMSE, MAE, 

directional 
accuracy 

Lack of 

interpretability
; risk of 

overfitting in 

volatile 
markets. 

[15] Network-
based 

algorithms

, Machine 
learning 

models 

Identifies 
systemic 

risks and 

interdepende
ncies 

effectively. 

Risk 
propagation 

metrics, 

detection rate 

Computational
ly intensive; 

assumes static 

financial 
networks. 

[16] Hybrid 
models 

(ARIMA + 

SVM) 

Combines 
econometric

s and 

machine 

learning for 

improved 

accuracy. 

Forecast 
accuracy, R-

squared 

Limited 
scalability; 

struggles with 

non-linear 

financial data. 

[17] Autoencod

ers, One-

Class 
SVMs 

Effective in 

detecting 

anomalies 
and outliers 

in financial 

data. 

AUC-ROC, 

detection 

precision, recall 

High false-

positive rates; 

requires 
careful tuning 

for financial 

datasets. 

[18] Decision 
trees, 

interpretab

le neural 
networks 

Promotes 
fairness, 

accountabilit

y, and 
transparency 

in AI 

applications. 

Fairness 
metrics, 

interpretability 

score 

Focuses on 
ethical 

concerns 

without 
addressing 

algorithmic 

performance 
challenges. 

[19] Feature 

selection 
(e.g., 

Recursive 

Feature 
Eliminatio

n), 

Random 
Forests 

Enhances 

model 
performance 

by reducing 

irrelevant 
features. 

Feature 

importance 
scores, model 

accuracy 

Lacks focus on 

model 
interpretability, 

a key issue in 

financial 
systems. 

[20] SHAP 

(SHapley 
Additive 

exPlanatio

ns) 

Enhances 

transparency 
and 

trustworthin

ess in credit 
scoring 

models. 

Explanation 

accuracy, 
computational 

overhead 

Computational

ly expensive 
for large 

datasets; 

requires 
specific model 

adjustments. 

 

Research Gap: Although these studies have made a substantial 

contribution to the use of machine learning and intelligent 

computing in financial systems, they frequently ignore the 

whole range of issues in favor of concentrating on discrete 

issues like interpretability or performance [35]. A 

comprehensive strategy that incorporates reliable machine 

learning, scalability, and real-time flexibility is required in the 

context of intricate financial situations. By putting forth a 

thorough framework that strikes a balance between model 

performance, dependability, and interpretability, this study 

aims to close these gaps and guarantee that the suggested 

solutions are reliable and technically sound for financial 

industry stakeholders. 

III. PROPOSED MODEL 
 

With an emphasis on transparency, scalability, trust, and 

flexibility, the suggested approach tackles the inherent 

complexity of financial systems by combining intelligent 

computing with trustworthy machine learning techniques. In 

dynamic financial contexts, the framework seeks to improve 

forecasting, fraud detection, risk management, and decision-

making while maintaining model interpretability and 

dependability [21][22]. There are four main parts to the 

suggested model: 1) Feature engineering and data 

preprocessing 2) Development of Predictive Models 3) 

Reliable AI System and 4) Layers of Interpretability and 

Explainability 

 

Every part functions in concert to guarantee that the system 

can manage intricate, high-dimensional financial data while 

preserving dependability and producing results that are easy to 

comprehend. 

 

1. Feature engineering and data preprocessing 

The preprocessing layer deals with the inherent noise, missing 

numbers, and discrepancies in financial data. Feature selection 

and dimensionality reduction are also part of this step to 

improve the caliber of the data that the model uses. Principal 

Component Analysis (PCA), autoencoders, and Recursive 

Feature Elimination (RFE) are some of the methods used to 

simplify data while keeping the most important characteristics 

for financial forecasts. 

W  =  eig(C)   where  C  =  
1

n
 XT X 

 

In this case, X stands for the financial data matrix and Cis for 

the data's covariance matrix. 

 

Recursive Feature Elimination (RFE): This technique uses 

model performance to repeatedly remove the least important 

features. The formula for the algorithm is: 

 

RFE(X, y) = argmin∑|Xi − Xi−1|

n

i=1

 

 

where y is the target variable and X is the set of 

characteristics. 

 

2. Development of Predictive Models 

For stock prediction and risk forecasting, the predictive layer 

of the model uses a hybrid approach that combines machine 

learning methods (like Random Forests or Gradient Boosting 

Machines) with conventional econometric models (like 

ARIMA).  Time-Series Forecasting using ARIMA: 

 

Yt = ϕ1Yt−1 + ϕ2Yt−2 +⋯+ ϵt 
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where ϵ is the error term at time t and Yt is the financial time 

series. 

 

Random Forest Regression: Random Forest combines 

predictions from several decision trees for regression 

applications. 

 

ŷ =
1

N
∑fi(x)

N

i=1

 

 

 

where N is the number of trees in the forest and fi(x) is the 

forecast of the i-th decision tree. 

 

This hybrid strategy improves forecast accuracy and 

adaptability in turbulent financial markets by striking a 

compromise between the interpretability of traditional models 

and the versatility of machine learning approaches. 

 

3. Reliable AI System 

In financial applications, trust in machine learning models is 

essential, particularly when choices have significant 

ramifications. To increase the resilience of the model under 

uncertainty, we suggest implementing Robust Optimization 

approaches. Making sure that the forecasts are accurate in 

spite of changes in the data or market circumstances is the 

main goal of resilient optimization [23][24]. 

 

Robust Optimization Model: The following is the formulation 

of the objective function for robust optimization: 

 

min
x
(f(x) + γ ⋅ var(x)) 

 

where var(x) is the solution's variance, guaranteeing 

robustness, and f(x)x) is the anticipated loss function. In order 

to guarantee that choices are made fairly for all demographic 

groups, the model also incorporates procedures to evaluate 

fairness and bias reduction, such as Fairness Constraints 

[25][26]. Blockchain use may also greatly increase trust and 

security [27]. 

 

4. Layers of Interpretability and Explainability 

The model incorporates a Shapley Additive Explanation 

(SHAP) layer to address the crucial need for model 

interpretability in financial decision-making. This layer helps 

stakeholders understand why a particular decision or 

prediction was made by providing local explanations for 

individual predictions.SHAP Value Formula: The SHAP value 

for a feature j in a given prediction is calculated as follows:  

 

ϕj(f) = ∑
|S|! (|N| − |S| − 1)!

|N|!
S⊆N∖*j+

(f(S ∪ *j+) − f(S)) 

 

where ϕj(f) is the feature j contribution to the prediction and 

f(S) is the model output for feature subset SSS. For end users, 

like investors or regulators, who must have faith in the 

system, this explanation structure guarantees that the financial 

choices made by the AI system are not only visible but also 

understandable. The suggested model architecture that 

connects the layers of explainability, predictive modeling, data 

preparation, and reliable AI mechanism is shown below. 

 

 
Figure 1: Phases of proposed model 

 

The suggested model offers a complete solution for intricate 

financial systems by combining state-of-the-art methods in 

machine learning and intelligent computing. The approach 

guarantees that AI-driven financial judgments are not only 

accurate but also morally and comprehensibly sound by 

emphasizing model dependability, trustworthiness, 

transparency, and interpretability. The model tackles the major 

issues facing contemporary financial systems by utilizing 

explainable AI, robust optimization, and hybrid modeling, 

opening the door for more dependable, transparent, and 

effective financial decision-making procedures. 

 

IV. EVALUATION OF THE EXPERIMENT 
 

Through a methodical experimental assessment, this part 

offers a thorough study of the performance of the suggested 

model. The experiment design, datasets used, performance 

parameters, comparison findings, and a thorough discussion 

are all covered in the evaluation. 

 

1. Setup for the Experiment 

Python was used to create the suggested framework, utilizing 

Scikit-learn, TensorFlow, and SHAP libraries for model 

development, training, and interpretability. A system with the 

following specs was used for the experiments: Processor: 3.4 

GHz Intel Core i7, 16 GB of RAM, GPU: 10GB VRAM 

NVIDIA RTX 3080 and  

Software: Matplotlib for visualization, Jupyter Notebook, and 

Python 3.9, With a learning rate of 0.001, the Adam Optimizer 

was applied to optimization problems. To avoid overfitting, 

models were trained for 100 epochs with early stopping. 

 

2. The Dataset 

A financial dataset that included transaction records, credit 

risk information, and stock market data was used to test the 

model. To simulate transaction abnormalities, we specifically 

employed the Fraud Detection Dataset, which is a synthetic 

dataset created from the IEEE-CIS dataset. Credit Risk Data: 
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The Lending Club dataset, which includes default risk 

indicators and loan details. The preprocessing stage identifies 

the problematic data and adds the proper values. Using linear 

interpolation, missing data were imputed, To guarantee 

consistent scaling, features were normalized and PCA was 

used for dimensionality reduction in order to preserve 95% of 

the variance. 

 

3. Comparative Findings 

The suggested model was contrasted with both conventional 

and cutting-edge methods, such as LSTMs, Random Forests, 

ARIMA, and Gradient Boosting Machines. The findings are 

shown as follows: Prediction Accuracy for Stock Market 

Forecasting: Figure 2 shows the prediction accuracy for 

several machine learning models. The suggested model has 

the maximum level of prediction accuracy. 

 

 
Figure 2: Comparison of Stock Market Dataset Prediction 

Accuracy 

 

F1-Score for Fraud Detection: Figure 3 shows the F1-Score 

for fraud detection for several machine learning models. The 

f1-score was enhanced by the suggested model. 

 

 
Figure 3: F1-score for various ML models 

 

Execution Time Across Models: Figure 4 shows the execution 

times for several machine learning models. The f1-score was 

enhanced by the suggested model. 

 

 
Figure 4: Execution time for various MLmodels 

 

Table 2: Results from prominent machine learning methods 

are compared. 
 

 Model 

Accuracy 

(%) 

MAE F1-

Score 

Execution 

Time (s) 

SHAP 

Score 

ARIMA 72.34 8.54 80.2 2.13 NA 

Random 

Forest 

85.12 5.21 0.82 15.67 0.72 

LSTM 87.56 4.89 0.85 28.45 0.55 

Proposed 

Model 

90.78 3.76 0.91 20.34 0.85 

 

Discussion 

In terms of accuracy, F1-score, and MAE, the suggested 

model fared better than more conventional methods like 

Random Forest and ARIMA. LSTMs were less interpretable 

and more likely to overfit, even if their performance for stock 

market forecasts was comparable. The suggested model was 

able to achieve a compromise between accuracy and 

interpretability by utilizing a hybrid technique that combined 

ARIMA with Random Forest and trust-based optimization. 

The suggested model's execution time was considerably less 

than LSTMs, making it more appropriate for real-time 

applications, even if it was somewhat longer than Random 

Forest's [32]. When compared to conventional machine 

learning models, the suggested model's interpretability was 

much enhanced by the use of SHAP. A crucial demand for 

openness in financial systems may be met if stakeholders had 

a better understanding of the reasoning behind forecasts 

[33][34]. With extremely unbalanced datasets, the suggested 

model's performance somewhat declined. In order to 

efficiently manage severe class imbalances, future research 

may incorporate sophisticated balancing strategies or adaptive 

processes. 
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V. CONCLUSION 
 

In order to handle the complexity of financial systems, we 

presented a novel framework in this study that combines 

dependable machine learning methods with intelligent 

computing. We want to improve fraud detection, risk 

management, and decision-making in dynamic financial 

contexts by combining reliable AI processes, explainability 

tools, and predictive modeling. After a great deal of testing 

and analysis, the suggested model outperformed more 

sophisticated methods like LSTM and more conventional 

models like ARIMA and Random Forest in terms of prediction 

accuracy, F1-score, and mean absolute error (MAE). The 

model is now not only accurate but also clear and 

understandable, which is crucial for stakeholders in financial 

sectors. Additionally, the incorporation of SHAP for 

interpretability offered crucial insights into the decision-

making process. 

 

Future research can address the model's weaknesses, such as 

its handling of unbalanced datasets, despite the fact that it 

demonstrated promising outcomes in the majority of 

assessment criteria. The suggested intelligent computing 

model offers a dependable, scalable, and interpretable solution 

for managing complex financial systems, opening the door for 

more effective, transparent, and trustworthy AI applications in 

the financial sector. In addition, even though the execution 

time was a little longer than some other models, it was still 

manageable for tasks involving real-time financial decision-

making. Enhancing resilience to data instabilities and 

maximizing execution speed for extensive financial datasets 

will be the main areas of future study. 
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