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Abstrac - Risk and its management and stability in the financial markets have become key factors to be considered in the financial 

world. Standard risk calculations provide essential models but do not suffice with regard to high-dimensional, non-linear, or, most 
importantly, intertwined financial data. This paper, ‘Deep Learning–Based Frameworks for Systemic Risk Analytics and Future 

Trending,’ puts forward the possible use of deep learning, more so Recurrent Neural Networks, Convolutional Neural Networks, 

and Autoencoders to gauge and predict systemic risks. With the help of feature extraction, temporal pattern identification, and 

unsupervised learning, the framework has covered the loopholes of early warning systems and promoted the development of 

regulatory control measures. That is why, in training, historical data before 2021 is used to relate the insights with economic 

depressions, such as the 2008 financial crisis and the negative effect of the COVID-19 pandemic in the year 2020 on stock prices. 

Our model stresses that the deep learning architectures used in the paper perform better and more efficiently in identifying high-

risk conditions than traditional statistical models, especially in forecasting. The conclusions present an opportunity for financial 

institutions and the regulating authorities to incorporate the application of Artificial Intelligence into their systems, which brings 

incredible added value in terms of overall preparedness for threats. The concepts of the article also contain methods, facts 

comparison, flowcharts, and statistics. 
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1. Introduction 
1.1 Background 

Stock markets are dynamic structures that are monitored by several factors, such as economic factors, political events, firms' 

performances, and even traders’ sentiments. Managing risk within such an environment must be an ongoing process of 
inventiveness. Previously, [1-3] the financial markets used the VaR technique, GARCH models, and linear regression tools to 

analyze and manage risks. However, these traditional models are unsuitable due to non-linearity and non-stationarity in financial 

time series. 

 

1.2 Importance of Risk Analytics 

It is a crucial concept in finance and practically any other field where risk management is an issue, as it provides an 

opportunity to control risks and choose the most effective strategy in this regard. With globalization taking its toll on the financial 

systems, managing risk has become one of the core strategies that can help keep the financial systems strong, safeguard against 

non-compliance with the law, and keep operations safe from loss. The following points show the five key areas that support the 

aspect of value provision in analyzing risks: 

 
Fig 1: Importance of Risk Analytics 
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 Enhanced Decision-Making: Risk analytics is a service that furnishes organizations with the information they require to 

make rational strategic and operational decisions. However, with risk assessment, one is able to put a probability of 

possible risks that may exist, such as market fluctuations, credit risks, or other international concerns, allowing for 

decisions to be made, actions to be prioritized, and resources to be allocated properly. This results in the proper capital 

allocation, optimal product pricing, and portfolio utilization. 

 Early Detection of Emerging Threats: There are granular risk analytics, particularly those based on artificial 

intelligence and machine learning, that allow users to identify trends or indications of emerging threats early enough. 

They can flag emerging trends in the market or economy that are even prior to the occurrence of a problem, thus providing 

enough time to work on it. Predicting and controlling short-term funds is very important for minimizing loss and 

enhancing institutional readiness in specific epochs of market risks. 

 Regulatory Compliance and Transparency: This is especially important in the current age of financial reforms and risk 

management, which has to be in accordance with regulatory policies. Regulations like Basel III, Dodd-Frank, and MIFID 

II require monitoring, stress testing, and reporting of exposures. Such risk management solutions also conform to these 

regulations while at the same time promoting transparency, which enables institutions to provide a clear dint thereof to the 

regulatory authorities, investors, and other stakeholders. 

 Operational Efficiency and Cost Reduction: Risk analytics can help managers vent problems and low performance in 
different organizations; this article affirms that vulnerabilities often lie latent in the schemes that an establishment relies 

upon, and by identifying and addressing them, institutions can spare themselves further wasteful, time-losing, and costly 

episodes. This also reduces the level of intervention in terms of conducting risk assessments, which would partly be 

automated. 

 Strategic Advantage and Competitive Edge: The different areas where operational risk management can be 

implemented are within organizations’ primary business processes and, more specifically, in their risk functions using 

sophisticated quantitative tools and models. By being equipped with high-frequency risk information, companies can act 

promptly on the observations they encounter in the market, exploit them with reasonable assurance, and adjust to market 

changes more quickly than their competitors. This paper will examine how companies in highly competitive and 

fluctuating business environments can better strategically manage risks by adopting the best practices. 

 

1.3 The Rise of AI in Finance  
The concept of Artificial Intelligence (AI) and, particularly, machine learning has revolutionized the financial world and 

innovation in the modern world. Since the financial markets began to evolve at an incremental speed with a vast amount of 

financial data, the conventional approaches to analysis lagged in catering to the ever-increasing speed of new information streams. 

However, applying AI to the ‘big data,’ thanks to the fact that AI can analyze large amounts of information and look for 

relationships therein, is an effective solution. An example of one of the first effective uses of artificial intelligence in the finance 

industry is in the fight against fraud, where machine learning is used to identify possible fraudulent transactions in real time. 

Likewise, today’s algorithmic trading owes AI techniques for its success; the models involved are capable of reading market 

signals with great speed, identifying the likely short-term price direction, and performing trades in as short a time as milliseconds, 

which is something that is beyond the capacity of human traders.  

 

[4-6], credit scoring also incorporated the use of Artificial intelligence, making scores from credit history with non-traditional 
data sources, including tracking the behavioral pattern of spending, hence providing universal and accurate risk descriptions. 

Among all of them, the application of AI in risk prediction and management is one of the most promising and demanded directions 

today. Away from the noise that normally surrounds the entire process, it is important to realize that financial risk is never a linear 

process and depends on a lot of factors; these include macroeconomic factors, geopolitical factors, the market, and investors. 

However, there are non-linear temporal relations that these AI models, especially RNNs and LSTMs, can effectively capture. AI 

systems can learn and make changes, something which cannot be said for static statistical models, making it much more useful 

when it comes to the detection of bearings of market fluctuations or system errors. It makes financial institutions not only respond 

to risk but also forecast it. 

 

2. Literature Survey 
2.1 Traditional Financial Risk Models 

Operational quantitative risk management models, which used to be more conventional methods for managing financial risk, 

are primarily designed to constitute the architectural framework for the institutions' risk management. For example, Value-at-Risk 

or VaR is a statistical measure defined as the maximum likely loss over a given period of time at the pre-designated level of 

confidence. As useful as VaR is in terms of summarizing risk exposure, it has certain characteristics that make it not ideal. It has no 

way of telling levels of losses beyond the threshold, nor is it well suited for nonlinear dependency. [7-10] Various models have 
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been used to account for volatility clustering in asset returns, including the GARCH model. While GARCH models perform 

reasonably well in short-horizon volatility forecasting, they have a lot of problems with longer memory and structural shifts in the 

financial series. Since the global financial crisis in 2008, stress testing has emerged as an important technique to measure the 

capability of a firm to nurture in stressed operating conditions. Nevertheless, stress testing is beneficial for scenario-based analysis. 

At the same time, it has a weak prognosis feature and is based on specified conditions rather than on progressive modeling of risk 
development. 

 

2.2 Early AI Applications in Finance 
Thus, the practice of utilizing artificial intelligence in financial modeling started in the early 2000s after applying statistical 

methods for prediction. Using neural networks in stock market prediction is an example of how AI can capture non-linear 

relationships in the market data. On this basis, Support Vector Machines (SVMs) established their strength in credit scoring tasks, 

especially with strength in high-dimensional space and actual identity in classification problems. RF algorithms were applied to 

perform the analysis for bankruptcy prediction since they enhance the model accuracy and minimize over-fitting. These initial 

solutions showed potential and paved the way for more complex and ambitious AI solutions for financial industry problems. Still, 

they also suffered from a lack of scalability and connection to other financial frameworks. 

 

2.3 Deep Learning in Financial Risk Analysis 
The advancement in financial risk analysis by utilizing deep learning techniques makes financial risk analysis more complex 

and precise. Among the variants of recurrent networks, the Long Short-Term Memory (LSTM) networks are particularly useful in 

modeling sequential data, a common characteristic of financial time series. These models can detect patterns over long periods and 

do much better than conventional ones. As a particular variation of Neural Networks, CNNs were initially applied for image 

recognition but have recently been adopted in the financial industry, particularly for analyzing technical charts in the form of 

candlestick graphs. Autoencoders, the second class of DL architectures, can also be employed for ‘anomaly detection and 

dimensionality reduction for the large datasets common in the financial domain. They assist in setting out certain values as odd or 

out of the ordinary in order to filter out emerging risks. Although these models are highly complex, they are applied separately 

while their integration can take advantage of their joint advantages. 

 

2.4 Gaps in Existing Research 
It should be highlighted that both conventional and AI-based methods have made considerable advancements in financial risk 

analysis; however, there is a lack of optimization of a risk analysis system that fully utilizes deep learning architectures. While 

there is a proliferation of studies utilizing models like LSTMs for time series forecasting or CNNs for pattern recognition, most of 

these models do not take advantage of integrating multiple models that can be beneficial in improving the general risk assessment 

or any other risk type. Furthermore, most models continue to be isolated from other sources of information, such as 

macroeconomic factors, market mood, and transactional information. This is especially true even though, in areas such as financial 

organizations, the ability to explain the outcomes of the methods and the model, in general, is paramount for regulatory compliance 

and decision-making. Closing such gaps is possible and necessitates bringing together domain knowledge and the novelty of the 

machine learning approaches. 

 

3. Methodology 
3.1 Dataset Description 

The data set that has been adopted for this research is obtained from various sources such as Yahoo Finance, Bloomberg, and 

the International Monetary Fund (IMF). These platforms collectively offer a very rich and detailed picture of global financial 

activity in the twentieth year of the 21st century, ranging from 2000 to 2020. The major reason for using this diversified dataset is 

that it can include both market and macroeconomic factors affecting financial risk. Yahoo Finance and Bloomberg act as the main 

sources of historical stock prices that encompass key global benchmarks, individual share prices, and sectors. [11-15] These data 

provide frequent data as daily, OHLC, and volume of trading data, which are very useful for technical analysis of short-term 
movements in the market. In addition to this, other macroeconomic variables obtained from the IMF are GDP growth rates, 

inflation rates, interest rates, and unemployment rates of different countries. These indicators are useful in establishing a 

background against which risk in the system can be measured, and general commercial activity in the markets can be 

comprehended. Furthermore, for the market sentiment and investors’ risk, the dataset considers volatility indicators, including VIX 

(CBOE volatility index).  

 

Volatility measures are effective in capturing risk and changes in such levels and prices in the market, which the price charts 

do not always indicate.  Additionally, news analytics and public comments from social networks are integrated to calculate market 

sentiment and behavioral patterns. These scores are derived from the use of text analytics that analyses public company 

information such as financial-driven media, news articles, earnings calls, and analysts’ forums. This dimension supplements 
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quantitative analysis with the influence of the feeling of investors possessing a certain perception about a particular stock or index. 

Employing the suggested ‘multiplication of data,’ I obtained a multi-dimensional data structure that is suitable for deep learning 

algorithms that require a huge input with a high number of features to construct stable and accurate models of financial risks. 

 

3.2 Data Preprocessing 

 
Fig 2: Data Preprocessing 

 

 Missing Value Treatment: This was done to ensure the data was standardized and all the empty values in the dataset 

were filled using linear interpolation. [16-18] It is where one attempts to restore missing data based on trends between the 

missing data values and the surrounding values. Time series is particularly suited for linear interpolation because it can 

preserve the data's contiguity and its time structure without any large bias. This makes the approach quite uncomplicated 

while at the same time ensuring the data remains realistic when mirroring market behavior. 

 Normalization: Scaling was done using the min-max method to scale down all independent variables and make all the 

values range between 0 and 1. This is especially important in working with data that contain variables of a different 
nature, namely quantitative, such as stock price interest rate, and qualitative, such as the sentiment score, which would 

range differently naturally. Min-max scaling has the effect that every feature has the same contribution when the model is 

being trained, in contrast to features with much higher absolute values that interfere with features with a lower absolute 

magnitude, the former being given much more weight during the training process. Normalization also proves beneficial 

for proceeding with deep learning model convergences since it stabilizes the numerical component. 

 Dimensionality Reduction: This is because the dataset is large and complex, more so with the addition of the 

macroeconomic indicators and sentiment scores; hence, there is a need to use dimensionality reduction twice. Firstly, due 

to the fact that data has a high dimensionality and contains many interrelated features, the Principal Component Analysis 

(PCA) was applied to determine the features with the most variance in data and eliminate the redundancy of their 

combinations. An autoencoder – a type of neural network intended for determining important features and constructing 

their composites was applied next. Next, the data was reduced to this compact form while retaining significant non-linear 
dependency. This way, the input to the predictive models is made effective computationally and informationally. 

 

3.3 Model Architecture 

 
Fig 3: Model Architecture 

CNN Layer

LSTM Layer
Autoencoder 

Layer
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 CNN Layer: The Convolutional Neural Network (CNN) layer extracts spatial and local features from the inputs, 

especially from transformed technical indicators or time-series data converted into matrices. CNN also proved to be very 

efficient in the case of financial data, as they can predict short-medium term oscillations in, for example, prices or 

volatility. In order to help the model distinguish high-risk signals and or pattern shifts in the market, the input features are 

convoluted by a set of generally convolving filters. These extracted features are then passed on to the subsequent layers to 
allow a deeper temporal analysis of the sequence in time. 

 LSTM Layer: The temporal data features of financial series are handled with the help of Long Short-Term Memory 

(LSTM) layers in the architectures of the developed models. It is worth noting that compared to the traditional type of 

NNs, the LSTMs used can remember long-term dependencies and information pertinent to temporal relations; they are 

helpful when it comes to modeling the dynamics of the financial indicators and the market conditions. The LSTM further 

takes the sequential feature maps from the CNN layer, which are useful in understanding how a pattern progresses in time. 

They are essential for forecasting future risks or market changes. It has the features of a gated structure, meaning it can 

handle issues with gradients that do not vanish as they do in more basic recurrent networks. 

 Autoencoder Layer: An autoencoder layer is employed as one of this model's dimension reducers and feature extractors. 

In this case, it comprises an encoder that maps the input data into a vector with substantially fewer elements encompassing 

the latent space and a decoder that tries to reconstruct the input in the lower-dimensional form from this compressed form. 
Thus, reducing the reconstruction loss, the autoencoder identifies the compact yet informative representation of the data. 

This layer in the architecture helps to ‘prune down’ important features and exclude noise while improving the accuracy of 

the predictions made by the model and demanding less computational power to accomplish the task. 

 

3.4 Evaluation Metrics 

 RMSE (Root Mean Square Error): RMSE is employed to assess the margin of error of continuous quantitative financial 

risk estimations like volatility or expected loss. [19, 20] RMSE determines the square root of the mean of the squared 

residual sum, which provides larger weights to a higher error magnitude. This makes it even more suitable for financial 

applications where high variance has major implications. The interpretation of these results was that a smaller RMSE 

implied better model performance as it measured the proximity of the actual results from the predicted results. Thus, 

RMSE can be applied to evaluate the efficiency of the work of regression parts in the model. 

 Precision and Recall: To measure how well the model predicts high-risk times such as crashes and systemic stress 
events, precision and recall, which are classification measures, shall be considered. It covers the extent to which actual 

high-risk periods were captured among all those identified by the model as high-risk; it shows how effectively the model 

identifies real risk. Conversely, recall defines the percentage of actual high-risk time periods effectively identified by the 

model, hence the sensitivity.  

 AUC-ROC Score: This means that the AUC-ROC is a good measure that summarizes the model's performance with 

respect to all the thresholds. It balances the true positive rate, also known as sensitivity, with the false positive rate so that 

a single value can summarize the performance of a model. A closer to 1 AUC-ROC score means higher discrimination or 

the ability to distinguish between the high-risk and the low-risk periods. This metric is useful in a setting like financial 

risk analysis, given the significant rates of false positives, which are false alarms and false negatives, being a missed risk, 

and therefore requires a balance between both. 

 
Fig 4: Evaluation Metrics 
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4. Results and Discussion 
4.1 Model Performance 

The effectiveness of the proposed hybrid model is then tested and compared to two baseline models: the VaR model and the 

pure LSTM model. The main criteria for this comparison are the root mean squared error, precision, recall, and AUC-ROC, which 

assess financial risk model efficiency. 

Table 1: Model Performance 

Model RMSE Precision Recall AUC-ROC 

Traditional VaR 15.6% 72% 69% 70% 

LSTM Only 11.2% 85% 88% 91% 

Proposed Model 9.6% 90% 93% 95% 

 

 
Fig 5: Graph representing Model Performance 

 

 RMSE (%): RMSE estimates the average error of the observed and predicted risk values. It also identifies that a low 

RMSE value means accurate value prediction. The RMSE of the proposed model is the smallest, with 9.6 percent, which 

is lower than the other two models, including the LSTM-only model, 11.2 percent, and the traditional VaR model, 15.6 

percent. This indicates how the proposed model offers a better result in predicting error and following actual fluctuation of 

financial risks. 

 Precision (%): Precision is the measure of how much the model can correctly point to the high-risk times without 
including non-risk times though they are. The proposed model has generally fared better than the two other models with a 

precision of 90% as against 85% of LSTM and 72% of VaR. This indicates that the hybrid architecture is rather less prone 

to false positives than the single-mode system and, therefore, proves to be more efficient in a financial setting where it is 

unbeneficial to act rashly due to false alarms. 

 Recall (%): In this paper, Recall is defined as its capacity to give out actual high-risk periods. Thus, the proposed model 

has a recall of 93%, which surpasses the LSTM (88%) and VaR (69%) models in this scenario. This high recall means that 

the proposed approach is more effective for identifying the important periods or conditions, such as crashes or systemic 

risk periods, that may call for intervention. 

 AUC-ROC (%): The AUC-ROC is an overall measure of model accuracy throughout all probability levels of the 

predictor. The proposed model yielded 95% of AUC-ROC, LSTM was 91%, and VaR was 70%. This high performance 

strongly reveals the model’s satisfaction in differentiating the risky and non-risky periods and its usability in the financial 

risk analysis. 

 

4.2 Discussion 

The proposed combination of the deep learning model is a major step forward in the field of financial risk forecasting and an 

adequate early risk warning system as compared with the traditional VaR, which gives a simple linear measure of loss that may 

occur within a specific interval of confidence and gives no consideration of a change in that interval, the hybrid architecture 
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combines temporal and nonlinear analysis features. Among these, the application of LSTM networks is much more effective in 

detecting temporal features in financial time series data. An efficient and heavily dependent on time factors such as momentums or 

cyclic sets of data, financial markets are best fitted to be represented through LSTM networks. It makes the hybrid model capable 

of following and better interpreting changing trends and behaviors in the market before major regressions occur.  

 
The autoencoder component also goes hand in hand with LSTM and acts as a feature reducer and a denoiser. The autoencoder 

reduces the dimensionality of the input space and gives the model some important aspects of significance while discarding 

unimportant fluctuation noise that leads to false positives.  When the world witnessed the severity of the 2008 global financial 

crisis and the 2020 COVID-19 outbreak, the model could identify signs of systemic risks, distinguishing itself in accuracy and 

recall over conventional techniques. These capabilities indicate that the model would have proactively provided early warning 

indicators, allowing policymakers, investors, and institutions to prepare early enough before the crises fully ravaged the economies. 

Therefore, the specific combination has many opportunities in front of the hybrid model to be used as a real-time risk monitoring 

and management system so that the stakeholders can act instead of reacting to new financial risks. 

 

4.3 Limitations 
However, it is crucial to admit that the proposed hybrid deep learning model shows the enhanced capability of financial risk 

prediction at the same time, accompanied by significant drawbacks. However, one of the main disadvantages of the method is its 
high computational complexity. Deep learning structures, especially when one or a combination of CNN, LSTM, and autoencoder 

layers is used to deal with a large volume of data, require substantial computing and memory even to process financial data for a 

number of years and when results are based on multiple features such as stock’s prices, fundamental factors, and social media 

sentiment. Such models require several epochs, hyperparameter optimization, and backpropagation across several layers, which are 

intensive and most require GPU/TPU processing. This makes the deployment of the model in real-time or low-resource 

environments less feasible, especially for small institutions or organizations with small IT capacities.  

 

Continual new training is another drawback of the model; for the model to remain effective and give accurate predictions, it 

needs to be trained repeatedly. In general, Investment and financial assets are volatile, which is claimed by many factors, such as 

geopolitical situations, changes in economic and fiscal policies, new technologies, and changes in investors' sentiments. Such 

performance changes can result from shifts in the distribution of the data - an occurrence called concept drift. Therefore, the 
models trained on data can prove ineffective with time and yield low accuracy of results if not augmented with new data more 

frequently and, particularly, with current data. In this case, it brings an additional layer of operational challenges because 

institutions now have to perform the data collection and model retraining, validate the model, and calibrate it so it doesn’t overfit or 

degrade in accuracy. In addition, we also face some difficulties in interpreting deep learning models, which is an important factor 

in financial decision-making. Officials and members of different regulatory agencies need to clearly understand different risk 

assessments and forecasts made on a certain firm to take necessary actions or policies. Hence, while the proposed model is 

celebrated for its demonstrated potential, it should aim to overcome these shortcomings to retain relevance, feasibility, and 

reliability in a finance application. 

 

5. Conclusion 
This paper forms a detailed investigation into the capabilities of deep learning in improving financial risk management and 

analyses and, as such, underlines the capability of AI-enabled approaches in improving market robustness. In this study, the custom 

model combining CNNs, LSTM networks, and autoencoders has shown a better performance than VaR and deep learning 

algorithms. It shows that the framework can successfully incorporate the features of spatial regularity and temporal correlation for 

a financial dataset, increase the robustness, and decrease the noise of data by using the benefits of each component. This multi-

layered approach increases the accuracy of the predictions with a decrease of root mean square error and an increase in area under 

curve-receiver operating characteristic, as well as for timely identification of high-risk periods with high precision and recall 

values. As we have witnessed in the modern world, banking institutions, and other financial firms are experiencing new threats in 
the environment, which require early indicators to avoid developing merely reactive strategies when the damage has been done.  

 

The practical utilization of the model is quite evident and viable during the most sensitive periods in stock market fluctuations, 

including critical periods like the 2008 financial crisis and the coronavirus outbreak. In this sense, the hybrid model promotes a 

more proactive approach to risk management since it can identify risks ahead of when it truly poses a threat. This is particularly 

useful for financial institutions interested in increasing operational performances, optimizing capital, and operating according to 

regulatory requirements. Also, the model complies with the contemporary regulatory trends propagated in stress testing, risk 

sensitivity, and incorporation of analytics in management. There are some directions for further work that can contribute to further 

enhancements of the proposed model and its practical applicability at a larger scale. Real-time is also important; this problem 

focuses on the architecture to deploy to make quick inferences while keeping it as accurate as possible.  
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Furthermore, it also has the potential to benefit from adopting blockchain, which provides a good means for the inputs used in 

the model and risk analysis and modeling to be more secure and more accurately traced and audited. One is integrating a 

reinforcement learning mechanism to facilitate adjustments depending on the market feedback and changing conditions. This 

would change an estimator into a decision-maker that is able to make real-time decisions in the sphere of high-stakes financial 

services. In conclusion, this work stresses the possibilities of developing AI-based financial risk management. It shows that there is 
a way to make financial systems smarter, more adaptive, and more resistant. 

 

References 
[1] Jorion, P. (2006). Value at Risk: The New Benchmark for Managing Financial Risk (3rd ed.). McGraw-Hill. 

[2] Engle, R. F. (1982). Autoregressive Conditional Heteroskedasticity with Estimates of the Variance of UK Inflation. 

Econometrica, 50(4), 987–1007. 

[3] Bollerslev, T. (1986). Generalized Autoregressive Conditional Heteroskedasticity. Journal of Econometrics, 31(3), 307–327. 
https://www.sciencedirect.com/science/article/abs/pii/0304407686900631 

[4] Basel Committee on Banking Supervision. (2009). Principles for Sound Stress Testing Practices and Supervision. Bank for 

International Settlements. 

[5] Schachter, B. (2001). Understanding the Value-at-Risk (VaR) Approach to Risk Management. Journal of Risk Finance, 2(1), 

36–43. 

[6] Zhang, G., Eddy Patuwo, B., & Hu, M. Y. (1998). Forecasting with Artificial Neural Networks: The State of the Art. 

International Journal of Forecasting, 14(1), 35–62. 

[7] Huang, C.-L., Chen, M.-C., & Wang, C.-J. (2007). Credit Scoring with a Data Mining Approach Based on Support Vector 

Machines. Expert Systems with Applications, 33(4), 847–856. 

[8] Sun, J., Li, H., Huang, Q.-H., & He, K.-Y. (2014). Predicting Financial Distress and Corporate Failure: A Review from the 

State-of-the-Art Definitions, Modeling, Sampling, and Featuring Approaches. Knowledge-Based Systems, 57, 41–56. 
[9] Kim, H. Y. (2003). Financial Time Series Forecasting Using Support Vector Machines. Neurocomputing, 55(1–2), 307–319. 

[10] Atiya, A. F. (2001). Bankruptcy Prediction for Credit Risk Using Neural Networks: A Survey and New Results. IEEE 

Transactions on Neural Networks, 12(4), 929–935. 

[11] Fischer, T., & Krauss, C. (2018). Deep Learning with Long Short-Term Memory Networks for Financial Market Predictions. 

European Journal of Operational Research, 270(2), 654–669. 

[12] Bao, W., Yue, J., & Rao, Y. (2017). A Deep Learning Framework for Financial Time Series Using Stacked Autoencoders and 

Long Short-Term Memory. PLOS ONE, 12(7), e0180944. 

[13] Sezer, O. B., Gudelek, M. U., & Ozbayoglu, A. M. (2020). Financial Time Series Forecasting with Deep Learning: A 

Systematic Literature Review: 2005–2019. Applied Soft Computing, 90, 106181. 

[14] Tsantekidis, A., Passalis, N., Tefas, A., Kanniainen, J., Gabbouj, M., & Iosifidis, A. (2017). Using Deep Learning to Detect 

Price Change Indications in Financial Markets. 2017 IEEE Symposium Series on Computational Intelligence (SSCI). 

[15] Hinton, G. E., & Salakhutdinov, R. R. (2006). Reducing the Dimensionality of Data with Neural Networks. Science, 
313(5786), 504–507. 

[16] Gensler, Gary, and Lily Bailey. Deep Learning and Financial Stability. MIT Sloan School of Management, 1 Nov. 2020, 

https://mitsloan.mit.edu/shared/ods/documents?PublicationDocumentID=7644. 

[17] Ashraf Faheem, Muhammad, et al. Enhancing Financial Forecasting Accuracy Through AI-Driven Predictive Analytics 

Models. IRE Journals, June 2021. 

[18] AI-Based Predictive Analytics for Financial Risk Management. IEEE Xplore, IEEE, 2021. 

[19] Exploring the Role of Artificial Intelligence in Predictive Analytics for Financial Markets. IEEE Xplore, IEEE, 2021. 

[20] Analysis of Financial Risk Behavior Prediction Using Deep Learning. arXiv.org, 2021. 

[21] Huang, J., Chai, J., & Cho, S. (2020). Deep learning in finance and banking: A literature review and classification. Frontiers 

of Business Research in China, 14(1), 13. 

 
 

 

 

https://mitsloan.mit.edu/shared/ods/documents?PublicationDocumentID=7644

