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Abstract 

The systemic prediction of financial risk issues has become a main attention in the area of finance. Financial risk 

is the main likelihood that stockholders will lose currency after they finance a business that has debt if the business 

flow of cash demonstrates insufficient to see its economic requirements. The incorporation of deep learning (DL) 

methods into financial risk forecast and investigation has altered conventional techniques. While traditional 

quantitative systems often trust basic metrics such as the highest reduction, the arrival of DL requires a more 

nuanced assessment, highlighting the model's generalization capability, particularly in market crises like stock 

market crashes. DL techniques are efficient in removing intricate patterns from massive data collections and 

become an effective model for forecasting financial trends. In this paper, we offer Boosting Financial Risk 

Prediction Model Using Attention Mechanism with Red‐Tailed Hawk (BFRPM-AMRTH) Algorithm. The 

presented BFRPM-AMRTH model aims to address the challenges of identifying and mitigating potential financial 

threats in a dynamic environment. Initially, the BFRPM-AMRTH technique applies the linear scaling 

normalization (LSN) data normalization technique to standardize the input features and ensure consistency across 

the dataset. In addition, the long short-term memory auto encoder with attention mechanism (LSTMA-AE) 

technique can be employed for classifying financial risks. Eventually, the red‐tailed hawk (RTH) algorithm adjusts 

the hyperparameter values of the LSTMA-AE algorithm optimally and outcomes in greater classification 

performance. To ensure the improved performance of BFRPM-AMRTH system, a huge range of simulation studies 

has been achieved and the obtained outcomes establish the advancement of the BFRPM-AMRTH system over the 

existing techniques 

Keywords: Financial Risk Prediction; Red‐Tailed Hawk Algorithm; Attention Mechanism Linear Scaling 

Normalization; Deep Learning 

1. Introduction 

Financial risk is the chance that stockholders will lose funds while they capitalize on the business that has debt 

when the company's flow of cash shows insufficient to see its economic debts [1]. While a corporation utilizes 

debt financing, its customers are recompensed earlier than its stockholders are when the corporation becomes 

ruined. Financial risk is frequently sensed as the risk that a corporation might default on its debt payments [2]. To 

extract possible financial risks and be capable of recognizing the intensity of corporate economic health, forecast 

methods are utilized, sensed as a proper warning approach to approaching concerns in the inspected corporations 

[3]. Their job is to assess the economic strength of the business depending on designated economic indicators or 

other features of the corporation or the setting in which they work [4]. Economic security is the essential for 
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national financial security, so we need to attach better significance to possible hazards in the economic domain 

and determinedly keep the avoiding bottom-line hazards. To preclude the economic hazards with the lowest cost, 

precise economic hazards forecast technique is required [5].  

Financial crisis prediction (FCP) is embedded in the detection of the substantial social and economic effects that 

economic crises can have on a worldwide level [6]. Economic crises may cause unemployment, massive economic 

losses, and losses in asset principles, resulting in significantly affecting individuals and businesses [7]. FCP aids 

economic organizations in making decisions at the appropriate period for balanced development. Generally, FCP 

produces a binary classification model, which is sensibly determined. Improper decision-making in a company 

may cause bankruptcy or financial failure and clients, vendors, investors, and more. The ongoing process in 

information technology domain to achieve each type of data is densely connected to the initiative's risk levels [8]. 

A wide range of individuals depends on the analyst's decision to assess a huge variety of data. Nowadays dynamic 

economic landscape, the incorporation of Deep Learning (DL) methodologies has modernized the method of risk 

analysis and prediction. Conventional quantitative models frequently depend on metrics such as maximum 

drawdown to assess risk control capability [9]. Nevertheless, with the initiation of DL, there is developing hazard 

valuation that wants a more nuanced knowledge, encompassing beyond simplistic actions. DL methods present 

unparalleled sophistication in taking dynamics and complicated patterns in economic data [10]. However, their 

effectiveness in managing hazards hinges not merely on statistical metrics but also on their generalizability and 

their capability to modify to unexpected market settings, particularly in crises like stock market crashes. 

This paper offers Boosting Financial Risk Prediction Model Using Attention Mechanism with Red‐Tailed Hawk 

(BFRPM-AMRTH) Algorithm. Initially, the BFRPM-AMRTH technique applies the linear scaling normalization 

(LSN) data normalization technique to standardize the input features and ensure consistency across the dataset. In 

addition, the LSTMA-AE technique can be employed for classifying financial risks. Eventually, the red‐tailed 

hawk (RTH) algorithm adjusts the hyperparameter values of the LSTMA-AE algorithm optimally and outcomes 

in greater classification performance. To ensure the improved performance of BFRPM-AMRTH system, a huge 

range of simulation studies has been achieved.  

2. Literature Survey 

In [11], a DNN-based aiding decision method for economic risk forecast in the carbon trading market is projected 

for this target. Subsequently, the DNN is employed for quantitative investigation and to create an intellectual 

decision structure that outputs economic risk forecast outcomes. Venkateswarlu et al. [12] introduce an 

oppositional ant lion optimizer-based feature selection with ML-enabled classification (OALOFS-MLC) method 

for FCP in big data settings.  Additionally, the developed OALOFS-MLC approach intends an innovative 

OALOFS model to select finest feature subsets that assist in attaining enhanced classification outcomes. Wu et al. 

[13] projected a stock market prediction method associating an MLP-ANN with the conventional Altman Z-Score 

technique. The involvement of this study is demonstration of a novel hybrid business crisis cautionary technique 

associating MLP-ANN and Z-score methodologies.  

Ju and Zhu [14] deliberate the RL application in economic strength risk evaluation, particularly how to enhance 

the capability of risk forecast and investment portfolio optimizer over DRL techniques. Conventional economic 

risk evaluation approaches are frequently incapable of effectually coping with the dynamic variations and 

economic market difficulties, nevertheless, RL technology offers novel solutions for latest economic risk 

management by using real‐world adaptation and adjustment modules. Li et al. [15] primarily propose the enhanced 

BP neural method as the economic initial cautionary method and safeguard its higher forecast precision. During 

this investigation, the process source and connected reasoning procedure of this method are defined, its limitations 

are examined, and solutions are put forward. 

Yang et al. [16] discover the decisive features of assessing DL technique's hazard control ability in finance, 

emphasizing the significance of recognizing either statistical measures or generalizability, mainly in opposing 

market settings. By analyzing DL technique's performance in situations such as stock market crashes and 

emphasizing the importance of cross‐validation models, this paper focused on providing practitioners with visions 

for structuring strong risk organization methods. It supports an inclusive method incorporating quantitative 

analysis with macroeconomic features to improve economic risk forecast and analysis in explosive markets. In 

[17], this study organizes experiential research with an example of listed Chinese e-commerce initiatives from 

2012-22. Primarily, utilizing FA to attain the general features among the unique non- and financial indexes has the 

impact of decreasing the overfitting method risk. Then, the output of MSE and the LSTM neural network predicted 

values are utilized. Eventually, an economic risk forecast technique dependent on FA-PSO-LSTM DL is 

developed, and many benchmarking models are recommended to the comparative survey on any evaluation index. 

 

3. The Proposed Methodology  
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In this paper, we offer BFRPM-AMRTH Algorithm. The presented BFRPM-AMRTH model aims to address the 

challenges of identifying and mitigating potential financial threats in a dynamic environment. Fig. 1 represents the 

complete workflow of BFRPM-AMRTH model. 

A. Data Normalization 

Primarily, the BFRPM-AMRTH model applies the LSN data normalization technique to standardize the input 

features and ensure consistency across the dataset. LSN is a data pre-processing model, which regulates financial 

datasets by converting features within the range of [0, 1], or [-1, 1]. In Financial Risk forecast, LSN certifies that 

every input variable is on a similar measure, which aids in enhancing model accuracy and convergence. By 

removing differences in data magnitude, LSN improves the performance of ML methods, particularly those 

delicate to feature scale. This normalization method is chiefly beneficial in financial data, where dissimilar metrics, 

like stock prices or loan amounts, differ generally. LSN donates to a more stable representation of data, certifying 

trustworthy and effectual prediction of financial risk. 

B. Classification using LSTMA-AE 

In addition, the LSTMA-AE technique can be employed for classifying financial risks. LSTM is the different kind 

of Recurrent Neural Network (RNN) structure [18]. The basic invention of LSTM rests in its presentation of 3 gate 

elements: the input, output, and forget gates. These gating elements permit LSTM to adaptively select which data 

must be preserved in the cell of the memory, thus enhancing its implementation in modeling longer sequences. 

 

Figure 1. Overall flow of BFRPM-AMRTH Algorithm 

This method is the DL method, which incorporates AE and LSTM technologies, mainly appropriate for analyzing 

and processing time-series data. This method contains dual major modules: the Decoder and the Encoder. Encoding 

seizures the time-based dependences and characteristics of the sequence of input over numerous layers of LSTM, 

whereas the Decoding has the responsibility for rebuilding the novel time-series data from the concealed 

representations produced by the Encoding, maintaining the key characteristics and data of the input information. 

Here, 𝑋𝑡 characterizes the input, 𝐻𝑡  signifies the hidden layer (HL), 𝐹𝑡 represents forget gate, 𝐼𝑡 denotes input gate, 
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𝑂𝑡 symbolize output gate, 𝐶𝑡 refers to candidate memory cell, 𝐶𝑡 stands for memory cell at the present times 𝑡. The 

particular computation is presented as Eq. (1), 

𝐹𝑡 = 𝜎(𝑊𝑓 ⋅ [𝐻𝑡−1, 𝑋𝑡] + 𝑏𝑓)

𝐼𝑡 = 𝜎(𝑊𝑖 ⋅ [𝐻𝑡−1, 𝑋𝑡] + 𝑏𝑖)

𝐶̃𝑡 = tanh(𝑊𝑐 ⋅ [𝐻𝑡−1, 𝑋𝑡] + 𝑏𝐶)

𝐶𝑡 = 𝐹𝑡
∗𝐶𝑡−1 + 𝐼𝑡

∗𝐶̃𝑡
𝑜𝑡 = 𝜎(𝑊𝑜 ⋅ [𝐻𝑡−1, 𝑋𝑡] + 𝑏𝑜)

𝐻𝑡 = 𝑂𝑡
∗ tanh(𝐶𝑡)

                                      (1) 

Whereas 𝜎 and 𝑡𝑎𝑛ℎ characterize the activation function of the Sigmoid and hyperbolic tangent. 𝑊𝑖 , 𝑊𝑓 , 𝑊𝑜 and 

𝑊𝑐 characterize the weighted matrices for the forget, input, output gates, and cell state of the candidate memory, 

correspondingly 𝑏𝑖 , 𝑏𝑓 , 𝑏𝑜 and 𝑏𝑐 represent the biased terms for the forget, input, output gates, and cell state of the 

candidate memory, correspondingly ⨀ embodying the element‐to-element multiplication operator. 

Owing to the diversity and complexity of the multiple-variable time-series data produced in the process of 

vaccination forces, while all dimensions might imitate dissimilar physical amounts like temperature, pressure, and 

rate of flow, conventional LSTM‐AE techniques might fight with taking composite temporal interactions and 

dependencies. They might additionally have trouble underlining significant information through dissimilar time 

steps or particular unread data. Hence, they have presented an AM into the LSTM‐AE algorithm. This study 

combines temporal design AM into the computation of the HL within the LSTM‐AE method to improve the 

capability of the models for learning from data at dissimilar time steps. The AM assistances the method 

dynamically fine-tuning the influence of all input information of the time steps to the HL, improving seizing 

significant data while ignoring unrelated details, thus enhancing the algorithm’s modeling ability. For every 

decoding time step 𝑡, they compute the scores of attention amongst each of the HL of the encoding ℎ𝑖(𝑖 =
1,2, … , 𝑡) and the present HL ℎ𝑡

′  of the decoder Eq. (2). 

𝑒𝑡𝑖 = 𝑠𝑐𝑜𝑟𝑒 (ℎ𝑡
′ , ℎ𝑖)                                                   (2) 

Now, we utilize the additional AM, with its computation provided by Eq. (3). 

𝑒𝑡𝑖 = 𝑣
𝑇tanh(𝑊1ℎ𝑡

′ +𝑊2ℎ𝑖)                                           (3) 

In that regard, 𝑣𝑇 , 𝑊1, 𝑊2 are learning parameter matrices. The scores of attention are then standardized to get the 

attentional weighting for all HL Eq. (4). 

𝛼𝑡𝑖 =
exp(𝑒𝑡𝑖)

∑ exp𝑡
𝑗=1 (𝑒𝑡𝑗)

                                                      (4) 

Following, the context vector of the weighted average is computed as Eq. (5). 

𝑐𝑡 =∑𝛼𝑡𝑖

𝑡

𝑖=1

ℎ𝑖                                                            (5) 

The vector of the context 𝐶𝑡 comprises the weighting data of each of the HLs of the encoder, which well signifies 

the significant attributes data of the sequence of input at present step. The vector of the context 𝐶𝑡 is formerly 

presented in the decoding. The LSTM component of the decoding is computed as Eq. (6), 

ℎ𝑡
′ = 𝐿𝑆𝑇𝑀([𝑦𝑡−1, 𝑐𝑡], ℎ𝑡−1

′ )                                             (6) 

Whereas 𝑦𝑡−1 characterizes the preceding step’s decoding output, 𝑐𝑡 characterizes the present context vector time 

steps, and ℎ𝑡−1
′  characterizes the preceding HL steps. The present HL ℎ𝑡

′  is then mapped to the output area over 

linear transformations to get the present output time step’s 𝑦𝑡  Eq. (7). 

𝑦𝑡 = 𝐿𝑖𝑛𝑒𝑎𝑟(ℎ𝑡
′)                                                      (7) 
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Figure 2. Architecture of LSTMA-AE technique 

Accordingly, once the decoder makes a novel HL ℎ𝑡 at all steps, it completely uses the global information from 

the HL of the encoders, thus enhancing the performance of the model. It can well seize and balance information 

through dissimilar time steps, successfully capturing composite interaction effects and temporal dependences. The 

model carries out well on training data and shows stronger generalizability on hidden data, making it stronger in 

real-world applications. Fig. 2 depicts the infrastructure of the LSTMA-AE technique. 

C. Hyperparameter Tuning Process 

Eventually, the RTH algorithm adjusts the hyperparameter values of the LSTMA-AE algorithm optimally and 

outcomes in greater classification performance. The RTH model is stimulated by the RTH searching behavior [19]. 

At the time of hunting, the RTH goes over three stages such as low soaring, high soaring, and swooping. The 

mathematic representation of these 3 stages is given below: 

High‐Soaring Phase 

In an RTH’s hunting, it climbs over the sky to discover food in a better way. This behavior is mathematically 

formulated in Eq. (8). 

𝑋(𝑡) = 𝑋𝑏𝑒𝑠𝑡 + (𝑋𝑚𝑒𝑎𝑛 − 𝑋(𝑡 − 1)) ∗ 𝐿𝑒𝑣𝑦(𝑑𝑖𝑚) ∗ 𝑇𝑃(𝑡)            (8) 

Here, 𝑋(𝑡) means the current location of RTH, 𝑋𝑏𝑒𝑠𝑡  refers to the present optimum location, 𝑋𝑚𝑒𝑎𝑛 is the current 

average location, 𝐿𝑒𝑣𝑦(𝑑𝑖𝑚) means the function of Levy fight distribution, which is defined utilizing Eq. (9), and 

𝑇𝐹(𝑡) signifies the function of transition factor, which is computed utilizing Eq. (11). 

𝐿𝑒𝑣𝑦(𝑑𝑖𝑚) = 𝑠 ∗
𝜇 ∗ 𝜎

|𝑣|𝛽−1
                                           (9) 

Here, 𝑠 and 𝛽 are a constant with a value of 0.01 and 1.5, correspondingly. 𝑑𝑖𝑚 refers to dimension of problem, 

and 𝜇 and 𝑣 are arbitrarily generated numbers within the interval of [0 1]. 𝜎 is computed as per Eq. (10). 

𝜎 =

(

 
𝛤(1 + 𝛽) ∗ sin (

𝜋𝛽
2
)

𝛤 (1 +
𝛽
2
) ∗ 𝛽 ∗ 2

(1−
𝛽
2
)

)

                                      (10) 

𝑇𝐹(𝑡) = 1 + sin (2.5 + (
𝑡

𝑇 max 
))                                    (11) 

While, 𝑇max is the maximum iteration count. 

Low‐Soaring Phase 

Once appropriate prey is over the high‐soaring stage, the RTH will glide lower to latch onto the prey for improved 

pursuit. This behavior can be demonstrated as presented in Eq. (12). 

𝑋(𝑡) = 𝑋𝑏𝑒𝑠𝑡 + (𝑥(𝑡) + 𝑦(𝑡)) ∗ 𝑆𝑡𝑒𝑝𝑆𝑖𝑧𝑒(𝑡)                        (12) 

Whereas 𝑆𝑡𝑒𝑝𝑆𝑖𝑧𝑒(𝑡) is measured depending on Eq. (13). 

𝑆𝑡𝑒𝑝𝑆𝑖𝑧𝑒(𝑡) = 𝑋(𝑡) − 𝑋𝑚𝑒𝑎𝑛                                       (13) 

Here 𝑥 and 𝑦 signify directional coordinates, calculated utilizing Eq. (14). 

{
𝑥(𝑡) = 𝑅(𝑡) ∗ sin(𝜃(𝑡))

𝑦(𝑡) = 𝑅(𝑡) ∗ cos(𝜃(𝑡))
{
𝑅(𝑡) = 𝑅0 ∗ (𝑟 −

𝑡

𝑇𝑚𝑎𝑥
) ∗ 𝑟𝑎𝑛𝑑

𝜃(𝑡) = 𝐴 ∗ (1 −
𝑡

𝑇𝑚𝑎𝑥
) ∗ 𝑟𝑎𝑛𝑑

{
𝑥(𝑡) =

𝑥(𝑡)

𝑚𝑎𝑥|𝑥(𝑡)|

𝑦(𝑡) =
𝑦(𝑡)

𝑚𝑎𝑥|𝑦(𝑡)|

    (14)      

Whereas 𝑅0 characterizes the primary value of radius [0.5, 3], 𝐴 characterizes the gain of the angle, the value is 

[5, 15], 𝑟𝑎𝑛𝑑 denotes arbitrary gain [0,1], and 𝑟 denotes gain of the control [1, 2]. 

Swooping and Stooping Phase 

Afterward a low‐ and a high‐flying stage, the RTH concentrates on its prey, at which opinion it is required to 

search. In this stage, the RTH will jump at the prey to safeguard killer shots; therefore, this behavior is 

demonstrated utilizing Eq. (15). 

𝑋(𝑡) = 𝛼(𝑡) ∗ 𝑋𝑏𝑒𝑠𝑡 + 𝑥(𝑡) ∗ 𝑆𝑡𝑒𝑝𝑆𝑖𝑧𝑒1(𝑡) + 𝑦(𝑡) ∗ 𝑆𝑡𝑒𝑝𝑆𝑖𝑧𝑒2(𝑡)        (15) 

https://doi.org/10.54216/FPA.180202


   

Fusion: Practice and Applications (FPA)                                                           Vol. 18, No. 02. PP. 24-34, 2025     

29 
DOI: https://doi.org/10.54216/FPA.180202       
Received: July 29, 2024 Revised: October 30, 2024 Accepted: January 03, 2025 

Whereas 𝑆𝑡𝑒𝑝𝑆𝑖𝑧𝑒1(𝑡)and𝑆𝑡𝑒𝑝𝑆𝑖𝑧𝑒2(𝑡)is estimated depending on Eq. (16) and Eq. (17). 

𝑆𝑡𝑒𝑝𝑆𝑖𝑧𝑒1(𝑡) = 𝑋(𝑡) − 𝑇𝐹(𝑡) ∗ 𝑋𝑚𝑒𝑎𝑛                             (16) 

𝑆𝑡𝑒𝑝𝑆𝑖𝑧𝑒2(𝑡) = 𝐺(𝑡) ∗ 𝑋(𝑡) − 𝑇𝑃(𝑡) ∗ 𝑋𝑏𝑒𝑠𝑡                        (17) 

Whereas 𝛼 and 𝐺 characterize the acceleration and gravity factors, correspondingly, and they are established 

utilizing Eqs. (18) and (19). 

𝛼(𝑡) = 𝑠𝑖𝑛2 (2.5 −
𝑡

𝑇max
)                                       (18) 

𝐺(𝑡) = 2 ∗ (1 −
𝑡

𝑇max
)                                          (19) 

Whereas 𝛼 epitomizes the acceleration of the hawks, which produces with improving 𝑡 to increase speed of 

convergence, whereas 𝐺 indicates the effect of gravitation, which declines as the hawk approaches the prey thus 

decreasing exploitation diversities. The RTH’s pseudocode is delineated in Algorithm 1. 

Algorithm 1: The pseudo‐code of the RTH 

Start 

Initialization: the related parameters. 

Initialization: random generation inside the searching region.  

  While 𝑡 < 𝜏 max  do 

   High‐soaring phase: 

    Upgrade the population by Eq. (8) 

   Low‐soaring phase: 

    Upgrade the population by Eq. (12) 

  Stooping and Swooping phase: 

    Upgrade the population by Eq. (15)  

   𝑡 = 𝑡 + 1 

  End while 

  return optimal solution 

 end 

The fitness selection is one of the large features that influences the performance of RTH model. The 

hyperparameter range technique consists of the solution-encrypted system for assessing the effectiveness of the 

candidate solution. The RTH model reflects precision as the main norm to project the fitness function. Its 

mathematical formulation is formulated below:  

𝐹𝑖𝑡𝑛𝑒𝑠𝑠 =  max (𝑃)                                                            (20) 

𝑃 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
                                                          (21) 

Here, 𝑇𝑃 signifies the positive value of true and 𝐹𝑃 denotes the positive value of false. 

4. Experimental Validation  

This article studies the performance of the BFRPM-AMRTH technique on the German Credit Risk database from 

Kaggle [20]. The dataset consists of 1000 samples with dual class labels are presented in Table 1. 

 

Table 1: Dataset details 

Classes No. of Instances 

Financial Risk 300 

Non-Financial Risk 700 

Total Instances 1000 

Fig. 3 established the classifier outcomes of the BFRPM-AMRTH algorithm on the test dataset. Figs. 3a-3b 

demonstrates the confusion matrix with correct recognition and classification of every 2 classes on a 70%:30% 

TRASE/TESSE. Fig. 3c exhibits the PR analysis, signifying superior outcomes over every class. Simultaneously, 
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Fig. 3d illustrates the ROC values, establishing capable outcomes with better ROC analysis for different class 

labels. 

 

Figure 3. (a-b) Confusion matrix and (c-d) PR and ROC Graphs 

In Table 2 and Fig. 4, overall classification results of the BFRPM-AMRTH technique are portrayed for 70%:30% 

TRASE/TESSE. The tabulated values inferred that the BFRPM-AMRTH technique proficiently recognizes the 

two classes. On 70%TRASE, the BFRPM-AMRTH approach offers average 𝑎𝑐𝑐𝑢𝑦 of 95.14%, 𝑠𝑒𝑛𝑠𝑦   of 92.32%, 

𝑠𝑝𝑒𝑐𝑦  of 92.32%, 𝐹𝑠𝑐𝑜𝑟𝑒 of 94.03%, and MCC of 88.58%. In addition, on 30%TESSE, the BFRPM-AMRTH 

methodology provides average 𝑎𝑐𝑐𝑢𝑦 of 96.00%, 𝑠𝑒𝑛𝑠𝑦   of 93.02%, 𝑠𝑝𝑒𝑐𝑦  of 93.02%, 𝐹𝑠𝑐𝑜𝑟𝑒 of 94.89%, and 

MCC of 90.26%. 

Table 2: Classifier result of BFRPM-AMRTH approach with 70%:30% TRASE/TESSE 

Class Labels 𝑨𝒄𝒄𝒖𝒚 𝑺𝒆𝒏𝒔𝒚 𝑺𝒑𝒆𝒄𝒚 𝑭𝑺𝒄𝒐𝒓𝒆 MCC 

Training Phase (70%) 

Financial Risk 95.14 85.05 99.59 91.46 88.58 

Non-Financial Risk 95.14 99.59 85.05 96.61 88.58 

Average 95.14 92.32 92.32 94.03 88.58 

Testing Phase (30%) 

Financial Risk 96.00 86.05 100.00 92.50 90.26 

Non-Financial Risk 96.00 100.00 86.05 97.27 90.26 

Average 96.00 93.02 93.02 94.89 90.26 
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Figure 4. Average result of BFRPM-AMRTH methodology with 70%:30% TRASE/TESSE 

In Fig. 5, the TRA 𝑎𝑐𝑐𝑢𝑦 (TRAAY) and validation 𝑎𝑐𝑐𝑢𝑦 (VLAAY) outcomes of the BFRPM-AMRTH technique 

are illustrated. The 𝑎𝑐𝑐𝑢𝑦analysis are calculated within the range of 0-30 epochs. The figure highlights that the 

TRAAY and VLAAY values exhibit rising tendencies, which reported the capacity of the BFRPM-AMRTH 

algorithm with maximum performance across multiple iterations. In addition, the TRAAY and VLAAY leftovers 

closer across the epochs, which identifies inferior overfitting and demonstrates superior outcomes of the BFRPM-

AMRTH approach, assuring continuous prediction on hidden samples. 

 

Figure 5. 𝐴𝑐𝑐𝑢𝑦 Curve of the BFRPM-AMRTH approach 

 

Figure 6. Loss analysis of the BFRPM-AMRTH approach 
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In Fig. 6, the TRA loss (TRALO) and VLA loss (VLALO) curves of the BFRPM-AMRTH technique are shown. 

The values of loss are computed across an interval of 0-30 epochs. It is presented that the TRALO and VLALO 

analysis establishes a diminishing trend, which informed the capacity of the BFRPM-AMRTH system in balancing 

a exchange between data fitting and simplification. The constant reduction in values of loss furthermore pledges 

the maximal performance of the BFRPM-AMRTH technique and tunes the prediction results in time. 

In Table 3, the overall comparison study of the BFRPM-AMRTH technique is clearly portrayed [21]. 

Table 3: Comparative outcome of BFRPM-AMRTH algorithm with other methodologies 

Classifiers 𝑆𝑒𝑛𝑠𝑦  𝑆𝑝𝑒𝑐𝑦 𝐴𝑐𝑐𝑢𝑦 𝐹𝑆𝑐𝑜𝑟𝑒 

BFRPM-AMRTH 93.02 93.02 96.00 94.89 

HHPODL-FCP 92.59 92.74 94.92 93.74 

QABO-LSTM-RNN 87.24 92.58 91.98 90.13 

LSTM-RNN Method 82.21 88.55 84.60 88.75 

ACO Technique 78.32 69.30 75.80 85.43 

MLP Model 73.88 66.90 70.98 75.13 

SVM Classifier 72.70 66.42 71.19 71.79 

AdaBoost Method 71.41 61.35 67.53 71.27 

Fig. 7 examines the comparative 𝑎𝑐𝑐𝑢𝑦 and 𝐹𝑠𝑐𝑜𝑟𝑒 results of the BFRPM-AMRTH technique. The results portrayed 

that the BFRPM-AMRTH technique reaches better performance. Based on 𝑎𝑐𝑐𝑢𝑦, the BFRPM-AMRTH 

technique offers higher 𝑎𝑐𝑐𝑢𝑦 of 96.00% whereas the HHPODL-FCP, QABO-LSTM-RNN, LSTM-RNN, ACO, 

MLP, SVM, and AdaBoost models accomplish lower 𝑎𝑐𝑐𝑢𝑦 of 94.92%, 91.98%, 84.60%, 75.80%, 70.98%, 

71.19%, and 67.53%, correspondingly. Followed by, depending on 𝐹𝑠𝑐𝑜𝑟𝑒, the BFRPM-AMRTH approach 

provides better 𝐹𝑠𝑐𝑜𝑟𝑒 of 94.89% where the HHPODL-FCP, QABO-LSTM-RNN, LSTM-RNN, ACO, MLP, SVM, 

and AdaBoost algorithms accomplish lower 𝐹𝑠𝑐𝑜𝑟𝑒 of 93.74%, 90.13%, 88.75%, 85.43%, 75.13%, 71.79%, and 

71.27%, respectively. 

 

Figure 7. 𝐴𝑐𝑐𝑢𝑦 and 𝐹𝑠𝑐𝑜𝑟𝑒 outcome of BFRPM-AMRTH algorithm with other models 
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Figure 8. 𝑆𝑒𝑛𝑠𝑦 and 𝑆𝑝𝑒𝑐𝑦  outcome of BFRPM-AMRTH algorithm with other models 

Fig. 8 inspects the comparative 𝑠𝑒𝑛𝑠𝑦  and 𝑠𝑝𝑒𝑐𝑦 outcomes of the BFRPM-AMRTH system. The outcomes 

portrayed that the BFRPM-AMRTH algorithm achieves higher performance. Based on 𝑠𝑒𝑛𝑠𝑦 , the BFRPM-

AMRTH methodology provides maximal 𝑠𝑒𝑛𝑠𝑦  of 93.02% while the HHPODL-FCP, QABO-LSTM-RNN, 

LSTM-RNN, ACO, MLP, SVM, and AdaBoost approaches reach lesser 𝑠𝑒𝑛𝑠𝑦  of 92.59%, 87.24%, 82.21%, 

78.32%, 73.88%, 72.70%, and 71.41%, respectively. Followed by, depend on 𝑠𝑝𝑒𝑐𝑦, the BFRPM-AMRTH system 

provides greater 𝑠𝑝𝑒𝑐𝑦 of 93.02% where the HHPODL-FCP, QABO-LSTM-RNN, LSTM-RNN, ACO, MLP, 

SVM, and AdaBoost techniques achieve minimum 𝑠𝑝𝑒𝑐𝑦 of 92.74%, 92.58%, 88.55%, 69.30%, 66.90%, 66.42%, 

and 61.35%, correspondingly. 

5. Conclusion  

In this paper, we offer BFRPM-AMRTH Algorithm. The presented BFRPM-AMRTH model aims to address the 

challenges of identifying and mitigating potential financial threats in a dynamic environment. Initially, the 

BFRPM-AMRTH technique applies the LSN data normalization technique to standardize the input features and 

ensure consistency across the dataset. In addition, the LSTMA-AE technique can be employed for classifying 

financial risks. Eventually, the RTH algorithm adjusts the hyperparameter values of the LSTMA-AE algorithm 

optimally and outcomes in greater classification performance. To ensure the improved performance of BFRPM-

AMRTH system, a huge range of simulation studies has been achieved and the obtained outcomes establish the 

advancement of the BFRPM-AMRTH system over the existing techniques.  
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