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Technology in business field has helped solve problems that involve card fraud or 

commercial transactions; however, it has also generated a great need to guarantee the 

security of customer data. The use of neural networks has emerged as an indispensable tool 

to address this type of problem. In this study, a systematic review was developed of 64 

articles from Scopus and Web of Science, to identify the type of business data, the neural 

network architecture used, and the influence on a type of analyzed business problem. Search 

strategies such as PICO and PRISMA2020 were combined for the selection. Based on 

inclusion and exclusion criteria, this paper seeks to answer the research question: How the 

neural network models optimize enterprise data security? Four metrics were identified: 

Accuracy, Precision, Recall, and F-Score, to compare the efficiency of neural network 

models such as CNN, DNN, LSTM, or their variants. These models outperformed other 

current techniques in the identification of card or transaction fraud; however, their 

implementation remains limited in small and medium-sized enterprises due to restrictions 

in technological infrastructure and computational capacity. 
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I. INTRODUCTION 

The current financial risk landscape poses a persistent challenge, driven by economic expansion and technological advances [1], 

[2]. The ongoing digitalization of financial services has increased the incidence of fraudulent activities, adversely affecting financial 

institutions, regulatory bodies, and end-users [3], [4]. For instance, direct losses from credit card fraud are estimated to amount to billions 

of dollars annually, excluding indirect losses which are more difficult to quantify [5], [6]. In 2023, global losses reached USD 33.83 

billion, slightly exceeding the USD 33.45 billion recorded in 2022. Conventional detection methods, relying primarily on manual scrutiny 

and rule-based systems, are insufficient to counter the complexity of modern fraud schemes [7], [8]. This situation necessitates the 

development of more innovative anti-fraud solutions capable of thwarting malicious actors. Various machine learning algorithms as 

support vector machines, linear and logistic regression, decision trees, random forests, and k-nearest neighbors, have also been employed 

for fraud detection and corporate data security [9], [10]. 

However, their accuracy and scalability are often constrained by class imbalance and the need to process large data volumes. 

Advances in technology and internet accessibility have established deep learning models as significant contributors to optimizing the 

security and protection of financial, commercial, customer, operational, and human resources data. Architectures such as Convolutional 

Neural Networks (CNNs), Deep Neural Networks (DNNs), and Dual-Channel Graph Attention Networks (DGANs) achieve superior 

accuracy compared to traditional approaches. Furthermore, Long Short-Term Memory (LSTM) networks, Recurrent Neural Networks 

(RNNs), and hybrid structures demonstrate a considerable potential for countering sophisticated attacks in fraud detection. These models 

learn data representations to identify malicious patterns, anomalous behaviors, or fraud attempts [8], [11]. Other brain-inspired 

architectures, such as Spiking Neural Networks, Chaotic Coupled Neural Networks, and graph-based approaches, offer additional 

potential by detecting dynamic and chaotic patterns, thereby adapting to evolving fraudulent behaviors over time [12-16]. 
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Financial institutions face sustained economic risks stemming from inadequate information protection. This challenge has driven 

the scientific community to design and implement new defensive measures against fraudulent systems [17]. Nevertheless, despite progress 

in deep learning, comprehensive studies analyzing the capacity of diverse neural network architectures to enhance corporate data security 

remain scarce. This article presents a comprehensive and up-to-date review of the principal neural network architectures applied to 

corporate data security. Guided by the PICO strategy and the PRISMA2020 (Preferred Reporting Items for Systematic Reviews and Meta-

Analyses) framework for study search, selection, and analysis, the review systematically categorizes information based on data type, 

addressed problem, applied neural network architecture, and reported evaluation metrics. This rigorous methodological approach provides 

a deep understanding of the strengths, limitations, and opportunities for future research in corporate fraud prevention. 

II. METHODOLOGY 

This study was conducted as a systematic literature review, a methodology characterized by the evaluation and synthesis of 

relevant information on a specific topic. This review aims to identify neural network models used to analyze corporate data security. To 

this end, the following research question was formulated: How do neural network models optimize corporate data security? 

II.1 PICO STRATEGY 

A guided approach based on specific questions from the PICO strategy was employed. Originally applied in medical fields, this 

tool is now used to identify the Problem (P), Intervention (I), Comparison (C), and Outcomes (O) in any area of study [18], [19]. To 

address the research question, the comparison component was excluded, allowing for the evaluation of all types of neural networks. 

Consequently, only three components (P-I-O) were assessed. Table 1 presents the questions and associated keywords for each PIO 

component. The first question focuses on identifying the types of corporate data analyzed using neural networks; the second addresses 

the type of neural network used for processing corporate data. Finally, the third question evaluates the influence of neural networks on 

data analysis. Thus, these three questions determined the research objective. 

Table 1: PIO Strategy Components. 

Component  Associated Question Keywords 

Problem (P) What types of corporate data are analyzed using neural networks? Business Data, Enterprise Data, Company Data, 

Financial Risk, Fraud Detection 

Intervention (I) What neural network architectures are applied to corporate data? Neural Networks, Neuronal Networks, NN 

Outcomes (O) How do neural networks influence corporate data security? Security, Safety, Protection, Confidentiality, Privacy, 

Analyses 

Source: Authors, (2026). 

Using the keywords described in Table 1, an exhaustive search was conducted in two high-impact scientific databases: Scopus 

and Web of Science (WoS) [20], [21]. The search strategy began in Scopus, forming three blocks joined by the logical operator AND. In 

each block, the Article title, Abstract, Keywords option was selected, and the keywords associated with PIO were entered, connected by 

OR. As a result, the following search string was obtained (as of May 3, 2025): 

( TITLE-ABS-KEY ( "business data" OR "enterprise data" OR "company data" OR "financial risk" OR "fraud detection" ) AND 

TITLE-ABS-KEY ( "neural networks" OR "neuronal networks" OR NN ) AND TITLE-ABS-KEY (security OR safety OR protection 

OR confidentiality OR privacy OR analyses ) ) AND PUBYEAR > 2019 AND PUBYEAR < 2026 AND ( LIMIT-TO ( DOCTYPE , "ar" 

) ) AND ( LIMIT-TO ( LANGUAGE , "English" ) ) AND ( LIMIT-TO ( OA , "all" ) ) 

For the WoS search, the same PIO strategy keywords (see Table.1) were used, placed in three blocks with the Topic option, 

interlinked by the AND connective. The same filters were applied for both Scopus (FS) and WoS (FW). These filters are presented in 

Table 2. 

Table 2: Filters Applied to the Search String. 

Filter  Description 

FS1: PUBYEAR > 2021 AND PUBYEAR < 2025 

FW1: 2022 or 2023 or 2024 (Publication Years) 

Limits the search to documents published within a 

specific date range 

FS2: LIMIT-TO ( LANGUAGE , "English" ) 

FW2: English (Languages) 

Selects documents only in the chosen language 

FS3: LIMIT-TO (DOCTYPE,"ar") 

FW3: Article (Document Types) 

Restricts results to original articles 

FS4: LIMIT-TO ( OA , "all" ) 

FW4: All Open Access (Open Access) 

Filters for open access documents 

Source: Authors, (2026). 

II.2 PRISMA2020 PROTOCOL 

For the selection of documents that formed the basis of this review's results, the PRISMA2020 protocol was applied. This is a 

widely recognized methodology in the scientific community for conducting bibliometric studies, reviews, and meta-analyses [22]. 

Specific inclusion and exclusion criteria were applied to minimize bias (see Table 3). 
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Table 3: Inclusion and Exclusion Criteria. 

Filter  Description 

CI1: Studies that apply neural networks to the analysis 

of corporate data in any sector 

CE1: Studies not focused on corporate data 

CI2: Studies that describe or compare different neural 

network architectures applied to corporate data 

CE2: Studies that do not present clear results on the use of 

neural networks 

CI3: Studies that report performance metrics or 

impact on business processes or data protection 

CE3: Studies that do not provide information on data 

security through the use of neural networks 

CI4: Studies accessible in full text. CE4: Studies identified as retracted 

Source: Authors, (2026). 

Figure 1 presents a PRISMA2020 flow diagram to document and visualize the study selection process in a structured manner. 

This diagram details the stages of search, inclusion, and exclusion of studies, providing a clear framework for the strategy employed in 

this review. Initially, 221 studies were identified from Scopus (151) and WoS (70). After removing 40 duplicate records, a total of 181 

remained. Subsequently, 89 were excluded after analyzing titles and abstracts, reducing the number to 92 articles. All of these were 

successfully retrieved in full text. During the evaluation phase, 28 articles were excluded based on the exclusion criteria (CE) established 

in Table 2. Finally, a total of 64 studies were selected for the review analysis. 

 
Figure 1: PRISMA Flowchart. 

Source: Authors, (2026). 

III. RESULTS AND DISCUSSIONS 

III.1 BIBLIOMETRIC RESULTS 

To present a general report of the articles included in the analysis, journals were classified by quartile type, calculated using the 

SCImago Journal Rank indicator (SJR 2024). 21articles correspond to quartile 1 (Q1), 25 to Q2, 15 to Q3, and only 3 articles mention 

Q4-type journals. Figure 2 describes the percentages associated with each quartile. These results indicate that over 70% of the analyzed 

studies originate from high-impact Q1 and Q2 journals, demonstrating the editorial quality of the selected studies. 
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Figure 2: Articles classified by journal quartile. 

Source: Authors, (2026). 

The most prominent publisher is the Multidisciplinary Digital Publishing Institute (MDPI) with 11 articles, followed by the 

Institute of Electrical and Electronics Engineers Inc. (IEEE) with 9 articles, whose main journal is IEEE Access (7). 

 
Figure 3: Articles classified by journal publisher. 

Source: Authors, (2026). 

Studies were also categorized by research field. Computer science stands out in this classification with 69.2%, encompassing 

artificial intelligence, machine learning, and natural language processing. The information systems area accounts for 12.3%, followed by 

Finance and Economics with 10.8%. Other represented disciplines are Engineering, with 4.6%, and Mathematics, with 3.1%. This 

distribution highlights a strong interdisciplinary link in the analyzed works. The following sections will address the questions related to 

each component of the PIO strategy (see Table 1). 

III.2 WHAT TYPES OF CORPORATE DATA ARE ANALYZED USING NEURAL NETWORKS? 

One of the main challenges in the corporate sphere is managing the control of large data volumes. Data preparation is one of the 

initial stages of the process and involves collecting and organizing raw data for efficient analysis [23]. Therefore, using neural networks 

to analyze such data in real-time has become a necessity to provide timely responses in milliseconds, preventing fraud and increasing 

customer confidence [24]. Of the 64 selected articles, 87.5% (56 studies) detail some type of corporate data analyzed using neural 

networks, with commercial transaction data standing out in 25 studies. This type of transaction involves banks processing thousands of 

transfers per day, which is impossible for a human to supervise, let alone in real time [25]. 
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With the widespread use of credit cards in online and offline transactions, fraud has become a major challenge for the financial 

sector. Wu et al. in [6], demonstrate that brain-like computing can significantly contribute to improving the security and efficiency of 

fraud detection systems. On the other hand, with countries like China entering the international market, competition is becoming 

increasingly complex. Added to this, companies often have gaps in their financial structure, generating significant risks in their 

international trade [26]. Likewise, financial-type data were identified in 14 studies involving companies that use technological innovation 

to offer services and products. Liu, T. and Yang L. in [27], used financial data for their analysis, accurately identifying companies with 

different risk levels, particularly in the low and medium-risk categories. In [28], five financial indicators were identified: (i) interest-

bearing debt/total invested capital, (ii) quick ratio, (iii) accounts payable turnover ratio, (iv) proportion of goodwill, and (v) goodwill, 

demonstrating that these factors have a greater impact on the identification results of many neural network models, reflecting a significant 

role in identifying financial fraud. Another relevant dataset comprises operational and logistical data (12 articles). This type of data is 

generated by the various modules of an Operational Management System [29]. Accurately predicting the volatility of financial asset prices 

has profound theoretical and practical importance, especially for generating early warnings of financial market risks. Identifying the type 

of data to be analyzed for a problem is fundamental to applying more effective detection methods. If working with imbalanced data, 

where class distribution is not uniform, it can lead to suboptimal predictive performance, especially for the minority class [30]. Table 4 

describes the types of corporate data analyzed using neural networks, detailing the problem studied and the sector of application. 

Table 4: Types of corporate data. 

Data type Problem  Sector Ref. 

Commercial 

Transactions 

Anomaly identification in payments, 

transfer classification 

E-commerce [16], [25], [26], [31], [32], [33], [34], 

[35], [36], [37], [38], [39], [40], [41], 

[42], [43], [44], [45], [46], [47], [48], 

[49], [50], [51], [52]. 

Financial Data Fraud detection, credit risk prediction Microfinance, fintech [6], [16], [23], [24], [27], [28], 

[53], [54], [55], [56], [57], [58], [59], 

[60].  

Operational Data Demand forecasting, quality control Manufacturing  [15], [29], [61], [62], [63], [64], [65], 

[66], [67], [68], [69], [70]. 

Customer Data Market segmentation Marketing, e-commerce [40], [46], [71], [72]. 

Human Resources 

Data 

Turnover prediction, job 

performance, absenteeism 

Human talent 

management 

[73], [74], [75], [76]. 

Source: Authors, (2026). 

Based on this component, the corporate data analyzed using neural networks correspond mainly to transactional and financial 

information. This reflects the need to manage data in real-time to prevent fraud or detect anomalies, as noted by previous studies [3],[6]. 

The literature also makes clear that, with technological advances and the increase in electronic operations, companies seek to implement 

more robust models to minimize credit risk [4]. Despite the effectiveness demonstrated by neural networks in data analysis, challenges 

exist related to integrating unstructured sources, such as text or customer behavior. Furthermore, in sectors like manufacturing and 

logistics, various studies describe the ability of these techniques to improve industrial efficiency through demand forecasting and quality 

control [61],[63]. However, their adoption in small and medium-sized enterprises remains limited, revealing a technological gap for future 

research. On the other hand, these models are also applied in customer and human resources management, primarily in marketing and 

human talent areas [40],[46],[75]. In general, this review shows the frequency of neural network usage in the corporate environment, 

although their adoption depends on the data type, learning architecture, and interpretability of the implemented models. 

III.3 WHAT NEURAL NETWORK ARCHITECTURES ARE APPLIED TO CORPORATE DATA? 

Deep learning methods based on artificial intelligence techniques have generated better results for extracting, analyzing, and 

expressing data compared to traditional methods. Many researchers have gradually applied deep learning technologies to their research, 

particularly in topics related to corporate financial early warning [34]. 42.19% of the articles selected for this research (27) describe the 

type of neural network used to analyze a corporate-type problem. Table 5 describes the neural network type, the selected dataset, the 

corporate problem being solved, the metrics used to measure efficiency, and the reference article. Based on the 27 articles involved for 

component (I), 26.63% use CNN to solve problems of financial risk, fraud detection, or identification of fraudulent transactions. Unlike 

other models, CNN methods reflect a significant advantage due to their nonlinear adjustment capability, data processing ability, and 

generate greater accuracy and discrimination in predictions [34]. According to [31], developed a CNN model to detect and mitigate 

fraudulent activities in smart contracts. Textual and transactional data from smart contracts from Google BigQuery Ethereum were 

analyzed. 

This dataset includes essential attributes such as sender addresses, recipient addresses, transaction value, and timestamp. On the 

other hand, inspired by brain-like computing, Wu et al. in [6], implemented an optimized CNN network, known as Continuous Coupled 

Neural Network (CCNN) for credit card fraud detection, managing to reduce data imbalance through random oversampling techniques. 

Another type of neural network is the DNN. In [33], establishes that the financial early warning model trained by DNN generates an 

effective financial early warning for the company. However, due to the hidden layers of these models, uncertainty in their analysis can be 

generated. For example, fraudsters change their strategies, and consequently, DNNs encounter observations not generated by the same 

process; another factor is due to the time-consuming process and very few transactions are verified in a timely manner by professional 

experts to update the DNNs. In [51], three uncertainty quantification (UQ) techniques called "Monte Carlo dropout," "ensemble," and 

"ensemble Monte Carlo dropout" are proposed, demonstrating that UQ methods provide additional information about point predictions, 

thereby improving the fraud prevention process. 
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Other research combines DNN and RNN, resulting in a model called FinAnalytixs [45] for stock performance prediction and 

fraud detection. This architecture allows DNN to capture complex relationships between various financial indicators, such as the 

interaction between market trends, company finances, and macroeconomic factors. Other models were identified, such as Graph Neural 

Networks (GNN), specifically designed to work with graph-structured data [15]. The Backpropagation Neural Network (BPNN), a model 

built based on blockchain technology for financial data analysis [52]. The NAG (Neural Aggregates Generator) model, which faithfully 

mimics the structure of state-of-the-art manual function aggregates. This strategy relates any transaction to its recent past by calculating 

statistics on those transactions similar to the current one [77]. The CRAFIC (Complex Relationship Analysis for Fraud Identification and 

Cost management) framework [37] achieves a significant performance improvement in complex fraud detection tasks by combining CNN 

and LSTM in feature extraction and time series analysis. The analysis of architectures adopted in the corporate sector shows a marked 

preference for deep and hybrid learning models, capable of optimizing pattern detection and reducing uncertainty in complex financial 

environments [4], [8]. 

In particular, CNNs and their composite variants, such as CNN-LSTM and CNN-Transformer-Wavelet, stand out for their robust 

generalization capability in fraud prevention and financial risk prediction. However, DNNs, BiLSTM, and GRU-LSTM present better 

performance in handling temporal dependencies, positioning themselves as effective alternatives for financial trend prediction [4], [29], 

[70]. On the other hand, graph-based approaches stand out for their high potential to capture nonlinear relationships and complex 

structures between entities and transactions, identifying anomalies that often go unnoticed by conventional methods [15], [16]. The 

different approaches indicate that there is no universal architecture; rather, its choice depends on the data type and the complexity level 

of the problem. Although trends point towards hybrid models, challenges still exist related to uncertainty, computational efficiency, and 

class imbalance in fraud scenarios. Furthermore, their implementation remains limited in small and medium-sized enterprises due to 

technological infrastructure and computational capacity restrictions.  

Table 5: Neural Network Architectures Applied to Corporate Problems. 

Neural Network Dataset and/or Sample Corporate Problem Metrics Ref. 

Bi-LSTM Wind database Exchange and protection of 

financial data 

Accuracy, AUC  [75] 

BP/ARIMA Not specified Financial risk prediction Profitability metric [26] 

BPNN Shanghai Index and Shenzhen 200 Index (CSI 

200) 

Commercial transactions with 

blockchain technology 

MAE, MSE, RMSE, 

Training times 

 [52] 

BPNN  Companies in the financial sector of Shanghai 

and Shenzhen in the third quarter of 2022  

Prediction of financial risks for 

listed companies 

Accuracy, Recall, F1-Score [27] 

CCNN Kaggle Credit Card Fraud Detection (CCFD) Security and efficiency of fraud 

detection in the financial industry 

Accuracy, Precision, 

Recall, F1-Score 

 [6] 

CNN Google BigQuery Ethereum dataset Detection and mitigation of 

fraudulent activities within smart 

contracts 

Accuracy  [31] 

CNN Not specified Financial risk prediction Accuracy  [44] 

CNN-IKOA Data from 100 Internet companies Prediction of risks for Internet 

companies 

MSE, MSPE, MAE, MAPE [78] 

CNN-LSTM 279 companies with net profits of <0 for two 

consecutive years in Shanghai and Shenzhen A-

shares, listed from 2019 to 2023 

Corporate financial risk 

management 

Accuracy, Precision, Recall 

, F1-Score 

[34] 

CNN-LSTM Data generated by the Sparkov tool from 

Brandon Harris, simulating transactions 

between 01-01-2019 and 31-12-2020 

Identification of fraudulent credit 

card transactions 

Accuracy, Precision Recall, 

F1-score, AUC 

[55] 

CNN-LSTM Global supply chain from DataCo and IEEE-

CIS fraud detection data 

Network transaction security and 

reduction of socioeconomic 

problems caused by fraudulent 

behavior 

Accuracy  [37] 

CNN-

Transformer-

Wavelet 

Three financial datasets: (i) Standard Poor’s 500 

Index-SPX500, (ii) West Texas Intermediate-

WTI, (iii) London Metal Exchange Gold Price-

LGP 

Prediction of financial risk in 

companies 

Accuracy, Precision, 

Recall, F1-Score 

[38] 

DNN  Kaggle website: Credit card transactions of 

European cardholders generated over 2 days in 

2013 

Detection of fraudulent credit card 

transactions 

Accuracy, F1-Score [73] 

DNN  PaySim dataset Credit card fraud detection Accuracy, F1 Score, 

Precision, Recall, AUPRC 

[70] 

DNN  Vesta Corporation Credit card fraud detection  UAcc, UPre, USen:, USpe [51] 

DNN-DL Not specified Analysis of early warning of 

corporate financial risks 

Accuracy  [33] 

DNN-RNN Not specified Comprehensive analysis of 

complex financial data 

Accuracy, Precision, 

Recall, F1-score 

[45] 

FNN  Ninth "TIPDM Cup" financial analysis 

competition for listed companies 

Detection of fraudulent financial 

data 

Accuracy, Precision, 

Recall, F1-score 

[59] 

GNN-

Autoencoders  

Pakistani private banks (Meezan Bank and 

UBL) 

Reduction of fraudulent activities 

in large organizations 

Accuracy, Precision, 

Recall, F1-Score 

[15] 
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HNN  Mobile advertising platform in China Identification of fraudulent 

applications for mobile advertising 

Average Precision (AP), 

AUC 

[68] 

GRU-LSTM Three financial datasets: (i) Standard Poor’s 500 

Index-SPX500, (ii) West Texas Intermediate-

WTI, (iii) London Metal Exchange Gold Price-

LGP 

Prediction of financial asset price 

volatility 

MAE, MSE [29] 

MLP-ANN Companies listed on the Shenzhen and Shanghai 

stock exchanges between 2016 and 2020 

Stock market forecasting Accuracy, Z-score [64] 

MOE-DNN-

Smote 

Kaggle Credit Card Fraud Detection (CCFD)  Improvement of fraud detection 

performance 

Accuracy, TPR, TNR, 

FPR, MCC 

[57] 

MS-HGNN Public data from Amazon and Yelp Online fraud detection Recall, AUC [16] 

NAG  Wordline dataset and a public dataset Credit card fraud detection Precision-recall curve 

(AUCPR) 

[77]  

SVM-FFNN Kaggle dataset Detection of fraudulent activities Accuracy, Precision, Recall [40] 

TH-LSTM Real-world transactions provided by a Chinese 

financial institution 

Automatic detection of fraudulent 

transactions 

Precision, Recall, F1-Score [60] 

Source: Authors, (2026). 

III.4 HOW DO NEURAL NETWORKS INFLUENCE CORPORATE DATA SECURITY? 

To address this question, 16 articles (25%) were identified that quantitatively report any of the following 4 metrics: Accuracy, 

Precision, Recall, F-Score. These metrics provide a comprehensive assessment of the model's classification effectiveness [6], obtained 

as: 

Accuracy =
TP + TN

TP + TN + FP + FN
, 

Precision=
TP

TP+FP
, 

Recall=
TP

TP+FN
, 

F-Score=
2⋅Precision⋅Recall

Precision+Recall
, 

Where TP: True Positives, TN: True Negatives, FP: False Positives, and FN: False Negatives. Figure 4 

shows the metrics recorded for the 16 articles, identifying the type of neural network used. Labels A1-A16 were used for these articles, 

which are mentioned in Table 6. 

Table 6: Articles labeled for component O. 

Label Reference Label Reference 

A1 [75]  A9 [73] 

A2 [27] A10 [70] 

A3 [6] A11 [33] 

A4 [44] A12 [45] 

A5 [34] A13 [59] 

A6 [55] A14 [15] 

A7 [37] A15 [40] 

A8 [38] A16 [60] 

Source: Authors, (2026). 

 
Figure 4: Metrics used by articles employing neural networks. 

Source: Authors, (2026). 
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The results shown in Figure 4 highlight the effectiveness of CCNN in handling the complexity and subtlety of fraud detection, 

where small and non-obvious patterns often indicate fraudulent behavior [6]. The CNN simulation system based on the scientific node 

selection method greatly improved the accuracy of financial risk assessment [44]. A CNN model has significant advantages in processing 

complex financial data; it can perform in-depth mining and feature extraction from massive financial data by simulating the human brain's 

processing mode [34]. Another suggested approach combining CNN and LSTM outperformed other current techniques and achieved the 

highest accuracy of 99.5% in identifying credit card fraud [55]. According to [33], demonstrated that the prediction accuracy of the DL 

network after sample training reached 94%, being superior to other prediction models. The financial early warning model used by Li is 

based on DL with DNN and can be fully applied to corporate financial risk early warning. 

On the other hand, less recurrent models have been of great importance in addressing corporate problems. In [15], they concluded 

that financial institutions are using deep learning with business intelligence to control money laundering. Their work was based on fraud 

detection with Graph Neural Networks and anomaly detection using Autoencoders in Credit Cards. Models based on Support Vector 

Machines (SVM) and Feedforward Neural Networks (FFNN) are used in [40] to distinguish between classes and capture complex patterns 

and relationships, respectively. The model shows promise in fraud detection with greater accuracy and precision. According to [60] 

propose a new representation for each transaction record based on users' historical transactions to accurately capture fraudulent patterns. 

Their proposal is based on an improvement of the LSTM model with a time-aware gate (TH-LSTM), which can capture behavioral 

changes caused by users' consecutive transactions. 

Experimental results demonstrated a clear distinction between legitimate and fraudulent behaviors, achieving better fraud 

detection performance compared to state-of-the-art methods. In general, models based on neural networks influence corporate data 

analysis very positively. These statistical indicators show the potential of neural networks in decision-making in corporate contexts, 

especially for identifying anomalous behaviors and reducing false positives [34],[44]. However, these metrics can be biased by the data 

type and architecture design, showing limitations against changing scenarios not contemplated in training and testing [15],[40]. 

Consequently, corporate data security should be evaluated not only by model performance but also by its robustness and adaptability in 

real-world environments [33],[55].  

IV. CONCLUSIONS 

This review study organized and systematized the available scientific evidence on the use of neural networks in optimizing and 

protecting corporate data. The PICO and PRISMA2020 strategies guided the search, selection, and analysis process of information from 

64 articles. Specifically, the scientific background was systematized based on answering three specific questions and one general question, 

which were the focus of the research. The main findings are as follows: 

• 87.5% of the studies detail some type of corporate data analyzed using neural networks, with commercial transaction data (25), 

financial data (14), and operational data (12) being the most prominent. 

• 42.19% describe the type of neural network used to analyze a corporate-type problem. In particular, CNNs and their composite 

variants, such as CNN-LSTM and CNN-Transformer-Wavelet, stand out for their robust generalization capability in fraud prevention 

and financial risk prediction. Other network types, such as DNNs, BiLSTM, and GRU-LSTM, demonstrate better performance in 

handling temporal dependencies. 

• The different approaches indicate that there is no universal architecture; rather, its selection depends on the type of data and the 

complexity level of the problem. 

• Based on metrics such as Accuracy, Precision, Recall, and F-Score, a positive influence is evidenced in applying neural networks to 

solve problems involving corporate data. The 25% of articles using these types of metrics mention that models such as CNN or DNN 

combined with LSTM have significant advantages in processing complex financial data. These models outperformed other current 

techniques in identifying credit card fraud.  
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