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INTRODUCTION 
Financial Crime Detection Background 

Crimes like money laundering, fraud, and terrorist financing, carry significant global financial risks. 
Detection of financial crimes has been on the rise and in the process getting increasingly difficult due to the 
very intricate and sophisticated nature of criminal activities. Conventional methods for detecting illicit 
financial transactions are typically rule-based, static systems, presenting their capacity to only react to known 
patterns of criminal behavior. This type of setup is meant to trigger the flag in transactions if further 
transactional mapping establishes some predefined associations. However, crimes will eagerly exploit the 
system's limitations since circumvention of these systems would be child's play for more sophisticated 
criminals. Further, as the financial system becomes more global and complex, a more substantially pressing 
demand for real-time detection systems will arise that maturely process huge data volumes and dynamically 
learn in the face of the emerging threat. 

Abstract: This paper proposes NeuroSym-AML, a new neuro-
symbolic AI framework explicitly designed for the real-time 
detection of evolving financial crimes with a special focus on cross-
border transactions. By combining Graph Neural Networks (GNNs) 
with interpretable rule-based reasoning, our system dynamically 
adapts to emerging money laundering patterns while ensuring strict 
compliance with FATF/OFAC regulations. In contrast to static rule-
based systems, NeuroSym-AML shows better performance-an 
83.6% detection accuracy to identify financial criminals, which 
demonstrated a 31% higher uplift compared with conventional 
systems-produced by utilizing datasets from 14 million SWIFT 
transactions. Furthermore, it is continuously learning new criminal 
typologies, providing decision trails that are available to regulatory 
audit in real-time. Key innovations include: (1) the continuous self-
updating of detection heuristics, (2) automatic natural language 
processing of the latest regulatory updates, and (3) adversarial 
robustness against evasion techniques. This hybrid architecture 
bridges the scalability of machine learning with interpretability of 
symbolic AI, which can address crucial gaps for financial crime 
prevention, therefore delivering a solution for satisfying both 
adaptive fraud detection and transparency in decision-making in 
high-stakes financial environments. 
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Artificial Intelligence in the Prevention of Financial Crime 
In recent times, artificial intelligence (AI) is being looked at as a tool that would add immense value for 

combating financial crimes. Techniques like machine learning and deep learning by making use of AI are 
able to find patterns in high volumes of data and can therefore reveal what may not have been clear for human 
analysts so soon (Hilal et al., 2022). Nonetheless, these techniques often stand the challenge of making sure 
that they do disclose and interpret, which are vital for regulatory compliance. Neuro-symbolic AI, which 
combines neural networks with symbolic reasoning, has emerged as a hybrid approach addressing these 
challenges effectively. This new approach marries ML scalability with the transparency of rule-based systems 
(Zhang et al., 2022). 

One approach that has been taken towards solving graph neural networks is the notion that it will 
perform excellently well in establishing relationships between entities in a comprehensive dataset or in a 
network. This flexibility is highly appreciable in the shield of cross-border financial transactions, a classic 
instance in which the flow of money is analyzed across different jurisdictions to uncover any misdynamics 
(Bakothin et al., 2022). Furthermore, Natural Language Processing (NLP) applications can assist in carrying 
out regulation updates and other textual data to ensure the detection system remains in compliance with the 
latest compliance requirements (Wang et al., 2021). 
 
Objectives and the Scope of NeuroSym-AML 

The present paper introduces NeuroSym-AML, a novel neuro-symbolic AI framework aiming to 
explore and address the inadequacies of current financial crime detection systems. NeuroSym-AML, by 
melding Graph Neural Networks with rule-based reasoning, makes for an adaptive model and is able to detect 
real-time emerging money laundering tactics. With a modicum of comparison, other traditional methods are 
very static in dealing with suspect identification, while NeuroSym-AML is continuously changing 
automatically according to some new kinds of money-laundering situations. The model ensures the 
persistence of effectiveness against countless criminal strategies (Kute et al., 2021). Further, NeuroSym-
AML is injected with the techniques of adversarial robustness against all disinfecting strategies that 
adversaries might use to obfuscate their transactions (Zhang et al., 2020). 

NeuroSym-AML is a game changing initiative due to its commitment to maintaining compliance with 
regulations by establishing a fully auditable trail of decision-making. Thus, financial institutions will be able 
to stand up and show that they have been playing by the rules, following due procedures and regulations of 
FATF and OFAC with their own two feet, further ensuring far-reaching openness and accountability in fraud 
detection methods (Calegari et al., 2020'). The architecture is also meant to be scalable in the most efficient 
ways; that's why it is meant to move into deployment within large-scale financial institutions that handle 
millions of transactions daily (see, Zheng et al., 2017). 
 
Related Works 
Traditional Financial Crime Detection Systems 

Traditional methods of financial crime detection rely heavily on rule-based systems, which are designed 
to flag transactions based on predefined patterns. In detecting known kinds of criminal behavior, these 
systems could be relatively effective, yet struggle with the dynamic and evolving nature of financial crimes. 
Kute et al. (2021) argued that static rule-based systems can hardly change with new tactics initiated by the 
criminals, thus generating high rates of false positives and missed detections. As a discouragement to these 
systems, they have to tackle the difficulty of handling large, complex datasets and be always up-to-date in 
real-time environment—they are hardly suitable in the context of cross-border transactions where huge data 
flows emanate.  

One of its major problems is the heuristics-based limitation of traditional systems-that renders their 
tough adaptability to newer forms of money laundering-or-fraud-highlighted Hilal et al. (2022). According 
to them, in view of the evolving financial crime scenario, often more adaptive detection systems that can 
learn out of new data are required-and becoming increasingly relevant. In this respect, sophisticated 
approaches have to be developed under such directive to learn from patterns and amend rules dynamically. 
 
Artificial Intelligence in Financial Crime Detection 

The increasing deployment of artificial intelligence (AI) within the purview of financial crime detection 
during recent years equips AI with the power to lessen that great ills of detection. Meanwhile, AI methods 
like machine learning (ML) and deep learning excel in identifying complex patterns in large data sets that 
rebound effectively to the uncomprehending eyes of traditional systems. Zheng et al. (2017) reckon Graph 
Neural Networks must have a starring role in financial crime detection owing to their knack to weave such 
relationships among entities within a transaction network. In this way, GNNs identify suspicious transactions 

https://issn.brin.go.id/terbit/detail/20220302022306403
https://issn.brin.go.id/terbit/detail/20220302222317407


 
 
 
 
IJST Vol 3 No. 3 | November 2024 | ISSN: 2828-7223 (print), ISSN: 2828-7045 (online), Page 56-66 

58        IJST VOLUME 3, NO. 3, NOVEMBER 2024 
 

quite beyond the purview of the traditional settings and to any that are seemingly acted upon in money 
laundering across many jurisdictions. 

Notwithstanding, the AI systems and their capabilities are not a bed of roses and can bring in their fair 
share of troubles. One of the greatest limitations noticed is the lack of interpretability in deep learning models-
a major source of discomfort while explaining the rationale behind decisions. 

For Zhang et al. (2022), the biggest case against deep learning model-interpretability problem-came into 
play in the name of the requirement to comply with regulations that seek transparency and expound on 
decisions. 
 
Hybrid Neuro-Symbolic Systems 

In addressing the limitations of traditional rule-based and deep learning models, the development of 
neuro-symbolic AI seems promising. The neuro-symbolic systems themselves act as a bridge between the 
scalability of machine learning and the interpretability of symbolic reasoning. This in turn enables these 
systems to automatically adjust to new patterns while producing lucid human-readable explanations of their 
significant classifications, as presented by Calegari et al. (2020).  

The interactions between the neuro-symbolic systems and their environment can benefit from other 
adversarial strategies in use against the machine by learning a broader spectrum. Following an example of 
incorporating domain knowledge into learning would be such. In the case of interpretative detection, 
knowledge encoding can be handled by symbolic reasoning, such as the transfer of legal rules to the system 
by considering regulatory requirements for the latest legal check. Through the use of a blend of NLP with 
symbolic reasoning, this would allow Neuro-Symbolic combines to read regular textual updates around 
legislative modifications and make all necessary amendments on all detection models accordingly (Wang et 
al., 2021). 

Hybrid machine-learning-logic-based systems not only provide better precision of the detections but at 
the same time also provide detectability and transparency once the system has made a decision. Financial 
crime detection is a field with great potential for neuro-symbolic systems where an adaptive fraud-detection 
operation is coupled with regulatory compliance tasks. 

 
Design and Implementation of NeuroSym-AML 
Overview of the NeuroSym-AML Framework 

NeuroSym-AML is a new approach to financial crime detection specifically Money Laundering (ML) 
and fraud which involves Graph Neural Networks (GNNs) and symbolic reasoning. Existing methods rely 
on static rules and heuristics, but these systems are oftentimes rendered completely ineffective in light of the 
ever-changing tactics brought forth by financial criminals. On the contrary, NeuroSym-AML is a hybrid 
approach which fuses machine learning with domain-specific symbolic logic; this enables the system to adapt 
to new kinds of financial crimes while also ensuring that their decision-making is interpretable and in 
compliance with legal regulations (Zheng et al., 2017). 

The core of the framework uses GNN functionalities to identify questionable behavior models within 
intricate financial transactions. While it is in real-time, the system processes vast amounts of transactional 
data in real-time, learning from past patterns and, in an iterative manner, updating detection rules. At the 
same time, the symbolic reasoning component ensures very transparent, auditable system decision-making 
while still staying within FATF and OFAC regulations. Hence, this is critical in enhancing financial crime 
detection accuracies while still remaining regulatory-compliant.  
 
Graph Neural Networks for Financial Crime Detection 

Graph Neural Networks (GNNs) possess the ability to perform exceedingly well in parsing such forms 
of complex, relational data as financial transactions from various parties across numerous jurisdictions. 
Traditional machine learning techniques, such as decision trees or logistic regression, often flounder under 
this type of data-the kind that bear complicated relationships between entities like individuals, companies, 
and financial institutions. GNNs excel at capturing this regulatory environment by interpreting the 
transactions as edges, and the associated entities as nodes within the graph. 

GNNs provide a mechanism for modeling graph-based data, focusing on the identification of hidden 
models that characterize money laundering and fraud. For example, where suspicious transactions have layers 
or obscure links across the transaction network, GNNs illuminate indirect connections between individuals 
or entities, providing a hint of some illegal use cases, like layering or integration in money laundering. GNNs 
can identify these links by understanding that there are a series of entities and transactions that tend to take 
place together in a clean energy-driven mechanism throughout the entire financial system - ultimately they 
usually end in layering or consolidation.  
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However, the most significant challenge is the large volume of transactional data generated every day, 
particularly in the case of cross-border financial transactions. NeuroSym-AML provides a powerful and 
scalable GNN algorithm that can keep up with increasing data, thus providing real-time insights. The system 
adapts to emerging patterns and behavior dynamically by continuously changing the graph with every new 
transaction. 

 
Symbolic Reasoning for Interpretability and Compliance 

The lack of interpretability in AI systems, especially deep learning models, has been a significant 
challenge. Interpretability in financial crime detection is even more imperative because the firm must explain 
the basis for a fraud detection decision. This is where symbolic reasoning plays a critical role in the 
NeuroSym-AML framework. 

Symbolic reasoning is fundamentally based on well-defined, human-readable rules framed as the actual 
decision-making process. These are the rules you design according to legal, industry standard, and domain-
specific knowledge. For instance, they might include anti-money laundering regulations from the FATF or 
sanctions lists of the OFAC. Neural-Network-AI-processed predictions with reasoning/rules, together, would 
heighten the level of human-understandable auditable insight for high-risk countries, aberrantly higher 
amounts, and unusual activity in transactions (Wang et al., 2021).  
Symbolic reasoning offers an intelligence system that gives true assurance that the system operates 
effectively. It does this in a way that integrates decision-support intelligence from those low-level models 
from symbolic reasoning. The system decision logic is transparently open to public scrutiny; such scrutiny is 
mandatory in the eyes of national and international financial crimes prosecutors for compliance. 
 
Continuous Self-updating Detection Heuristics 

One primary challenge faced in financial crime detection is the ever-evolving nature of criminal 
patterns. Traditional systems quickly become obsolete as criminals adapt to their strategies. Thus, the 
NeuroSym-AML framework responds to this challenge by actually lifting the capability toward continuous 
self-updating of its detection heuristics. 

The concept behind the system is to learn continuously from new data, diverting its detection rules along 
with emerging patterns. So, this adaptive learning process inherently assures the identification of new ways 
to commit financial crimes effectively, such as cases of crypto- and DeFi-based fraudulence. And so, while 
any rule-based system typically requires manual adjustments, NeuroSym-AML synthesizes existing 
knowledge to update its detection model, without requiring human input, so it better fits the agenda of being 
an advanced and responsive system to catch malpractices up-to-the-minute (Zhang et al., 2022). 

Next, via the neuroSym-AML framework, a feedback loop has been established where insights gained 
during a detection review by human experts are used to further buffer and optimize the system. As the 
framework adapts against real-world test cases, the feedback lets the framework continue to detect 
transactions and activities somewhat accurately, at least to the best of its ability. 

 
Natural Language Processing (NLP) in Regulatory Updates 

On top of other functionalities, the NeuroSym-AML framework uses Natural Language Processing 
(NLP) methods to put its arms around the ever-changing regulatory landscape stuff. FATF or national 
government rules change rather often, so financial activities need monitoring for their compliance on these 
standards. An NLP system helps NeuroSym-AML to process these regulatory documents automatically and 
adjust its detection rules via the findings out of NLP. 

Say, for example, should a sanctions list from a regulatory body be updated or new checks be enforced, 
the NLP technology would help NeuroSym-AML extract the necessary information from the text and 
automatically update the detection model while ensuring compliance strictly to the most updated legal 
frameworks without the need for human intervention or any considerable downtime and manual intervention 
(Wang et al., 2021). 

Through its compliance with the regulatory requirements, NeuroSym-AML, alongside NLP, patches up 
its regulatory compliance report gap to steer clear of penalties as well as global financial law compliance. 

 
Adversarial Robustness Against Evasion Techniques 

As financial crime detection systems become advanced, so do the tactics employed by criminals to 
evade detection. Criminals often use adversarial attacks to manipulate transaction data in ways that make it 
more difficult for detection systems to identify illicit activities. For example, criminals may modify 
transaction patterns, obfuscate transaction amounts, or use cryptocurrency mixers to obscure the flow of illicit 
funds. 
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To counter these evasion tactics, NeuroSym-AML includes adversarial robustness mechanisms. The 
system is trained using adversarial training techniques, which expose the model to adversarially modified 
data during the training process. This helps ensure that the system is resilient to attacks designed to obfuscate 
criminal activity. Also, NeuroSym-AML employs outlier detection techniques to find anomalous patterns 
that could be indicative of evasion attempts (Zhang et al., 2020). 

By adopting adversarial robustness, NeuroSym-AML is able to detect suspicious activities even when 
criminals are able to use the most sophisticated techniques to evade normal detection procedures. This should 
make the system more reliable and effective in real-world scenarios, where criminals are constantly coming 
up with new ways to hide their activities.  
 

Table 1: Comparison of Financial Crime Detection Methods 

 
 

 
Table 2: Performance Evaluation of NeuroSym-AML 

 

 
Figure 1: Transaction Network Analysis Using GNNs 
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Figure 2: Adversarial Robustness Performance Comparison 

 
These tables and figures, along with the explanations above, will provide a comprehensive 

understanding of how the NeuroSym-AML framework works and the innovative components that contribute 
to its efficacy in detecting financial crimes. 
 
Evaluation and Performance Metrics of NeuroSym-AML 
Evaluation Methodology 

The almost-closed loop for comprehensive evaluation for NeuroSym-AML is again put through the 
performance metrics employed to examine upon the efficiency of the framework in assessing financial crimes 
such as money laundering and fraud. These metrics do account for the system's accuracy, while trading off 
for other paramount performance criteria like the false positive rate, adversarial robustness, and regulatory 
compliance. The primary objective here is to see that the framework is not just good in tracking suspicious 
activities but that it also meets the highly regulated dictates imposed by the regulatory bodies. 

To draw a conclusive response as to how the system is performing under different unknown conditions 
and real-world application settings and whether we can apply fixed modifications over it, we vouge for a 
multi-staged evaluation of the system, each relating to testing the synthetically designed datasets to show 
some patterns of illicit activities or simulations and using real-world datasets purchased from various 
financial institutions. It helps harness an in-depth evaluation of the system's performance over a wide array 
of designs such that the system is treated as robust, adaptable, and dynamic enough to work under real 
industrial scenarios. 

 
Performance Metrics 

The following metrics were used for the evaluation of the NeuroSym-AML: 
1. Detection Accuracy: The proportion of the actual cases of fraudulent or suspicious transactions that 

were correctly flagged by the system. A large number of these flags show the system is desirable in 
differentiating well from bad transactions. 

2. False Positive Rate (FPR): This is the ratio of good transactions being incorrectly lumped together with 
bad ones. Of great importance, the lower the FPR, the less chances for unneeded infringements over 
legitimate customers. 

3. False Negative Rate (FNR): This is the converse of the detection accuracy. It is the rate of fraud that 
goes undetected by the system. A low FNR rate of great importance here is one that strikes a balance of 
risk in protecting the dishonest fraud from being identified in the above. 

4. Adversarial Robustness: This indicates how capable the laundering against such adversarial attacks is 
while still maintaining its good level of detection for fraudulent transactions. Given the increasing 
sophistication criminals possess toward evasion and illicit behavior, this is really something. 

5. Regulatory Compliance Score: A combined performance score showcasing how compliant the 
framework is with various regulatory requirements, that is, FATF guidelines, GDPR, and local financial 
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crime laws, among others. The system must ensure that all the transactions that it flags are explainable 
and auditable by the regulators.  

 
The tests based on these metrics have been combined with different machine learning benchmarks; 

alongside real-world simulations of adversarial conditions into which NeuroSym-AML has been tested. The 
test results go a long way to reveal the model's certainty and ability to handle the heavy load of real-world 
financial crime detection studies (Zhang et al., 2022). 
 
Evaluation Results 

The performance of NeuroSym-AML was compared with traditional rule-based systems and other AI-
based systems. The results showed that NeuroSym-AML outperformed traditional methods in terms of 
detection accuracy and false positive rate. It also demonstrated a higher level of adversarial robustness and 
achieved excellent compliance with regulatory frameworks. 
 

Table 1: Performance Comparison of NeuroSym-AML with Traditional Systems 

 
 

Table 2: Adversarial Robustness Evaluation 
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Performance Visualization 
Fig. 1 is a graphical performance comparison of the performance metrics for NeuroSym-AML 

compared to the traditional approach featuring advantages derived from the community discussion on this 
work. The comparison shows that NeuroSym-AML enjoys higher accuracy of the ratio of false alarms that 
confirms its potential for an effective and accurate financial crime detection system.  

 
Figure 1: Performance Comparison of Financial Crime Detection Methods 

 
Conclusion and Future Work 
Summary of Key Findings 

Increasing anti-money laundering (AML) programs in financial institutions produce regulations and 
redefined compliance in the face of emerging demanding competitive market challenges. NeuroSym-AML, 
precisely the extraordinary set of values, has initiated a new age of financial crime detection, thanks to 
combining GNNs cautiously with symbolic reasoning as a solution to flexibility and robustness in criminal 
detection matters such as money laundering and fraud. The findings of the evaluation confirm that the 
NeuroSym-AML system is far more effective than alternatives in various respect-highest accuracy the lowest 
rate of false positives, and the highest resistance to adversarial attacks-anyone could typically cite whenever 
the subject is financial crime detection. Such systems represent complete regulatory case analysis, which 
strongly commends them for use in financial institutions. 

NeuroSym-AML can, in contrast, bring out its breathtaking quality when being utilized on transaction 
data. NeuroSym-AML outperforms other solutions in this arena-the most possible result one may boast of 
while a discussion revolves round financial crime detection-leading to an almost justifiable accounting for 
anything costing as unexpectedly as false positives. Having equally untouchable inability to avoid adversarial 
assaults are inducements such systems must be made to be accorded as having a heavyweight against 
regulatory measures in pursuing a legal financial institution (Zhang et al., 2022). 

Despite the relative predominance, unceasing challenges have in filtered its way. Such could prompt a 
demand to rampantly handle more complex and fluctuating types of financial data sets and should be adaptive 
in real-world edge cases while scaling appropriately for large data sets, which is a big deal in real-world 
application scenarios. Future research focuses squarely on addressing such problems in about the cast of 
improving the effectuality and applicability of the system. 
 
Challenges and Limitations in the Operation of NeuroSym-AML 

With all the contributions stated earlier in this document, it has to be admitted that a lot of challenges 
are being confronted before NeuroSym-AML can ensure its general applicability and robustness. One prime 
constraint is the complexity of the real-world financial data. A typical financial transaction is a complicated 
process-it involves many variables and border cases, which may be completely noncongruent with the 
training of the model. While the performance of NeuroSym-AML system is very good under controlled 
environments, it is still weak in generalizing into all possible real-world scenarios (Zhang et al., 2020). 
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Another challenge stems from the computational complexity of the framework itself and the fact that 
the integrated mechanism relies upon machine-learned concepts as well as symbolic reasoning. This means 
that the method might put a lot of computational burden, possibly on transaction datasets too large for 
immediate processing capacity. Thus, an increase in the dataset of financial transactions justifies the effort 
on behalf of the maintenance of these effectual frameworks with utter energy efficiency. 

The work with highly sensitive financial data will also call for a consciousness of data privacy. Legal 
authorities and regulatory frameworks such as GDPR have come with stringent requirements regarding 
financial data privacy. They demand a balancing concern of making NeuroSym-AML and surviving within 
a regulated fiscal or financial framework, while at the same time effectively detecting and stopping illicit 
activities. 
 
Ideas for the Future 

To boost the capability of NeuroSym-AML, a few future directions call for research. One important 
area is on privacy-preserving techniques. There is considerable emphasis on data privacy at present, mostly 
played up by regulations like GDPR. Thus, the use of privacy-preserving techniques like federated learning 
and differential privacy can foster secure fraud detection for financial institutions, guaranteeing that such 
verification does not overstep pertaining privacy laws. These techniques are to make learning possible on 
decentralized datasets without needing to directly share the sensitive data, thereby maintaining privacy while 
improving the model's results (McMahan et al., 2017). 

It is crucial to focus on the issue of scalability. As financial institutions generate large volumes of 
transaction data, it is imperative to ensure that NeuroSym-AML can process sizeable real-time datasets 
without loss of performance. To deal with financial data at that massive scale, one must optimize the 
underlying algorithms that use GNN impacts and use some form of distributed computing resources. 
(Hamilton et al., 2017) 

Further development directions could involve integrating continual learning methods. Criminal tactics 
evolve quickly, and the capability of the NeuroSym-AML framework to adapt to new patterns of financial 
crimes would be significant. The incorporation of reinforcement learning techniques will allow the system to 
continually update and optimize its detection algorithms with new data: this will enhance its learning edge in 
responding to emerging threats in real-time (Mnih et al., 2015). 

The last direction to consider would be the collaborative models. Indeed, the actuality of the financial 
institutions' challenges in detecting cross-border money laundering and fraud results from data silos. By 
implementing models for one approach to safely share some insights while keeping privacy on the data, 
NeuroSym-AML will further enhance its efficiency in detecting the more intricate financial crime that crosses 
many jurisdictions (Gao et al., 2019). This would require building systems that would promote secure 
cooperation between institutions, so they would have a more robust detection system against suspicious 
activities. 

 
Final Thoughts 

The NeuroSym-AML constitutes a significant breakthrough in crime detection/handling in the 
financial/financial market domain. When considering the unique approach that envisions the combined use 
of graphical neural networks and symbolic reasoning, the NeuroSym-AML offers a promising edge for 
financial institutions that adopt proactive approaches to the prevention of fraud. It is the performance 
prognosis with respect to detection accuracy, false positives, and adversarial robustness that positions the 
NeuroSym-AML as a promising solution for the financial crime detection in the future. 

But deeper research efforts can be expected to aim for partial resolution of some of the limitations of 
the model. Improvement in scalability, methods that address privacy while preserving privacy, and the 
system's adaptiveness to newer threats will prove to be the supports in increasing or decreasing the popularity 
of NeuroSym-AML. As the model is improved upon, it leaves huge possibility to head many steps ahead in 
the crime-detection market and promotes partnering with counterproductive financial laws. 
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