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Abstract

This scholarly article examines the paradigm shift in digital banking risk detection from traditional post-transaction
analysis to pre-transaction intelligence powered by artificial intelligence. The transformation represents a fundamental
change in how financial institutions approach fraud prevention and risk management. Through an analysis of current
technological frameworks, implementation challenges, and emerging capabilities, this paper demonstrates how pre-
transaction intelligence is revolutionizing the banking sector's approach to security while balancing customer
experience considerations
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1. Introduction

The digital transformation of banking has created unprecedented opportunities for financial institutions to serve
customers more efficiently, but it has simultaneously introduced new vectors for fraud and financial crime. Historically,
banking risk detection frameworks operated primarily in a post-transaction paradigm, where suspicious activities were
flagged after completion, limiting the institution's ability to prevent financial loss and reputational damage proactively.

This paper explores the technological revolution enabling the shift toward pre-transaction intelligence - the ability to
detect and prevent fraudulent transactions before they occur. This transformation represents not merely an
incremental improvement but a fundamental reimagining of risk management in digital banking, which promises to
reduce fraud losses while dramatically improving customer experience.

2. Historical Evolution of Banking Risk Detection

The evolution of banking risk detection systems can be divided into distinct phases, each representing a significant
advance in approach and capability.
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Table 1 Historical Evolution of Banking Risk Detection Systems

Era Time Primary Approach | Key Technologies Limitations
Period
Manual Oversight Pre-1970s | Human review of | Paper ledgers, manual | Scale limitations, human
transactions reconciliation error
Rules-Based 1970s- Static rules engines Mainframe computing, | Binary decisions, high
Systems 1990s batch processing false positives
Statistical Models 1990s- Probability-based Data warehousing, | Limited adaptability to
2000s detection statistical analysis new threats
Machine Learning 2000s- Pattern recognition Supervised learning, | Post-transaction focus,
2015 anomaly detection latency
Advanced Al 2015- Predictive Deep learning, real-time | Implementation
Present intelligence processing complexity
Pre-Transaction 2020- Preventive analytics | Federated learning, edge | Emerging paradigm
Intelligence Present computing

As illustrated in Figure 1, the transition from post-transaction to pre-transaction intelligence represents a fundamental
shift in approach rather than merely technological advancement.

POST-TRANSACTION PARADIGM

PRE-TRANSACTION PARADIGM

| Risk Intelligence |
| Application |

Figure 1 Risk Detection Paradigm Shift
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3. Technological Foundations of Pre-Transaction Intelligence

3.1. Machine Learning Architectures

Significant advances in machine learning architectures have enabled the transition to pre-transaction intelligence.
Traditional models often struggled with the high-dimensional complexity of financial transaction data, particularly

when operating under the strict latency requirements necessary for pre-transaction analysis.

Recent breakthroughs in deep learning architectures have addressed these limitations through:

e Transformer-Based Models: Initially developed for natural language processing, transformer architectures
have proven remarkably effective for sequential transaction data analysis, capturing complex dependencies

across user behavior patterns.

e Graph Neural Networks (GNNs): These models excel at detecting complex relationships between accounts,
beneficiaries, and transaction patterns, enabling the identification of sophisticated fraud rings that might evade

traditional detection methods.

e Hybrid Model Architectures: Combining multiple model types to leverage the strengths of each approach

while mitigating weaknesses.

INPUT LAYER FEATURE EXTRACTION
| Transaction Details | | Transformer Encoder | | Risk Score |

| User Device Data |--->| Graph Neural Network |--->| Decision Logic

| Historical Patterns | | Attention Mechanism |

| Behavioral Signals | | Temporal Convolution |

DECISION LAYER

| Confidence Metrics |
| Explainability Data |

Figure 2 Deep Learning Architecture for Pre-Transaction Intelligence

3.2. Real-Time Data Processing Systems

Pre-transaction intelligence requires processing vast amounts of data with extremely low latency, typically under 100
milliseconds. This requirement has driven the development of specialized data processing architectures:

Table 2 Comparison of Data Processing Architectures for Banking Risk Detection

Architecture Latency Throughput | Scalability Use Cases in Banking

Batch Processing | Hours Very High Linear Regulatory reporting, EOD reconciliation
Micro-Batch Minutes High Linear Intra-day risk reporting

Stream Processing | Seconds Medium Sub-linear Near-real-time alerts

Event Processing | Milliseconds | Low-Medium | Horizontal Pre-transaction decisioning

Edge Computing Microseconds | Low Device-limited | In-app fraud prevention

Modern pre-transaction systems typically employ a hybrid approach, utilizing:

e Event Streaming Platforms: Technologies like Apache Kafka and Pulsar create a central nervous system for

transaction data, enabling real-time processing while maintaining system resilience.

e In-Memory Computing: By leveraging RAM rather than disk-based storage, these systems achieve the sub-

100ms latency requirements for pre-transaction decisioning.

e Edge Computing: Pushing certain risk detection capabilities to customer devices reduces central processing

requirements and network latency.
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3.3. Behavioral Biometrics

A critical component of pre-transaction intelligence is the ability to continuously authenticate users through behavioral
biometrics - the unique patterns in how individuals interact with their devices and applications.

R +
| DEVICE INTERACTION|
. R — +
/o \
/ | \
S + - + +

T + +---- + Fommmmm e +
| - Keystroke | |-Appusage | |- Gyroscope |

| dynamics | | patterns | | data |
| - Typing speed | | -Feature | |- Accelerometer|

| - Error | | interaction | | readings |

| patterns | | sequence | |-Device |

| - Input | |- Session | | orientation |

| corrections | | patterns | | patterns |

e e + +---- + o +

Figure 3 Behavioral Biometric Signals in Digital Banking

Unlike traditional biometrics that require explicit authentication steps, behavioral biometrics operate continuously and
passively, creating a stronger security posture without adding friction to the customer experience. Modern systems can

detect anomalies in user behavior with remarkable accuracy:

Table 3 Behavioral Biometric Performance Metrics

Biometric Signal Type | False Positive Rate | False Negative Rate | Implementation Complexity
Keystroke Dynamics 2.1% 1.8% Medium

Touch Gesture Analysis | 3.4% 2.7% Medium

Navigation Patterns 4.2% 3.5% Low

Device Handling 3.8% 3.2% High

Combined Approach 0.8% 0.7% Very High

4. Implementation Framework

Implementing pre-transaction intelligence requires a structured approach addressing technological, organizational, and
customer experience considerations. The following framework provides a comprehensive roadmap:

3934



World Journal of Advanced Research and Reviews, 2025, 26(01), 3931-3939

+ +
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| | + +
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| DATA INFRASTRUCTURE | | + +
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| - Integration architecture |<------ [------ >| - Data science talent |
| - Data quality frameworks | | |- Engineering expertise|
+ | : +
| | |
v v v
} + + +
| ANALYTICAL CAPABILITIES | | CUSTOMEREXPERIENCE |
| - Model development |<--->| - Friction calibration |
| - Feature engineering | | - Transparency design |
| - Performance monitoring | | - Intervention strategy |
+ o+ +
| |
v v
} +
| CONTINUQUS EVOLUTION |
| - Model retraining |
| - Threat adaptation |
| - Performance optimization |
+

Figure 4 Pre-Transaction Intelligence Implementation Framework

This framework emphasizes the need to balance technical implementation and organizational considerations, with
customer experience as a critical guardrail throughout the process.

5. Banking Industry Applications

5.1. Retail Banking

In retail banking, pre-transaction intelligence has shown particular promise in addressing several persistent fraud
scenarios:

e Account Takeover (ATO) Prevention: Rather than detecting ATO after suspicious transfers, pre-transaction
systems identify behavioral anomalies during login and navigation, preventing fraudulent access before
initiating transactions.

e Real-Time Payment Fraud: With the proliferation of instant payment systems globally, pre-transaction
intelligence has become essential for evaluating risk before funds become irrecoverable.

e New Account Fraud (NAF): Advanced entity resolution techniques now enable banks to identify synthetic
identities during account opening processes, preventing fraudulent accounts from being established.
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Table 4 Retail Banking Pre-Transaction Intelligence Applications and Outcomes

Application Area

Key Technologies

Reported Reduction
in Fraud Losses

Customer Friction Impact

Mobile Banking Authentication |Behavioral Biometrics 62% -31% (reduced)
Real-Time Payments Hybrid ML Models 74% +12% (increased)
New Account Opening Entity Resolution Networks | 83% +8% (increased)
Card-Not-Present Transactions |Device Intelligence 58% -17% (reduced)
P2P Payments Network Analysis 67% +5% (increased)

5.2. Commercial Banking

Commercial banking presents unique challenges for pre-transaction intelligence, given the high-value, low-volume
nature of many transactions and the complex approval workflows involved:

Business Email Compromise (BEC): Advanced linguistic analysis now enables detection of compromised

email accounts or social engineering attempts before payments are authorized.

e Supply Chain Finance Fraud: Network analysis techniques identify unusual relationships between
supposedly independent entities in supply chain financing arrangements.

e Treasury Management Security: Multi-factor behavioral analytics account for multiple authorized users

within a single corporate account.

+ +
| EXTERNAL DATA SOURCES \
| - Business registries |

| - Director databases |

| - Sanctions lists |

| - News and media |

+ +

|

v

+ 4+ + o+ +

TRANSACTION CONTEXT | | ENTITYINTELLIGENCE | | BEHAVIORAL ANALYSIS |
| - Corporate structures | | - User activity \

| - Relationship maps | |- Session anomalies |

| - Beneficial ownership | |- Approval patterns |

+ o+ + o+ +

Payment patterns |

+
|

[-

| - Business purpose |
| - Historical baselines |
+

\ | \
v A v
+ +
| RISKDECISIONING ENGINE |
| - Multi-factor scoring \
| - Business rules application |
| - Human-in-the-loop workflow |

+

v
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| INTERVENTION STRATEGIES \
| - Step-up authentication |

| - Out-of-band verification |

| - Relationship manager alert |
| - Dynamic limits |

+

Figure 5 Commercial Banking Fraud Prevention Architecture
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5.3. Investment Banking

Investment banking introduces additional complexities in pre-transaction intelligence implementation:

e Market Manipulation Detection: Al systems now analyze trading patterns across markets to identify
potential manipulation before executing orders.
e AML in Securities Transactions: Graph-based analytics identify complex layering schemes and structured
transactions designed to obscure the source of funds.
e Insider Trading Prevention: Natural language processing of internal communications helps identify potential
insider trading before trades are executed.

6. Performance Metrics and Evaluation

Measuring the effectiveness of pre-transaction intelligence systems requires a multidimensional approach that balances
fraud prevention, customer experience, and operational efficiency.

Table 5 Key Performance Indicators for Pre-Transaction Intelligence

EFFECTIVENESS

FRAUD PREVENTION |

Category Metric Description Industry
Benchmark
Fraud Prevention Prevention Rate Percentage of fraud attempts prevented | 73-87%
before execution
Fraud Prevention Fraud Loss | Year-over-year reduction in fraud losses 35-60%
Reduction
Customer Experience False Positive Rate | Legitimate transactions incorrectly identified | 1-3%
as suspicious
Customer Experience | Authentication Additional steps required for transaction | <5% of
Friction completion transactions
Operational Efficiency | Automation Rate Percentage of decisions made without human | 92-98%
intervention
Operational Efficiency | Investigation Time | Average time to resolve flagged transactions | <2 hours
Technical Performance | Decision Latency Time to render a risk decision <100ms
Technical Performance | System Availability | Uptime of the pre-transaction intelligence | 99.99%
system
HIGH

OPTIMAL
OPERATING
| REGION

/e

LOW
LOW

CUSTOMER FRICTION HIGH

Figure 6 Performance

Trade-offs in Pre-Transaction Intelligence
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7. Regulatory Considerations

Pre-transaction intelligence operates within a complex regulatory landscape that varies by jurisdiction but typically

includes requirements related to:

Explainability: Regulators increasingly demand that Al-driven decisions be explainable, particularly when
they result in declined transactions or account restrictions.

Data Protection: Pre-transaction systems must navigate GDPR, CCPA, and similar regulations governing the
collection and processing of personal data.

Model Risk Management: Banking regulators require robust governance frameworks for Al models, including
validation, monitoring, and controls.

Table 6 Key Regulatory Requirements by Region

Region

Key Regulations

Primary Requirements

Implementation Impact

United States

SR 11-7, GLBA, FCRA

Model documentation, Consumer protections

High (documentation)

European GDPR, PSD2, Al Act |Explainability, Data minimization Very High (design constraints)
Union

United FCA Al Guidelines Outcome testing, Senior accountability Medium (governance)
Kingdom

Asia-Pacific

Various by country

Generally technology-neutral

Varies

8. Future Directions

The evolution of pre-transaction intelligence continues across several frontier areas:

Federated Learning: Enabling banks to collaborate on fraud detection models without sharing sensitive
customer data, potentially increasing collective detection capabilities by 40-60%.

Quantum-Resistant Cryptography: As quantum computing threatens existing encryption, new approaches to
secure transaction data during pre-transaction analysis become essential.

Cross-Channel Intelligence: Extending pre-transaction analysis beyond traditional banking channels to
include emerging payment methods and financial services.

| « Deep learning

2025 2030
| |
| |
| CURRENT EMERGING FRONTIER |
| CAPABILITIES TECHNOLOGIES RESEARCH |

« Federated learning

| architectures » Edge Al computing|
| « Behavioral « Zero-knowledge + Neuromorphic|
| biometrics proofs systems |
| «Real-time * Homomorphic « Continuous|
| processing encryption authentication|
| « Graph analytics + Explainable Al « Prescriptive|
| « Synthetic data analytics|

generation

e Quantum |

Figure 7 Projected Evolution of Pre-Transaction Intelligence (2025-2030)
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9. Conclusion

The shift from post-transaction to pre-transaction intelligence represents a fundamental transformation in how
financial institutions approach risk management. This paradigm shift, enabled by advances in artificial intelligence, data
processing capabilities, and behavioral analytics, promises to dramatically reduce fraud losses while potentially
improving customer experience through reduced friction. Implementing pre-transaction intelligence is not without
challenges, particularly in areas of technical complexity, regulatory compliance, and organizational change
management. However, early adopters have demonstrated compelling results, with fraud prevention rates increasing
by 60-80% compared to traditional post-transaction approaches. As this technology evolves, the distinction between
authentication and fraud detection will likely dissolve into a continuous security model where customer identity and
transaction legitimacy are constantly evaluated in real-time. Financial institutions that successfully navigate this
transition will reduce fraud losses and potentially gain a competitive advantage through superior customer experiences
and operational efficiency.
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