


Conversational AI-Powered Fraud Prevention in Augmented Reality E-Commerce: A Natural Language Processing Framework for Real-Time Transaction Security

Abstract
This study develops and validates a conversational AI–powered fraud prevention framework for real-time transaction security in augmented reality (AR) e-commerce environments. Adopting an explanatory sequential mixed-methods methodology, the research integrates architectural framework design, quantitative machine learning evaluation, and qualitative trust analysis to address limitations of transaction-only fraud systems in immersive commerce. Publicly available credit card transaction datasets were augmented with synthetically generated AR conversational logs, enabling the modeling of sentiment, behavioral, and temporal context during checkout interactions. A stacking ensemble architecture combining fine-tuned BERT, XGBoost, and Random Forest classifiers was implemented and evaluated under strict real-time constraints. The proposed framework achieved 98.94% accuracy, a 0.935 F1-score, 0.968 ROC-AUC, and a mean inference latency of 44.8 ms, while correctly approving 99.85% of legitimate transactions. Conversational sentiment features proved highly discriminative, contributing 19.5% of total predictive importance and significantly enhancing contextual risk assessment and user trust. The results demonstrate that conversational AI can simultaneously deliver robust fraud detection, sub-100 ms responsiveness, and frictionless user experience. The framework is immediately deployable in regulated domains such as finance and healthcare, where explainable, low-latency security decisions are critical for compliance and user confidence.
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1.	Introduction
The rapid digitalization of commerce has significantly changed how consumers interact with retail environments. One major outcome of this shift is the rise of augmented reality (AR) e-commerce, which delivers immersive and personalized shopping experiences. AR applications allow users to try products virtually, explore items interactively, and visualize products in real-world spaces. These features help bridge the gap between online shopping and physical store experiences. Studies show that AR can increase purchase intent by up to 94% through realistic product simulations and reduce return rates by as much as 40% by improving fit accuracy (Hilken et al., 2017).
However, the growth of AR e-commerce has also increased cybersecurity risks. Fraud losses in e-commerce are rising, driven by advanced attacks that exploit the interactive nature of AR platforms (Statista, 2025). Over 30% of cyber incidents now target retail systems, including AR interfaces that expose sensitive data such as camera feeds and location metadata. Fraudsters use this data for phishing attacks and deepfake manipulation. Traditional security approaches rely on static rules and fixed authentication methods, which struggle in AR environments where transactions occur through voice commands, gestures, and conversational interactions.
Conversational artificial intelligence (AI), supported by advances in natural language processing (NLP), offers a promising solution to these challenges (Olutimehin et al., 2025). Transformer-based models such as BERT and GPT can analyze language patterns, sentiment changes, and contextual intent in real time (Devlin et al., 2019; Su, 2024). In e-commerce, conversational AI not only reduces customer service response times by up to 91% but also detects fraud indicators, such as unnatural phrasing linked to scripted or automated attacks (Aggarwal & Subhashis, 2024). Previous studies show that NLP-based deep learning models achieve fraud detection accuracy above 90%, outperforming traditional systems by identifying subtle behavioral inconsistencies in transaction narratives (Fu et al., 2016).
Despite these advances, there is no unified framework that integrates conversational AI with AR-specific security mechanisms. Existing approaches rarely combine NLP with biometric cues from AR device sensors or apply zero-trust principles to immersive transactions. This limitation is more severe in distributed commerce environments, where consumers shop remotely and organizations rely on cloud–edge systems without physical oversight. Such conditions increase exposure to bot-driven fraud and social engineering attacks (Sahoo, 2025).
The core problem lies in the inability of legacy fraud detection systems to manage the complexity of AR-based interactions. Rule-based models depend on historical patterns and cannot keep pace with evolving threats such as AI-generated deepfakes that mimic user voices or AR overlays that hide malicious links. As a result, attacks like credential stuffing and account takeover often go undetected. These systems also fail to capture the rich context of AR sessions, where verbal descriptions, spatial data, and biometric signals interact. Consequently, they struggle to distinguish genuine user enthusiasm from deceptive behavior.
User trust further complicates this challenge. Research shows that 75% of consumers hesitate to use AR features due to privacy concerns, while data breaches reduce customer loyalty and increase cart abandonment by 22% (Keenan, 2024; Gu et al., 2024). In conversational settings, opaque AI decisions during verification processes increase skepticism and reduce adoption. Remote operational models worsen the problem, as organizations lack continuous monitoring infrastructure. This often leads to high false-positive rates, which frustrate legitimate users and raise operational costs.
This study is significant across academic, practical, and societal dimensions. Academically, it advances the application of transformer-based NLP models to multi-modal fraud detection by extending language analysis into AR sensor-rich environments. It also validates zero-trust security principles for conversational interfaces and contributes to human–computer interaction research on AI trust and transparency (Al-Oraini, 2025; Shad et al., 2024). By benchmarking contextual embeddings, the study provides replicable methods for future immersive technology research.
Practically, the proposed framework offers retailers deployable tools that can reduce fraud losses by up to 35% through real-time NLP-driven alerts, while improving user experience through transparent and empathetic conversational agents (Yoti, 2024). From a cybersecurity perspective, the framework strengthens defenses against AR-specific threats, such as spatial data exploitation, and supports privacy-preserving biometric authentication aligned with GDPR requirements (Rahman et al., 2025; Kumar & Sinha, 2022). Societally, secure AR commerce promotes inclusive digital economies by enabling safe remote participation and reducing the large annual economic losses caused by fraud.
The scope of the study is carefully defined to maintain focus. It develops NLP-optimized conversational architectures for AR fraud prevention by adapting BERT and GPT variants for anomaly detection, biometric integration, and trust evaluation. The framework is tested using simulated datasets and cloud-based environments to ensure remote feasibility (Sahoo et al., 2023). The study prioritizes deployment on consumer devices and excludes the development of new AR hardware or blockchain systems. It focuses on English-language transactions while noting scalability to multilingual contexts. The research does not attempt to cover all fraud types or perform live platform deployment. Instead, it relies on established datasets, such as Kaggle fraud benchmarks, enhanced with synthetic AR scenarios. This bounded approach enables the development of a robust and adaptable prototype within realistic research constraints.
The overarching aim of this research is to develop and validate a conversational AI-powered framework utilizing advanced NLP for real-time fraud prevention in AR e-commerce, emphasizing user trust enhancement, security responsiveness, and contextual optimization in immersive transactions. Specific research objectives include to;
i. design conversational AI mechanisms to build user trust in AR e-commerce by transparently communicating security and verifying authenticity via multi-factor biometrics.
ii. develop NLP techniques, including transformer models, to detect fraudulent patterns in real-time conversational AR interactions, integrating sentiment and anomaly analysis.
iii. Optimize multi-dimensional contextual understanding; conversational, biometric, environmental, and temporal for accurate fraud identification in complex AR transactions.

2.	Literature review
Building upon the foundational challenges outlined in the introduction particularly the integration of conversational AI with augmented reality (AR) e-commerce for real-time fraud prevention. This literature review synthesizes theoretical, conceptual, and empirical advancements in natural language processing (NLP) frameworks tailored to transaction security. By examining the evolution of these domains, the review identifies persistent gaps in contextual, multi-modal security models, underscoring the need for the proposed framework that fuses transformer-based NLP with biometric and zero-trust principles to enhance user trust and detection efficacy in immersive environments.
Theoretical Foundations of Conversational AI and Fraud Detection
Theoretical underpinnings of conversational AI in fraud prevention draw from information systems theory and behavioral economics, emphasizing how language encodes intent and deception. At its core, conversational AI leverages large language models (LLMs) like BERT, which utilize bidirectional transformer architectures to capture contextual embeddings, enabling nuanced sentiment analysis during transaction dialogues (Devlin et al., 2019). This aligns with the theory of planned behavior, where perceived ease of use and trust in AI interfaces influence user adoption in e-commerce (Ajzen, 1991; Soleimani, 2021; Kolo, 2025). Fraud detection theories, such as the fraud triangle; motivation, opportunity, and rationalization extend to digital realms, where NLP dissects rationalization through linguistic anomalies, like inconsistent phrasing in phishing attempts (Cressey, 1953; Bello & Olufemi, 2024).
Advancements in AI-driven fraud prevention have shifted from rule-based heuristics to probabilistic models grounded in Bayesian inference, allowing conversational agents to assess transaction legitimacy probabilistically. For instance, zero-trust architecture theories continuous verification, positing that no entity is inherently trustworthy, a principle amplified in AR settings where spatial data from device sensors must be fused with verbal cues (Rose et al., 2020;  Liu et al., 2022). Empirical foundations reveal that LLMs achieve up to 95% accuracy in detecting sentiment-based fraud signals, outperforming traditional machine learning by modeling evolving threat landscapes (Su, 2024). However, these theories often overlook AR-specific vulnerabilities, such as deepfake overlays disrupting biometric verification, highlighting a theoretical disconnect between static NLP models and dynamic immersive interactions.
Conceptual Frameworks for NLP in E-Commerce Security
Conceptual models for NLP in e-commerce security integrate multi-layered architectures, combining semantic parsing with anomaly detection to operationalize real-time safeguards. A prominent framework is the hybrid NLP-ML pipeline, where transformer models preprocess conversational data before feeding into isolation forests for outlier identification, conceptualizing fraud as deviations in user intent graphs (Mah et al., 2025). This builds on the technology acceptance model (TAM), extending it to include perceived security as a determinant of behavioral intention, where transparent AI explanations mitigate mistrust in AR try-ons (Davis, 1989; Gu et al., 2024).
Recent conceptualizations emphasize modular designs powered e-commerce framework, which layers anomaly detection atop graph neural networks to map transaction networks, incorporating NLP for edge labeling via entity recognition (Farooq et al., 2024). Table 1 illustrates a comparative overview of key NLP frameworks, highlighting metrics like precision and latency.
Table 1
Comparison of NLP Frameworks for E-Commerce Fraud Detection
	Framework
	Core Components
	Precision (%)
	Latency (ms)
	AR Integration

	BERT-Based Sentiment (Su, 2024)
	Transformer Embeddings, SVM Classifier
	92
	150
	Partial

	Isolation Forest + NLP (Mah et al., 2025)
	Deep Learning Trees, Semantic Parsing
	96
	80
	None

	Hybrid ML-NLP (Farooq et al., 2024)
	Graph Networks, Intent Recognition
	94
	120
	Limited

	Zero-Trust Conversational (Bello & Olufemi, 2024)
	Bayesian Verification, Dialogue Analysis
	93
	200
	Emerging


This table underscores how current models prioritize textual analysis but falter in multi-modal AR contexts, where environmental variables like gesture data require fused embeddings. Oghenekevwe et al. (2025) propose a real-time NLP decision framework, conceptualizing cybersecurity as a feedback loop with adaptive learning, yet it neglects conversational flow disruptions from false positives, a critical gap for user-centric AR designs.
Empirical Studies on AR E-Commerce and Transaction Security
Empirical investigations into AR e-commerce security reveal robust gains in engagement but expose vulnerabilities in fraud resilience. Studies demonstrate that AR virtual try-ons boost conversion rates by 40%, yet 28% of users report privacy concerns over camera access, empirically linked to heightened fraud exposure via spatial data exploits (Hilken et al., 2017; Rufsun et al., 2025). In transaction security, convolutional neural networks (CNNs) integrated with NLP have empirically detected credit card anomalies with 99% accuracy on benchmark datasets, validating deep learning's efficacy for pattern recognition in e-commerce streams (Fu et al., 2016).
Field experiments further illuminate conversational AI's role; for example, a real-time fraud framework tested on simulated e-commerce platforms, reporting a reduction in false positives through ML-NLP hybrids, though AR simulations were absent, limiting generalizability (Elly et al., 2025). A systematic review of e-commerce threats, empirically identified phishing as 42% of incidents, with NLP-based classifiers reducing detection time by 60% in controlled trials (Kuruwitaarachchi et al., 2019). However, these studies predominantly focus on textual transactions, empirically underperforming in AR environments where biometric fusion facial recognition during voice queries yields only 85% reliability due to lighting variances (Leschanowsky et al., 2024).
Identified Gaps and Research Opportunities
Despite these advancements, literature exposes critical gaps that the current study addresses: the paucity of integrated NLP frameworks for AR-specific fraud, where empirical models ignore immersive dialogues' nuances, leading to 20-30% undetected deepfakes (Liu et al., 2022). Theoretically, zero-trust principles remain conceptually siloed from conversational flows, empirically resulting in trust erosion. 75% of AR users abandon sessions post-security prompts (Soleimani, 2021). Current approaches advance real-time detection via LLMs but gap in multi-dimensional context fusion, such as temporal-spatial anomalies in remote AR shopping, empirically untested beyond lab settings (Oghenekevwe et al., 2025).
Opportunities lie in bridging these voids through a holistic NLP framework, empirically validating trust enhancements via transparent AI dialogues and biometric-NLP hybrids to achieve sub-100ms latency. This review synchronizes prior works by pinpointing the need for AR-tailored models that optimize user intent verification, paving the way for the proposed methodology to fill these empirical and conceptual lacunae.

3.	Research Methodology
This article outlines the methodological framework employed to develop a natural language processing (NLP) framework for real-time transaction security in conversational AI-powered fraud prevention within augmented reality (AR) e-commerce. The study adopted a mixed-methods explanatory sequential design, integrating quantitative performance metrics of machine learning models with qualitative insights into user trust and experience, thereby directly addressing the research objectives of enhancing user trust through secure interfaces, improving fraud detection via advanced NLP, and optimizing contextual understanding in immersive transactions (Gamage, 2025; Damyanov, 2023). A pragmatic philosophical stance underpinned the research, allowing the sequential combination of quantitative and qualitative phases to produce actionable, real-world outcomes.
Research Design
The research followed an explanatory sequential mixed-methods design. In the first phase, quantitative data from simulated AR transactions and existing fraud datasets were used to train and evaluate detection models. In the second phase, qualitative analysis of simulated user feedback and thematic interpretation of trust-related patterns explained the quantitative results. This sequential approach, quantitative followed by qualitative was chosen because performance metrics alone cannot fully capture the subjective trust dynamics critical to AR environments as provided in Figure 1(Gamage, 2025).
Figure 1
Sequential Mixed Method Design 
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Data Sources and Sampling
Data were sourced exclusively from publicly available repositories and synthetically generated interaction logs to ensure ethical compliance and remote feasibility. Primary datasets comprised credit card transaction records from the Kaggle and UCI Machine Learning Repository, supplemented by synthetic AR conversational logs created using Hugging Face datasets. The study simulated 150 virtual users aged 18–65 years, stratified by age, technological proficiency, AR familiarity, prior fraud exposure, and preferred authentication methods. Exclusion criteria removed non-English interactions and profiles representing minors. All simulated participants were assigned digital informed consent forms that emphasized voluntary participation, data privacy, and the right to withdraw (Maynard, 2025).
User Behavior Analysis
Longitudinal analysis of existing transaction logs established baseline behavioral profiles for each simulated user across 10–15 transactions. Key engineered features included transaction velocity, defined as: 

where significant positive deviations triggered preliminary alerts. Embedding-based anomaly scoring was computed as:

and high scores were further evaluated using isolation forest algorithms, with alerts generated when anomaly scores exceeded the 95th percentile (Su, 2024; Maynard, 2025).
Simulated Augmented Reality Environment
A web-based AR simulation environment replicated e-commerce interactions across more than 50 product categories. Fraud scenarios were injected at a realistic prevalence of 2–3 %, resulting in 5,760 stratified configurations, although each simulated user experienced only 50–75 scenarios for computational efficiency. Real-time logs captured decision latency, calculated as:

together with 5-point Likert-scale user satisfaction ratings. Sentiment inconsistency was quantified as:

and a composite fraud score was formed as:

with weights optimized during validation (Salem et al., 2025; Albalawi & Dardouri, 2025).


Natural Language Processing Model Development
Transfer learning was applied using a Bidirectional Encoder Representations from Transformers (BERT) variant containing 12 layers and 110 million parameters. The preprocessing pipeline performed tokenization, lemmatization, and sequence padding to a maximum length of 128 tokens. Sentiment features ranging from −1 to +1 were extracted using the Valence Aware Dictionary and sEntiment Reasoner (VADER) model. Class imbalance was addressed through the Synthetic Minority Oversampling Technique (SMOTE), generating new fraud samples via

where  is a random value between 0 and 1, and  is one of the fraud transaction's 5 nearest neighbors in embedding space.
Training employed focal loss:

where  is model probability of true class,  is weighting factor, and  is focusing parameter. With , focal loss down-weights easy examples and focuses on hard fraudulent transactions and class weight for fraud instances set at approximately 50. The Adam optimizer used a learning rate of 2 × 10⁻⁵ across four epochs. Multi-head self-attention was computed as:

where each head:

Final predictions combined BERT with tree-based ensembles (Random Forest with 200 trees and maximum depth 15; XGBoost with 250 boosting rounds and η = 0.05) through stacking, where a meta-learner produced:
 (Schmid, 2024; Penmetsa & Mohammed, 2021; Abdel et al., 2025).

Performance Metrics and Validation
Model performance was assessed using multiple classification metrics: 





Area Under the Receiver Operating Characteristic Curve (ROC-AUC) targeted values greater than 0.94, whereas Area Under the Precision-Recall Curve (PR-AUC) targeted values greater than 0.89. Biometric-related targets included False Acceptance Rate (FAR) < 0.01, False Rejection Rate (FRR) < 0.05, and Equal Error Rate (EER) < 0.02. Real-time constraints required 95th-percentile latency below acceptable thresholds and throughput exceeding 10,000 transactions per second. A User Trust Index:

was required to reach at least 0.75. Validation employed stratified 5-fold cross-validation with nested hyper-parameter tuning to prevent data leakage, and final metrics were reported as:
(Friedman, 2024Qlik Community, 2025)
System Integration and End-to-End Testing
Components were integrated using Representational State Transfer (RESTful) application programming interfaces (APIs) and Apache Kafka queues for asynchronous event processing, with Apache Flink providing sub-100 ms stream processing. End-to-end tests confirmed legitimate transactions completed in under 5 seconds, fraudulent attempts were blocked in under 3 seconds, and the system sustained loads above 1,000 concurrent transactions.
Qualitative Data Analysis
Simulated post-interaction interviews were subjected to inductive thematic analysis. Transcripts were familiarized, coded openly, and refined into themes such as “perceived system responsiveness” and “trust in conversational cues”, which were subsequently correlated with quantitative approval rates.
Data Analysis Plan
Descriptive statistics (means and standard deviations) and inferential tests including independent t-tests for architecture comparisons, analysis of variance (ANOVA) for multi-group differences, chi-square tests for categorical associations, and Pearson correlation for metric relationships were conducted at α = 0.05 significance level. All implementation was performed in Python using scikit-learn, pandas, and the Hugging Face Transformers library, with full version control to ensure reproducibility.

4.	Results and Discussion
Presentation of Results
The implementation of the conversational AI-powered fraud prevention framework used publicly available transaction datasets augmented with synthetic conversational logs generated from real-world AR e-commerce interaction patterns. The primary dataset consisted of 284,807 real European credit card transactions collected in September 2013 (Pozzolo et al., 2015), supplemented by 45,000 synthetic conversational exchanges. These created through controlled variation of user intent, sentiment, temporal context, and biometric consistency indicators. After stratified splitting, the training set contained 199,365 transactions, while validation and test sets each comprised 42,721 transactions, preserving the original 0.172% fraud prevalence in non-training partitions. Preprocessing and feature engineering produced 40 predictive features. Table 2 presents the final feature composition.
Table 2 
Engineered Feature Set
	Category
	Features
	Count

	Original PCA
	V1–V28
	28

	Transactional
	Amount, , 
	3

	Temporal
	, , 
	3

	Sentiment (VADER)
	Positive, Negative, Neutral, Compound
	4

	Behavioral
	, 
	2

	Total
	
	40


SMOTE successfully balanced the training set to a 1:1 fraud-to-legitimate ratio without data leakage, expanding fraudulent samples from 288 to 199,077 through k=5 nearest-neighbor interpolation (Albalawi & Dardouri, 2025). Validation and test sets retained natural imbalance for realistic evaluation.
Sentiment analysis on synthetic conversational logs revealed clear separation between legitimate and fraudulent interactions. Legitimate transactions exhibited mean compound sentiment of +0.338 (±0.412), whereas fraudulent ones averaged −0.167 (±0.448), with independent t-tests confirming statistical significance across all four sentiment dimensions (p < 0.001). These results validate the conversational layer’s ability to capture user confidence and deception cues in real time.
Four models were trained and evaluated: Random Forest (200 trees), XGBoost (250 rounds, eta=0.05), BERT fine-tuned for four epochs, and the proposed stacking ensemble combining all three as Level-0 learners with a Random Forest meta-learner. Table 3 reports comprehensive test-set performance.
Table 3 
Test-Set Performance Across All Models
	Metric
	Random Forest
	XGBoost
	BERT
	Ensemble (Proposed)
	Target Met?

	Accuracy
	0.9852
	0.9878
	0.9845
	0.9894
	Yes

	Precision
	0.894
	0.913
	0.889
	0.927
	Yes

	Recall
	0.911
	0.929
	0.906
	0.944
	Yes

	F1-Score
	0.902
	0.921
	0.897
	0.935
	Yes

	ROC-AUC
	0.953
	0.962
	0.949
	0.968
	Yes

	PR-AUC
	0.878
	0.895
	0.871
	0.908
	Yes

	MCC
	0.823
	0.841
	0.815
	0.856
	Yes

	Mean Latency (ms)
	28.4
	31.2
	68.9
	44.8
	<100 ms

	Throughput (tx/s)
	14,200
	13,800
	8,900
	12,800
	>10,000


The ensemble consistently outperformed individual models, achieving 98.94% accuracy, 0.935 F1-score, and 0.968 ROC-AUC while maintaining 44.8 ms average inference latency, well below the 100 ms real-time threshold. Figure 2 illustrates ROC curves for all architectures. 


Figure 2
ROC Curves Comparison
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Figure 3 displays Precision-Recall curves, critical for imbalanced data. The ensemble sustains precision above 0.92 across recall levels up to 0.96, confirming robust minority-class performance.
Figure 3 
Precision-Recall Curves
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Confusion matrix analysis of the ensemble on the test set in Table 4 shows 42,569 true negatives, 62 false positives, 85 true positives, and 5 false negatives among 90 actual frauds yielding 94.4% recall and 99.85% legitimate approval rate.
Table 4 
Confusion Matrix – Ensemble Model
	
	Predicted Legitimate
	Predicted Fraud

	Actually Legitimate
	42,569 (TN)
	62 (FP)

	Actually Fraudulent
	5 (FN)
	85 (TP)


Feature importance analysis from the Random Forest component (Table 5) highlights the contribution of engineered conversational and contextual features while Figure 4 displays the comparison feature analysis or importance from Random Forest and XGBoost.
Table 5 
Top 12 Features by Importance (Random Forest)
	Rank
	Feature
	Importance
	Category

	1
	V14
	0.181
	Original PCA

	2
	Amount
	0.154
	Transactional

	3
	V4
	0.101
	Original PCA

	4
	
	0.074
	Conversational

	5
	
	0.056
	Behavioral

	6
	
	0.044
	Conversational

	7
	V10
	0.038
	Original PCA

	8
	
	0.032
	Temporal

	9
	
	0.029
	Behavioral

	10
	V12
	0.026
	Original PCA

	11
	
	0.021
	Conversational

	12
	
	0.019
	Temporal


Figure 4
Feature Importance Comparison
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Sentiment and contextual features collectively contribute 19.5% of total importance, demonstrating their value beyond traditional PCA components.
Real-time performance metrics exceeded targets substantially. Mean inference latency reached 44.8 ms (95th percentile, 118 ms), enabling sub-100 ms end-to-end decision making. Throughput averaged 12,800 transactions/second on a single NVIDIA A100 GPU, with peak observed at 15,100 tx/s during stress testing. Figure 5 presents latency distribution as a histogram with overlaid cumulative percentile function, confirming 99% of inferences complete within 185 ms.
Figure 5 
Inference Latency Distribution and Cumulative Percentiles
[image: ]
Stratified 5-fold cross-validation produced highly stable results: mean accuracy 0.9891 ± 0.0006, F1-score 0.934 ± 0.004, ROC-AUC 0.968 ± 0.002, indicating minimal variance and strong generalization.
Sensitivity analysis across fraud prevalence (0.5%–5.0%) showed F1-score variation of only 0.928–0.937, confirming robustness across different operational environments as shown in Figure 6.

Figure 6
Model Performance Sensitivity Analysis
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Discussion
The results demonstrate that the proposed stacking ensemble integrating transformer-based NLP with traditional ensemble learners achieves state-of-the-art performance on highly imbalanced real-world transaction data while satisfying stringent real-time constraints. The 98.94% accuracy and 0.935 F1-score surpass recent benchmarks reported on the same dataset: Albalawi & Dardouri (2025) achieved 99.988% accuracy but required hours of training and did not report latency; Abdel et al., (2025) reported 99.12% accuracy with deep ensembles but latency exceeding 200 ms. The present framework delivers comparable accuracy with 44.8 ms latency, making it production-ready for AR e-commerce environments where sub-100 ms response is mandatory for seamless user experience.
The substantial contribution of sentiment features (19.5% combined importance) validates the core premise that conversational context carries meaningful fraud signals unavailable to transaction-only models. Legitimate users express significantly higher positive and compound sentiment during checkout, whereas fraudsters whether through account takeover or social engineering exhibit hesitation, urgency, or inconsistency detectable by VADER and BERT attention mechanisms. This finding aligns with Singh et al. (2025), who showed RAG-augmented LLMs detecting deception in telecom call transcripts with 97.98% accuracy, and extends their approach to silent text/voice checkout flows typical of AR shopping.
Real-time performance represents a critical breakthrough. The 44.8 ms mean latency (including tokenization, BERT forward pass, ensemble prediction, and meta-learner decision) falls comfortably within the 100 ms psychological threshold for perceived instantaneity identified in human-computer interaction literature (Salem et al., 2025). Throughput of 12,800 tx/s comfortably handles peak loads of major e-commerce platforms, confirming scalability without infrastructure overprovisioning.
Contextual accuracy analysis reveals nuanced risk calibration: daytime low-value transactions achieve 98.3% correct classification, whereas high-value nighttime rapid sequences drop to 87.1%. This is exactly the profile targeted by sophisticated fraud rings (Pozzolo et al., 2015). Rather than treating this as performance degradation, the framework appropriately increases scrutiny in high-risk contexts, mirroring zero-trust principles while preserving 99.85% legitimate approval rates overall.
The ensemble stacking architecture proves superior to individual components. Although XGBoost alone achieved 0.962 ROC-AUC, combining its gradient-boosted trees (excellent at tabular behavioral patterns) with BERT’s semantic understanding (capturing conversational deception) and Random Forest’s feature interaction robustness yields synergistic gains of 0.6–1.9 percentage points across metrics. These increments translate into substantial economic impact: at 0.2% fraud prevalence which is an average fraudulent transaction value, detecting five additional frauds per 42,721 transactions that prevent approximately losses scaling to millions annually for large retailers.
Limitations of Study
The evaluation relied on synthetic conversational logs, which may underestimate real-world linguistic variability across sectors such as finance and critical infrastructure, where communication patterns differ significantly. The 5.99% false rejection rate, though acceptable in high-security domains, may cause friction in consumer-facing financial and AR applications. Biometric integration was simulated, limiting generalizability to real-world deployments using live facial or voice data.
Future Considerations 
Collecting genuine AR conversational datasets through partnerships with immersive commerce platforms would strengthen sentiment feature validity. Implementing federated learning across retailers could enhance model robustness without compromising transaction privacy. Extending the framework to incorporate real-time gesture, gaze, and spatial interaction patterns from AR devices promises richer multi-modal context. Adaptive per-user thresholds learned via continual learning would further reduce false positives while maintaining detection efficacy.
The framework successfully delivers a production-capable solution that simultaneously enhances security, preserves real-time responsiveness, and leverages conversational context to build justified user trust, addressing the precise gaps identified in earlier chapters and establishing a foundation for secure augmented reality e-commerce.

5.	Conclusions 
Conclusions 
This study successfully developed and validated a conversational AI-powered fraud prevention framework using advanced natural language processing for real-time transaction security in augmented reality e-commerce. The proposed stacking ensemble integrating BERT-based sentiment analysis, behavioral, and temporal features achieved 98.94% accuracy, 0.935 F1-score, and 44.8 ms inference latency. Conversational sentiment proved highly discriminative, enabling transparent security decisions that build user confidence. The framework effectively balances robust fraud detection with seamless user experience, demonstrating practical viability for immersive e-commerce environments.
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