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ABSTRACT: Financial transaction fraud has evolved into a dynamic, adversarial problem that demands
detection systems capable of operating continuously at event velocity while remaining adaptive,
explainable, and auditable. This article constructs a comprehensive theoretical and design framework—
Adaptive Streaming Intelligence (ASI)—for real-time financial fraud detection that situates machine
learning models within robust streaming infrastructures (with Apache Kafka as the canonical substrate),
integrates hybrid model families (supervised classifiers, anomaly detectors, graph analytics, and generative
adversarial techniques), and embeds alarm-verification and human-in-the-loop governance to manage false
positives and regulatory obligations. Drawing on prior empirical and architectural studies (Rajeshwari &
Babu, 2016; Hanae et al., 2023; Manoharan et al., 2024), as well as contemporary reviews of Al approaches
in fraud prevention (Bello et al., 2023; Rahman et al., 2024), the ASI framework prescribes layered
processing: ultralow-latency fast paths for authorization decisions, contextual mid-path scoring for
refinement, deferred deep analysis for network-level patterns, and adaptive model lifecycle processes for
continuous learning. The framework details feature engineering patterns for streaming contexts, techniques
for handling class imbalance and concept drift, ensemble and online adaptation strategies, and operational
principles for observability, privacy, and forensic traceability. The article concludes with a prioritized
empirical agenda—sandbox pilots, adversarial stress tests, and cross-institutional trials—designed to
validate performance expectations and to map governance requirements across jurisdictions. This synthesis
aims to offer practical theoretical guidance for both researchers and practitioners striving to make real-time
fraud detection resilient, scalable, and ethically accountable.

Keywords: Real-time fraud detection; streaming analytics; Kafka; adaptive machine learning; alarm
verification; graph analytics.

INTRODUCTION

The digitalization of payments and banking has dramatically shifted the terrain of financial risk. Digital
payment rails, mobile wallets, open banking APIs, and instantaneous settlement mechanisms have
increased transaction volumes and decreased the window available to intervene in fraudulent activity.
These changes elevate the imperative for detection systems that operate at streaming speed—able to ingest,
enrich, and act upon transactions in fractions of a second—while simultaneously adapting to rapidly
evolving adversarial tactics and preserving evidentiary integrity for audit and compliance (Rajeshwari &
Babu, 2016; Rahman et al., 2024). Traditional batch analytics and static rule sets, once serviceable, are now
insufficient: they impose unacceptable detection latency and fail to generalize to emergent schemes such
as synthetic identity fraud, transaction laundering, and coordinated micro-testing (Nicholas & Levi, 2023,;
Bello et al., 2023).

A cohesive solution requires two complementary capabilities. First, an infrastructural substrate that
guarantees ordered, fault-tolerant, and horizontally scalable event processing; Apache Kafka and associated
stream processing frameworks exemplify such substrates and have become de facto standards for real-time
analytics (Dunning & Friedman, 2016; Crettaz & Dean, 2019). Second, a family of adaptive machine
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intelligence techniques that together cover different kinds of fraud signal: supervised classifiers for known
patterns, anomaly detectors for novel behaviors, graph analytics for network-level collusion, and
generative/adversarial approaches to probe and harden systems (Manoharan et al., 2024; Molloy et al.,
2016; Goodfellow et al., 2014).

Existing literature often addresses these elements separately: streaming architecture design is described in
systems engineering venues; machine learning for fraud is discussed in applied ML and security literature;
alarm-verification and case-management are explored in human-computer interaction and operational
research contexts (Sima et al., 2018; Hanae et al., 2023). The absence of an integrated theoretical
framework inhibits systematic deployment and rigorous evaluation of production-grade systems. This
article therefore proposes Adaptive Streaming Intelligence (ASI), a unifying architecture that maps ML
techniques onto streaming primitives, prescribes patterns for feature computation in streaming settings,
articulates strategies for drift and imbalance, and proposes governance constructs to align detection actions
with legal and ethical constraints.

The contribution is threefold. First, ASI provides a detailed, layered architecture showing how Kafka-based
topologies can host low-latency inference, contextual enrichment, deferred deep analytics, and alarm-
verification pipelines. Second, ASI synthesizes adaptive ML strategies—including ensemble voting, online
weight adaptation, active learning, and adversarial augmentation—to manage concept drift and adversarial
adaptation (Bello et al., 2024; Bello et al., 2023). Third, ASI outlines a practical validation program and
operational practices (observability, retention policy, privacy-preserving evidence commitments) needed
for real-world deployment. Throughout, claims are grounded in the contemporary literature to ensure both
theoretical coherence and practical relevance.

METHODOLOGY

This study adopts a structured conceptual synthesis and systems design methodology. Because the primary
aim is to produce a rigorous, publication-ready framework rather than new dataset-driven results, the
methodology weaves evidence from peer-reviewed studies, conference proceedings, and authoritative
technical sources into an integrated architecture and a set of operational prescriptions. The methodological
steps are: (1) corpus assembly; (2) thematic analysis; (3) mapping of ML paradigms to streaming
primitives; (4) architectural derivation; and (5) empirical validation planning.

Corpus assembly targeted recent and influential works in streaming analytics, real-time fraud detection,
adaptive machine learning, alarm verification, and operational architectures. Core sources include early
streaming fraud architectures (Rajeshwari & Babu, 2016), end-to-end real-time architecture studies (Hanae
et al., 2023), general frameworks for Al in fraud prevention (Bello et al., 2023; Bello et al., 2024), and
methodologically adjacent works on graph analytics and anomaly detection (Molloy et al., 2016;
Manoharan et al., 2024). Practitioner and review sources informed systems and operational trade-offs
(Crettaz & Dean, 2019; Dunning & Friedman, 2016; Rahman et al., 2024).

Thematic analysis extracted recurring patterns used to structure the framework: (a) latency and throughput
trade-offs, (b) feature engineering in streaming contexts, (c) ensemble and adaptive learning strategies, (d)
alarm verification to reduce false alerts, and (e) governance considerations for privacy and audit. Each
theme was annotated with specific implementation implications—e.g., exactly-once semantics for stateful
aggregates or active learning for label efficiency.

Mapping ML paradigms to streaming primitives involved conceptual engineering: stateless, low-latency
models map to KStream processors or colocated microservices; stateful models (requiring rolling histories)
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map to KTables or feature stores backed by compacted Kafka topics; graph analytics require micro-
batching and snapshotting semantics to construct and analyze relational structures; anomaly detectors and
generative modules often run off the authorization path in deferred pipelines due to computational demands
(Rajeshwari & Babu, 2016; Molloy et al., 2016).

Architectural derivation synthesized these mappings into the ASI layered architecture (described in the
Results section). The design emphasizes idempotent processing, bounded state, defensive backpressure
handling, and observability instrumentation to monitor latency, throughput, and drift.

Empirical validation planning prescribes staged experiments feasible in regulated contexts: shadow
deployments (model in-the-loop without enforcement), controlled injections of synthetic fraud patterns to
evaluate detection sensitivity and adversarial robustness, adversarial red-team exercises, and cross-
institution pilot studies under privacy-preserving protocols (Rahman et al., 2024; Bello et al., 2023).
Validation metrics extend beyond precision/recall to include time-to-detection distributions, cost-weighted
utility, false positive impact on customer experience, and model calibration drift indices (Vinod et al., 2020;
Powers, 2011).

Assumptions and limitations of the methodology are explicit: the framework assumes the availability of
event telemetry at sufficient fidelity (device fingerprints, merchant metadata), the capacity to retain certain
off-line logs for forensic purposes under policy constraints, and organizational readiness for MLOps and
stream engineering. Given these conditions, the ASI architecture is presented as a prescriptive, testable
model rather than an empirical claim derived from novel data.

RESULTS

The ASI framework yields four substantive outputs: an architectural specification with layered dataflow
and model placements; a library of streaming feature engineering patterns; a taxonomy of adaptive learning
strategies for streaming fraud detection; and a prioritized empirical validation program. Each output is
detailed below with theoretical rationale and design considerations.

Adaptive Streaming Intelligence — Layered Architecture and Dataflow

ASI organizes processing into four coupled layers that correspond to operational responsibilities and
latency constraints: Ingestion & Normalization, Fast-Path Triage (Authorization Path), Contextual
Enrichment & Mid-Path Scoring, and Deferred Deep Analysis & Network Detection. A cross-cutting
Alarm-Verification and Governance plane sits atop these layers to manage alerts, human adjudication, and
compliance.

Ingestion & Normalization: Raw events—payment authorizations, device telemetry, authentication logs,
and merchant descriptors—are written into Kafka topics partitioned by routing keys such as account
identifier or device fingerprint. Partitioning choices ensure event ordering for per-entity state updates and
enable locality for stateful aggregations (Rajeshwari & Babu, 2016). Normalization aligns timestamps,
canonicalizes categorical attributes (merchant category codes), and performs lightweight validation. The
ingestion layer is responsible for durable buffering, schema enforcement (e.g., via schema registry), and
initial enrichment with static reference data (watchlists, merchant risk scores).

Fast-Path Triage (Authorization Path): This path demands ultralow latency and operates synchronously
with the authorization flow. Features computed here are intentionally compact and computationally cheap:
immediate velocity counters (transactions in last 60 seconds), device-match flags, distance from last known
geolocation, merchant reputation booleans, and a compact behavioral embedding representing recent
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transaction rhythm. Models deployed for fast-path scoring are explainable and robust—Ilogistic regression,
calibrated decision trees, or small gradient boosting models constrained for inference speed (Rajeshwari &
Babu, 2016; Manoharan et al., 2024). Decisions include allow, step-up authentication, soft decline, or
immediate decline. To limit customer friction, mitigation policies favor progressive responses (e.g.,
challenge then decline) and log all actions for later review.

Contextual Enrichment & Mid-Path Scoring: The enrichment layer constructs richer features from longer
windows (hourly, daily) and joins information from KTables representing persistent user history, device
reputations, and merchant aggregates. Mid-path scoring uses more expressive models such as full-scale
gradient boosting (XGBoost, CatBoost) or compact neural networks that balance latency and context.
Outcomes from the mid-path feed the alarm-verification plane, driving human review prioritization. The
mid-path is the primary locus for balancing precision and recall: it refines initial fast-path scores and
surfaces ambiguous cases needing adjudication (Bello et al., 2023).

Deferred Deep Analysis & Network Detection: Heavy analytic processes operate asynchronously. These
include graph construction and representation learning for link analysis (detecting collusive rings), deep
autoencoders for temporal anomaly detection, and generative adversarial modules used both for synthetic
minority augmentation and for adversarial testing (Goodfellow et al., 2014; Molloy et al., 2016). While
these processes do not block authorization, they produce watchlist updates, enrich training datasets, and
create investigative leads for fraud analysts.

Alarm-Verification and Governance Plane: Alerts emitted by mid- and deferred layers pass through an
alarm-verification pipeline which reduces false positives via hybrid means: rule-based suppression, text
analytics of merchant and user free text, contextual thresholds, and verification classifiers trained on human
adjudication outcomes (Sima et al., 2018). The governance plane enforces audit logging, role-based access,
data retention policies, and mechanisms to explain automated decisions to customers and regulators—
ensuring compliance and traceability (Hanae et al., 2023).

Feature Engineering Patterns for Streaming Contexts

Streaming environments impose constraints on memory, statefulness, and latency that shape feature
engineering choices. ASI prescribes a coherent set of patterns:

Bounded Sliding Windows: Maintain aggregates in fixed-size windows (e.g., 1 minute, 1 hour) for velocity
and amount features. Bounded windows limit state growth and reflect relevant temporal scales for different
fraud types (card testing vs. laundering).

Exponential Decay Aggregates: Favor recent behavior by applying exponential decay to older events,
enabling models to be responsive to sudden behavioral shifts without discarding long-term baselines
entirely.

Probabilistic Sketches: Use memory-efficient sketches (Count-Min, HyperLogLog) to estimate
cardinalities and frequencies (unique devices, unique merchants) in streaming fashion, which is crucial to
detect diffusion patterns in high-volume systems.

Micro-embeddings and Incremental Updates: Maintain compact behavioral embeddings for customers and
devices updated incrementally (e.g., via streaming updates to representation vectors), facilitating fast
similarity computations and drift detection.

Feature Provenance and Versioning: Tag each computed feature with provenance metadata (source topic,
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transformation version, timestamp) to support reproducibility, auditing, and post-hoc explanation of
decisions.

Adaptive Learning and Ensemble Strategies

ASI treats adaptation as a core capability and prescribes multiple complementary strategies for continuous
learning:

Online Weight Adaptation: Ensemble member weights are updated in near-real time based on short-term
performance feedback. This dynamic reweighting allows the system to emphasize models that perform well
under current conditions (Bello et al., 2024).

Active Learning and Human-In-The-Loop: The system prioritizes ambiguous cases for human labeling,
improving label efficiency and reducing the burden on analysts. Active learning strategies select cases that
maximally reduce model uncertainty.

Periodic Mini-Batch Retraining with Warm Starts: Given practical constraints on compute, models are
retrained periodically using recent labeled data with warm starts to accelerate convergence and maintain
continuity.

Adversarial Augmentation: GANs and VAEs synthesize rare or obfuscated fraud instances for
augmentation and adversarial training, improving robustness against novel attack morphologies
(Goodfellow et al., 2014; Raman et al., 2020).

Concept Drift Detection and Mitigation: Statistical monitors track feature distribution shifts and score
calibration drift. Upon detection, the system triggers targeted retraining or threshold recalibration. Drift
detectors can be complemented by context-aware rules—e.g., seasonal adjustment windows.

Graph Analytics and Network Detection Techniques

Network-level fraud—such as mule networks and synthetic identity rings—requires relation-centric
analyses. ASI recommends:

Streaming Edge Emission: Emit relational edges (card—merchant, device—account) into compacted topics
to build up graph representations incrementally.

Micro-batch Graph Snapshots: Construct periodic graph snapshots at controlled cadence to run community
detection, motif discovery, and centrality calculations.

Representation Learning: Use self-supervised graph representation methods (e.g., LaundroGraph analogs)
to derive node embeddings that capture relational fraud signatures; feed embeddings into downstream
classifiers.

Privacy and Federated Approaches: For cross-institutional detection, federated learning or secure
multiparty computation can enable collaborative graph signals without raw data sharing, though legal and
practical constraints must be negotiated (Bello et al., 2023).

Operational and Governance Principles

Implementing ASI safely in production requires institutional maturity. Key governance prescriptions
include:
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Observability and Telemetry: Instrument latency, throughput, error rates, and model performance metrics;
surface drift alarms to MLOps teams.

Auditability and Explainability: Maintain feature provenance, model version metadata, and human
adjudication records to support audits and dispute resolution.

Privacy-first Data Handling: Employ data minimization, retention policies, and access controls;
cryptographically commit log digests where immutable evidence is needed without retaining raw PIl on
public ledgers.

Gradual Enforcement Policies: Use shadow mode and progressive activation (challenge then decline) to
calibrate impacts on customers and reduce inadvertent harm.

Resource Management and Scaling: Use Kafka partitioning and autoscaling model servers; bound state
stores and provide fallback behavioral policies under overload.

Empirical Validation Program — Metrics and Experimental Design

ASI proposes a staged validation program. Primary metrics extend classical measures with operationally
relevant dimensions:

Detection Efficacy: Precision, recall, F1, and cost-weighted loss where costs reflect fraud loss, remediation
cost, and customer churn.

Latency Profiles: Time-to-detection distribution from event occurrence to first high-confidence flag; tail
latency analysis is essential.

False Positive Impact: Human review hours per 1,000 alerts, customer complaint rates, and estimated
revenue loss from false declines.

Drift and Stability: Score distribution divergence metrics and retraining frequency required to maintain
baseline performance.

Adversarial Robustness: Detection rate under generated adversarial examples and effectiveness against
low-and-slow tactics.

Validation experiments should include shadow deployments in production traffic, controlled injections of
synthetic fraud variants, adversarial red-team exercises, and cross-institution pilots using privacy-
preserving protocols. These experiments will reveal real operational trade-offs and help tune ensemble
weights, retraining cadence, and alarm-verification thresholds.

DISCUSSION

The ASI framework integrates systems engineering, adaptive machine learning, and governance to address
the multifaceted requirements of real-time fraud detection. The following subsections examine theoretical
implications, counterarguments, limitations, and prioritized future work.

Latency, Complexity, and Architectural Trade-offs

There is a central architectural tension: more complex models often yield higher detection accuracy but
incur latency and operational cost that may be incompatible with authorization-path decision windows. ASI
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resolves this by explicitly separating fast-path and deferred analyses: fast-path models optimize for
explainability and speed, mid-path models for accuracy under constrained latency, and deferred models for
deep network detection. This modular separation allows organizations to choose operating points along the
accuracy-latency frontier consistent with business tolerances (Rajeshwari & Babu, 2016; Manoharan et al.,
2024).

Explainability and Regulatory Acceptability

Financial institutions must justify automated actions to regulators and customers. Black-box models, while
powerful, complicate explanations. ASI therefore prioritizes interpretable models for direct intervention
and uses complex models to inform watchlists and investigator recommendations. Furthermore, feature
provenance, annotated rationales, and human adjudication records are fundamental to demonstrate
compliance and fairness (Hanae et al., 2023; Bello et al., 2023).

Adversarial Adaptation and Defensive Posture

Fraud is inherently adversarial; attackers will probe and adapt to detection signals. A defensive posture
requires ensemble diversity, adversarial augmentation, and continuous monitoring. Generative models can
both synthesize challenging cases for training and reveal potential vulnerabilities. Additionally, operational
defenses—rate limiting, behavioral baselines, and watchlist escalation—complement model-centric
defenses (Goodfellow et al., 2014; Rahman et al., 2024).

Privacy, Cross-Border Collaboration, and Legal Constraints

Network-level detection benefits from cross-institutional intelligence, yet privacy and competition
concerns, as well as divergent legal frameworks, obstruct raw data sharing. ASI suggests exploring
federated learning and secure aggregation to derive collaborative signals while preserving local data
confidentiality. Legal research is required to determine admissibility of aggregated signals and to design
contractual frameworks for information sharing (Bello et al., 2023).

Organizational Readiness and Cost Considerations

Operationalizing ASI requires skilled engineering teams, MLOps pipelines, and investments in
observability and compliance infrastructure. Smaller institutions may opt for managed services or
consortium models to share costs, but governance and vendor risk must be addressed. Incremental
adoption—starting with fast-path models and alarm verification—enables capacity building and risk-
calibrated escalation.

Limitations of the Framework and Research Gaps

ASI is a conceptual and design synthesis; empirical quantification requires rigorous field trials. Open
research questions include: optimal partitioning strategies for Kafka topics to balance throughput and state
locality; precise latency-accuracy trade-offs across model families for specific payment channels; efficacy
of federated graph representation learning under strict privacy constraints; and socio-technical impacts of
automated mitigation on diverse customer populations. There is also a need for standards around
explainability expectations and audit logging formats that are acceptable to regulators.

Future Research Agenda — Prioritized Studies

1. Shadow Deployment Pilots: Run ASI in shadow mode on production traffic to measure detection
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efficacy and false positive impacts without customer harm (Rajeshwari & Babu, 2016).

2. Adversarial Red-Team Exercises: Systematically generate adversarial transaction variants to evaluate
robustness and harden models (Goodfellow et al., 2014).

3. Federated Cross-Institution Trials: Implement privacy-preserving collaborative experiments to
evaluate network detection gains and legal feasibility (Bello et al., 2023).

4.  Human-Factors Studies: Study how alert communication and remediation workflows affect customer
trust and operational cost.

5. Legal & Policy Research: Map admissibility of derived evidence and recommend retention and
transparency standards for regulators.

CONCLUSION

Real-time financial fraud detection must reconcile immediate operational constraints with long-term
resilience and governance. The Adaptive Streaming Intelligence framework presented here synthesizes
streaming architectures (Kafka), adaptive machine learning paradigms, graph analytics, and alarm-
verification mechanisms into a coherent model for production-grade detection. By layering ultralow-
latency fast paths with contextual mid-paths and deferred deep analysis, and by embedding adaptive
ensemble strategies and governance controls, ASI offers a practical blueprint for institutions seeking to
deploy real-time defenses against evolving fraud. The next step is empirical validation through shadow
deployments, adversarial testing, and cross-institution pilots that will quantify benefits, expose weaknesses,
and shape standards for transparency and accountability. If adopted responsibly, ASI can materially reduce
fraud losses while maintaining customer trust and meeting regulatory obligations in increasingly digital
financial ecosystems.

REFERENCES

1. Rajeshwari, U., & Babu, B. S. (2016). Real-time credit card fraud detection using streaming analytics.
In 2016 2nd International Conference on Applied and Theoretical Computing and Communication
Technology (iCATccT) (pp. 439-444). IEEE.

2. Tanvir Rahman, A., Md Sultanul Arefin, S., & Md Shakil, 1. (2024). Investigating Innovative
Approaches to Identify Financial Fraud in Real-Time. American Journal of Economics and Business
Management, 7(11), 1262-1265.

3. Manoharan, G., Dharmaraj, A., Sheela, S. C., Naidu, K., Chavva, M., & Chaudhary, J. K. (2024).
Machine learning-based real-time fraud detection in financial transactions. In 2024 International
Conference on Advances in Computing, Communication and Applied Informatics (ACCAI) (pp. 1-6).
IEEE.

4. Hanae, A.B.B.A.S.S. I, Abdellah,B.E.R. K. A. 0. U. |, Saida, E. L. M. E. N. D. I. L. I., & Youssef,
G. A. H. I. (2023). End-to-End Real-time Architecture for Fraud Detection in Online Digital
Transactions. International Journal of Advanced Computer Science and Applications, 14(6).

5. Bello, O. A., Ogundipe, A., Mohammed, D., Adebola, F., & Alonge, O. A. (2023). Al-Driven
Approaches for Real-Time Fraud Detection in US Financial Transactions: Challenges and
Opportunities. European Journal of Computer Science and Information Technology, 11(6), 84-102.

https://www.eijmr.org/index.php/eijmr 619


http://www.eijmr.org/index.php/eijmr

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

ETHIOPIAN INTERNATIONAL JOURNAL OF MULTIDISCIPLINARY RESEARCH

Bello, H. O., Ige, A. B., & Ameyaw, M. N. (2024). Adaptive machine learning models: concepts for
real-time financial fraud prevention in dynamic environments. World Journal of Advanced Engineering
Technology and Sciences, 12(02), 021-034.

Nicholas Lord & Michael Levi. (2023). Economic crime, economic criminology, and serious crimes
for economic gain: On the conceptual and disciplinary (dis)order of the object of study. Journal of
Economic Criminology, 1, 100014.

Diana Ailyn. (2024). Al-powered Fraud Detection and Risk Management in the Cloud. ResearchGate.

Eryu Pan. (2024). Machine Learning in Financial Transaction Fraud Detection and Prevention.
Transactions on Economics Business and Management Research, 5, 243-249.

Hari Prasad Josyula. (2023). Fraud Detection in Fintech Leveraging Machine Learning and Behavioral
Analytics. ResearchGate.

S R Gayam & Eben Charles. (2020). Al-Driven Fraud Detection in E-Commerce: Advanced
Techniques for Anomaly Detection, Transaction Monitoring, and Risk Mitigation. ResearchGate.

Vinod Jain, Mayank Agrawal & Anuj Kumar. (2020). Performance Analysis of Machine Learning
Algorithms in Credit Cards Fraud Detection. Proceedings of ICRITO.

Hebbar, K. S. (2025). AI-DRIVEN REAL-TIME FRAUD DETECTION USING KAFKA STREAMS
IN FINTECH. International Journal of Applied Mathematics, 38(6s), 770-782.

Bello, Olufemi, et al. (2024). Artificial intelligence in fraud prevention: Exploring techniques and
applications challenges and opportunities. ResearchGate.

Sukhpal Singh Gill, et al. (2022). Al for next generation computing: Emerging trends and future
directions. Internet of Things, 19, 100514.

Goodfellow, 1., Pouget-Abadie, J., Mirza, M., Xu, B., Warde-Farley, D., Ozair, S., Courville, A., &
Bengio, Y. (2014). Generative adversarial nets. Advances in Neural Information Processing Systems,
27.

Molloy, 1., Chari, S., Finkler, U., Wiggerman, M., Jonker, C., Habeck, T., Park, Y., Jordens, F., &
Schaik, R. (2016). Graph analytics for real-time scoring of cross-channel transactional fraud.

Powers, D. M. W. (2011). Evaluation: from precision, recall and F-measure to ROC, informedness,
markedness & correlation. Tech Science Press.

Raman, M. G., Dong, W., & Mathur, A. (2020). Deep autoencoders as anomaly detectors: method and
case study in a distributed water treatment plant. Computers & Security, 99, 102055.

Sima, A.-C., et al. (2018). A hybrid approach for alarm verification using stream processing, machine
learning and text analytics. EDBT 2018.

https://www.eijmr.org/index.php/eijmr 620


http://www.eijmr.org/index.php/eijmr

