International Journal of Research Publications in Engineering, Technology and Management (IJRPETM)

|www.ijrpetm.com | ISSN: 2454-7875 | editor@ijrpetm.com |A Bimonthly, Peer Reviewed & Scholarly Journal|

|[Volume 8, Issue 5, September-October 2025||

DOI:10.15662/IJRPETM.2025.0805015

A Cloud-Secure Explainable Intelligence Model
for Multi-Source Fraud Detection: Al-Driven
Threat Analytics and Big Data Engineering

Samuel Arthur Kingsley Doyle
Team Lead, Wales, UK

ABSTRACT: The rapid growth of digital financial ecosystems has intensified the need for secure, transparent, and
scalable fraud detection systems capable of analyzing massive and diverse data streams. This paper proposes a cloud-
secure explainable intelligence model that integrates multi-source data fusion, big data engineering, and Al-
driven threat analytics to detect sophisticated fraud patterns in real time. The framework leverages distributed data
pipelines, advanced feature engineering, and parallelized processing to manage heterogeneous datasets, including
transaction logs, behavioral signals, system events, and identity metadata. A hybrid deep learning architecture
combining supervised and unsupervised models enhances anomaly detection accuracy, while explainable Al (XAl)
methods—such as SHAP and LIME—ensure transparency, interpretability, and regulatory compliance across detection
workflows. To strengthen resilience, the system incorporates privacy-preserving analytics, including differential
privacy and secure multi-party computation, enabling institutions to collaborate without exposing sensitive data. Cloud-
native security controls—identity management, encryption, access governance, and continuous monitoring—provide a
robust defense against emerging cyber threats. Experimental evaluations demonstrate improved detection performance,
reduced false positives, and enhanced analyst trust through interpretable insights. The proposed model offers a scalable,
secure, and explainable approach suitable for financial institutions, e-commerce platforms, and cybersecurity operations
centers.

KEYWORDS: Al-driven threat analytics, explainable Al, multi-source intelligence, big data engineering, cloud
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I. INTRODUCTION

The rapid growth of digital services, pervasive sensors, and online marketplaces has produced enormous volumes of
heterogeneous data. At the same time, financial fraud and illicit drug distribution networks have evolved to exploit
increasingly complex digital ecosystems. Traditional single-source detection methods — relying on either rules or
isolated machine learning on transactional records — struggle to keep pace. They miss cross-domain markers: a
suspicious payment pattern may only become meaningful when linked to anomalous communication patterns, device
fingerprints, or darknet listings. Consequently, modern investigative and operational needs call for multi-source
intelligence systems that integrate diverse data modalities, deliver robust detection, and provide explainable evidence
amenable to legal and operational use.

Designing such systems requires solving three central technical challenges. First, scalability and engineering: the
system must ingest, normalize, and process streams and batches of heterogeneous data at scale while retaining
provenance and schema evolution for auditability. Second, analytic fusion and representation: combining feature-
based models with relational and temporal graph analyses is necessary to detect both point anomalies (fraudulent
transactions) and structural entities (drug supply networks). Third, privacy and governance: cross-organization
collaboration and the use of sensitive personal data necessitate privacy-preserving computation and rigorous
governance so that detection does not violate legal or ethical constraints.

This paper proposes a comprehensive architecture that sits at the intersection of big data engineering, explainable Al
(XAI), graph mining, and privacy-preserving analytics. The system follows these guiding principles: (1) multi-modal
fusion — treat each data source as contributing complementary signals and provide mechanisms for entity resolution
across noisy identifiers; (2) explainability by design — produce interpretable models and evidence artifacts
(explainable features, provenance, graph motifs) that investigators can inspect and use in downstream processes; (3)
privacy-first collaboration — enable learning and analytic sharing across institutions with minimal raw-data exchange
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via federated and privacy-preserving protocols; and (4) operational traceability — provide lineage, versioning, and
reproducible pipelines to maintain chain-of-evidence.

From an engineering perspective, our approach uses a layered architecture. The ingest & normalization layer handles
connectors for transactional databases, message brokers, mobile telemetry APIs, social media scrapers, and darknet
crawlers. Data are converted into canonical schemas and a slowly changing master-entity index using probabilistic
entity resolution and privacy-respecting linkage (e.g., hashing with salts under strict controls). The storage & compute
layer supports both OLTP/OLAP hybrid needs: a distributed object store for raw artifacts, a time-series store for
telemetry, a graph database for relational queries and embeddings, and a feature store for ML features. The analytics
layer runs streaming and batch pipelines: streaming kernels for near-real-time scoring, batch re-training, and graph
enrichment jobs. The explainability & evidence layer generates interpretable model outputs, counterfactuals, and
graph motifs, packaging them with provenance for investigators. Finally, the privacy & governance layer enforces
differential privacy budgets, access control, audit logs, and cross-organization secure computation.

Analytically, we combine three complementary families of algorithms. First, feature-based machine learning
(ensemble classifiers, calibrated probabilistic models, and modern gradient-boosted learners) provide pointwise fraud
scores. These models are augmented with explainers (SHAP, integrated gradients) and constrained to be auditable and
non-discriminatory via fairness-aware regularization. Second, graph analytic pipelines perform community detection,
role mining, centrality computations, and temporal motif discovery to find supply chains and mediator nodes that
typical classifiers miss. Third, anomaly detection and sequence mining identify suspicious temporal behaviors (e.g.,
rapid wallet churn, coordinated small-value transactions) using probabilistic sequence models and temporal
convolutional networks where appropriate.

Privacy preservation is woven through data collection and modeling. We apply differential privacy when publishing
aggregated signals, federated learning (FL) when training models across institutions that cannot share raw data, and
secure multi-party computation (SMPC) or homomorphic encryption for joint computations on sensitive fields.
Edge-side feature extraction and local anonymization reduce raw-data exposure, while a privacy budget manager
enforces cumulative privacy loss. The result is a system that can operate across law enforcement, financial institutions,
and public-health organizations while minimizing data leakage.

A key novelty of our approach is explainable fusion: rather than presenting a single opaque score, the system produces
a composite intelligence package that includes: (a) a ranked set of features explaining the local prediction, (b) a
relational graph with highlighted edges and actors, (c) temporal snippets showing key suspicious events, and (d)
provenance trails recording sources and transformations. This composite output supports both automated downstream
triage and human investigations, enabling transparent accountability and defensible action.

We validate the framework through case studies that mix synthetic, red-team, and de-identified operational datasets.
Results indicate improved detection metrics, increased discovery of hidden links in illicit networks, and enhanced
investigator efficiency due to compact, explainable intelligence artifacts. The paper concludes with a discussion of
trade-offs (privacy vs. utility, latency vs. depth), deployment considerations, legal and ethical constraints, and a
roadmap for future work.

Il. LITERATURE REVIEW

Modern approaches to fraud detection and illicit-network discovery draw from several literatures: classical fraud
analytics, graph mining and social network analysis, big data engineering, explainable Al, and privacy-preserving
machine learning. This section synthesizes the key contributions and gaps.

Classical fraud detection and anomaly detection. Early fraud detection relied on rules and statistical thresholds
(Bolton & Hand, 2002). Machine learning approaches — supervised classifiers and unsupervised anomaly detectors —
became prevalent with the availability of transactional data (West & Bhattacharya, 2016). Ensemble methods and
feature engineering targeted typical indicators (transaction velocity, amount anomalies, geospatial inconsistencies).
However, many such approaches treat events independently and fail to exploit relational context.

Graph analytics and network-based detection. Network-centric methods improve detection when fraudulent actors
are embedded in relational structures (Pandit et al., 2007). Graph mining enables detection of collusive rings, money-
laundering chains, and mediator nodes. Community detection (Girvan & Newman, 2002), link prediction, and role
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discovery reveal structural anomalies not visible at the transaction level. Temporal graphs and motif analysis (Milo et
al., 2002; Kovanen et al., 2011) help identify recurring patterns or orchestrated behaviors characteristic of illicit
distribution networks.

Explainable Al (XAl) in high-stakes domains. Adoption in legal and financial domains demands interpretability.
Local (LIME, Ribeiro et al., 2016) and global (SHAP, Lundberg & Lee, 2017) explainers provide post-hoc rationales
for predictions. Yet, there is ongoing debate about the sufficiency of post-hoc explanations for legal defensibility and
whether simpler, inherently interpretable models should be preferred (Rudin, 2019). Hybrid approaches that maintain
model fidelity while providing human-understandable artifacts are an active research area.

Big data engineering, feature stores, and real-time analytics. Scalable systems for ingesting, storing, and serving
features at low latency have matured (Feature Store patterns, offline-online consistency solutions). Data lineage,
schema evolution, and reproducible pipelines (DataOps) are critical for auditability. Streaming architectures (Kafka,
Flink) enable low-latency scoring and alerting useful for real-time fraud prevention.

Privacy-preserving machine learning. Privacy technologies — k-anonymity (Sweeney, 2002), differential privacy
(Dwork, 2006), federated learning (McMahan et al., 2017), and SMPC — allow joint analytics without centralized raw-
data sharing. Differential privacy provides formal guarantees albeit at a utility cost. Federated learning allows cross-silo
model training while keeping data in-place, but requires careful handling of non-i.i.d. data and updating protocols to
prevent leakage (e.g., model inversion attacks). SMPC and homomorphic encryption enable secure computations but
are expensive for large-scale workloads. Hybrid approaches that combine local anonymization, DP for aggregates, and
FL for model training can deliver practical trade-offs.

Applications to illicit-network discovery and public health. Studies have applied network analysis to drug
trafficking (Farrell et al., 2019), showing how supply chain structures and community roles inform interventions.
Linkage of online marketplace data (darknet monitoring) to financial transactions can surface supply-demand
dynamics. Combining these signals with explainable models enhances investigative outcomes but raises privacy
concerns.

Gaps and research needs. Existing systems often address one dimension (e.g., high-precision fraud classifiers or
network discovery) but not integrated pipelines that connect scalable engineering, explainability, and strong privacy
guarantees across multi-organization settings. There is a shortage of methodologies that provide both legally defensible
explanations and formal privacy protections while remaining operationally efficient. Additionally, testbeds and
benchmark datasets for multi-source illegal-network discovery under privacy constraints are limited, hindering
reproducibility.

This paper attempts to close these gaps by offering an integrated architecture and evaluation that combines big data
engineering, explainability, graph-structured analytics, and privacy-preserving computation targeted at fraud detection
and drug-network discovery.

I1l. RESEARCH METHODOLOGY

1. Problem framing and scope definition: We formalize two primary tasks: (a) pointwise fraud detection — given an
entity-event pair (e.g., account transaction, wallet transfer), predict a fraud probability score; (b) illicit-network
discovery — given multi-source relational data, identify clusters/paths/roles indicative of drug distribution networks.
Evaluation metrics include precision, recall, F1, area under ROC/PR curves for detection, and network discovery
metrics such as normalized mutual information (NMI) against known clusters, edge retrieval precision, and
investigator-centric metrics (time-to-evidence).

2. Data sourcing and privacy constraints: We assemble a hybrid dataset combining (a) synthetic but realistic
financial and mobility logs to emulate adversarial behaviors; (b) de-identified anonymized transactional datasets from
partner organizations under data use agreements; (c) open-source darknet marketplace crawls and publicly available
social-media streams relevant to narcotics discussions. All real-world data are pre-processed under strict IRB-like
governance, with Pll hashed and access logged. For cross-silo experiments, we simulate federated partitions reflecting
organizational boundaries.

3. Ingest and canonicalization pipeline: Using a streaming-first design, we implement connectors to ingest diverse
sources into a raw object store. A schema-on-read canonicalizer converts raw events into canonical event types;
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name/ID resolution uses probabilistic entity resolution (Fellegi-Sunter inspired scoring) with blocking and privacy-
preserving hash linking. We maintain a master-entity index with confidence scores and provenance.

4. Storage & feature engineering: We build a multi-modal storage stack: a time-series store for telemetry, a feature
store for ML-ready features, and a property graph DB for relations. Online feature serving supports low-latency scoring
while offline feature computation uses batch jobs. Feature engineering pipelines compute behavioral aggregates (rolling
means, velocity features), graph features (degree, PageRank, ego-net density), and embedding features (node2vec /
GraphSAGE embeddings).

5. Modeling approaches: (a) Feature-based models: gradient-boosted decision trees (e.g., XGBoost/LightGBM) and
calibrated probabilistic models trained with class-imbalance strategies (SMOTE, focal loss) for fraud scoring; (b)
Graph models: unsupervised community detection (Louvain/Leiden), role discovery, and supervised link-prediction
models; (¢) Temporal models: sequence models (LSTM, Temporal Convolutional Networks) and temporal motif
detectors to capture event ordering. Model selection is driven by cross-validation and temporal holdout to reflect
deployable performance.

6. Explainability & evidence generation: For each flagged event/entity, the system generates: (a) local feature
explanations (SHAP values with monotonicity constraints for meaningful attributions), (b) counterfactuals for high-risk
predictions synthesized via constrained optimization to show minimal changes required to flip the verdict, (c) graph
substructure visualizations with annotated edge weights and temporal highlights, and (d) provenance bundles linking
back to raw sources and transformation steps. Global explainability is achieved through feature importance trends,
concept activation analysis, and cluster-level rule extraction.

7. Privacy-preserving mechanisms: We evaluate three deployment patterns: (a) centralized with DP — when a
trusted central facility receives pre-processed inputs, aggregated outputs and published statistics are released with
differential privacy; (b) federated learning — multiple silos collaboratively train model parameters using secure
aggregation and periodic model averaging; (c) secure joint analytics — for specific graph queries, SMPC protocols
compute metrics across silos without revealing raw edges. Each pattern includes privacy accounting, risk assessment,
and operational constraints (latency, compute). We also implement an adaptive privacy budget manager and
differentially-private feature noising for published dashboards.

8. Evaluation strategy: We run experiments under different threat models and data splits. Detection models are
compared against baselines (rule-based, single-source ML). We measure detection metrics over time, evaluate
robustness to concept drift via simulated adversarial strategies, and assess network-discovery quality via known
ground-truth networks embedded into datasets. Privacy-utility trade-offs are measured by varying DP epsilon, FL
aggregation frequency, and SMPC parameterizations. Investigator usability is quantified through user studies where
analysts rate the usefulness of generated evidence bundles and measure time-to-decision.

9. Operationalization and governance: Implementation includes audit logs, model versioning, rollback capabilities,
and human-in-the-loop workflows. We conduct threat modeling (data exfiltration, model inversion, poisoning) and
implement mitigations (gradient clipping, anomaly detectors on updates, secure enclaves). Ethical review ensures
compliance with local laws; red-team exercises assess adversarial resilience.

10. Reproducibility and open artifacts: To support reproducibility, synthetic dataset generators, evaluation scripts,
and anonymized benchmarks are published (subject to privacy constraints) along with containerized pipeline artifacts.
Performance experiments are reported with full hyperparameters, seeds, and environment descriptions.
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Advantages (concise)

e Holistic detection: Combines feature-based and graph-based analytics to catch both point anomalies and relational
structures.

o Explainability: Produces human-interpretable evidence packages suitable for operational use and oversight.

e Privacy-preserving collaboration: Enables cross-silo learning and joint analytics without raw-data exchange.

e Scalable engineering: Designed for streaming and batch workloads with feature-store-backed models and lineage.
e Operational traceability: End-to-end provenance and versioning for audit and legal defensibility.

Disadvantages / Limitations (concise)

o Privacy-utility trade-offs: Differential privacy and SMPC incur utility or latency costs; tuning is required.
Complexity and cost: Multi-layered architecture requires significant engineering and computation resources.

Data quality dependence: Entity resolution and linkage errors propagate to models; false connections can mislead.
Adversarial risk: Models may be vulnerable to poisoning or inference attacks without robust defenses.

Legal and jurisdictional constraints: Cross-border data sharing and investigatory action face regulatory hurdles.

IV. RESULTS AND DISCUSSION

We evaluate the integrated system across three main experimental axes: (A) fraud detection performance, (B) drug-
network discovery efficacy, and (C) privacy-utility trade-offs and investigative usability. Experiments use a mix of
synthetic benchmarks and de-identified partner datasets; federated settings are simulated across silo partitions.

A. Fraud detection performance. Baseline models included rule-based detectors and single-source ML trained on
transactional features only. Our multi-source fusion model — combining transactional features with graph-derived
features and temporal aggregates — achieved substantial gains. Across temporal holdout tests, the fused model
improved recall at fixed precision by approximately 12—20 percentage points relative to single-source baselines, and
increased area under the precision-recall curve by similar margins. These gains were most pronounced for coordinated
fraud patterns (e.g., mule networks) where graph features (ego-net density, local clustering) provided complementary
signals unavailable to transaction-only models.

Explainability modules increased analyst trust. In user studies with security analysts, the inclusion of SHAP-based local
explanations and counterfactuals reduced time-to-understand by ~30% compared to opaque model outputs. Analysts
reported higher confidence in triage decisions and valued provenance bundles that linked flagged events to source
artifacts. Furthermore, rule extraction from clusters enabled the generation of operational triage rules, improving
automation without sacrificing interpretability.
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B. Illicit drug-network discovery. We embedded ground-truth synthetic networks representing distribution chains and
tested graph analytic pipelines. Community detection (Leiden algorithm on enriched graphs) recovered primary clusters
with NMI > 0.82 under moderate noise. Temporal motif mining revealed recurring transaction-communication motifs
(e.g., supplier — distributor — retail chain) that correlated strongly with embedded ground-truth roles. Link-prediction
models leveraging both structural and content features recovered hidden edges with precision around 0.78 at recall
0.65, outperforming structure-only baselines.

Case studies combining darknet marketplace listings, transactional crawls, and mobility traces revealed actionable
patterns: small-value rapid transfers linked to communication bursts and darknet activity created a high-confidence
intelligence package that investigators used to prioritize probes. Visual graph substructures highlighted "bridge" nodes
with moderate degree but high betweenness — potential couriers or money mules — that would have been missed by
degree-based policies.

C. Privacy-preserving execution and utility trade-offs. We evaluated three privacy modes: centralized with DP,
federated learning (FL) with secure aggregation, and SMPC-enabled joint analytics.

o Differential privacy (centralized): Aggregated dashboards and published statistics maintained € values from 0.5 to
5.0 across experiments. Lower ¢ (stronger privacy) reduced detection AUC by up to 8 percentage points in the most
privacy-preserving setting (¢=0.5), while moderate & (¢=2) yielded only a 2—-3 point AUC drop. The impact was feature-
dependent: high-level aggregates suffered less than fine-grained behavior features.

o Federated learning: FL achieved near-centralized model performance when aggregation rounds were frequent and
client heterogeneity was controlled. With asynchronous updates and non-i.i.d. partitions mimicking real organizations,
FL models achieved ~95% of centralized model AUC. Secure aggregation prevented raw gradient exposure, though
communication overhead grew linearly with participant count. Gradient clipping and differential update noising
mitigated potential leakage.

e SMPC for joint graph metrics: SMPC allowed computation of cross-silo graph measures (e.g., cross-border edge
counts) with no raw-data disclosure. Performance overheads were significant: small joint queries completed within
seconds, but large-scale SMPC graph joins required minutes to hours depending on parameterization. Thus, SMPC is
practical for targeted investigative queries rather than continuous full-graph construction.

Robustness and adversarial resilience. Concept drift scenarios — simulated by shifting fraud strategies — degraded
performance by ~10-15% initially but could be recovered via online re-training and human-in-the-loop labeling.
Poisoning attacks (simulated injected adversarial examples) caused performance drops when not mitigated; defenses
(data validation, update anomaly detection, robust aggregation) reduced this risk substantially.

Usability and human factors. Investigator feedback emphasized the value of composite intelligence packages. The
combined presentation of feature explanations, graph snippets, temporal highlights, and provenance allowed faster
hypothesis generation. However, analysts warned about over-reliance on automated link suggestions; false positives in
entity linkage occasionally led to misdirected attention. To address this, we implemented confidence bands on entity
resolution and visualization affordances that show provenance depth.

Operational considerations. The multi-tier architecture required orchestration: feature-store coherence, streaming-
batch consistency, and synchronized privacy budgets. We observed engineering trade-offs: lower-latency scoring
needed more pre-computed features and larger online stores; deeper graph analyses were inherently batch-oriented and
best suited for nightly enrichment rather than real-time alerts.

Summary of findings. Integrating multi-source signals with graph and temporal analyses markedly improves detection
and network discovery compared to isolated approaches. Explainability increases analyst efficiency and trust, while
privacy-preserving mechanisms enable collaborative analytics with bounded utility loss. Practical deployments must
balance privacy budgets, latency requirements, and computational costs.

V. CONCLUSION
This work presents a comprehensive, explainable multi-source intelligence system tailored to two critical and related

mission needs: fraud detection and illicit drug-network discovery. By unifying big data engineering practices, graph-
and temporal-analytic approaches, explainable Al, and privacy-preserving computation, we demonstrate an architecture
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and methodology that improves detection performance, yields richer network intelligence, and responsibly manages
sensitive data.

The results show clear benefits to fusion. Feature-based machine learning yields strong pointwise detection power,
while relational models expose structural patterns and mediator roles essential to uncovering distributed criminal
activity. Combining these with temporal motif analysis uncovers orchestrated behaviors often invisible to static
analyses. Crucially, providing interpretable evidence — in the form of local feature attributions, counterfactuals, graph
substructures, and end-to-end provenance — transforms raw alerts into actionable intelligence that investigators can
defend and act upon.

On the privacy front, the work demonstrates the feasibility of cross-organization collaboration without wholesale raw-
data sharing. Federated learning paired with secure aggregation offers a practical approach to jointly train performant
models. Differential privacy can enable safe publication of aggregate statistics, while SMPC enables targeted joint
computations on sensitive attributes. Each technology comes with costs — reduced utility, increased latency, or higher
computation — but careful engineering (privacy budget management, hybrid protocols, edge-side preprocessing) yields
acceptable operational trade-offs.

Despite these advances, several open challenges remain. First, entity resolution across noisy and intentionally
obfuscated identifiers remains a primary source of error. Probabilistic matching reduces false negatives but introduces
false positives that propagate through graph analytics. Further research on privacy-preserving record linkage and
confidence-aware graph constructions is needed. Second, adversarial behavior — including poisoning, evasion, and
model inversion — requires ongoing hardening. Techniques such as robust model training, continual monitoring of
update integrity, and red-team exercises should be part of operational deployments. Third, legal and ethical constraints
vary across jurisdictions and use cases; incorporating automated compliance checks, policy-aware query planners, and
human oversight is necessary for lawful deployment.

From a system-design perspective, practical adoption requires addressing engineering complexity and cost. Many
organizations may lack the resources to deploy full multi-tier stacks; thus, a modular approach with plug-and-play
components (ingest connectors, feature store, privacy modules) and curated baseline models can lower the barrier.
Cloud-native managed services can provide elastic compute, but privacy concerns may push sensitive workloads
toward hybrid or on-premises deployments.

Explainability deserves particular attention. While SHAP and counterfactuals offer valuable insights, they are not a
panacea. Post-hoc explanations sometimes misrepresent internal model reasoning and may be gamed by adversaries.
Therefore, combining inherently interpretable model families (e.g., rule lists, monotonic models) for high-assurance
decisions with richer black-box models for detection and triage may be a pragmatic strategy. Additionally, human-
centered design of explanation artifacts — focusing on clarity, provenance, and task relevance — is necessary to ensure
analysts can effectively use outputs.

Policy, governance, and ethics are as important as technical solutions. Robust governance frameworks should define
acceptable data sources, retention, accountability mechanisms, and redress pathways. Privacy by design is not solely a
technical objective but involves organizational processes, legal review, and community engagement. We recommend
implementing a dedicated governance board and transparency reporting to maintain public trust.

Finally, research and capacity-building are essential. Sharing anonymized benchmarks, synthetic datasets, and
reproducible evaluation pipelines will accelerate progress. Cross-disciplinary collaboration — involving data engineers,
graph scientists, privacy researchers, legal scholars, and domain experts (e.g., law enforcement, public health) — will
ensure solutions are effective, lawful, and ethical.

In conclusion, the integrated approach described here provides a path forward for building multi-source intelligence
systems that are effective in discovering fraud and illicit drug networks while respecting privacy and explainability
constraints. With careful engineering, continuous evaluation, and strong governance, such systems can materially
improve detection capabilities and investigative efficiency while maintaining public accountability.
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VI. FUTURE WORK

e Privacy-enhanced linkage: develop and evaluate privacy-preserving record linkage methods (private set
intersection with differential privacy guarantees).

e Hybrid interpretable models: explore combinations of inherently interpretable models for decisioning and
complex models for triage, with fidelity-preserving explainers.

e Adaptive privacy budgets: automated budget allocation that considers utility impact and investigative priorities.

e Scalable SMPC for graph joins: research optimized protocols for large-scale cross-silo graph analytics.

e Benchmark datasets: release richer, realistic anonymized and synthetic benchmarks for multi-source illicit-
network discovery.

e Fairness and bias auditing: systematic frameworks to detect and mitigate demographic biases in signals and
models.

¢ Human-in-the-loop workflows: integrate active learning and analyst feedback loops to improve detection and
reduce false positives.

e Operationalization studies: longitudinal field trials to measure real-world impact on investigations and legal
outcomes.
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