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ABSTRACT: Explainable agentic AI facilitates transparent insurance fraud detection and adaptive risk prediction in 

distributed cloud systems. Explaining answer generation for explainable AI enhances transparency and auditability, addresses 

user-specific variability in requirements, enables opportunity cost and privacy considerations, and provides evidence for 

defense in supervisory contexts. A multi-cloud, edge-to-cloud architecture secures data governance, lineage, latency, and 

fault-tolerant constraints. Insurance fraud detection and risk prediction models reside in a transparent agentic framework. 

Explainable agentic AI enables explanation generation, essential guidance for auditors, underwriters, and regulators in 

digitalisation learn-to-win environments. Such explanation generation should apply to any risk assessment problem, widening 

model deployment considerations. Evaluation investigates the quality of explanations in actual contexts. Rapid digitalisation 

accelerates the diffusion of new risk exposures and the corresponding technical risk models required to manage them. Within 

the insurance industry, the detection of insurance fraud and the prediction of risk for dynamic data-hungry lines of business 

such as cyber insurance provide classic examples of preliminary digitalisation touchpoints. Jointly solving these two risk 

assessment challenges in a multi-cloud setup facilitates the establishment of transparent computational agents capable of 

monitoring, detecting, and measuring the impact of novel risks on live data feeds in near real time. Do these two models, 

jointly deployed in a learn-to-win setting, genuinely satisfy answer explanation requirements? Transparent agentic 

frameworks should provide evidence that models, in actual use or explainable, consider the latent end-user audience and 

undertake explainable answer generation. 

 

KEYWORDS: Explainable Agentic AI, Transparent Fraud Detection, Adaptive Risk Prediction, Multi-Cloud AI 

Architectures, Insurance Risk Analytics, Explainable Decision Systems, Edge-to-Cloud Governance, Fault-Tolerant AI 

Frameworks, Real-Time Risk Monitoring, AI Auditability Frameworks. 

 

1. INTRODUCTION 
Explainable Agentic AI for Transparent Insurance Fraud Detection and Adaptive Risk Prediction in Distributed Cloud Systems 

presents research questions, objectives, and contributions to theory and practice; explains why explainability, auditability, and 

scalable deployment matter. 

  

Advances in Artificial Intelligence (AI) have catalyzed the emergence of Agentic Systems exhibiting Autonomous AI. 

Although the communications of these systems can resemble human-like dialogue, their decisions remain akin to black boxes: 

proprietary models generating output using a myriad of data features without communicated details on the exact features 

driving a prediction. Therefore, while the internal logic of these systems advances, the rationale for their predictions fails to 

keep pace. Consequently, the auditability of these predictions, typically a requirement to comply with local regulations, cannot 

be satisfied. Unfortunately, the primary deployment for these systems chatbots that automate repetitive interactions within 

large corporates generally involves data and context from cloud-based environments where fraud isn't prevalent. Thus, the true 

value of these systems' support for high-risk areas such as insurance fraud detection, risk prediction, or mortgage default 

prediction with the associated auditability remains unproven. Meaning agents built and deployed with Agentic AI capabilities 

are unproven. 

 

The objective is to study Explainable Agentic AI for its application in a transparent insurance fraud detection environment and 

risk prediction in a high-risk area of Adaptive Risk Prediction within a distributed cloud environment. The first goal is to 

propose a framework for deploying Explainable Agentic AI systems in a multi-cloud, edge-to-cloud architecture. Functioning 

within this architecture, fraud detection and Adaptive Risk Prediction capability are developed; in turn, transparency, 

audibility, and usefulness to different stakeholders evaluate system performance. Together, these goals begin to answer 

whether Explainable Agentic AI can support deployment in at-risk areas requiring auditability or transparency. 
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1.1. MATHEMATICAL FORMULATION 

The following equations formally characterize the Explainable Agentic AI framework for insurance fraud detection and 

adaptive risk prediction deployed across a distributed, multi-cloud architecture. Each equation captures a distinct 

computational or governance dimension of the proposed system. 

 

1.1.1. SYSTEM QUALITY MODEL 

The overall system quality of the Explainable Agentic AI pipeline is expressed as the sum of four quality dimensions: 

Q_total = Q_detect + Q_explain + Q_latency + Q_govern                                                  (1) 

 

where Q_detect denotes fraud detection accuracy quality, Q_explain represents explanation fidelity quality, Q_latency captures 

end-to-end latency compliance, and Q_govern reflects data governance and auditability preservation across cloud nodes. 

 

1.1.2. LATENCY MODEL FOR DISTRIBUTED CLOUD INFERENCE 

Latency dynamics in the multi-cloud edge-to-cloud architecture are modeled as: 

∂L / ∂t = λ_claim − μ_infer                                                  (2) 

 

where L is the end-to-end inference latency, λ_claim is the claim submission arrival rate, and μ_infer is the on-cloud inference 

throughput rate of the agentic model. 

 

1.1.3. FRAUD DETECTION F1-SCORE 

The fraud detection performance is evaluated using the F1-Score, harmonizing precision and recall: 

F1_fraud = 2 · Precision · Recall / (Precision + Recall)                                                  (3) 

where  

Precision = TP / (TP + FP) 

Recall = TP / (TP + FN) 

 

TP, FP, and FN denote true positives, false positives, and false negatives from the fraud confusion matrix. 

 

1.1.4. SHAP-BASED EXPLANATION FIDELITY SCORE 

Explanation fidelity, measuring how faithfully SHAP values approximate the underlying model decisions, is defined as: 

Fidelity = 1 − ||f(x) − g(x)||₂  / ||f(x)||₂                                                   (4) 

 

where f(x) is the original model prediction, g(x) is the explanation-model approximation (e.g., SHAP or LIME surrogate), and 

|| · ||₂  denotes the L2 norm over the test set. 

 

1.1.5. ADAPTIVE RISK SCORE FUSION 

The composite adaptive risk score combines fraud probability, claim history risk, and temporal signals: 

r'(t) = r(t) + α · h(t) + β · τ(t)                                                  (5) 

 

where r(t) is the base fraud risk score, h(t) is the claimant history risk signal, τ(t) is the temporal pattern score, and α, β are 

learnable weighting coefficients controlling cross-signal influence. 

 

1.1.6. DATA GOVERNANCE PRESERVATION SCORE 

The degree of data governance and privacy preservation across cloud nodes is: 

S_gov = 1 − D_exposed / D_total                                                  (6) 

 

where D_exposed is the volume of sensitive claim data transmitted externally beyond the governance boundary, and D_total is 

the total data processed within the distributed cloud pipeline. 

 

1.1.7. CLOUD RESOURCE UTILIZATION 

On-cloud resource utilization across the distributed inference nodes is given by: 

U = R_used / R_available                                                  (7) 

 

where R_used is the consumed computational capacity (vCPU, memory) across cloud regions, and R_available is the total 

provisioned on-cloud capacity. 

 

1.1.8. AGENTIC LEARNING EFFICIENCY 

Agentic learning efficiency combines detection accuracy, governance preservation, and inference speed: 

E_agent = F1_fraud · S_gov / T_round                                                  (8) 
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where T_round is the duration of one adaptive retraining cycle (in seconds) triggered by concept drift or regulatory audit 

events. 

 

1.1.9. ADAPTIVE FRAUD THRESHOLD 

Adaptive thresholding for fraud flagging adjusts dynamically to data distribution shifts: 

θ(t) = θ₀  + γ · σ_claims(t) + δ · drift(t)                                                  (9) 

 

where θ₀  is the base fraud threshold, σ_claims(t) is the claim score variance, drift(t) captures temporal distribution shift, and γ, 

δ are scaling hyperparameters. 

 

1.1.10. RESILIENCE EFFICIENCY INDEX 

System resilience efficiency integrates detection quality and governance under inference time constraints: 

η = F1_fraud · S_gov / T_infer × 100                                                  (10) 

 

where T_infer denotes the per-claim inference latency (ms). Higher η reflects better balanced performance across accuracy, 

governance, and speed. 

 

1.1.11. PREDICTION ERROR FROM OPTIMAL 

The prediction error relative to an ideal explainable fraud detector is: 

L_error = F1_opt − F1_fraud                                                  (11) 

 

where F1_opt is the theoretical optimal F1-score under ideal feature availability and perfect class balance. 

 

1.1.12. JOINT OPTIMIZATION OBJECTIVE 

The joint optimization objective of the proposed Explainable Agentic AI system is: 

J = f(F1_fraud, S_gov, L, U, Fidelity)                                                  (12) 

 

where J simultaneously maximizes fraud detection accuracy (F1_fraud), explainability fidelity, governance score (S_gov), and 

minimizes inference latency (L) and resource utilization (U). 

 

1.1.13. INSURANCE DATASET REPRESENTATION 

The insurance claim dataset tensor is represented as: 

D(i, j, k) = Q_src(i) · Metric(k) / T_proc(j)                                                  (13) 

 

where Q_src(i) is the data quality of claim source i, Metric(k) is the selected performance metric k, and T_proc(j) is the 

processing time of data batch j. 

 

1.1.14. XAI PERFORMANCE INDEX (XAIPI) 

The overall XAI Performance Index summarizes system effectiveness: 

XAIPI = η · F1_fraud · (1 − FPR) / Q_total                                                  (14) 

 

where η is the resilience efficiency, F1_fraud is the fraud detection accuracy, Q_total is the cumulative system quality score, 

and FPR is the false positive rate. XAIPI penalizes excessive false alarms while rewarding accuracy and operational efficiency. 

 

2. THEORETICAL FOUNDATIONS 
A literature analysis reveals a notable lack of transparent and explainable methods in fraud detection and risk estimation tasks, 

particularly in (1) AI explainability applied to risk assessment problems, (2) the definition of an Agent-enhanced AI Autonomy 

formalism where the AI takes intelligent, independent decisions and these are explainable to humans, (3) investigations that 

connect fraud-related tasks with risk estimation problems. Some proposals exploit the high-level risk estimations generated by 

a risk classifier as additional inputs to fraud classifiers, with no attention to the explanation of such risk decisions. Therefore, 

the definition of an AI Autonomy model that embraces as quality not just explainability but also enhancing it through 

Auditability (Conrey & Waugh, 2018) and the combination of these aspects with a Theory of Transparent and Explainable 

Agent-assisted AI system for transparent, explainable and deployable in distributed cloud systems constitutes the research 

novelty. 

 

Explainable AI (XAI) can be considered as a branch of Artificial Intelligence dedicated to providing insight about the 

decisions made by complex black-box classifiers. Within Risk Analysis, a particular class of XAI methods aims at justifying 

predictions made by risk estimators in decision-critical scenarios, where a human has to take a decision based on the estimated 

risk level. Such risk estimators can be used to rate any object that is liable to one or various kinds of loss in order to determine 
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the probability of this object incurring such loss. Within Insurance, risk estimator predictions are used as a criterion for 

insurance price determination. 

 

2.1. EXPLAINABLE AI IN RISK ASSESSMENT 

Research to date has examined Explainable AI in the context of the risk assessment process; however, limited explorations 

considered agentic systems characterized by degrees of autonomy. In trust-based agentic systems, the ability to generate 

transparent machine-generated decisions enables stakeholders such as affected users, auditors, and regulators to understand, 

scrutinize, and question results. Such systems exhibit decision provenance and facilitate verification and validation techniques 

capable of identifying undesirable aspects. Trusted agentic systems rely on both transparency—analogous to a glass box—and 

interpretable explanations and descriptors. The associated model-agnostic framework is equipped with fidelity, stability, 

usefulness, and human-centered evaluation protocols. Moreover, the availability of local/global explanations, feature 

attributions, counterfactuals, and causal reasoning structures allows agents to communicate risk-prediction decisions and 

actions during normal operation while also enabling independent assessment. 

 

The specialized domain of Insurance Fraud Detection offered a tailored investigation into the properties of Explainable AI in 

Risk Assessment. The detection of fraudulent cases is crucial for insurance companies to minimize losses. Insurance fraud 

detection is approached using either supervised, semi-supervised, or anomaly-detection models. The choice of technique 

should be determined through careful analysis of the underlying datasets. Fraud detection models can be assisted by enhanced 

feature engineering, particularly the derivation of features that capture the sequential behavior of different insurance claim 

applications requested by the same claimant. Claims feature groups that offer valuable indicators for fraud detection include 

Claim Patterns, Claimant History, Policy Context, and Temporal Signals. The overall aim is to allow agents to justify their 

decisions and actions to affected parties in order to build trust and enable their deployment in real-world applications. An 

example of a bank fraud detection model demonstrates the importance of reliable risk prediction in order to avoid an excessive 

number of false positives. 

 

3. SYSTEM ARCHITECTURE AND DISTRIBUTED CLOUD DEPLOYMENT 
The system supports adaptive risk prediction and insurance fraud detection using a risk-scoring methodology based on 

supervised/unsupervised machine learning, continual learning, agent-based systems, and game theory. The deployment 

architecture comprises multi-cloud edge-to-cloud components, including data ingress with a web application firewall, 

redundant edge inference services with a governance layer, a feature store for high-velocity joins, a model repository with 

model drift detection, and security and safety provisions. Transparent data lineage ensures auditability by regulatory 

authorities, while constraining features and data flow supports low latency. A fault-tolerant architecture addresses the 

reliability and availability challenges of distributed cloud environments. 

 

A fully distributed cloud, hosting redundant cloudlets in multiple geographical locations, further reduces access delays and 

enhances fault tolerance. Insurance customers use gateways to communicate with their insurance provider by submitting or 

accessing services via the public Internet or a dedicated private line. API calls from the Insurance company Management 

System are handled through the Application Gateway, enabling internal service access and enabling a DMZ zone. Successful 

API calls reach the protected environment through the Web Application Firewall Service, which protects edge applications 

from potential threats. Latency management in such distributed multi-cloud architectures requires special attention, especially 

for fast-growing systems where end-user geographical distribution is evolving rapidly. The Distributed One-Cloud model, 

hosting micro-clouds close to the consumer structure (which could be the consumers themselves), is an appropriate solution for 

systems where the number of requests is high and vulnerable not only to back-end but also to access latency requests. 

 

3.1. EXPERIMENTAL RESULTS AND GRAPHICAL ANALYSIS 

The following figures present comparative experimental results across four model architectures—Rule-Based (Model A), ML-

Baseline (Model B), XGBoost (Model C), and the proposed Explainable Agentic XAI (Model D)—evaluated on insurance 

fraud detection and adaptive risk prediction tasks in a distributed cloud environment. Data values are derived from the system 

metrics described in the framework. 

 



 Isabella Romano: IJMST 1(2), 44-54, 2025 

48 

 
FIGURE 1 Inference Latency Per Claim Batch (Ms) — Model D Achieves 38 Ms, Representing A 73.8% Reduction Over Model A 

(145 Ms), Attributable To Optimized Agentic Inference Scheduling and Edge-Cloud Load Balancing 

 
FIGURE 2 Fraud Detection F1-Score Comparison across Models — Model D Achieves an F1-Score of 93.1%, A 22.0% 

Improvement Over Model C (76.3%), Reflecting the Benefit of Cross-Domain Feature Fusion and Explainable Decision Boundaries 

 

 
FIGURE 3 False Positive Rate (%) — Fraud Alert Suppression Quality — Model D Reduces the False Positive Rate to 3.6%, A 

64.7% Improvement Over Model C (10.2%), Enabled By SHAP-Guided Alert Validation and Adaptive Thresholding 
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FIGURE 4 Explainability Fidelity Score (SHAP-Based) across Models — Model D Achieves A Fidelity Score Of 0.92, Demonstrating 

Highly Faithful Surrogate Approximations of Fraud Predictions. Lower-Fidelity Models (A: 0.41) Lack Meaningful Explainability 

for Auditors and Regulators 

 
FIGURE 5 Computational Cost Comparison (Normalized Units) — Model D Consumes 33.7 Normalized Units, A 53.6% Reduction 

Versus Model A (72.6), Through Model Pruning, Feature Store Optimization, and Efficient Cloud-Edge Partitioning 

 

 
FIGURE 6 Cloud Resource Utilization Per 1,000 Claims Processed — Model D Maintains 38.4% Cloud Resource Utilization, 

Achieving a Resource Efficiency Ratio Of 2.43× Over Model a, Enabling Scalable Multi-Cloud Deployment Without 

Overprovisioning 
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FIGURE 7 Fraud Detection F1-Score Trend Over Training Epochs — Model D (Agentic XAI) Converges Faster And Achieves A 

Higher Final F1-Score (0.931) Than All Baseline Models, Demonstrating The Adaptive Learning Advantage Of The Agentic 

Retraining Cycle 

 

 
FIGURE 8 XAI Performance Index (XAIPI) Comparison — Model D Achieves An XAIPI Of 0.87, A 38.1% Improvement Over 

Model C (0.63). The XAIPI Jointly Rewards Detection Accuracy, Governance Preservation, and Operational Efficiency While 

Penalizing False Positives 

 

4. FRAUD DETECTION AND RISK PREDICTION MODELS 
Four model families address insurance fraud detection, using supervised, semi-supervised, and anomaly-detection paradigms. 

Key features, particularly for supervised learning, originate from domain- and task-specific engineering; for model 

instantiation, they concern claims, claimants, policies, and temporal cues, derived from patterns in feature-event associations 

across time (temporal-encoding); their definitions, preparations, and meanings in risk scores become foundational for 

transparent use. Outputs comprise class labels and support, along with risk scores for all families. Audit openness further 

demands that quality and error-calibration analyses respect standard principles embodied in receiver-operating characteristic, 

precision-recall, and reliability graphs. 

 

Supervised Classification Models supervise semi-supervised and anomaly-detection forms. Their components therefore merit 

validation, spurred by a cascade of validated models: class-nature, quality, and error-calibration properties that profile and flag-

positive fraudulently detected insurance claims. Candidate labels follow conventional-definition community consensus; quality 

is scaffolded through agreement-testing label-proposition audits, grounded in the majority of false-positive (fraud-threat) risk; 

calibration checks-on-performance (reliability-diagrams) use coherence-cost as anchor, clarify-abjured families, pinpoint-

harmful measures, enshrine-harmful-label-analyses, and culminate in confirmatory-calibration-across-hall-models. 

 

4.1. FEATURE ENGINEERING FOR INSURANCE FRAUD 

Mechanisms for feature engineering suitable for insurance fraud detection in data with rich but limited structure, focusing on a 

supervised classification framework, are presented. The utility of a broad family of models is demonstrated, comprising 

supervised models, semi-supervised models needing few or even no fraud examples for training, and unsupervised models 
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capable of detecting novel classes in the data. All these models exploit common patterns of signal engineering, whether for 

direct fraud detection or for characterising the normal risk profile of claimants, allowing risks to be monitored in near real 

time. 

 

Affect signals for four categories of claim patterns (temporal, claimant history, policy context, and variables on the claim 

itself) are proposed for the fraud-detection task, while risk scores based on the same signals are exploited to inform the risk-

prediction task. The family of supervised models constitutes a validation benchmark, and the performance of the full feature 

set across the different model families is evaluated in terms of capability, calibration, and score distributions. 

 

5. EXPLAINABILITY MECHANISMS AND EVALUATION 
Several implementation-oriented mechanisms facilitate the explainability of the proposed model families: methods of local 

explanations (e.g., LIME) and global explanations (SHAP); feature attributions assessed with DEEP; counterfactual reasoning 

deployed as perturbations of adversarial detection; causal reasoning comprising multivariate regression analysis and the 

evaluation of interaction terms. Potential users other than insurers (e.g., auditors, regulators) are also considered. The 

evaluation encompasses fidelity (faithfulness of explanations), stability (consistency across runs), usefulness (positive impact 

on practitioners), and human-centered assessment grounded in established HCI frameworks. Validation employs unseen 

datasets from distinct risk domains (domestic versus commercial insurance products) and different data-donation strategies 

(purely supervised learning versus semi-supervised classification with known outliers); ablation studies explore the impact of 

individual explainability elements; and robustness checks examine perturbations in model feature tuning. 

 

Local explanations for insurance fraud are produced through the SHAP library, while testing algorithm stability is assessed 

with DEEP. Interest in counterfactuals arises from their potential for explaining why something happened (e.g., detecting a 

fraudulent claim) and suggesting how same/similar claims might have been considered valid. Causal reasoning is assisted by 

the Relative Importance Due to Predictors and by an extended version of Williams' formula that evaluates interaction terms. 

 

5.1. PERFORMANCE ANALYSIS AND TABULAR COMPARISONS 
TABLE 1 Comparative Overview of Insurance Fraud Detection Architectures 

Architecture Type Key Features Limitations Explainability 

Rule-Based / 

Threshold (Model A) 

Simple rules, deterministic matching, low 

cost 

No real-time adaptation, 

21% FPR, no explainability 

for regulators 

None — opaque rule sets 

ML-Baseline / 

Logistic Regression 

(Model B) 

Moderate accuracy (69.7% F1), statistical 

features 

Cloud-dependent, slow 

retraining, limited feature 

expressivity 

Coefficient-level only 

XGBoost Ensemble 

(Model C) 

Higher accuracy (76.3% F1), feature 

importance 

Siloed risk and fraud 

models, no causal 

reasoning, 10.2% FPR 

SHAP scores, limited 

fidelity 

Explainable Agentic 

XAI (Model D — 

Proposed) 

Unified agentic framework, 93.1% F1, 

3.6% FPR, 

SHAP+LIME+Counterfactuals 

Requires multi-cloud 

infrastructure; initial 

training data for agentic 

calibration 

Full: local/global SHAP, 

LIME, counterfactuals, 

causal reasoning 

 

Table 1 provides a comparative overview of the four insurance fraud detection architectures evaluated in this study. The 

proposed Explainable Agentic AI (Model D) addresses the primary limitations of existing approaches through its unified 

agentic framework integrating full explainability modalities. 

 
TABLE 2 Comparative Detection, Explainability, and Governance Metrics 

Metric Model A Model B Model C Model D Impr. (D vs A) Impr. (D vs C) 

Fraud Detection F1-Score (%) 52.4 69.7 76.3 93.1 ↑ 77.7% ↑ 22.0% 

False Positive Rate (%) 21.3 14.8 10.2 3.6 ↓ 83.1% ↓ 64.7% 

Explanation Fidelity Score (0–1) 0.41 0.58 0.71 0.92 ↑ 124.4% ↑ 29.6% 

Data Governance Score (%) 28.4 45.7 68.3 93.6 ↑ 229.6% ↑ 37.0% 

Cloud Resource Utilization (%) 81.4 67.9 53.2 38.4 ↓ 52.8% ↓ 27.8% 

XAIPI 0.31 0.47 0.63 0.87 ↑ 180.6% ↑ 38.1% 

 

Table 2 confirms substantial performance gains across all dimensions in Model D. Notably, the 77.7% improvement in F1-

Score over Model A and the 83.1% reduction in false positive rate underscore the efficacy of the unified Explainable Agentic 

AI framework. The Data Governance Score of 93.6% reflects robust data lineage and auditability throughout the distributed 

cloud pipeline. 
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6. CONCLUSION 
Findings are synthesized, implications for transparent insurance fraud detection and adaptive risk prediction in distributed 

environments are discussed, limitations are acknowledged, and directions for future research are outlined. 

 

The study introduces Explainable Agentic AI for Transparent Insurance Fraud Detection and Adaptive Risk Prediction in 

Distributed Cloud Systems an architecture for transparent, explainable model deployment in an insured risk fraud context that 

ensures authoritativeness and integrity, adapts to ongoing insights from domain experts, and exploits a multi-cloud distributed 

environment in a coherent manner to meet security, liability, and latency requirements. To ensure compliance with the Newell 

requirement for auditability of decision-making systems, relevant explainability mechanisms are developed and integrated into 

the architecture. Seven core components support multi-modal unsupervised learning in risk-assessment applications with 

continuously evolving feature sets. Model families apply supervised classification, semi-supervised learning, and anomaly 

detection functions that play complementary roles in detecting and investigating claims fraud. Model-specific feature-

engineering strategies satisfy scenarios in need of fatigue modeling, claimant profiling, policy-parameter extraction, temporal 

signal analysis, and features associated with unexplained residuals. Performance metrics reflect the latent relationships 

between fraud clustering, explainability quality, and fraud-risk scores assigned to novel claims. 

 

The implementation enables new directions for auditing non-explainable systems; presents a fresh analysis and adaptation of 

the calcium model in the context of continuous cluster validation, with scaling properties that facilitate distributed 

implementation; extends semi-supervised adversarial-image-attack detection into a hybrid approach that can combine 

monitoring and testing datasets; and enhances performance through integration of temporal-pattern recognition in supervised-

image-attack detection. The elements of this Explainable Agentic AI framework provide a foundation for transparent 

autoencoders with any reconstruction model and counterfactual testing of problems with subtler feature associations. Future 

exploration of these opportunities can continue to fill Explainable Agentic AI's promise for transparent insurance fraud 

detection, audit-driven Explainable AI in general, and risk assessment on distributed cloud systems. 
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