
  International Journal of Science, Research and Technology (IJSRAT)  

    |Bimonthly | Peer-Reviewed | Scholarly Journal| 

               |ISSN 2454-3853|www.ijsrat.com|editor@ijsrat.com|Vol.9, Issue 5, September-October 2026| 

               DOI: 10.15662/IJSRAT.2026.0905003 

 

© IJSRAT                                www.ijsrat.com                                                                  1766 

 

Generative AI-Driven Cloud Operations through 

Causal Root-Cause Analysis and Intelligent 

Incident Remediation 

 

Dr. Mohamed Abd El-Basset Matwalli 

Faculty of Computers and Informatics, Zagazig University, Egypt 

 

Publication History: Received: 02.08.2026; Revised: 28.08.2026; Accepted:02.09.2026; Published: 15.09.2026. 

 

ABSTRACT: The increasing complexity of cloud computing environments has created significant challenges in 

infrastructure monitoring, incident detection, root-cause identification, and service recovery. Traditional cloud 

operations rely heavily on rule-based alerts, predefined troubleshooting procedures, and manual investigation, which 

may result in delayed incident resolution and increased operational costs. This study proposes a generative artificial 

intelligence (AI)-driven framework for intelligent cloud operations that integrates causal root-cause analysis, large 

language models (LLMs), multimodal observability data, and automated incident remediation. The framework 

combines metrics, logs, distributed traces, configuration records, and deployment events to identify relationships 

between observed failures and their underlying causes. Causal inference techniques distinguish potential causes from 

simple statistical correlations, while generative AI interprets diagnostic evidence, produces contextual incident 

summaries, and recommends corrective actions. A risk-aware remediation mechanism validates proposed interventions 

through policy checks, simulation, and human approval when necessary before executing approved recovery 

procedures. The proposed methodology is evaluated conceptually using incident detection accuracy, root-cause 

identification precision, mean time to resolution, remediation success rate, and operational overhead. The framework 

aims to improve incident response efficiency, reduce repetitive manual troubleshooting, and strengthen reliability 

across dynamic cloud infrastructures. By integrating causal reasoning with controlled generative AI capabilities, the 

proposed approach provides a foundation for explainable, adaptive, and trustworthy cloud operations. Experimental 

validation is required to quantify its effectiveness under realistic workloads and diverse failure scenarios. 

 

KEYWORDS: Generative artificial intelligence, cloud operations, causal root-cause analysis, intelligent incident 

remediation, large language models, AIOps, cloud observability, incident management, automated recovery, causal 
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I. INTRODUCTION 

 

Cloud computing has become a fundamental component of modern digital infrastructure, supporting enterprise 

applications, distributed databases, microservices, containerized workloads, and mission-critical business services. As 

organizations increasingly adopt hybrid and multicloud architectures, the complexity of maintaining availability, 

performance, and security continues to increase. Cloud environments generate enormous volumes of telemetry, 

including application logs, infrastructure metrics, distributed traces, deployment records, configuration changes, and 

security events. Although these data sources provide valuable information about system behavior, their volume and 

heterogeneity make manual analysis increasingly inefficient. Traditional cloud operations frequently depend on 

predefined thresholds, static alerting rules, and operator-driven troubleshooting. These methods can detect deviations 

from expected behavior but often struggle to distinguish the symptoms of an incident from its underlying cause. For 

example, elevated application latency may originate from database contention, network congestion, resource 

exhaustion, an unsuccessful software deployment, or an upstream service failure. When multiple services are 

interdependent, a single underlying fault can generate hundreds of correlated alerts across the infrastructure. 

Consequently, operations teams may experience alert fatigue, prolonged diagnostic investigations, inconsistent 

recovery procedures, and increased mean time to resolution. Artificial intelligence for IT operations (AIOps) has 

emerged as a promising approach for automating monitoring and anomaly detection. However, conventional machine 

learning models often identify statistical patterns without providing sufficient causal explanations or generating 

contextually appropriate remediation strategies. Generative artificial intelligence, particularly large language models, 

offers new opportunities to interpret complex operational evidence, synthesize information from multiple sources, and 

assist engineers in diagnosing and resolving incidents. Nevertheless, reliable cloud automation requires more than 
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natural-language reasoning: it demands evidence-based diagnosis, causal validation, operational safeguards, and 

measurable recovery outcomes. 

 

This study proposes a generative AI-driven cloud operations framework that integrates causal root-cause analysis with 

intelligent incident remediation. The central objective is to connect observability data, causal reasoning, and controlled 

automation within a unified operational workflow. First, the framework collects and correlates telemetry from cloud 

infrastructure, applications, and distributed services. Second, causal analysis techniques investigate dependencies 

between system components, operational events, and observed failures to identify plausible root causes rather than 

merely ranking correlated symptoms. Third, a generative AI model interprets the resulting evidence and produces 

structured incident explanations, confidence estimates, and candidate remediation plans grounded in operational 

knowledge bases, runbooks, configuration policies, and historical incidents. Finally, a risk-aware execution mechanism 

validates proposed actions against service dependencies, authorization policies, and potential operational consequences 

before implementation. Low-risk, reversible actions may be automated within predefined boundaries, whereas high-

impact interventions require human approval. The framework also incorporates post-remediation monitoring to verify 

recovery and support continuous improvement. The significance of this approach lies in combining the contextual 

reasoning capabilities of generative AI with the explanatory discipline of causal inference and the safeguards of reliable 

automation. The study focuses on improving diagnostic accuracy, reducing incident resolution time, increasing 

remediation success, and maintaining operational transparency. It also considers challenges involving hallucinations, 

incomplete telemetry, changing workloads, causal uncertainty, and unsafe tool execution. By addressing these 

challenges, the proposed framework seeks to establish a practical foundation for intelligent cloud operations in which 

AI assists engineers with evidence-based decisions while preserving human oversight and infrastructure reliability. 

 

II. LITERATURE REVIEW 

 

Research on automated cloud operations has developed through several related areas, including anomaly detection, 

event correlation, artificial intelligence for IT operations, causal inference, large language models, and autonomous 

remediation. Early operational monitoring systems primarily relied on threshold-based alerts and predefined rules to 

detect abnormal resource utilization, service failures, and performance degradation. Although these techniques remain 

useful for well-understood failure conditions, they frequently generate excessive alerts when applied to dynamic 

microservice environments. Machine learning subsequently enabled statistical anomaly detection, time-series 

forecasting, clustering, and classification of operational events. These methods improved the identification of unusual 

behavior and enabled organizations to analyze telemetry at a greater scale. AIOps extended these capabilities through 

event aggregation, alert deduplication, incident prioritization, and automated diagnostic assistance. Distributed tracing 

and service dependency mapping further improved the understanding of interactions between microservices. 

Nevertheless, many existing approaches emphasize correlations between observed events rather than the causal 

mechanisms responsible for failures. An alert associated with high CPU utilization, for example, may coincide with 

application latency without necessarily explaining whether resource saturation caused the latency or resulted from an 

underlying application defect. This distinction is important because remediation directed at symptoms may provide 

temporary relief while leaving the actual failure mechanism unresolved. The literature therefore indicates a continuing 

need for operational intelligence that combines large-scale telemetry analysis with causal reasoning, dependency 

awareness, and interpretable diagnostic evidence. 

 

Causal inference provides a methodological foundation for addressing the limitations of correlation-based incident 

diagnosis. Structural causal models, directed acyclic graphs, intervention analysis, and counterfactual reasoning can 

represent relationships between infrastructure variables, configuration changes, application behavior, and service 

outcomes. In cloud environments, causal graphs may describe how a deployment changes resource consumption, how 

resource exhaustion affects request latency, or how database contention propagates through dependent services. 

Change-point detection, temporal analysis, and dependency graphs can complement causal reasoning by identifying 

relevant events and narrowing the space of potential explanations. However, causal discovery in operational 

environments is challenging because telemetry is incomplete, variables are continuously changing, and multiple failures 

may occur simultaneously. Observational data alone may not establish causality without appropriate assumptions, 

domain knowledge, or controlled interventions. Generative AI offers complementary capabilities by summarizing large 

volumes of unstructured logs, retrieving relevant troubleshooting documentation, interpreting incident histories, and 

converting diagnostic findings into understandable explanations. Retrieval-augmented generation can ground model 

responses in verified runbooks, system documentation, and historical incident reports rather than relying exclusively on 

pretrained knowledge. Recent research on LLM-assisted software engineering and agent-based automation has also 

explored the use of language models for tool selection, diagnostic reasoning, and workflow execution. However, these 
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systems can produce unsupported explanations, misinterpret telemetry, or recommend actions that violate operational 

constraints. Consequently, generative AI should function as an evidence-grounded reasoning and orchestration 

component rather than an unrestricted authority over cloud infrastructure. 

 

Intelligent incident remediation represents another important research direction, involving the transition from detecting 

and diagnosing failures to selecting and executing corrective actions. Conventional remediation systems use predefined 

runbooks to restart failed services, scale resources, roll back deployments, or restore known-good configurations. These 

mechanisms can provide fast recovery when failure conditions are well understood, but their limited adaptability can 

restrict their effectiveness in unfamiliar or compound incidents. Reinforcement learning, policy-based automation, and 

event-driven orchestration have been investigated as approaches for selecting actions based on system states and 

operational objectives. Generative AI potentially extends these methods by translating diagnostic evidence into context-

sensitive remediation plans and adapting explanations to specific infrastructure configurations. Yet, autonomous 

execution introduces risks involving service disruption, privilege misuse, cascading failures, and irreversible changes. 

Safe automation therefore requires policy enforcement, least-privilege access, action validation, simulation or staged 

execution, auditability, and rollback mechanisms. Human-in-the-loop decision-making remains particularly important 

for high-impact incidents and situations characterized by substantial diagnostic uncertainty. Another limitation in the 

existing research landscape is the difficulty of evaluating integrated systems consistently. Detection accuracy alone 

does not establish whether an AI-driven system identifies the correct root cause or restores a service successfully. 

Comprehensive evaluation should include root-cause identification quality, incident resolution time, remediation 

success, false intervention rates, recovery verification, and operational cost. The proposed study addresses this research 

gap by integrating causal diagnosis, retrieval-grounded generative reasoning, risk-aware action execution, and post-

remediation verification into a unified cloud operations framework. Its contribution is a structured methodology for 

evaluating both diagnostic intelligence and operational safety rather than treating incident summarization or automated 

action generation as sufficient evidence of successful cloud management. 

 

III. RESEARCH METHODOLOGY 

 

The proposed research adopts a design-oriented methodology to develop and evaluate a generative AI-driven 

framework for causal root-cause analysis and intelligent incident remediation in cloud environments. The framework is 

organized as an end-to-end operational pipeline comprising telemetry collection, event normalization, causal diagnosis, 

generative reasoning, remediation planning, controlled execution, and recovery verification. The experimental 

environment should represent a cloud-native application deployed through container orchestration, with multiple 

interacting microservices, databases, networking components, and infrastructure resources. A controlled testbed can be 

implemented using a Kubernetes-based environment or an equivalent cloud platform, supported by observability tools 

that collect infrastructure metrics, application logs, distributed traces, and deployment events. Incident scenarios should 

include CPU and memory exhaustion, database connection saturation, network latency, service dependency failures, 

configuration errors, failed deployments, and resource scaling problems. Both isolated failures and compound incidents 

should be introduced to evaluate the framework under different operational conditions. Each scenario should include a 

documented initiating event, observable symptoms, relevant service dependencies, expected root cause, and an 

approved remediation procedure. Historical incident records and operational runbooks should supplement the generated 

telemetry to support retrieval-grounded diagnosis. Data collection should preserve timestamps, component identifiers, 

event severity, deployment versions, and relevant configuration metadata to facilitate temporal correlation. Before 

model processing, the collected information should undergo normalization, duplicate-event removal, timestamp 

alignment, sensitive-data filtering, and service-level entity resolution. Personally identifiable information, credentials, 

access tokens, and confidential configuration values should be excluded or appropriately redacted. The experimental 

dataset should be divided into development, validation, and testing subsets according to incident scenarios or time 

periods to reduce information leakage between training and evaluation. The methodology should document the cloud 

configuration, workload characteristics, fault-injection procedures, model versions, prompt templates, and evaluation 

conditions to support reproducibility. Because the proposed framework is a research design rather than a report of 

completed experiments, all numerical performance values must be obtained through implementation and testing rather 

than assumed in advance. 

 

The second methodological stage focuses on causal root-cause identification through the integration of temporal 

telemetry analysis, service dependency information, and causal modeling. Initially, the system constructs a dependency 

graph representing relationships among infrastructure components, application services, databases, network elements, 

and external dependencies. Directed edges may represent request flows, resource dependencies, shared infrastructure, 

or hypothesized causal relationships. Telemetry streams are aligned within incident-specific time windows to identify 
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changes in latency, error rates, resource utilization, request volume, and service availability. Change-point detection 

and anomaly scoring are then used to identify abnormal events that precede or coincide with service degradation. 

Candidate root causes are generated by combining temporal precedence, dependency structure, configuration changes, 

and known failure patterns. Where sufficient data and defensible assumptions are available, structural causal models or 

conditional dependency analyses can be used to evaluate plausible relationships among the observed variables. Domain 

knowledge from architecture definitions and incident runbooks should constrain causal discovery, reducing the 

likelihood of interpreting coincidental correlations as genuine causal links. The framework should distinguish between 

confirmed causal evidence, plausible hypotheses, and unresolved uncertainty. For example, an increase in database 

latency followed by downstream service timeouts may indicate database contention, but the system should consider 

alternative explanations such as network congestion or excessive request volume. Candidate causes can be ranked using 

evidence coverage, temporal consistency, dependency relevance, and agreement with known incident patterns. 

Confidence scores should be calibrated against held-out incidents rather than interpreted as proof of causation. When 

feasible, controlled fault injection and safe interventions can provide additional evidence by testing whether modifying 

a suspected cause changes the expected system outcome.  

 

 
 

Fig.1.AI-driven cybersecurity framework for software development based on the ANN-ISM 
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The third stage integrates a large language model with retrieval-augmented generation to convert diagnostic evidence 

into incident explanations and remediation plans. A curated knowledge repository should contain operational runbooks, 

architecture documentation, deployment histories, configuration policies, approved recovery procedures, and sanitized 

historical incident reports. Relevant documents can be indexed using keyword retrieval, vector embeddings, or a hybrid 

search mechanism. When an incident is detected, the system retrieves material related to the affected service, suspected 

failure mechanism, current infrastructure state, and previously validated recovery actions. The language model receives 

this retrieved evidence together with the structured causal diagnosis, relevant telemetry summaries, and explicit 

constraints governing the response. Its output should follow a predefined schema containing the incident summary, 

suspected root cause, supporting evidence, alternative hypotheses, recommended action, expected outcome, risk level, 

rollback procedure, and verification conditions. Structured output and schema validation reduce ambiguity and make 

proposed actions easier to inspect programmatically. The model should be instructed to identify missing information 

rather than invent telemetry values or undocumented infrastructure behavior. Recommendations unsupported by 

retrieved evidence or the causal analysis should be marked as uncertain and routed for further investigation. A separate 

policy evaluation component should assess each candidate intervention according to operational impact, reversibility, 

authorization requirements, service criticality, and the potential for cascading effects. For example, collecting 

additional diagnostic information or restarting a noncritical isolated test service may qualify for restricted automation, 

whereas modifying database schemas, changing network security policies, or restarting critical production services may 

require explicit human approval. Before execution, candidate actions should undergo parameter validation, permission 

checks, idempotency analysis, and dependency verification. Where practical, a staging environment, dry-run 

mechanism, digital twin, or controlled canary procedure should be used to assess likely consequences. The framework 

should enforce least-privilege access and permit the language model to invoke only approved tools through predefined 

interfaces. Model-generated scripts should not be executed directly without validation. Each decision, retrieved 

document, proposed action, approval, and execution result should be recorded in an auditable incident history. These 

controls ensure that generative AI contributes contextual reasoning and flexible planning while deterministic policies 

retain authority over execution permissions and infrastructure safety. 

 

The fourth stage evaluates the integrated framework through controlled experiments and comparative analysis. The 

proposed approach should be compared with baseline methods, including threshold-based monitoring, conventional 

anomaly detection, causal diagnosis without generative AI, and generative AI-assisted incident analysis without explicit 

causal modeling. Where appropriate, a further baseline should use predefined automated runbooks without model-

generated remediation. The same incident scenarios, workload conditions, and initial infrastructure states should be 

applied across comparable configurations to minimize experimental bias. Root-cause identification performance should 

be measured using top-1 accuracy, top-k accuracy, precision, recall, and macro-averaged F1-score, depending on 

whether the task involves selecting a single cause or ranking multiple hypotheses. Operational efficiency should be 

assessed through mean time to detect, mean time to identify the root cause, mean time to remediate, and mean time to 

restore service. Remediation evaluation should measure successful recovery rates, policy violations, rollback 

frequency, false interventions, repeated incidents, and unintended service degradation. Resource overhead should 

include model inference latency, token consumption, telemetry processing time, additional infrastructure utilization, 

and associated operational costs. Results should be reported separately for isolated failures, compound incidents, 

unfamiliar failure patterns, and scenarios involving incomplete or conflicting telemetry. Ablation experiments should 

remove individual components, such as causal modeling, retrieval augmentation, risk assessment, or post-remediation 

verification, to estimate their contribution to overall performance. Repeated trials should be conducted where practical, 

with confidence intervals or suitable statistical tests used to distinguish consistent improvements from random 

variation. Qualitative analysis by cloud operations specialists can assess explanation clarity, evidential relevance, action 

appropriateness, and the usefulness of generated incident reports. Safety testing should include prompt injection 

through untrusted log content, incorrect retrieved documents, malformed tool arguments, excessive permissions, and 

recommendations that conflict with established operational policies. The system should also be evaluated under 

workload changes, telemetry delays, service scaling events, and temporary monitoring failures. A remediation action 

should count as successful only when predefined service-level indicators return to acceptable ranges and remain stable 

for an established verification period. If recovery cannot be confirmed, the framework should stop further autonomous 

intervention, preserve diagnostic evidence, and escalate the incident to an authorized operator. The final analysis should 

report measured findings transparently, including failure cases, computational trade-offs, and limitations. This 

methodology provides a reproducible basis for determining whether integrating generative AI with causal root-cause 

analysis produces meaningful improvements in cloud operations while maintaining acceptable levels of safety, 

reliability, and human oversight. 
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IV. RESULTS AND DISCUSSION 

 

The proposed framework for generative AI-driven cloud operations integrates causal root-cause analysis, intelligent 

incident remediation, and continuous operational monitoring to improve the reliability and efficiency of cloud-based 

infrastructure. The expected results are evaluated across incident diagnosis accuracy, remediation effectiveness, mean 

time to resolution (MTTR), operational downtime, and the quality of automated decision-making. The framework 

combines telemetry data from logs, metrics, distributed traces, configuration records, and deployment histories with 

generative AI capabilities to interpret complex operational events. Unlike conventional monitoring systems that 

generate alerts based primarily on predefined thresholds or statistical anomalies, the proposed approach aims to identify 

the underlying conditions responsible for service degradation and recommend context-aware corrective actions. For 

example, when an application experiences increased response times, the framework examines relationships between 

resource utilization, database latency, network communication, recent deployments, and upstream service 

dependencies. A generative AI model then synthesizes these observations into an evidence-based incident explanation, 

identifies plausible causal pathways, and proposes appropriate remediation steps. The expected benefit is a transition 

from reactive alert handling to proactive and context-aware incident management. However, the quality of these 

outcomes depends on the completeness of telemetry, the reliability of causal evidence, the accuracy of retrieved 

operational documentation, and the model's ability to distinguish confirmed observations from hypotheses. 

Consequently, the framework evaluates incident diagnosis not only through the relevance of generated explanations but 

also through their consistency with verified incident records and controlled fault-injection scenarios. The results should 

therefore be interpreted as evaluation objectives and anticipated outcomes unless the framework is implemented and 

tested against actual operational data. This distinction is important because generative AI can produce convincing 

explanations without necessarily establishing the true cause of a failure. Integrating causal analysis with evidence 

retrieval and independent validation provides a stronger basis for operational decisions than relying on generated 

narratives alone. 

 

A second important outcome concerns the potential improvement in incident resolution through intelligent remediation. 

Traditional cloud operations often depend on engineers manually interpreting alerts, correlating events across 

monitoring tools, consulting technical documentation, and executing corrective procedures. This workflow can 

introduce delays, particularly when incidents involve multiple services, complex dependencies, or recurring 

infrastructure failures. The proposed framework seeks to reduce these delays by connecting causal hypotheses with a 

governed library of remediation procedures. After an incident is detected, the system collects relevant evidence, ranks 

potential causes, retrieves applicable runbooks, and generates a remediation plan appropriate to the observed system 

state. Actions may include restarting an unhealthy service, scaling application capacity, clearing a failed processing 

queue, rolling back a problematic deployment, or adjusting a configuration parameter, provided that the proposed 

action is supported by evidence and authorized by operational policy. The anticipated benefits include reduced manual 

investigation effort, more consistent incident handling, and improved reuse of organizational knowledge. Nevertheless, 

remediation effectiveness should be measured using multiple indicators rather than the number of actions automated. 

An intervention that closes an alert quickly but causes additional failures or merely suppresses a symptom cannot be 

considered successful. Accordingly, remediation evaluation should assess recovery time, service health after 

intervention, recurrence rates, unintended side effects, and compliance with approved operational procedures. Low-risk 

actions may be executed automatically after predefined validation checks, whereas high-impact actions should require 

human approval. A verification stage should confirm that the target service has recovered and that relevant performance 

indicators have returned to acceptable ranges. If the remediation fails, produces unexpected behavior, or increases 

operational risk, the framework should stop further execution, preserve diagnostic evidence, and escalate the incident to 

an authorized engineer. This approach balances automation with operational control. It also addresses a central 

limitation of generative AI in infrastructure management: the ability to produce plausible instructions does not 

guarantee that those instructions are safe in a particular production environment. Therefore, the expected improvement 

in remediation performance depends on the quality of the action-selection mechanism, the availability of reliable 

rollback procedures, and the enforcement of access restrictions. 

 

The third area of analysis concerns the relationship between causal root-cause analysis, generative AI, and the long-

term reliability of cloud operations. Cloud incidents frequently arise from interacting factors rather than a single 

isolated failure. Resource exhaustion may coincide with a traffic surge, a recent software release, a database connection 

bottleneck, or an external dependency failure. Conventional correlation-based monitoring may identify these events 

simultaneously without determining which condition contributed to the incident and which occurred as a consequence. 

The proposed framework addresses this challenge by incorporating causal reasoning techniques, dependency graphs, 

temporal event analysis, and counterfactual evaluation where the available evidence supports such methods. Generative 
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AI provides a natural-language interface for synthesizing the results into understandable explanations for site reliability 

engineers, cloud administrators, and operations managers. For instance, an incident report may identify a deployment as 

a candidate trigger, demonstrate that elevated database latency preceded downstream request failures, and explain 

which additional evidence is required before assigning a definitive cause. This capability can improve the transparency 

of incident investigations and support more effective post-incident reviews. However, causal conclusions require 

stronger evidence than temporal coincidence or statistical association. In production environments, causal relationships 

may be investigated through controlled experiments, fault injection, change comparisons, domain-informed causal 

models, or carefully designed counterfactual analyses. Where these methods are unavailable, the system should present 

ranked hypotheses with confidence limitations instead of claiming certainty. The framework can also support 

continuous learning by recording incident outcomes, engineer feedback, successful remediation procedures, and 

recurring failure patterns. These records can improve retrieval quality and operational recommendations over time, 

subject to data governance and validation requirements. To determine the framework's overall value, future empirical 

evaluation should compare it against a conventional monitoring and incident response baseline using representative 

workloads, repeated experiments, and consistent measurement criteria. Relevant metrics include root-cause 

identification accuracy, top-k diagnostic success, mean time to acknowledge, mean time to resolve, remediation success 

rate, recurrence frequency, and the rate of unsafe or unnecessary interventions. Additional measures should capture 

explanation faithfulness, evidence traceability, hallucination frequency, and human override rates. Together, these 

measures provide a multidimensional assessment of technical effectiveness, operational safety, and organizational 

usability. The principal implication is that generative AI should function as an evidence-grounded operational assistant 

within a controlled cloud management architecture rather than as an unrestricted autonomous operator. Its greatest 

potential lies in combining broad contextual interpretation with causal evidence, validated actions, and continuous 

verification. 

 

V. CONCLUSION 

 

Generative AI-driven cloud operations represent an emerging approach to improving infrastructure reliability through 

the integration of intelligent incident diagnosis, causal root-cause analysis, and automated remediation. As cloud 

environments become increasingly distributed and interconnected, the volume and complexity of operational telemetry 

make manual incident investigation more difficult. Traditional monitoring systems remain essential for detecting 

anomalies, collecting metrics, and notifying engineering teams, but they may provide limited support for understanding 

complex relationships between infrastructure components and determining the most appropriate corrective response. 

The proposed framework addresses this limitation by combining observability data, causal reasoning, generative AI, 

and governed remediation procedures within a unified operational workflow. By correlating logs, metrics, traces, 

configuration changes, and service dependencies, the system aims to identify plausible causes of service degradation 

and translate technical evidence into understandable diagnostic explanations. Generative AI supports the interpretation 

of heterogeneous operational information, while causal analysis provides a structured basis for distinguishing likely 

contributing factors from coincidental events. This combination can improve the quality of incident investigations and 

reduce dependence on fragmented manual troubleshooting. Furthermore, integrating incident knowledge with approved 

runbooks enables the system to recommend context-specific corrective actions rather than relying exclusively on static 

rules. The overall objective is to establish a more proactive, consistent, and explainable approach to cloud reliability 

management. Nevertheless, the value of such a framework depends on the reliability of its evidence sources, the quality 

of its causal models, and the effectiveness of its safety controls. Generated explanations must be validated against 

operational records, and automated actions must be constrained by authorization policies, service criticality, and 

potential business impact. Therefore, generative AI should complement established observability, incident 

management, and site reliability engineering practices rather than replace them. The proposed framework provides a 

conceptual foundation for evaluating how AI-assisted diagnosis and remediation can contribute to improved cloud 

operations, but its practical benefits must be established through controlled experimentation and real-world 

implementation. 

 

A further conclusion is that successful intelligent cloud operations require a balanced relationship between automation, 

causal transparency, and human oversight. Faster incident resolution alone is insufficient if automated actions introduce 

additional failures, obscure the original cause, or create security and compliance risks. An effective system must 

explain which evidence supports a diagnosis, identify uncertainties, recommend proportionate interventions, and verify 

that the resulting system state satisfies operational requirements. In this context, causal root-cause analysis strengthens 

generative AI by providing a structured method for investigating dependencies and evaluating competing explanations. 

Intelligent remediation extends this capability by translating validated diagnostic findings into controlled actions that 

can restore service health and reduce repetitive engineering work. The integration also creates opportunities for 
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continuous operational improvement because incident outcomes, remediation results, and engineer feedback can inform 

subsequent investigations. However, these benefits require carefully designed governance mechanisms, including role-

based access control, immutable audit records, secure handling of sensitive telemetry, version-controlled runbooks, 

approval workflows, and rollback capabilities. Model evaluation must similarly extend beyond language quality to 

include diagnostic accuracy, action safety, evidence grounding, and resilience under changing operational conditions. 

Organizations adopting this approach should begin with bounded, low-risk use cases, such as incident summarization, 

runbook retrieval, diagnostic assistance, and recommendations that require human approval. Greater autonomy can be 

introduced incrementally when repeated evaluations demonstrate that the system performs reliably within clearly 

defined operational boundaries. This staged approach allows organizations to assess practical value while limiting the 

consequences of incorrect predictions or unsuitable actions. Ultimately, generative AI-driven cloud operations should 

be understood as an evolution toward evidence-based operational intelligence rather than a complete replacement for 

experienced engineers. The integration of causal reasoning, contextual knowledge, and verified remediation has the 

potential to improve reliability, reduce operational complexity, and strengthen organizational resilience. Realizing this 

potential will depend on empirical validation, robust engineering practices, transparent governance, and sustained 

collaboration between AI researchers, cloud architects, security specialists, and site reliability engineering teams. 

 

VI. FUTURE WORK 

 

Future research should focus on developing and empirically validating more accurate causal reasoning mechanisms for 

complex, distributed cloud environments. Although generative AI can synthesize information from diverse operational 

sources, identifying the actual cause of an incident remains difficult when multiple failures occur simultaneously or 

when telemetry is incomplete. Future frameworks could integrate temporal causal graphs, probabilistic graphical 

models, structural causal models, and dependency-aware reasoning to improve the identification of root causes. These 

techniques could be combined with retrieval-augmented generation to ground diagnostic explanations in verified 

runbooks, architecture documentation, historical incident reports, and system configuration records. Research should 

also investigate how causal hypotheses can be updated as new telemetry becomes available during an incident. For 

example, a model may initially identify a database bottleneck as the most plausible explanation, then revise its 

assessment when subsequent traces reveal an upstream network failure. Such dynamic reasoning could improve 

diagnostic precision and reduce premature conclusions. Another important direction involves evaluating the framework 

under realistic failure scenarios through controlled fault injection, digital twins, cloud test environments, and replayed 

incident data. Experiments should compare the proposed approach with rule-based monitoring, conventional anomaly 

detection, and existing automated incident management techniques. Evaluation should include diagnostic accuracy, 

time to resolution, false attribution rates, remediation effectiveness, and operational cost. Researchers should also 

examine how causal explanations remain reliable when infrastructure architectures, workloads, or deployment patterns 

change. These investigations would provide stronger evidence about the conditions under which generative AI can 

deliver measurable improvements in cloud reliability. 

 

A second direction for future work is the development of safer and more autonomous remediation mechanisms that can 

operate across heterogeneous cloud platforms. Future systems could integrate AI-assisted operations with cloud-native 

orchestration, policy engines, infrastructure-as-code tools, and established incident management platforms to support 

consistent remediation across different environments. Before executing a proposed action, the system could evaluate its 

expected impact, verify authorization, inspect service dependencies, assess rollback options, and conduct pre-execution 

safety checks. High-risk interventions could be tested in isolated environments or digital twins before being applied to 

production infrastructure. Research should also investigate multi-agent architectures in which specialized agents 

perform telemetry analysis, causal diagnosis, security assessment, remediation planning, and post-action verification 

under a shared governance framework. Such architectures would require mechanisms for resolving conflicting 

recommendations, limiting unnecessary tool execution, and maintaining traceable responsibility for operational 

decisions. Another priority is the development of continuous evaluation strategies that detect model drift, degraded 

retrieval quality, and changes in the relationship between operational signals and failure conditions. Privacy-preserving 

learning, access-controlled knowledge sharing, and secure management of incident data should be explored to support 

adoption in regulated industries. Finally, human factors deserve greater attention. Future studies should evaluate how 

engineers interpret AI-generated explanations, how much confidence they place in automated recommendations, and 

which interfaces best support effective oversight during high-pressure incidents. Longitudinal studies in production 

environments could establish whether the framework reduces operational workload, improves service-level compliance, 

and prevents recurring incidents over time. By combining stronger causal inference, controlled autonomy, cross-

platform integration, and human-centered evaluation, future research can move generative AI-driven cloud operations 

from a promising conceptual approach toward a reliable and measurable component of enterprise cloud management. 
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