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Abstract: Cloud operations have become a strategic reliability function as 
enterprises move customer journeys, public services, industrial platforms and 
data products to hybrid and multi cloud environments. Traditional monitoring 
practices are no longer sufficient as cloud systems generate high-velocity 
telemetry from containers, serverless functions, networks, databases, identity 
services and user-facing applications. This review looks at how artificial 
intelligence for IT operations (AIOps) can improve predictive monitoring, 
controlled automation and service reliability. The paper uses a structured 
narrative review approach to synthesise literature, standards and 
implementation guidance published from 2020 to 2025. The review identifies 
five operational domains, namely observability engineering, incident prediction, 
root cause analysis, automated remediation, and governance for trustworthy 
operations. It argues that it is not possible to improve service reliability just 
through machine learning models, but also needs good telemetry, topology 
awareness, safe runbooks, cyber resilience, human validation and continuous 
feedback from incidents. Saudi Arabia is particularly relevant for AI-enabled 
cloud operations as Vision 2030 digital transformation, cloud-first adoption, 
smart city initiatives, financial technology, healthcare platforms and critical 
digital infrastructure require highly available and resilient services. The study 
proposes a layered architecture linking logs, metrics, traces and service 
dependency graphs with predictive analytics, automation policy and reliability 
dashboards. It also gives a maturity roadmap for organisations that want to 
transition from reactive monitoring to proactive, self-improving operations. The 
review concludes that AIOps can reduce mean time to detect and recover, 
improve capacity planning and support business continuity, provided that 
organisations treat automation as a governed socio-technical capability rather 
than a purely technical tool. 
Keywords: AIOps, Cloud Operations, Predictive Monitoring, Automation, 
Service Reliability, Observability, Root Cause Analysis, Saudi Arabia, Cyber 
Resilience, Service Level Objectives. 

Copyright © 2026 The Author(s): This is an open-access article distributed under the terms of the Creative Commons Attribution 4.0 
International License (CC BY-NC 4.0) which permits unrestricted use, distribution, and reproduction in any medium for non-commercial use 
provided the original author and source are credited. 

 

1. INTRODUCTION 
The advent of cloud computing has 

transformed the design, deployment, and operation 
of digital services. Public agencies, banks, telecom 

operators, industrial firms, hospitals and digital 
platforms all now depend on elastic infrastructure, 
managed databases, container platforms and 
application programming interfaces to deliver 
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continuous service. This change gives agility, but also 
adds operational complexity as software releases, 
user behaviour, security events, dependency changes 
and infrastructure saturation all have interactions 
across distributed environments. In such scenarios 
outage prevention and fast recovery are elevated 
from back office technical chores to business 
responsibilities. To address this problem, AIOps has 
been developed by integrating big data processing, 
machine learning, automation and IT service 
management to assist in incident detection, 
prediction, root cause analysis and remediation [2, 3]. 
The subject is very timely for Saudi Arabia, as cloud 
computing and cybersecurity are at the heart of 
Vision 2030’s digital transformation. The Kingdom’s 
cloud-first strategy promotes the use of cloud 
solutions for new technology investments by public 
entities and national cybersecurity and digital 
government programmes focus on resilient, trusted 
services [14, 15]. Therefore, cybersecurity resilience 
is considered by Saudi organisations as a key enabler 
for sustainable business performance, especially that 
the adoption of digital technologies exposes 
organisations to more complex cyber risks as shown 
in the attached MDPI reference model [1]. These 
conditions make AI-powered cloud operations 
relevant not just to the technology departments, but 
also to continuity planning, regulatory confidence 
and customer experience. Despite the promise, many 
organisations are still running cloud environments 
with fragmented monitoring tools, large volumes of 
alerts and manual escalation pathways. Operations 
teams may receive thousands of signals from logs, 
metrics, traces, synthetic tests, service desks and 
security systems, but they lack reliable correlation of 
symptoms with causes. Engineers can spend hours 
trying to figure out whether a degradation is caused 
by application code, infrastructure saturation, 
network latency, database locks, identity failure, 
third-party dependency or a security event. This 
review describes how predictive monitoring and 
automation can turn such fragmented signals into 
actionable reliability intelligence. It is about cloud 
operations rather than general artificial intelligence 
and defines service reliability as the measurable 
ability of digital services to be available, recover 
rapidly and meet agreed user expectations. 
 

2. OBJECTIVE, CONTRIBUTION AND AIM 
The objective of this review is to assess the 

potential of the AI-enabled cloud operations to 
improve predictive monitoring, automation and 
service reliability of critical digital services. The first 
objective is to highlight the operational challenges 
that make traditional monitoring inadequate for 
modern cloud environments, including alert fatigue, 
telemetry fragmentation, hidden dependencies, and 
slow incident diagnosis. The second goal is to go over 
the AIOps capabilities that solve these problems, like 

anomaly detection, incident risk prediction, root 
cause analysis, event correlation, capacity forecasting 
and automated remediation. The third objective is to 
measure the impact of these capabilities on reliability 
metrics such as mean time to detect, mean time to 
acknowledge, mean time to recover, change failure 
rate, availability, service-level-objective compliance 
and incident recurrence. The fourth goal is to design 
a practical architecture and roadmap for 
organisations that deliver regulated, cloud-enabled 
and cyber-resilient services in Saudi Arabia. This 
review has three contributions. It consolidates the 
recent 2020-2025 AIOps, cloud reliability, anomaly 
detection, log analytics and cyber resilience literature 
into one service operations point of view [2-6]. 
Second, it bridges the gap between technical AIOps 
functionalities and organisational governance 
through resilience-oriented research on training, 
policies, absorptive capacity and organisational 
culture [1]. Third, it provides implementation 
guidance that avoids unrealistic full automation, and 
advances progressive maturity. The review thus 
helps cloud architects, reliability engineers, cyber 
resilience leaders and executives who need to justify 
AIOps investment through measurable continuity 
outcomes. 
 

3. METHODOLOGY OF REVIEW 
The methodology of this paper is a narrative 

review in a structured way. This is the right way 
because AI-enabled cloud operations combine peer-
reviewed research, practitioner frameworks, 
standards and operational experience. The review 
was limited to sources from 2020 to 2025 to reflect 
recent developments in the areas of cloud-native 
systems, observability, machine learning, cyber 
security resilience and digital transformation. 
Searches included combinations of terms such as 
AIOps, cloud operations, predictive monitoring, 
anomaly detection, log anomaly detection, root cause 
analysis, automated remediation, service reliability, 
SRE, cloud governance, cyber resilience, Saudi Arabia 
cloud adoption, critical digital infrastructure. Sources 
were included if they met at least one of four criteria: 
relevance to the operations of a cloud service; 
contribution to predictive detection or diagnosis; 
relevance to automation and reliability engineering; 
or relevance to Saudi digital infrastructure and cyber 
resilience. Thematic coding was then followed by 
synthesis The evidence was classified into eight 
themes: telemetry and observability; anomaly 
detection; incident prediction; root cause analysis; 
automated remediation; service-level governance; 
cybersecurity resilience; and Saudi implementation 
considerations. Each theme was evaluated on 
operational value, difficulty of implementation, 
governance requirement and likely impact on service 
reliability. The methodology did not involve new 
experiments, proprietary incident logs, or 
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benchmarking of commercial AIOps tools. Instead, it 
produced a strategic review that could be used for 
planning and academic debate. This is a critical 
limitation because AIOps performance is context 
dependent. A model that works well in a hyperscale 
cloud platform may not behave similarly in a 
government service, hospital system or industrial 
workload unless telemetry, topology and incident 
labels are similar. This review is based on design 
principles, not vendor claims, to avoid 
overgeneralization. It also sees automation as a 
controlled operating practice with human oversight, 
auditability and rollback. The final framework was 
developed by analysing the reviewed literature with 
the typical cloud operating stages: observe, predict, 
diagnose, automate, learn and govern. 
 
4. Complexity and Reliability Risks in Cloud 
Operations 

Modern cloud environments are fluid. 
Applications are broken down into microservices, 
containers, serverless functions and managed 
platform services. Infrastructure as code enables 
rapid creation and modification of resources. 
Deployment pipelines introduce frequent change. 
This dynamism improves speed of delivery, but it 
makes reliability engineering more complex, as the 
operational baseline is constantly changing. A normal 
workload pattern for a Sunday morning may become 
unusual during a public campaign, salary period, 
pilgrimage season, cyber incident or application 
release. All of these scenarios cannot be reliably 
distinguished using static thresholds. AIOps research 
contends that cloud platforms generate logs, metrics, 
traces and events at a scale that necessitates 
automated analytics for detection, failure prediction 
and root cause analysis [2]. The first reliability risk is 
alert fatigue. Monitoring tools often generate many 
low value alerts if the thresholds are not tuned to 
service impact. Teams spend more time suppressing 
signals rather than solving incidents. Alert fatigue 
delays response, reduces trust in monitoring and can 
lead to missed critical symptoms. By grouping events 
by topology, time, dependency and probable cause, AI 
correlation can reduce noise. "The second risk is a 
lack of context. A storage latency alert in one service 
might be harmless, but if it impacts payment 
authorisation, identity login or emergency despatch 
then it could be critical in another. Thus AIOps needs 
service dependency graphs and business context. 
Recent work on knowledge-graph based cloud 
anomaly detection shows the value of combining 
metric signals with structured relationships among 
cloud components [5]. And the third risk is slow 
diagnosis. In distributed systems, user visible impact 
is often decoupled from root cause. The delay your 
customer sees could be due to a queue backlog, 
database connection pool, expired certificate, 
network route, container image defect or third-party 

application programming interface. Numbers alone 
rarely establish cause. We see root cause analysis 
methods increasingly employ causal inference, 
graphs, traces, and multi-modal telemetry to reduce 
diagnosis time [7, 8]. The fourth risk is automation 
that doesn’t work reliably. Automation can accelerate 
recovery, but poorly governed automation can 
worsen outages by restarting healthy services, 
scaling the wrong tier, deleting evidence or repeating 
a failed rollback. For safe automation: blast-radius 
control, approval rules, preconditions, post-action 
validation and rollback logic. The fifth is cyber 
operational overlap. Availability incidents and cyber 
incidents can look the same: strange traffic, 
authentication failures, saturation, spikes of errors or 
abnormal data movements. As a result, cloud 
operations cannot be separated from cyber 
resilience. Saudi research on cybersecurity systems 
reveals that policies, training and resilience practices 
shape organisational outcomes in digitally dependent 
sectors [1]. Hence, cloud reliability should be aligned 
with security monitoring, incident response and 
governance. 
 
5. Predictive Monitoring & Observability 
Engineering 

Observability engineering is the foundation 
of predictive monitoring. Observability isn’t about 
collecting more data, it’s about designing telemetry 
so that teams can understand system behaviour, and 
answer questions that they don’t know in advance. 
Logs give you discrete events, metrics give you 
numerical trends, traces give you request pathways, 
and events give you changes, such as deployments, 
configuration edits, and infrastructure failures. Bad 
data quality results in unreliable predictions, and 
these are the signals that AIOps depends on. As logs 
give detailed operational evidence, log anomaly 
detection has become an important AIOps research 
area. Due to the unstructured log volume, manual 
analysis is impractical. A systematic review on AIOps 
log anomaly detection in 2025 shows the rising 
importance of language models, retrieval-augmented 
reasoning and domain context for diagnosing IT 
system failures [3]. However, log analytics is still 
facing challenges due to evolving log templates, 
sparse labels, imbalanced incident classes, and new 
failure modes introduced by software updates. 
Metrics-based predictions have different strengths. 
Degradation can be indicated through resource 
utilisation, latency, error rates, saturation, 
throughput and queue length before it impacts the 
customer. Autoencoders, graph neural networks and 
time-series methods can detect deviations from the 
baselines they have learned. But metric anomalies are 
not always accidental. A high value of CPU during 
planned batch processing may be acceptable, a 
smaller latency increase in a payment service may 
violate a service objective. Predictive monitoring 
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should therefore correlate technical anomalies with 
service level objectives and user journeys. Traces are 
particularly useful in microservice environments as 
they bridge the gap between upstream symptoms and 
downstream dependency behaviour. By using trace 
analysis, you can see if the delay is occurring in 
authentication, database access, external calls or 
application logic. AIOps can also use traces in 
conjunction with topology graphs to identify the 
component most likely to account for many 
symptoms. Researches on microservice root cause 
localisation show the value of instance-level 
diagnosis with many service replicas and dynamic 
topology changes [7]. Event enrichment is also 
needed for good observability. Telemetry should be 
correlated with deployment time, change ticket, 
configuration difference, security policy update, 
certificate renewal, scaling event and cloud-provider 
status. Many incidents are change related and 
therefore prediction models need visibility into 
change context. Without event enrichment, the 
models may identify the symptom but miss the 
operational trigger. For Saudi organisations 
providing citizen services, banking platforms, 
healthcare or industrial applications, observability 
must also take into account data residency, privacy 
and regulatory expectations. Telemetry pipelines 
should sanitise sensitive data, implement retention 
policies, and allow audit trails. The goal is a reliable 
evidence base that helps AIOps predict degradation, 
suggest action and help engineers understand why a 
service is heading towards risk. 6. AIOps capabilities 
for predictive, diagnostic and automated. 

 
AIOps capabilities can be seen as a chain of 

reliability. The chain starts with event ingestion and 
normalisation. Cloud-native agents, APIs and 
observability platforms collect logs, metrics, traces, 
tickets, configuration records and security alerts. 
Normalisation results in consistent names, 
timestamps and asset identifiers. This step is often 
underestimated but it is what will determine if the 
models will be able to correlate signals across 
services. The next capability is anomaly detection. 
Machine learning can detect deviations from 
historical baselines, peer groups or learned 
representations. Unsupervised learning is useful in 
cases with less labelled incidents while supervised 
learning can improve accuracy in organisations that 
have reliable incident records. Recent works 
demonstrate that anomaly detection is shifting from 
single-signal methods to graph-based, multi-modal 
and context-aware approaches [5, 6]. The third 
capability is incident risk prediction. Instead of 
waiting for an outage, models predict the probability 
of an incident based on leading indicators such as 
saturation trend, error growth, retry storms, queue 
accumulation, memory pressure and abnormal 
dependency latency. This supports proactive capacity 

management and early escalation. If you don’t tie 
prediction to confidence scores and recommended 
actions, it becomes just another alert stream. The 
fourth ability is root cause analysis. RCA uses 
dependency graphs, causal inference, topology data, 
event timelines and historical patterns to 
recommend possible causes. This can reduce mean 
time to diagnose by pointing to the service, instance, 
network segment, or deployment most likely 
associated with symptoms. But RCA has to be 
explainable. Engineers must trust the evidence 
before they will approve remediation. The fifth 
capability is automated remediation. Remediation 
might be scaling, restarting a service, clearing a 
queue, failing over to a different zone, rolling back a 
deployment, rotating credentials, enabling circuit 
breakers, isolating a node or opening a work order. 
The automation maturity should evolve from 
recommendation to supervised execution to low-risk 
autonomous action. Agentic AIOps research foresees 
the use of autonomous agents to detect anomalies, 
classify incidents and execute resolution workflows, 
but production use requires governance, test 
environments and safety constraints [4]. The sixth 
ability is learning from events. When recovery is 
complete, the system should update runbooks, 
thresholds, dependency maps, model features, and 
knowledge articles. This leads to an ongoing 
improvement and operations feedback loop. Thus, 
AIOps is like a learning organisation with the help of 
artificial intelligence. It doesn’t replace SRE or ops 
teams, but augments them, reducing uncertainty and 
speeding up repeatable action. The most effective 
deployments combine machine intelligence with 
operational discipline, including service ownership, 
post-incident review, error budgets, change control 
and cyber security coordination. 
 
7. Governance of Cyber Resilience and Service 
Reliability 

Service reliability is a governance problem 
as well as a technical problem. Advanced models can 
fail if ownership, escalation, change control and 
security responsibilities are not clear for a cloud 
service. Reliability governance is based on service 
level objectives. SLOs translate user expectations into 
measurable objectives for availability, latency, 
correctness, durability and recovery. AIOps should be 
aligned against these targets so prediction and 
automation are pointing at service impact and not 
raw infrastructure metrics. Error budgets are a 
mechanism of operation that balance speed of 
releases with the risk of reliability. If a service 
consumes too much error budget teams slow risky 
changes and invest in stability. This governance is 
extended to cyber resilience. Cloud incidents may 
include misconfigurations, credential abuse, 
ransomware, data exfiltration, dependency 
compromise or denial of service. This means AI-
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enabled cloud operations need to communicate 
signals with security operations. That doesn’t mean 
all security and reliability functions will be merged, 
but it does require coordinated incident 
classification, threat-informed monitoring, identity 
telemetry, immutable logging and secure automation 
credentials. NIST’s Zero Trust Architecture 
emphasises ongoing verification and least privilege 
while the Cybersecurity Framework 2.0 emphasises 
governance, identification, protection, detection and 
response and recovery as integrated functions [12, 
13]. These principles translate directly to AIOps, 
where automation accounts and observability 
pipelines can themselves become sensitive control 
points. Saudi organisations also operate within a 
national environment that prioritises cybersecurity, 
digital trust, and cloud adoption. The MDPI reference 
article states that resilience in Saudi SMEs may be 
affected by cybersecurity systems, training, 
regulation and absorptive capacity [1]. Critical cloud 
infrastructure may be very different from that of 
SMEs but the organisational lesson is the same: 
technology only provides resilience when backed by 
policies, culture, learning and governance. AIOps 
adoption should include role-based access, approval 
matrices, model risk management, data classification, 
audit logs, and incident drills. The governance of the 
model is especially important. A prediction model can 
drift when applications get re-designed, traffic 
patterns change or a new cloud region is added. If a 
model keeps triggering an obsolete action, it can 
possibly reduce reliability. Model monitoring should 
monitor precision, false positives, false negatives, 
drift, and remediation success. Automation 
governance should define which actions can be run 
autonomously, what actions require approval and 
which actions are not allowed. For instance, it might 
be okay to scale up the number of replicas for a 
stateless service, but removing a database replica or 
changing a firewall rule might need human approval. 
Cyber resilience also requires a recovery 
architecture. Even when predictive monitoring is 
working well, backups, immutable storage, cross-
zone redundancy, tested disaster recovery, and 
incident communications are still essential. AIOps 
improves detection and response, but it doesn’t 
replace the need for resilient design. 
 
8. Approach to Implementation for Saudi Cloud-
Based Organisations 

Saudi Arabia’s digital economy is a 
compelling case for AI-enabled cloud operations. 
User trust is of high demand and availability for 
government portals, financial services, logistics 
platforms, education systems, smart-city services, 
energy infrastructure and healthcare applications. 

Adopting a cloud-first approach can boost agility, but 
it can also lead to dependence on complex operating 
models. Therefore, organisations should look at 
AIOps as a phased transformation. ‘Telemetry 
readiness is first stage. Before deploying advanced 
models, companies need to standardise service 
names, time sync, log formats, metric taxonomies, 
tracing coverage, and incident labels. They should 
eliminate duplicate alerts and map critical user 
journeys. The second stage is to define the reliability 
baseline. All key services should have SLOs, real-time 
availability data, incident history, dependency maps 
and known operational risks. You can't prove that 
AIOps improves reliability without baselines. The 
third phase is the pilot deployment. Begin with a 
high-value service that has visible incident pain, 
reasonably mature telemetry, and engaged service 
owners. Suitable pilot use cases are payment systems, 
identity platforms, customer portals, operational 
dashboards and industrial control support 
applications. The pilot should concentrate on a small 
number of use cases such as anomaly detection, alert 
correlation, capacity prediction or supervised 
runbook automation. The fourth stage is automated 
monitoring. Teams should run AIOps 
recommendations in shadow mode first, then have 
engineers approve suggested actions, and only then 
automate low-risk responses This staged process 
builds confidence and gathers evidence of model 
performance. The fifth stage is the integration into 
enterprise governance. AIOps outputs should be fed 
into service desks, change management, security 
operations, continuity planning and executive 
dashboards. Organisational Resilience: 
Recommendations inside a Technical Tool Do Not 
Impact the sixth stage is scaling & localisation. Saudi 
organisations can build local capability by training 
cloud engineers, reliability engineers, security 
analysts and data scientists to operate AIOps 
platforms. This supports workforce development and 
reduces reliance on external providers. It also 
enables models to replicate local operating patterns 
such as seasonal traffic, Arabic user journeys, 
national events, data residency and sector-specific 
requirements. Procurement should avoid lock-in by 
requiring open telemetry standards, API access, 
exportable data, role-based security and documented 
model behaviour. Where possible, AIOps should also 
tie into green cloud operations. Predictive capacity 
management can prevent overprovisioning and will 
help to ensure reliability. Automation can turn off idle 
resources, change scaling policies and increase 
utilisation. In this way, AI-enabled cloud operations 
can support both service reliability and sustainable 
digital infrastructures. 
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Figure 1: AI-enabled cloud operations architecture for predictive monitoring, automation and service 

reliability 
 

 
Figure 2: Predictive cloud reliability cycle linking observation, prediction, diagnosis, automation and 

continuous learning 
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Table 1: Review synthesis of AI-enabled cloud operations capabilities and reliability mechanisms. 
Capability 
layer 

Cloud operations 
application 

Reliability contribution Implementation caution 

Observability 
fabric 

Logs, metrics, traces, 
events, tickets and topology 
mapping 

Creates evidence for 
anomaly detection and root 
cause analysis 

Requires consistent naming, 
time synchronization and 
sensitive-data controls 

Predictive 
monitoring 

Forecasting saturation, 
error growth, queue 
buildup and dependency 
latency 

Supports early 
intervention before 
customer-visible failure 

Predictions must be tied to 
SLOs and confidence scores 

Root cause 
analysis 

Graph, causal and multi-
modal diagnosis across 
services and instances 

Reduces diagnosis time 
and repeated incident 
escalation 

Explainability is needed before 
high-impact action 

Automated 
remediation 

Guarded runbooks for 
scaling, restart, rollback, 
failover and ticket creation 

Improves recovery speed 
for known and low-risk 
failure modes 

Needs blast-radius limits, 
approval rules and rollback 
validation 

Reliability 
governance 

SLO dashboards, error 
budgets, post-incident 
review and model 
monitoring 

Connects technical signals 
with service ownership 
and accountability 

Requires ongoing review of 
drift, false positives and 
operational outcomes 

 
Table 2: Implementation roadmap for AIOps maturity in cloud-enabled organizations 

Phase Focus Priority actions Expected outcome 
1. Telemetry 
readiness 

Data quality and 
coverage 

Standardize logs, metrics, traces, 
asset IDs, event labels and incident 
taxonomy 

Trusted evidence base for 
prediction and diagnosis 

2. Reliability 
baseline 

Service-level 
management 

Define SLOs, error budgets, critical 
journeys and historical incident 
baselines 

Clear measurement of 
availability and recovery 
improvement 

3. Predictive 
pilot 

High-value use 
case 

Deploy anomaly detection, alert 
correlation or capacity forecasting for 
one critical service 

Reduced alert noise and earlier 
risk visibility 

4. Supervised 
automation 

Guarded 
remediation 

Test runbooks in shadow mode, then 
require engineer approval before 
execution 

Faster recovery with controlled 
operational risk 

5. Scaled 
resilience 

Enterprise 
integration 

Connect AIOps with SOC, service 
desk, change management and 
executive dashboards 

Sustainable reliability 
governance and cyber-resilient 
cloud operations 

 

9. DISCUSSION 
The evidence reviewed suggests that the 

greatest value from AIOps is realised when it shifts 
the operating model from reactive firefighting to 
proactive service stewardship. In reactive operations, 
teams wait for users or monitoring tools to report 
failure and then investigate with partial context. In 
proactive operations telemetry, topology and 
incident knowledge is continuously monitored to 
assess risk before service impact. Predictive 
monitoring can reduce the amount of surprise, but 
cannot promise fault-free operation. Cloud systems 
are still vulnerable to software bugs, vendor 
downtime, cyber threats, human error, traffic surges 
and external dependencies. The realistic goal then is 
not zero incidents, but better detection, faster 
diagnosis, safer automation and continuous learning. 
Six traits seem to be common across the best AIOps 
implementations. They invest in observability quality 

before model complexity first. Second, they relate 
anomalies to service objectives and business impact. 
Third, they utilise dependency graphs and change 
context for root cause analysis. Fourth, they rely on 
automation through guarded runbooks, not 
unguarded model decisions. Fifth, they match 
reliability with cybersecurity and compliance. Sixth, 
they measure outcomes based on reliability 
indicators, not tool deployment counts. This is 
especially true with regard to executive decision 
making. Leaders should ask if AIOps reduced mean 
time to recover, prevented incidents, improved SLO 
attainment, lowered alert noise, or increased 
engineer productivity. They shouldn’t assume that 
AIOps is successful because they have installed a 
platform. And there are gaps in the research. 
Additional empirical research is required on the 
performance of AIOps in regulated services in the 
public sector, Arabic digital platforms, hybrid cloud 



 

Mohsin Tahir, Glob Acad J Econ Buss; Vol-8, Iss- 4 (Jul-Aug 2026): 713-722 

© 2026: Global Academic Journal’s Research Consortium (GAJRC)                                                                                                              720 

 

environments and critical infrastructure. There is 
also more work to be done on explainability, as 
engineers are unlikely to sign off on high impact 
remediation without understandable evidence. There 
is also a need for datasets that reflect real operational 
diversity, without revealing sensitive information. 
Finally, organisations ought to consider the 
relationship between AIOps and cyber resilience. 
Many operational incidents and cyber incidents share 
telemetry patterns, so future systems should support 
joint analysis respecting different response 
procedures. 
 

10. CONCLUSION 
AI-enabled cloud operations can improve 

predictive monitoring, automation and service 
reliability when deployed as an integrated 
operational capability. The review reveals that cloud 
complexity introduces reliability risks through alert 
fatigue, fragmented telemetry, hidden dependencies, 
slow diagnosis and manual recovery. AIOps mitigates 
these risks by analysing logs, metrics, traces, 
topology, change events and incident records to 
detect anomalies, predict degradation, identify 
probable causes and suggest or take remediation. But 
technology is not sufficient. Reliable AIOps requires 
clean telemetry, service level objectives, dependency 
maps, tested runbooks, cybersecure automation, 
model governance and human accountability. For 
Saudi Arabia, the topic fits with cloud-first adoption, 
Vision 2030 digital transformation and the need for 
resilient critical digital infrastructure. Organisations 
should start with telemetry foundations and pilot use 
cases, and scale to supervised automation, predictive 
maintenance of digital services and executive 
reliability dashboards. The big point is that AIOps 
must be considered a governed resilience system. Its 
value comes from reducing recovery time, avoiding 
repeated incidents, protecting user trust and 
supporting sustainable digital operations. 
 
11. Future Research Avenues 

Future work should evaluate AI-enabled 
cloud operations based on longitudinal production 
evidence, rather than short demonstrations. Useful 
studies can compare incident records before and 
after deployment, measure false positive rates, look 
at model drift, and test whether automation improves 
recovery without increasing the risk of change. 
Researchers should also investigate explainable root 
cause analysis for regulated environments where 
engineers, auditors, and executives need clear 
evidence before approving automated action. Saudi 
case studies would be useful as the national cloud 
adoption, data residency, Arabic digital services, 
smart cities and critical infrastructure create 
operating conditions that are different from generic 
global datasets. Future work should explore 
combined reliability and cybersecurity operations, 

given that the same telemetry can reveal both service 
degradation and malicious activity. Another priority 
is governance of agentic AIOps, especially when large 
language models generate diagnostic summaries, 
change recommendations or remediation scripts. 
Such systems require strong validation, timely 
security, audit trails, human review, rollback controls 
and accountability. Researchers need to evaluate the 
performance of AIOps under realistic constraints 
such as incomplete labels, rare failure modes, noisy 
telemetry, regional latency, multi-cloud routeing and 
frequent software releases. They should also be made 
aware of the social aspects of adoption, such as how 
engineers trust model recommendations, how 
service owners set acceptable risk levels, and how 
executives make use of dashboards on predictive 
reliability. Future studies can develop sector-specific 
benchmarks for healthcare, financial services, 
logistics, telecom, education and energy platforms as 
every sector has different recovery goals and 
regulatory expectations. Further work is needed on 
evaluation metrics beyond accuracy, as an apparently 
accurate model may still be operationally weak if it 
produces too many alerts, recommends unsafe 
actions, or fails during novel incidents. Relevant 
measures are mean time to detect, mean time to 
diagnose, mean time to recover, SLO attainment, 
change failure rate, automation success rate, alert 
compression, operator workload and incident 
recurrence. Research should also look at sustainable 
cloud operations, where predictive capacity 
management reduces waste but still ensures 
availability. AIOps can contribute to a greener digital 
infrastructure by predicting demand, avoiding over-
provisioning, and planning noncritical workloads in 
lower-carbon or lower-cost operating windows. 
Another research direction is privacy-preserving 
observability. Researchers should test 
anonymization, aggregation, federated learning and 
policy-aware retention methods, since cloud 
telemetry may include user identifiers, addresses, 
transaction traces, diagnostic payloads and security 
events. This is particularly relevant in Saudi Arabia 
where digital services must balance innovation, data 
governance, local hosting requirements and public 
trust. Future implementation studies should explore 
procurement and localisation models that build 
domestic expertise in reliability engineering, cloud 
security, model operations and automated service 
management. The other interesting thing is the link 
between AIOps and organisational learning. Post-
incident reviews can serve as models for structured 
knowledge, but only if teams routinely record the 
causes, timeline evidence, customer impact, 
remediation steps and preventative actions. 
Researchers should thus design feedback 
mechanisms that translate incident learning into 
updated runbooks, better thresholds, stronger 
architecture patterns and clearer accountability. 
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Finally, future studies should relate technical 
improvements to business value by quantifying user 
trust, service continuity, compliance readiness, 
engineering productivity, cost optimisation and 
resilience maturity. These priorities will help 
organisations approach AIOps as a disciplined 
reliability capability, and not as a decorative analytics 
layer. Future work should consider hybrid cloud and 
edge environments where telemetry is distributed 
across private data centres, local zones, public cloud 
regions, and managed service providers. It is difficult 
to correlate these environments due to the need to 
carefully integrate data as time drift, vendor-specific 
metrics and inconsistent service names can break 
correlation. Researchers should also explore how 
predictive models respond to planned national 
events, seasonal demand, major application releases, 
and emergency spikes. Another key subject is the 
economic justification. Organisations need pragmatic 
models to compare tool costs, cloud consumption, 
engineering effort, and avoided downtime. Better 
evidence of return on resilience would help decision 
makers to prioritise use cases, decide when 
automation makes sense, and avoid buying platforms 
that add complexity with no measurable operational 
improvement. Future research should finally settle 
governance patterns for model retirement, evidence 
preservation and compliance review. AIOps models 
should not stay active forever when services, 
workloads or dependency graphs change. Regular re-
evaluation helps prevent silent degradation, 
improves audibility and ensures that automation 
continues to support safe, resilient and user-centric 
cloud operations. Transparent reporting on failures 
and lessons learned will further enable trusted 
adoption across sectors and strengthen national 
digital resilience in practice and governance. 
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