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Chapter 8: Workflow Automation and Operational 

AIOps  

8.1. Introduction 

The strategic integration of Workflow Automation (WFA) with Operational AIOps 

fulfills joint objectives and creates a new value proposition. WFA accelerates service 

delivery while imposing standardized policies for consistency, compliance, and risk 

mitigation. Operational AIOps, driven by observability data, analytics, and automation, 

aims to minimize operational effort using autonomous, intelligent workflows. Successful 

implementation of these trends relies on governance best practices and maintaining a 

rapid feedback loop for continual improvement. 

The associated concepts have been transformed by evolving infrastructure and 

application architectures, including cloud computing, multi-cloud and hybrid 

infrastructures, microservices, and DevOps. The associated observability data flows and 

telemetry data have diversified to include traces, statistics, logs, events, and problems 

and alarms. These developments have amplified both the need for observability data-

driven automation and the potential return on investment. While AIOps can reduce 

operational effort and improve delivery reliability, the absence of policy-driven process 

automation exposes organizations to heightened risks of inconsistent policy non-

compliance and security vulnerabilities. In the absence of adequate data quality, the 

likelihood of false alerts and, consequently, the volume of operational noise increases. 

8.1.1. Background and Overview 

From mere concept to provable success, operational Artificial Intelligence for IT 

Operations (AIOps) aims to elevate core operational efficiency and security through 

closed-loop observability, analytics, and automation. Workflow automation fulfills a 

parallel imperative to enhance speed and consistency while safeguarding compliance 

and risk. Integrating the two disciplines creates a virtuous cycle of constant 
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improvement, delivering greater business agility and trust across a broadening stake-

holder base. 

In the first decade of the twenty-first century, IT operations evolved from a reactive 

mode, largely dependent on manual processes and human interpretation of events, alerts, 

and detection tools, to one of proactive management enabled by intelligent tools capable 

of detecting and acting on the presence of unwanted conditions. Despite those advances, 

operational resiliency for most enterprises remained constrained. AIOps is aiding 

organizations in this regard by deploying comments to provide the required closed loops 

of feedback—enabling observability and analytics to inform autonomous or semi-

autonomous remediation actions. Key to its success is the assimilation of vast volumes 

of diverse data generated by complex systems into filterable and consumable views that 

highlight the significant issues that threaten ongoing service delivery and provide 

context for swift action. 

 

Fig 8.1: The Virtuous Cycle of Resiliency: Integrating AIOps and Closed-Loop 

Automation for Enhanced Operational Agility 
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8.2. Conceptual Foundations 

Workflow Automation and Operational AIOps combine complementary objectives. 

Conceptual foundations illuminate common goals and value propositions. Workflow 

automation tools accelerate and simplify repeatable administrative tasks in hybrid and 

multi-cloud environments, driving greater speed, consistency, compliance, and cost 

savings. AIOps leverages observability data to improve incident management and event 

correlation, delivering faster, more effective operational responses and elevating overall 

reliability, availability, and performance. When considered in tandem, these initiatives 

reduce operational risk while enhancing remediation response times and operational 

efficiency. 

The potential for business impact is dramatic. The pace of change in hybrid IT—

accelerated by the pandemic plus the scramble to do more with less—undermines 

traditional manual operational processes. Organizations are rushing to adopt AIOps 

technology, hoping that AI will relieve the staff shortages and burnout affecting most 

operations teams. Yet, as organizations invest in observability and analytics, their 

operations remain just as slow and stretched, with no endogenous shift in the capacity to 

respond to the surging flow of escalating alerts, increasingly complex multi-cloud 

designs, or unexpected user behavior. Unless these investments translate into faster 

operational responses, no business value will be gained – in fact, it may simply be 

squandered. Recognizing these constraints, an integrated agenda that combines 

workflow automation with operational AIOps offers the promise of faster, more 

seamless operations, achieved with less effort and reduced risk. 

8.2.1. Workflow Automation: Definitions, Components, and Objectives 

Workflow automation is the creation of a digital process that executes defined tasks and 

activities without manual intervention. The components of workflow automation include 

tools that execute actions, a pipeline that combines tools into a process, triggers that start 

execution, and business policies that define constraints and compliance verification. 

The primary benefits of digitally orchestrated workflows are speed, consistency, and 

compliance. Improved speed and consistency lower operating costs, foster business 

agility, and accelerate income generation. Workflow automation ensures that all 

workflows comply with business and cybersecurity policies, thereby mitigating hazards 

such as data leaks and cyber incidents. 

The use of workflow automation is evolving. The rapid and disruptive growth of cloud, 

AIOps, and Observability is driving the adoption of event-driven automation. Triggers 

and decision logic respond automatically to events that deviate from expectations and 

affect quality, reliability, or security. Some responses return the system to expected 
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behavior by using autonomous remediation pathways. Workflows are securing mission-

critical business objectives such as reliability, availability, and performance. 

8.2.2. AIOps: Principles, Maturity, and Architectural Considerations 

AIOps leverages large-scale observability, analytics, and process automation to advance 

next-generation IT operation management and provide Autonomous IT operations. 

Observability relies on telemetry that captures the full dynamics of system and user 

behavior for identifying anomalies, state transitions, and root causes. It encompasses 

data and signals from application traces, metrics, and logs, as well as user experience 

and business KPIs, while delivering an end-to-end view of all business transactions. 

Predictive data mining and machine learning apply advanced analytics—pattern 

recognition, prediction, forecasting, classification—to develop actionable insights that 

drive process automation through orchestration. Automated feedback loops not only 

enable intelligent decision-making for remediation, resolution, and optimization but also 

advance self-healing, self-mediated, and self-optimizing functions. Predictive 

capabilities proactively mitigate service disruption before service degradation impacts 

users. 

AIOps evolves through a four-stage process—Machine Learning, Autonomous 

Functionality, Machine Learning Modelling Relationships, and Self-Evolving 

Maturity—and three architectural guidance layers. The first stage incorporates predictive 

capabilities with historical data, while the second automates decision-making based on 

the resulting models. The third stage implements advanced predictive analytics with 

observability data to provide AI with the contextual relationships of factors affecting 

performance and, ultimately, enables the deployment of Artificial Intelligence (AIA). 

Reliable AIOps deployments require a data platform to aggregate the multiple forms of 

telemetry needed for Machine Learning across observability, as well as user experience 

and business KPIs. The information must be accessible via an enterprise data model that 

connects it for all analytics and provides the necessary references for normalization and 

cross-comparison. Core situational and self-learning dashboards for IT teams must also 

be created along with strategic feedback loops to optimize the dynamic management of 

people, processes, and technology. 

8.3. Integrated Framework for Operations 

An effective framework for operational automation combines the integrated objectives 

of workflow automation and AIOps. It maps data provider systems to operational event 

data sources within an enterprise's architecture; identifies telemetry types—traces, 
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metrics, logs, and events—together with their data quality requirements; and describes 

automated response patterns. 

Many operational automations are triggered by event signals in information technology 

systems. A signal can originate from infrastructure (virtual machines, storage, networks), 

services (load balancers, application gateways, databases), or business process execution 

within an orchestration tool. Events represent discrete points in time; activity flows are 

driven by events. Event-level automation patterns encompass one or more of the 

following elements: event triggers, decision-logic (conditional) checks, and remediation 

responses. 

Signals flagged as anomalies can initiate root-cause analysis that combines tools or data 

sets such as AIOps or observability platforms to assess event impact and affected 

entities. If the analysis determines expected impact or the requirement for intervention, 

the chosen automated response can preempt negative business impact and reduce service 

owner involvement. High-risk applications may require an approval step before 

implementation, and when changes span multiple environments, testing before 

production deployment affirms in-service integrity. 

8.3.1. Data Sources and Telemetry in Modern Environments 

The demand for fresh and exhaustion-free data is rapidly increasing due to the explosion 

of digital services and products, along with cloud service, software-as-a-service, 

machine learning, blockchain, and many more-based deployments. Legacy logic of just 

monitoring performance of websites through discrete metrics is no longer sustainable. 

In modern environments, full observability of applications and infrastructure is required. 

Events emit messages from every corner of applications and infrastructure—including 

performance traces, metrics, logs, and events—creating a signal tsunami. Observability-

driven AIOps serves to analyze and filter this excessive data for useful information and 

to automate operations by initiating workflows based on critical user-experience 

impacts. 

Observability goals in complex distributed environments demand tracking of 

convergence paths and level trains for holistic 360-degree views of user experience. 

Adopting observability does not absolve monitoring. Monitoring remains required 

whenever viewing the overall performance of a single “thing” appears most essential, 

such as a security camera operation, network switch, or AC climate control box. 

However, some digital service and product buyers use observability service instead of 

traditional operation control rooms. It requires gathering traces, metrics, logs, and events 

for every corner of the applications and infrastructure. 
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Fig 8.2: From Signal Tsunami to Synthesized Insight: Navigating the Shift from 

Discrete Monitoring to Observability-Driven AIOps 

8.3.2. Event-Driven Automation Patterns 

Over the past decades, there have been multiple advancements in the Information 

Technology domain. Artificial Intelligence (AI), Machine Learning (ML), Robotic 

Process Automation (RPA), Process Mining, and Low-Code/No-Code Platforms are 

further enhancing and evolving such Automation. AI-driven, event-driven, fully-

autonomous, decision-making automation requires Intelligent Operations. It relies on 

cross-functional automated workflows, aligned across technology silos. Operational 

AIOps principles and Workflow Automation objectives complement each other. 

To meet the velocity requirements of modern business operations, Automation needs to 

occur at the speed of Business Events: New Business Opportunities, Expenses, 

Resources, Hiring, Lay-offs, Business Reputation Concerns, and so on. The following 

are types of Automation Patterns: event-based, change-based, time-based, telemetry-

based, business activity-based, API-based, and decision-based. Event-centric 

Automation responds to Business Events, External Events, External APIs, External 

Telemetry Data, and External Vendors. Event and Change-centric Automation detects 

events, applies decision-making logic, determines remediation steps, enacts the changes, 

verifies execution through telemetry data, and initiates remediation if it is not 

functioning. 

Automation can use business and technology sources, combine detected patterns using 

decisions, add additional actions, adapt routes using decisions, provide feedback loops 

to Business Stakeholders, act as recommendation to Technology Stakeholders, enable 

self-validation, provide and consume information from Builders, define Complexity, 
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Cost, and Help, and trigger additional actions across technology areas. External Signals 

not only trigger but can define key decision elements. 

8.4. Automation Architecture and Technologies 

Automation differs from orchestration yet is often conflated with it. Orchestration refers 

to the appointment of the correct tools to the correct tasks, addressed by the services or 

solutions offered by a single vendor or by integrated solutions from a limited number of 

complementary vendors. However, while only a single orchestrator is required, multiple 

automation solutions may be needed. IT services and solutions provided by specialist 

vendors may be orchestrated, yet automation retains a separate identity. Importantly, 

automation shifts the boundaries of task distribution. Rather than assigning tasks to 

human IT staff, responsible machine learning-backed discovery and alerting, adaptive 

causal inference, and control-plane and data-plane orchestration of the required 

distribution also permit the assignment of tasks to machines. The difference between 

orchestration by humans and automation by machines is vital. A CloudOps automation 

framework includes development and test environments to assist and support operations 

engineers during the digital transformation process. 

Policy-based automation is an implementation of orchestration that assigns and enforces 

compliance with defined policies. Policies can be applied to every aspect of CloudOps 

applications, services, solutions, platforms, and programmatic tools. Operational 

requirements evolve continuously, and policy changes may be driven by the broader 

business, executive, and regulatory environment of an organization, driven to avoid past 

mistakes. Emerging patterns and events identified during the adaptive analysis lifecycle 

in AIOps therefore trigger changes in policy. Automation solutions check for compliance 

validation, conduct operational remediation of policy violations where possible, and 

create audit logs of violations, restoration actions, and compliance failures to identify 

systematic weaknesses and areas for AIOps attention. 

8.4.1. Orchestration versus Automation: Roles and Boundaries 

In an enterprise ecosystem, orchestration and automation operate at distinct levels, 

serving diverse goals and stakeholders; however, operational workflows embrace both 

technologies to enhance execution and efficiency. While orchestration addresses multi-

IT function, multi-service owner requirements and handles IT environment state 

changes, workflow automation automates routine functions within a service domain, 

requiring knowledge of internal state and providing shared operational telemetry. Use-

case examples and governance interfaces clarify the relationship. 
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Orchestration is frequently understood as a centralized control point in the operations 

domain that automates workflows across multiple technology functions, such as 

provisioning and/or deploying infrastructure services across compute, storage, and 

network provisioning on private or public cloud platforms. These workflows typically 

span multiple functions within the IT organization, necessitating involvement from 

disparate business units, including risk, security, networking, cloud/platform control, 

compute, storage, and database. As enterprises evolve to become service-driven, the IT 

function of managing the service delivery architecture becomes more central to the 

organization. Orchestration solutions automate the governance involved and 

dynamically manage environments across the entire service delivery lifecycle. 

Orchestration may also manage monitoring tools for the entire environment and maintain 

its state. 

8.4.2. Policy-Based Automation and Governance 

Automation and orchestration are not interchangeable concepts. While both aim to 

achieve process efficiency and optimal resource utilization, they differ in scope and carry 

out distinct functions. Automation executes individualized tasks in response to specific 

triggers, whereas orchestration ensures that multiple interrelated tasks take place in the 

correct sequence. 

Automation tools may be made available to operational teams for ad-hoc, tactical use, 

but the governance and compliance of automation-driven actions are best handled at a 

higher level—by a centralized operations Control Tower function or by IT governance 

teams. Every action that can be automated ought to be subjected to a predetermined 

policy framework that specifies appropriate triggers and paths, compliance checks, 

rollback mechanisms, and auditability. 

Policy sources may include the strategic business objectives of the enterprise, external 

regulatory requirements, risk appetite definitions, security best practices, disaster 

recovery requirements, and specific predefined templates for sensitive systems. The 

compliance check assesses the detected condition against the relevant policy, and if the 

condition is found to be non-compliant, the assurance of reversion to a compliant state 

must be built into the design of the automation system. 

8.5. Operational Outcomes and Metrics 

The impact of integrating workflow automation and operational AIOps with current 

working environments can be evaluated through the lens of reliability and performance 

metrics. The key operational outcomes expected from the combination of these two aims 
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include improved reliability, availability, operational performance, total cost of 

ownership (TCO), increased efficiency, and better resource utilization. Reliability and 

availability gains can be quantified by measuring the frequency and severity of incidents, 

outages, and service-level agreement violations, supported by corresponding historical 

data and benchmarks. AIOps use cases, such as early detection of abnormal behavior, 

predictive alerting, and intelligent alert correlation, provide evidence of the magnitudes 

of expected gains. 

Total cost of ownership, return on investment, and operational scalability are important 

considerations in all automated operations initiatives. Cost-efficiency metrics that 

account for labor costs, downtime and service-quality degradation, technology 

expenditure, and the risks of inadequate and excessive resources can be included to 

quantify total cost of ownership and evaluate the likely return on investment. Major 

milestones and target metrics are useful to track success and identify when invested 

resources and infrastructure become adequately scalable. Scenarios that formalize the 

automation of high-frequency, low-impact tasks and other reliability and availability 

gains are useful for validating the business case – even if supporting technology, 

architecture, and processes are not yet fully in place. 

 

Fig 8.3: Quantifying the Synergy of Workflow Automation and AIOps: A Metric-

Driven Framework for Operational Reliability and Scalability 
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8.5.1. Reliability, Availability, and Performance Gains 

The primary operational outcome sought through AI-driven automation is higher 

reliability, availability, and performance. These desirable characteristics are commonly 

summarized as “Uptime” or “RAP” metrics, reflecting their role in maintaining the 

continuous availability of digital services and achieving desired performance criteria. 

The measurement of these parameters as well as the supporting structures and processes 

tends to be well understood, and there are many reference architectures and frameworks, 

including those presented by ITIL for service availability management. 

Uptime can be expressed as an absolute value (e.g., “4.5 hours downtime per year”) or 

as a relative value (e.g., “99.95% uptime”). An explicit function of these absolute values 

is the Failure Intensity or λ, expressed either as an unavailability probability per second 

or as a mean-Time-Between-Occurrences (MTBO) measure. In many organizations 

these measures are deemed sufficiently important that they are codified into an SLA with 

customers, and the organization therefore makes a mark-up on the cost of achieving these 

values, and budgets for penalties in the event that they are not achieved. It is therefore 

critical to be able to demonstrate that the investments in AIOps-driven workflow 

automation are supporting both the absolute and relative values for these operational 

metrics. 

8.5.2. Cost, Efficiency, and Resource Utilization 

Decreasing costs, enhancing efficiencies, and maximizing the effective use of resources 

is a common goal across all aspects of IT infrastructure and solutions. Larger enterprises 

often have a dedicated team responsible for researching, assessing, and implementing 

strategies leading to better total cost of ownership and return on investment for provided 

services. Costs can be driven down also via careful examination of the service itself, and 

the associated costs with labor, hardware, and software. 

In the realm of operations, cost-related goals typically involve all aspects of service 

delivery and support. This includes the complete delivery process from consumption 

through resolution of potential issues. Researching and validating operational 

approaches that can de-risk service consumption and delivery pathways can play a key 

role in addressing the overall cost of operations per service delivery. While the above 

touches upon the instrumented stage of Operational AIOps, it is also a key goodwill 

factor for alleviating. 
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8.6. Challenges and Risk Management 

Data quality and signal clarity during analysis and model training must be assiduously 

cultivated and continuously nurtured to minimize long-term complexity and risk. 

Quality issues are common for any substantive operational project involving telemetry 

sources, automated workflows, novelty detection, etc. Advancing maturity without 

proper talent or structure runs the risk of producing more problems than resolution. 

While early implementations can thrive with noise, a service-oriented approach and 

strong AIOps Center of Excellence create clear operational ownership, attract skilled 

talent, and ensure maintenance and monitoring are comprehensively handled. 

In a traditional model, cloud commitments are often calculated by products and services 

and with little interaction between cloud infrastructure, cloud applications, and business 

teams. Yet monitoring deployments such as Kubernetes, which produce ephemeral 

resources at high velocity, are prone to fill up cost controls and cause surprises in 

business user billing. An AIOps model would foster this communication and alert the 

appropriate teams, ideally moving to a more self-healing phase. For example, if a server 

mouse is no longer responding, a cloud AIOps model would initiate a ticket to 

automatically address the problem, assuaging user impact. 

A frequent signal-to-noise ratio issue in AIOps is excessive alerting quantity. Outlier 

alarms are often calmers—the unusual alarmed state provokes an automatic reaction that 

is usually obvious and does not require human review for a decision. Reducing the noise 

of frequent alarms by pre-emptively clearing or auto-remediating these helps analysts 

concentrate limited skills on bigger concerns. Combining multiple sources of telemetry 

can aid detection signal maximization. 

8.6.1. Data Quality and Signal-to-Noise Issues 

As with any analytics-driven initiative, data quality is of paramount importance on an 

AIOps journey. Data from Observability and telemetry is subject to a signal-to-noise 

ratio problem: the volume of good data is dwarfed by the volume of useless data so what 

would be a nice signal becomes completely drowned out. This is largely unavoidable, 

with the unprecedented complexity and scale of the environments in which AIOps use 

cases are launched. A single web transaction may traverse multiple containers and micro-

services hosted on multiple clouds before triggering events in multiple back-end 

systems; through accountancy ledgers, supply-chain orchestration systems, fraud 

detection models, trading systems and many more in completely different technological 

domains consisting of different discrete engineering disciplines; any one of which can 

introduce an unwanted side-effect to the process. Collectively these systems generate 

huge volume of log data for AIOps yet signal-to-noise is abysmal. 
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Reducing noise comes down to two questions: how to maximize the signal, and how to 

separate the signal from the noise when it surely does surface. Signal maximization 

normally involves data-awareness. For example, observability platforms might have the 

capability of marking repeated events or logs as just that: repeated comms with the same 

partner from either side and too many signs of a drawn-out service drought; however it 

requires a level of skill nowadays that organizations are struggling to hire and maintain. 

Adapting models to become more data-aware is often avoided out of fear of making them 

brittle; however such models tend to be used more for revenue than cost-shaving, and 

combining the outcome with expert search-engine result models makes for a more robust 

solution. 

8.6.2. Center of Excellence and Skill Gaps 

Creating a Center of Excellence (CoE) for operational AIOps and workflow automation 

increases the speed, scale, reliability, and consistency of IT operations. Such a CoE 

creates tooling, best practices, playbooks, templates, and training material that can be 

leveraged by the broader enterprise. Operational AIOps and workflow automation are 

not widely adopted skill sets within organizations, leading to a limited number of experts 

who typically also lack the necessary enterprise context. This can limit growth and 

increase sprawl and misuse. Without strong governance, poorly written automations can 

make systems less secure, degrade reliability, and add more noise than signal. 

Centralizing skill development, knowledge sharing, and ongoing governance and 

oversight increases quality and ensures that the advantages of automation accrue to the 

entire organization. 

Activation of an operational AIOps and workflow automation CoE includes creation of 

a follow-the-sun model for support, simple-to-use tooling that abstracts underlying 

complexity, and development of training courses that teach key concepts, best practices, 

and enterprise policies for safe deployment of automations. Centers of Excellence are 

generally created for features and capabilities that offer business value through speed, 

quality, consistency, and compliance. Their absence means that automation initiatives 

exist in islands of automation, both public and private, that are poorly architected, badly 

designed, and often more trouble than they are worth. 

8.7. Conclusion 

Trend convergence and economic conditions have thrust enterprise margins to center 

stage. Workflow automation and operational AIOps reduce manual, repetitive tasks and 

free scarce resources for higher-value work, while speeding alignment and execution 

across teams. Enhanced speed, consistency, and compliance deliver a compelling return 
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on investment. The combined contribution of these complementary approaches is no 

longer solely an operations cost consideration; smart organizations remember that saving 

time saves money. 

 

Fig 8.4: The Return on Investment (ROI) Stack 

Core workflows have historically been less quantifiably valuable than those in other 

areas. With growing scale and adoption of observability tooling, a focus on end-to-end 

business service reliability and customer experience rather than technical telemetry 

alone, and accelerating event and alert generation through automation, the signposts are 

evident: operational AIOps and workflow automation are converging. Quantitative proof 

supports the foundational principle that more events handled faster channel more 

efficiently through engineering, product, customer support, and even sales and 

marketing execution—all delivering cost savings and, often, revenue growth. Driving 

these discrete automation opportunities to scale is an essential next step for the broader 

AIOps community, allowing centers of excellent to evolve from AIOps to operational 

AIOps and place decision-making and enabling automation closer to the business—and 

the customer. 

8.7.1. Key Takeaways and Future Directions 

The integration of workflow automation and operational AIOps aims to accelerate the 

automation of IT operations in enterprise and cloud environments. It provides a unified 

view, tying automated remediation, preventive healthcare, and recovery back into 
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business workflows. The combined analytics and automated-action framework 

streamlines detecting and responding to cost, performance, and surface-risk issues that 

impact businesses, customers, and users. The objective is to address service degradation 

before users or customers experience it. Customers want the business department to 

provide the same service level—being able to heal themselves—like IT handle things 

around. 

Workflow automation and AIOps are increasingly popular paradigms. Nevertheless, 

AIOps still often means simply monitoring or analytics-driven automatic triggering and 

notification workflows without any auto-remediation capability. A distinction should be 

made between automation (automatic, immediate reaction without human interactin) and 

orchestration (coordinating across multiple tools and involving humans). Service 

delivery is a stakeholder objective. BusinessLine centric delivers monitoring, 

troubleshooting, and investigation capabilities as well as monitoring reports back to the 

lines of businesses while, also healing or preventing on their behalf. 
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