
1 
 

 



2 
 

Authors 

Chetan Alsisaria 

Aroon Jham 

Mahesh Salem 

Jayanta (Jay) Sen 

Prasad Varahabhatla 

Naresh Dulam 

Sreenivas Gadhar 

Stefan Boehmer 

Mohan Menon 

Kalyana Bedhu 

Archana Misra 

Rajshekar (Raj) Prabhakar 



3 
 

Preface 

The rapid evolution of Artificial Intelligence is no longer just accelerating development; it is 

fundamentally rewriting the DNA of the Software Development Life Cycle (SDLC). As organizations 

grapple with the dual pressures of maintaining velocity and ensuring architectural integrity, the bridge 

between AI potential and operational reality has become the defining challenge for modern engineering 

leadership. 

This whitepaper, “AI in SDLC,” serves as an essential strategic guide for navigating this transition. It 

moves beyond the buzzwords to provide a comprehensive, end-to-end blueprint for the future of 

software engineering. By deconstructing the entire lifecycle- from the nuanced application of AI in 

requirements gathering and design to the complexities of deployment, vendor strategy, and large-scale 

program management- we offer a holistic view of the integrated enterprise. 

Crucially, this document addresses the critical cultural and structural shifts required to thrive. It explores 

how to build an AI-augmented organizational structure, strategies for effective change management, 

and, most importantly, the evolving role of the human expert in an increasingly automated environment. 

Whether you are a CTO architecting a long-term AI adoption roadmap or a delivery lead optimizing for 

the next sprint, this whitepaper is a "must-read." It provides not just theoretical frameworks, but the 

practical, battle-tested insights necessary to turn AI from an experimental additive into the core engine 

of your organization’s innovation. As we look toward the future trends defining our industry, this guide is 

your compass for turning the promise of AI-driven development into a sustainable, competitive reality. 
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CAIO Circle Intellectual Property Notice - AI in SDLC Whitepaper 

This document and its contents are the exclusive property of the CAIO Circle. Any unauthorized 
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Chapter 1: The Enterprise in 2030: Humans and Machines in 

Seamless Collaboration 

 

Authors-  

a. Kalyana Bedhu  

b. Sreenivas Gadhar             

1.1. Introduction: A New Office Scene 

The year is 2030. An analyst sits in a fluid, modular office—less cubicles, more immersive collaboration pods. On her 

console, a workflow alert pulses red. The AI system beside her has paused an automated sequence after spotting a 

discrepancy in how a compliance rule was applied. 

Rather than escalating through layers of IT tickets, the AI opens a live collaboration channel: 

“I identified a misalignment in the conditional branch tied to new regulatory updates. Would you like me to simulate 

corrections across dependent records?” 

The human leans in, contextualizes the regulatory nuance, and guides the adjustment. The AI simulates fixes across 

thousands of records instantly. A note is filed into the audit trail. The system stabilizes. 

This short exchange captures the essence of the future enterprise: machines executing with relentless precision, humans 

stepping in for judgment, oversight, and creative problem-solving. 
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1.2. From Human-in-the-Loop to Human-on-the-Loop 

By 2030, enterprises have shifted from humans doing the work to humans guiding and validating the work. 

● Human-in-the-loop (2020s): AI suggested insights, humans executed. 

● Human-on-the-loop (2030): AI executes end-to-end workflows; humans oversee, intervene selectively, and ensure 

alignment with strategy, ethics, and compliance. 

 

This evolution is not just about efficiency. It reflects a fundamental shift in the enterprise contract: machines own the 

grindwork, humans own the governance. 



13 
 

 



14 
 

1.3. How Operations Have Transformed 

 

T1. Decision-Making: From Reports to Recommendations 

● Today: Managers review dashboards and reports before making calls. 

● 2030: AI delivers contextual recommendations at the moment of decision, complete with reasoning chains and 

scenario simulations. Humans approve or override. 

 

Impact: Decision cycles that once took weeks compress into minutes, dramatically accelerating go-to-market strategies. 

T2. Processes: From Linear to Adaptive Networks 

● Today: Workflows pass sequentially across departments, each handoff introducing friction. 
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● 2030: Specialized interoperable AI agents negotiate directly with each other—Finance agents with Supply Chain 

agents, Compliance agents with Customer agents. Humans monitor outcomes, not steps. 

 

Impact: Latency vanishes. Enterprises operate at “flow speed,” where work is continuously adaptive to inputs, disruptions, 

or opportunities. 

T3. Workforce Roles: From Executors to Orchestrators 

● Today: Large portions of the workforce spend time entering, reconciling, and validating data. 

● 2030: Employees function as system trainers, overseers, and innovators. Their value lies in contextual judgment, 

governance, empathy, and creative cross-domain thinking. 

 

Impact: Talent strategies shift from hiring for “process execution” to hiring for “judgment and innovation.” Enterprises 

measure impact by how employees design and guide AI, not how many tasks they complete. 

T4. Risk & Compliance: From Reactive to Proactive 

● Today: Errors are often discovered months later in audits. 

● 2030: Systems are self-healing. AI agents flag anomalies, propose resolutions, and document reasoning 

automatically. Human auditors validate tradeoffs rather than chase root causes. 

 

Impact: Enterprises move from a posture of “damage control” to “continuous assurance,” strengthening trust with 

regulators, customers, and investors. 
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1.4. The Enterprise Value Equation in 2030 

 

1. Revenue Growth 

 

○ AI identifies micro-opportunities in real time: pricing optimization, targeted offers, dynamic supply 

reallocation. 

○ Compounded small wins deliver exponential revenue growth. 

 

2. Cost Structure 

 

○ Operational costs fall as AI handles 80–90% of repeatable processes. 

○ Human capacity is redeployed to higher-value roles, reducing need for middle-management layers. 
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3. Productivity Metrics 

 

○ Shift from “hours worked” to “decision cycles closed” and “outcomes achieved.” 

○ Productivity is measured by enterprise velocity rather than labor throughput. 

1.5. Strategic Shifts That Define the Future Enterprise 

 

1. From Hierarchies to Mesh Networks 

 

Organizations flatten. Managers oversee fewer people but orchestrate more AI capabilities. The org chart resembles 

a mesh of agents, humans, and workflows rather than a pyramid. 

 



18 
 

2. From Process-First to Outcome-First 

 

Instead of designing workflows around compliance or departmental silos, enterprises start from outcomes—

revenue targets, customer satisfaction—and design adaptive workflows backward. 

 

3. From IT Systems to Cognitive Platforms 

 

ERP and CRM systems evolve into living, learning ecosystems where processes are continuously optimized without 

human intervention. 

 

4. From “Projects” to “Continuous Transformation” 

 

Enterprises no longer run multi-year transformation projects. Transformation is ambient, embedded, and ongoing—

machines constantly refining, humans constantly steering. 

 

1.6. Zooming Back 

The analyst smiles as the AI confirms the workflow fix: 

“Stability restored. Future errors prevented. Governance note filed.” 

She closes the console, knowing she didn’t fix the error—she ensured the system learned responsibly. Her role is not to 

outpace the machine, but to give it context, direction, and trust. She pats on the AI (gives 5 stars), reinforces the behavior 

chain in a systemic feedback loop. Turns on the volume on a personalized birthday song created by her 
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In 2030, that is the true role of humans in the enterprise: partners to precision, architects of trust, and creators of 

meaning. 

1.7. Conclusion 

The enterprise of 2030 is not just more efficient—it is fundamentally different. Machines run at flow speed, humans guide 

with judgment. Work is no longer defined by how many tasks can be executed, but by how effectively strategy can be 

translated into outcomes. 

This is not science fiction; it is the logical end state of trends already underway. Enterprises that embrace this duality—

machine precision plus human oversight—will not just survive, but lead in the age of intelligent collaboration. 
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Chapter 2: Evolving the Requirements Phase in the SDLC: Pre-AI -> 

Current AI -> AI-Native Future 

A practical framework for requirements gathering, analysis, UX discovery, and GenAI-specific product requirements 

Updated for current GenAI practices, product design patterns, and governance expectations. 

 

Authors-  

a. Chetan Alsisaria 

b. Aroon Jham 
 

2.1. Executive Summary 

This paper reframes the requirements phase of the SDLC across three eras: Pre-AI, Current AI, and an AI-Native future. It 

covers two related realities. First, AI now assists the requirements function itself through transcription, synthesis, drafting, 

prioritization, and design exploration. Second, many products now contain GenAI components, which means requirements 

work must explicitly define model behavior, retrieval boundaries, tool permissions, safety policies, fallback behavior, 

observability, and human oversight. 

The goal is not to replace product managers, business analysts, researchers, designers, architects, or compliance owners. 

The goal is to let AI accelerate evidence gathering and first-draft production while preserving human accountability for 

judgment, policy interpretation, stakeholder tradeoffs, and final baselines. 
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2.2. Scope & Alignment with Standards 

This paper stays inside the requirements phase: the work required to move from an initial business need to an approved, 

testable, traceable requirement set. It includes discovery, analysis, prioritization, documentation, non-functional 

requirements, acceptance criteria, data and contract requirements, and the UX activities that materially shape the 

requirement set. 

The content aligns with ISO/IEC/IEEE 29148 for requirements engineering and reflects current GenAI risk and governance 

thinking from NIST's AI RMF 1.0 and the Generative AI Profile. It also reflects modern agentic product patterns, where 

model, retrieval, and tool behavior must be specified early rather than discovered accidentally during development. 

2.3. Requirements Phase Task Framework 

Each row represents a common task in the requirements phase. Columns show how the task was performed before AI, 

how teams typically work today with AI assistance, and what an AI-Native future could enable. Representative tools are 

listed only to ground the practices. The tools are not exhaustive and should not be treated as endorsements. 

How to read the table in 30 seconds: each row is a requirements task. Columns show Pre-AI (baseline), Current AI (what 

strong teams do today), and AI-Native future (a credible target, not magic). Use the last column to identify candidates for 

adoption, then apply the governance and quality sections that follow. 
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2.4. Table 1: Requirements Phase Evolution 

The rows below reflect both AI-assisted requirements work and requirements for products that contain GenAI components. 

Task Pre-AI era Current AI era Future AI-native era 
Existing tools for the 

task 

Elicitation & 

Discovery 

(interviews, 

workshops, 

observation) 

Stakeholder interviews, 

workshops, shadowing, and 

document review; notes 

captured in docs or 

spreadsheets; synthesis 

done manually. 

Meeting transcription and 

summarization; themes, 

pain points, and candidate 

requirements extracted 

from calls, tickets, CRM 

notes, and analytics; draft 

requirements created with 

evidence links for review. 

Agentic evidence capture 

across meetings, support 

channels, telemetry, and 

policy repositories; 

discussions converted into 

structured, testable 

requirements with 

provenance and confidence 

signals. 

Teams/Zoom 

transcripts, Notion AI, 

Confluence AI, Dovetail, 

UserTesting, 

GPT/Claude assistants 

Stakeholder 

Mapping & 

Alignment 

Manual identification of 

stakeholders, goals, 

conflicts, and decision 

rights; RACI defined ad hoc; 

alignment handled in 

meetings and email threads. 

Assistants extract 

stakeholders from project 

artifacts, calendars, notes, 

and docs; draft RACIs, goal 

maps, and conflict 

summaries prepared for 

facilitation. 

Decision-support agents 

simulate tradeoffs, surface 

competing success metrics, 

and propose decision 

options with impact, risk, 

and dependency 

summaries; final decisions 

logged in durable records. 

Confluence/Notion AI, 

Miro AI, Jira/ADO 

plugins, ADR templates 

Prioritization & 

Scoping 

Workshops and 

spreadsheets; intuition-

heavy scoring; changing 

priorities hard to track; 

dependencies often 

discovered late. 

AI-assisted scoring using 

value, effort, dependency, 

risk, and historical delivery 

patterns; release scenarios 

compared before 

commitment. 

Continuous re-prioritization 

using live telemetry, support 

trends, finance signals, and 

policy constraints; agents 

propose bounded scope 

shifts, humans approve 

material changes. 

Aha!, Jira Align, ClickUp 

Brain, custom 

notebooks 
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Task Pre-AI era Current AI era Future AI-native era 
Existing tools for the 

task 

Requirements 

Analysis (conflicts, 

duplicates, 

dependencies) 

Manual review sessions; 

contradictions and 

duplicates found late; 

ambiguity and hidden 

dependencies common. 

Assistants cluster similar 

requirements, flag 

contradictions, highlight 

missing actors or data 

states, and run quality 

checks for ambiguity, 

feasibility, and testability. 

Always-on analysis across 

PRDs, boards, policies, and 

architecture artifacts; agents 

propose resolutions and run 

what-if trade studies on 

cost, timing, and risk. 

IBM Requirements 

Quality Assistant, 

Thoughtworks Haiven, 

Confluence AI 

Requirements 

Documentation 

(PRDs/SRS/backlog 

structure) 

Manual drafting in docs and 

spreadsheets; structure 

varies by author; open 

questions scattered across 

artifacts. 

PRD assistants draft goals, 

scope, KPIs, assumptions, 

risks, and open questions; 

structured templates 

improve consistency; 

content stays near work 

items for review. 

Living specifications 

regenerate from approved 

changes in policy, design, 

code, and tests; narrative 

prose and structured fields 

stay synchronized. 

Confluence/Notion AI, 

ClickUp Brain, 

structured templates, 

schema-based docs 

Acceptance Criteria 

Development 

Criteria written manually; 

happy paths dominate; 

edge cases and negative 

paths often missed; 

testability varies by team. 

Assistants generate 

acceptance criteria and 

edge cases from story text, 

including Gherkin-style 

statements; humans refine 

wording and thresholds. 

Context-aware criteria co-

evolve with design, tests, 

telemetry, and compliance 

rules; negative paths, 

escalation behavior, and 

control checks are added 

automatically. 

Atlassian Intelligence, 

Azure Boards 

integrations, Userdoc 
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Task Pre-AI era Current AI era Future AI-native era 
Existing tools for the 

task 

Non-Functional 

Requirements 

(NFRs) & 

Constraints 

Performance, security, 

accessibility, privacy, and 

reliability requirements 

captured inconsistently and 

often too late. 

Checklists and assistants 

propose measurable NFRs 

with explicit thresholds; 

linkage to architecture and 

tests improves; 

requirements are harder to 

ignore. 

Policy-aware agents enforce 

NFR coverage and 

consistency across design, 

build, and test. For GenAI 

systems, groundedness, 

latency, auditability, human 

override, and cost budgets 

become first-class 

constraints. 

IBM RQA, 

OWASP/ASVS aids, 

accessibility tooling, 

policy-as-code 

Data, Model, 

Retrieval & Tool 

Contracts 

Schemas and API contracts 

often specified late; 

downstream impacts 

discovered during build; 

tool permissions handled 

informally. 

Draft OpenAPI or AsyncAPI 

contracts from 

requirements; data 

classification suggestions; 

structured output schemas, 

retrieval source rules, and 

tool interfaces defined 

earlier. 

Model routing rules, tool 

schemas, retrieval 

provenance, and fallback 

paths are governed as first-

class requirement artifacts 

with versioning and 

approval workflows. 

OpenAPI/AsyncAPI, 

Postman, Stoplight, 

MCP-aware tooling 

Prompt, Policy & 

Instruction 

Requirements 

Usually undocumented or 

left to implementation 

teams; system behavior 

encoded implicitly in prose 

or code. 

Teams begin versioning 

system prompts, guardrail 

prompts, and policy 

variables; prompts linked to 

stories and acceptance 

tests. 

Instruction sets, policy 

packs, and reusable prompt 

assets are governed like 

code and requirements, 

with explicit owners, review 

checkpoints, and change 

history. 

Prompt registries, 

prompt templates, 

model playgrounds, 

policy libraries 
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Task Pre-AI era Current AI era Future AI-native era 
Existing tools for the 

task 

GenAI Behavior, 

Safety & Human 

Escalation 

Requirements 

Not typically present 

because most products did 

not contain model behavior, 

tool use, or probabilistic 

answers. 

Requirements now define 

allowed and disallowed 

behaviors, source-

grounding expectations, 

refusal patterns, human 

handoff conditions, and safe 

fallbacks when confidence is 

low. 

Behavioral policies are 

machine-readable, 

evaluated continuously, and 

linked to runtime controls 

so the product can adapt 

safely without losing 

auditability. 

Guardrail frameworks, 

policy engines, risk 

registers, eval suites 

Evaluation & 

Release Criteria for 

GenAI Features 

Traditional requirements 

rarely defined model-quality 

gates beyond basic 

functional acceptance. 

Teams create eval sets for 

groundedness, format 

compliance, tool use, 

harmful output, and 

business-task success; 

release gates are tied to 

thresholds, not vibes. 

Requirements, evals, and 

runtime telemetry form a 

closed loop; agents surface 

regression risks and 

recommend release or 

rollback actions with 

evidence. 

OpenAI eval patterns, 

Langfuse, prompt 

evaluation suites, CI 

gates 

Requirements 

Modeling (use 

cases, flows, 

UML/BPMN, data 

models) 

Models created manually by 

specialists; diagrams 

maintained separately from 

prose; updates lag behind 

the latest agreement. 

Generate draft use-case 

flows and diagrams from 

text; synchronize models 

and prose; export into 

collaboration tools for 

review. 

Executable models connect 

to prototypes and 

simulations; approved 

changes update 

downstream assets 

automatically while 

preserving change history. 

Miro AI, 

Mermaid/PlantUML via 

LLM prompts, Visily 
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Task Pre-AI era Current AI era Future AI-native era 
Existing tools for the 

task 

Risk, Assumptions, 

Dependencies & 

Feasibility/Trade 

Studies 

Spreadsheets and reviews; 

qualitative and static; hard 

to keep current as scope 

shifts. 

Assistants mine risks, 

assumptions, and 

dependencies from docs, 

tickets, policies, and support 

data; lightweight what-if 

analyses become faster. 

Always-on risk sensing 

draws from market changes, 

policy updates, ops signals, 

and roadmap shifts; agents 

recommend mitigations, but 

humans approve material 

tradeoffs. 

Custom notebooks, 

Sheets + LLM, Aha!, Jira 

risk registers 

Change 

Management, 

Baselining & 

Traceability 

Baselines and change 

requests tracked manually; 

trace links incomplete; 

requirement drift often 

discovered late. 

Auto-linking between 

requirements, designs, tests, 

code, prompts, and policies; 

diff summaries and impact 

analysis generated from 

approved changes. 

Real-time impact analysis 

and immutable change 

ledgers; workflow gates 

block changes that break 

traceability or bypass 

required approvals. 

DOORS Next, Jira/ADO 

trace plugins, 

requirements 

repositories 

Wireframing 

Hand sketches to digital 

wireframes; multiple rounds 

required; time intensive to 

explore alternatives. 

Prompt-to-wireframe and 

reference-based generation 

accelerate low-fidelity 

exploration; teams compare 

multiple directions quickly. 

Adaptive wireframes tied to 

personas, devices, design 

systems, and accessibility 

constraints generate from 

approved requirement sets, 

not isolated prompts. 

Figma AI, Uizard, Visily, 

MockFlow AI 

Prototyping 

Sequential move from 

wireframes to clickable 

prototypes; limited variants 

explored because of time. 

Multi-screen prototypes 

generated from text and 

existing designs; flows 

linked automatically; copy 

and interactions edited 

rapidly. 

Design-system-grounded 

prototypes self-check for 

flow coverage, accessibility, 

and state completeness, 

then feed structured 

feedback back into the 

requirement set. 

Figma AI, Figma Make, 

Uizard Autodesigner, 

Visily 
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Task Pre-AI era Current AI era Future AI-native era 
Existing tools for the 

task 

User Research 

(qualitative and 

quantitative) 

Surveys, interviews, and 

usability tests with manual 

note-taking and synthesis; 

turnaround time slow; 

sample sizes constrained. 

Transcription, 

summarization, clustering, 

and insight extraction 

reduce synthesis time; AI 

helps prepare probes, 

summaries, and candidate 

findings for reviewer 

validation. 

Mixed-method studies 

combine human research 

with bounded synthetic 

exploration for ideation and 

scenario stress-testing; real-

user validation remains the 

source of truth for 

consequential decisions. 

Dovetail, UserTesting, 

Hotjar AI, research 

repositories 

User Flow / Journey 

Design 

Whiteboards and sticky 

notes; manual updates 

across journey maps, specs, 

and design files. 

Generate flows from 

requirements; keep 

diagrams in sync with text; 

summarize gaps in steps, 

actors, and handoffs. 

Context-aware journey 

maps connect live 

telemetry, personas, and 

policy constraints to 

highlight where 

requirements need 

refinement before build. 

Miro AI, Figma FigJam, 

Visily 

Persona 

Development 

Static, demographic-heavy 

personas; updated 

infrequently; limited 

connection to behavioral 

data or actual research 

evidence. 

Prompted persona drafts 

with structure and 

uncertainty notes; teams 

validate against real 

research and analytics 

before using them. 

Agent-based persona 

simulators support 

exploration, but approved 

personas remain grounded 

in actual evidence and 

updated with clear 

provenance. 

Figma/FigJam AI, 

Userdoc, Dovetail, 

general LLMs 
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Task Pre-AI era Current AI era Future AI-native era 
Existing tools for the 

task 

Communication & 

Stakeholder 

Management 

Meetings, email threads, 

and decks; status follow-ups 

manual; decisions scattered 

across systems. 

Auto-summaries, 

translations, action 

extraction, and decision 

logs reduce coordination 

overhead; stakeholder 

updates tailored by 

audience. 

Multilingual, context-aware 

decision support helps 

teams converge faster while 

preserving approvals, 

rationale, and audit trails 

across systems. 

Confluence/Notion AI, 

Atlassian Intelligence, 

collaboration copilots 
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2.5. Governance, Risk & Compliance (GRC) for AI-Assisted Requirements 

• Evidence provenance and auditability: maintain source links from transcript, ticket, policy, telemetry, or research artifact 

to each approved requirement. AI-generated text without evidence should be treated as draft, not truth. 

• Privacy, retention, and consent: define what recordings, transcripts, CRM notes, and embeddings may be used; apply 

data minimization, least-privilege access, and retention or deletion rules. 

• Bias and representational harm: review generated personas, summaries, and synthetic-research outputs for sampling 

bias, stereotyping, and over-generalization. 

• Model, vendor, and tool risk: document approved models, prompt templates, retrieval sources, tool permissions, and 

fallback behavior; separate experimentation from governed production usage. 

• Prompt and policy asset control: version prompts, policy packs, and instruction templates when they materially shape 

requirements or user-visible behavior. 

• Human approval and baseline control: no AI-generated requirement, scope change, safety rule, or customer-facing 

commitment should be baselined without a named human owner. 

• Regulatory and contractual alignment: ensure requirements reflect applicable obligations such as privacy, accessibility, 

retention, explainability, audit, and sector-specific constraints. 

2.6. AI-Assisted Requirement Quality Checklist 

• Singular and unambiguous: one requirement per statement, with explicit actors, objects, and conditions. 

• Grounded and evidenced: linked to a source such as research, analytics, stakeholder input, policy, or operational data. 

• Testable and measurable: includes objective acceptance criteria, thresholds, or observable outcomes. 

• Feasible and bounded: realistic within technical, legal, operational, and time constraints. 
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• Safe under uncertainty: for GenAI features, defines refusal, fallback, human escalation, or bounded tool behavior when 

confidence is low or context is incomplete. 

• Observable and governable: can be monitored, audited, and traced through prompts, policies, models, tests, and 

runtime signals where applicable. 

• Consistent and traceable: no contradiction with related requirements, policies, or architectural standards; linked to 

parent goals and downstream assets. 

• Necessary and value-aligned: tied to a stakeholder outcome, risk reduction, compliance need, or measurable business 

objective. 

2.7. Operational Metrics for Requirements Quality & Flow 

• Definition-of-Ready compliance (% of stories or requirements meeting the quality bar before implementation). 

• Requirement quality score trend (rule-based and human-reviewed quality checks over time). 

• Rework rate due to requirement defects (per release or quarter). 

• NFR coverage (% of epics or features with explicit non-functional thresholds and linked tests). 

• Traceability completeness (requirement -> design -> test -> code -> prompt/policy linkage where relevant). 

• Cycle time from evidence capture to baselined requirement. 

• Requirement churn after prototype or user-validation feedback. 

• Eval pass rate for GenAI behavior requirements, including groundedness, tool use, and safety thresholds. 

• AI draft acceptance rate (% of AI-generated content accepted with minor edits versus major rewrite). 

• Stakeholder alignment cycle time (time to resolve material conflicts on scope, policy, or priorities). 
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2.8. RACI & Review Checkpoints 

• R (Responsible): Product managers, business analysts, researchers, and designers draft artifacts with AI assistance. 

• A (Accountable): Product Owner owns scope; Architect owns structural integrity; Security, Privacy, Data, or Compliance 

leads own the controls relevant to their domains. 

• C (Consulted): Engineering, QA, Legal, Support, Sales/CS, Finance, and operations stakeholders as needed. 

• I (Informed): Delivery leadership, downstream teams, and affected business functions. 

• Any requirement that changes model behavior, tool permissions, retrieval sources, user data handling, or regulated 

outcomes receives named human approval before baselining. 

2.9. Context & Knowledge Strategy (Why Review Still Matters) 

AI assistance improves speed but can also flatten nuance if the wrong context is supplied. Establish a governed context 

pipeline: transcripts, CRM notes, support tickets, analytics, prior PRDs, policies, design-system guidance, and research 

repositories feed structured retrieval and search experiences. Prompt templates pull only the facts relevant to the task. 

Human owners still review, edit, and baseline outputs. 

For products that contain GenAI behavior, context strategy becomes part of the requirement set itself. Teams should 

specify what sources are allowed, what tools can be used, what evidence must be shown to the user, what happens when 

context is missing, and how runtime traces support audit and improvement. 
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2.10. Adoption Heatmap (Where to Bet Now) 

Task Adoption guidance 

Elicitation & Discovery Adopt Now 

Stakeholder Mapping & Alignment Adopt Now 

Prioritization & Scoping Adopt Now 

Requirements Analysis Adopt Now 

Requirements Documentation Adopt Now 

Acceptance Criteria Development Adopt Now 

Non-Functional Requirements & Constraints Adopt Now 

Data, Model, Retrieval & Tool Contracts Adopt Now for GenAI-bearing products 

Prompt, Policy & Instruction Requirements Adopt Now for GenAI-bearing products 

GenAI Behavior, Safety & Human Escalation Requirements Adopt Now for GenAI-bearing products 

Evaluation & Release Criteria for GenAI Features Adopt Now for GenAI-bearing products 

Requirements Modeling Pilot 

Risk, Assumptions, Dependencies Adopt Now 

Change Management & Traceability Pilot, moving toward Adopt Now 

Wireframing Adopt Now 

Prototyping Adopt Now 

User Research Adopt Now for synthesis; Pilot for synthetic participants 

User Flow / Journey Design Pilot 

Persona Development Pilot 

Communication & Stakeholder Management Adopt Now 
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2.11. Evidence & Cautions 

Teams consistently report faster synthesis, broader exploration, and lower manual effort when AI is used for notes, 

clustering, first-draft creation, and design exploration. That benefit is real, but it is easy to mistake fluent output for sound 

requirements. 

Human review remains essential because AI can miss tacit knowledge, merge distinct stakeholder intents, overstate 

confidence, or generate plausible but unsupported requirements. The risk is higher for privacy, compliance, pricing, safety, 

and any feature where GenAI behavior affects customer outcomes. 

Avoid hard productivity claims unless you have internal baseline data. Instead, measure the flow and quality metrics above, 

run controlled pilots, and keep a visible feedback loop between requirement defects, runtime issues, and prompt or policy 

updates. 

2.12. Governance Framework for AI-Human Collaboration 

Decision type AI agent role Human role Escalation trigger 

Business priority & scope 
Analyze options and score 

tradeoffs 

Make final prioritization 

decision 

Stakeholder disagreement or revenue 

impact 

Technical feasibility 
Surface dependencies and 

implementation risks 
Validate and approve Conflicting feasibility assessments 

Privacy / regulatory 

requirements 
Identify obligations and flag gaps Interpret and approve 

Regulatory ambiguity or customer 

commitments 

Model / tool / retrieval 

behavior 

Generate bounded options and 

draft policies 

Approve allowed behavior and 

fallbacks 

Unsafe autonomy, weak grounding, or 

unclear escalation 

Design direction 
Generate alternative concepts 

and flows 
Select and refine Creative judgment or brand sensitivity 



34 
 

Decision type AI agent role Human role Escalation trigger 

User-research synthesis 
Summarize themes and candidate 

insights 
Validate findings and decisions 

Low evidence quality or contradictory 

signals 

Client / stakeholder 

communication 
Draft summaries and options Review, tailor, and deliver 

Sensitive topics or contractual 

implications 

Quality Gates 

• Human review is required for all external commitments and for all approved requirement baselines. 

• Structured validation checks should verify completeness, ambiguity, traceability, policy coverage, and format 

compliance before baselining. 

• Material GenAI behavior requires explicit eval criteria for groundedness, refusal behavior, tool use, and escalation 

handling. 

• Peer or domain-expert review is required for complex, regulated, or high-impact requirements. 

• Prototype and research feedback loops should feed changes back into the requirement set rather than living only in 

design files or meeting notes. 

Continuous Learning 

• Monitor agent and assistant performance, then fold defects and misses back into prompts, templates, and review 

checklists. 

• Run requirement-defect retrospectives to identify whether misses came from weak evidence, poor context, 

ambiguous prompts, or missing reviewers. 

• Recalibrate evaluation sets and policy packs as products, regulations, or user expectations evolve. 

• Track stakeholder satisfaction with the speed, clarity, and trustworthiness of the requirements process, not just 

volume of output. 



35 
 

2.13. Role-wise Breakdown of How Stakeholders Are Affected 

Business Analysts and Product Managers 

• Shift in role: from primary document authors to orchestrators of evidence, AI-assisted drafting, and decision quality. 

• New responsibilities: manage templates and context sources, challenge hallucinated requirements, maintain 

traceability, and ensure output aligns with business strategy and policy. 

• Impact: value shifts away from typing and toward synthesis, judgment, facilitation, and governance. 

Clients and Business Stakeholders 

• Shift in role: from reviewing static documents in long cycles to co-reviewing AI-assisted drafts in shorter, evidence-

linked loops. 

• New responsibilities: validate priorities, clarify tradeoffs, and confirm whether generated requirements reflect actual 

business intent. 

• Impact: participation becomes more iterative and more transparent, but also requires discipline around approvals. 

Designers and Developers 

• Shift in role: from waiting for final requirements to collaborating earlier through AI-assisted wireframes, prototypes, 

and feasibility feedback. 

• New responsibilities: pressure-test generated flows, identify edge cases, and help convert vague goals into testable 

system behavior. 

• Impact: handoffs shrink, but the need for shared vocabulary and traceability increases. 

Security, Privacy, Compliance, and Risk Specialists 

• Shift in role: from broad manual review to targeted review of high-risk changes, exceptions, and policy 

interpretation. 
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• New responsibilities: define reusable guardrails, review flagged gaps, and approve requirements affecting data 

handling, safety, and regulated behavior. 

• Impact: work becomes more strategic and exception-driven, not less important. 

Researchers and UX Teams 

• Shift in role: from manually synthesizing every artifact to supervising AI-assisted synthesis and validating what is 

actually true. 

• New responsibilities: verify generated findings, preserve nuance, and prevent synthetic or model-generated artifacts 

from outrunning real-user evidence. 

• Impact: speed increases, but the bar for methodological discipline also rises. 

AI Governance or Responsible AI Functions 

• Shift in role: from peripheral advisor to embedded control point where products rely materially on GenAI behavior. 

• New responsibilities: define policy expectations, audit evaluative evidence, clarify escalation thresholds, and help 

teams separate experimentation from governed production use. 

• Impact: provides trust, repeatability, and accountability for AI-native requirements work. 
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2.14. Stakeholder Role Transformation Summary 

Role Traditional role AI-transformed role Impact 

Business Analysts / 

Product Managers 

Gather, draft, and reconcile 

requirements manually 

Orchestrate evidence, AI-assisted drafts, 

and traceability 

Shift from document production to 

synthesis, judgment, and governance 

Clients / Business 

Stakeholders 

Review BA-created documents 

and provide feedback in cycles 

Co-review evidence-linked drafts and 

tradeoff options 

Faster iterations, more transparency, 

clearer approval responsibilities 

Designers & Developers 
Engage after requirements are 

mostly settled 

Collaborate earlier through prototypes, 

flows, and feasibility feedback 

Shorter handoffs, earlier edge-case 

discovery 

Security / Privacy / 

Compliance / Risk 

Manually review broad sets of 

requirements 

Operate as exception-based reviewers 

with reusable guardrails 

More strategic focus on high-risk 

changes and policy interpretation 

Researchers / UX Teams 
Run studies and manually 

synthesize results 

Supervise AI-assisted synthesis and 

validate findings 

More throughput, but higher need for 

evidence discipline 

AI Governance / 

Responsible AI 
Limited or occasional involvement 

Define boundaries for model behavior, 

prompts, tools, and eval evidence 

Adds trust, consistency, and auditability 

for AI-native workflows 
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Chapter 3: Evolving the Development Phase in the SDLC: Pre-AI -> 

Current GenAI -> GenAI-Native Future 

A practical framework with tasks, workflows, controls, and decision guidance 

 

Authors- 

a. Aroon Jham  

b. Sreenivas Gadhar 

3.1. Executive Summary 

This paper updates the development phase of the SDLC for a 2026 reality in which teams do two different things at once: 

they use GenAI to build software, and they build software products that themselves contain GenAI capabilities. Both 

matter. The first changes how engineers code, review, test, document, and troubleshoot. The second introduces new 

development artifacts such as prompts, system instructions, context assembly, model selection rules, retrieval policies, tool 

permissions, eval suites, guardrails, and runtime controls. 

The implication is straightforward: you do not need a brand-new SDLC, but you do need a broader definition of 

development work. 'Done' is no longer just code that compiles and passes tests. For GenAI-enabled systems, 'done' also 

means grounded outputs, bounded behavior, measurable reliability, safe tool use, acceptable latency and cost, and 

evidence that the system fails safely when it should. 

The framework below preserves the familiar structure of development work while making GenAI-specific controls, patterns, 

and decision guidance explicit. It is designed for engineering leaders, architects, DevOps teams, platform teams, QA, and 

security professionals who need practical modernization rather than hype. 
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3.2. Scope & Alignment with Standards 

This paper stays inside the development phase: what engineering teams do between a prioritized story and a merged, 

tested change. It aligns with ISO/IEC 12207 and NIST SSDF, and it is updated to reflect NIST SP 800-218A for generative AI, 

OWASP guidance for LLM application risks, OpenTelemetry conventions for GenAI observability, and the growing use of 

MCP for tool and context integration. 

Within this scope, development artifacts now include code, infrastructure-as-code, prompts and system instructions, 

model configuration, routing rules, retrieval and grounding specifications, tool contracts, eval datasets, red-team cases, 

policy rules, traces, and release gates. When software products contain GenAI components, the development phase also 

covers fallback logic, human approval points, content safety behavior, and safe failure modes. 

3.3. Development Phase Task Framework 

Each row represents a common task in the development phase. The columns describe how the task was handled in the 

Pre-AI era, how teams commonly handle it today with AI assistance, and what a credible GenAI-native future could enable 

when strong controls are in place. 

How to read the table in 30 seconds: each row is a development task. Read left to right as baseline -> current practice -> 

credible target state. Use the tool column to anchor implementation options. Use the adoption guidance later in the paper 

to decide what to adopt now versus what to pilot under tighter governance. 

Practical interpretation: treat prompts, model configuration, retrieval rules, tool 

permissions, eval suites, and guardrails as versioned development assets, not as 

informal settings that sit outside engineering discipline. 

 

Before large-scale adoption, teams should be able to answer four design questions: 
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What instructions and context govern the behavior, and who owns those artifacts? 

Which sources and tools are trusted, and what permissions do they have? 

What tests and evals prove the behavior is acceptable for this use case? 

What telemetry, rollback levers, and human approvals exist if the system misbehaves? 

3.4. Table 1: Development Phase Evolution 

Task Chevron 1: PRE-AI ERA 
Chevron 2: CURRENT GENAI 

ERA 

Chevron 3: FUTURE GENAI-

NATIVE ERA 

Representative Tools 

/ Systems 

Architecture & 

Design 

Architecture diagrams, 

design docs, and ADRs were 

produced manually. Pattern 

selection relied heavily on 

team experience, reference 

architectures, and design-

review forums. 

AI helps draft diagrams, 

summarize requirements, 

compare patterns, and 

generate ADR starting points. 

Teams increasingly design for 

both traditional services and 

GenAI components in the same 

workflow. 

Architecture work becomes 

policy-aware. Agents propose 

designs that account for latency, 

cost, resilience, compliance, 

observability, and human-

approval boundaries, then link 

decisions to telemetry and 

business outcomes. 

Mermaid / PlantUML, 

C4 tools, GitHub 

Copilot, Cursor, 

ArchUnit / ArchGuard 

Prompt, System 

Instruction & 

Context Design 

This task barely existed as a 

formal discipline. Behavior 

was encoded mostly in 

application logic, templates, 

and documentation rather 

than model instructions. 

Prompts, system instructions, 

and context assembly are 

versioned artifacts. Teams 

experiment with structure, 

tone, constraints, and 

examples, but practices are 

often inconsistent across repos. 

Instruction assets are engineered 

like code. They are modular, 

versioned, tested against 

regressions, tied to eval suites, 

and governed with clear 

ownership and release controls. 

Prompt repositories, 

OpenAI Agents SDK, 

LangGraph, Langfuse, 

promptfoo 
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Task Chevron 1: PRE-AI ERA 
Chevron 2: CURRENT GENAI 

ERA 

Chevron 3: FUTURE GENAI-

NATIVE ERA 

Representative Tools 

/ Systems 

Model Selection, 

Routing & Fallback 

Application behavior usually 

assumed one deterministic 

runtime path. Model choice 

and routing were not part of 

normal development design. 

Teams choose models by 

quality, cost, context window, 

latency, and enterprise 

controls. Some add simple 

routing and fallback logic for 

outage handling or cheaper 

paths. 

Model routing becomes a first-

class design layer. Systems 

dynamically select models, 

modes, and reasoning depth 

based on task type, cost 

budgets, privacy constraints, and 

measured eval performance. 

OpenAI Responses / 

Agents, Azure AI 

Foundry, Bedrock, 

LiteLLM, gateway 

layers 

Retrieval & 

Knowledge 

Grounding 

Most systems relied on 

direct database queries, 

search APIs, wiki links, or 

hard-coded references. 

Knowledge retrieval was not 

usually treated as a model 

behavior problem. 

RAG patterns are common. 

Teams define chunking, 

metadata, ranking, citation, 

freshness, and source controls 

to ground answers in trusted 

enterprise or product 

knowledge. 

Grounding pipelines become 

adaptive and policy-aware. 

Agents choose retrieval depth, 

sources, and evidence thresholds 

per task and can decline 

gracefully when support is 

insufficient. 

Vector databases, 

Elasticsearch / 

OpenSearch, Bedrock 

Knowledge Bases, 

pgvector, rerankers 

Tool / Function / 

MCP Integration 

Design 

External actions were wired 

with custom APIs, SDK 

clients, and service adapters. 

Integration logic was coded 

per application and rarely 

reusable across assistants. 

Function calling, structured 

tools, and MCP-based 

integrations let models read 

context and invoke external 

systems in a more standard 

way. The design challenge 

shifts to permissions, schemas, 

and failure handling. 

Tool ecosystems become 

standardized, discoverable, and 

policy-scoped. Systems grant 

the minimum needed action 

surface, separate read from write 

privileges, and require human 

approval for material actions. 

MCP-compatible 

runtimes, OpenAI 

tools / structured 

outputs, LangChain / 

LangGraph, internal 

API catalogs 
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Task Chevron 1: PRE-AI ERA 
Chevron 2: CURRENT GENAI 

ERA 

Chevron 3: FUTURE GENAI-

NATIVE ERA 

Representative Tools 

/ Systems 

Code Generation & 

Scaffolding 

Boilerplate and initial service 

scaffolds were written 

manually or copied from 

templates. New modules had 

high setup friction. 

Inline completion, code chat, 

and agent mode generate 

functions, classes, tests, IaC, 

and documentation from 

natural-language intent plus 

repository context. 

Intent-to-code becomes 

bounded and workflow-aware. 

Agents generate production-

ready changes with tests, docs, 

logging, and policy checks, then 

package the work as reviewable 

pull requests. 

GitHub Copilot, 

Cursor, Amazon Q 

Developer, Aider, 

Replit Agent 

Code Editing & 

Refactoring 

Refactoring depended on 

IDE primitives, manual 

search, and patient human 

review. Large cross-file 

changes were risky and slow. 

AI can explain code, propose 

safer edits, modernize patterns, 

and handle repo-scale 

refactors with guardrails. 

Teams increasingly use agent 

workflows for repetitive 

modernization. 

Autonomous refactoring is 

continuous but bounded. Agents 

manage dependency migrations, 

framework upgrades, and 

standardization campaigns, with 

humans reviewing riskier or 

architecture-changing deltas. 

Cursor, GitHub 

Copilot agent mode, 

JetBrains AI, Aider, 

Sourcegraph Cody 

Debugging & Root 

Cause Analysis 

Engineers relied on logs, 

stack traces, breakpoints, 

and tribal knowledge. Cross-

system troubleshooting was 

labor intensive. 

AI summarizes traces, explains 

errors, proposes likely causes, 

and suggests patches. For 

GenAI systems, debugging 

now includes prompt history, 

retrieval evidence, tool traces, 

and model responses. 

Diagnostic agents correlate 

code, telemetry, evals, and 

incidents to propose mitigations 

and safe patches. Prediction 

shifts left, and recurring issues 

generate structural fixes rather 

than one-off corrections. 

Sentry, Datadog, New 

Relic, GitHub Copilot 

Chat, OpenTelemetry-

based tracing 
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Task Chevron 1: PRE-AI ERA 
Chevron 2: CURRENT GENAI 

ERA 

Chevron 3: FUTURE GENAI-

NATIVE ERA 

Representative Tools 

/ Systems 

Unit, Integration & 

Agent Testing 

Tests were written manually, 

often late, and coverage 

gaps were common. 

Deterministic application 

logic drove most test design. 

AI generates unit tests, mocks, 

fixtures, and integration 

scenarios. For GenAI features, 

teams add schema checks, 

tool-call tests, and bounded-

behavior assertions alongside 

normal tests. 

Tests co-evolve with code and 

prompt assets. Agents maintain 

suites across code, tools, 

prompts, and context 

boundaries, using mutation, 

simulation, and property-based 

approaches where useful. 

GitHub Copilot, 

Cursor, Qodo, 

Diffblue, pytest / JUnit 

ecosystems 

GenAI Evaluation & 

Red Teaming 

This was not a standard 

development task because 

most software did not 

produce open-ended 

outputs or tool-using agent 

behavior. 

Leading teams maintain offline 

and online evals for 

correctness, groundedness, 

tool use, refusal behavior, 

safety, schema compliance, and 

prompt regressions. Red-team 

cases are increasingly part of 

release readiness. 

Eval flywheels become a normal 

quality system. Every major 

prompt, model, routing, or 

retrieval change is scored 

against golden sets, production 

traces, and adversarial cases 

before broad rollout. 

OpenAI Evals / 

cookbook patterns, 

Langfuse, Braintrust, 

promptfoo, custom 

scorecards 

Code Review & 

Quality Assurance 

Peer review focused on logic, 

style, and conventions. 

Review quality varied with 

reviewer time and expertise. 

AI pre-review flags bugs, style 

issues, suspicious diffs, missing 

tests, and risky patterns. For 

GenAI systems, review also 

checks prompts, tool 

permissions, eval impact, and 

safe failure behavior. 

Low-risk changes are 

continuously screened and 

summarized, while humans focus 

on boundary conditions, 

architecture shifts, and policy-

sensitive deltas. Review effort 

becomes more selective and 

higher value. 

GitHub Copilot review, 

CodeRabbit, 

SonarQube, Codacy, 

Graphite 
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Task Chevron 1: PRE-AI ERA 
Chevron 2: CURRENT GENAI 

ERA 

Chevron 3: FUTURE GENAI-

NATIVE ERA 

Representative Tools 

/ Systems 

Documentation 

(inline, API, 

architecture, 

prompt assets) 

Docs were written manually, 

frequently stale, and often 

deprioritized when delivery 

pressure rose. 

AI drafts docstrings, READMEs, 

API specs, runbooks, 

architecture summaries, and 

release notes. Teams also 

document prompt assets, 

model dependencies, tool 

contracts, and operator 

runbooks. 

Documentation becomes living 

system memory. It updates with 

code, prompts, tools, and 

runtime behavior, and it links 

developers to examples, 

incidents, constraints, and 

adoption guidance in context. 

GitHub Copilot, 

Cursor, Mintlify, 

Swimm, Docusaurus, 

internal doc pipelines 

Dependency 

Management & 

Supply Chain 

Security 

Updates were manually 

tracked and applied, often 

after advisories or breakages 

were already visible. 

Automated update PRs, 

vulnerability scans, and 

compatibility checks are 

standard. In GenAI systems, 

teams must also track model 

providers, datasets, connectors, 

and prompt or tool 

dependencies. 

Supply chain posture becomes 

continuous. Safe updates are 

auto-proposed, risky 

components are isolated quickly, 

provenance is enforced, and 

software bills of materials 

include AI-relevant 

dependencies where 

appropriate. 

Dependabot, 

Renovate, Snyk, Mend, 

GitHub Advanced 

Security, SBOM 

tooling 
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Task Chevron 1: PRE-AI ERA 
Chevron 2: CURRENT GENAI 

ERA 

Chevron 3: FUTURE GENAI-

NATIVE ERA 

Representative Tools 

/ Systems 

Security & 

Vulnerability 

Scanning (AppSec 

+ LLM risks) 

Periodic SAST and DAST 

scans produced long 

findings queues with limited 

prioritization. LLM-specific 

risks were not in scope. 

Static and dynamic scanning 

are augmented with checks for 

prompt injection, insecure 

output handling, secrets 

exposure, excessive 

permissions, untrusted retrieval 

sources, and misuse of tool 

execution paths. 

Security becomes runtime-aware 

and model-aware. Guardrails, 

policy engines, and scanning 

pipelines continuously test for 

adversarial prompts, data 

poisoning, supply-chain 

weakness, and denial-of-wallet 

patterns. 

Semgrep, Snyk, 

Checkmarx, Veracode, 

OWASP guidance, 

custom LLM security 

tests 

Secrets 

Management & 

Configuration 

Secrets often leaked into 

code, config files, or 

developer machines. 

Rotation and clean-up were 

manual. 

Secrets scanning, vault 

integration, redaction, and 

safer local development flows 

are common. GenAI systems 

add API keys, connector 

secrets, and model-provider 

credentials to the control 

surface. 

Secrets become ephemeral, 

scoped, and policy-issued. 

Agents never receive durable 

credentials by default, and 

sensitive configuration is 

injected just in time with 

auditable access boundaries. 

GitGuardian, 

TruffleHog, Vault, 

AWS Secrets Manager, 

Azure Key Vault 

Build & 

Compilation 

Local builds and ad hoc CI 

jobs created drift and slow 

feedback loops. Debugging 

build failures was often 

manual. 

Teams use cached, distributed, 

containerized builds and AI 

help for failure diagnosis. Build 

logic increasingly packages 

both conventional code and 

GenAI service configuration. 

Build systems become more 

predictive. Agents identify likely 

breakage, optimize build graphs, 

and validate that code, prompts, 

configs, and eval assets stay in 

sync before merge. 

Bazel, Gradle, Nx, 

Turborepo, GitHub 

Actions insights 
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Task Chevron 1: PRE-AI ERA 
Chevron 2: CURRENT GENAI 

ERA 

Chevron 3: FUTURE GENAI-

NATIVE ERA 

Representative Tools 

/ Systems 

Continuous 

Integration 

Pipelines were hand-

authored, brittle, and slow to 

evolve. Flaky tests and noisy 

failures often went 

unresolved. 

AI helps generate CI pipelines, 

quarantine flaky tests, 

summarize failures, and 

enforce policy gates. Mature 

teams add eval, tracing, policy, 

and security gates for GenAI-

bearing changes. 

CI becomes a layered control 

plane that selectively runs the 

right tests, evals, and security 

checks based on change type, 

risk, and affected systems. 

Failures are explained with 

actionable remediation paths. 

GitHub Actions, 

GitLab CI, CircleCI, 

Jenkins, Buildkite 

Local Development 

Environment Setup 

Setup relied on long docs 

and inconsistent local 

machines. 'Works on my 

machine' was common. 

Containerized dev 

environments, one-command 

setup, and AI troubleshooting 

reduce friction. Local workflows 

increasingly include sandboxes 

for prompts, evals, retrieval 

tests, and tool simulation. 

Task-specific workspaces are 

provisioned automatically with 

the minimum context and 

credentials needed for the issue 

at hand, reducing setup time 

and accidental access sprawl. 

Codespaces, Gitpod, 

Dev Containers, 

Coder, local 

sandboxes 

Performance, 

Latency & Cost 

Optimization 

Optimization focused on 

CPU, memory, I/O, and query 

performance. Cost was 

mostly infrastructure and 

license driven. 

For GenAI systems, teams now 

optimize token usage, retrieval 

depth, caching, batching, 

streaming, prompt length, and 

model choice alongside normal 

application performance work. 

Systems continuously trade off 

quality, latency, and cost within 

explicit budgets. Agents tune 

prompts, routing, caching, and 

context depth while preserving 

eval thresholds and user 

experience targets. 

Profilers, tracing 

stacks, caching layers, 

gateway metrics, 

benchmarking 

notebooks 
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Task Chevron 1: PRE-AI ERA 
Chevron 2: CURRENT GENAI 

ERA 

Chevron 3: FUTURE GENAI-

NATIVE ERA 

Representative Tools 

/ Systems 

Database Schema 

& Migration 

Management 

Migrations were 

handwritten, rollback 

planning was inconsistent, 

and environment drift was 

common. 

AI helps generate migrations, 

validate compatibility, and 

explain risk. In GenAI systems, 

schemas increasingly support 

trace storage, eval results, 

feedback loops, prompt 

versioning, and conversation 

state. 

Schema evolution becomes safer 

and more adaptive, with 

backward-compatible migration 

plans, automated anomaly 

checks, and stronger 

coordination between 

transactional data and AI 

runtime metadata stores. 

Prisma, Flyway, 

Liquibase, Atlas, AI-

assisted SQL 

API Development 

& Contract Testing 

Specs and implementations 

were often authored 

separately, and drift surfaced 

during integration or after 

release. 

Teams generate OpenAPI specs 

and contract tests, validate 

structured outputs, and mock 

APIs quickly. GenAI systems 

increasingly expose agent 

endpoints, tool contracts, and 

streaming responses that need 

clear schemas. 

Contracts govern both 

deterministic and probabilistic 

interfaces. Systems validate 

structure, safe tool invocation, 

and backward compatibility 

while versioning agent behavior 

changes more deliberately. 

Postman, Pact, 

Stoplight, Spring 

Cloud Contract, 

structured-output 

libraries 
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Task Chevron 1: PRE-AI ERA 
Chevron 2: CURRENT GENAI 

ERA 

Chevron 3: FUTURE GENAI-

NATIVE ERA 

Representative Tools 

/ Systems 

Observability & 

Instrumentation 

Instrumentation was 

inconsistent and often 

reactive. Teams lacked a 

clean view of end-to-end 

behavior. 

Modern observability includes 

code telemetry plus prompts, 

model choices, token usage, 

retrieval spans, tool calls, 

guardrail actions, and user-

visible outcomes. Tracing is 

central to GenAI debugging. 

Observability becomes 

semantically rich and policy-

aware. Teams can explain why 

the system answered, refused, 

escalated, or acted, and they can 

tie those behaviors directly to 

releases, eval drift, and business 

impact. 

OpenTelemetry, 

Datadog, Honeycomb, 

New Relic, Langfuse, 

Arize / Phoenix 

Guardrails, Human 

Oversight & Policy 

Enforcement 

Most approval and policy 

enforcement lived in 

application workflows, 

process controls, or manual 

review rather than model-

aware runtime safeguards. 

Teams add content filters, 

structured outputs, allow-lists, 

human approval steps, policy 

rules, and scoped tool 

permissions. High-impact 

actions are increasingly gated 

rather than fully automated. 

Guardrails become explicit 

product features. Systems know 

when to answer, ask, stop, 

escalate, or require approval, 

and they expose those decisions 

as testable, reviewable 

development artifacts. 

Policy engines, 

moderation / safety 

APIs, structured-

output validators, 

workflow 

orchestrators 

Feature Flags & 

Progressive 

Delivery 

Flags supported gradual 

rollouts of deterministic code 

paths. Rollback was 

coordinated manually. 

Teams now flag prompts, 

models, routing policies, 

retrieval settings, and tool 

access levels, not just 

application features. This 

enables safer experimentation 

and faster rollback of GenAI 

behavior changes. 

Progressive delivery becomes 

behavior-aware. Rollouts adapt 

by cohort, risk tier, and observed 

quality signals, while stale flags 

and abandoned experiments are 

cleaned up continuously. 

LaunchDarkly, Split, 

Unleash, Flagsmith 
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Task Chevron 1: PRE-AI ERA 
Chevron 2: CURRENT GENAI 

ERA 

Chevron 3: FUTURE GENAI-

NATIVE ERA 

Representative Tools 

/ Systems 

Code Search & 

Navigation 

Developers depended on 

grep, IDE search, and 

institutional memory to 

understand large codebases. 

Semantic search and code chat 

help engineers navigate code 

paths, dependencies, config, 

prompts, and runtime flows 

using natural language. 

Codebase understanding 

becomes conversational and 

multimodal. Agents explain how 

systems work, identify impact 

radius, and support onboarding 

with grounded examples rather 

than generic summaries. 

Sourcegraph, GitHub 

Copilot Chat, Cursor, 

repo indexes 

Collaboration & 

Pair Programming 

Pairing was human-to-

human, usually synchronous. 

Knowledge transfer 

depended on available 

experts and code reviews. 

AI pair programmers help 

engineers plan tasks, 

decompose work, and 

generate candidate changes. 

Teams increasingly collaborate 

with both human peers and 

bounded coding agents. 

Expertise scales through 

reusable agent skills, repo 

instructions, and specialized 

workflows. Human collaboration 

focuses more on judgment, 

trade-offs, and business context 

while agents absorb repetitive 

implementation toil. 

GitHub Copilot, 

Cursor, VS Code Live 

Share, agent skills / 

AGENTS.md patterns 
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3.5. Governance, Risk & Compliance (GRC) for AI-Assisted Development 

The table shows what is possible; this section keeps it safe. If the table is speed, GRC is seatbelts: provenance, policy gates, 

human ownership, and runtime controls where the stakes justify them. For 2026-era development, GRC must cover both 

AI-assisted coding and software products that contain GenAI behavior. 

• Code provenance and licensing: track not only AI-generated code, but also prompts, model endpoints, datasets, 

retrieval sources, and tool connectors. Maintain SBOM and provenance records where they materially reduce risk. 

• Privacy and data handling: define what can and cannot be sent to external models; minimize retention; mask or 

redact sensitive fields in prompts, traces, and logs; and maintain tenant and customer data boundaries. 

• Model risk management: maintain an approved model catalog, pin or control versions where appropriate, 

document routing rules, and require benchmark or eval thresholds before model changes reach broad production 

use. 

• Agent and tool risk management: scope tokens and tool permissions to least privilege; separate read from write 

actions; require explicit approval for high-impact operations such as financial, customer, or destructive changes. 

• Security and resilience: account for prompt injection, insecure output handling, data poisoning, supply-chain 

vulnerabilities, model denial of service, and cost runaway scenarios in both design and release controls. 

• Change control: require human review, replayable traces, and documented evaluation outcomes for AI-assisted 

code and GenAI behavior changes before merge or release. 

• Intellectual property and contracts: align ownership, provider terms, and customer commitments for AI-generated 

artifacts, retrieved content, and model-mediated outputs. 

• Operational accountability: AI can draft, recommend, or automate steps, but a named human owner remains 

accountable for what ships and how it behaves in production. 
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3.6. AI-Assisted Code Quality Checklist 

• Readable and maintainable: code, prompts, and configuration follow team conventions; names are meaningful; 

instructions are modular; complexity is appropriate for the task. 

• Tested and evaluated: unit and integration tests exist where applicable; GenAI features have offline or online eval 

coverage for correctness, groundedness, schema conformance, and safety-critical behaviors. 

• Secure: no hardcoded secrets; input and output handling are safe; retrieval sources are trusted; tool permissions are 

least privilege; unsafe actions require approval or are blocked. 

• Reliable: retries, timeouts, rate limits, fallback paths, and safe failure behavior are defined; unsupported answers do 

not appear as confident ones. 

• Grounded where required: claims are tied to approved sources, data, or tools when the use case demands evidence 

or traceability. 

• Observable: logs, traces, token and cost telemetry, tool-call traces, and guardrail actions are available to operators 

and reviewers. 

• Traceable: changes are linked to stories, tests, eval sets, and release notes; prompts and model configurations are 

versioned like other production assets. 

• Compliant: the solution meets architectural standards, coding guidelines, accessibility expectations, privacy rules, 

and regulatory obligations relevant to the product. 

Operational Metrics for Development Quality & Flow 

Controls only work if you watch the dials. Use a combination of flow metrics, engineering quality metrics, and GenAI-

specific operating metrics so teams can distinguish real improvement from faster rework. 

• Deployment frequency. 

• Lead time for changes. 

• Change failure rate. 
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• Mean time to recovery (MTTR). 

• Code review cycle time. 

• Test coverage, including mutation or behavioral coverage where it matters. 

• Eval pass rate by scenario or capability. 

• Hallucination or unsupported-output rate for monitored use cases. 

• Tool success rate and tool-failure rate. 

• Retrieval hit quality or grounded-answer rate. 

• P95 latency and cost per successful task or response. 

• Guardrail intervention rate and human override rate. 

• AI suggestion acceptance rate. 

• Rework or regression rate within a defined post-merge window. 

RACI & Review Checkpoints 

• R (Responsible): engineers author code, prompts, evals, integration logic, and runtime controls with AI assistance 

where appropriate. 

• A (Accountable): The Tech Lead or Engineering Manager is accountable for delivery quality; the Architect is 

accountable for design coherence, boundary decisions, and alignment to platform standards. 

• C (Consulted): Security, QA, DevOps / Platform, Data / AI Platform, Privacy, Legal, and Product are consulted based 

on risk and domain impact. 

• I (Informed): leadership, support, adjacent engineering teams, and operational stakeholders are informed where 

releases affect shared systems, user workflows, or support posture. 

• AI outputs are always reviewed by a human owner before merge. High-impact GenAI behavior changes should also 

have a named approver for release. 
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Context & Knowledge Strategy (Why Review Still Matters) 

AI assistance only works reliably when the system has the right context and the wrong context is withheld. Establish a 

governed context pipeline that includes codebase knowledge, ADRs, API schemas, coding standards, security policies, 

approved retrieval sources, incident history, golden eval cases, and operator runbooks. Pull context just in time rather than 

flooding the model with everything available. 

For GenAI-enabled products, context engineering is now part of development work. Teams should version how context is 

assembled, what tools are visible, which sources are trusted, when citations are required, and how fallback behavior works 

when support is weak. Human review still matters because even well-instrumented systems can generalize incorrectly, 

over-trust weak evidence, or behave unsafely under edge cases. 

3.7. Adoption Heatmap (Where to Bet Now) 

Start where AI is useful, bounded, and easy to measure. The fastest, safest wins usually come from tasks that are repetitive, 

reviewable, and low-risk: test generation, documentation, code search, PR summarization, dependency hygiene, semantic 

navigation, and development troubleshooting. 

Adopt GenAI evals and observability earlier than many teams instinctively do. If your product or internal platform contains 

GenAI behavior, these are not advanced extras - they are part of the minimum control surface. More autonomous write 

actions, repo-scale refactors, migration agents, and policy-sensitive tool execution should begin as pilots with explicit 

gates. 
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3.8. Table 2: Adoption Guidance 

Task 
Adoption 

Guidance 

Architecture & Design Adopt Now 

Prompt, System Instruction & Context Design Adopt Now 

Model Selection, Routing & Fallback Pilot 

Retrieval & Knowledge Grounding Adopt Now 

Tool / Function / MCP Integration Design Pilot 

Code Generation & Scaffolding Adopt Now 

Code Editing & Refactoring Adopt Now 

Debugging & Root Cause Analysis Adopt Now 

Unit, Integration & Agent Testing Adopt Now 

GenAI Evaluation & Red Teaming Adopt Now 

Code Review & Quality Assurance Adopt Now 

Documentation Adopt Now 

Dependency Management Adopt Now 

Security & Vulnerability Scanning Adopt Now 

Secrets Management Adopt Now 
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Task 
Adoption 

Guidance 

Build & Compilation Pilot 

Continuous Integration Pilot 

Local Dev Environment Setup Adopt Now 

Performance, Latency & Cost Optimization Pilot 

Database Schema & Migrations Pilot 

API Development & Contract Testing Adopt Now 

Observability & Instrumentation Adopt Now 

Guardrails, Human Oversight & Policy Enforcement Adopt Now 

Feature Flags & Progressive Delivery Pilot 

Code Search & Navigation Adopt Now 

Collaboration & Pair Programming Adopt Now 

3.9. Evidence & Cautions 

Teams consistently report faster boilerplate creation, better code search and comprehension, quicker test drafting, and 

improved triage with AI coding assistants and agentic workflows. For software systems that contain GenAI, the more 

meaningful question is not 'did coding get faster?' but 'did quality, safety, and operating confidence improve at an 

acceptable cost?' 
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Avoid generic productivity claims unless you have internal data. Measure your own before-and-after state using DORA 

metrics, eval pass rates, support signals, latency, cost, guardrail interventions, and rework. Controlled experiments and 

phased rollouts produce stronger decisions than broad assumptions. 

• Over-reliance: developers and reviewers must understand the code and behavior they ship. AI is leverage, not 

accountability. 

• Security and licensing risk: generated artifacts, retrieved content, datasets, and third-party connectors can introduce 

risk if provenance, review, and scanning are weak. 

• Prompt and context debt: rapid experimentation can create brittle instruction layers that are poorly versioned, 

poorly understood, and difficult to debug later. 

• Eval blind spots: a narrow or stale eval set can create false confidence, especially when use cases, models, or data 

sources shift. 

• Operational cost creep: token usage, retrieval depth, and tool orchestration can quietly erode unit economics if not 

monitored. 

• Access creep: as tools and connectors expand, so does blast radius. Write permissions should be earned, not 

assumed. 

3.10. Conclusion 

The development phase is no longer only about turning requirements into deterministic code. It now also includes 

shaping how GenAI-enabled behavior is instructed, grounded, evaluated, observed, and controlled. The biggest mistake 

teams can make is to treat those concerns as separate from software development rather than part of it. 

The good news is that most organizations do not need to replace their SDLC. They need to modernize the development 

phase so that prompts, context, tools, evals, guardrails, and runtime decisions are treated with the same seriousness as 

code, tests, and deployment logic. 
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Adopt where the value is immediate and measurable. Pilot where autonomy, risk, or ambiguity is high. Keep human 

ownership clear. When that balance is right, GenAI does not weaken engineering discipline - it raises the ceiling on what 

disciplined engineering teams can achieve. 
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Chapter 4: AI-Driven Deployment  

Strategies, Use Cases, Trends, and Challenges in the AI-Enabled Deployment Phase 

Authors- 

a. Naresh Dulam 

b. Archana Misra 

 

4.1. Introduction 

In modern software delivery, the deployment phase is a frequent bottleneck—introducing risk of downtime, regressions, 

and configuration drift. AI-Driven Deployment refers to the use of machine learning, statistical methods, and intelligent 

automation to orchestrate, monitor, validate, and rollback software releases with minimal human intervention. 

Deploying AI in this phase promises higher reliability, faster cycle times, and reduced manual overhead. However, realizing 

these advantages also requires overcoming data, trust, and integration challenges. This document examines how AI is 

transforming deployment, with academic rigor and strategic orientation. 

4.2. Definition and Scope of AI-Driven Deployment 

AI-Driven Deployment encompasses systems and models that: 

● Decide when, how, and what portion of a code change should be deployed (e.g. canary, blue-green, rolling). 

● Monitor deployments in real time to detect anomalous behavior or regressions. 

● Trigger automated rollbacks, pauses, or mitigation actions when deviations are detected. 
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● Predict deployment success or failure based on historical metrics, code changes, and environment data. 

● Continuously learn from past deployment outcomes to improve future deployment decisions. 

This lies at the intersection of DevOps, AIOps, and release engineering, and can integrate with CI/CD, observability, and 

incident response systems. 

 

4.3. Use Cases & Real-World Examples 

● Google / Netflix – Kayenta 

Google and Netflix co-developed Kayenta, an automated canary analysis tool that evaluates new releases on a 

small slice of traffic before full rollout. If anomalies are found, it aborts or rolls back without human intervention. 

This has enabled safer continuous deployment at scale. 

● Major Technology Firms – Intelligent Canary Rollouts 

Some organizations report ~90% reduction in user-impacting outages by using AI to evaluate canary metrics and 

automatically rollback suspect updates. 

● Predictive Deployment Risk Models 

In large enterprises, ML models have been trained on build/test metadata and past incidents to flag "risky" releases 

pre-deployment. In one case a model caught a subtle memory leak trend that human testers missed, averting a 

production outage. 

● Self-Healing Rollbacks & Automated Mitigation 

Advanced pipelines can auto-rollback a subset of services or initiate conservative fallback actions when error rates 

or latency cross dynamic thresholds. These self-healing features have reduced Mean Time To Recovery (MTTR) by 

up to 70–80% in controlled environments. 
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These examples illustrate that AI can function as an active participant—not merely advisory—in the deployment lifecycle. 

 

4.4. Key AI Components in Deployment Pipelines 

Below are core AI/ML components and techniques typically used in AI-driven deployment systems: 

Component Purpose Notes / Techniques 

Canary Analysis & 

Evaluation 

Compare metrics from new release 

(canary) vs baseline 

Statistical tests (e.g. Bayesian, hypothesis testing), 

multivariate comparisons, anomaly scoring 

Anomaly Detection Real-time detection of out-of-pattern 

behavior (errors, latency, resource 

usage) 

Isolation forests, autoencoders, time-series models 

(LSTM, ARIMA) 

Deployment Risk 

Prediction 

Estimate probability of deployment 

failure 

Supervised learning on past deployments 

(features: code churn, test failures, dependency 

changes) 

Rollback / Mitigation 

Trigger Logic 

Decide actions (pause, rollback, 

fallback) 

Rule-based policies + reinforcement learning / 

decision models 
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Reinforcement Learning 

/ Feedback Loop 

Improve deployment strategies over 

time 

RL algorithms that trial rollout strategies and learn 

reward (e.g. uptime, user impact) 

Confidence Scoring & 

Governance 

Provide human-interpretable scores 

and explainability 

Lightweight ML explainers (LIME, SHAP), 

confidence intervals, human override controls 

Faster & Smarter Testing Conduct testing exclusively on the 

portions of code that have been 

modified. 

Mutation testing to ensure modified areas are 

effectively validated,reducing redundant test 

execution. 

These components integrate with CI/CD orchestration, observability systems, configuration management, and incident 

response tools. 

 

4.5. Future Directions in AI-Automated Deployment 

● Fully Autonomous Deployment Pipelines 

Pipelines that perform deployment decisions end-to-end: from selecting deployment time, scheduling, rollout 

pacing, to rollback—all based on high-level policies and live telemetry. 

 

● Adaptive Progressive Delivery 

AI systems dynamically adjust rollout percentages based on live health signals (e.g. if performance stays stable, 
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accelerate rollout; if anomalies appear, slow or pause). 

 

● Cross-Service Dependency Awareness 

More intelligent systems will reason about cascading effects—e.g. a change in Service A may create latency in 

Service B—and roll back or coordinate across microservices. 

 

● Hybrid and Edge Deployment Orchestration 

AI that coordinates deployments across cloud, on-premise, and edge nodes—balancing latency, capacity, and fault 

tolerance in distributed topologies. 

 

● Learning from Post-Mortems 

Using incident post-mortems as training data to refine models, prevent repeat failures, and propose deployment 

guardrails. 

 

● Generative AI for Deployment Logic 

Use LLMs or domain-specialized models to generate deployment strategies or scripts (e.g. selecting rollout 

patterns) informed by historical data and real-time context. 

As deployment becomes more automated, human roles shift from execution to oversight, validation, and governance. 

 

4.6. Challenges and Mitigation Strategies 

Challenge Risk / Impact Mitigation Strategies 
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Trust & Explainability Engineers may distrust black-box 

decisions (rollback, pause) 

Use explainable AI models, confidence scores, human-

in-the-loop gates 

Data Silos & Quality Incomplete or noisy telemetry 

undermines model accuracy 

Centralize observability, ensure consistent schema, label 

historical data 

Model Drift Deployment environments and 

codebases evolve 

Continuous retraining, monitoring model performance, 

fallback to safe defaults 

Over-automation 

Risks 

AI could misjudge and rollback 

healthy releases 

Bound autonomy with policies, require human 

confirmation for high-impact actions 

Operational Cost Running real-time ML across large 

systems has resource overhead 

Use lightweight models, hierarchical detection (local + 

global), cost/benefit analysis 

Integration 

Complexity 

Plugging AI modules into legacy 

CI/CD and tooling 

Build modular connectors, adopt open standards (e.g. 

APIs, webhooks), phased rollouts 

Skill Gap Teams may lack ML/AI expertise Provide training, build hybrid DevOps + ML teams, start 

with narrow prototypes 

Successful adoption usually begins with assist mode (AI makes suggestions) before moving toward autonomous mode as 

trust and maturity grow. 
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4.7. Considerations Across Deployment Environments 

● Cloud-Native 

Rich telemetry, auto-scaling, infrastructure APIs make deployment AI easier to realize. AI modules can scale 

elastically and aggregate data across services. 

● On-Premise / Private Data Centers 

Greater control but limited elasticity. AI systems may need on-prem deployment to comply with data policies. 

Ensuring observability across legacy infrastructure is key. 

● Hybrid / Multi-Cloud 

AI must correlate across environments. Centralized AIOps platforms that aggregate data from all clouds and on-

prem resources can enable unified decision-making. 

● Edge / Distributed Nodes 

Connectivity constraints and heterogeneity demand local intelligence. Lightweight deployment agents perform 

real-time anomaly detection, while global AI orchestration coordinates rollout strategies and aggregates insights. 

In each environment, the trade-offs include latency, data locality, model size, connectivity, and governance constraints. 

Deployment AI solutions must be adapted rather than “one-size-fits-all.” 

 

4.8. Conclusion 

AI-driven deployment is rapidly maturing from research curiosity into a core competency for high-velocity organizations. 

Its ability to orchestrate rollouts, detect anomalies, auto-rollback, and learn from outcomes yields higher uptime, faster 

delivery, and more resilient services. 
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However, achieving these gains demands rigour: trustworthy models, strong data foundations, explainability, phased 

adoption, and governance. When balanced well, AI can transform deployment from a fragile manual stage into a self-

optimizing engine of continuous delivery. 
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Chapter 5: AI Tools and Platforms / Vendor Strategy 

Author- 

a. Mohan Menon 

In the rapidly evolving landscape of artificial intelligence (AI), organizations must go beyond experimentation and 

establish a clear strategy for AI tools and platforms. Success depends not only on selecting the right technologies but also 

on managing the vendors that deliver them. A fragmented approach to AI adoption creates real risks — from data privacy 

breaches and compliance failures to vendor lock-in and runaway costs. 

A well-defined AI vendor strategy provides structure for evaluation, selection, integration, and ongoing governance of AI 

tools and platforms. By adopting this disciplined approach, employees can harness AI responsibly while staying aligned with 

organizational goals and regulatory requirements. The strategy prioritizes vendor diversity to avoid overdependence, 

embeds ethical and responsible AI practices, and establishes continuous assessment to keep pace with rapid market and 

regulatory change. 

5.1. Categorizing AI Tools and Platforms 

A strategic approach begins with a clear understanding of the AI landscape and the different types of tools available. 

Companies should categorize their AI needs and match them with appropriate vendors. 

•    Generative AI Platforms: These tools create new content, including text, images, code, and video. 

Examples: Microsoft 365 Copilot for document drafting, GitHub Copilot for code completion, and internal 

applications built on private large language models (LLMs) for confidential research. 
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Vendor Strategy: The primary focus here is on data privacy and security. Companies should prioritize enterprise-

grade solutions that offer private hosting, data isolation, and clear agreements on data usage and ownership. 

•    Analytical AI Platforms: These platforms are used to analyze data, identify patterns, and generate insights. 

Examples: Predictive analytics for sales forecasting, anomaly detection for cybersecurity, and market trend analysis. 

Vendor Strategy: The key criteria are accuracy, explainability, and integration with existing data warehouses. The 

ability to audit the model’s decisions is crucial for compliance and trust. 

•    AI Automation and Optimization Tools: These are designed to automate repetitive tasks and optimize business 

processes. 

Examples: Robotic Process Automation (RPA) for automating invoice processing, intelligent document processing 

for legal reviews, and AI-powered scheduling assistants. 

Vendor Strategy: The focus is on seamless integration with legacy systems, measurable ROI, and robust security 

protocols that ensure automated processes do not introduce new vulnerabilities. 

5.2. AI Tool Selection Framework 

When evaluating AI solutions, decision-makers must balance technical capability, responsible usage, cost efficiency, and 

compliance. A structured evaluation matrix ensures tools are chosen not only for functionality, but also for their ability to 

deliver trustworthy, explainable, and sustainable AI outcomes. 

Sample Matrix Dimensions 

  1. Functionality: AI Capability & Fit for Purpose 
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·         Model Strength: What type of AI model underpins the tool (LLM, computer vision, NLP)? Is it state-of-the-art 

or outdated? 

·         Domain Relevance: Has the AI been trained or fine-tuned on data relevant to your business context? 

·         Accuracy & Reliability: How are precision, recall, and error rates measured and reported? 

·         Adaptability: Can the AI continuously learn, improve, or be fine-tuned without costly retraining? 

·         Integration: Does it offer APIs or connectors to embed seamlessly into enterprise workflows? 

 

2. User Adoption: AI Usability & Human Experience 

·         Explainability: Are outputs transparent and understandable for non-technical users? 

·         Trust & Confidence: Does the AI provide reasoning, source references, or confidence scores? 

·         Accessibility: Multi-modal interaction (text, voice, image), multilingual support, and inclusive design. 

·         Augmentation vs Automation: Does it empower employees (co-pilot style) or replace critical tasks — and 

how is that received culturally? 

·         Training & Support: Availability of AI literacy resources, prompt libraries, and sandbox environments. 

 

3. Cost-Effectiveness: AI Economics & ROI 



71 
 

·         Compute Requirements: How resource-intensive is the model (GPU/CPU cost, cloud consumption)? 

·         Licensing Model: Usage-based pricing (tokens, API calls) vs fixed licenses — and scalability over time. 

·         Operational Impact: Does it reduce repetitive cognitive work (e.g., manual analysis, data entry)? 

·         ROI Measures: Improved decision-making speed, reduction in errors, increased productivity, or new revenue 

opportunities enabled by AI. 

·         Benchmarking: Comparison with open-source or in-house AI alternatives. 

 

4. Compliance: Responsible & Ethical AI 

·         Regulatory Alignment: Adherence to GDPR, EU AI Act, NIST AI Risk Framework, and sector-specific laws 

(HIPAA, FINRA, FAA). 

·         Bias & Fairness Testing: Evidence of audits for algorithmic bias across gender, race, age, or region. 

·         Model Governance: Clear lineage of training data, versioning, and audit logs. 

·         Data Security: Encryption, anonymization, and controls to prevent leakage of sensitive data. 

·         Ethical Alignment: Conformance with organizational AI ethics guidelines (e.g., transparency, accountability, 

human oversight). 



72 
 

5.3. The Imperative of a Centralized AI Vendor Strategy 

Allowing employees to independently adopt and use public AI tools without oversight can create a fragmented and insecure 

digital ecosystem. This "shadow AI" can lead to: 

•    Data Leakage and Privacy Breaches: Confidential company data, proprietary research, or personally identifiable 

information (PII) may be entered into public, third-party AI models, where it can be used for training purposes, 

potentially exposing sensitive information. 

•    Intellectual Property (IP) Risks: The ownership of AI-generated content is a complex and evolving legal area. 

Without clear vendor agreements, a company could lose ownership of work created by employees, or worse, 

face copyright infringement claims if the AI model's training data included copyrighted material. 

•    Algorithmic Bias and Inaccuracy: Publicly available models may contain biases from their training data, leading 

to discriminatory or inaccurate outputs. Relying on these outputs for critical tasks—such as hiring, performance 

reviews, or financial analysis—can introduce significant reputational and legal risks. 

•    Lack of Integration and Scalability: Tools chosen at an individual level often do not integrate with existing 

enterprise systems, creating data silos and hindering the ability to scale AI's benefits across the organization. 

5.4. Core Principles of AI Vendor Selection 

When evaluating potential AI vendors, an organization should move beyond functionality and apply a rigorous, risk-based 

framework. The following criteria are non-negotiable for a responsible AI strategy: 

1. Security and Certifications: This is the foundational pillar. The vendor must demonstrate a commitment to protecting 

your data. 
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● Data Handling: Understand if the vendor uses your data for training their model. Enterprise-grade solutions should 

offer a "zero-retention" policy where client data is used for inference and then immediately deleted. 

● Certifications: Look for industry-standard certifications such as ISO 27001, SOC 2 Type II, and compliance with data 

protection laws like GDPR, CCPA, and HIPAA. 

● Security Architecture: Inquire about their security infrastructure, including data encryption (at rest and in transit), 

access controls, and regular security audits. 

2. Data Privacy and Ownership: Clarify who owns the inputs and outputs. 

● Input Data: The contract should explicitly state that the company retains full ownership of any data submitted to the 

model. 

● Generated Output: The agreement must confirm that the company owns the intellectual property rights to all 

content generated by the tool, including code, text, and images. 

3. Ethical AI and Bias Mitigation: A responsible vendor will have a clear and demonstrable commitment to ethical AI 

development. 

● Transparency: The vendor should be able to provide documentation on how their model was trained and what 

measures were taken to identify and mitigate biases. 

● Human-in-the-Loop: Tools should be designed to support human oversight, especially for high-stakes decisions. 

The vendor's solution should not be a "black box" but rather a collaborative tool. 

4. Scalability and Integration: The chosen solution must grow with your organization and fit into your existing technical 

landscape. 

● APIs and SDKs: Robust APIs and software development kits (SDKs) are crucial for integrating the AI platform with 

internal applications, such as CRM, ERP, and HR systems. 
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● Customization: The ability to fine-tune the model on your proprietary data allows the AI to better understand your 

company's context, voice, and internal processes. 

5. Cost and Business Model: AI platforms have complex pricing models that can impact total cost of ownership. 

● Pricing Models: Be aware of different models, including per-user licensing, per-API call or token-based pricing, and 

tiered enterprise plans. A seemingly low per-user cost can quickly escalate with high usage. 

● ROI Projections: The vendor should be able to provide a clear path to measurable return on investment (ROI), 

whether through cost reduction, increased efficiency, or new revenue streams 

6. Legal and Regulatory Compliance 

●  Patent Indemnification: Require the vendor to cover liability for IP infringement, including defense, settlements, 

and damages, to protect the customer from costly disputes. 

● AI Act Compliance (EU): Ensure contracts address EU AI Act compliance, covering high-risk system classification, 

required conformity checks, and transparency obligations like user disclosures. 

● Algorithmic Accountability: Define vendor duties for bias testing and mitigation, including fairness audits, impact 

assessments, and tools to explain model decisions. 

5.5. Implementation and Rollout Strategy 

A thoughtful vendor strategy is only effective if its implementation is managed with a clear, phased approach. 

● Centralized "Approved Tools" List: The most common and secure approach is to establish a list of approved AI 

tools. 
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Mechanism: An internal team (e.g., IT, Legal, Security, HR) evaluates and approves vendors based on the 

selection criteria. A dedicated internal portal lists these tools, provides links, and offers guidance on their appropriate 

use. 

Example: A marketing team needs an AI tool for generating ad copy. Instead of using a public tool, they are 

directed to an approved enterprise-grade solution that has been vetted for security and IP rights. 

● Decentralized "Sandbox" Model: For fostering innovation, a sandbox model can be effective. 

Mechanism: Employees are given access to a controlled, secure environment with select AI tools. The data 

within this sandbox is not sensitive or proprietary. This allows teams to experiment with new use cases and provide 

feedback for a potential broader rollout. 

Example: A data science team wants to test a new analytical AI model. They are given a sandbox environment 

with non-sensitive, dummy data to see if the tool can improve their workflow without exposing confidential 

information. 

● Hybrid Approach: Combining the two models offers a balance of security and innovation. 

Mechanism: The company provides a core set of approved, widely accessible tools (e.g., Microsoft 365 Copilot, 

enterprise-grade AI chat) for everyday tasks. Simultaneously, it maintains a structured process for employees to 

request new tools, which are then vetted and added to the approved list or a sandbox. 

5.6. Managing Vendor Relationships and Risk 

Vendor strategy is not a one-time activity; it's an ongoing process. 
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● Continuous Monitoring: Establish a framework for regularly monitoring vendor performance, security posture, and 

compliance with the agreed-upon terms. 

● Auditing: Periodically audit the use of approved tools to ensure employees are adhering to the policy. This can 

involve spot checks on data inputs and outputs. 

● Exit Strategy: The vendor contract should include a clear off-boarding process. This is crucial for data portability and 

deletion, ensuring that if you switch vendors, you can seamlessly migrate your data and that the old vendor securely 

erases your information. 

5.7. Key Takeaways 

Adopting a strategic approach to AI tools and platforms enhances organizational agility while ensuring compliance. By 

evaluating vendors rigorously, diversifying selections, and integrating risk management, employees can harness AI's 

potential responsibly. Continuous adaptation to emerging technologies, such as multimodal AI, will future proof this 

strategy. Organizations should revisit this framework annually to align with evolving regulations like the EU AI Act. 
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Chapter 6: Leveraging AI for Project and Program Management 

Author- 

Mahesh Salem 

Artificial Intelligence (AI) is reshaping program management by automating routine tasks, enhancing predictive 

capabilities, and enabling data-driven decision-making. organizations can integrate AI into program management 

practices to improve efficiency, reduce risks, and maximize value delivery throughout the project life cycle. 

6.1. Introduction 

Program management often involves managing complex, multi-project environments with high interdependencies, 

constrained resources, and dynamic stakeholder needs. Traditional tools are limited in handling this complexity. AI 

technologies—machine learning, natural language processing, and predictive analytics—can elevate program 

management from reactive oversight to proactive orchestration. 

6.2. AI Applications in Program Management 

Planning and Prioritization 

● Automated Planning: AI can analyze past projects to help build realistic project plans, suggest timelines, and 

identify key milestones. 

● Predictive Scheduling: AI forecasts timelines based on historical performance (Gartner, 2023). 

● Prioritization Models: Algorithms rank projects by ROI, strategic fit, and risk profile.  Sentiment analysis can also 

suggest which product features to prioritize based on user feedback and improve product adoption/experience. 
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● Scenario Simulations: AI enables “what-if” analyses to evaluate scope, budget, or resource adjustments. 

Resource Management 

● Intelligent Resource Allocation: Matching talent to tasks based on skills, performance, and availability. 

● Workload Balancing: Monitoring utilization and suggesting redistribution to prevent burnout. 

● Attrition Prediction: Forecasting turnover risk ensures workforce continuity (McKinsey, 2022). 

Execution and Monitoring 

● Automated Reporting: Natural language generation creates status reports for executives. 

● Risk Detection: Anomaly detection identifies delays and overruns early (PMI Pulse Report, 2023). 

● Sentiment Analysis: Gauging team and stakeholder morale through communication patterns 

Financial Control 

● Cost Forecasting: Predicting budget overruns by analyzing spend patterns. 

● Anomaly Detection: Identifying unusual invoices or transactions. 

● Funding Optimization: Suggests CapEx/OpEx allocations with highest impact. 

Stakeholder Communication 

● AI Meeting Assistants: Auto-generate agendas, notes, and action items. 

● Chatbots: Provide stakeholders 24/7 updates on project milestones. 

● Tailored Updates: Summarizing information differently for executives, sponsors, and teams. 

Strategic Portfolio Insights 

● Portfolio Analytics Identifies underperforming initiatives and emerging opportunities. 

● Leading Indicators: Predicts risks before they escalate (Forrester, 2023). 

● Knowledge Mining: Learning from past projects to improve execution. 
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6.3. Benefits of AI in Program Management 

● Efficiency Gains: Reduction of administrative overhead. Up to 30% reduction in administrative overhead 

(Accenture, 2023). 

● Predictive Power: Early identification of risks and delays. 

● Enhanced Transparency: Real-time dashboards provide decision-ready insights. 

● Improved Decisions: Data-driven prioritization and allocation improves ROI. 

● Employee Engagement: Managers focus on strategy instead of routine tasks. 

 

6.4. Implementation Roadmap 

Phase 1: Quick Wins (0–90 Days) 

● Deploy AI copilots in project management tools (e.g., MS Project, Monday.com). 

● Automate meeting notes and reporting. 

● Introduce stakeholder chatbots. 

Phase 2: Expansion (3–12 Months) 

● Roll out predictive scheduling and cost forecasting. 

● Implement anomaly detection in financial and resource workflows. 

● Apply sentiment analysis for workforce well-being. 

Phase 3: Maturity (1–3 Years) 
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● Integrate AI across portfolio management platforms. 

● Enable real-time decision-making with conversational AI. 

● Build enterprise knowledge repositories powered by AI. 

 

6.5. Risks and Considerations 

● Data Quality: AI depends on clean, consistent, and comprehensive data. 

● Change Management: Requires adoption support and cultural readiness. 

● Ethical Use: Ensure transparency and fairness in algorithms. 

● Integration: Align AI solutions with existing PM tools and systems. 

 

6.6. Future Outlook 

The convergence of AI, automation, and advanced analytics will transform program management into a strategic enabler 

of enterprise agility. Program managers will evolve into data-driven leaders, using AI not as a replacement but as an 

augmentation of human expertise. 

 

6.7. Conclusion 

AI is not a replacement for human expertise but an augmentation tool. Organizations adopting AI in program 

management today will gain competitive advantage through better foresight, efficiency, and stakeholder alignment. 
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Chapter 7: AI in SDLC: Adoption and Roadmap to Agentic DevOps 

Authors-  

a. Jayanta (Jay) Sen 

b. Chetan Alsisaria 

7.1. Executive Summary 

The software development lifecycle (SDLC) is undergoing a transformative shift with the integration of Artificial 

Intelligence (AI) and Agentic DevOps. By embedding intelligence into every stage—from requirements gathering to 

maintenance—organizations can achieve faster delivery, higher quality, and continuous innovation. This whitepaper 

provides a concise roadmap for technical leaders to harness AI and autonomous agents across the SDLC, paving the way 

for self-optimizing, adaptive software delivery pipelines. 

7.2. Why AI in SDLC (Context) 

Traditional DevOps automates workflows, but AI elevates them to a new level of autonomy and intelligence. Agentic 

DevOps introduces autonomous agents that can reason, plan, act, and collaborate across the software delivery lifecycle. 

These agents continuously learn from system feedback, orchestrate development and operations tasks, and make 

proactive decisions to improve reliability, scalability, and speed. 
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7.3. AI Roadmap Across the SDLC 

SDLC Phase AI Capabilities Human in Loop and Job 

Expectations (TBD) 

Agentic Impact 

Requirements & 

Planning 

NLP-driven requirements 

extraction, story generation, 

prioritization 

A final review for Outcome 

Alignment and Value 

Articulation 

Autonomous backlog curation 

& dependency mapping 

Architecture & 

Design 

Generative patterns, auto-

diagramming, compliance 

validation 

Check for critical dependencies Context-aware design reviews 

& security guardrails 

Development Code copilots, auto-docs, 

vulnerability scanning 

Code reviews, optimization, 

security validation 

Autonomous code review & 

quality enforcement 

Testing AI-generated test cases, 

predictive defect detection 

Check for completeness Self-improving test coverage 

Deployment AI-based CI/CD orchestration, 

canary strategy 

  Self-healing pipelines & 

rollback prediction 
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Operations Anomaly detection, 

performance optimization 

  Real-time incident response & 

remediation 

Maintenance Tech debt analytics, usage 

insights 

  Continuous improvement 

recommendations 

7.4. Agentic DevOps Architecture Layer 

At the core of Agentic DevOps is a distributed layer of intelligent agents that interact with tools, data, and humans across 

the SDLC. These agents are context-aware, collaborative, and autonomous, performing tasks such as environment 

provisioning, policy enforcement, code review, deployment orchestration, and post-release monitoring. The architecture 

typically includes layers for observation (data ingestion), reasoning (planning and optimization), action (execution), and 

collaboration (multi-agent coordination). 

7.5. Implementation Timeline & Maturity Model 

(Sample) Adopting AI in SDLC is best approached iteratively: 

 • Q1: Introduce AI copilots for coding and NLP requirement parsing 

 • Q2: Automate testing and CI/CD orchestration 

 • Q3: Implement predictive deployment, anomaly detection, and self-healing 

 • Q4: Transition to fully agentic, closed-loop delivery pipelines 

 

 Maturity evolves from automation → augmentation → autonomy, with each stage delivering compounding productivity 

and reliability benefits. 
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7.6. Business Outcomes & ROI 

Integrating AI and Agentic DevOps into SDLC delivers measurable impact: 

 • 30–50% faster release cycles 

 • 40% reduction in defects and incidents 

 • 25–35% improved developer productivity 

 • Enhanced security posture and compliance automation 

 • Continuous innovation through adaptive feedback loops 

 

 By adopting this roadmap, organizations position themselves to build, deploy, and evolve software that is not just 

automated—but truly intelligent and self-improving. 

 

 

7.7. Technical Roadmap for AI Adoption in SDLC 

1. Evaluate and Adapt Existing SDLC Frameworks 

AI integration requires revisiting traditional SDLC methodologies (Waterfall, Agile, DevOps) for AI-enabled automation and 

augmentation: 

• Introduce AI checkpoints: Embed AI model validations and performance checks as quality gates during phases 

like development and testing. 

• Expand Continuous Integration/Continuous Deployment (CI/CD): Integrate AI-driven testing, code analysis, 

and anomaly detection into CI/CD pipelines for automated quality assurance. 
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• Redefine Roles and Responsibilities: Shift from manual testing and code review towards AI-assisted oversight 

roles. Define AI model ownership, validation, and retraining responsibilities. 

• Iterate on Documentation: Modify software requirements specifications to include AI model inputs/outputs and 

constraint definitions. Expand design docs with AI decision logic and data dependencies. 

2. Upgrade Tooling Stack with AI-Native Components 

• Implement AI-enabled IDEs with code completion, bug prediction, and refactoring suggestions (e.g., GitHub Co-

pilot). 

• Integrate AI testing tools for auto-generating test suites, prioritizing test cases via risk analysis, and automating 

defect classification. 

• Employ monitoring tools with AI-powered anomaly detection, resource optimization, and deployment health 

insights. 

• Use AI-centric project management software for predictive sprint planning and risk mitigation. 

3. Organizational and People Transformation 

• Develop cross-functional AI competence: Train developers, testers, and DevOps engineers on AI principles, 

frameworks (TensorFlow, PyTorch), and relevant ML operations (MLOps) techniques. 

• Establish AI Centers of Excellence (CoE): Centralize AI expertise to govern model lifecycle, data quality, and 

reuse best practices. 

• Foster AI-human collaboration culture: Encourage teams to adopt AI as augmentation, fostering trust through 

explainability techniques (SHAP, LIME) and transparent model evaluation metrics. 

• Revamp hiring and upskilling: Recruit AI specialists, data engineers, and MLOps professionals. Upskill current 

employees focusing on AI model integration and ethical AI use. 
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7.8. AI Adoption Do’s and Don’ts in SDLC 

Do’s Don’ts 

Start with small AI pilots on non-critical SDLC 

tasks 

Do not blindly automate AI without human oversight 

Embed explainability and logging for all AI 

components 

Avoid using black-box AI models with no traceability 

Establish strict AI governance and compliance 

policies 

Don’t neglect data privacy, bias, and fairness issues 

Integrate AI pipelines seamlessly with existing 

tools 

Don’t disrupt existing workflows without gradual transitions 

Promote cross-team collaboration on AI 

adoption 

Avoid siloed AI efforts within single teams 

Continuously monitor AI model performance 

and retrain 

Don’t deploy models without continuous evaluation 
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Train staff extensively on AI technologies and 

ethics 

Do not overlook cultural resistance to AI adoption 

Leverage cloud AI platforms for scalability Avoid on-prem-only AI if scalability is limited 

Conclusion 

Transforming the SDLC with AI is both a technical and organizational challenge. It requires adapting development and 

operational processes, upgrading to AI-native tooling, and fundamentally evolving people and culture practices. Starting 

small, governing strictly, and scaling thoughtfully while balancing human and AI collaboration will create a high-velocity, 

resilient, and quality-first AI-augmented SDLC. 
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Chapter 8: The Future of SDLC in the World of AI 

Author:  

Prasad Varahabhatla 

8.1. Preface: Purpose and Scope 

Most conversations about AI in SDLC default to the same premise: take what exists and make it faster. Copilots write code 

faster. AI generates test cases faster. Pipelines deploy faster. This framing is operationally useful but structurally 

conservative. It optimizes execution within a process designed around human cognitive constraints without questioning 

whether that process still makes sense. 

This document approaches the question differently: If the software delivery process were designed from scratch with 

full knowledge of AI capabilities, what would it look like? 

 

8.2. Section 1: Why the Current SDLC Is Structured the Way It Is 

The traditional SDLC, with its sequential or iterative phases of Requirements, Design, Development, Testing, Deployment, 

and Maintenance, was not designed arbitrarily. It was designed around three hard constraints: 

Constraint 1: Human cognitive bandwidth is finite and specialized. No single person can simultaneously operate as an 

expert business analyst, systems architect, security engineer, QC specialist, and operations engineer. Phases exist to 

sequence work across specialists in a structured, manageable way. 
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Constraint 2: Defects compound downstream. The further a defect travels through the pipeline, the more expensive it 

becomes to remediate. Phase gates and structured reviews exist as checkpoints to catch errors before they propagate. 

Constraint 3: Inter-human communication requires formalized structure. Requirements documents, design 

specifications, and test plans exist primarily as communication artifacts. They are structured mechanisms for transferring 

intent between individuals and teams with minimal loss of meaning. 

AI does not operate under these constraints. It carries broad, cross-domain capability without specialization tradeoffs. It 

does not require formalized handoff documents to transfer context and can maintain and act on context natively across 

the full lifecycle. It does not accumulate fatigue or cognitive overhead when operating across multiple disciplines 

simultaneously. 

If the constraints that shaped the current SDLC no longer apply uniformly, the structure built around them becomes 

negotiable. 

 

8.3. Section 2: Three Foundational Shifts 

Shift 1: From Static Teams to Dynamic, Intent-Assembled Teams 

Current model: A Scrum team is a fixed unit, assembled semi-permanently and applied to a backlog regardless of the 

nature of the work. 

The problem: The skill composition required to build a login screen is materially different from what is required to build a 

HIPAA-compliant data pipeline or a high-frequency trading algorithm. Fixed teams handle this mismatch through 

generalization, contractor augmentation, or by absorbing skill gaps as delivery risk. All of these introduce inefficiency or 

quality compromise. 
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What AI changes: When agents can perform specialist functions on demand, security analysis, performance modeling, 

regulatory compliance validation, domain-specific logic verification, the team becomes a fluid capability configuration 

assembled per work item rather than per organizational cycle. 

A feature with deep regulatory exposure activates a compliance agent. A feature touching distributed concurrency 

activates a concurrency-analysis agent. When that work is complete, those agents deprioritize. Team composition scales 

and contracts with the nature of the work. 

Structural implication: The concept of a team evolves from a fixed roster to a managed capability surface, a set of human 

and AI competencies that are selectively activated based on work requirements. 

Shift 2: From Human Teams Using AI Tools to Hybrid Teams with Defined Role Ownership 

Current model: AI is positioned as a tool that humans operate. A developer uses a code copilot. A tester uses an AI test 

generator. The human is always the agent; AI is always the instrument. 

The problem: This model imposes an artificial ceiling on productivity and organizational design. If an AI agent can own a 

role end-to-end, synthesizing requirements, making prioritization decisions, generating and maintaining living 

documentation, then positioning a human to operate that AI rather than collaborate with it as a peer is structurally 

wasteful. The human becomes a supervisor of a process that does not require supervision at that level. 

What AI changes: Roles within a delivery team can be assigned to the entity, human or AI, best suited to own them 

accountably. The determining factor is the nature of the judgment required, not simply the tasks involved. 

An AI Product Manager that continuously synthesizes user telemetry, support tickets, competitive signals, and strategic 

objectives into a prioritized, rationale-documented backlog is occupying a role, not functioning as a feature. It reasons, 

prioritizes, and communicates decisions. A human developer who owns the architectural integrity and strategic coherence 

of a system exercises judgment that current AI cannot replicate with sufficient reliability. 
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Structural implication: Delivery teams require explicit role charters for AI agents, defining ownership scope, decision 

authority, and escalation thresholds to human accountability, rather than treating AI as an undifferentiated productivity 

layer. 

Shift 3: From Sequential Phases to Collapsed, Parallel, Continuous Delivery Streams 

Current model: Requirements, Design, Development, Test, Deploy, Maintain. Even within Agile sprints, these activities run 

as sequential steps with structured handoffs between them. 

The problem: Sequential phases introduce latency, translation loss between handoffs, and misalignment between what 

was specified and what was built. Each handoff is a point where intent degrades. 

What AI changes: Sequential phases exist because different human specialists need to process the same intent in 

sequence, each applying their domain expertise to an artifact produced by the previous stage. When a single AI-

augmented context can simultaneously hold requirements, design constraints, code quality standards, test coverage goals, 

and operational SLAs, the structural rationale for sequential handoffs is removed. 

A developer expressing intent through natural language, a prototype, or a partial specification can have that intent 

simultaneously analyzed for architectural fit, security exposure, test coverage implications, and deployment readiness. The 

activities do not disappear; they collapse into parallel, continuous streams that coexist rather than sequence. 

Structural implication: The linear pipeline becomes a continuous delivery surface where intent flows in and validated, 

deployable software flows out. Traditional phases are reimagined as concurrent analytical lenses rather than sequential 

stations. 
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8.4. The Reimagined SDLC Model 

A. Phase-by-Phase Assessment: What Survives, Merges, or Dissolves 

Current Phase Future State Rationale 

Requirements 

Gathering 
Merges with Design 

Requirements documents exist as communication artifacts between business 

stakeholders and technical teams. When AI can translate expressed intent 

directly into architectural options and working prototypes, the document 

loses its primary purpose. The activity of intent clarification persists but 

becomes embedded within the design stream rather than preceding it as a 

separate phase. 

Architecture & 

Design 

Survives; shifts to human-

led strategic judgment 

AI can generate design options, validate patterns against known constraints, 

and enforce architectural guardrails automatically. Decisions about a 

system's strategic direction, organizational fit, and long-term evolution 

require human judgment and accountability. Design work shifts from 

documentation production to decision-making and governance. 

Development 

Survives; cognitive center 

shifts from syntax to 

intent 

Authoring code as a primary activity diminishes as AI handles increasing 

proportions of implementation. The developer's role shifts to expressing 

what should be built and why, problem decomposition, systems thinking, 

and AI output evaluation, rather than line-by-line code authorship. 

Testing 

Dissolves as a separate 

phase; becomes ambient 

and continuous 

A discrete testing phase exists because verification requires specialist effort 

applied after development completes. When AI generates, executes, and 

interprets tests in real time alongside code generation, the downstream 

phase becomes structurally redundant. Testing becomes a continuous 

property of the construction stream. Human quality ownership shifts to 

coverage strategy, risk tolerance definition, and edge case governance. 

Deployment 
Becomes autonomous for 

standard cases; human-

AI-orchestrated deployment with canary analysis, rollback prediction, and 

automated traffic management eliminates most manual deployment 
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Current Phase Future State Rationale 

governed for high-risk 

cases 

decisions. Human oversight is reserved for deployments that cross defined 

regulatory, financial, or reputational risk thresholds. 

Maintenance 

Transforms from reactive 

remediation to predictive-

generative evolution 

Maintenance as a phase triggered by system failure is replaced by 

continuous AI monitoring, drift detection, and self-healing. Human 

involvement shifts to strategic evolution decisions, changes to system 

purpose, architectural rethinking, or governance updates, rather than 

routine incident response. 

 

B. The New Delivery Model: Three Continuous, Parallel Streams 

Rather than sequential phases, the future SDLC organizes around three persistent, parallel streams: 

Stream 1: Intent Articulation 

• Ownership: Human strategists supported by AI Product agents 

• Function: Business intent, user needs, and strategic constraints are continuously expressed, refined, and prioritized 

• Key distinction: Intent is a living signal that continuously feeds the construction and operations streams. It is not a 

phase-gate artifact produced once per cycle. 

Stream 2: Intelligent Construction 

• Ownership: Human developers and AI construction agents in defined collaborative roles 

• Function: Design, code generation, test validation, and security analysis occur simultaneously, driven by real-time 

intent signals from Stream 1 
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• Key distinction: The developer functions as an architect of intent and quality governance, not as the primary 

author of implementation. 

Stream 3: Live System Intelligence 

• Ownership: AI operations agents with human escalation for consequential decisions 

• Function: Deployed systems are continuously monitored, self-healed where possible, and evolved based on real-

world behavioral signals that feed back into Stream 1 

• Key distinction: The feedback loop between production behavior and future development intent becomes 

automated and near-continuous, replacing the discrete maintenance phase. 

 

C. The Reimagined Team Topology 

Minimum viable human-AI delivery team: 

Role Occupant Accountability Scope 

Systems Intent 

Owner 
Human 

Defines what is being built and why, covering strategic vision, user outcomes, and 

organizational constraints. Primary escalation point for AI agent ambiguity or 

decision boundaries. 

Construction 

Lead 
Human 

Owns architectural integrity, technical debt governance, and the quality philosophy 

applied to AI-generated output. Accountable for system coherence over time. 

AI Product Agent AI 
Maintains and evolves the prioritized backlog. Synthesizes user telemetry, market 

signals, and strategic inputs into story-level work items with documented rationale. 
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Role Occupant Accountability Scope 

AI Construction 

Agent(s) 

AI, dynamically 

configured 

Generates code, documentation, and tests. Executes security scanning. Configured 

with domain-specific parameters per work item type. 

AI Quality Agent AI 
Maintains continuous test coverage, identifies coverage gaps, executes regression 

autonomously, and flags anomalous patterns for human review. 

AI Operations 

Agent 
AI 

Monitors deployed systems, executes self-healing protocols within defined 

boundaries, and escalates novel or high-risk failure conditions to human owners. 

Roles that dissolve and the reasoning behind each: 

• Dedicated QA Engineer (execution): Test execution and coverage maintenance are subsumed by the AI Quality 

Agent. Human quality expertise migrates into the Construction Lead's accountability as a governance and strategy 

function, not a hands-on execution role. 

• Scrum Master: Sprint coordination, impediment tracking, and workflow facilitation become AI-orchestrated 

functions. The coaching dimension of the role, which addresses organizational and team behavioral dynamics, 

evolves into a broader organizational change function rather than a team-embedded role. 

• Business Analyst: The BA role exists to translate between business stakeholders and technical teams, a function of 

the communication gap between them. When AI agents maintain shared context across both domains, the 

intermediary function is no longer structurally necessary. Intent articulation is owned directly by the Systems Intent 

Owner with AI synthesis support. 
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8.5. Human Skill Implications 

Skills that depreciate in strategic value: 

• Syntax-level coding proficiency as a primary professional differentiator 

• Manual test case authorship and execution 

• Requirements documentation production 

• Deployment scripting and pipeline configuration 

• Routine incident response and log-based diagnostics 

Skills that appreciate in strategic value: 

• Systems thinking and problem decomposition: Structuring complex problems so that AI agents can act on them 

with precision and minimal ambiguity becomes the core technical competency. 

• Intent articulation: Expressing what a system should do, and the constraints it must satisfy, with sufficient clarity 

for AI to act on without requiring constant human clarification. 

• AI collaboration and orchestration: Configuring, directing, evaluating, and correcting AI agents across a delivery 

pipeline, and understanding where agent judgment is reliable and where it requires human override. 

• Judgment under uncertainty: Making consequential decisions in ambiguous situations where AI surfaces options 

but cannot carry full accountability for the outcome. 

• Cross-domain fluency: As phases collapse, narrow specialization depreciates. The ability to reason across design, 

development, security, and operations domains increases in value. 

• Ethical and governance reasoning: Defining what should be built, what constraints should govern AI agent 

behavior, and where human accountability must be preserved regardless of AI capability. 
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8.6. Acknowledged Risks 

Risk 1: Intent drift at scale When AI agents act autonomously on expressed intent over extended time horizons, small 

misalignments in the original intent can compound into significant deviations in the delivered system. Feedback loops 

between agent behavior and human review must be tight, and escalation paths must be clearly defined and operationally 

frictionless. 

Risk 2: Accountability diffusion in a hybrid human-AI team, failure attribution becomes ambiguous without explicit 

governance. When an AI Product Agent misprioritizes a feature set, or an AI Construction Agent introduces a latent 

security flaw, accountability must trace to a defined human owner. Role charters for AI agents must include failure 

accountability mapping before deployment, not retrospectively. 

Risk 3: Premature skill atrophy If human practitioners offload foundational work to AI agents before building sufficient 

oversight competency, they may lose the depth required to identify AI errors or assume manual control during agent 

failure. The transition pace must preserve human capability as a reliable backstop throughout early and intermediate 

maturity stages. 

Risk 4: Context persistence limitations AI agents operating across extended delivery cycles depend on coherent, 

persistent context. Current AI architectures have meaningful limitations here. Until context persistence matures, there will 

be coordination seams between agents where context loss produces inconsistent or conflicting outputs. Architectural 

design of agent pipelines must account for these boundaries explicitly. 
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8.7. Transition Stages 

Stage 1: Augmentation within existing structure (0 to 12 months) Introduce AI agents in assistant roles within existing 

team structures. Accumulate organizational familiarity and establish reliability baselines by domain. Make no structural 

changes to team composition or phase definitions during this period. 

Stage 2: Selective role ownership transfer (12 to 24 months) Where AI reliability is demonstrated against defined 

baselines, formally transfer role accountability, not just task execution, to AI agents. Pilot dynamic team composition on 

lower-risk workstreams. Redefine human roles explicitly around accountability domains that AI does not yet own reliably. 

Stage 3: Structural delivery model redesign (24 to 36 months) Collapse phases where evidence supports parallel stream 

operation. Implement the continuous three-stream model on appropriate workstreams. Establish governance frameworks 

for AI agent accountability, including failure attribution and escalation protocols. 

Stage 4: Self-optimizing delivery (36 or more months) The delivery pipeline operates as a managed AI system, 

continuously measuring its own performance, proposing process adaptations, and adjusting team configurations 

dynamically. Human leadership accountability shifts to strategic direction, AI governance, and organizational evolution. 

 

  



100 
 

8.8. Closing Statement 

The phases, roles, handoffs, and team structures that define current software delivery practice are solutions to human 

cognitive and communication constraints. As AI progressively removes those constraints, the structures built around them 

warrant deliberate reassessment. Organizations that treat AI as an execution accelerator within an unchanged process will 

realize incremental gains. Those that reassess the process design itself, roles, phases, team composition, and feedback 

mechanisms, will operate with a fundamentally different and more capable delivery model. 
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Chapter 9: AI in Training and Change Management 

Authors:  

Mahesh Salem  

Rajshekar Prabhakar 

9.1. Introduction 

In most software programs, the delivery team declares success at launch and leaves adoption for someone else to solve. 

That split was always inefficient. With AI in the SDLC, it becomes unnecessary. Once a release reaches users, training and 

change management are no longer peripheral activities. They are the final layer of delivery, where the organization either 

converts a shipped feature into changed behavior or absorbs the cost of low adoption, confusion, and rework. 

This matters most for non-developer users. Developers and technology leaders may define the roadmap, but frontline 

employees, operations teams, and business users determine whether a new workflow takes hold. AI changes that equation 

by making training easier to produce, easier to personalize, and easier to embed directly into the product experience. The 

practical result is not just better enablement content. It is a lower-friction path from software release to real usage. 

9.2. AI-Generated Training Assets 

Traditional training content is expensive to create and slow to update. By the time a central LMS or enablement team 

produces polished material, the product has often moved on. AI gives delivery teams a different model. A product 

manager, implementation lead, or subject-matter expert can generate short voice and video explainers using the likeness 

or narration style of a trusted team member, then refresh those assets as the application changes. For example, a release 

manager can record one walkthrough of a new expense-approval process and use AI to turn it into a two-minute narrated 

clip, a one-page quick guide, a short quiz, and a set of simple illustrations for the internal help center. 

That shift matters because most users do not need a long course. They need a two-minute explanation of the task in front 

of them. Bite-sized video, generated walkthroughs, and short written guides are far easier to consume than formal training 
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modules, especially when the material appears in response to what a user is searching for or trying to complete. A rollout 

team can turn a product demo, implementation recording, or technical walkthrough into lightweight documentation, 

quick-reference material, illustrations, and quizzes without rebuilding the asset from scratch each time. Someone 

searching for "how do I resubmit a rejected purchase request?" should get the exact clip or guide for that task, not a 

generic 40-minute onboarding course. 

This is where AI compresses effort. The point is not to create more training. The point is to make support material cheap 

enough, fast enough, and targeted enough that it can keep pace with the product. 

9.3. Personalized Enablement 

Most training programs assume every user starts from the same place. In practice, users do not. Some are upgrading from 

the previous version of the same product. Others are migrating from a competitor and bring habits shaped by a different 

interface. Others are new to the workflow entirely. A static curriculum ignores those differences and wastes time. 

AI makes a more precise model possible. Training can adapt to persona, role, and current skill level. It can assess whether a 

user needs a full introduction, a delta between the old and new process, or just a few prompts at the point of use. For an 

upgrade, the system can emphasize what changed from the prior version. For a migration, it can map familiar concepts 

from the competing product into the new environment and focus on the places where habits will break. A sales manager 

moving from one CRM to another should not see the same training as a new hire. The better approach is to show where 

pipeline stages, account views, and reporting actions now live, and skip the basics they already understand. 

This is a more important change than it may first appear. The value is not personalization for its own sake. The value is that 

training stops treating every user like a novice and starts respecting what they already know. 

9.4. In-Product Guidance and Embedded Assistance 

The strongest version of this model reduces the need for formal training in the first place. If the product can explain itself 

while the user is working, the burden shifts from pre-launch training programs to in-context guidance. Search and chat 
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interfaces, retrieval-based support, and agentic assistance can answer questions at the moment of confusion instead of 

asking users to remember what they saw in a training session two weeks earlier. 

This is where computer-use and see-and-guide patterns become relevant. An AI assistant that can observe the screen, 

recognize the current task, and guide the next action changes the economics of adoption. Instead of teaching every path 

in advance, the organization can support users inside the path they are already on. For example, if a claims processor 

stops on a new exception screen, the assistant can explain why the case was flagged, point to the next required field, and 

retrieve the matching policy note without forcing the user to leave the workflow. In some environments, persona-based 

agents may do enough of this work that traditional change-management overhead drops sharply. The organization still 

needs rollout planning and governance, but it does not need to assume that every release requires a large training event. 

That does not eliminate documentation. It changes its role. Documentation becomes a support layer behind the 

experience rather than the primary mechanism users depend on to get through it. 

9.5. Change-Management Instrumentation 

AI is equally useful after rollout because it gives leaders a clearer view of where adoption is stalling. UI and UX analytics 

can show where users hesitate, abandon tasks, or route around the intended workflow. Workflow monitoring can reveal 

which steps still require manual intervention and which automations are helping or hurting. Feedback capture can turn 

scattered complaints into patterns the delivery team can act on. If a new approval step suddenly doubles completion time 

for one region or role, the team should be able to see that within days rather than discovering it during a quarterly review. 

This turn change management into a measurable discipline rather than a reporting ritual. Instead of relying on anecdotal 

feedback from managers, teams can watch adoption happen in the product itself. They can see whether support questions 

cluster around one screen, whether a new approval flow is increasing cycle time, or whether users are reverting to old 

workarounds. AI can also help supervise the rollout by flagging exceptions, summarizing user feedback, and identifying 

where additional testing or intervention is needed. 

That feedback loop matters because adoption problems are usually design problems, process problems, or 

communication problems in disguise. AI helps expose which one the team is actually dealing with. 
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It also supports a more disciplined planning model. A low-risk change for a change-ready group, such as a small 

navigation update in an internal HR portal, may only require a lightweight adoption blueprint: one awareness message, 

one short task video, one manager note, and one reinforcement metric. A higher-impact ERP rollout is different. Finance, 

procurement, approvers, and auditors will not experience the change in the same way, so the organization should break 

the adoption plan into separate group-specific tracks instead of pretending one training plan fits everyone. 

9.6. Design Continuity as a Change-Management Lever 

Training burden does not start at rollout. It starts much earlier, in requirements gathering and design. Teams often create 

unnecessary change by redesigning familiar workflows without a compelling reason. AI can help prevent that. During 

requirements and design, teams can review previous versions of the application, identify the interaction patterns users 

already understand, and preserve the design language that still works. 

This is not an argument for copying the past blindly. It is an argument for being deliberate about familiarity. If users 

already know where to find key actions, how records are structured, or how approvals move through the system, the new 

product should not discard that muscle memory casually. The same logic applies in migration scenarios. Where 

appropriate, borrowing familiar patterns from widely used products can reduce the cognitive cost of switching. Social 

platforms and other mainstream applications have conditioned users to expect certain interaction models. Using a 

recognizable notification tray, conversational help pane, or feed-style activity history in business software can make a new 

product feel legible on first use. 

That design continuity is a form of change management. When the interface feels recognizable, the organization needs 

less explanation, less retraining, and less formal intervention to move users forward. 

9.7. Practical Tooling Patterns 

For change management and training, the most useful tools usually fall into three buckets. 



105 
 

The first bucket is change-management methodology and readiness tooling. These tools help teams plan stakeholder 

impact, readiness, communications, sponsorship, and adoption. Framework-oriented offerings such as Prosci, or similar 

methodology-led toolkits, are useful when an organization needs a structured approach to transformation rather than 

content production alone. That matters when the problem is not simply "how do we train users" but "how do we sequence 

adoption, sponsorship, manager actions, and reinforcement across a business change." 

The second bucket is the digital adoption platform. This category is often the best fit when the change is software 

adoption itself, such as a new ERP, CRM, HCM, or custom internal application. Platforms such as WalkMe, Whatfix, Apty, 

Pendo, and similar tools are designed to support in-app guidance, walkthroughs, prompts, and usage analytics so users 

learn while doing the work. The exact product matters less than the capability: embedded guidance, task support, and 

visibility into whether people are actually using the new process. 

The third bucket is the learning platform or LMS. This is the better fit when the organization needs structured courses, 

role-based learning paths, completion tracking, compliance reporting, and durable training records. Platforms such as 

Docebo, or similar enterprise learning systems, are relevant here because they combine formal learning management with 

features such as AI-assisted content creation, personalized learning paths, dashboards, and support for different learner 

populations. 

The practical selection logic is usually simple. If the organization needs a formal enterprise change framework, it should 

look at methodology-centered tools in the Prosci category or similar offerings. If the priority is helping users adopt new 

software with less resistance, it should evaluate digital adoption platforms such as WalkMe, Whatfix, Apty, Pendo, or 

comparable tools. If the priority is scalable training with tracking and AI-assisted content generation, it should evaluate 

enterprise LMS platforms such as Docebo or similar systems. 

For most organizations, the answer is not one tool. It is a combination of capabilities. A change framework, a digital 

adoption platform, and a formal learning platform serve different purposes and often work best together. In practice, 

organizations tend to combine tools like these to get three things at once: a change method, in-product support for actual 

adoption, and formal training with reporting. 
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9.8. Governance and Trust 

None of this removes the need for judgment. AI-generated training can be wrong. In-product guidance can surface the 

right idea at the wrong time. Analytics can tell a misleading story if they are read without context. The organization still 

needs human supervision, verification, and accountability for what users are being told and how they are being guided. 

That is especially important when AI is shaping behavior at scale. Training content should be reviewed. Guidance should 

be tested against real workflows. Feedback loops should exist so users can signal when assistance is confusing, incorrect, 

or incomplete. Teams should assume that AI will improve adoption only if it is monitored like any other production 

capability. 

There is also a planning risk that shows up early in many programs: teams overbuild change management before they 

understand what the change actually requires. A better approach is to start with a simple people-centered blueprint that 

asks five basic questions. How will users become aware of the change, why will they want to adopt it, what do they need 

to know, what do they need to do, and how will the behavior be reinforced? If the change stays small, that blueprint may 

be enough. If the change proves more disruptive, the team can expand the same blueprint into more specific sponsor, 

communications, manager, training, or resistance plans. 

The broader point is straightforward. AI does not make change management disappear. It changes where the work sits. 

Instead of depending on large, separate training programs after release, organizations can build adoption into the 

product, the rollout process, and the feedback loop around both. In an AI-enabled SDLC, that is a meaningful shift. It 

shortens the distance between shipping software and getting people to use it well. 

  



107 
 

Chapter 10: The Human-Centric AI SDLC: A Blueprint for 2026 

Author- 

a.  Stefan Boehmer 

 

10.1. Executive Summary 

In 2026, the Software Development Life Cycle (SDLC) has transformed into a human-centric orchestration of AI agentic 

workflows, shifting human roles from execution to strategic piloting. Engineers now focus on architecture and validation 

(up 60% of time), product managers on high-fidelity context, and QA on risk prioritization amid self-healing tests. Lean 

pods—typically 2 humans plus 3 AI agents—replace silos, supported by AI Champions managing model integrity and 

prompt engineering as core skills. 

A new 7-stage framework integrates AI for rapid builds and continuous learning, balanced by trust calibration mechanisms 

and outcome-focused metrics like Time-to-Value and Governance Integrity. Governance emphasizes human accountability 

under frameworks like the EU AI Act, bias audits, and knowledge preservation. Backed by WEF (170M new jobs created), 

Forrester, Morgan Stanley, Stanford, and Gartner (AI influencing 70% of app development), this blueprint positions AI as a 

capability multiplier, freeing humans for creative, high-impact work while ensuring ethical alignment and organizational 

trust. 

10.2. The Paradigm Shift: From Task Execution to Orchestration 

As we navigate 2026, the Software Development Life Cycle (SDLC) has evolved from a linear, manual manufacturing 

process into a dynamic orchestration of Agentic Workflows. The World Economic Forum’s Future of Jobs Report (2025) 
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identifies AI and Big Data as the fastest-growing skills, with a 17-percentage-point rise in importance over the past two 

years. 

In this new paradigm, the human is no longer the “engine” of development—they are the Pilot. AI assumes responsibility 

for repetitive and procedural work such as boilerplate generation, unit testing, and deployment monitoring, while humans 

focus on judgment, context, and ethical oversight—the dimensions machines cannot replicate. 

 

10.3. The Evolution of Roles & Skills 

The WEF projects that 44% of workers’ core skills will be disrupted by 2030. In software, that transformation is already 

mature. 

Software Engineers – The Orchestrator. 

 The “Syntax Master” is gone; the “System Thinker” has emerged. Modern engineers act as Editors-in-Chief, allocating 

roughly 60% of their time to code review, system validation, and prompt refinement rather than manual coding. 

 Key Statistic: Morgan Stanley (2025) reports that while AI reduces initial coding time by 55%, humans now spend 25% 

more time on debugging and integration to manage technical debt introduced by generative systems. 

Product Managers – The Context Provider. 

 The bottleneck has shifted from delivery to discovery. Product managers now serve as context curators, translating 

strategic goals and user needs into structured design inputs. AI can build faster than humans can ideate, making 

requirement quality the new productivity multiplier. 
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Quality Assurance – The Risk Strategist. 

 Testing is increasingly self-healing and autonomous. Quality professionals prioritize risk-based validation, supervising AI 

agents that generate synthetic test suites to simulate unpredictable user and environmental behaviors. 

 

10.4. The New AI-Infused SDLC Framework 

The Human-Centric AI SDLC differs from traditional engineering frameworks by embedding human oversight and 

algorithmic collaboration into every stage of the cycle. The process is designed for continuous learning, ethical alignment, 

and adaptive orchestration. 

This cyclical framework positions AI not as a subordinate tool but as a collaborative subsystem that accelerates outcomes 

while preserving human judgment and organizational trust. 
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10.5. Co-Evolving Team Structures: From Silos to Pods 

The legacy “handoff” model—Design → Development → QA—has given way to Lean Pods and Agentic Teams. These 

hybrid structures combine human expertise and specialized AI agents in real-time collaboration. 

The Agentic Team (2026 Standard): 

 A typical pod includes two human members supported by three AI agents focused on key domains such as security, 

documentation, and deployment. Humans orchestrate high-level direction while AI agents continuously execute 

contextual tasks within defined governance constraints. 
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The AI Champion: 

 This emerging role manages the organization’s AI operational layer, ensuring model lineage integrity, preventing drift, 

and training human counterparts in prompt fluency—now recognized by the WEF as baseline digital literacy. 

Reduced Handoffs: 

 AI-native workflows enable instantaneous translation of stakeholder needs into technical schemas, eliminating the latency 

previously introduced by manual interpretation and multi-department dependencies. 

Illustrative Example: 

 A fintech team building an auditing platform might include one human architect and one product strategist, aided by AI 

copilots focused on compliance monitoring, test automation, and data security. The result: a system that ships 45% faster 

with higher code reliability and lower governance friction. 

 

10.6. Cognitive Load & Trust Calibration 

As intelligent agents become embedded across the SDLC, the critical human competency is no longer syntax control but 

trust calibration—determining when to rely on, challenge, or override AI decisions. 

 Overtrust breeds automation bias, while undertrust wastes computational leverage. Teams must develop human-in-the-

loop governance protocols that balance autonomy with accountability. 

Three emerging mechanisms govern this balance: 

● Explainability Dashboards: Trace AI-generated code lineage and rationale. 

● Confidence Scoring: Display model certainty thresholds before merge approval. 

● Override Protocols: Codify intervention rights to maintain safety and compliance. 
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Human-AI symbiosis thrives not through blind faith, but through continuous, transparent validation. 

 

10.7. Metrics and Measurement: From Output to Outcomes 

With AI amplifying speed and automation, governance must shift toward value-based measurement. Key metrics in 2026 

include: 

● Time-to-Value (TTV): Duration between design prompt and production readiness. 

● Human Oversight Ratio: Hours of human validation per automated code segment. 

● Governance Integrity Index: Frequency and depth of compliance audits passed. 

● Outcome Alignment Score: Degree to which delivered systems achieve documented business objectives. 

● Creative Latitude: Measured by fraction of engineering hours spent on design, experimentation, and innovation 

rather than remediation. 

These metrics define success not by volume but by precision, trust, and business alignment. 

 

10.8. Organizational Governance & Ethics 

The true measure of progress lies not in automation, but in stewardship. Human-Centric AI demands new governance 

models aligned with global regulatory frameworks such as the EU AI Act (2025). 

Human agency remains non-negotiable—the core safeguard preserving the link between organizational intent and AI 

execution. 
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10.9. The Human Dividend: Rediscovering Creative Work 

The transformation of the SDLC is not a story of displacement, but of redistribution—from routine tasks to higher-order 

problem solving. Freed from procedural overhead, technical professionals reclaim time for architecture, design strategy, 

and innovative inquiry. 

 AI augments productivity, but it is human imagination that defines purpose. 

In 2026, the most progressive organizations are not those that replace people with algorithms, but those that amplify their 

people through algorithms. 

 

10.10. Summary: The Future of Labor 

The World Economic Forum (2025) anticipates the creation of 170 million new roles against 92 million displaced by 

automation. Within the SDLC, this is a story of symbiosis, not substitution. 

 The organizations thriving in this environment recognize that AI is not a cost optimizer—it is a capability multiplier, 

extending human reach into complexity, context, and creativity. 
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