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AI in the SDLC Transformation
Executive Summary
AI is reshaping the software development lifecycle, not only by increasing productivity 
but by forcing organisations to confront their ability to make decisions faster. As 
execution becomes faster and cheaper, the pressure on governance, coordination, 
funding, and operational stability increases. Many organisations see a familiar 
pattern: early gains followed by friction, rework, and a gradual loss of control. This 
is not because technology fails, but because decision-making and structures simply 
cannot keep pace. The challenge is no longer whether to adopt AI, but whether the 
organisation can decide, align, and adapt at the speed AI now enables.

This shift creates a dual dynamic. On the one hand, AI can reduce cognitive load, 
tighten feedback loops, and help us to learn and adapt faster than ever before. On 
the other, it can expose systemic weaknesses with equal speed, amplifying decision 
bottlenecks, overwhelming governance structures, and accelerating misalignment 
at scale. The difference between success and failure doesn’t lie in the technology 
itself, but in whether organisations can read the signals early and make deliberate 
decisions about where to accelerate, where to add guardrails, and where to protect 
stability.
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This paper offers a disciplined, signal-driven approach to AI-enabled 
transformation grounded in observing real work rather than assumptions. It 
provides a structured way to understand where flow breaks down, where cognitive 
load and risk increase, where decision latency dominates, and where commitment 
risk exceeds learning. Crucially, these signals are used to make clear decisions: 
where AI should be used to drive acceleration, where it needs guardrails, and what 
must be fixed before acceleration is viable.

From there, change is treated as a sequence of small, bounded, and reversible 
experiments, scaling AI capability in line with confidence, organisational readiness, 
and feedback strength. In many cases, the first win is not speed, but clarity about 
the things needed before implementation of AI, such as structured artefacts, clear 
decision ownership, aligned governance, and the ability to preserve reversibility as 
execution speeds increase.

This approach moves beyond isolated pilots and tool adoption, and moves towards 
sustainable, enterprise-ready acceleration. It is built for leaders who want to 
increase speed without sacrificing stability, ensure that expertise is amplified rather 
than over-relied upon, and evolve their delivery systems in a way that compounds 
advantage rather than risk under AI acceleration.
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A practical sequence  
for applying this approach
This is not a new framework, but a way to reason about existing systems as they  
accelerate. In practice, it follows a repeatable sequence. Organisations start by 
mapping the as-is SDLC to create a shared understanding of how work currently 
flows. 

Lenses are then applied selectively to find signals; observable patterns that show 
where flow breaks down, where decisions pile up, and where constraints shape 
behaviour. These signals are consolidated into observations that represent decision 
readiness. From there, decisions are made about where to intervene, where to 
stabilise, and what must change. Finally, these decisions are tested through small, 
bounded, and reversible experiments, using feedback to determine whether to 
scale, adapt, or reverse. This sequence is flexible, but still provides a consistent path 
from observation to deliberate change.

REVERSIBILITY

LENSES CAPTURE SIG
N

ALS
IN

TERPRET SIGNALSMAKE D
EC

IS
IO

N
S

RU
N 

EX
PERIM

ENTS



AI IN THE SDLC TRANSFORMATION
6

Framing the challenge:  
AI and the Mikado effect
Adopting AI in the software delivery lifecycle is like playing a high-stakes game of 
Mikado, a game in which players carefully remove individual sticks from a tangled 
pile without disturbing the rest. Each move to introduce AI into analysis, design, 
implementation, testing, or operations seems local, but subtly shifts tension across 
the whole system. Touch one stick, and others move, often in unexpected ways.

As execution becomes faster and cheaper, the effects of these shifts are 
more immediate. Decisions that were once buffered by friction surface earlier; 
boundaries between roles and phases blur; and latent dependencies become active 
constraints. In many organisations, the primary limitation is no longer the ability to 
build, but the ability to decide, align, and govern at the same pace.

In this environment, progress is not determined by how quickly individual moves 
can be made, but by how clearly the organisation can see where decisions sit, 
which of them are safe and reversible, and how their placement influences the flow 
of work. The challenge is not only to introduce AI, but to deliberately observe how 
it changes the system, to surface the signals it creates, and use those signals to 
inform architectural decisions that account for the full system, not just the “stick” 
being moved.

Organisations that benefit most from AI are those that reduce the cost of making 
and adapting decisions through clearer ownership, better-structured information, 
and the ability to test changes safely and iteratively. 

Cross-industry grounding

The ideas presented here have been shaped through experience across multiple 
large-scale delivery environments, including regulated financial services, 
telecommunications, and retail. 

While different industries experience different governance, funding and operational 
scale, the structural pressures created by the introduction of AI are consistent. The 
abstraction used in this paper is intentionally industry-agnostic, allowing patterns 
of constraint, feedback, and readiness to be reasoned about consistently across 
industries without being tied to a specific technology stack or organisational 
model.

https://en.wikipedia.org/wiki/Mikado_(game)
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Framing the problem space
Most organisations considering AI in the SDLC are not starting from a blank 
slate. They have established processes, roles, controls, and constraints that have 
evolved over time to manage the risk, scale, and complexity of their business. 
Transformation rarely stems from a single catastrophic failure; instead, it emerges 
from a combination of pressures that accumulate gradually.

Internally, teams observe familiar but persistent symptoms: delivery inefficiencies, 
rising coordination costs, slow or fragile decision-making, and increasing mental 
load concentrated on a small number of experienced individuals. Burnout is not 
always acute, but is present enough to raise concern, and ways of working that 
once felt effective now feel heavier and less responsive. 

In many organisations, this is compounded by transformation fatigue; the fallout of 
repeated initiatives that promised improvement but delivered limited or short-lived 
impact. Over time this creates scepticism, reduces appetite for further change, and 
reinforces reliance on familiar patterns, even when they are no longer effective. 
Under AI acceleration, this fatigue becomes more visible; not because change is 
new, but because previous limitations in decision-making, alignment, and feedback 
are exposed more quickly.
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Externally, organisations see competitors and peers experimenting with AI-
enabled delivery, shortening feedback loops, and signalling market momentum. 
For some, this creates a sense of fear of missing out (FOMO), even in the absence 
of an immediate burning fire. Others, particularly first movers, approach AI from a 
position of confidence rather than urgency; seeing an opportunity to learn faster 
than competitors, improve effectiveness and efficiency, reduce cognitive load, and 
create better ways of working for their people.

Whatever the motivation, transformation implies measurable change and the 
promise of internal and external tangible gains. Organisations observe a recurring 
pattern in successful transformation: progress tends to emerge when change 
is grounded in real friction rather than abstract ambition. This observation is 
often summarised as “start where it hurts”; however, it is better understood not 
as a reusable heuristic but as an emergent signal that becomes visible once the 
organisation closely observes how work actually happens.

This becomes critical in the context of AI. Many initiatives fail because the 
surrounding system cannot keep pace, not because of model quality or tooling 
choice. Execution accelerates, but decision-making, governance, funding cadence 
and organisational boundaries remain unchanged. As a result, the primary 
constraint shifts - not the ability to build, but the ability to decide, align, and adapt 
with the same responsiveness.
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From assumptions to signals
This paper proposes a shift away from transformation driven by assumptions to 
signal-driven change.

To be clear, signals are not metrics, maturity scores, or predefined targets. They 
are the real-world patterns that emerge when models are applied to real work. 
Some of these signals will be familiar from traditional transformations: flow friction, 
feedback latency, cognitive load concentration, and rework. AI does not eliminate 
these issues, but brings them to the surface sooner and more clearly.

Other signals become more visible or more significant under AI acceleration:

•	 Boundary collapse, where intent, design, build and 
operational concerns blur together

•	 Execution outpacing decision readiness, as artefacts are 
produced faster than alignment can be achieved

•	 Trust tension, particularly around AI-generated outputs
•	 Operational drag, where Standard Operating Procedures 

(SOPs), controls, and runbooks lag behind delivery speed
•	 Reversibility stress, where cheap execution encourages 

early commitment before sufficient learning

It is also critical to make visible where key decisions occur within the flow of work; 
how they are positioned, who owns them and how they influence the sequence and 
timing of activities.

Crucially, signals are not assumed upfront. Even heuristics such as “start where 
it hurts” are not predefined starting points, but emergent observations that only 
become visible when organisations examine how work actually happens.
The purpose of surfacing signals is not only insight, but informing decisions: where 
to intervene, where to stabilise, and what must change before acceleration is 
viable.
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Scoping the As-Is

Before any discussion of AI adoption, organisations must establish their starting 
point and scope. Most are not starting from a blank slate, but from an existing 
SDLC shaped by people, processes, controls and constraints that cannot be reset 
wholesale.

The practical question is not whether to adopt AI, but where to apply it first. 
Dividing the lifecycle into logical sections allows organisations to focus on specific 
areas of work and reason about clusters of related activities.

Once a candidate area is selected, it becomes critical to explore where AI-enabled 
changes collide with existing organisational functions; governance, key decision 
points, risk, operations, funding, and platform teams. These collisions are not 
obstacles to bypass, but signals that shape scope, sequencing and trade-offs.

Enterprise signals under AI acceleration

In regulated and large-scale environments, certain signals become particularly 
important.

Governance, risk and compliance structures often lag behind accelerated delivery. 
As AI reduces the cost of modelling and execution, teams encounter increasing 
friction in approval processes, control mechanisms, and operational readiness. The 
result is a shift in constraint: particularly the ability to make and validate decisions 
within existing governance structures.

This often manifests as decisions accumulating at specific points in the system, 
creating bottlenecks that were previously masked by slower delivery cycles.

Funding models present a similar challenge. Traditional planning cycles, often 
based on annual investment decisions, struggle to adapt to the uncertainty and 
pace introduced by AI. As a result, funding becomes a decision bottleneck, limiting 
the ability to experiment, learn, and adapt.

These signals are not failures of AI itself, but reflections of the surrounding system’s 
inability to adapt at the same speed.
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These constraints are not separate issues or concerns - together, they determine 
how easily your organisation can change direction. Governance defines how 
decisions can be challenged or undone, risk frameworks shape what is considered 
safe to experiment with, platforms determine how easily change can be deployed 
and rolled back, and funding models influence whether work can be adjusted 
without a large upfront commitment. As AI makes work faster and cheaper, the 
ability to reverse or adapt decisions becomes critical in maintaining control. If the 
ability to reverse decisions is weak, acceleration will increase risk. If reversibility 
is strong, acceleration becomes a powerful advantage, allowing organisations to 
grow safely and consistently. 

Where to start

Organisations are most successful when they start in areas where knowledge 
already exists but is costly to access, interpret, or apply. This typically means 
activities where significant effort is spent preparing decisions: gathering 
information, reconciling constraints and understanding context.

Conversely, areas with unclear ownership, weak structure, or fragmented artefacts 
are poor candidates. AI will surface these weaknesses quickly, but cannot 
compensate for them. In such cases, the first outcome is not acceleration, but 
the identification of prerequisites, such as structured data, clear ownership, and 
aligned governance.
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Scoping the as-is before applying lenses
Before discussing AI adoption, organisations must establish a clear view of the 
as-is SDLC. This is the foundation for everything that follows - you can’t interpret 
signals if you don’t know where they’re coming from. The goal isn’t a perfect, 
exhaustive process description but rather a shared, observable understanding of 
how work actually flows today. 

At a minimum, this as-is view should capture known pain points, key activities 
and decision events, and the characteristics that emerge naturally when modelling 
real work. The ‘clock’ matters here: you must track lead time, execution time and 
waiting time between activities. Without this temporal grounding, later analysis 
could become abstract, opinion-driven, or disconnected from lived experience.

Once a candidate area is identified, it is critical to explore where changes 
introduced by AI would collide with existing organisational functions, such 
as governance, risk, compliance, operations, funding, or platforms. These points 
of friction are not obstacles to be bypassed. They are signals that inform scope, 
sequencing, and trade-offs, and often determine whether progress can be made 
safely and sustainably.
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Models as lenses for observing the as-is
Signals don’t just appear - they need to be looked for. This approach does not 
treat existing models as prescriptions or target states, but as lenses or ways of 
examining the as-is SDLC to identify specific, observable signals. Each lens is 
selected for what it helps reveal, allowing organisations to explore the complexity 
of the system without oversimplification or rushing to a solution.

While each lens reveals different aspects of the system, they all help organisations 
to understand how decisions are positioned, made, and propagated through the 
flow of work.

We use established models like EventStorming and Team Topologies because 
they offer a shared language and faster alignment. However, they should be used 
selectively - EventStorming should not be used to model an entire domain, but to 
look for specific events, decision points and how they work over time. 

This gives us a shared, observable map of how the system works today including 
actions, triggers and choices. Once the map is in place, lenses are applied that let 
us look at the same system from different angles, without starting from scratch 
every time.

Team Topologies is used explicitly as a lens to understand how people work and 
interact, and to show where teams are blocked by dependencies, how cognitive 
load accumulates, and how work flows across team boundaries.

Where necessary, these models are augmented. For example, Team Topologies 
is extended to make AI-mediated interactions visible. It shows how AI alters 
collaboration patterns, redistributes cognitive load, and changes the nature of 
dependencies - without losing sight of  human accountability. Additional lenses 
are introduced only when signals justify them, particularly to surface AI-specific 
dynamics.

Lenses are applied one at a time, rather than all at once. Initial lenses show where 
the system is under strain while subsequent lenses are chosen based on what is 
observed. This prevents overwhelm and ensures that attention is focused on signals 
that matter, rather than on the models.
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Observations
The real test is not just whether the architecture is ready. It’s about understanding 
the full system of constraints that help (or hinder) fast flow at the speed AI makes 
possible. A well-oiled organisation is not fast because of one good design choice, 
it is fast because its structures, funding model, governance posture, platform 
capabilities, incentives, and feedback loops are all aligned. 

Applying enough lenses allows the organisation to see problems as a connected 
system of signals. These signals are not an end in themselves - they provide the 
basis for deciding where intervention is warranted, where stability should be 
preserved, and what must change before acceleration is viable.

Too few lenses leave blind spots hidden: hidden dependencies, approval 
bottlenecks, risk thresholds, or operational limits that only become clear after 
momentum has been committed. By then, funding cycles and organisational inertia 
can stall what should have been a reversible experiment. 

The craft lies in recognising when observed signals form a stable and coherent 
pattern, where additional lenses do not materially change the understanding of 
where decisions are constrained, and where further analysis is unlikely to influence 
action.
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Lenses and signals: what each lens reveals
To explore an organisation’s problem space under AI acceleration, observation 
must be deliberate rather than exhaustive. It is not necessary to look at everything 
- only to look at the right things. 

By applying lenses to the as-is SDLC, the best lenses can be identified - no single 
lens offers a complete view, but used together in the right sequence, lenses allow 
organisations to understand where change may be warranted and where stability 
should be preserved. While each lens reveals different aspects of the system, they 
ultimately work together towards a common goal: understanding how decisions are 
positioned, made, and propagated through the flow of work.

Lenses provide that focus. Each lens offers a structured way to examine the as-
is SDLC from a specific angle: interaction, flow, decision-making, cognition, or 
governance. It allows meaningful signals to be seen without overwhelming the 
organisation with noise. Signals are not assumptions or metrics in isolation; they 
are observable patterns revealed when lenses are applied to real work as it is 
performed today. Together, lenses and signals shift problem exploration from 
opinion and intuition toward shared, evidence-based understanding, enabling 
informed, reversible decisions to be made before any solution is proposed.
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I. Structural flow and work design

I4M lifecycle cohesion lens

I4M is an abstraction we developed to reason about software delivery lifecycles 
consistently across different industries, organisational models and technology 
stacks. It does not rely on process-specific terminology. Rather, it classifies 
observable work according to dominant intent: Imagine (intent-setting and 
framing), Model (sense-making and shaping), Make (execution and artefact 
production), Move (release and transition into live environments), and Maintain 
(operation, monitoring, and learning). These modes are not phases or teams; they 
represent the purpose of the work being performed. By mapping real lifecycle 
events into these five modes, organisations can step back from local terminology 
and examine how work actually flows from intent through learning.

The I4M Lifecycle Cohesion Lens uses this abstraction to understand whether 
work progresses coherently or whether execution compensates for unresolved 
thinking. It reveals patterns such as premature building, late modelling, weak 
feedback into future intent, or repeated backflow between modes. Under AI 
acceleration, the imbalance across these modes can actually be amplified. When 
AI disproportionately reduces the cost of modelling and execution, incoherent 
lifecycles can accumulate rework, decision debt, and structural instability faster. 
I4M provides a neutral, cross-industry method to assess whether acceleration will 
strengthen or destabilise flow.

We do not prescribe specific application architecture patterns or system design 
approaches. However, AI-enabled acceleration increases pressure on architectural 
cohesion, contract discipline, modularity and observability. This means that a 
tightly coupled or fragile system will be affected by acceleration very differently 
when compared to a modular, well-bounded approach. While detailed architectural 
redesign sits outside the scope of this SDLC-focused work, architectural “smells” 
may surface as pain points, particularly in terms of the Make mode of the I4M 
as-is lifecycle. When execution repeatedly compensates for hidden coupling, 
unstable interfaces, or weak boundaries, those signals become visible through the 
lenses. The framework, therefore, does not ignore design; it exposes when design 
characteristics are acting as structural constraints, even if redesign decisions are 
addressed elsewhere.
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Jobs to Be Done bottleneck lens

Use this lens when something feels slow, but you can’t explain why. It reveals 
hidden work, delays, and coordination overhead that lie beneath the surface.

This lens zooms into selected lifecycle events and decomposes them into the actual 
jobs people do, revealing hidden queues, handoffs, clarification loops and cognitive 
friction. It distinguishes between domain-inherent complexity and avoidable delay, 
transforming vague inefficiency into explicit candidates for removal, automation, 
augmentation or preservation.

Domain coverage lens

Use this lens when a task feels simple, but involves too many teams or domains. It 
reveals hidden coupling and unclear ownership driving coordination overhead.

Applied at the job level, this lens maps how many business and technical domains 
a single job spans and where the effort involved in this coordination outweighs 
its value. It also surfaces structural coupling and ambiguous ownership, helping 
to distinguish true domain complexity from a simple boundary misalignment - 
something that AI cannot solve locally.

Team Topologies lens

Use this lens when progress slows down at team boundaries. It reveals 
dependencies, coordination overhead, and where collaboration becomes the real 
bottleneck.

This lens examines how, in practice, work flows across teams (and people), 
revealing dependency chains, escalation paths, cognitive load concentration, 
and interaction stress. Under acceleration, local productivity gains can increase 
coordination overhead; this lens ensures collaboration structures scale sustainably 
rather than becoming the dominant constraint.
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II. Cognition and information integrity

Cognitive load lens

Use this lens when work feels mentally exhausting, even when the problem isn’t 
complex. It reveals whether effort is spent on solving the domain or on navigating 
friction, overload, and decision fatigue.

This lens is grounded in real jobs rather than roles. It evaluates whether mental 
effort is spent solving domain problems or navigating structural friction. By 
distinguishing intrinsic and extraneous cognitive load, it reveals where AI can 
reduce strain and where acceleration risks amplify overload or decision fatigue.

Information integrity lens

Use this lens when teams disagree on what’s true or rely on “who knows” rather 
than “what’s known”. It exposes inconsistent artefacts, weak sources of truth, and 
information that AI will amplify rather than fix.

This lens assesses the coherence, traceability, and reliability of the information 
substrate underpinning delivery work. It surfaces contradictory artefacts, tribal 
knowledge dependencies, and weak sources of truth. Because AI amplifies the 
quality of its inputs, this lens determines whether acceleration will reinforce clarity 
or magnify confusion.
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III. Feedback, evidence, and observability

Feedback absence lens

Use this lens when work gets done, but nothing seems to improve. It reveals 
missing or broken feedback loops where outcomes fail to inform future decisions.

This lens evaluates whether completed work produces measurable learning and 
whether that learning influences upstream decisions. It surfaces broken or absent 
feedback loops where work completes without improving future outcomes. Under 
acceleration, throughput without feedback becomes faster repetition rather than 
adaptive progress.

Mining (process and data evidence) lens

Use this lens when explanations don’t match what actually happens. It exposes 
gaps between perceived and observed behaviour, and where decisions lack 
supporting evidence.

This lens distinguishes between observable operational evidence and narrative 
explanation at both event and job level. It validates or challenges perceived 
bottlenecks using measurable data and exposes visibility gaps where work 
leaves no trace. AI-driven optimisation depends on evidence quality. Without it, 
automation risks reinforcing blind spots.
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IV. Governance, economics, and control

Decision and governance lens

Use this lens when progress slows around approvals or risk decisions. It reveals 
decision bottlenecks, unclear authority, and governance that cannot keep pace 
with delivery.

This lens examines how judgement, approval, and risk ownership function in 
practice, revealing decision latency, escalation loops, ambiguous authority, and 
governance-induced rework. As AI reduces execution cost faster than decision 
cost, this lens ensures control mechanisms scale with delivery cadence rather than 
becoming structural brakes.

Financial and investment lens

Use this lens when work is delayed by funding rather than complexity. It exposes 
how investment cycles, incentives, and cost structures shape and constrain delivery 
flow.

This lens explores how funding models, prioritisation cycles, and economic 
incentives shape delivery behaviour. It surfaces batching driven by investment 
cadence, stalled work despite low technical complexity, and misalignment between 
cost of delay and funding structures. Acceleration without economic alignment 
produces local optimisation but systemic stagnation.
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V. Acceleration risk and systemic stability

Reversibility and commitment lens

Use this lens when decisions feel hard to undo, or progress locks you in too early. It 
reveals where commitment outpaces learning and where reversal cost becomes the 
real risk.

This lens examines where decisions increase structural lock-in faster than learning 
accumulates. By mapping reversal cost relative to execution cost, it reveals 
premature convergence, vendor lock-in, large-scale automation before validation, 
and funding-driven commitment. Under acceleration, cheap production can lead to 
expensive regret unless reversibility is deliberately designed.

Platform and infrastructure readiness lens

Use this lens when delivery accelerates, but deployment or operations cannot 
keep up. It exposes how fragile infrastructure shifts the constraint from building to 
running.

This lens assesses whether the technical substrate, pipelines, environments, 
contracts, observability and integration stability can sustain accelerated change. 
AI reduces thinking-to-code friction; if deployment, integration, or runtime 
systems remain fragile, constraint shifts downward, and operational drag absorbs 
productivity gains.
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Choosing the right lenses
A common concern is that the number of lenses introduces unnecessary complexity. 
In practice, the goal is not to apply all lenses, but to select the next lens that 
reduces uncertainty around a specific decision.

Lenses are chosen in response to observed signals. For example, if decisions are 
taking too long to reach, the governance lens would be a good fit. If teams are 
spending more time talking than doing, Team Topologies or Domain Coverage 
might identify the issue. If work is becoming messy or inconsistent, the information 
integrity lens should be a priority, but if the concern is about risks that don’t deliver 
learning, then the reversibility lens makes more sense. 

Certain lenses are particularly useful early in the process. I4M helps establish a 
shared understanding of how work is distributed across the lifecycle, while JTBD 
exposes the real jobs and friction within selected events, and Team Topologies 
shows how work flows across teams, and where dependencies accumulate. These 
lenses provide an initial structural view of the system, allowing subsequent analysis 
to be grounded in observable reality.

The discipline lies in knowing when to apply another lens and when to stop. If 
an organisation uses too few lenses, it could rush into solution design before 
fully understanding the problem. Too many lenses, and there is a risk of analysis 
fatigue. The goal is a proportional diagnosis that provides sufficient clarity to make 
informed, reversible decisions, without mistaking analytical coverage for progress.
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From diagnosis to deliberate change
The purpose of exploring the problem space is not to slow momentum, but to 
prevent misdirection. Applying lenses to the as-is and surfacing structural signals 
such as lifecycle imbalance, job-level friction, interaction stress, decision latency 
and commitment asymmetry allows the organisation to replace assumptions with 
visibility.

However, lenses are only part of the journey. The transition begins when signals 
are consolidated into observations that are true enough to act on. Observations 
represent a point of decision readiness. Where patterns repeat, constraints are 
understood, blind spots are named, and assumptions are made explicit. At this 
point, the organisation is no longer exploring possibilities, but deciding where 
intervention is justified and where stability should be preserved.

This is how change becomes concentrated and not scattered. A system that 
understands its constraints can make smaller, safer decisions with confidence. A 
system that does not will encounter those constraints only after commitment, when 
reversal is costly, and momentum becomes difficult to redirect. Clarity does not 
delay acceleration; it makes acceleration intentional.
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Moving into the solution space shouldn’t be about grabbing the latest tools or use 
cases. It should be a disciplined step of taking everything we’ve observed and deciding 
where to move within our real-world limits. AI should be introduced deliberately, where 
friction is highest, where we can prove it will be effective, and where our budgets and 
available tools can handle the acceleration it brings. We aren’t automating everything - 
we’re making targeted moves while keeping our options open. 

When our speed matches our understanding of the system, we can make safe, steady 
progress. But if we move faster than our structures (funding, governance etc) allow, 
then chaos ensues. Our lenses show where pressure is building, while observations put 
a name to those pressures so that we can address them. The next step is to pick the 
‘mikado stick’  that matters most, move it carefully, and check the system is stable and 
performing normally before anything else is disturbed. 

From Insight to Impact: AI-Enabled SDLC Transformation
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Solution space: from signals to options
Once we have fully explored the problem and signals have been identified, focus 
shifts from observation to decision-making. Options do not emerge in isolation; 
they are built through the insights we’ve gained by observing signals in  the as-is 
SDLC.

These options are not recommendations. They are bounded possibilities that make 
trade-offs explicit, allowing organisations to understand where intervention is 
justified, where stability should be preserved, and how change can be introduced 
safely. The goal is not to prescribe a single path, but to support deliberate decision-
making under uncertainty.

Signals surfaced in the problem space often suggest where organisations are not 
yet prepared to act. Gaps may exist in AI capability, skills, interaction patterns, 
organisational structures, funding models or governance readiness. In this way, the 
solution space acts as a readiness map, revealing: 

•	 Which options are not viable 
•	 Which require targeted investment 
•	 Which should be deferred, despite the apparent appeal 

To structure this exploration, complementary models such as AI-augmented 
Team Topologies and AI tooling confidence are applied. These models do 
not provide solutions; rather they give  perspectives for shaping and evaluating 
options, surfacing readiness constraints and trade-offs. They enable the deliberate 
sequencing of decisions, rather than premature commitment to large-scale change.
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AI tooling lens  
(Confidence, readiness, and reversibility)
Rather than just looking at which tool to buy, the AI tooling lens helps organisations 
decide how to introduce AI in relation to confidence, accountability and 
reversibility. We do this by breaking our options into three key areas:

•	 Treating tools as hypotheses: Each application is treated as a 
test, and signals from the real world are used to determine if a tool 
is solving a problem or just adding noise 

•	 Proven vs. experimental: We explicitly categorise every use case 
as either 
   •  Proven: We understand the limits, the risks, and exactly     	
       how it behaves 
   •  Experimental: We acknowledge uncertainty and   
       prioritise learning over  immediate “production” speed 

•	 Checking for readiness: This distinction forces us to ask if the 
organisation actually has the skills to run this, are there rollback 
paths, and is the budget able to handle the increased speed?

AI capability should deepen in proportion to confidence. Initial experiments 
may rely on prompt engineering and retrieval-augmented generation using 
general-purpose models. As patterns stabilise and value becomes measurable, 
organisations may consider fine-tuning or domain-specific models. Each step 
increases investment, coupling, and lock-in. The choice is not technical alone; it 
reflects readiness, reversibility, and economic alignment. Escalation should follow 
proven leverage, not enthusiasm.

The lens highlights the structural gaps created when technology is adopted 
faster than an organisation can adapt. Specifically, it identifies four critical risks: 
knowledge gaps, where tool adoption outpaces operational understanding, 
misplaced trust, where organisations rely on unproven AI models for business 
critical tasks, the ‘black box’ effect where AI outputs obscure human accountability, 
and premature lock-in, where long-term decisions are made before confidence is 
established. 

Without this discipline, organisations risk accelerating beyond their ability to 
govern, creating opaque systems that move quickly but erode trust, control, and 
long-term sustainability.
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Team Topologies + AI options
The AI-augmented Team Topologies model builds on existing team structures - 
rather than creating new teams, it explores how current teams are impacted by 
AI-enabled tools. It specifies the skills required (including AI literacy and oversight 
capabilities), the supporting tools, and the interaction modes that blend traditional 
collaboration with AI-enhanced workflows. Stream-aligned teams may use AI to 
speed up preparation, exploration, and synthesis, while enabling teams may use 
repeatable AI practices and knowledge transfer. Complicated-subsystem teams 
may reduce cognitive load without giving up accountability. At the same time, it 
informs how value streams and platform groups will change their services, either 
by introducing AI into workflows or by offering AI-native services. The change in 
dynamics driven by AI is seen at every level. 

These changes are intentionally scoped, time-bound, and reversible, allowing 
interaction models to evolve without locking in too early. The model reveals 
readiness constraints such as gaps in skills, capacity, incentives, or ownership 
clarity, and highlights where AI adoption may outpace governance or 
understanding. Ignoring this lens risks defaulting to organisational redesign or tool-
led change when targeted, readiness-aware interaction adjustments would have 
sufficed. Instead of asking “what should we implement?”, organisations are able to 
ask “what are we ready to operate safely today, and what must we strengthen to 
go further?”, ensuring that AI adoption is governed by preparedness and learning 
rather than urgency or hype.

Validation and signal redistribution under acceleration

As AI increases the speed and volume of modelling and execution within stream-
aligned teams, the balance between development throughput and operational 
stability shifts. Faster change does not automatically reduce errors; it actually 
increases risk. If the level of manual checking upstream decreases, whether due 
to confidence in automation or due to pressure to match the AI’s speed, then 
operational signal quality must increase proportionally. The question becomes not 
whether validation exists, but where it resides and how quickly it feeds back into 
future work.
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Within an AI-augmented Team Topologies configuration, this requires deliberate 
rejigging of responsibilities. Stream-aligned teams must own not only delivery, 
but the interpretation of runtime signals. Platform teams may need to strengthen 
observability, logging standards, and telemetry pipelines so that signals are timely, 
attributable, and actionable. Complicated-subsystem teams may define validation 
contracts or guardrails that prevent instability from spreading. Enabling teams 
may create standardised  AI usage patterns that reduce cognitive load without 
obscuring accountability. Crucially, the interaction between these teams must 
support short, reliable feedback cycles. Acceleration without reliable data leads 
to increasing instability; acceleration paired with strong feedback loops allows 
error rate and value to remain aligned. The objective is not to validate less, but to 
validate differently by moving from manual gatekeeping to observable, traceable, 
and learnable operational evidence that deliberately informs the next iteration.

AI capability placement

As AI capability matures, organisations must decide where expertise resides. Some 
may initially centralise AI knowledge within a Centre of Excellence to manage risk, 
establish standards and accelerate learning. Others may embed capability directly 
within stream-aligned teams to maximise domain proximity and autonomy. In 
practice, both patterns often coexist during transition. The appropriate balance 
depends on maturity, reversibility constraints, and the speed at which governance 
and operational readiness can scale.
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From observation to hypotheses and 
experiments
Observations drawn from the lenses bridge the gap between understanding and 
action. The signals gathered in the problem space help identify which “Mikado 
stick” is under the most structural tension and whether that tension lies in team 
interaction, governance, cognitive load, platform constraint, or feedback. That 
selection is informed not only by pressure revealed in the observations, but also 
by the organisation’s AI capability maturity and the feasible Team Topologies 
configurations available, for example, whether platform capabilities can be 
strengthened, enabling patterns introduced, or complicated subsystems stabilised 
before broader change. From there, actions are presented as hypotheses: targeted, 
bounded experiments designed to test assumptions about leverage, risk, and 
readiness. 

Tooling is secondary to learning; AI is introduced deliberately, using proven 
capabilities where confidence exists, and exploratory techniques where maturity 
allows. Crucially, the chosen Team Topologies configuration must be designed 
to support short feedback cycles, ensuring experiments generate observable 
signals that inform the next move. The goal is not to prove that AI “works,” but to 
understand where it strengthens flow, where it introduces new constraints, and how 
the system must adapt before acceleration is scaled further.
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Prerequisites before intervention
Not every hypothesis surfaced in the solution space is immediately suitable for 
use. In many cases, the observations and selected Mikado stick reveal prerequisite 
work that must be undertaken before meaningful experimentation can begin. This 
groundwork creates the right enabling conditions and shouldn’t be seen as a delay. 
It may relate to strengthening information integrity, clarifying decision ownership, 
stabilising platform capabilities, improving observability, addressing skills gaps, 
or tightening feedback loops. Attempting to introduce AI-enabled change without 
these foundations risks amplifying existing instability rather than resolving it. The 
solution space, therefore, includes not only experiments, but preparation.

This preparation can be understood in terms of what the organisation must Start, 
Stop, and Change or Invest in. It may need to start measuring signals that were 
previously invisible, start developing AI literacy and oversight, or start formalising 
feedback loops that connect operations back to intent. It may need to stop large-
batch commitments that outpace learning, stop treating experimental tooling as 
production-critical before confidence is established, or stop deferring decision 
clarity to escalation. 

It may be necessary to change funding cadence to support smaller, reversible 
increments, change team interaction patterns to reduce coordination drag, 
or invest in platform stability, observability, and governance maturity. These 
prerequisites are themselves deliberate moves, such as small adjustments that 
create the conditions for AI-enabled experiments to be safe, observable, and 
economically coherent. Only once these enabling shifts are underway does a 
solution-space hypothesis become both credible and sustainable.
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Why this matters strategically

AI is not simply a change in tools - it is a structural force that speeds up everything 
an organisation does. Treating AI as a short-term productivity boost will result in 
uneven gains followed by significant friction. To gain true competitive advantage 
from AI, organisations should treat it as a transformation of their entire system. 

By grounding AI in observable signals, disciplined reversibility and readiness-
aware experimentation, leaders gain the ability to scale AI with confidence across 
domains, rather than restricting it to small, isolated pilot projects. This doesn’t 
mean moving slower, but adopting a pace that is sustainable, with fewer costly 
mistakes. The result is clearer investment decisions, more resilient delivery systems 
and a better narrative for the board. 

In competitive environments, speed without a coherent plan is fragile; speed with 
coherence is unbeatable. 

When the right Mikado stick is selected based on observed structural pressure, 
its removal is tested deliberately, with AI introduced responsibly and within clear 
feedback boundaries. The resulting signals determine whether to pivot, reinforce 
the change, or to move confidently to the next stick by ensuring momentum is built 
on learning rather than through unmanaged risk.

Research and practice feedback loop

This framework is not intended to be a static model. It has evolved through 
repeated application, observation, and refinement in multiple, real delivery 
environments. Each engagement reveals new signals, tests assumptions under 
operational pressure, and generates artefacts that sharpen our approach. Those 
learnings are consolidated, validated, and fed back into subsequent applications. 
In this way, the model itself follows the same discipline it advocates: observe, 
hypothesise, experiment, learn, and iterate. It is intended as a living transformation 
discipline rather than a fixed prescription.
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What this approach forces you to decide
Applied rigorously, this approach does not optimise delivery mechanics or validate 
AI tooling choices; it reveals how decision making holds up under pressure. It forces 
the organisation to confront whether its current governance, funding cadence, and 
accountability structures can keep pace with AI-enabled execution, or are they 
holding the organisation back?. 

The approach shines a light on areas where  cognitive load and risk are 
concentrated, whether expertise is being amplified or quietly over-relied upon, and 
whether reversibility still exists once execution becomes cheap and fast. 

Most importantly, it demands explicit decisions about where AI should be allowed 
to accelerate work, where it must be constrained, and where stability must be 
actively preserved. Once the signals are clear and have been observed, these 
decisions cannot be deferred.
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