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Beyond the Pilot: Why Most Enterprise
AI Strategies Are Solving the Wrong
Problem

How data engineering discipline, agentic governance, and measurable ROI — not
more pilots — determine which AI initiatives actually reach production.

By Nihar Patnaik, Founder, Valtree Solutions

Executive Summary

Enterprise AI has a production problem, not an ambition problem. According to Deloitte's State of AI in

the Enterprise report (January 2026, n=3,235 leaders), only 25% of organizations have moved 40% or

more of their AI experiments into production, while 84% haven't redesigned a single job around AI's

actual capabilities. Most companies aren't short on pilots — they're short on a coherent strategy for

choosing which pilots deserve to exist, the governance to run them safely once they touch real data and

real customers, and the measurement discipline to prove they're working. This paper argues that

enterprise AI success comes down to three underlying capabilities — data engineering, disciplined

AI/agent build, and rigorous analytics and reporting — layered under a governance model built for

autonomous systems, not last decade's software. We close with concrete next steps for leadership teams

ready to move past pilot fatigue.

1. The Production Gap Is a Strategy Failure, Not a Technology
Failure

The dominant narrative about enterprise AI is that the technology isn't ready. The data says otherwise.

Deloitte's State of AI in the Enterprise report found that 34% of companies now describe AI as "deeply

transforming" their business, while a nearly equal 37% remain stuck at the surface — running AI tools

without meaningfully changing a process. Both groups have access to essentially the same models. The

difference isn't technical capability; it's whether the organization built a strategy that connects individual

AI initiatives to a coherent plan.

A healthcare AI leader interviewed for that same report captured the failure mode precisely: "If there is no

coherent AI strategy in organizations, you are likely to see pilot fatigue... executing a hundred pilots just

leads to poor results and failed value creation." We see this pattern constantly. A company runs a dozen
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simultaneous pilots — a chatbot here, a forecasting model there, an agent workflow somewhere else —

each with its own team, its own vendor, its own success metric, and no shared thread connecting any of it

to the business's actual priorities. Eighteen months later, leadership can point to a lot of activity and very

little compounding value.

This is why 54% of organizations expect to clear the 40%-production threshold within the next three to six

months, per Deloitte — not because the technology suddenly matured, but because the organizations

paying attention are consolidating around a smaller number of well-chosen initiatives instead of

spreading resources across a hundred disconnected experiments. Strategy, in other words, is the actual

bottleneck, and it's a solvable one.

There's a second, quieter gap sitting underneath the production numbers: even companies that

successfully move a model into production often don't change how work gets done around it. Deloitte

found that 84% of companies have not redesigned jobs to reflect AI's capabilities. A forecasting model

that runs correctly but still feeds into a process built for a human analyst's weekly cadence isn't

transforming anything — it's an expensive dashboard. Strategy has to extend past model deployment

into operating-model redesign, or the production number becomes a vanity metric.

2. The Three Capabilities That Actually Decide Every AI Outcome

Having reviewed dozens of AI initiatives across industries, we've found that outcomes are decided by

exactly three capabilities, and the ones that fail are almost always missing one of them.

Data engineering. No clean data, no working model, full stop. This sounds obvious stated plainly, and

yet it's the single most underinvested step in the enterprise AI lifecycle. Teams reach for a foundation

model before they've resolved which system of record is authoritative, how stale the data is, or whether

the fields the model needs are even populated consistently. A model trained or prompted against

unreliable data will produce confident, plausible, wrong answers — the worst possible failure mode,

because it doesn't look like failure until someone downstream trusts it.

AI and agent build. This is where most of the public conversation about AI lives — model selection,

prompt and fine-tuning strategy, and increasingly, agentic workflow design: a planner that decomposes a

task, an executor that carries it out, and a set of tools the agent is permitted to call. The build step

matters, but it's the middle of the chain, not the whole chain. An elegantly built agent sitting on unreliable

data, or reporting to nobody who can act on its output, is exactly as useless as no agent at all.

Analytics and reporting. If you cannot measure it, you cannot fund it. This is the capability

organizations skip most often, and it's the one that determines whether a pilot ever becomes a budget

line. That means live dashboards, not end-of-quarter retrospectives; tracking precision, recall, and

cost-per-inference as operating metrics, not academic ones; and governance-ready ROI readouts that a

CFO — not just a data scientist — can evaluate. Deloitte found that only 24% of executives who expect

AI to drive significant revenue by 2030 (per IBM's research on AI adoption challenges) can actually say
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where that revenue comes from. That gap exists because most organizations built the model before they

built the measurement system that would let them prove its value.

The lesson isn't that every initiative needs equal investment in all three areas — it's that whichever one

you skip becomes the reason the initiative stalls. We've watched technically excellent models die

because nobody built the reporting layer that would justify continued funding, and we've watched

well-measured, well-governed initiatives fail anyway because the underlying data was never clean

enough to trust.

3. Choosing the Right Pilots: A Portfolio Discipline, Not a
Popularity Contest

If pilot fatigue is the disease, the cure is a hard filter applied before a pilot ever gets funded. Through

repeated cycles of building AI products inside large organizations, we've distilled that filter down to four

qualities, and a pilot missing any one of them is a pilot at serious risk of never reaching production.

First, the data has to exist and be accessible — not theoretically available somewhere in a data lake, but

actually queryable by the team building the pilot within a reasonable timeframe. Second, the pilot needs a

business owner who personally cares about the outcome and has the organizational standing to clear

obstacles — not a sponsor in name only. Third, success has to be measurable within a defined window;

we typically use 90 days, short enough to force clarity about what "working" actually means, long enough

to get a real signal. Fourth, and most often ignored: failure can't cause a crisis. The best pilot candidates

are high-value, low-blast-radius use cases — the kind where a wrong answer costs you a redo, not a

regulatory filing or a customer relationship.

Consider a generalized example we've seen play out, with the specifics altered, across more than one

organization. A company launches an AI initiative to automate a customer-facing decision process —

something with real stakes if the model gets it wrong. The pilot stalls for months, not because the model

is inaccurate, but because nobody had cleared legal and compliance review for a customer-facing use

case, and the blast radius of a wrong output is a regulatory complaint. Contrast that with a second

initiative at the same company: an internal reporting automation with the same underlying model

architecture, but applied to an internal process where a wrong output means someone double-checks a

spreadsheet. The second initiative ships in six weeks. Same technology, same team — the difference

was portfolio discipline. Pick the high-value, low-blast-radius use case first, prove the model and the

operating pattern, and only then move toward the higher-stakes application with the credibility and

governance maturity to support it.

This is also where Gartner's Enterprise Applications 2030 research is useful as a planning lens:

large-scale replacement of core enterprise systems by agentic AI is unlikely for most organizations

before 2030. Gartner recommends scoring candidate initiatives across competitive differentiation and

technical complexity to decide whether AI should replace, enhance, or defensively augment an existing
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system. Applied alongside our four-quality filter, this turns pilot selection from an enthusiasm contest into

a portfolio decision — exactly the discipline that separates the 25% of organizations already in production

from everyone else.

4. Governance Has Not Kept Pace — And Agentic AI Is Making the
Gap More Dangerous

Strategy gets an organization to the starting line. Governance is what determines whether it's still

standing a year later. And on this front, the data is unambiguous: most organizations are not ready for

what they're about to deploy.

Informatica's CDO Insights 2026 survey of 600 Chief Data and AI Officers found that 76% acknowledge

their company's AI visibility and governance has not kept pace with employee AI use — meaning the gap

between sanctioned AI activity and actual AI activity is a known, admitted problem at the highest levels of

data leadership, not a hidden risk. The same survey found that 69% of organizations have adopted

generative AI and 47% have adopted agentic AI, yet only 22% have built governance tools specifically for

AI; the remaining 48% are simply extending their existing data governance tooling and hoping it holds.

That gap becomes acute with agentic AI specifically. Deloitte's State of AI in the Enterprise report found

that 74% of organizations plan to deploy agentic AI within two years, but only 21% describe their

governance model for autonomous agents as mature. An agent, by design, takes actions — sending

communications, initiating transactions, modifying records — without a human approving each step.

Governance built for a chatbot that only produces text doesn't automatically extend to a system that can

act. The top risks leaders cite in the same Deloitte survey — data privacy and security (73%), legal, IP,

and regulatory compliance (50%), and governance capabilities and oversight (46%) — are precisely the

categories where an autonomous system's mistakes compound fastest, because nobody is in the loop to

catch them before they execute.

IBM's research on AI adoption challenges offers a useful data point on the direction of travel: AI-specific

governance roles grew 17% in 2025. Organizations know they need this capability and are hiring for it —

but hiring the role and building the actual oversight infrastructure (audit trails, human-in-the-loop

checkpoints for high-stakes agent actions, tiered review based on autonomy and blast radius) are two

different things, and most organizations have only done the former.

The practical implication for leadership: governance can no longer be a single, generic policy document

extended to cover AI. It needs a risk-tiering model that scales oversight to the actual autonomy and

stakes of each system, explicit checkpoints for any agent capable of acting without human review, and

reporting that a board or regulator can rely on — not because compliance demands it, though it will, but

because it's the only way to keep deploying agentic AI at the pace the business wants without deploying

it faster than you can supervise it.
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5. Where to Start

None of this requires a multi-year transformation program before you see results. It requires sequencing

the work correctly.

First, run a portfolio audit, not a wish list. Inventory every AI initiative currently in flight or proposed,

and score each one against the four qualities of a fundable pilot: accessible data, an accountable owner,

a measurable 90-day outcome, and a contained blast radius. Kill or defer anything that fails more than

one.

Second, build the measurement layer before you build the next model. If you cannot currently

produce a live view of precision, recall, cost-per-inference, and business impact for your existing AI

initiatives, that's the next investment — not another pilot. You cannot fund what you cannot measure, and

you cannot govern what you cannot see.

Third, risk-tier your governance model now, before your agentic AI plans outrun it. Classify current

and planned AI use cases by data sensitivity and decision autonomy, and build human-in-the-loop

checkpoints specifically for anything that can act without a person approving each step. Waiting until an

agent is already deployed to build this is waiting until the exposure is already live.

Fourth, name an owner and design the operating model that gives them authority. A Center of

Excellence, a steering committee, a single accountable executive — the structure matters less than the

fact that someone specific is responsible for moving initiatives from pilot to production, with the budget

and organizational standing to do it.

The organizations that pull ahead over the next few years won't be the ones that ran the most pilots.

They'll be the ones that built the discipline to fund the right five and govern them well enough to trust the

output. That's a strategy problem before it's a technology problem — which means it's solvable starting

now.


