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Could AI
Replace This?
Where the moat actually is,

assessed honestly

It is a fair question and it deserves a direct answer rather than a defensive one. Parts of

what we do will be commoditised, and we will use those tools ourselves. This explains

which parts, why the remainder is structurally out of reach of a model trained on data, and

why better AI increases the value of the work rather than eroding it.
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T H E  H O N E S T  H A L F  O F  T H E  A N S W E R

What AI will commoditise, including some of what we
do
Any answer to this question that begins by explaining why AI cannot do the job should be distrusted. A great deal of

professional services work is being automated right now, correctly, and some of it is ours.

T H E  TA S K S TAT U S

Summarising, drafting, reformatting Already commoditised. We use generative models for exactly this and have done for

some time. It is how a computed output becomes a paragraph an executive will read.

Research and first pass synthesis Already commoditised. Faster than any analyst, and good enough.

Finding patterns in clean, well structured

data

Being commoditised now. The qualifier is doing all the work in that sentence, and the

rest of this document is about the qualifier.

Producing a plausible narrative about a

pipeline

Already trivial, and close to worthless. Plausible is not the standard a forecast has to

meet.

If our value were analysis, we would be in trouble. Analysis is the cheapest thing in this market and getting cheaper every

quarter.

The question that actually matters. Not whether a model can analyse a pipeline. It can. Whether a model can

produce a pipeline worth analysing.

T H E  S H A P E  O F  T H E  R E S T  O F  T H E  A R G U M E N T
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Data is an output of an operating system, not an input to one. A model learns from what the system produced. It cannot

repair the system that produced it.

▪

Our deterministic layer is not trained on the client's data. It imposes structure on the data rather than inferring structure

from it, which is why it works on day one and why a badly run commercial system cannot corrupt its answer.

▪

Design and adoption are human and political acts. Deciding what a stage should mean, and getting five brands to honour it

under pressure, is not a modelling problem.

▪

Agents make this more valuable, not less, because an agent is only as good as the structure of what it reads.▪
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T H E  C E N T R A L  P O I N T

The data is an artifact of the operating system that
produced it
Every model, however capable, sits downstream of a data set. That data set was not handed down by nature. It was generated

by an operating system: by how stages were defined, who was required to enter what, which motions were forced through a

configuration built for a different motion, and which parts of the business were never in the system at all.

When that operating system was never designed, the data faithfully records the absence of design. Two regions use the same

stage name to mean different things. One brand's deals are recorded at quote, another's at handshake. A channel that produces

real revenue does not appear because nobody built a place to put it.

A model trained on that data does not see a broken process. It sees the world. It will learn the inconsistency as signal,

reproduce it confidently, and express it in fluent prose. Better AI applied to unstructured process produces faster, more

confident, more automated wrong answers. This is not a limitation that scale fixes. Scale makes it worse, because confidence

rises while the underlying defect stays exactly where it was.

Gartner's own finding, which we did not commission and cannot be accused of shaping. Six percent of sales organizations

achieve forecast accuracy of ninety five percent or better. The average sits at eighty two percent. Seventy percent of sales

leaders cannot integrate customer data across their systems.

Their conclusion is the part worth reading twice: traditional data quality controls are not closing the gap, and pressuring

sellers to be more accurate makes it worse. The cause is architectural. Layering a probabilistic model on top does not

address it. It automates it.

Which is why the order of the work is the work

Technology deployed onto a commercial process that nobody engineered will scale the problem rather than solve it. That is not

a slogan about being careful. It is a statement about direction of causation: the process determines the data, the data

determines what any model can learn, and therefore the only way to improve what the model sees is to change the process

that feeds it.
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Structure imposed on the data, not inferred from it
This is the part most often misunderstood, including by people who know the category well.

A machine learning model derives its rules from the data it is shown. Its output is a function of its training set, which means a

client with a disordered commercial system gets a model that has learned disorder.

The Inselligence deterministic layer is not trained on the client's data. It applies codified rules derived from how flow behaves

in any system with dependency and variability, the same principles that govern a production line. Those rules are independent

of the data set they are pointed at.

W H A T  T H A T  I N D E P E N D E N C E  B U Y S ,  C O N C R E T E LY

W H AT  I S  C O M P U T E D W H Y I T  D O E S  N O T  D E P E N D  O N  T H E  D ATA  B E I N G  G O O D

Deal load required The number of opportunities a territory must carry to hit its number, derived from the target

and the measured rates, not from what the territory happened to do last year. It states what

must be true, rather than describing what has been true.

Pipeline segmentation How the business must be divided so that each motion is measured against its own

definition. This is a structural decision about the business, not a pattern discovered in the

records.

Capacity against load Whether the people carrying the pipeline can carry it. A ratio computed against a defined

standard, not an inference from activity.

Where flow is lost Measured against stages defined by what must be true to advance. Once the definition is

fixed, the measurement is arithmetic.

Three consequences follow. It works on day one, with no training period, because there is nothing to train. It produces the

same answer every time, so variance between two runs is attributable to the business rather than to the method. And it tells a

leadership team what should be true, which is precisely the thing a model trained on their history cannot tell them, because

their history is the problem they hired us to fix.

Stated as plainly as we can. A learned model describes the system you have. A deterministic structure defines the

system you need. Those are different jobs, and only the second one produces a design.
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Design is a decision. Adoption is a political act.
Suppose a model could produce a perfect assessment of a commercial system. Hand that assessment to a leadership team and

almost nothing happens, for reasons that have nothing to do with the quality of the analysis.

None of that is a modelling problem, and none of it gets cheaper as models improve.

“It was impressive how quickly they were able to use their own technology against our data to drive critical

insights, but more importantly they were able to help us understand the operating systems needed across

people, process, and technology to turn those insights into repeatable actions to drive results.”

T ROY J O H N S O N   ·   P R E S I D E N T,  A P O G E E  A RC H I T EC T U R A L M E TA L S

We did not write that sentence and we did not ask for it. A division president, unprompted, drew exactly the distinction this

document is making: the technology was fast and it impressed him, and then he ranked it second. What he ranked first was the

operating system across people, process and technology that converts an insight into a repeatable action.

The insight was the easy half. It is also the half that is being commoditised. The half he valued more is the half that requires

people who have done it before.
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Somebody has to decide what a stage means across brands that sell differently and whose leaders each believe their own

definition is the correct one. That is a negotiation, and the output has to be a document five people will honour under

pressure in a quarter when the number is at risk.

▪

Somebody has to own it. Role clarity, decision rights, escalation paths. An assessment has no authority. A named owner

does.

▪

Somebody has to hold the room when the new process makes a senior person's historical numbers look worse than the old

process did. This is the moment transformations actually die, and it is not an analytical moment.

▪

Somebody has to be credible to a division president. Credibility in this room comes from having run the function, not from

having read about it.

▪
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T H E  A G E N T I C  Q U E S T I O N

Agents make an architected system more valuable, not
less
The obvious near term development is that clients will point their own AI agents at their commercial data and ask it questions

directly. We think that is right, and we are building for it rather than against it.

It is worth being precise about what it changes. An agent pointed at a disordered commercial system produces disordered

answers at conversational speed, and the failure is now harder to catch because it arrives in fluent prose with no visible

derivation. An agent pointed at an architected system, where stages are defined, segmentation is deliberate and the load

figures are computed against a standard, becomes genuinely useful.

Agents raise the return on having a designed operating system, and they raise the cost of not having one. That is a tailwind for

this business, not a threat to it.

T H E  A R C H I T E C T U R E  W E  A R E  B U I L D I N G  T O W A R D

Two planes, deliberately separated.

The guardrail matters more than the connector. An agent is never wired to raw tables. It connects to structured, already

computed, already classified outputs, permission scoped to the logged in user. Raw table access produces exactly the failure

described on the previous pages, at machine speed, with an authoritative tone.

One design rule we do not bend. The layer that talks to users holds no formulas. It explains methodology and computed

outputs, and nothing else.

What it does not hold, it cannot leak. That is a security property and a commercial one, and it becomes more important, not

less, as more of the interface becomes conversational.
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The methodology layer, versioned and grounding: the codified rules, the variable definitions, the standards for what good

looks like. This is what makes an agent reason within a discipline rather than improvise around one.

▪

The computed output layer, fetched at runtime and scoped to the person asking. Live figures, already calculated and already

classified.

▪
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Where the moat actually is
Not in any single component. Each layer alone is attackable. The combination is what has proven difficult to assemble, and each

layer makes the next one harder to copy.

L AY E R R E P L I C A B L E  B Y A I ? W H Y

Analysis and narrative Yes, already We use generative models here ourselves. No moat, and

we do not claim one.

Deterministic math Partially, over time Patent pending, with three decades of technical lineage,

and structurally different from a learned model because it

is independent of the data. A competitor can build in this

direction. It is a head start and a legal position, not an

impassable wall.

Codified methodology Hard A documented, teachable discipline with defined

deliverables and regression tested reasoning. This is

institutional intellectual property, and it took years of

engagements to earn rather than to write.

Senior practitioners No Credibility with a division president comes from having

run the function. This is the layer that converts a finding

into a decision, and it does not get cheaper as models

improve.

Vertical fluency No Knowing how a glazing contractor actually wins work, or

how a specifier influences a purchase, is knowledge that

lives in engagements rather than in a corpus.

The structure we install No Once a client's commercial system is architected to our

model and their data is generated by it, we are inside the

operating rhythm rather than beside it.

The one line version. AI is getting very good at answering questions about data. It is not getting better at fixing

the process that produces the data, and it does not attend the meeting where a company decides what its stages

mean.

W H A T  W O U L D  A C T U A L LY  T H R E A T E N  T H I S

To be complete, the honest version. A firm with senior practitioners who have run the function, in the same verticals, with a

codified methodology and a deterministic engine, selling architecture rather than software, could compete directly. That firm

would be a competitor, not a model.

What will not threaten it is a better language model, because a better language model makes the commoditised half cheaper

and the designed half more valuable at the same time.
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