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How to read this guide
This is a guide about a way of thinking, not a manual for a tool. It is built in four parts, and you do not

have to read them in order.

TEN MINUTES Read the Executive Summary below, then the Foreword. Together they contain
the entire argument.

CMO / CFO /
GROWTH

Read Part I (why measurement is hard), Part III (the framework), and Part IV
(making it real). Skim Part II.

ANALYST /
SCIENTIST

Read everything, and read Part II twice, it is the part most often taken on faith.

EVALUATING
VENDORS

Read Chapter 13 (the decision-level blueprint) and Chapter 19 (answering the
critics). They are the questions to ask anyone selling you a single number.

Throughout, two recurring boxes do specific work. Fallacy / Truth boxes name a comfortable belief

and then dismantle it, there are twenty-one of them, and together they are a summary of the book.

Definition boxes pin down a term the moment it first earns its keep. A consolidated glossary and a

full list of references appear at the end.



E X E C U T I V E  S U M M A R Y

There is no perfect number, and
that is the point
For two decades, marketing measurement has been sold as a destination: the one model, the

one platform, the one number that finally settles what your spending is worth. That number

does not exist. Not because the math is immature, but because the underlying problem,

inferring the causal, incremental value of marketing from incomplete data about human

behavior, is nondeterministic: it has no single exact answer that holds across time and

context, only a distribution of plausible ones. A method that claims to have abolished that

uncertainty has not solved the problem; it has hidden it.

This guide makes five arguments.

01 No single method is enough, because measurement serves decisions, and decisions
come at three altitudes. Strategic calls (budget mix, annual targets) are rare, costly, slow to

reverse. Tactical calls (scale, cut, or hold a channel) are monthly. Operational calls (bids,
creative tests) are daily. MMM owns the strategic level; experiments anchor causal truth;

attribution serves the granular operational edge. None spans all three.

02 The prize is incrementality, not attribution. The only question that means anything is the

counterfactual: what would have happened if the marketing had not run? Attribution never builds
a counterfactual, it allocates credit within the world that happened, which is why a channel can

post a brilliant attributed return while adding almost nothing incrementally. Branded search is the

classic case.

03 A coefficient is an average, and an average is true overall and rarely true at any single
moment. When an MMM says a channel returns 1.9× and a fresh experiment says 3×, neither
is broken, they are measuring the same moving curve at different time scales. That recognition

is the seed of the whole framework.



04 Triangulation is not comparison; it is orchestration. Do not expect three numbers to agree.

Wire them together so each strengthens the others: experiments calibrate the model; the model
generates hypotheses worth testing and deduplicates attribution; attribution supplies granular

texture. That only works on one shared data foundation, which is why it cannot be assembled
from three separate vendors.

05 Measurement that changes no decision is overhead with good production values. A
serious system is judged by whether a marketer can plan a different scenario and execute it on

Monday. The framework therefore ends in an actioning layer, and the whole thing runs as a loop:
build, validate, calibrate, deduplicate, test, adopt, monitor, refresh, confidence compounding with

every turn.

The honest conclusion is not a utopia. There is no perfect number and never will be. But there

is something better and real: a transparent, accountable, continuously improving system
built from several imperfect reads that keep one another honest, turning in a loop, in service of

the decision at hand. This guide is the case for building it.



F O R E W O R D

This is not a book about a tool
It is a book about a way of thinking. For most of the last two decades, marketing measurement has been sold
as a destination: the one model, the one platform, the one number that finally settles what your spending is
worth. We have watched a generation of capable analysts and impatient executives set out for that destination
and arrive, again and again, at the same mirage. A figure precise enough to put in a board deck and too brittle
to survive the next quarter.

We have written this book because the mirage is avoidable, and because the people who most need to see
past it are rarely the ones building the models. You may be a CMO defending a budget, a CFO interrogating a
return, a marketing manager deciding whether to scale or cut a channel on Monday morning, or the analyst
those three people lean on. Whichever you are, the same uncomfortable truth applies. The measurement
question is, at bottom, a decision question. Most measurements fail not because the mathematics is wrong,
but because nobody asked which decision the mathematics was supposed to serve.

So we will be candid about something vendors rarely admit. There is no definitive solution to marketing
measurement. The core problem, inferring the causal and incremental value of marketing from incomplete
data about human behavior, is not the kind of problem that yields to a cleverer algorithm. It yields, instead,
to a process: several imperfect measurements, each with a different blind spot, arranged so they keep one
another honest.

We write as scientists, but we are writing for decision-makers. Where we must use statistics, we will earn
them. Every coefficient, every confidence interval, every prior will be explained in terms of the action it is meant
to change. Where a method has a limit, we will name it plainly, including for the methods we ourselves rely on.
A measurement system that cannot be questioned is not rigorous; it is merely opaque.

The aim of marketing is to know and understand the customer so well the product
or service fits him and sells itself.

Peter F. Drucker

Measurement is how we find out whether it did.

Let us begin, as every honest measurement project must, with the problem.
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PA R T  I

Why Measurement Is
Hard
Before you can choose a method, you have to know what you are
choosing it for. Part I dismantles the belief that a single method is
ever enough.



C H A P T E R  1  ·  P A R T  I

If All You Have Is a Hammer
If all you have is a hammer, every problem looks like a nail.
commonly attributed to Abraham Maslow

Walk into almost any conversation about marketing measurement and you will meet a person holding

a hammer. They are not malicious, and they are usually not wrong about their own tool. They are

simply convinced that their one method, whether last-click attribution, or marketing mix modeling, or

incrementality experiments, is the method, and that every measurement problem you bring them is,

conveniently, a nail.

This is the first and most expensive mistake in the field. Not the choice of any particular method, but

the belief that a single method is sufficient. Each of the major approaches is a genuine advance in

service of a real question. Each becomes a liability the moment it is asked to answer every question

at once.

It helps to meet the three archetypes on their own terms.

The attribution vendor wants to follow the customer. The instinct is sound. What could be more

causal than watching the actual path a buyer took to a purchase? So the attribution vendor gathers

as much user-level data as the modern privacy landscape will surrender, stitches it into journeys, and

runs a credit-allocation algorithm over what survives. The trouble is that a credit-allocation question

is not a causal question. Knowing that a customer touched a Facebook ad before buying tells you

nothing about whether they would have bought anyway. Attribution turns “what caused this sale?”

into “who gets the credit for this sale?”, two questions that only look alike, and it pays for the

substitution in privacy risk and in journeys that are forever incomplete.



The MMM vendor wants to model the whole business at once. Also sound: marketing does not

happen one user at a time, it happens in aggregate, alongside price, promotion, seasonality, and a

dozen forces no tracking pixel will ever see. So the MMM vendor regresses total outcomes on total

inputs and reads off the contribution of each. The trouble arrives when the data runs thin, as it almost

always does, and the missing signal is patched with arbitrary priors, dummy variables, and modeling

choices the buyer never sees. The result can wear an impressive coat of statistical robustness while

being, underneath, a confident guess.

The experiment vendor wants to prove it. Most sound of all: run a randomized test, measure the

lift, and let the data speak. The experiment vendor reaches, understandably, for the prestige of the

clinical trial, the randomized controlled trial that revolutionized medicine. But a drug trial happens in a

controlled clinic; a marketing test happens in a live market that will not hold still, has no true placebo,

and forces the experiment to end long before the carryover effects do. The lift is real, but it is a single

bright photograph of a relationship that is always in motion.

WORLDVIEW CORE MOVE WHAT IT  OVERSTATES WHAT IT  LEAVES OUT

Attribution
“Follow the customer”

Stitch user-level
touchpoints into journeys
and allocate credit.

Causality, it confuses
who got credit with what
caused the sale.

The counterfactual; true
incrementality.

Marketing mix
“Model the whole
business”

Regress total outcomes
on total inputs; read off
each contribution.

Robustness, a confident
guess dressed as rigor on
thin data.

Granularity; the user-level
texture.

Experiments
“Prove it”

Randomize a control
against a treatment and
measure the lift.

Generality, one bright
photograph of a moving
relationship.

Time; persistence,
carryover, decay.

Figure 1. The three single-method worldviews. Every method over-claims in exactly the dimension where it is strong and goes silent
where it is weak. None is lying, each is a partial answer being sold as a complete one.

Read the figure down the last two columns and the pattern is unmistakable. Every method over-

claims in exactly the dimension where it is strong and goes silent in exactly the dimension where it is

weak. None is lying. Each is simply a partial answer being sold as a complete one.



◆
F R O M  T H E  F I E L D

A brand we worked with had three measurement contracts running at once. Attribution
said paid social drove 40% of revenue. MMM said 18%. An in-platform lift study said
the true number was somewhere near 9%. The leadership team's first reaction was to
ask which vendor was incompetent. The right reaction, the one this book is about, is
that all three were roughly correct, because all three were measuring different things
over different time scales, and nobody had built the bridge between them.

This is the deeper point. The methods do not fail because they are bad. They fail because they are

asked to be more than they are, and because the buyer rarely knows what to ask in the first place.

! FA L L A C Y  # 1

Big data is better than small data.

✓ T R U T H

Volume is not insight. Data has to be meaningful, not merely large. We accumulate more of
it hoping to eliminate uncertainty, but uncertainty in marketing can never be fully eliminated,
only minimized. The right data minimizes it; more of the wrong data simply costs more
to clean.

So how should a marketer choose? The honest answer is that the question is premature. Before you

can choose a method, you have to know what you are choosing it for, and “to measure marketing” is

not an answer, any more than “to be healthy” tells a doctor what to prescribe.

Measurement is not the act of collecting data, and it is not the act of fitting a model. Those are

means. The end is a decision: a budget defended, a channel scaled or cut, a bid raised, a creative

retired. A measurement that cannot change a decision is, whatever its statistical pedigree, a curiosity.



D E F I N I T I O N

Measurement. The process of causally inferring the true incrementality offered by a
business initiative or intervention, in service of a specific decision. The last clause is not
optional; it is the whole point.

Which sets up the only sensible place to begin. Not “how do we measure?” but a prior question that

almost no measurement project bothers to ask:

What decisions should good measurement empower?
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The Hierarchy of
Marketing Decisions
Do not seek information that cannot influence your action.
after Peter F. Drucker

Chapter 1 ended on a deliberately unsettling note: before you can choose a measurement method,

you have to know what you are choosing it for. That sounds like an invitation to philosophize. It is not.

The decisions a marketer makes are concrete, they recur on a schedule, and they sort themselves

into a structure you can draw on a single page. Once you can see that structure, the whole

measurement question changes shape. You stop asking “is this method accurate?” and start asking

the only question that pays rent: “which of my decisions can this method actually improve?”

So begin with the decisions, not the data.

The three levels

Marketing decisions live at three altitudes. They differ in how often they are made, how much rides

on each one, and who in the building is accountable for getting them right.

Strategic decisions are the rare, heavy ones. The budget mix across channels. The north-star

metric for the year. Profitability and efficiency targets. Pricing and promotional posture. The big bets:

a product launch, a new market, a flagship sponsorship, a roster of influencers. These are made

quarterly or annually, they are expensive to reverse, and they belong to the CMO, the CFO, and the

CEO. When a strategic call is wrong, you do not find out for a quarter, and you cannot quietly undo it.



Tactical decisions are the mid-altitude adjustments. Whether to scale, cut, or hold spend at the

channel or tactic level. Which creative direction to commit to for the season. How to shift weight

between prospecting and retention. These are made monthly or every couple of weeks, they are

owned by the CMO and the marketing managers beneath, and they are correctable but not free: a

month of mis-weighted spend is a month you do not get back.

Operational decisions are the constant, low-stakes ones. Nudging a campaign budget. Adjusting

a bid. Launching a creative test or an audience test. Reacting to this morning's pacing. These

happen daily, sometimes hourly, they belong to the people with their hands on the platforms, and any

single one of them is cheap to get wrong. Their power is in aggregate: a thousand small good

decisions compound.

Figure 2 puts the three levels in one frame. Read it from the top down: decisions get more frequent,

lower-stakes, and closer to the platform as you descend, and the cast of characters shifts from the

boardroom to the trading desk.

Strategic QUARTERLY ·  ANNUAL

Budget mix · north-star metric · efficiency targets · pricing & promo posture ·
the big bets.
OWNED BY · CMO · CFO · CEO

Tactical MONTHLY ·  BI -WEEKLY

Scale, cut, or hold a channel · seasonal creative direction · prospecting vs. retention weight.
OWNED BY · CMO · MARKETING MANAGERS

Operational DAILY ·  HOURLY

Nudge a budget · adjust a bid · launch a creative or audience test · react to today's pacing.
OWNED BY · PLATFORM OPERATORS

Figure 2. The hierarchy of marketing decisions. Higher means rarer, costlier, and slower to reverse; lower means more frequent,
cheaper, and faster. The owners change with the altitude.
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The point of the picture is not that strategy matters more than operations. It is that they are different

decisions on different clocks, and a measurement method that is perfect for one can be useless for

another. A quarterly budget-mix call and a Tuesday-morning bid change do not want the same

instrument, any more than a telescope and a microscope want the same lens.

The question that actually matters

This is where most measurement conversations go wrong. They open with “how accurate is your

model?” as though accuracy were a single number that travels with the method wherever it goes. It is

not. Accuracy is meaningful only relative to a decision and a time scale. A model that nails the annual

contribution of television is not thereby qualified to tell you what to bid at 9 a.m.

So replace the question. Not “is it accurate?” in the abstract, but:

D E F I N I T I O N

The decision-fit question. For a given measurement method, ask: which decisions, at
which level of the hierarchy, can this method actually support? A method earns its place not
by being accurate in general, but by being decision-relevant in particular.

This is Drucker's rule restated for measurement. Do not seek information that cannot change what

you do. A measurement that produces a beautiful number you will never act on is not an asset; it is

overhead with good production values.

◆ F R O M  T H E  F I E L D

A team once asked us to improve the 'accuracy' of a model that estimated the lifetime
contribution of their brand campaigns. The model was fine. The problem was that
nobody could name a decision it would change: the brand budget was fixed by the
board, the flighting was set by the agency, and the creative was locked a quarter out.
We had been hired to refine an instrument pointed at a decision that had already been
made by other people. The honest recommendation was to stop measuring that and
start measuring something the team could actually move.



Touch-based attribution, seen through the hierarchy

The hierarchy also explains, more fairly than any rant could, why touch-based attribution has slipped

from its throne. Attribution was an attempt to engineer a way out of the measurement problem by

collecting as much user-level data as possible and then mining it. For a while the depth of the

available journeys justified ever more elaborate algorithms layered on top. But hold attribution up

against the hierarchy and the mismatch is plain.

At the operational level, where you are testing creatives and audiences and need granular, fast-

moving reads, attribution genuinely has something to offer, which is why we will return to it later as a

useful, if junior, member of the team. At the strategic level, it is close to silent. It cannot tell you the

incremental return on your next budget dollar. It cannot forecast. It does not know what a channel

saturates at, how its effect decays, or what it would have driven had you spent nothing. It answers a

credit-allocation question and quietly lets you believe you asked a causal one.

A serviceable measurement system owes the marketer two things, and attribution supplies neither on

its own: the ability to infer causality, to distinguish what your marketing caused from what would

have happened anyway; and the ability to quantify incrementality, to put a number on the

difference your spending actually made, including the next dollar of it. Touch-based attribution offers

neither, while remaining a substantial engineering undertaking and a standing privacy liability. The

reasonable response is not to discard it but to demote it: keep it where it is genuinely useful, at the

granular operational edge, and stop asking it to make strategic calls it was never built to make.

The exodus, and the world it leads to

Partly for these reasons, the field is in the middle of a quiet migration. Brands are moving away from

conventional attribution and toward econometrics: marketing mix modeling, experiments, and the

cluster of adjacent techniques we will group together as incrementality systems. This is the right

direction. But it leads somewhere genuinely harder, and it would be dishonest to pretend otherwise.

The data in this new world behaves nothing like the clickstream that attribution feasted on. It is small.

It is irregular. It is sparse, and its signals are weak. A marketing mix model often rests on a few

hundred weekly observations, a few thousand at the very best. Into that thin and noisy space, a

parade of vendors arrives selling, in effect, magic: algorithms that promise to extract unlimited

intelligence from sharply limited data.



! FA L L A C Y  # 2

A sophisticated enough model can overcome thin data.

✓ T R U T H

No estimator escapes the physics of the data feeding it. A clever method applied to a few
hundred noisy observations produces a confident-looking answer, not a correct one.
Sophistication can organize uncertainty; it cannot abolish it.

That is the uncomfortable terrain the next chapter walks onto. Having established that no single

method serves every level of the hierarchy, and that the better methods live in a small-data world that

resists easy answers, we are ready to state the problem in its sharpest form: there is no definitive

solution, and understanding why not is the first step toward the thing that does work.
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There Is No Definitive Solution
All models are wrong, but some are useful.
George E. P. Box

Chapter 2 left us somewhere bracing: a small-data world, weak signals, and a parade of vendors

promising to conjure certainty out of a few hundred noisy weeks. Before we despair, it helps to write

down, plainly, what we are actually trying to do. The vendors wrap it in different vocabularies, but

underneath the jargon every method in this book is attempting to solve a single equation.

The equation everyone is secretly solving

At its simplest, it says total sales are the sum of what each channel contributes, plus everything we

failed to capture. Closer to how the world actually behaves, each channel's spend passes through

transformations, the nested functions that make media behave the way it really does, not the way a

spreadsheet wishes it did. Figure 3 breaks the equation into its four parts, because each part is a

different kind of difficulty and it is worth seeing them separately.



total sales  =  a₁·f(g(facebook))  +  a₂·f(g(tiktok))  + 
a₃·f(g(branded search))  + … +  ε

a₁ a₂ a₃ THE COEFFICIENTS

The prize. Each answers: one more dollar into this
channel returns how many, and how much would not
have happened anyway?

f(g(·)) THE TRANSFORMATIONS

Adstock and saturation, the curves that make media
behave the way it really does, not the way a spreadsheet
wishes.

xᵢ OBSERVED INPUTS

Spend, price, promotion, seasonality, plus the
unobserved drivers no pixel ever sees.

ε THE ERROR TERM

Irreducible uncertainty. Drive it to zero and you have
memorized the past, not solved the problem.

Figure 3. The equation every method is secretly trying to solve. The coefficients are what we want; the transformations, the
unobserved drivers, and the error term are what stand between us and them.

The coefficients, the a terms, are the prize. Each one is meant to answer the question every

marketer is really asking: if I put another dollar into this channel, how many dollars come back, and

how much of that would not have happened anyway? Attribution, marketing mix modeling, and

experiments are, at bottom, three different ways of guessing those coefficients, each from its own

vantage point and each with its own blind spot. Everything else in the book is commentary on how to

guess them well.

Why the problem is nondeterministic, not merely hard

Now ask the question at its most demanding. Could we ever find a single coefficient that tells us,

exactly, what one Facebook native ad drives, incrementally, in dollars? And not just on average,

but today, and tomorrow, and the day after; and could we also get it right for last December, and for

next year?

Stated that baldly, the answer is plainly no. And the reason is not that we lack the compute, or the

right algorithm, or one more quarter of data. The reason is that the thing we are trying to pin down

does not hold still and is never fully observed. The true effect of a channel rises as a creative catches

on, decays as it fatigues, spikes with the season, bends as the audience saturates, and shifts every



time a competitor enters or leaves the auction. We are trying to model human psychology, with

mathematics, on data that is incomplete where it is not simply absent. That is a different category of

problem from a hard arithmetic question.

D E F I N I T I O N

A nondeterministic problem. A problem with no single exact answer that holds across time
and context, only a distribution of plausible answers carrying irreducible uncertainty.
Marketing measurement is nondeterministic in the truest sense. The honest goal is not to
eliminate the uncertainty but to characterize and minimize it.

This is why the error term in Figure 3 matters as much as the coefficients. A measurement method

that drives its own error to zero has not solved the problem; it has memorized the past and will be

humiliated by the future. For now hold the principle: in a nondeterministic problem, a model that

claims no uncertainty is not more accurate, it is less honest.

The debates, and which ones are worth your time

Each measurement tradition has its own internal argument, and it is worth knowing which arguments

earn their keep. In the attribution world, the debate is over how to split the credit for a conversion:

single-touch, multi-touch, Shapley values, logistic schemes. These differ in their bookkeeping, but

they share a ceiling. They fit historical data without explaining it, they surface correlations without

separating signal from coincidence, and they cannot predict tomorrow. The argument is real, but it is

an argument about how to divide a pie that was never the right pie to measure.

In the marketing mix world, the debate runs deeper and gets more heated: frequentism versus

Bayesianism, two genuinely different philosophies of what a probability even is. Some of that

argument is enriching and we will give it a full chapter of its own. But much of it is academic relative

to the thing that actually constrains you, which is not your choice of statistical religion but the

thinness of your data. Given enough observations, the two camps converge on the same answer.

The catch, as the last chapter warned, is that marketing measurement almost never gives you

enough observations.



! FA L L A C Y  # 3

The right statistical philosophy will rescue a thin dataset.

✓ T R U T H

Frequentist or Bayesian, the binding constraint is usually the data, not the doctrine. Choosing
a camp is a real decision with real consequences, but it is not a substitute for the
observations you do not have.

Why this is not despair

It would be easy to read all of this as a counsel of hopelessness. It is the opposite. Saying there is no

definitive solution is not the same as saying there is no good one. It is a precise statement about

where the solution lives. It does not live inside a single, sufficiently clever algorithm, and it does not

live in mathematical rigidity, in freezing one model and quoting its number forever. It lives in a

framework: a disciplined process that accepts the irreducible uncertainty, attacks the same equation

from several imperfect angles, and lets those angles correct one another.

There is a genuine paradox here, and we may as well name it. This book urges you to think

probabilistically, to respect statistics, to take modeling seriously, and in the same breath it warns you

not to over-trust any single model. Both are true at once. The discipline is in holding them together:

rigorous about method, humble about any one result.

D E F I N I T I O N

Measurement, restated. The process of causally inferring the true incrementality of a
business initiative, expressed not as one frozen number but as a quantity that can change
over time, estimated by several methods that check one another, always in service of a
specific decision.

That restated definition is the hinge of the whole book. To act on it, you need a working feel for a

handful of ideas that practitioners too often take on faith: what causality and incrementality actually

mean, why a regression coefficient is only ever an average, what those transformation functions in



Figure 3 are really doing, and when getting more data helps and when it quietly misleads. Those are

the tools of a measurement scientist, and Part II builds them one at a time.



PA R T  I I

How to Think Like a
Measurement
Scientist
Five ideas that practitioners too often take on faith. Get these into
your bones and the rest of the framework becomes obvious; skip
them and even the best platform will mislead you.
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Causality, Correlation,
and Incrementality
The rooster crows before dawn, but he does not cause the
sun to rise.
a folk proverb that has saved more marketing budgets than any algorithm

Everything in Part I pointed at a single word without ever fully defining it. We said attribution cannot

infer causality. We said a measurement system must quantify incrementality. We treated those two

words as the prize. Now we have to earn them, because they are the most misunderstood ideas in

marketing, and the misunderstanding is expensive. A dashboard that confuses correlation with cause

will, with perfect confidence, recommend that you pour money into the rooster.

The rooster problem

Start with the proverb, because it contains the whole lesson. Every morning the rooster crows, and

every morning the sun rises shortly after. The correlation is flawless: a hundred days of data, a

hundred crows followed by a hundred sunrises, not a single exception. A naive model trained on that

data would assign the rooster enormous credit for daylight. And it would be completely wrong,

because the relationship runs the other way, or rather, both events are driven by something else

entirely, the turning of the earth.

Marketing is full of roosters. The most expensive one has a name: branded search. A customer who

already intends to buy your product types your brand name into Google, sees your ad, clicks it, and

converts. Last-click attribution watches this happen and credits the branded-search campaign with

the sale. The campaign crows; the sun rises; the model thanks the rooster. But the customer was



already walking to the till. The ad did not cause the purchase, it merely intercepted a journey that

was going to end in a purchase anyway. Spend more on the rooster and you will see your “attributed”

revenue climb while your actual, incremental revenue does not move at all.

◆ F R O M  T H E  F I E L D

A retailer cut its branded-search budget by 80% in a controlled test, fully expecting to
watch sales collapse, because attribution had been crediting that line with a huge
share of revenue. Sales barely moved. The campaign had been harvesting demand
that organic search would have captured for free. The 'high-performing' channel was,
in incremental terms, close to worthless. Attribution had been applauding the rooster
for years.

This is not a flaw in any particular attribution algorithm. It is a flaw in asking a correlational tool a

causal question. No amount of multi-touch sophistication fixes it, because the data simply does not

contain the answer. To get the answer you have to ask a fundamentally different question.

The only question that means anything: the counterfactual

Causal measurement rests on a single idea, and once you have it, you can never unsee it. The

question is not “did this customer see the ad before buying?” The question is: what would have
happened if the marketing had not run?

That hypothetical world, the one where you did not spend the money, is called the counterfactual.

The incremental effect of your marketing is the difference between what actually happened and what

would have happened in the counterfactual. Everything else is bookkeeping.

D E F I N I T I O N

Incrementality. The outcome with the marketing minus the outcome that would have
occurred without it. Not the sales that touched an ad. Not the sales the platform claims. The
sales that exist because of the marketing and would not exist otherwise.



Figure 4 makes the idea concrete. The line that actually happened is easy: you can see it in your

sales data. The line that would have happened is the hard part, because it never occurred and can

never be directly observed. The entire science of causal measurement is the science of estimating

that invisible second line credibly. The gap between the two lines, and only that gap, is what your

marketing was worth.
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Figure 4. Incrementality is the gap between two lines: actual sales (observed) and the counterfactual (what would have happened
anyway). The counterfactual can never be measured directly, only estimated, which is why causal measurement is hard.

Why the counterfactual is genuinely impossible to observe

Here is the catch that makes this a science rather than a lookup. For any single customer, you

cannot observe both worlds. The customer who saw the ad and bought cannot also be the same

customer, in the same moment, who did not see the ad. You only ever get to run history once. This is

sometimes called the fundamental problem of causal inference, and it is not a marketing problem, it

is a problem in physics, medicine, economics, and every other field that tries to establish a cause.

Since we cannot observe the counterfactual directly, every causal method is, underneath, a different

strategy for constructing a credible stand-in for it:

EXPERIMENT Builds the counterfactual from a control group, people or geographies as similar as
possible to the treated ones, held back from the marketing, so their outcome estimates the
line the treated group would have followed.



MMM Builds it statistically, estimates the relationship between spend and sales across history,
then asks what the equation predicts at zero spend.

ATTRIBUTION Builds no counterfactual at all. It observes the world that happened and allocates credit
within it, which is why it can describe but cannot establish cause.

Seen this way, the three methods are not rivals offering competing answers to one question. They

are three different construction techniques for the same elusive object, the line that never happened.

Their disagreements, which so often look like one of them being “wrong,” are usually just the different

techniques producing different estimates of a quantity that is, by its nature, an estimate.

Incremental, not attributed: a distinction with a dollar sign

The practical payoff of all this is a habit of mind: refuse to treat attributed revenue and incremental

revenue as the same number. They are routinely off by a large and unpredictable margin, almost

always in the flattering direction, because attribution credits demand it merely intercepted. Consider

the two questions side by side, because the difference is the difference between a good budget

decision and an expensive one:

AT T R I B U T E D  A S K S

How much revenue touched this channel on its
way to converting? Easy to get, and almost
always too high.

I N C R E M E N TA L A S K S

How much revenue exists because of this
channel that would not exist without it? Hard to
get, and the only one worth optimizing against.

A channel can score brilliantly on the first and miserably on the second. Branded search is the

classic case, but the pattern recurs anywhere marketing is well-targeted at people who were likely to

buy anyway: retargeting that chases users already in the cart, prospecting that mistakes existing

demand for created demand. The pattern is strongest for established brands whose buyers would

have arrived anyway; where a competitor bids on your brand term, defensive branded search can

recover genuine incremental value. Optimize to attributed numbers and you systematically over-

invest in demand harvesting and under-invest in genuine demand generation. You feed the roosters

and starve the sunrise.



! FA L L A C Y  # 4

A channel with high attributed ROAS is a high-performing channel.

✓ T R U T H

High attributed ROAS often signals a channel that is good at being present for conversions
that would have happened anyway. Until you have measured its incrementality, a high
attributed number is a hypothesis, not a verdict.

Where this leaves us

We now have the spine of the whole framework. Measurement is the estimation of a counterfactual

we can never see, and the prize is incrementality, not attribution. Causality is not a property you can

read off a dashboard; it is something you have to construct, with a control group, with a model, or

with both checking each other. But constructing the counterfactual statistically, the marketing-mix

way, leans entirely on a tool we have so far waved at: regression. And regression has a quiet, almost

philosophical limitation that trips up nearly everyone who reads a model output. It hands you a single

number for a relationship that was never single, the subject of the next chapter.
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Why a Coefficient
Is an Average
The average human has one breast and one testicle.
Des MacHale, on the hazards of averages

Chapter 4 ended on a promise and a warning. The marketing-mix way of constructing the

counterfactual leans entirely on regression, and regression has a quiet limitation that misleads nearly

everyone who reads a model output. It hands you a single number for a relationship that was never

single. This chapter is about that number: what it is, what it is not, and why getting this one idea right

dissolves a contradiction that has wrecked more than one measurement program.

We will not do any heavy mathematics. We will do something more useful, which is to build an

honest intuition for what a regression coefficient actually represents, so that when a model tells you

“Facebook returned 1.9×,” you know exactly what has, and has not, been claimed.

What a regression is, in one honest paragraph

Strip away the transformations and adstock and priors, and a marketing mix model is, underneath, a

regression. And a regression is a disarmingly simple idea: given a cloud of data points, find the line,

or with many variables the surface, that comes closest to all of them at once. “Closest” has a precise

meaning, it minimizes the squared distance between the line and the points, but the picture is what

matters. You have a scatter of weeks, each with some spend and some sales, and the regression

draws the single straight relationship that best threads through them.

The slope of that line is the coefficient. It is the answer to one specific question: when this input goes

up by one unit, how much does the output move, on average, holding everything else fixed? Two

phrases in that sentence do enormous work, and both are easy to forget the moment you start acting



on the number.

“Holding everything else fixed”: the coefficient belongs to the model

A coefficient is never a free-standing fact about a channel. It is a partial quantity: what this variable

contributes once every other variable in the model has already had its say. Add a new variable, drop

an old one, change a transformation, and the coefficient can shift, sometimes dramatically. The

number is as much a property of the model's specification as of the channel itself.

This has a blunt practical consequence. When two vendors hand you two different numbers for the

same channel, the first question is not “who is right?” but “what else was in each model?” A

coefficient quoted without its model is like a price quoted without a currency. It looks like information

and is actually half of it.

D E F I N I T I O N

A coefficient. The average change in the outcome associated with a one-unit change in a
given input, holding the model's other inputs fixed. It is a property of a particular model fitted
to a particular dataset, not a universal constant belonging to the channel.

“On average”: the phrase that bites hardest

A coefficient is an average. It is a single summary of a relationship that played out across your entire

estimation window, through everything else that was changing at the same time. The cleanest

analogy is a road trip. You drive 300 miles in 6 hours and your average speed is 50 miles per hour.

That number is true, useful, and easy to quote. It is also a speed you may have touched for only

seconds of the trip. You crawled at 5 mph through a jam, opened up to 75 on the highway, idled at 0

outside a coffee shop. “Averaged 50 mph” is an honest summary and a near-useless description of

any particular moment. The average is real precisely because it erases the journey.

A regression coefficient is the road-trip average of a channel's effectiveness. When an MMM reports

that Facebook returned 1.9×, it is reporting the average return over the whole estimation window, say

three years. It is emphatically not claiming that Facebook returns 1.9× today, or that it returned 1.9×

last December. It is one flat number stretched over a relationship that was moving the entire time.



Why “average” is a problem in marketing specifically

In many fields a stable average is perfectly fine, because the underlying relationship really is stable.

The gravitational constant does not fatigue. Marketing is not that kind of field. The true effectiveness

of a channel is a living thing: it rises as a fresh creative catches on, decays as audiences tire of it,

spikes with the season, bends downward as the reachable audience saturates, and lurches

whenever a competitor enters or leaves the auction. The honest picture of a channel's effectiveness

is not a number at all. It is a curve that bends over time.

A regression takes that curve and hands you the single flat line that best approximates it, then calls

the line “the answer.” Figure 5 shows the problem in one image. The wandering line is the truth:

effectiveness as it actually moved week to week. The flat line is the coefficient: the average the

model reports. Notice where the two coincide. Almost nowhere.
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Figure 5. The true effectiveness of a channel rises, decays, spikes with seasonality, and saturates. A single coefficient (the flat line)
is the average of all of it, and matches the truth almost nowhere.

The contradiction that isn't

This one idea dissolves the single most common source of confusion in unified measurement, the

moment that makes executives lose faith in their analysts. A well-run experiment reports that

Facebook is driving 3× right now. The marketing mix model insists Facebook is worth 1.9×. The room



concludes that one of them must be broken, and the measurement program loses a little credibility it

will never fully recover.

But look again at Figure 5 with this in mind. The experiment measured a single point on the moving

curve: today's value, the height of the wandering line at the present moment. The MMM measured

the flat average of that same curve across three years. Of course they disagree. They are answering

different questions about the same object at different time scales. Expecting those two numbers to

match is like being surprised that your current speed of 75 on the highway does not equal your trip

average of 50.

! FA L L A C Y  # 5

When an experiment and an MMM disagree, one of them is wrong.

✓ T R U T H

A point-in-time experiment and a multi-year average are measuring the same channel at
different time scales. Disagreement is the expected result, not a defect. The skill is reading
both as what they are, not forcing them to confess a single number.

Recognizing this is the difference between “our models contradict each other” and “our models

describe the same thing at different time scales.” The first sentence kills a measurement program.

The second one is the seed of triangulation, and we will build the whole framework on it in Part III.

The fix, and its price: letting the coefficient move

If the trouble is that one number is being forced to describe a moving relationship, the natural remedy

is to let the number move too. Rather than estimating a single coefficient for three years, we estimate

one that is allowed to evolve: through rolling windows that re-fit on recent data, through time-varying-

parameter models, or through state-space approaches that update the estimate as each new week

arrives. This is exactly the intuition behind reporting effectiveness as a temporal quantity, an

incrementality factor indexed to time rather than frozen once and quoted forever.



But flexibility is never free, and the honest caveat is the heart of the craft. Every degree of freedom

you grant a coefficient to wander is a degree of freedom it can spend fitting noise instead of signal.

And in a small-data world, noise is abundant and cheap. Let every parameter vary freely and you will

“discover” a gloriously detailed, week-by-week story of rising and falling effectiveness that is mostly

hallucination, the model mistaking the random jitter of thin data for real movement in the world.

! FA L L A C Y  # 6

More flexible models are more accurate models.

✓ T R U T H

Flexibility lets a model follow real change, but it equally lets the model chase noise. In thin
data the two are hard to tell apart. Past a point, added flexibility buys you a richer story and a
worse forecast.

So the craft is a balancing act: enough flexibility to follow genuine change, enough discipline not to

chase ghosts. How much to let estimates vary versus how much to tie them together is not a detail. It

is one of the central tensions in all of measurement, and it happens to be the exact subject of the

next chapter, where the same tension reappears in a different and more powerful form.

What to take from this chapter

If you remember one thing, make it this: a coefficient is an average, and an average is a summary

that is true overall and rarely true at any single moment. When a model hands you 1.9×, hear “1.9×

on average, across the window, given everything else in the model.” When that number disagrees

with a fresh experiment, do not panic and do not pick a winner. Ask what time scale each one is

describing. And when you reach for a more flexible model to capture the movement the average

hides, remember that flexibility and noise enter through the same door.



This is the discipline that makes the rest of the framework possible. We are not looking for the one

true number, because there is no one true number, only a moving curve we estimate from several

angles. Holding that idea steadily is most of what separates a measurement scientist from a person

who reads dashboards.
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Bayesian or Frequentist?
When the facts change, I change my mind. What do you
do, sir?
commonly attributed to John Maynard Keynes, which is, fittingly, a very Bayesian thing to say

The previous chapter ended on a tension: how much to let an estimate move versus how much to

hold it steady. That tension has a deeper root, and it touches the single fiercest argument in all of

statistics, the one that divides the people who build your models into two tribes who can look at the

same data and the same coin and genuinely disagree about what a probability is. The argument is

worth understanding, not because you must pick a side, but because understanding it makes you

calmer and shrewder when you read any model output. And because, as we will see, the argument

matters far less in practice than either tribe likes to admit. Let us settle it the only honest way: with

a coin.

A coin, and a question that splits the room

Here is the test. I am holding a coin. Before I toss it, what is the probability it lands tails? If you

answered “50%,” congratulations, you are a Bayesian. You held a belief, that coins are fair and land

equally on each side, and you applied that belief before observing a single toss. Nobody told you this

coin was fair. You assumed it, because you carry a general belief about coins and brought it to bear

on this one. That prior belief is the defining move of Bayesian thinking.

A strict frequentist gives a different and, at first, maddening answer: “I don't know.” To a frequentist, a

probability is not a belief; it is a long-run frequency, the proportion of tails you would see if you tossed

the coin many, many times. You have not tossed it yet, so you have no frequency, so you have no

probability. The only way to know is to toss the coin, say ten times, and count. This is where the

name comes from: probability is relative frequency, established by repetition.



D E F I N I T I O N

The two views of probability. To a frequentist, a probability is the long-run frequency of an
event across many repetitions; it is a property of the world, discovered by sampling. To a
Bayesian, a probability is a degree of belief; it is a property of the observer, held before the
data and updated by it.

Neither answer is foolish. They are answers to subtly different questions, and the difference echoes

all the way up into how your marketing mix model is built.

Watch the two camps update

Now toss the coin ten times and get 8 tails, 2 heads. The frequentist reads the data straight: tails

came up 8 times in 10, so the best estimate is 80%. The data is the answer; there was no belief to

revise, only a frequency to count. The Bayesian started from a prior belief that the coin was fair

(50%) and now updates it in light of the evidence. The prior pulls the estimate down from the raw

80%, landing somewhere around 75%: the data has moved the belief toward 80%, but the prior still

has a vote. With each additional toss, the data accumulates and the prior's vote shrinks.

And here is the punchline that should lower the temperature of the whole debate. Keep tossing. Toss

the coin 10,000 times and suppose you get 6,510 tails. The frequentist reports 65.1%. The Bayesian,

whose long-ago wrong prior of 50% has been utterly swamped by ten thousand observations, also

reports about 65%. Given enough data, the two worldviews converge on the same answer. The prior,

however wrong, washes out. The philosophy you started with stops mattering.
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Figure 6. The frequentist estimate (swinging with each early result) and the Bayesian estimate (anchored at first by its prior) both
converge on the true rate as data accumulates. With enough data, your statistical philosophy stops mattering.

Why this is not an idle debate

It would be easy to file all this under academic throat-clearing. It is not. During the COVID-19 vaccine

trials, two of the major programs used different statistical philosophies to evaluate their results: one

leaned Bayesian, the other frequentist. Both produced vaccines. And when the vaccines arrived, not

one of us standing in line cared which statistical philosophy had been used to judge the trial. We

cared that it worked.

That is the right attitude to carry into marketing. Bayesian methods have shown real, applied value in

places where the frequentist approach simply could not be run, situations with too little data to

establish a frequency, where a sensible prior is the only thing standing between you and no answer

at all. And frequentism underpins the entire inductive engine of modern science, the discipline of

letting repeated observation, not belief, settle the matter. Each is a serious tool. The mistake is

treating the choice between them as a question of faith rather than a question of fit.

Why the debate matters less than the data

The convergence in Figure 6 depends entirely on one thing: enough tosses. Pile up ten thousand

observations and the camps agree. But marketing measurement, as we established in Part I, is a

small-data, low-frequency, low-signal problem. A marketing mix model typically rests on a few



hundred weekly observations. In coin-toss terms, you are not getting ten thousand tosses. You are

getting a few dozen, and they are smudged.

There are not enough “tosses” for the frequentist to pin down a stable frequency: the estimate swings

with every new week. And there are not enough observations for the Bayesian's prior to be fully

overwhelmed: the prior keeps a meaningful vote, which means a bad prior can strand the model far

from the truth and a good prior can rescue it. The convergence that makes the whole philosophical

argument moot in the coin example never fully arrives in marketing. And worse, the marketing

problem is not one coin. It is many coins at once, channels, tactics, segments, each with its own rate,

each able to land anywhere on a continuum of outcomes.

! FA L L A C Y  # 7

Choosing the right statistical philosophy is the key methodological decision in measurement.

✓ T R U T H

In a data-rich problem the choice barely matters, because the camps converge. In a data-
poor problem like marketing, the choice matters but is dominated by a larger fact: thin data
limits what any method, of either school, can honestly conclude. Spend your worry on the
data and the assumptions, not the doctrine.

So which should you use?

The useful answer is not “pick a tribe.” It is “understand what each choice commits you to,” because

both schools show up inside real marketing mix models. If a model is Bayesian, its priors are doing

real work, and you are owed an honest account of them: what was assumed about each channel

before the data spoke? A well-chosen prior, perhaps seeded from a previous experiment, is one of

the most powerful tools in small-data measurement. A poorly chosen or hidden prior is exactly the

“arbitrary priors” sleight of hand we warned about in Chapter 1, robustness theater. The question to

ask a Bayesian model is always: what did you assume, and why? If a model is frequentist, it is

leaning harder on the data itself, which sounds purer but in thin data means it has less to lean on and

its estimates can swing. The question to ask is: how stable is this, and how would it move if a few

weeks were different?



The deeper point is that in small-data measurement, the philosophy is rarely the real lever. What

matters far more is whether the model captures the shape of how media actually works, the

nonlinear curves that an ordinary regression, of either school, will get badly wrong if you let it. A

coefficient assumes a straight line; media is anything but. Before we can talk about combining

methods, we have to make those shapes concrete, because they are what every transformation

function in Figure 3 was standing in for.

What to take from this chapter

Hold three things. First, the Bayesian–frequentist split is real and rooted in a genuine disagreement

about what a probability is: belief versus frequency. Second, given enough data the disagreement

evaporates, because both camps converge on the truth. Third, and most important, marketing never

gives you enough data for that convergence, so the choice does matter here, but it matters less than

the thinness of the data and the honesty of the assumptions layered on top. When someone tries

to sell you a solution on the strength of its statistical philosophy, ask the better question: not “which

school?” but “show me your data and your assumptions, and tell me how much either one is

really carrying.”
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The Shapes of Media
Half the money I spend on advertising is wasted; the
trouble is I don't know which half.
attributed to John Wanamaker, who would have loved a saturation curve

We have now said three times that a marketing mix model is “underneath, a regression,” and three

times we have added a quiet caveat: the transformations. In Figure 3 they were the innocent-looking

f(·) wrapped around each channel. It is time to open them up, because those transformations are the

entire difference between a model that understands media and a regression that does not. An

ordinary regression assumes that effect follows spend in a straight line: twice the money, twice the

result, all of it landing in the week you spent it. Media obeys neither half of that assumption. It lingers,

and it tires.

Why a straight line is the wrong model for media

Picture the naive assumption drawn out. You spend a dollar on Facebook in week 12; the model

expects some sales in week 12, proportional to the dollar, and nothing before or after. Spend ten

dollars and it expects ten times the sales, same week, no echo. Spend a thousand and it expects a

thousand times, cheerfully, forever.

Every part of that is wrong, and wrong in a way any marketer feels in their gut. The ad you ran this

week will still be nudging someone toward a purchase next week: effects linger. And the thousandth

dollar into the same audience does not work as hard as the first, because you have started showing

the same ad to people who have already seen it: effects saturate. The two corrections have names.

Carryover, also called adstock and bound up with lag, handles the lingering. Saturation, the

diminishing-returns curve, handles the tiring. Together they are most of what makes a marketing mix

model worth building.



Adstock and lag: media has a memory

When you run a campaign, its effect is not confined to the moment of exposure. Awareness builds,

people deliberate, some buy now and some buy later, and the impression you paid for this week

keeps working, at diminishing strength, for some weeks after. Adstock is the modeling device that

captures this: it spreads the effect of a given week's spend forward in time, with the influence

decaying as the weeks pass. The intuition is a struck bell. Hit it once and the sound does not stop

instantly; it rings and fades. A week of advertising is the strike; adstock is the ringing tail.

W1 W3 W5 W7

Spend (one week)

Response, the carryover tail

Figure 7. Adstock, or carryover. One week of spend (the tall bar) produces a response that peaks immediately and then decays
across the following weeks. A regression without adstock would credit only the first week and miss the tail entirely.

Two practical notes follow. First, lag: for some channels the peak effect is not even in the spend

week. Consideration-heavy purchases, a car, a holiday, business software, may show their strongest

response a week or two after exposure, as people deliberate. Adstock can place the peak where the

response really lands rather than assuming it is immediate. Second, adstock is expressed in the time

unit of your data. Weekly data gives you adstock in weeks. This is precisely why moving to hourly

data makes long-term effects harder to recover: a memory that is genuinely months long is awkward

to express, and easy to lose, when your unit of time is an hour.



D E F I N I T I O N

Adstock (carryover). The modeling of advertising's lingering effect, whereby a portion of a
period's media impact carries forward into subsequent periods, decaying over time. The rate
of decay is what distinguishes a channel with a long memory from one with a short one.

Saturation: the first dollar and the thousandth are not equal

Now the tiring. As you pour more money into a channel in a given period, how does the response

grow? Not in a straight line. The early dollars find fresh, receptive audience and work hard. As you

spend more, you reach deeper into less-responsive audience, you show the same people the same

ad more times, and each additional dollar buys less than the one before. Eventually you approach a

ceiling. This bending-over is saturation, and it is the single most decision-relevant shape in all of

measurement, because it is what tells you whether your next dollar is worth spending. Saturation

curves come in two common shapes, and the difference matters.
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Figure 8. Two saturation shapes against the linear assumption. The C-curve (diminishing returns from the first dollar) and the S-
curve (a slow start, then acceleration, then saturation) both flatten toward a ceiling. The straight line, which a plain regression
assumes, runs off the top of the chart promising returns that do not exist.



The C-curve (concave, or Hill-type) diminishes from the very first dollar: each additional unit of

spend adds a little less than the last. Many always-on performance channels behave roughly this

way. The S-curve tells a subtler story. At low spend the response is sluggish, as though the channel

needs a threshold of presence before it registers; then it accelerates through a responsive middle

band; then it saturates. Awareness- and brand-building media can show this shape.

Why does the distinction earn its place in a book for decision-makers? Because the two shapes give

opposite advice at low spend. On a C-curve, your first dollars are your most efficient, so a small

budget is well spent and cutting further always costs you the most valuable dollars. On an S-curve,

spending below the threshold is nearly wasted, so a too-small budget may be worse than none, and

the right move is either to commit past the threshold or not to bother. Read the wrong shape and you

will starve a channel that needed a push, or pour money past the point where it stopped paying.

D E F I N I T I O N

Saturation (diminishing returns). The nonlinear relationship between spend and response
in which each additional unit of spend yields less incremental response than the last,
bending toward a ceiling. The shape of this curve, and where you currently sit on it, is what
determines the value of your next dollar.

Marginal versus average: the curve makes the distinction unavoidable

Stand at any point on the curve and there are two different returns you could quote. The average
return is the total response divided by total spend: how the whole investment has paid back on

average. The marginal return is the slope of the curve at your current position: what the next dollar

will return. On a diminishing curve these two are never equal, and the marginal is always the smaller,

because the curve is bending down. A channel can show a healthy average return of 1.9× while its

marginal return, the slope where you are actually standing, has fallen to 0.9×: the money already

spent paid back well, but the next dollar is expected to return only ninety cents.

This is not a paradox; it is the geometry of a bending curve. And it is the most important number in

budget allocation, because budgets are decided at the margin. The question is never “did this

channel pay back overall?” It is “should the next dollar go here or somewhere else?”, and only the



marginal return answers it. We will meet this exact 1.9×-average, 0.9×-marginal situation again in

Part III, when an experiment comes back reading 3× and we have to make sense of all three

numbers at once.

! FA L L A C Y  # 8

A channel with a strong return on ad spend has room to scale.

✓ T R U T H

A strong average return says the channel has paid back well to date. It says nothing about the
marginal return, the slope where you now stand, which may already have bent below
breakeven. Scaling decisions live at the margin, and the average can be reassuring you
straight into a loss.

Why this is the heart of the model

The transformations are why a marketing mix model is not a spreadsheet of cost-per-acquisition.

They are also why model-building is genuinely hard: nobody hands you the decay rate or the curve

shape, so the model must search across a vast space of possible shapes, fast-decaying and slow, C-

shaped and S-shaped, threshold-here and ceiling-there, to find the combination that best explains

the data. That search, and the discipline required to keep it from inventing shapes that merely fit the

noise, is much of the craft of the next part of the book.

For now, a way of seeing. Media lingers, so credit must be spread forward in time. Media tires, so

response bends toward a ceiling, and the dollar that matters for your decision is the marginal one.

One question remains open: marketers do not spend at the level of a channel; they spend at the

level of campaigns, ad sets, and individual ads. Can a model that lives on a few hundred weekly

observations possibly speak to that granularity? That is the granularity conundrum, and it is where

Part II turns from principles to practice.
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The Granularity Conundrum
Not everything that can be counted counts, and not
everything that counts can be counted.
often attributed to William Bruce Cameron

Here is a tension that lives at the centre of every real measurement program, and that most vendors

would rather you did not think about too hard. A marketing mix model is a small-data instrument. It

sees a few hundred weekly observations of the whole business. From that vantage point it can

speak, credibly, about channels, Meta as a whole, Google as a whole, television as a whole, or about

tactics like Google branded search or TikTok retargeting. But marketers do not make their daily

decisions at the level of “Meta.” They make them at the level of a prospecting campaign, a lookalike

ad set, a single creative. So the question presses in: how granular can the model actually go?

The honest answer is: not very far on its own, and never for free. Every step down toward the ad set

is a step away from the data that could support it. This is the most operational chapter in Part II, and

the one that most directly touches the money.

Why granularity costs you

Recall the arithmetic of thin data. A three-year weekly model has roughly 150 observations. Split a

channel into ten ad sets and you have not multiplied your data; you have divided your signal. Each

ad set now competes for explanatory credit inside the same 150 weeks, and the model has no

honest way to tell whether ad set B outperformed ad set C because it was genuinely better or

because of noise. So a model cannot simply “zoom in.” To produce an ad-set number, it must

assume something, importing structure from outside the granular data. There are three common

ways to do this, and they hand you materially different numbers, and therefore materially

different decisions.



D E F I N I T I O N

The incrementality factor (iFactor). The ratio of a channel's true incremental contribution
(as estimated by the MMM, ideally calibrated by experiment) to its platform-reported or
attributed contribution. An iFactor of 0.65 means the channel's honest incremental revenue
is 65% of what the ad platforms claimed for it. It is the bridge between the strategic, causal
world of MMM and the granular, biased world of platform reporting.

A worked example: one channel, three ad sets

Take a single channel, Meta Prospecting, broken into three ad sets. The platform, reporting on

something close to a last-click basis, claims the following revenue against the spend we deployed:

AD SET SPEND PLATFORM-REPORTED REVENUE

A · broad 50,000 100,000

B · lookalike 25,000 60,000

C · interest 25,000 40,000

Channel total 100,000 200,000

Taken at face value, the platform says the channel returned 2.0× and that ad set B is the star at 2.4×.

But we know better than to trust platform-reported revenue, for all the reasons of Chapter 4: it credits

demand it merely intercepted. Our marketing mix model, calibrated against a recent geo experiment,

says the channel's true incremental revenue is not 200,000 but 130,000, an incrementality factor of

0.65. Now the conundrum in its purest form: one trustworthy causal number at the channel level, and

three untrustworthy but granular numbers beneath it. How do we push the channel truth down to the

ad sets?

Method 1, the flat iFactor multiplier

The simplest move is to apply the 0.65 factor uniformly to every ad set's reported revenue.



AD SET REPORTED × 0.65 INCREMENTAL IMPLIED IROAS

A 100,000 × 0.65 65,000 1.30

B 60,000 × 0.65 39,000 1.56

C 40,000 × 0.65 26,000 1.04

It sums to 130,000, which is reassuring. But look at what it quietly assumed: that every ad set is

equally over-credited by the platform. The flat multiplier simply rescales the platform's existing

ranking, so ad set B remains the star purely because the platform said so. If the platform's bias is

uneven, and it almost always is, with retargeting-adjacent audiences far more over-credited than true

cold prospecting, this method faithfully preserves exactly the distortion we were trying to correct. It is

honest at the channel level and naive beneath it.

Method 2, distribute by spend

The opposite instinct is to ignore the platform's revenue claims entirely and split the 130,000 in

proportion to where the money went.

AD SET SPEND SHARE INCREMENTAL IMPLIED IROAS

A 50% 65,000 1.30

B 25% 32,500 1.30

C 25% 32,500 1.30

This also sums to 130,000, and it has the virtue of not trusting the platform's revenue at all. But it has

thrown away too much: by construction, every ad set now shows an identical 1.30×. We have erased

all difference in efficiency, precisely the thing a manager needs to know. Spend-ratio distribution

answers “where did the money go?” when the question was “where did the money work?”

Method 3, the hybrid we recommend

Neither extreme is satisfying. The practical path marries the two ideas on a single reasonable

assumption: that each ad set sits on the same shape of diminishing-returns curve as the channel it

belongs to. We do not have enough data to estimate a separate saturation curve per ad set, but it is

far more plausible that an ad set inherits the curvature of its parent tactic than that it has a wholly

unique shape. So we anchor the total with the iFactor (the 130,000 is sacred, it came from the

causal model), but distribute it using the channel's diminishing-returns curve evaluated at each ad

set's spend.



AD SET SPEND POSITION ON CURVE INCREMENTAL IROAS

A · broad 50,000 furthest out, returns bending 56,667 1.13

B · lookalike 25,000 mid-curve 36,667 1.47

C · interest 25,000 mid-curve 36,667 1.47

Still sums to 130,000, as it must. But notice how it differs from both extremes. Ad set A, the big

spender, is pulled down from 1.30× to 1.13×, because the curve says its later dollars are working

less hard, the diminishing-returns logic of Chapter 7, now applied beneath the channel. Ad sets B

and C, spending in the more efficient part of the curve, are credited more generously per dollar. The

hybrid uses the causal model for the level and the saturation shape for the distribution, taking the

best of each.
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Ad set A Ad set B Ad set C

Flat iFactor By spend Hybrid

Figure 9. The same channel incremental (130,000) distributed three ways. Only the hybrid lets the diminishing-returns shape speak,
pulling the high-spend ad set down and surfacing a ranking a manager can actually act on.



◆
F R O M  T H E  F I E L D

A manager looking only at platform numbers would scale ad set B hardest (reported
2.4x) and consider cutting C. The flat iFactor keeps that ordering. The hybrid tells a
more useful story: B and C are actually similar in incremental efficiency, and the real
signal is that A, the one the platform and the manager both felt safest about because it
is large, is the one whose marginal dollar is working least hard. That is a different and
better decision.

! FA L L A C Y  # 9

A granular incremental number is as trustworthy as the coarse one it came from.

✓ T R U T H

Granular numbers are coarse causal truth multiplied by an assumption, that ad sets share
their channel's curve shape. The assumption is reasonable and far better than the
alternatives, but it is still an assumption. Treat ad-set incrementality as an informed ranking,
not a measured fact, and keep the trust where the data can support it.

What this chapter is really saying

The deeper lesson is a discipline about where trust comes from. The level of incrementality is a

causal question, and it must come from the strategic instruments. The shape of how returns diminish

is a property of the tactic, stable enough to lend to its children. And the platform's granular numbers

are useful only as relative texture, never as a source of causal truth. This is the first place in the book

where the methods have to actively cooperate, a preview of the whole framework in Part III. But

before we get there, the next idea quietly undermines every coefficient so far: we have assumed our

variables sit politely side by side. In reality they push on one another.
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Variables That
Drive One Another
The first principle is that you must not fool yourself, and you
are the easiest person to fool.
Richard Feynman

We now arrive at the idea that quietly undermines almost every coefficient discussed so far, and that

most marketing models simply pretend away. Through Chapters 5 and 7 we spoke of a coefficient as

the effect of one variable “holding the others fixed.” That phrase contains a hidden assumption so

large it is easy to miss: that the others can be held fixed independently, that your channels and

drivers sit politely side by side, each contributing its own slice of sales without disturbing the rest.

They do not. In a real marketing system the variables push on one another.

The marketing system is a web, not a row

Consider four things every marketer knows in their bones, even if their model does not. Prospecting
drives branded search, upper-funnel ads make people curious, and some go to Google and type

your brand name, so branded-search conversions rise on demand prospecting sent it. Television
feeds retargeting, a TV flight lifts site visits, which fill your retargeting pools, so retargeting's

numbers swell on the back of a channel it had nothing to do with. Top-of-funnel activity supports
the baseline, the organic, word-of-mouth stream that shows up as “sales we cannot attribute” is

partly the long shadow of last quarter's awareness spend. And most treacherous of all, seasonality
drives your spend decisions: you pour money into Facebook every December because you know

December is big, so spend and revenue rise together every holiday. A naive model sees that tight

correlation and concludes Facebook is wildly efficient, when the correlation may be almost entirely

seasonality, the tide lifting both boats.



Each of these breaks the tidy “holding the others fixed” story. You cannot hold branded search fixed

while you vary prospecting, because prospecting causes branded search to move. The variable you

wanted to keep still is downstream of the one you are pushing.

D E F I N I T I O N

The data-generating process (DGP). The real network of cause and effect that produced
your data: which variables drive which, in what direction, with what mediation and feedback.
The DGP exists in the world whether or not your model acknowledges it. A model that
contradicts the DGP can fit the data beautifully and still be causally wrong.

Structure must pre-date the model

Here is the principle that follows, and it inverts how most modeling is actually done. The structure of

the system has to be decided before the model is fit, not discovered after. You do not throw all your

variables into a regression and read off what comes out; the regression has no idea which arrows

point which way, and it will happily hand you a confident coefficient that points backwards. You first

lay down your best understanding of the data-generating process, and only then estimate effects in a

way that respects that structure. This is the heart of what is meant by causal marketing mix

modeling, as opposed to the ordinary kind.

The causal DAG

A causal DAG, a directed acyclic graph, is a map of the data-generating process. Each variable is a

node. Each arrow is a claim of direct causation, pointing from cause to effect. “Directed” because the

arrows have direction, not the symmetric two-way street of mere correlation. “Acyclic” because you

are not allowed loops that let a variable cause itself; time only runs forward. The power of drawing

the DAG is that it forces your assumptions into the open, where they can be argued with. An arrow

from prospecting to branded search is a falsifiable claim about your business; an experiment can test

it. Three small DAG shapes explain most of the ways a marketing model goes causally wrong.



CHAIN · mediation FORK · confounder COLLIDER · the trap

Prosp Brand Sales

Credit flows through
the mediator.

Seas

Spend Sales

Shared cause fakes
a correlation.
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Condition on it and you
invent a link.

Figure 10. The three building blocks of a causal DAG. The chain carries a real effect through a mediator. The fork is a confounder
creating a correlation that is not a cause. The collider is the trap: conditioning on the meeting point invents an association that was
never there.

The chain (mediation)

A chain is prospecting → branded search → sales. Prospecting genuinely drives sales, but partly

through branded search; branded search is a mediator. If you naively control for branded search, you

absorb into it the credit that belongs to prospecting, and conclude prospecting does little, when in

fact it was the prime mover and branded search merely its messenger. Mediation is why upper-funnel

channels are so often under-credited: their effect has been quietly handed to the lower-funnel

channels they feed.

The fork (confounder)

A fork is seasonality → Facebook spend and seasonality → sales. One common cause drives two

things at once, so they move together. They are correlated, strongly, but the correlation is not

causation; it is the shared parent showing through. Seasonality here is a confounder, the single most

common reason marketing efficiency is overstated. The fix is to control for it explicitly, so the spurious

part of the correlation is removed and what remains is closer to the channel's true effect.

The collider (the subtle trap)

A collider is the dangerous mirror image. Suppose ad quality → conversion and bid → conversion:

two independent causes both feed the same effect. Conversion is the collider, the meeting point. The

trap: if you control for it, or select your data on it, looking only at converting users, you manufacture a



correlation between ad quality and bid that does not exist in reality. Controlling for the wrong variable

is not harmless conservatism; it can invent relationships out of nothing. This is why “just add more

controls to be safe” is bad advice.

! FA L L A C Y  # 1 0

Adding more control variables makes a model more rigorous.

✓ T R U T H

Controlling for a confounder removes bias; controlling for a mediator hides real effects;
controlling for a collider invents fake ones. 'More controls' is not more rigour. Only the causal
structure tells you which variables to include and which to leave alone, which is why the DAG
has to come first.

Revisiting “holding the others fixed”

Now we can return to Chapter 5 with sharper eyes. A coefficient is the effect of a variable “holding

the others fixed.” But the DAG has shown that some of the others cannot be independently fixed,

because they are caused by the variable of interest. Asking the model to hold branded search

constant while increasing prospecting is asking it to describe a world that cannot exist, and the

coefficient it returns is a kind of fiction, mathematically defined, causally meaningless. The resolution

is to let the DAG decide what should be held fixed (the confounders), what should carry its effect (the

mediators), and what must never be touched (the colliders). The coefficient stops being “the effect

with everything else frozen” and becomes “the effect propagated correctly through a system we have

honestly mapped.”

What to take from this chapter

The lesson is almost moral in its simplicity: the easiest person to fool is yourself. A model that lets the

data speak without a structure will fool you with confident coefficients that point the wrong way, credit

the messenger over the mover, and occasionally invent relationships entirely. The defense is the



unglamorous work first: draw the data-generating process, argue about the arrows, commit to a

DAG, and only then estimate. Structure before numbers. It is the difference between a model that fits

your data and a model that understands your business.
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Causality-Powered Prediction
It is difficult to make predictions, especially about
the future.
a Danish proverb, often pinned on Niels Bohr

So far we have treated measurement as a backward-looking act: what did my marketing do? But the

reason anyone measures is to decide what to do next, and “next” lives in the future, a place no data

has yet visited. The moment a marketer asks “what will happen if I shift budget this way?” or “what

revenue should I plan for next quarter?”, measurement quietly becomes forecasting. And forecasting

exposes a limitation in the humble regression that the previous chapters have been circling. A

regression is not built to predict the future. It is built to fill in the present.

Interpolation versus extrapolation

Picture the cloud of data points a regression was fitted to: weeks of spend and sales, scattered

across the ranges they actually took. A regression is superb at answering questions inside that cloud.

Given a spend level it has seen many times before, in conditions like those it was trained on, it will

return a sensible sales estimate. This is interpolation, reading a value from within the territory the

model has mapped, and it is what regression does best.

The future is not inside the cloud. Next quarter will have spend levels you have not tried, in a

competitive and seasonal context that has not yet occurred. Asking the model about it is

extrapolation, reaching beyond the mapped territory into terrain the data never covered. And

regression extrapolates badly, by design, because it confidently extends whatever shape it found

inside the cloud out into a void where that shape may no longer hold. The straight line that fit your

observed spend range will keep rising forever if you let it, promising returns from a budget you have

never deployed, exactly the linear fallacy of Chapter 7, now wearing the costume of a forecast.



There is a second, quieter problem. Standard regression assumes its observations are independent

and identically distributed, the famous IID assumption: each data point a fresh, unrelated draw from

the same stable process. Marketing data violates both halves. It is not independent, because this

week's sales are tied to last week's through adstock, loyalty, and momentum. And it is not identically

distributed, because the process itself drifts, as Chapter 5 insisted, with fatigue, seasonality, and

competition. A tool that assumes a calm, stable, memoryless world is being asked to forecast a

turbulent, autocorrelated, drifting one.

D E F I N I T I O N

Interpolation and extrapolation. Interpolation estimates an outcome within the range of
conditions the model has already observed; extrapolation estimates one beyond that range.
Regression is reliable at the first and treacherous at the second. Forecasting demand is
almost entirely the second.

Most of the outcome is baseline

Now add the fact that makes forecasting genuinely hard in marketing, and that humbles every vendor

who claims their model “explains sales.” For most established businesses, the majority of next

quarter's revenue will not come from the marketing you are measuring at all. It will come from the

baseline: the organic, brand-driven, returning-customer, word-of-mouth demand that would arrive

even if you went dark. Media typically moves a minority of total sales; the baseline carries the rest,

shaped by trend, seasonality, price, distribution, and the slow accumulated equity of the brand.

This has a sharp consequence. If you want to predict total sales, and you must, in order to plan, then

getting the baseline trajectory right matters more than getting any single channel's coefficient right,

because the baseline is the larger number. A model that nails Facebook's incrementality but mis-

forecasts the baseline will miss the total badly. So a serious measurement platform needs, sitting

alongside its causal engine, a genuinely robust forecasting engine whose job is to extrapolate the

baseline, the trend and seasonality and trajectory, into the future with as much honesty as a hard

problem allows.



Why a single forecasting model is fragile

The instinct is to reach for the one best forecasting algorithm. But forecasting has no universally best

algorithm, and the reason is instructive. Different methods encode different assumptions about how

the future resembles the past. A classical time-series model assumes smooth trend and stable

seasonality. A gradient-boosted machine learner captures sharp nonlinearities but can lurch when

pushed past its training range. A structural model leans on the shape you imposed. Each is right in

some regimes and wrong in others, and on thin, drifting marketing data you cannot reliably know in

advance which regime you are in. Betting the forecast on a single model is betting that its particular

assumptions will happen to hold next quarter.

Ensemble forecasting, and the wisdom of crowds

The robust answer borrows an idea older than machine learning: the wisdom of crowds. In the

classic story, a crowd at a county fair is asked to guess the weight of an ox; no single guess is exact,

the guesses scatter widely, yet their average lands startlingly close to the truth. The individual errors,

some too high, some too low, are partly independent, so they cancel when pooled. The aggregate is

wiser than almost any individual in it.

An ensemble forecast applies exactly this logic to prediction. Rather than crown one model, you run

several genuinely different forecasters, each with its own assumptions and its own characteristic

errors, and combine their predictions. Where they agree, you can be confident. Where they diverge,

the spread itself is honest information about uncertainty. Because their mistakes are partly

independent, pooling cancels much of the individual error, and the combined forecast is typically

more accurate and, more importantly, more stable than any single member, exactly the property you

want when a budget rides on the output.



Time → (forecast horizon to the right of the line)

forecast begins
individual models diverge

ensemble (averaged)

Figure 11. Past the forecast line, individual models fan out, each confident, each differently wrong. The ensemble (averaging their
partly-independent errors) lands more stably, and the spread between members becomes an honest read on uncertainty.

! FA L L A C Y  # 11

The most sophisticated single forecasting model will give the best prediction.

✓ T R U T H

On thin, drifting data, every single model is fragile in some regime, and you cannot reliably
know which regime you are about to enter. An ensemble of diverse models, averaged,
cancels independent errors and degrades gracefully when any one member is wrong.
Robustness beats individual brilliance when the future is uncertain, which it always is.

Prediction calibrated by causality

There is one final move, and it ties this chapter back to everything before it. A forecast can be

statistically excellent and causally nonsense. An unconstrained learner, asked what happens when

you triple Facebook spend, might extrapolate a fantasy, because nothing in pure pattern-matching

forbids it from running off the top of the saturation curve we drew in Chapter 7. The cure is to let the

causal understanding discipline the predictive machinery. The saturation curves cap what additional

spend can plausibly return. The DAG of Chapter 9 ensures the forecast respects which variables



drive which. The incrementality factors keep channel contributions honest. The forecast is free to be

clever about trend and seasonality and the baseline, but it is not free to violate what the causal

model knows about how marketing actually works.

This is what we mean by prediction calibrated with causality: an ensemble forecasting engine

handling the genuinely hard extrapolation of the baseline and the trajectory, fenced in by a causal

model that refuses to let it predict things that cannot happen. Neither half suffices alone. A causal

model without a forecaster cannot tell you next quarter's number; a forecaster without causal

constraints will eventually predict a miracle. Together they give you a forward-looking number you

can actually plan against.

What to take from this chapter

Measurements that cannot look forward cannot inform a decision, because all decisions are about

the future. But looking forward is extrapolation, and extrapolation is where ordinary regression, built

for the calm interior of the data it has seen, is least trustworthy. The way through is to separate the

jobs honestly: use a robust ensemble to forecast the large, hard baseline, draw on the wisdom of

many diverse models rather than one fragile favourite, and discipline the whole prediction with the

causal structure so it never forecasts the impossible. Prediction and causality are not rivals. The

future is best predicted by a crowd of forecasters kept honest by an understanding of cause.
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A Short Note on
Multicollinearity
Entia non sunt multiplicanda praeter necessitatem.
William of Ockham, on not inventing more than the evidence supports

This is the shortest chapter in the book, and deliberately so, because its subject is a problem that

has no clean solution, only honest trades. But it is a problem you will meet constantly, and a

marketer who understands it will be far harder to fool with a confidently precise coefficient that is,

underneath, a coin toss.

When variables refuse to separate

Multicollinearity is what happens when two or more of your inputs move together so closely that the

model cannot tell their effects apart. Suppose you almost always run Facebook and Instagram in

lockstep: when one is up, so is the other, week after week. The model sees their combined effect on

sales clearly enough, but it has no way to decide how to split that effect between them, because it

has never seen one move without the other. Ask it for Facebook's coefficient and it will give you a

number, but the number is unstable: a slightly different dataset, a few weeks added or dropped, and

the credit sloshes from one channel to the other while their sum stays roughly fixed.

This is not a bug in any particular algorithm. It is a fundamental limit of what correlated data can tell

you. The information needed to separate the two channels simply is not present, because they

never varied independently. No amount of cleverness manufactures information the data does not

contain, the same iron law we met with thin data in Chapter 2. Multicollinearity is that law wearing a

particular outfit.



D E F I N I T I O N

Multicollinearity. A condition in which two or more predictors are so correlated that their
individual effects cannot be reliably separated. The model can estimate their combined
contribution but distributes it between them unstably, producing coefficients that look precise
and are in fact fragile.

Two cures, both of them approximations

There are two standard ways to tame this, and the honest framing, the one this whole book keeps

returning to, is that neither is a truth. Both are approximations that impose outside structure to

stabilize an answer the data alone cannot pin down.

C U R E  1  ·  R E G U L A R I Z AT I O N

Ridge regression adds a penalty that
discourages large, wild coefficients, shrinking

them toward modest values. It trades a little bias
for a lot of stability: a stable, slightly-biased
number is far more useful for decisions than an

unbiased number that swings wildly. The penalty
strength is a dial, and where you set it is a
judgment, not a fact.

C U R E  2  ·  S T R O N G  P R I O R S

The Bayesian route. If you know from an
experiment or prior models that Facebook is

worth roughly so much, you encode that as a
prior, and the model leans on it to break the tie.
A good prior, seeded by a geo experiment, is

one of the most powerful tools available. But a
prior is an assumption, a poor one quietly
imposes a wrong answer.

Notice that the two cures are siblings. Regularization shrinks toward zero (or a group mean); a

Bayesian prior shrinks toward whatever the prior believes. Both work by pulling the unstable estimate

toward something more stable that comes from outside the correlated data. Both are, in the end,

principled ways of saying “the data cannot settle this, so here is some outside structure to settle it.”

Which to reach for depends on what outside knowledge you actually have: a credible experiment

argues for a prior; the absence of one argues for the more agnostic discipline of regularization.



! FA L L A C Y  # 1 2

A precise-looking coefficient is a reliable one.

✓ T R U T H

Under multicollinearity, a coefficient can look sharp to three decimal places and be, in truth,
one of many near-equivalent splits the data cannot distinguish. Its precision is an artifact of
the cure imposed on it, regularization or a prior, not evidence of a stable underlying fact.
Always ask how the credit between correlated channels would move under a small change in
the data.

What to take from this chapter

The takeaway is a posture of humility about precision. When channels move together, the model's

confident split between them is partly a fiction authored by whichever cure was applied. That is not a

reason to despair or distrust the model wholesale; it is a reason to hold collinear coefficients loosely,

to lean on experiments to break the worst ties, and to remember that regularization and strong priors

are not competing claims to truth but two reasonable ways of being honest about what the data

cannot, by itself, decide. Ockham's preference for not inventing more than the evidence supports is,

in the end, the right instinct: when the data cannot separate two things, the wise model does not

pretend that it can.
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Can We Just Get More Data?
We are drowning in information but starved for knowledge.
John Naisbitt

Every chapter of Part II has circled the same wound: the data is thin. The signals are weak, the

observations few, the relationships always moving. So the most natural question in the world, the one

any sharp executive asks within five minutes of understanding the problem, is the title of this chapter.

If thin data is the constraint, can we not simply get more of it?

It is the right instinct, and it deserves a serious answer rather than a vendor's reflexive yes. There are

exactly two honest ways to find more “tosses of the coin,” and they are genuinely different. You can

look more often, or you can look wider. One of them is mostly a trap. The other leads to the single

most-recommended cure for small-data measurement, hierarchical models, which are powerful,

fashionable, and quietly dangerous in a way most of their champions gloss over.

Path one: look more often

The first idea is to examine the data at a finer cadence: daily instead of weekly, or even hourly. More

rows, more apparent information. It sounds like found money. It mostly is not, for four reasons that

compound. First, marketing data is at heart a time series, and time-series methods prefer smoother

data, higher-frequency data is noisier almost by definition, so you spend your new resolution

cleaning up jitter, smoothing the daily series back toward the weekly one you started with. Second,

recall that adstock can only be expressed in the time unit of the data: a genuinely long-term brand

effect becomes far harder to see when your unit of time is an hour. Third, not all variables even have

a high-frequency version, sponsorships, TV, and influencer spend arrive as lumpy monthly outflows,

and prorating them to hours is mostly fiction. Fourth, decisions look forward, and finer data means a

harder forecast: a daily model forecasting thirty days injects far more uncertainty into exactly the

outputs you most want to trust.
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Higher-frequency data means more information.

✓ T R U T H

Finer cadence usually buys more noise, not more signal. Weekly data is smooth, expresses
carryover in useful units, matches how lumpy spends actually arrive, and forecasts over
shorter, safer horizons. Resolution is not the same as knowledge.

The honest verdict on path one: occasionally useful, often a way to feel busier and more precise

while learning less. Which sends us to the path that actually works, and actually bites.

Path two: look wider

The second idea is to widen rather than deepen. Instead of one national model wringing what it can

from a few hundred weeks, estimate the effects across many comparable units at once, geographies,

audience segments, products, and model them together. Now a data-poor unit is no longer alone

with its sliver of noisy data; it sits among siblings, and can borrow from them. This is the domain of

hierarchical models (also called multilevel or mixed-effects models), and the cleanest way to

understand them is as the sensible middle of a spectrum with two bad extremes.

NO POOLING
each unit alone

Takes each noisy unit at face value.
Scattered, overfit to its own noise.

PARTIAL POOLING
the hierarchical middle

Pulls each estimate partway to the
mean, more for data-poor units, less
for data-rich.

COMPLETE POOLING
one number for all

Collapses everyone to a single number.
Stable, but denies real differences.

Figure 12. The pooling spectrum. No pooling takes each noisy unit at face value; complete pooling collapses everyone to a single
number; the hierarchical model pulls each estimate partway toward the grand mean, more for data-poor units, less for data-rich
ones.



The everyday analogy is grading a student who has sat only two exams. No pooling takes those two

scores at face value, noisy and unfair if one was a bad day. Complete pooling ignores the scores and

assigns the class average, unfair in the other direction. Partial pooling blends them: mostly the

student's own results when there are many, mostly the class average when there are few. Done well,

this is genuinely powerful, more stable estimates, a principled way to share information, and usable

readings for thin slices you could never estimate in isolation. So why is it not simply the default?

Why hierarchical models are not always right

Because the very mechanism that makes them attractive, shrinking estimates toward a shared

mean, is also exactly where they can quietly mislead. Most painful: shrinkage can erase the signal
you came for. If your question is “which geographies respond differently to Facebook?”, a model

engineered to pull every geography toward the common mean will flatten precisely the heterogeneity

you were trying to measure. You end up “discovering” that all geos behave alike, when all you did

was assume it through the model's structure and read your own assumption back out as a finding.

The “siblings from one family” assumption is doing enormous work, too: pooling only helps if the units

are genuinely exchangeable. And it reallocates information; it cannot manufacture it, pooling several

dirty reads does not conjure a clean one. Well-organized garbage is still garbage.

! FA L L A C Y  # 1 4

A hierarchical model gives you more data.

✓ T R U T H

It gives you a more disciplined way to share the data you already have. When the units are
truly comparable and some are data-poor, that sharing is invaluable. When they are not, or
when their differences are the very thing you wanted to measure, the same machinery
launders noise into false confidence.

What Part II has taught us

Step back. We asked whether we could escape thin data by getting more, and the answer is a

disciplined “sometimes, and never as much as you hoped.” Looking more often mostly buys noise.

Looking wider genuinely helps when the units are comparable, but it reallocates information rather



than creating it, and can launder noise into false confidence if you are not careful. There is no path

here that abolishes the fundamental scarcity. There is only the craft of working honestly within it.

And that is the real lesson of Part II, the one that makes the framework in Part III not just sensible but

necessary. No single estimator, however refined, escapes the physics of small data. Not a cleverer

regression, not the right statistical philosophy, not a finer cadence, not the most elegant hierarchy.

Every one produces an imperfect read. The way out is not a better single read. It is several imperfect

reads, built on different principles, with different blind spots, arranged so they check and correct one

another. Robustness comes from triangulation, not from one beautiful equation. That is what

Part III builds.



PA R T  I I I

The Unified Marketing
Measurement
Framework
Parts I and II argued that no single method can measure marketing
alone. Part III is the constructive answer: how several imperfect
methods, made to cooperate, become a system that can, with a
name, a shape, and a process you can run.
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The Decision-Level Blueprint
Would you tell me, please, which way I ought to go from
here?, That depends a good deal on where you want to
get to.
Lewis Carroll, Alice's Adventures in Wonderland

We opened this book by insisting that measurement exists to serve decisions, and then spent two

parts establishing why each individual method, asked to serve every decision at once, fails. Before

we assemble those methods into a framework, we owe ourselves one piece of unglamorous

engineering: a specification. What, concretely, must a measurement system deliver at each level of

the decision hierarchy from Chapter 2, and how fast must it move to be useful there? Name the job

before hiring for it. Otherwise we will build something elegant that solves the wrong problem, the

most expensive mistake in this entire field.

So this short chapter is a blueprint. It takes the strategic, tactical, and operational levels and writes

a job description for each: the nature of the solution it requires, and the speed at which that solution

has to operate. Everything in the chapters that follow exists to fill these three job descriptions

at once.



Strategic
QUARTERLY ·  SLOW

NEEDS

Whole-business view of every
lever; unified contribution to profit
& growth; forecast and optimize,
it is a bet on the future.

INSTRUMENT

Marketing mix modeling

Tactical
MONTHLY ·  MEDIUM

NEEDS

Channel-level allocation; scenario
planning; ranked scale/hold/cut
opportunities; medium-horizon
forecast to check a move before
making it.

INSTRUMENT

MMM outputs, translated to
moves

Operational
DAILY ·  FAST

NEEDS

Real-time bid & budget tuning;
continuous experimentation;
fast, granular, actionable signal at
the ad-set level.

INSTRUMENT

Experiments + attribution
texture

Figure 13. Three job descriptions, one system. Strategic decisions need a slow, broad, forecast-capable instrument; tactical
decisions a medium-speed allocation engine; operational decisions a fast, granular, experiment-driven one. No single method fills all
three columns.

The blueprint exposes the whole problem

Read Figure 13 across and the thesis of the book becomes a visual fact. The three columns ask for

different, partly contradictory things: breadth versus granularity, robustness versus speed, forecast

versus real-time reaction. We have already shown that marketing mix modeling owns the strategic

column, attribution and experiments own the operational one, and the tactical column needs a

translation between them. No single method spans the row. A system that serves all three must

therefore be plural by design, several methods covering for one another's gaps, which is precisely

the framework the next chapter finally names.

D E F I N I T I O N

The decision-level blueprint. A specification stating, for each level of the decision
hierarchy, the nature of the measurement solution required and the speed at which it must
operate. It is the job description a measurement framework must satisfy, and the test against
which any single-method pitch immediately fails.



And the framework that fills all three columns at once? It has a name we have been deferring for

twelve chapters. It is the Unified Marketing Measurement framework, and its first principle is the most

misunderstood diagram on the internet.
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Triangulation &
Measurement Orchestration
The whole is greater than the sum of its parts.
Aristotle, who never bought media but understood systems

There is a diagram you have almost certainly seen. Three corners, labelled Attribution, Marketing Mix

Modeling, and Experiments, joined into a triangle, with the word triangulation hovering nearby. It is

everywhere in the measurement world, and it is almost universally misunderstood. Nearly every

marketer we have spoken with reads it the same way: put the three numbers side by side and check

whether they agree. If they do, you have found the truth. If they do not, something is broken.

That reading is wrong on both counts, and clearing it up is the doorway to the entire framework.

Misconception one: that the numbers should agree

You should not expect them to. We spent all of Part II establishing why. These are three different

methods, quantifying different things, over different time scales. Attribution reads granular, fast-

moving, immediate signals. MMM reads a strategic, multi-year average. An experiment reads the

causal truth at a single point in time, right now. Asking whether a multi-year average agrees with a

present-moment experiment is, as Chapter 5 showed with the road trip, asking whether your trip

average of 50 equals your current speed of 75. Of course it does not. Agreement between the three

would not be a triumph; it would be a coincidence so unlikely you should suspect a bug.

This single reframe rescues more measurement programs than any algorithm. The room that says

“our models contradict each other, so measurement does not work” has misunderstood the tool. The

room that says “our models describe the same business at different time scales, so let us learn from

the differences” is ready to triangulate.
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Triangulation means the three methods should converge on one number.

✓ T R U T H

The three methods measure different quantities at different time scales, so disagreement is
the normal, expected, and informative result. Convergence is not the goal and would be
suspicious. The differences are the signal, not the failure.

Misconception two: that comparison is the point

It is not, and here is the unglamorous proof. If side-by-side comparison were the whole value of

triangulation, you would not need a platform to do it. You could pull your attribution numbers, your

MMM output, and your in-platform lift results into a spreadsheet yourself, line them up, and squint.

That takes five minutes a day and a junior analyst. Beyond the modest convenience of having them

in one place, comparison alone is not worth building a system around.

The real idea is this. If you are going to run all three methods anyway, and a serious measurement

operation does, then do not merely compare them. Integrate them, so that each method actively

strengthens the other two. The output of one becomes an input that improves the next. That

integration is the entire point, and it is only possible when all three methods live in one place, sharing

data, on one platform. We call this integration Measurement Orchestration, and it is the difference

between owning three instruments and owning a system.

D E F I N I T I O N

Measurement orchestration. The active integration of attribution, marketing mix modeling,
and experiments so that each method's output improves the others, rather than merely
sitting beside them for comparison. Triangulation is the principle; orchestration is the
practice. It requires the three methods to share one data foundation, which is why it cannot
be assembled from three separate vendors.
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tes

calibratesgenerates
hypotheses

deduplicates · texture

Experiments
causal anchor

MMM
the strategist

Attribution
granular texture

Figure 14. The misunderstood triangle, redrawn. The three methods do not sit at the corners to be averaged; they pass strength
along the edges. Experiments calibrate MMM and attribution; MMM generates the hypotheses experiments should test and
deduplicates attribution; attribution supplies the granular texture the others lack.

What flows along the edges

Experiments are the closest thing to causal ground truth, so their results flow outward to calibrate

both MMM and attribution, anchoring the statistical models to a hard causal reading. MMM sees the

whole board over time, so it flows the other way: it generates the hypotheses experiments should

test (telling you which channel is most worth the precious testing bandwidth), and it deduplicates the

attribution numbers, stripping out the double-counting that platform reporting is riddled with.

Attribution, the junior member, contributes the granular, operational texture, the ad-set-level signal,

that neither strategic method can produce, and its sudden swings generate fresh hypotheses

worth testing.

None of this is comparison. Every arrow is one method doing work for another. That is orchestration,

and it is why the whole becomes greater than the sum of its parts.



Why one platform, and not three vendors

It is worth being explicit about the architectural claim hidden in all this, because it is the part vendors

of single methods most want to obscure. Orchestration requires that the three methods share one

data foundation. An experiment can only calibrate an MMM if the experiment's result can be fed into

the model's next refresh in a structured, automatic way. MMM can only deduplicate attribution if both

are computed on the same underlying events. The hypotheses MMM generates can only be tested

cheaply if the testing engine is right there. Stitch three separate vendors together and you get back

the spreadsheet: three numbers to compare, and none of the arrows. The integration is the product.

The three methods are merely its ingredients.

This is also the honest answer to the analysis-paralysis worry we address in Part IV. Orchestration is

not three times the work; done right it is less work, because each method makes the others cheaper

and more trustworthy, and because a good platform hides the machinery and surfaces the decision.

But before objections, we have to meet the three methods properly, as the specialists they are, and

understand exactly what job each one is uniquely qualified to do. That is the next chapter.
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The Three Jobs
All who drink of this remedy recover, except those whom it
does not help, who all die. It is obvious, therefore, that it
fails only in incurable cases.
Galen, c. 200 CE, performing last-click attribution on a population of patients

Orchestration only works if each method is doing the job it is actually good at. Asked to do another's

job, each fails in the ways Part I catalogued. So this chapter meets the three specialists properly,

names the unique work each is qualified for, and is honest about the limits of each, including the

uncomfortable truth that the most prestigious of them, the experiment, is not quite as causal as its

admirers believe.

MMM: the strategist that generates hypotheses

Marketing mix modeling is the easiest way to generate incremental and marginal measurements at

scale, across many channels and many time periods at once. It is the only method that sees the

whole board, and that breadth gives it a job none of the others can do: it produces the testing

hypotheses. Because the model has an opinion about every channel's incrementality and marginal

return, it can tell you where your scarce, expensive testing bandwidth is best spent, which channel is

most worth interrogating with an experiment, rather than testing at random. And it can accept

experiment results back to improve itself, the calibration loop we devote the next chapter to.

So the orchestration value of MMM is fourfold: it generates the hypotheses worth testing; it makes

those tests easy to design and deploy; it gets calibrated by the experiments it proposed; and it

deduplicates and calibrates the attribution numbers beneath it. It is the strategist of the system, and

its outputs are the questions the other two methods go to work on.



Experiments: the causal anchor, and why they are only quasi-causal

Incrementality experiments build a controlled comparison: a treatment group exposed to the

marketing and a control group held back, with the assignment randomized. In geo testing the units

are states or media markets; in split testing they are user profiles. The experiment measures the lift

between the groups and so reads incrementality with real causal confidence, but, crucially, only in

the present moment, and only for as long as the test runs. Carryover beyond the test window has to

be modelled, assumed, or, too often, ignored.

This is the closest thing marketing has to causal ground truth, which is exactly why experiment

results flow outward in the triangle to calibrate everything else. But copying the clinical RCT into

marketing runs into two hard problems. The first is randomization: in a geo test it means choosing

treatment and control markets such that the control can serve as a credible stand-in for what the

treatment markets would have done, notoriously hard. The second is control: while you test one

intervention, everything else should hold at status quo, which is nearly impossible in a live market

where competitors, seasons, and prices all keep moving. Because of these, marketing experiments

lean on algorithms to manufacture synthetic randomization and synthetic control, the Synthetic

Control Method is the one we use, with regression and difference-in-differences as common

alternatives. They are powerful, but they are approximations. That is why the honest word is

quasi-causal.

D E F I N I T I O N

Quasi-causal. Describing a marketing experiment that establishes causality through
synthetic or imperfect randomization and control rather than the pristine conditions of a
clinical trial. Quasi-causal evidence is the strongest causal signal marketing can produce
and the right anchor for calibration, but it carries more uncertainty than its clinical cousin and
must be read with that humility.

A cautionary tale: the $50,000 test that almost ended in disaster

The reverence for experiments is dangerous precisely because a badly designed test looks exactly

like a good one until it bankrupts a decision. A brand spends $1M a month across six platforms and

drives about $3M in revenue, a 3× blended return. It wants to test a promising new platform, call it X.



It scales X to $50,000 over two weeks, waits two more weeks, and observes that revenue rose by

$1M over the period. Thrilled, it credits the entire million to X and computes an incremental return of

1,000,000 ÷ 50,000, an apparent iROAS of 20×. It prepares to pour money into X.

Almost everything about this is wrong. It was a time test, not a geo test: it compared two different

periods and so smuggled seasonality straight into the result, the holiday-tide confounder of Chapter 9

in its purest form. Was $50,000 on a new platform even large enough to move a business already

running at twenty times that spend? Was one month ever long enough to read a result reliably? The

brand was one signature away from scaling a channel on the strength of pure noise. That is not

measurement. That is a coin flip wearing a lab coat.

◆
F R O M  T H E  F I E L D

What should have happened is a discipline: run the scale-up in a few carefully chosen
geographies, not the whole country. Pick them from a stable historical period so
treatment and control clusters genuinely resemble each other. Run a power analysis
for the specific lift you hope to detect, and rank clusters by statistical power. Deploy the
best one, hold the split tightly for the full duration, and only then read the lift. On
acceptance, the result calibrates the MMM and recalibrates attribution. Extreme claims
like a 20x demand longer, costlier tests, not shorter ones.

! FA L L A C Y  # 1 6

A test that produced a number produced a result.

✓ T R U T H

An underpowered, uncontrolled, too-short test produces a number indistinguishable from
noise, and the more exciting the number, the more suspicious you should be. A result requires
power, control, randomization, and duration matched to the effect you are trying to detect.
Without those, the experiment has measured nothing, however confident the figure looks.



Attribution: the granular specialist, redeemed by the other two

We have been hard on touch-based attribution, and fairly so. But love it or hate it, it remains the only

method that can produce granular, sparse, fast-moving numbers at the ad-set and creative level, the

operational texture the strategic methods cannot reach. It gathers what user-level data it can, builds

the journeys, quantifies what was lost along the way, and applies a credit-allocation algorithm to

what survives.

The orchestration move is what redeems it. On its own, attribution's numbers are biased and non-

causal, the rooster of Chapter 4. But calibrated by experiments and deduplicated against MMM,

attribution becomes something better than itself: causal attribution, granular and trustworthy at

once. Its sudden swings become useful hypotheses worth testing, and it supplies the day-to-

day, ad-set-level context that strategic MMM, sitting up at the channel level, simply cannot. The

junior member of the team earns its place not by being right alone, but by being made right by the

other two.

Strategic

Tactical

Operational

MMM
strategic → tactical

Attribution
operational → tactical

Experiments
causal spine

all levels

Figure 15. The three jobs against the decision hierarchy. MMM is strongest at the strategic level and reaches down through tactical;
attribution covers the operational and reaches up; experiments run as a causal spine that calibrates both. Coverage is complete
only when all three operate together.



We now know the three specialists and their jobs. But the single most important arrow in the triangle,

the one that turns three separate methods into a system that learns, is calibration: the act of letting

a causal experiment correct a statistical model. It deserves, and now gets, a chapter of its own,

and it is where the 1.9×, 0.9×, and 3× numbers we have been carrying since Chapter 7 finally

come together.
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Calibration, the Virtuous Cycle
When a measure becomes a target, it ceases to be a
good measure.
Goodhart's Law

Calibration is the single arrow that turns three separate methods into a system that learns. It is the

act of letting a causal experiment correct a statistical model, and it is the beating heart of the whole

framework. It is also where the three numbers we have been carrying since Chapter 7, the 1.9×

average, the 0.9× marginal, and a 3× experiment, finally meet and are reconciled, without any of the

three having to be wrong.

Why an MMM needs calibrating at all

Recall what makes a marketing mix model more than an ordinary regression: the transformations.

The model must discover, for every channel, the right adstock decay, the right saturation shape, the

right lag. Nobody hands it these. So it tries an enormous number of candidate shapes and searches

for the combination that best explains the data. How many? Tens or hundreds of thousands of

candidates, explored long enough to be reasonably sure the good ones are somewhere in the pile.

Here is the uncomfortable truth about that search. It is essentially a random walk. The algorithm

wanders, like a madman set loose across a vast landscape of possible models, hoping to stumble

onto good ground. Most of the landscape is bad. With thin data, many different shapes will fit the

historical data about equally well while implying wildly different things about the future and about

incrementality. The search alone cannot tell the good fits from the lucky ones.

Calibration is a better guidance system for that walk. It is a way of telling the wandering model, “we

have outside, causal information about where the truth lies, walk toward it.” In a Bayesian frame,

calibration sets sensible priors, a good starting point the walk departs from. In a frequentist frame, it



sets objectives, for instance that a channel's share of credit should not drift too far from its share of

spend without strong evidence. Either way, calibration tames the madness, turning an aimless

wander into a guided search.

D E F I N I T I O N

Calibration. The process of using causal experiment results to guide and constrain a
marketing mix model's search, so that its estimates move toward the experimentally
established truth. Calibration does not overwrite the model with the experiment; it informs
the model's walk, leaving it free to fit everything else while pulling it toward the causal
anchor where one exists.

The worked example: 1.9×, 0.9×, and 3× walk into a model

A model built on data from January 2022 to October 2024 reads Facebook's average incremental

return at 1.9×, and its current marginal return at 0.9×. In plain terms: across the whole window

Facebook paid back well, but the model believes the next dollar is now expected to return only ninety

cents, because the channel has been pushed out along its saturation curve to where the marginal

has bent below breakeven. You doubt this. So you run an experiment, and, making the mammoth

assumption that it is designed and executed well, it reports with 95% confidence that Facebook is

driving at least 3× right now.

1.9× The road-trip average over nearly three years. True, and not in conflict with anything.

0.9× The model's read of the slope under your feet right now, its current marginal estimate.

3× The experiment's read of the causal truth right now.

Three numbers, apparently at war. The instinct is to declare a winner. Resist it. The only genuine

tension is between the model's current marginal (0.9×) and the experiment's present-moment

reading (3×). And that tension is real and useful information: it strongly suggests the model's

madman wandered too far from Facebook, under-crediting it, settling on a saturation shape that

bends down sooner than reality does. So we calibrate. We tell the model: we have good, causal



reason to believe Facebook is under-credited right now. On its next run, the model checks, at each

iteration of its walk, whether it is moving toward or away from the 3× reading within the test window.

The guidance system is engaged; the madman now has a compass.

What calibration does, and what it refuses to do

Will calibration obediently produce a model that reads exactly 3.5× average and 3× marginal? No.

Better guidance helps, but the model is still bound by all the other data it must explain. It will end up

near the calibration target, not necessarily on it. A calibrated model still reports averaged-out results,

still has its own job to do across every other channel and week, and may still disagree with the

experiment, and in a unified framework that lingering disagreement is fine, because we now have the

means to make sense of both.

UNCALIBRATED, THE MADMAN ROAMS

truth (3×)

ends anywhere

CALIBRATED, DRAWN TO THE ANCHOR

truth (3×)

ends near truth

Figure 16. Calibration tames the random walk. Without it, many shapes fit the data about equally well and the estimate roams. With
an experimental anchor, the search is drawn toward the causal truth, ending near it, rather than wherever the unguided walk
happened to stop.

Notice the discipline here, and it is where Goodhart's Law earns its place at the head of the chapter.

We do not simply freeze Facebook's coefficient to the experiment's 3× and declare victory. The

moment you make the experiment's number a rigid target, the model stops being an honest measure

and becomes a yes-man, contorted to confess whatever you wanted to hear. You guide it with the

experiment and let it remain itself, a calibrated model that has heard the causal evidence and moved

toward it, not a model overwritten by it.
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Calibration means forcing the model to match the experiment.

✓ T R U T H

Forcing the model onto the experiment's number makes the measure a target and destroys it,
exactly Goodhart's Law. Calibration guides the model's search toward the causal evidence
while letting it stay accountable to all the other data. A calibrated model ends near the test,
not nailed to it, and a residual disagreement is information, not failure.

The virtuous cycle

Put the pieces in motion and calibration becomes a cycle that compounds. The model proposes

where to test. The test returns a causal reading. The reading calibrates the next model. The

improved model proposes better tests. Each turn of the loop, the model gets a little more trustworthy

and the tests get a little better targeted, and the whole system converges, never perfectly, but

steadily, toward a more honest picture. This is the virtuous cycle, and it is the deepest reason the

methods must live on one platform: the loop only turns if the experiment's output can flow

automatically into the model's next input.

We have now seen every piece of the framework: the blueprint that specifies the jobs, the triangle

that wires the methods together, the three specialists, and the calibration loop that makes them learn

from one another. What remains is to put the pieces in sequence, to show the whole process turning,

end to end, as it would run in a real measurement operation over a real quarter. That is the final

chapter of Part III.
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Putting It Together: The
Process, End to End
Plans are worthless, but planning is everything.
Dwight D. Eisenhower

We have all the pieces. The blueprint named the jobs; the triangle wired the methods together; the

three specialists took their positions; calibration showed how a causal test corrects a statistical

model. What remains is to set the whole thing in motion and watch it turn, because the Unified

Marketing Measurement framework is not a diagram, it is a process, and a process is defined by its

sequence. This chapter walks that sequence end to end, as it would actually run over a quarter, and

then steps back to place the entire measurement effort in the larger loop it serves.

The loop, step by step

1 Build the first model. Begin with an MMM, the fastest route to initial reads of incrementality and
marginal returns across every channel at once. Build it on a sound causal structure (the DAG of
Chapter 9), conscious of every assumption going in.

2 Validate it. Before trusting a single number, goodness of fit, yes, but more importantly
backtesting, holdout error, and forecasting accuracy one to two months out. A model that fits the
past and fails the holdout has memorized, not learned.

3 Deduplicate & calibrate attribution. Use the model's temporal iFactors to calibrate the granular
attribution numbers, following a clear anchor preference: your own unified measurement first, a
neutral analytics source next, the self-interested platform figures last.



4 Generate recommendations & hypotheses. Produce the first recommendations and, just as
importantly, the first testing hypotheses: the channels the model is least sure about or most
surprised by, ranked as candidates for experiments.

5 Run the most important tests, well. Take the top hypotheses and test them with the discipline
of Chapter 15: proper geo selection, power analysis, tight control, sufficient duration. Not many
tests; the right tests.

6 Adopt conservatively while tests run. Do not freeze. Adopt some recommendations cautiously,
in selected geographies, capturing early value and feeding more signal back to the system.

7 Calibrate & refresh. When the tests complete, use their causal readings to calibrate the model,
then refresh it with the new data. The madman gets its compass; the estimates move toward the
causal truth.

8 Monitor for drift. Keep watching. As input distributions and inter-variable relationships shift,
yesterday's coefficients decay. Retrain or reconfigure the models that have drifted.

9 Repeat, graduating toward bolder moves. Turn the loop again, and as confidence compounds,
graduate slowly from conservative, hedged recommendations toward more aggressive ones.
Trust is earned by the loop, not assumed at the start.



Build
model

Validate
& calibrate

Recommend
& hypothesize

Test
experiments

Adopt
& monitor

the virtuous
cycle

Figure 17. The end-to-end process. It is a loop, not a line: experiments calibrate the model, the model proposes the next
experiments, and confidence compounds with every turn. Triangulation is not three outputs compared once; it is this cycle, turning.

Triangulation is the loop, not a snapshot

It is worth saying plainly, because it is the most common misreading even among people who have

accepted everything so far. Triangulation is not the act of comparing three outputs at a single

moment and hoping they line up. They will not, as Chapter 14 established. Triangulation is this loop,

turning over time: each method improving the others through cross-validation, refinement, and

calibration, which is only practical when all three live on one platform sharing one data foundation.

The static triangle is a freeze-frame of a process that only has meaning in motion.

Zoom out: measurement is one stage in a larger cycle

And now the final widening of the lens, the one that keeps measurement humble. Everything in this

chapter, the whole intricate loop of build and test and calibrate, is roughly one quarter of a still larger

cycle. Measurement does not exist for its own sake. It is a single stage in the continuous work of

marketing optimization, which runs: a strong data foundation feeds unified measurement, which

feeds analysis and action, which generates new outcomes and new data, which flow back into the

foundation, and the whole cycle turns again. Get the data foundation wrong and the best

measurement in the world is built on sand. Measure beautifully but fail to act on it, and you have

produced expensive decoration.
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The marketing optimization cycle. The larger continuous loop in which measurement is
one stage: data foundation, then unified measurement, then analysis and action, then new
data, and back again. A measurement framework earns its keep only by improving the action
stage that follows it; measurement that changes no decision is, however elegant, overhead.

What Part III has built

We came into Part III with a pile of imperfect methods and a promise that they could be made into a

system. We leave it with the system assembled: a blueprint that specifies what each decision level

needs, a triangle that integrates the three methods so each strengthens the others, three specialists

doing the jobs only they can do, a calibration loop that lets causal tests guide statistical models

without enslaving them, and an end-to-end process that turns the whole thing into a compounding

cycle of growing trust. It does not deliver the false utopia of one perfect number. It delivers something

better and real: several honest reads, kept honest by one another, turning in a loop, in service of the

decision at hand. What is left is to live with it, and the first thing anyone says, on seeing a system

with this many moving parts, is that it must be impossibly complex to run.



PA R T  I V

Making It Real
A framework that only works on paper is a worse deception than no
framework at all. Part IV is about living with the system in practice:
trusting it without being fooled by it, answering every objection, and
turning its outputs into the decisions that were the entire point.
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Accuracy Without
Self-Deception
It is better to be roughly right than precisely wrong.
commonly attributed to John Maynard Keynes

Every measurement program eventually faces a seductive question: how accurate is the model? It

sounds like the most sensible thing you could ask. It is, in fact, one of the most dangerous, because

accuracy is the easiest thing in all of statistics to fake, and a model optimized to look accurate is

often a model optimized to be useless. This chapter is about telling real accuracy from its counterfeit,

and about the slow decay, drift, that erodes even a genuinely accurate model the moment you stop

watching it.

Accuracy theatre: the model that is 96% accurate and worthless

Begin with a parable. In a population of one million people, 4% carry a certain disease. We build a

model to predict, from each person's attributes, whether they have it. Our model is very simple: it

always answers “no.” Sample a thousand people and check: the model is correct 960 times, because

96% of people genuinely do not have the disease. Ninety-six percent accuracy. It would pass almost

any naive accuracy test you could name. And it is completely, dangerously useless, because it never

once identifies a sick person, the only thing the model was built to do.

This is accuracy theatre, and marketing mix models can stage it just as easily. The mechanism is

different, classification versus regression, so the exact metric differs, but the lesson is identical: a

single accuracy number, taken alone, is trivially gamed and tells you almost nothing about whether a

model is good for its purpose. The right question is never “is it accurate?” in the abstract. It is “is it

accurate at the thing I need it to do, and how do I know it is not faking?”



! FA L L A C Y  # 1 8

A high accuracy score means a good model.

✓ T R U T H

A single accuracy number is trivial to game, the 'always say no' model scores 96% and
detects nothing. Accuracy is meaningful only relative to the decision the model serves, and
only alongside the other diagnostics that catch a model cheating. A lone high score is a red
flag, not a reassurance.

The deeper trap: memorizing the past

Marketing mix models stage a subtler and more expensive version of accuracy theatre, and it follows

directly from the thin data of Part II. A three-year weekly model has at most around 150 rows. That is

a trivially small number for a flexible algorithm to memorize. Give a sufficiently flexible model 150

rows and it can thread a curve through every single one of them, achieving near-zero error and a

near-perfect fit: predicted equals actual, everywhere, beautifully.

And then it fails the instant it meets new data, because you cannot memorize the future. A model that

has perfectly fit its training history has often learned the noise in that history, the random jitter

of those particular weeks, mistaking it for signal, exactly the over-flexibility we warned about in

Fallacy #6. The perfect in-sample fit is not evidence of a good model. It is the warning sign of a

memorized one.
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Training error (what a vendor shows)

Error on new data

honest model lives here

Figure 18. The overfitting trap. Training error (what a vendor can show you) keeps falling as the model grows more flexible; error on
genuinely new data turns back up as the model memorizes noise. The widening gap is the difference between a model that learned
and one that memorized.

Defending against the counterfeit

If a single accuracy number lies and a perfect fit is a warning, how do you actually judge a model?

With a combination of metrics, none trusted alone, and a stubborn insistence on testing against data

the model has never seen. R-squared is the popular headline metric, and it is fine as one input, but

watch it on both training and test data, because the gap between the two is exactly the overfitting

signal from Figure 18. Keep an eye on estimation errors across both windows. And, above all,

validate on genuinely new data, at least two to four months of it, before trusting a model with real

budget. A model that holds up on data from after the period it was trained on has earned a measure

of trust; a model that has only ever been graded on its own homework has not.

D E F I N I T I O N

Out-of-sample validation. Testing a model against data from outside its training window,
especially data from after it, to see whether it genuinely predicts or merely memorized. It is
the single most important defense against accuracy theatre, because the future is the one
exam a model cannot cram for.



Models drift, so trust has a half-life

Even a genuinely accurate, honestly validated model does not stay accurate. The world it learned is

not the world it will face. This is drift, and it is the reason a measurement model is the start of a

relationship, not the delivery of a product. Two things shift underneath a model over time. The input

distributions move: you spend differently, the channel mix changes, prices and promotions evolve.

And the relationships themselves move, the very point of Chapter 5, that effectiveness is a curve that

bends, as creatives fatigue, audiences saturate, and competitors enter and leave. A model you

trusted in January may be quietly wrong by April, not because it was ever bad, but because the world

moved and the model did not.

The discipline that answers drift is the one the process loop already prescribed: refresh on a regular

cadence, recalibrate with new experiments whenever possible (ideally the very ones the model

proposed), and, most importantly, monitor for drift rather than assuming stability. Every refresh

should re-confirm the accuracy diagnostics and, where the world has moved, retrain or reconfigure

the model. Trust in a model is not a one-time grant; it is a subscription that must be renewed.

! FA L L A C Y  # 1 9

A validated model stays valid.

✓ T R U T H

Validation is a snapshot, and the world keeps moving. Input distributions drift and the
underlying relationships bend, so a model's accuracy decays with time. Without a cadence of
refresh, recalibration, and drift monitoring, a once-trustworthy model becomes a confident
relic. Accuracy is a flow, not a stock.

What to take from this chapter

Real accuracy is quiet and hard-won; counterfeit accuracy is loud and cheap. A single high score, a

perfect fit to history, a model graded only on its own training data, these are the signatures of self-

deception, not success. The honest path is a combination of diagnostics, validation on data from a

future the model could not have memorized, conservative adoption while trust is earned, and



constant vigilance for the drift that erodes even good models. Keynes had it exactly right: in a

nondeterministic, thin-data world, being roughly right and knowing it is worth infinitely more than

being precisely wrong and believing it.
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Answering the Critics
It is the mark of an educated mind to be able to entertain a
thought without accepting it.
Aristotle

A framework worth adopting is a framework worth attacking, and the Unified Marketing Measurement

framework draws four objections often enough that they deserve a chapter of direct answers rather

than scattered rebuttals. We will take them in turn, plainly, conceding what is true in each before

saying why none is fatal. An honest book argues against itself; here is the framework's argument with

its critics.

Objection one: it leads to analysis paralysis

The most common charge is that triangulating three methods, calibrating, monitoring drift, and

refreshing on a cadence is simply too much, that it drowns the marketer in analysis and ends in

paralysis, three numbers and no decision. It has three answers. First, the framework mirrors how
marketers actually decide. They already operate at strategic, tactical, and operational levels every

day; a unified approach serves each level with the appropriate depth rather than forcing one method

to do every job badly. The complexity is not added by the framework; it is already in the marketing,

and the framework organizes it. Second, analytics must serve decisions, not the reverse. Every

output is framed around the decision it informs. Third, vendors own the abstraction. A good

platform hides the machinery behind decision-ready outputs, powerful underneath, simple on top.

The surgeon does not machine their own scalpels.



! FA L L A C Y  # 2 0

More methods mean more confusion and slower decisions.

✓ T R U T H

Done right, orchestration is less work, not more, because each method makes the others
cheaper and more trustworthy, and a good platform surfaces a decision rather than a
methodology. Paralysis comes from one over-stretched method producing numbers nobody
trusts, not from a system that routes the right evidence to the right call.

Objection two: MMM alone can prove causality

A more technical objection, often from sophisticated MMM vendors, is that a good enough mix model

can establish causality on its own, making experiments redundant. This contains a real truth and a

real overreach. The truth: a causally-structured MMM is far more causal than a naive regression,

and observational causal inference is a serious discipline we firmly favour. The overreach: no model

built purely on observational data can fully escape the possibility of an unmeasured confounder,

some lurking common cause it never saw. That is not a flaw in any particular model; it is a limit of

observational inference itself. The only way to close it is an intervention, a randomized experiment,

which is exactly why experiments sit in the triangle as the causal anchor. MMM alone gets you

impressively close to causality; the experiment is what lets you check, and correct, the distance

that remains.

Objection three: it is too complex to implement

Distinct from paralysis in use is the worry about complexity in implementation: that standing up three

integrated methods, with shared data and a calibration loop, is a multi-year systems project most

teams cannot afford. Assembling orchestration yourself, from three separate vendors and a data

warehouse, genuinely is a hard systems project, and the integration, not the methods, is where it

founders. But that is precisely the case for a unified platform whose entire purpose is to have already

solved the integration. The complexity is real, which is exactly why it should be bought as a solved

problem rather than rebuilt.



Objection four: AI and open-source libraries have solved it

The newest objection: that modern AI and the proliferation of open-source libraries have

commoditized measurement. What the libraries genuinely provide, Meta's Robyn (frequentist, ridge-

based) and Google's Meridian (Bayesian) chief among them, is the estimation machinery: the

regression, the transformations, the sampler. That is real and valuable. But a library is an engine, not

a car. Everything this book has been about lives around the estimation: deciding the causal structure

before fitting, defending the assumptions, calibrating against experiments, deduplicating attribution,

forecasting the baseline with a robust ensemble, monitoring drift, and orchestrating the three

methods so they correct one another. A library hands you the engine and leaves every one of those

judgments to you. The hard part was never the regression.

! FA L L A C Y  # 2 1

Open-source modeling libraries have made measurement a solved, commodity problem.

✓ T R U T H

Libraries commoditize the estimation engine, which was never the hard part. The hard part,
causal structure, assumptions, calibration, deduplication, baseline forecasting, drift, and
orchestration, is judgment and integration, not arithmetic. An engine is not a car, and pointing
a powerful algorithm at thin confounded data without the surrounding discipline just produces
wrong answers more efficiently.

What the objections share

Step back and the four objections rhyme. Each mistakes a part for the whole: one method for the

system, the estimation engine for the discipline around it, the raw complexity for the abstracted

product. Read down the left and the criticisms look formidable; read across to the right and each

dissolves into the same recognition, that the value was never in any single piece but in the

integration of all of them.



THE OBJECTION THE ANSWER

“It leads to analysis paralysis.” It mirrors how marketers already decide, routes evidence to
the decision, and a platform abstracts the machinery.

“MMM alone proves causality.” Observational inference cannot escape unmeasured
confounders. Only an intervention can, hence experiments.

“Too complex to implement.” True for DIY, which is the case for a platform that has already
solved the integration, not against the framework.

“AI & libraries already solved it.” Libraries commoditize the engine, never the hard part,
judgment and integration. An engine is not a car.

Figure 19. Four objections, four answers. Each criticism mistakes a part for the whole; each dissolves into the same recognition, the
value was never in any single piece but in the integration of all of them.

The framework's answer is always the same shape: the value was never in any single piece, it was

in the integration, the cooperation, the loop. That is also the answer to the deepest version of all four

worries, which is simply, “is all this really necessary?” The honest reply is the whole book: no single

piece is sufficient, the integration is what works, and a good platform makes the integration feel

simple even though it is not. Which raises the last practical question the skeptics are really asking

underneath: fine, but what do I actually do with it?
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The Actioning Layer
Vision without execution is hallucination.
commonly attributed to Thomas Edison

We have spent nineteen chapters on measurement, and measurement, we have insisted from the

first page, exists only to serve decisions. So a framework that stopped at the measured number

would have betrayed its own thesis. The triangulation and calibration of Part III produce trustworthy

numbers; this chapter is about the layer that sits on top and turns those numbers into moves. Without

it, the most beautifully orchestrated measurement in the world is, in Edison's word, hallucination, a

vision of what is working that never touches what you do.

From measurement to decision

Recall the larger optimization cycle that closed Chapter 17: data foundation, then measurement, then

action, then new data. The actioning layer is that third stage made concrete, and it is where a

measurement platform either earns its keep or reveals itself as expensive decoration. The test is

brutally simple: after all the modelling and testing and calibrating, can the marketer push a button

and do something different on Monday? If the answer requires a separate planning tool, a manual

export, and a week of spreadsheet wrangling, the measurement has not been operationalized; it has

merely been reported.

Capability one: the scenario planner

The first is a scenario planner, an interface for asking what-if. Having established each channel's

incrementality, its marginal return, and the shape of its saturation curve, the natural next question is

not “what happened?” but “what should I do?” The planner lets a marketer pose exactly that: if I

move a million dollars from this channel to that one, what does the model forecast for total revenue

and profit? What mix maximizes growth at my current budget? Because the planner sits on top of the



causal model and its saturation curves, its answers respect what the measurement knows, the

diminishing returns, the marginal economics, the interactions, rather than naively assuming every

dollar performs like the average. This is where the marginal-versus-average lesson of Chapter 7

finally pays off operationally: a planner built on the saturation curves optimizes at the margin, moving

each dollar to wherever its next-dollar return is highest, the only allocation logic that actually grows

the business.

Capability two: unified budget and bid changes

The second capability is the humble but crucial one: a single interface for the budget and bid

changes a plan implies, across all media and ad platforms at once. A scenario chosen in the planner

should flow into action without the marketer logging into six ad platforms and manually re-keying

numbers, a process that is slow, error-prone, and where good plans go to die. It is unglamorous

plumbing, and it is exactly the plumbing that determines whether a measurement insight ever

changes a single campaign.

action generates new data → the loop turns

Figure 20. The full stack. Data feeds measurement; measurement feeds action; action generates new data. The actioning layer,
scenario planning and unified execution, is what turns a trustworthy number into a changed campaign, closing the loop the whole
framework exists to turn.

L AY E R  3  ·  A C T I O N

Scenario planner & unified execution
What-if optimization at the margin → budget & bid changes pushed across every platform.

L AY E R  2  ·  M E A S U R E M E N T

Triangulated & calibrated reads
MMM · experiments · attribution, orchestrated in the virtuous cycle.

L AY E R  1  ·  F O U N D AT I O N

Unified data foundation
Shared events, spend, outcomes, the one foundation orchestration requires.



What to demand from a platform

If choosing a unified measurement platform is really choosing a framework, then it is worth stating

plainly what that framework should let you do. A platform worth its name lets you:

→ Rethink strategy in terms of incrementality and marginal outcomes, at every level from channels down to
ad sets.

→ Generate the right testing hypotheses and build a genuine culture of experimentation.

→ Make verifiable strategic, tactical, and operational decisions at scale.

→ Be held accountable for its prediction accuracy rather than hiding behind a single flattering number.

→ Learn continuously and keep itself current as the world drifts; stay transparent about every assumption.

→ Remain fully configurable, and act as an enabler of decisions, never a dogmatic black box.

That list is not a feature checklist. It is a restatement of everything this book has argued, in the form

of demands you are entitled to make.
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A Quasi-Utopia Worth Building
All models are wrong, but some are useful.
George E. P. Box, one last time

We began with a hammer, and a warning that whoever holds one sees only nails. Twenty chapters

later, the warning has become a worldview. The instinct to find the one perfect measurement method,

the single number that finally settles what your marketing is worth, is understandable, deeply human,

and entirely futile. Attribution cannot infer causality; it allocates credit it mistakes for cause. Marketing

mix modeling hands you an average over a moving target and calls it the answer. Experiments

capture a single bright moment of causal truth and then, by their nature, stop. Each is a hammer.

Marketing was never a wall of identical nails.

This is not a counsel of despair. It is the opposite, and it is the whole point of the book. Saying there

is no perfect method is not saying there is no good system. It is saying, precisely, where the good

system lives: not inside a cleverer algorithm, not in the right statistical philosophy, not in a finer

cadence of data or a more elegant hierarchy, and certainly not in a black box that hands down

numbers you are not permitted to question. It lives in a process. Several imperfect methods, each

with a different and well-understood blind spot, arranged so that each one's weakness is covered by

another's strength, and so that all of them keep one another honest.

That is what the Unified Marketing Measurement framework is. Triangulate the three methods so that

no single failure mode goes unchecked. Calibrate the strategic model with causal experiments, so

the averages are anchored to interventional truth. Deduplicate the granular numbers against the

strategic ones, so the operational view stops double-counting. Watch for drift, and keep the loop

turning, so trust is renewed rather than assumed. None of these moves is heroic on its own. Together

they are a system that learns.

We have been honest throughout about what this does not deliver. It does not deliver certainty,

because the underlying problem is nondeterministic in the truest sense, and no amount of

sophistication abolishes that. It does not deliver a single perfect number, because the thing being



measured moves and is never fully observed. Utopia, in the strict sense, is not on the menu and

never was.

But a quasi-utopia is, and it is worth far more than the mirage it replaces. A transparent system,

whose assumptions you can see and argue with. An accountable system, held to its forecasts on

data it never saw rather than hiding behind a flattering fit. A continuously improving system, that

gets a little more trustworthy with every turn of the loop. A system that does not pretend to certainty it

cannot have, and precisely for that reason can be trusted with the decisions that matter.

The difference is between owning an instrument and running a
system. A hammer is an instrument. The Unified Marketing
Measurement framework is the decision to stop collecting
instruments and start running a system.

To the analyst who has read this far: the craft you are being asked for is not the mastery of any single

method, but the judgment to hold several of them at once, honestly, in service of a decision. To the

leader who has read this far: what you should demand of measurement is not a number that ends

the conversation, but a system that keeps earning your trust and keeps changing what you do.

Neither of those is a hammer. Both of them are the point.

There is no measurement utopia. But there is a transparent, accountable, continuously improving

quasi-utopia, built from several imperfect reads that keep one another honest, turning in a loop, in

service of the decision at hand. That is not a consolation prize for the perfect number we cannot

have. It is something better, and it is real.

That is the framework.
Now go and build the loop.
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Glossary
Measurement
Causally inferring the true incrementality of an initiative, not
as one frozen number but as a quantity that changes over
time, estimated by several methods that check one another,
in service of a decision.

Incrementality
The outcome with the marketing minus the outcome that
would have occurred without it. The sales that exist because
of the marketing and would not exist otherwise.

Counterfactual
The unobservable world in which the marketing did not run.
Incrementality is the gap between actual outcomes and this
counterfactual.

Attribution
Credit-allocation methods that distribute a conversion's value
across preceding touchpoints. Useful for operational texture;
structurally unable to establish cause.

Marketing mix modeling (MMM)
A statistical model relating aggregate outcomes to aggregate
inputs to estimate each driver's contribution. The only method
that sees the whole business at once.

Incrementality experiment
A controlled, randomized comparison of a treated and a held-
back group, reading incremental lift with causal confidence,
but only for the present moment and the test's duration.

Coefficient
The average change in an outcome per one-unit change in
an input, holding the model's other inputs fixed. A property of
a model, not a universal constant.

Adstock (carryover)
The modeling of advertising's lingering effect, whereby part of
a period's impact carries into later periods, decaying over
time. Expressed in the time unit of the data.

Saturation (diminishing returns)
The nonlinear relationship in which each added unit of spend
yields less response than the last, bending toward a ceiling.
Its shape determines the value of your next dollar.

Marginal vs. average return
Average return is total response ÷ total spend; marginal
return is the slope of the saturation curve where you stand.
Budgets are decided at the margin.

Incrementality factor (iFactor)
The ratio of a channel's true incremental contribution to its
platform-reported contribution. An iFactor of 0.65 means the
honest revenue is 65% of what platforms claimed.

Data-generating process (DGP)
The real network of cause and effect that produced your
data. It exists whether or not your model acknowledges it.

Causal DAG
A directed acyclic graph mapping the DGP: variables are
nodes, arrows are claims of direct causation. Forces
assumptions into the open where they can be tested.

Confounder / mediator / collider
The three DAG building blocks. Controlling for a confounder
removes bias; for a mediator hides a real effect; for a collider
invents a fake one.

Quasi-causal
A marketing experiment establishing causality through
synthetic or imperfect randomization and control. The
strongest causal signal marketing can produce, read with
humility.

Calibration
Using causal experiment results to guide an MMM's search
toward the established truth, informing the model's walk, not
overwriting it.



Triangulation
Reading several methods together, not for agreement, but for
what their differences reveal across time scales.

Measurement orchestration
The practice of triangulation: integrating attribution, MMM,
and experiments so each output improves the others.
Requires one shared data foundation.

Multicollinearity
When predictors are so correlated their individual effects
cannot be reliably separated; the model splits their combined
contribution unstably.

Out-of-sample validation
Testing a model against data from outside its training window,
especially after it, to see whether it predicts or merely
memorized.

The actioning layer
The layer turning measured insight into executed decisions: a
scenario planner for optimizing the mix, and a unified
interface for the budget and bid changes that follow.

Unified Marketing Measurement (UMM)
The framework: attribution, MMM, and experiments
orchestrated on one data foundation so each calibrates and
corrects the others, in service of decisions at every altitude.
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