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Every stage of marketing decisions now involves large language models: analytics copilots write queries and
reports, synthetic respondents answer surveys, and generated answers are becoming a new exposure channel.
The old problem of marketing measurement remains: the effect of advertising and promotion is causal, while
company data mostly record correlations. Large field experiments repeatedly show that observational methods
overstate advertising effects, and response models that target those most likely to buy can spend the budget on
people who would have bought anyway. We argue that in marketing decisions LL.Ms can accelerate hypotheses,
data and priors but cannot replace identification: credible incrementality must be anchored by randomized
experiments and then extended by uplift models, experiment-calibrated marketing mix models and prediction-
powered inference. We formalize uplift, targeting value, experimental power, marketing mix models,
endogeneity bias, experiment calibration with a bias budget and prediction-powered inference, and contribute a
five-layer evidence framework, a five-route comparison, an experiment-anchored measurement algorithm, three

seeded illustrative simulations and five falsifiable forecasts.

Keywords: incrementality measurement; uplift modelling; marketing mix models; geo experiments; experiment calibration; synthetic

respondents; prediction-powered inference

Introduction

The central question of a marketing budget has always been
the same: how many purchases did this money bring about
that would not otherwise have happened? It is a causal
question whose answer is the difference between the treated
outcome and a counterfactual that is never observed'”.
Economics and marketing have long been clear about this:
correlations between advertising and sales in observational
data mix in seasonality, demand shocks, targeted delivery
and selection, and must be identified through experiments or
credible quasi-experimental designs®*.

Large language models give this old problem several new
forms. First, marketing analytics copilots: work has
combined semantic search, prompt engineering and fine-
tuning to improve LLMs' domain question answering, SQL
generation and tabular analysis for marketing mix modelling
and attribution®; a benchmark for enterprise data agents
shows that the best agent achieves only 57% pass@1 on
realistic queries spanning several heterogeneous databases
(per the paper)®. Second, synthetic respondents: language
models conditioned on demographics can reproduce the
attitude distributions of particular groups’; per the paper, on
57 personal-care product surveys with 9,300 human
responses, semantic similarity rating reaches 90% of human
test-retest reliability?. Third, new objects of measurement:
brand exposure in generated answers is becoming a new
channel, and a causal framework has been proposed that
brings generative engine optimization and generative engine

marketing into marketing mix models’; neural marketing
mix models that use Transformers over search-query and
creative embeddings have also appeared™.

All of this is valuable, but none of it changes the logic of
identification. The evidence from large field experiments is
consistent. Lewis and Rao analysed 25 large online
advertising field experiments and found that individual sales
are far more volatile than advertising effects, so that even
with very large samples the confidence intervals of return on
investment are often too wide to tell profit from loss (per the
paper)'’. Gordon and colleagues used large advertising
experiments at Facebook to test common observational
methods and found that they often fail to recover accurately
the treatment effects obtained from randomized

in a follow-up study covering 663
and more than 5,000 features, median
experimental lifts for three conversion outcomes were 29%,
18% and 5%, whereas double machine learning gave 83%,
58% and 24%, and stratified propensity-score matching
gave 173%, 176% and 64% (per the paper)®. Large-scale
search-advertising experiments at eBay showed that brand-
keyword ads have no measurable short-term benefit; non-
brand keyword ads positively influence new and infrequent
users, but most of the advertising spend goes to frequent
users whose purchasing is not influenced by ads, making
average returns negative (per the paper)™.

Against this background, current discussion leaves three
gaps. First, it conflates "predicting who will buy" with

experiments'?;
experiments
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"knowing who was persuaded". Response models predict the
probability of purchase after treatment; uplift models
estimate the change the treatment brings about. Targeting
high-risk or high-response customers may select precisely
those who are unaffected or even put off'>'®, Second, the
relationship between marketing mix models and
experiments has not been settled. Leading open-source tools
already support calibrating priors with experiment results'’-
19, but when the observational model is systematically biased
there is still no operational rule for how much weight it and
the experiment should each receive. Third, LLM-generated
evidence is treated as a substitute for samples rather than as
an aid. Studies show that synthetic respondents can
reproduce answer distributions without covering real
combinations of respondents®, that small differences in
analytic choices can change conclusions®, and that
combining synthetic data with a small amount of human
data under statistical rules saves samples while preserving
validity®*.

Our central thesis is that in marketing decisions LLMs
can accelerate hypotheses, data and priors but cannot replace
identification; credible incrementality must be anchored by
randomized experiments and then extended by uplift
models, experiment-calibrated marketing mix models and
prediction-powered inference. In short: experiments anchor,
models extend, LLMs accelerate. We make three
contributions:

1. A unified formalization of uplift and targeting value,
experimental power, marketing mix models, endogeneity
bias, experiment calibration with a bias budget and
prediction-powered inference (equations (1)—(7)), with a
notation table, showing why response ranking wastes
budget and why sampling-variance weights for an
observational model fail in the presence of bias.

2. A five-layer evidence framework organized by source of
identification, and a mechanism-level comparison of five
measurement routes with evidence for and against.

3. An experiment-anchored marketing measurement
algorithm (Algorithm 1), three seeded illustrative
simulations and five forecasts, each with a time scale,
falsification condition and implications for enterprises.

Section 2 gives the formalization and notation; Section 3 the
framework; Section 4 the mechanism analysis and route
Section 5 the algorithm; Section 6 the
simulations; Sections 7-10 cover forecasts and research
agenda, common misconceptions, limitations and
conclusions.

comparison;

Problem formalization and notation

Uplift and targeting value
Let customer i have features X;, treatment (a coupon, an ad,
a promotion) T; € {0, 1}, outcome Y; and potential
outcomes Y;(1) and Y;(0). The conditional average
treatment effect, or uplift, is

w(x) = E[Y(1) - Y(0) | X = x] = iu(®) ~ o(®) (1)
where p(x) = E[Y(t) | X = x]. A response model estimates
pi(x), "will they buy after treatment"; an uplift model
estimates 1(x), ""how much does treatment change"**. If each
incremental purchase earns gross margin m and each
treatment costs ¢, the value of treating group S is

V(S) = Yies [Im1(X) — c] 2)
Under a budget |S| = k, V is maximized by ranking on t and
taking the top k; ranking on p; = po + T costs nothing only
when L and T rank customers the same way. When Corr(},
1) < 0 — when those already likely to buy are least affected
— response ranking systematically selects "people who
would have bought anyway". The literature's division of
customers into persuadables, sure things, lost causes and
"sleeping dogs" (who buy less when treated) rests on exactly
this distinction'®*.

Experimental power

Uplift is causal, and its most reliable estimates come from
randomized experiments. But marketing effects are usually
small relative to the variability of individual outcomes. With
n per arm, outcome standard deviation o and average effect
T to be detected, at two-sided 5% significance and 80%
power

n~ 2(20_975 + 20.8)2.012/12 ~ 15.7-0%/72 (3)

When o/t is large, the required sample grows with its
square. Lewis and Rao's finding is the empirical version of
equation (3): in the experiments they analysed, the
coefficient of variation of individual sales was about 10
while the advertising effect was a small fraction of the
mean, so even samples of more than ten million person-
weeks struggled to estimate return on investment precisely
(per the paper)'. Variance reduction, ghost ads and geo
experiments are all designs for raising efficiency under the
constraint of equation (3)*>.

Marketing mix models and endogeneity
Marketing mix models estimate channel contributions from
weekly or daily aggregate data. A common form is

Ye=bo + Yu Brhi(Axg) + Yz + &, Aie = Xie + 6kAre-1, h(A) =
AY(A + ) @)

where x, is spend in channel k, A is the carryover (adstock)
with decay 6, h is a saturation function and z are controls
such as seasonality and price®. The problem is that spend is
often set on the basis of expected demand: more in peak
season, more before promotions, more for channels that
have been performing. If an unobserved demand shock u,
affects both spend and sales, then

plim B¢ = Br + Cov(Ax, u)/Var(Ay) 5)
This bias does not disappear as the sample grows. A recent

synthetic benchmark deliberately generates spend from four
mechanisms — quarterly budget feedback, anticipatory
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spending ahead of promotions, scheduled TV bursts and
algorithmic performance chasing — to test whether models
can recover true effects under endogenous spend®. In
Bayesian marketing mix models, priors have a large impact
on posteriors when samples are small and may lead to
biased estimates (per the paper)®.

Experiment calibration with a bias budget

Let the observational model give a channel-effect estimate
Oos with sampling variance v and systematic bias of
magnitude B, and let an experiment give an unbiased
estimate H., with variance ve,. Weighting by sampling
variance alone means that when v is small the combination
follows the observational model almost entirely and keeps
its bias intact. We propose treating the squared bias as
additional variance:

0= w05 + (1 — W)02p, W = (Vors + BY)71/ [(Vops + B) ™1 +
Ve 1], B2 = max(g? — Ve, 0)(6)

where g2 is the mean squared historical gap "observational
estimate minus experimental estimate" for comparable
channels. The larger B2 the more weight shifts to the
experiment; if the observational model has historically
agreed with experiments, B2 is near zero and equation (6)
reduces to ordinary variance weighting. The Meridian
documentation defines calibration as '"using experiment
results and other domain knowledge to set channel-specific

Table 1 | Main notation

priors""; structural estimation recovers decay, saturation

and effectiveness parameters directly from geo-experimental
time series®. Equation (6) answers a different question: how
much weight experimental information should carry when
bias is present.

Synthetic respondents and prediction-powered inference
Let the population quantity of interest be 8 = E[Y] (for
example, the mean purchase intent for a new product
concept). We have n human samples (X;, Y;) and N synthetic
samples with only LLM predictions f(X;). The prediction-
powered inference (PPI) estimator is

050 = (UN)Li f(X) = (1/m)Y; [f(X) - Y]], Var(63s) ~ o/N +
0/n 7)

The second term uses the human sample to estimate and
subtract the model's bias, and o¢.2 is the wvariance of
"prediction minus truth". As long as predictions correlate
with the truth, ¢,2 is smaller than Var(Y), so the interval is
narrower than with humans alone, and it remains valid
however biased the model is*. A stratified version tightens
intervals further®; in conjoint analysis, combining LLM-
generated with human data under statistical rules saves
24.9% to 79.8% of data and cost per the paper, whereas
direct substitution saves nothing because of bias®.

Notation
Table 1 summarizes the notation.

Symbol Meaning Where used

X, T,Y, Y(t) features, treatment, outcome, potential outcome Eq. (1)

(x), p(x) uplift (conditional average treatment effect), Eq. (1)
expected outcome under treatment t

m, ¢, k, V(S) margin per incremental purchase, cost per Eq. (2)
treatment, budgeted headcount, targeting value

n, o, T sample size per arm, outcome standard Eq. (3)
deviation, average effect

Xk Ak, Ok, N, K, S spend, carryover, decay rate, saturation function Eq. 4)
and its parameters

u,, B unobserved demand shock, channel effect Eq. (5)

Oobs, Oexps V, B, W observational and experimental estimates, Eq. (6)
variances, bias budget, combination weight

f, N, n, 02 LLM prediction, synthetic and human sample Eq. (7)

sizes, variance of the rectifier

Framework: five layers of evidence by source of
identification
In marketing measurement, the same question — "how

much incrementality did this spend bring?" — can be
answered in five ways whose credibility comes from

different sources of identification. We arrange them in five
layers (Table 2). The lower the layer, the closer to causal
identification; the higher the layer, the better the coverage
and speed, but the more it needs anchoring from below.
LLMs can contribute at every layer, but the nature of the
contribution differs.

Table 2 | Five layers of evidence on marketing incrementality: source of identification, questions answered, typical failures and the role of

LLMs

Source of
identification

Layer Representative

methods

Question answered

Typical failure Appropriate role for

LLMs

E1 Randomized
experiments

user-level lift tests,
ghost ads, geo
experiments, control-

random assignment

what is the average
incrementality of this
spend

low power, signal
loss, short-term only

design checks,
sample-size
calculation, report
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E2 Experimental
extrapolation

E3 Calibrated
marketing mix models

E4 Observational and
quasi-experimental

E5 LLM-generated
evidence

group promotions

uplift models,
predicted
incrementality (PIE),
policy learning
Bayesian MMM with
experiment priors,
structural estimation
from geo experiments

difference-in-
differences, synthetic
control, Bayesian
structural time series,
double machine
learning

synthetic respondents,
digital twins, agentic
analysis

random samples from
El

E1 as prior or
constraint

assumptions such as
parallel trends or
unconfoundedness

no independent source
of identification

whom to treat;
incrementality of
campaigns without
experiments

how to allocate
channel budgets

approximate
incrementality when
randomization is
impossible

hypothesis screening,
pre-testing surveys
and concepts

noisy evaluation
metrics, extrapolation
out of range

endogenous spend,
collinearity, prior
dominance

assumptions fail and
are hard to test

bias, variance
collapse, poor
coverage of

generation

feature construction,
explanation, code
generation

data preparation,
diagnostics, scenario
Q&A

assumption checklists,
robustness checks

generate candidates,
rectified with human
samples

combinations

Table 2 is read in two ways. First, moving up requires
anchoring below: E2 uplift models must be trained and
evaluated on E1 random samples; E3 mix models must take
priors or constraints from E1 results; E5 synthetic evidence
must be rectified with human samples by equation (7).
Second, the role of LLMs is to accelerate, not to identify:
they can make experimental design, data preparation, code
and reporting faster, but they cannot generate
counterfactuals out of nothing.

Mechanism analysis and route comparison

Those who will buy and those who are persuaded

The meaning of equation (2) can be illustrated by a counter-
intuitive fact: the people most likely to buy are often those
on whom spending is least valuable. Drawing on retention
field experiments, Ascarza found that targeting the
customers at highest risk of churn may be ineffective; the
customers to target are those most responsive to the
intervention, who are not necessarily the riskiest (per the
paper)”®. In a field experiment with more than 53,000
college students, Athey and colleagues compared uplift
targeting based on causal forests with targeting based on
baseline probabilities, noting that "low baseline outcomes
first", though common, is not the ideal criterion, and
proposed hybrid approaches combining the two®. A
customer-retention case study in the financial industry
likewise found that uplift models deliver higher profits than
predictive models'®.

Industrial data give a sense of scale. On the Criteo uplift
dataset of 13.98 million records, the top 20% of customers
ranked by predicted uplift captured 77.7% of incremental
conversions, 3.9 times random targeting; uncertainty
analysis with causal forests showed that only 1.9% of
customers were confident persuadables at 95% and 0.1%
confident "sleeping dogs" (per the paper)®. Uplift estimation
has a mature family of methods: meta-learners (T-, S- and
X-learners)®, the quasi-oracle R-learner®, causal forests and
generalized random forests®**’, recursive partitioning* and
double machine learning.

Evaluating uplift models is harder than estimating them
Uplift is unobservable and can only be compared by group
on random samples. Qini curves and cumulative-gain curves
are the usual metrics, but their variance is high and their
signals are to a degree arbitrary; statistical adjustment of
outcomes can reduce the variance®. Rank-weighted average
treatment effects (RATE) bring the Qini coefficient into a
unified family of metrics with a central limit theorem,
allowing rigorous inference when comparing prioritization
rules®. UpliftBench (2026) evaluates 12 estimators across
seven dataset families and finds that disagreement among
benchmarks about "which estimator is best" is largely about
metrics rather than models: across 100 IHDP realizations,
the mean rank correlation between Qini and effect accuracy
is only +0.07, while the area under the cumulative-gain
curve aligns better; in settings that require a sign-threshold
decision, calibrating the decision threshold removes 81% of
Qini-selection regret (per the paper)*. When the
experimental budget is limited, observational data can serve
as priors for actively choosing the most informative units for
randomization*,

Why observational measurement systematically
overstates

The evidence in Section 1 shows that observational failures
are not accidental. There are three mechanisms. First,
selection: ad systems deliver ads to the people most likely to
convert, so exposed and unexposed people differ to begin
with'>%, Second, attribution is not incrementality: in large
paid-acquisition systems, new users attributed to paid
channels may overlap with organic demand and brand
traffic, overstating true incrementality; after an attribution-
correction  framework anchored by incrementality
experiments was deployed across several TikTok markets,
the measured cannibalization rate subsequently fell by about
15 percentage points (per the paper)®. Third, cross-platform
diversion: an upstream content platform causes a purchase
but the transaction is booked on a downstream marketplace;
attribution-based return on ad spend cannot see these
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diversions, and marketing mix models do not know which
channel to credit*.

Experiments are also adapting to new constraints. Ghost
ads record, in the control group, users who "would have
seen the ad", making experiments cheaper and more precise;
per the paper, in one retail retargeting campaign the ads
lifted website visits by 17.2% and purchases by 10.5%.
Platform lift studies need dedicated power and sample-size
calculations®, and covariate adjustment using pre-
experiment data can reduce variance substantially*>*. Lower
match rates, aggregation thresholds and random noise
introduced for privacy weaken experimental signals: one
study proves that there is a decision frontier inside which
reports contain too little information for any method to

distinguish uniformly between "incremental" and "not
incremental" (per the paper)®’.
Between experiments and observation, predicted

incrementality by experimentation (PIE) offers a middle
route: learn a mapping from campaign features to causal
effects on a set of randomized experiments, then apply it to
campaigns run without experiments. Per the paper, on 2,226
Meta ad experiments PIE achieves an out-of-sample R? of
0.88 for incremental conversions per dollar, against 0.19 for
industry-standard 7-day last-click attribution; PIE disagrees
with experiment-based decisions in 8-12% of campaigns,
against 12-20% for last click®. This is a model case of
"experiments anchor, models extend": the model's
credibility comes from having been trained and tested on
experiments.

Marketing mix models need experimental anchors
Marketing mix models are the main tool for allocating
channel budgets; their value lies in covering every channel,
using only aggregate data and not depending on individual-
level tracking'®'®. Their weakness is equation (5): spend is
endogenous. Google researchers noted as early as 2017 that
Bayesian mix models with carryover and shape effects are
strongly influenced by priors in small samples (per the
paper)®; the synthetic benchmark for endogenous spend
uses 156 weeks of weekly data on three channels and
records the true causal decomposition of every week's sales
to test whether models recover the truth®.

Leading tools have therefore turned to experiment
calibration. Meridian offers a geo-experiment module and
uses experiment results to set channel priors'’; Robyn uses
multi-objective optimization to minimize the error between
model predictions and "ground truth" such as geo
experiments and platform lift tests'®. Geo experiments
themselves have mature methods: Vaver and Koehler
described randomized experiments with regions as units®,
Trimmed Match gives robust estimates when regions are
few and heterogeneous®, and its design counterpart
integrates optimal pairing and sample splitting™. Structural
estimation removes confounding by differencing treatment
and control regions and recovers decay, saturation and

effectiveness parameters together from geo-experimental
time series®. Mix models are also extending to finer
granularity: deriving campaign-level effects with mix-model
priors®, improving stability with hierarchical structure and
sign constraints®, handling search-query and creative
embeddings with neural networks', and treating brand
exposure in generated answers as a new channel®. These
extensions add expressiveness but no new source of
identification; the more expressive the model, the more it
needs experimental constraints.

When randomization is impossible, quasi-experimental
methods are the next best option: synthetic control builds the
counterfactual from weighted control units®, and Bayesian
structural time series infers how the impact of an
intervention evolves over time>. The assumptions they rely
on — parallel trends, control units unaffected by the
intervention — must be checked one by one.

Where LLMs fit in measurement

What synthetic respondents can do. Early work showed
that language models conditioned on demographics can
reproduce the attitude distributions of particular groups’.
Leading marketing journals then examined the potential of
LLMs to substitute for or augment human participants in
perceptual analysis and preference >,
Working with a Fortune 500 food company, Arora and
colleagues used GPT-4 to replicate a 2019 qualitative and
quantitative study and found that a human-LLM hybrid
outperformed humans or the model alone, with the model
correctly picking the direction and valence of answers in
quantitative questions (per the paper)”’. Using 19,447
personas to replicate 133 experimental findings from 14
papers in the Journal of Marketing reproduced 76% of main
effects (84 of 111) and 68% of findings overall including
interactions (per the paper)®®.

What synthetic respondents cannot do. Asking models
directly for numerical ratings produces distributions with
unrealistically low variance — "mode collapse"; eliciting
text first and mapping it to the scale with embeddings partly
repairs this**. An October psychometric audit tested 14
decision models and 47 generative models: the best
generative model reached a psychometric similarity score of
0.813, level with a Gaussian copula fitted only on other
respondents (0.824) and below one fitted in sample (0.927)
(per the paper)®. Another October study proposed the
respondent coverage gap: samples generated by all six
models left human respondents uncovered and fell behind a
baseline that samples each answer independently from
human marginals (per the paper)®. Across 252 synthetic-
sample configurations, recovery of rankings, distributions
and between-scale correlations varied substantially, and
across 66 alternative configurations of a published study,
human-silicon correlations ranged from 0.23 to 0.84 (per
the paper)”. Gains in individual-level accuracy do not
necessarily transfer to the population level®; conditioning on

measuremen
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respondents' earlier behavioural answers predicts their later
individual choices better than demographic descriptions
alone®; and a public dataset of 2,058 respondents, 500
questions and four waves with retests provides a
benchmark®,

Why synthetic experiments are confounded. Using
demand estimation as the setting and a real experiment with
40 products as the benchmark, Gui and Toubia show that
when simulated subjects are blind to the experimental
design, variation in treatment systematically shifts variables
that should be held constant, violating unconfoundedness;
revealing the design to the model mitigates the problem®.
Synthetic experiments, too, need identification.

LLMs' ability to do causal analysis. On a pure causal-
inference task of more than 200,000 samples, 17 models
performed close to random®; a benchmark of statistical
pitfalls such as Simpson's paradox and selection bias shows
significant limitations of current models in statistical causal
inference, with code-assisted explicit analysis more
reliable®®. The performance of data agents depends heavily
on how the execution harness represents tasks, manages
state and provides evaluation feedback®.

The right use of synthetic evidence. Prediction-powered
inference gives a unified answer: treat LLM output as a

biased prediction, and use a small human sample to estimate
and subtract the bias®®; in conjoint analysis this
combination saves data and cost compared with direct
substitution®; and when historical tasks exchangeable with
the current one can be found, synthetic data can even carry
provable validity guarantees®.

Counter-evidence and boundaries

"Anchoring by experiments" has limits too. First,
experiments are costly and their power limited; equation (3)
means that a single experiment by many small and medium
brands cannot give a precise return on investment''. Second,
experiments measure short-term effects in specific settings;
long-term brand effects and intertemporal substitution are
hard to randomize. Third, privacy-driven signal loss can
leave some experimental results in an undecidable zone®.
Fourth, when variation in spend is itself close to exogenous
(for example rule-based adjustments by region or time),
quasi-experimental methods can also provide useful
evidence®**, and not every decision is worth a dedicated
experiment. Our claim is therefore "anchor with experiments
and let a bias budget set the weights", not "experiment on
everything".

Table 3 | Mechanism-level comparison of five routes to measuring incrementality (figures self-reported by the papers)

Route Main mechanism

Representative evidence

Main risk Conditions of use

R1 Response and
propensity models

predict post-treatment
purchase probability p;
be ineffective
R2 Uplift models on
randomized experiments
R3 Uncalibrated regression on aggregates,
observational MMM and rule-based attribution
attribution ones

estimate 1(x), target by
uplift

R4 Experiment-calibrated experiments set priors;

MMM and PIE learn features-to-effect vs 0.19 for last click
mapping

R5 LLM synthetic evidence  synthetic samples rectified

plus PPI by humans 79.8%

targeting high-risk
customers for retention may

Criteo top 20% capture
77.7% of incrementality
observational median lifts

far above experimental

PIE out-of-sample R2 0.88

conjoint savings of 24.9—

selects sure things, wastes
budget

prediction only, not
targeting decisions

noisy evaluation metrics,
extrapolation out of range

random samples available,
repeatable experiments
endogenous spend,
cannibalization, cross-
platform diversion

description only, not
budgets on its own

extrapolation risk when
experimental coverage is
thin

bias, variance collapse,
sensitivity to configuration

ongoing experimentation
programme

concept screening, survey
pre-testing

The figures in Table 3 come from different data and
settings'>'>*** and cannot be added across rows. What the
table conveys is that, of the five routes, only R2 and R4 are
directly anchored by experiments, R5 is valid when rectified
with human samples, and R1 and R3 used on their own are
the most likely to misdirect budgets.

Method: experiment-anchored marketing
measurement

We now condense the analysis into an executable procedure.
The goal of Algorithm 1 is, for a set of marketing decisions
(targeting, channel budgets, promotions, new-product
concepts), to organize measurement by evidence layer so
that every incrementality figure reported can be traced to an
experimental anchor, and to keep LLMs working only where
they accelerate.

Algorithm 1 | Experiment-Anchored Marketing Measurement (EAMM)

Input: decision list D (targeting, budgets, promotions, concept tests); historical spend and sales data; available experimental budget; paired
historical records of observational and experimental estimates; optional LLM synthetic samples
Output: incrementality estimate, interval and evidence layer for each decision; channel priors and bias budget B2; targeting lists; a

measurement ledger

1: Stratify: label each decision in D with the evidence layer it requires (Table 2); decisions on budgets and targeting need at least E1 or

E2/E4 evidence, and E5 is used only for screening candidates
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2: Design experiments: compute sample sizes by equation (3), preferring control groups, geo experiments or ghost ads; reduce variance
with pre-experiment covariates; when samples are insufficient, pool several experiments or actively choose experimental units

3: Target: estimate 1(x) on random samples (meta-learners or causal forests), evaluate with RATE or cumulative-gain curves with
intervals; rank by m-t — c and treat only groups with positive expected value

4: Calibrate: estimate B2 from paired historical records and combine mix-model and experimental estimates by equation (6); raise

experimental frequency for channels with large B2

5: Extrapolate: for campaigns without experiments, extrapolate with predicted-incrementality models trained on experiments, and flag

anything outside experimental coverage

6: Synthetic evidence: LLM-generated respondents or digital twins serve only as predictions f, rectified by equation (7) with a human
sample of at least several hundred; report intervals rather than point estimates

7: Agentic execution: LLMs generate queries, code and draft reports; calculations are done by deterministic code; identification
assumptions and conclusions are reviewed by people; every step is written to the measurement ledger so that it can be reviewed and

rolled back

Complexity and scope: Experimental cost is set by equation (3); uplift estimation is near-linear in sample size; equations (6) and (7) are
closed-form. Applies to companies with some scale of spend that can run control groups or regional randomization; with very small
experimental budgets, B2 in step 4 can rely only on external benchmarks, which must be noted in the ledger

Algorithm 1 embodies three design intentions. First, steps 3
and 5 base both targeting and extrapolation on random
samples, avoiding the "sure things" trap of Section 4.1 and
echoing predicted incrementality®**. Second, step 4
estimates the bias budget from historical gaps so that the
weight on experiments adjusts automatically to the
credibility of the observational model, complementing
current practice of "setting priors with experiments",
Third, steps 6 and 7 confine LLMSs to acceleration: synthetic
evidence must be rectified with humans, and agents'
conclusions must pass identification checks*>%,

lllustrative simulations

All numbers below are illustrative and show how equations
(1)—(7) interact. All data are synthetic; the script and random
seed (20261105) are in src/figs.py. They do not represent
measurements of any real brand, campaign or customer.

Response targeting versus uplift targeting. We generate
200,000 customers whose baseline purchase probability is
negatively correlated with uplift (correlation -0.642):
persuadables cluster at intermediate baselines, while those
already likely to buy have uplift near zero or negative. The
budget allows treating 20% of customers; each incremental
purchase earns a margin of 30 and each treatment costs 2.
Random targeting yields 62.2 incremental purchases per
1,000 treated; targeting by an oracle response model
(knowing ; exactly) yields only 8.8, with 29% of those
selected being "sure things" whose baseline probability
exceeds one half; "lowest baseline first" yields 50.9; a T-
learner uplift model trained on a random sample of 40,000
yields 97.1, and oracle uplift ranking 122.3 (Fig. 1). In profit
per 1,000 treated, response targeting gives —1,736 and the
uplift model 914. An accurate response model, in other
words, can be the worst targeting rule.

random

response model (oracle)

lowest baseline first

uplift (T-learner)

uplift (oracle)

I T T T T T
0 20 40 60 80 100 120
incremental purchases per 1,000 treated

Fig. 1 | Predicting who will buy is not knowing who was persuaded.
Incremental purchases per 1,000 treated under five targeting rules with
the same budget; the oracle response model delivers the least.

Synthetic data, fixed random seed 20261105, computed by the HX
Research Team.

Endogenous spend and calibration with a bias budget. We
simulate 156 weeks of single-channel data with true return
on investment 1.2 and decay 0.5, with spend raised in
response to demand shocks the model cannot see. Over
2,000 repetitions, the observational mix model overstates by
1.40 on average with root-mean-square error 1.40;
combining the experiment (standard error 0.25) as a prior
weighted by sampling variance still leaves a bias of 1.24,
because the observational model's sampling variance is
small and almost all the weight falls on it; estimating the
bias budget from the past 5 "mix model minus experiment"
gaps by equation (6) cuts the bias to 0.047 and the RMSE to
0.241, comparable with the experiment alone (0.245) (Fig.
2). As a control, when spend is exogenous the bias-budget
method has RMSE 0.238, slightly better than the experiment
alone, showing that it automatically uses observational
information when the observational model is credible.



Analysis

HX Research - 3LERH5T

1
5 4 3 observational MMM :true ROI
experiment prior (san]pling-variance weights)
experiment—anchored:+ bias budget
1
4 A experiment only !
1
|
231 :
@ 1
c 1
[} 1
© i
29 I
vtﬂlj_'"'tl_l
1 ol o
1
A0
0 T T L T = T T T
0.5 1.0 15 2.0 25 3.0

estimated channel ROI

Fig. 2 | With endogenous spend, an experiment prior weighted by
sampling variance cannot undo the bias; calibration with a bias

budget can. Distributions of four estimators over 2,000 repetitions; the
dashed line marks the true return on investment. Synthetic data, fixed
random seed 20261105, computed by the HX Research Team.
Synthetic respondents and prediction-powered inference. Let
the true mean purchase intent for a new concept on a five-
point scale be 3.095; LLM synthetic respondents correlate
0.729 with humans but overstate the mean by 0.414, with a

compressed distribution. Over 2,000 repetitions: with 200
humans alone, the actual coverage of the 95% interval is
94.9% with mean width 0.295; with 10,000 synthetic
respondents alone, the interval is only 0.019 wide but its
coverage is 0% — very precisely wrong; rectified by 200
humans through equation (7), coverage is 95.2% with width
0.218, about a quarter narrower than humans alone (Fig. 3).

100 A width 0.29 width 0.22

80 1

60

40 A

20 1

actual coverage of 95% Cl (%)

idth 0.02
0 : W

200 humans only

10,000 synthetic onBPI: synthetic + human rectifier

Fig. 3 | Synthetic respondents alone are "precisely wrong";
combined with a few humans they are both valid and narrower.
Actual coverage and mean width of 95% intervals under three
approaches. Synthetic data, fixed random seed 20261105, computed by
the HX Research Team.

Table 4 | Summary of illustrative simulations (fixed random seed 20261105)

Simulation Key setting Result Equations
Targeting rules 200,000 customers, 20% budget, incremental per 1,000: random Egs. (1)—(2)
baseline—uplift correlation —0.642 62.2, response 8.8, uplift model
97.1, oracle uplift 122.3
MMM calibration 156 weeks, true ROI 1.2, bias: observational 1.40, variance- Eqgs. (4)—(6)
endogenous spend, 2,000 weighted 1.24, bias budget 0.047
repetitions
Synthetic respondents 10,000 synthetic, 200 humans, bias ~ coverage: humans 94.9%, synthetic ~ Eq. (7)
+0.414 0%, PPI 95.2%; widths 0.295 /

0.019/0.218

Table 4 is not a claim about any real system. The
mechanism it conveys is that accurate prediction is not
correct decision-making and a precise model is not a valid
conclusion; numbers become credible only when anchored
by experiments or human samples.

Table 5 | Five forecasts (opinion)

Forecasts and research agenda

The following are views of the HX Research Team, not
statements of fact.

No.

Forecast

Time scale

Main basis

Falsification
condition

Implication for
enterprises

Mainstream open-
source marketing mix
tools will offer
diagnostics of "model
estimate versus
historical
experiments", and
bias-budget-style
weighting of
experiments will
become common
practice

Synthetic respondents
in marketing research
will move from
"replacement
samples" to "synthetic
plus human
rectification”, with

12-24 months

12-24 months

experiment calibration
is mainstream'”'%;
structural estimation®;
endogeneity
benchmark®

PPI%; conjoint
augmentation®;
coverage gap®;

psychometric audit®

by end-2028, none of
Meridian, Robyn and
PyMC-Marketing
offers systematic
diagnostics of model-
versus-experiment
8aps

by end-2028, most
empirical studies
using synthetic
respondents in major
marketing journals
still report purely
synthetic estimates

start keeping paired
records of every
experiment and the
contemporaneous
model estimate now

keep a human anchor
sample of several
hundred in concept
tests
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leading-journal studies
generally reporting
rectified intervals

3 Major ad platforms 6-18 months
and retail media

networks will make

"experiment-

calibrated

incrementality” a

standard report

alongside attribution

4 Main evaluations of 12-24 months
marketing and data-

analysis agents will

add causal-pitfall and
identification-check

dimensions, not just

answer or SQL

accuracy

5 Brand exposure in 12-24 months
generated answers

will enter marketing

mix models as a new

channel, but for two

years its credible

estimates will still rely

mainly on

experiments

PIE*; cannibalization
correction®; cross-
platform diversion*

data-agent benchmark
57%°; causal pitfalls®;
execution harness®’

generative marketing
mix models’; neural
mix models'; privacy
signal loss"

by end-2027, the
default reports of
major platforms still
contain only attributed
conversions and
attributed returns

by end-2028, major
data-agent
benchmarks still
contain no causal-
identification tasks

within two years, a
method for estimating
generative-exposure
effects without

ask for incrementality
experiments or their
calibration when
buying media

let agents write code,
have deterministic
code compute and
people review
identification
assumptions

run small regional or
query-level
randomizations for
generative channels

experiments, with first
errors within +20%

under independent
experimental tests, is

widely adopted

The research agenda has four open questions. First, the bias

budget B itself varies with channel, season and spending

strategy: how can hierarchical models share information
across channels and give a reliable B2 when experiments are
scarce? Second, aligning uplift evaluation metrics with
business objectives: when ranking metrics suffice and when
thresholded policy risk is required***'. Third, the conditions
for validity of synthetic respondents: which historical tasks
are "exchangeable" with the current one, so that synthetic
evidence carries guarantees®, Fourth, experimental design
under privacy constraints: after aggregation and noise
injection, how to choose reporting granularity so that
experiments remain in the decidable zone®.

Key points:

1. Use equations (1)—(2) for targeting: rank by uplift, not
response; response ranking selects sure things.

2. Use equation (3) for experiments: when effects are small
and volatility large, sample size grows with the square of
their ratio.

3. Use equations (4)—(5) for mix models: with endogenous
spend, bias does not vanish with sample size.

4. Use equation (6) for calibration: treat historical bias as
extra variance, and weight shifts automatically to
experiments.

5. Use equation (7) for synthetic evidence: synthetic
samples rectified by humans are both valid and narrower.

Where common industry views may be wrong

"A highly accurate response model means good targeting."
Response models predict whether people buy after
treatment; uplift models estimate how much treatment

changes. An accurate response model can concentrate the
budget on sure things'>'®.

"Conversions in attribution reports are incrementality."”
Conversions attributed to paid channels may overlap with
organic demand or be booked by downstream platforms**;
observational median lifts can be several times experimental
ones'.

"More data make the mix model more accurate." Bias
from endogenous spend does not vanish with sample size;
priors and experiment calibration decide whether the model
can be read causally®*.

"LLMs can replace surveys." Synthetic respondents
reproduce some distributions but suffer variance collapse,
poor coverage of combinations and sensitivity to
configuration®?"*; the right use is to combine them with
human samples®.

"Let the LLM answer the causal question directly." On
pure causal-inference and statistical-pitfall benchmarks,
model performance is limited®>®; it is more reliable to have
the model write analysis code, let deterministic computation
produce results and have people check identification
assumptions.

Limitations

This article has four limitations. First, the simulations in
Section 6 use simplified synthetic data; they illustrate
mechanisms but cannot give numbers for any real brand,
and the effect of the bias budget depends on the number and
representativeness of historical gap records. Second, much
key evidence comes from studies of particular platforms and
markets (Facebook, Meta, eBay, TikTok, Criteo), and
caution is needed in generalizing to other industries and
channels''"***43% _Third, research on synthetic respondents
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moves fast, and several 2026 findings come from preprints,
as self-reported by the papers®®. Fourth, experiments carry
ethical and compliance constraints: a control group means
some customers do not receive an offer, and personalized
targeting involves automated decision-making. Under
Article 24 of China's Personal Information Protection Law,
automated decision-making using personal information must
ensure transparency and fair, just results, and information
push and commercial marketing through automated
decision-making must also offer an option not targeting
personal characteristics or a convenient way to refuse;
Article 55 requires a personal-information protection impact
assessment for automated decision-making using personal
information®.

Conclusion

LLMs make marketing analysis faster but do not make
causal identification easier. Field experiments repeatedly
show that observational methods overstate advertising
effects; uplift research shows that those most likely to buy
are often least worth treating; and research on synthetic
respondents shows that models can reproduce distributions
precisely yet cannot replace the combinations and biases of
real people. These three lines of evidence point to one
conclusion: marketing incrementality must be anchored by
experiments and then extended by uplift models, calibrated
mix models and prediction-powered inference; the place of
LLMs is in acceleration, not identification.

For enterprises the implications are concrete. Target by
uplift rather than response; when allocating budgets, keep
paired records of experimental and model estimates and let a
bias budget set the weight of experiments; in concept tests,
combine synthetic respondents with a human anchor sample;
let agents write code, run workflows and draft reports, but
leave identification assumptions and final conclusions to
people. According to the company website, the "response
and uplift models" in HX's FMCG solution separate
persuadable customers from those who would buy
regardless and deliver targeted lists by segment with
expected incremental sales, and its "promotion and price-
elasticity analysis" combines control-group and difference-
in-differences analysis with price-elasticity estimates, all
computed by deterministic code”. The Harness governance
engine of the Enterprise Agent Platform holds that "the
model only proposes, tools execute under control, and
Harness holds the final say"”', which can implement the
human review, measurement ledger and rollback of
Algorithm 1.

Data availability

No real data from any company or customer were used in this
article. Figures quoted come from the listed references and the
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company website; the illustrative simulations were generated by
script under the assumptions stated in the text.

Code availability

The script for the illustrative simulations and Figs. 1-3 is
src/figs.py (Python, fixed random seed 20261105), provided with
this article's package for verification.
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