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Bio

A BIT ABOUT MYSELF

» BS, Economics and Mathematics at University of Dayton (2021)
> MA, Economics at Miami University (2022)
> Presently, Lead Data Scientist at 84.51° (Kroger’s data science and analytics subsidiary)
> At 84.51°, | primarily:
® | ead a team of data scientists developing a production causal inference / experimentation
("measurement") platform for internal marketing use across the organization
® Partner with business stakeholders upstream to make campaign design more
measurement-aware / causal-first when treatment assignment is still in our control
® Lead R&D for CATE/Uplift modeling for personalized/optimized treatment prescription in
marketing applications
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ROADMAP
THEORY FIRST, PRACTICAL INTERLUDES, THEN APPLICATION

Running question: Did the treatment work, for whom did it work, and how should that change the next decision?

Part I: Foundations Part Il: Heterogeneity
> Motivation and causal setup » Modeling heterogeneous > Stylized, simulated examples
» Why machine learning for treatment effects inspired by real-world

i ? . marketing applications
causal inference > Personalized treatment SRR

» Average effects and inference decisions » Highlight practical challenges
and considerations in

real-world applications

Measure average effects — Learn who benefits most — Use estimates for decisions

& IN PRACTICE ] Interludes on assumptions in the wild, scaling ATE measurement, and productionalizing heterogeneity
modeling and personalization.
Main Goal

Combine flexible, modern machine learning with the causal framing and inferential discipline economists care
about, and show why that combination is especially useful in industry and marketing settings.
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Part |

FROM CLASSICAL REGRESSION TO DOUBLE/DEBIASED
MACHINE LEARNING FOR AVERAGE EFFECTS
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A STYLIZED RUNNING EXAMPLE

MARKETING CAMPAIGN EFFECTIVENESS AS A MARKETING MEASUREMENT PROBLEM

© Incremental Effect of Exposure

» Y: customer spend in the next 30 days

» D: exposure to a marketing campaign (ad, offer,
etc.)

> X: high-dimensional customer context

Causal targets
ATE = 6y = E[Y(1) — Y(0)]
CATE(x) = 1o(x) = E[Y(1) — Y(0) | X = x]

A Why this can be difficult

» Ad exposures are sometimes non-randomized &
highly targeted, so traditional methods inherit
strong confounding bias.

» The propensity score mo(X), outcome surface
o(X), and CATE function 7o(X) can be complex
and nonlinear.

JACOB PIENIAZEK

What can make X complex? The confounding and heterogeneity structures
often live in a mix of structured variables, high-dimensional features, and learned

representations.

B Structured

> RFM & other
aggregated
features

» Customer

segmentations &
pre-engineered

features

Key Questions

£ High-Dim Tabular

» Time-Series of

past purchases,
spend, and visits
SKU-level
purchase vectors
Digital behavior

tables (e.qg., clicks,

searches, etc.)

» Did the campaign work on average?

» Did it work better for some customers than others?
» How should we use that information next time?

CAUSAL ML IN PRACTICE

> Image

embeddings of
viewed products &
ads

Sequence
embeddings from
clickstream
sessions
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POTENTIAL OUTCOMES AND NOTATION
SOME COMMON LANGUAGE FOR THE CAUSAL SETUP WITHIN CROSS-SECTIONAL REGIME

» For each unit /, let Y;(1) and Y;(0) denote the potential outcomes under treatment and control.

» We observe Y; = Y;(D;), treatment D;, and covariates X;.
> Shorthand: W; = (Y;, D, X)).
» Fundamental problem: for any given unit, we never observe both Y;(1) and Y;(0).

Maybe it was the bad tuna
O | had for lunch

Too bad | don't have a
proper control group,
now I'll never know

Potential outcomes framing: Rubin (1974).
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ESTIMANDS AND ASSUMPTIONS
KEY OBJECTS WE’LL BE WORKING WITH

Core estimands
Average Treatment Effect (ATE):

0o = E[Y(1) — Y(0)]
Conditional Average Treatment Effect (CATE):

7o(x) = E[Y(1) = Y(0) | X = x]

Important reminder

Core assumptions

> Well-defined treatment / no interference

» Consistency: Y = Y(D)

» Unconfoundedness: (Y(1), Y(0)) L D | X
» Overlap: 0 < my(X) =P(D=1]| X) < 1

The machine learning techniques discussed can help us estimate complicated nuisance (to be defined)
structure, but it does NOT not create identification out of thin air.

In observational settings, unconfoundedness is a substantive assumption (aka, ignorability, exogeneity, etc.). No interference

means one customer’s treatment does not affect another’s outcome. We use ATE generically for simplicity in place of other

estimands, such as ATT.
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ASSUMPTIONS IN THE WILD

HOW THIS CAN SHOW UP IN INDUSTRY

== IN PRACTICE Interlude

When assignment is still in play When the design is already fixed or past
» We often have some influence upstream before » Then assumptions require investigation & the search for
intervention, so we push hard for a identification begins: who got treated, why, and what
measurement-aware / causal-first design, the business knew at assignment time.
implementing RCT-style designs wherever possible. > Overlap failures, spillovers, contamination, and delivery
> |Vs, imperfect randomization, or simple rule-based / measurement issues can dominate the analysis.
variation i; usually much better than trying to rescue a > “Not identifiable” rarely ends the conversation; it
weak design after the fact. challenges automation of measurement & changes the
» Many times true randomization is not feasible or identification strategy.

practical, or simply not considered in advance.

Econometric Rigor vs. Business Practicality. Many times, the ideal assumptions for clean identification are not met, and
you have to make do with what you have within reasonable timelines, with reasonably explainable models. The business
must often make decisions based on imperfect information. This is a key tension in "real-world" causal inference work.

JACOB PIENIAZEK CAUSAL ML IN PRACTICE 8
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A FIRST PASS: REGRESSION ADJUSTMENT FOR THE ATE

WHAT MANY OF US WOULD DO FIRST IN PRACTICE

Y=a+6yD+ X'By+¢

Interpretation What has to go right?
» Regress the outcome on treatment plus observed » Confounding is addressed by
controls. conditioning on X.
> Read § as the ATE. » The linear/additive specification is good
> In a randomized experiment, this is generally a enough to control for any complex,
sufficient approach. non-linear confounding.

» The control set is small enough to
estimate reliably (p < n)
Why this is a useful benchmark

This is the familiar econometrics baseline: transparent, interpretable, and often effective in
low-dimensional settings.
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WHY MOVE BEYOND CLASSICAL LOW-DIMENSIONAL REGRESSION?

WHY CAUSAL ML ENTERS THE PICTURE

Classical regression is comfortable
when...

> there are relatively few controls relative to n,

» functional forms and confounding processes
are simple,

» controls are mostly tabular and of
low-dimensionality,

» interactions are known in advance,
» a hand-specified model feels credible.

But practice often looks more like...

>

vvyyvyy

high-dimensional and complex confounding
(possibly p > n),

nonlinear response surfaces,
unstructured data (e.g., text, images, etc.),
many plausible interactions,

unknown functional forms of heterogeneity
(more on this later).

We want flexible prediction tools for confounding adjustment, but we still want causal effect estimation

and valid inference.
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THE PARTIALLY LINEAR REGRESSION MODEL
A USEFUL BACKBONE FOR A LOW-DIMENSIONAL CAUSAL TARGET

Y =Dlo+go(X)+¢,  E[C|D.X]=0
D=my(X)+V, E[V|X]=0

0o is the constant treatment-effect (ATE) in the PLR model.

go(X) captures how observables shape the outcome.

mo(X) captures how observables shape treatment assignment.

The nuisance functions, go and mp, can be complicated even when the target parameter is simple.
This is the semiparametric backbone we’ll build from: a low-dimensional target parameter with
high-dimensional, flexible nuisance structure.

The previous OLS regression with controls is a special case of this model when go(X) = X’3p and
mo(X) = X'mo.

vVvYyyvyy

v

The term "nuisance functions" exists to capture that estimation of these components is not of primary concern. They exist as a
means to an end (6p), rather than as ends in themselves.

Semiparametric backbone: Robinson (1988); DML treatment: Chernozhukov et al. (2018).
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WHY NAIVE ML PLUG-IN FAILS
GOOD PREDICTION IS NOT ENOUGH

Regularization bias Overfitting bias

If nuisance estimates are biased because the Traditional ML is notoriously prone to overfitting, in
learner shrinks, selects, or smooths aggressively, which a learner captures noise in the sample and
that bias can spill into the treatment effect generalization becomes hindered. This overfitting
estimate (e.g., it can shrink in a bias can introduce bias into the treatment effect
"confounder-unaware" fashion). estimate.

Good prediction alone does not guarantee root-n valid causal inference for causal targets. We need to
ensure:

1. We sulfficiently model complexity in the nuisance functions to control for confounding, but
2. We don’t regularize away key confounding variation, and
3. We don't allow our learner to be too complex such that it overfits the training data

Bias transmission: Chernozhukov et al. (2018).
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Mitigating Regularization Bias

via Neyman Orthogonality



CLASSICAL BRIDGE: FRISCH-WAUGH-LOVELL (FWL) PARTIALLING-OUT

WHEN THE NUISANCE MODELS ARE LINEAR REGRESSIONS

Y =09+ 0D+ XpBo+¢
(X)) =X,  m(X)=X'mg
Y=Y —ty(X), D=D—-myX)
Y =0,D+¢

foLs with controls = HOLS of Yon D

> Regress Y on X, keep the residuals.

> Regress D on X, keep the residuals.

> Regress residualized Y on residualized D.

> You get exactly the same coefficient and variance estimates as full OLS with controls.

Takeaway

FWL is the familiar econometrics bridge. We can generalize this partialling-out intuition.
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A BRIEF DETOUR: GENERALIZED METHOD OF MOMENTS & SCORES

A MORE GENERAL ESTIMATION FRAMEWORK

After partialling-out:

Y/ = Hob +e
Define the score or moment function:
W(W;600) = D(Y — 6D)

Define the moment condition (OLS orthogonality
condition):
M(6o) = E[De] = E[)(W; 6o)] = 0
where =Y —6yD

And solve for the parameter (closed-form in this
case of OLS):

_E[BY]
~ E[D?]

E[¢(W, 90)] =0 = 6

JACOB PIENIAZEK

CAUSAL ML IN PRACTICE

Generalized Method of Moments

Generalized estimation technique commonly applied
in the context of semi-parametric models, where the
parameter of interest is finite-dimensional and the full
shape of the data’s distribution function may not be
known, and therefore maximum likelihood estimation
is not applicable.

Solving the moment condition

Choose 0§ such that sample analog of the moment
equals zero. This can be done via closed-form
solution, numerical optimization, or other methods
depending on the structure of the moment condition.

This framework will be carried forward in our
discussion as we construct scores 1 for more
complex models.
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RESIDUAL-ON-RESIDUAL INTUITION
WITHIN THE PLR MODEL

Define nuisance functions and residuals: > First partial out the variation explained by X
using flexible learners for £o(X) and mg(X).
LX) =E[Y|X],  mo(X)=E[D|X] . .
» Then estimate the effect using the
Ry = Y — £o(X), Rp = D — my(X) residualized treatment and outcome.
» This is a generalization of the FWL idea to

Defi h : i i
efine the score the semi-parametric PLR model; see

1/J(W; 0o, 770) = RD(RY — GoRD) Robinson (1988).
where 19 = (4o, Mo) » The score v is Neyman Orthogonal; see
Chernozhukov et al. (2018). Adapted proof

Define population moment condition: in Appendix.

M(0o,110) = E[t(W: 00,70)] = O Neyman Orthogonality
Similarly, solve for the parameter: Neyman orthogonality ensures that small errors

i imati i functi have
_ E [RoRy] in estimating nuisance functions 7y hav

5 minimal impact on the target parameter. In other
E [RD] words, the estimate of 6 is robust to first-order
bias in the nuisance estimation.

E[yp(W;00,m0)] =0 = 6o
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Mitigating Overfitting Bias

via Cross-Fitting



CROSS-FITTING

SEPARATING TRAINING FROM EVALUATION

3. Predict 4. Estimate
1. Split 2. Train On held-out étack held-
Create folds _ Fit E(*"), M=k E— Ik, build —_—
out moments
T, ..., Ik on other folds out-of-fold A
. and solve for 6
residuals

repeatfork =1,... K

Ry, =Y — IR(x), Rp; = Di — M=), i€ Ik

If we do not cross-fit Why it helps

> Data reuse: the same data train and > Out of fold: each observation is residualized
evaluate the nuisance models. using models trained on other folds only.

> Self-influence: observation i helps fit the > Overfitting bias mitigated: the learner
model used to residualize itself. cannot capture idiosyncratic noise in the fold

> Result: flexible ML can make in-sample it is evaluated on.
residuals look too optimistic, distorting the > Payoff: Overfitting bias is pushed to higher
moment equation. order, supporting unbiased estimation & valid

inference for 6.
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Double/Debiased Machine Learning

Putting the pieces together



THE DOUBLE/DEBIASED MACHINE LEARNING FRAMEWORK
THREE KEY INGREDIENTS FROM GENERIC DML

n Neyman Orthogonality

Using a score function (W;6,n) such
that
1. M(6,n) = E[¢(W; 0,7)] identifies
¢ when 7 = no, and

2. the Neyman orthogonality
condition is satisfied.

O M(00, )|, -, = O

=70

Eliminates first-order bias from nuisance
estimation.

E High-Quality ML Models

The use of high-quality machine learn-
ing estimators of the nuisance parame-
ters, with a sufficient convergence rate of
0p,(n~"/*), which is achievable by many
modern ML methods under reasonable
conditions.

Renders second-order bias from nui-
sance estimation negligible.

E Cross-Fitting

Use sample splitting, where nuisance
functions are estimated on different data
than are used in their evaluation when
producing the estimator of the main pa-
rameter 6.

Mitigates overfitting bias from flexible nui-
sance function estimation.

What does this give us?

An unbiased and root-n consistent estimator 8 of the target parameter 6, with an asymptotically normal distribution that allows
for valid inference, even when using flexible machine learning methods to estimate the nuisance functions!!

Generic DML framing: Chernozhukov et al. (2024, Sec. 9.4); formal reference: Chernozhukov et al. (2018).

JACOB PIENIAZEK
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A QuICcK NOTE: DML Is A GENERALIZED SCORE-BASED FRAMEWORK
SAME WORKFLOW, DIFFERENT ORTHOGONAL SCORES

Once you have an orthogonal score, the rest of the workflow is portable. Change the score to match the
target, then reuse ML nuisance estimation and cross-fitting.

Examples of Neyman Orthogonal Scores
Non-exhaustive selection

PLR
PLIV
IRM
IIvM
LPLR
PLPR
DiD

JACOB PIENIAZEK

Partially Linear Regression

Partially Linear IV Regression
Interactive Regression Model
Interactive IV Model / LATE

Logistic Partially Linear Regression
Partially Linear Panel Regression
Difference-in-differences extensions

CAUSAL ML IN PRACTICE

Chernozhukov et al. (2018)
Chernozhukov et al. (2018)
Chernozhukov et al. (2018)
Chernozhukov et al. (2018)
Liu et al. (2021)

Clarke and Polselli (2026)

Callaway and SantAnna (2021)
and Chang (2020)
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FRoOM ONE ATE TO REPEATABLE MEASUREMENT
SCALING ATE ESTIMATION

== IN PRACTICE Interlude

The productionalization challenge The dangers of automated econometrics

» Thousands of marketing campaigns can be executed > Automation standardizes execution; it does not create
throughout the year and quick, repeatable measurement identification.
is critical for learning and iteration. > One-size-fits-all pipelines require consistency in

» The business cares about efficiency, scale, and experimental design, known patterns, and data
automated reporting, not just one-off estimates. contracts/quality assurances.

> Distributed data prep, pipelining, & orchestration in python » Guardrails still matter: overlap, effective sample size,
via PySpark / Databricks, then estimation via open source contamination, and implausibly noisy estimates.
packages, such as statsmodels, DoubleML, or EconML. » Non-standard quasi—experimental designs typically

» This requires significant coordination across teams & require bespoke measurement approaches and cannot
systems, from data engineering to data science to always be fully automated. We look for common,
business stakeholders. repeatable patterns.

Operational lesson. The estimator is typically the easy part with proper design; the hard part is standardizing the designs
and building the pipelines to execute them at scale with high data quality.
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FrRoM PLR 1O IRM

A BRIDGE TO FULLY HETEROGENEOQOUS EFFECTS

> In many applications, treatment is binary: email vs. no email, coupon vs. no coupon, eligibility vs. no
eligibility.
> The PLR is a useful backbone, but it imposes a constant/additive treatment effect.

» Why move? PLR treats the effect as common across units; IRM lets treatment effects vary with
observables.

» The interactive regression model (IRM) lets outcome surfaces differ flexibly across heterogenous
effects.
go(d,x)=E[Y|D=d, X =x], mo(X) = P(D=1]X)
T0(x) =E[Y(1) — Y(0) | X = x] = go(1, x) — 90(0, x), 0o = E[ro(X)]

Interpretation

IRM is a natural bridge from average effects to heterogeneous effects. That said, PLR is not as restricted
as it appears, as one can include flexible transformations of X and interactions between D and X.

DML treatment of IRM: Chernozhukov et al. (2018).
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A MOMENT FOR IRM?

FINDING NEYMAN ORTHOGONALITY IN THE FULLY HETEROGENEOUS CASE

Given:
9(d,x) =E[Y|D=d, X = x|, mo(X) =P(D=1]X)
7o(x) = E[Y(1) = Y(0) | X = x] = go(1,x) — go(0,X), 0o = E[ro(X)]

It is tempting to construct our score as follows:

Y(W; go, 00) = go(1, X) — 90(0, X) — 0o

with corresponding moment condition E[/( W go, 60)] = 0.

But, as we have discussed, this naive plug-in approach is not robust to regularization bias in the
estimation of go. One can verify this score is not Neyman Orthogonal. Adapted proof in Appendix.

So, how can we construct a Neyman Orthogonal score for the IRM? We will see that the AIPW/doubly
robust signal provides a solution.
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AIPW / DouBLY ROBUST INTUITION

A SIGNAL WE WILL SEE AGAIN LATER

S(W) = go(1, X) — go(0, )+ 2 =90(1:X) (1= D) (¥ = 9(0. X))

mo(X) 1-— m()(X)

IPW correction (propensity)

outcome model

» This combines outcome modeling and inverse-probability weighting.
» Under unconfoundedness and overlap, E[¢(W) | X] = 70(X) and E[¢(W)] = 6o.

> It is doubly robust: consistency survives if either the outcome model or the propensity model is
consistently estimated.

Given E[¢(W)] = 69, we can construct a Neyman Orthogonal score as follows (adapted proof in
appendix):

w(Wv 907770) = ¢(W) _907 To = (907m0)
and corresponding moment condition M(6o,n0) = E[(W; 6o, 10)] = 0.

See Robins et al. (1994) for the original AIPW estimator, and Chernozhukov et al. (2018) for the DML treatment of IRM.
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Part [l

HETEROGENEITY, VALIDATION, AND PERSONALIZED
DECISIONS
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WHY MOVE BEYOND THE ATE?

AVERAGE EFFECTS CAN HIDE A LOT

» A positive ATE does not imply the treatment helps everyone.
» A near-zero ATE does not imply the treatment helps no one.
> In many applications, the policy question is really: who should receive treatment, and why?

Practical interpretation

Heterogeneity estimation is valuable for segmentation, ranking, and personalized treatment decisions.

CATE motivation and policy relevance: Semenova and Chernozhukov (2021); Chernozhukov et al. (2024).
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HETEROGENEITY STARTS WITH INTERACTIONS
THE CLASSICAL REGRESSION BASELINE

Y:a+X/’yo+90D+(5o(DXZ)+U
To(Z) =0y + 6pz
» This is the familiar econometrics move: let the treatment effect vary with observables through
interaction terms.

» If Z is a subgroup indicator or one selected covariate from X, we get an interpretable heterogeneous
effect pattern.

» Stacking several interactions, D x p(X), gives richer heterogeneity but also more variance and more
room for functional-form mistakes.

» In observational data, causal interpretation still requires unconfoundedness and overlap.

Bridge to causal ML

Causal ML keeps this interaction intuition, but lets the heterogeneity surface and the confounding
adjustment become much more flexible.
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PRECISION IN ESTIMATION HETEROGENOUS EFFECTS (PEHE)

THE IDEAL ORACLE LOSS FOR POINTWISE CATE ACCURACY

PEHE(7) = E |(7(X) — 70(X))?

» This is simply the MSE if we observed the true causal label for each unit, and would be the natural
way to score CATE accuracy.

> In simulations, PEHE is a clean benchmark for pointwise effect recovery.

> In applications, it is better viewed as an oracle benchmark rather than a directly computable test loss.

> That gap is what makes both CATE estimation and CATE validation harder than ordinary prediction.
Where we are headed

The rest of the section is about feasible stand-ins for this infeasible objective.
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WHY CATE VALIDATION IS HARDER
PEHE IS NATURAL IN THEORY, BUT UNAVAILABLE IN REAL DATA

Standard prediction CATE estimation
» Observe the label Y. » The individual causal label Y(1) — Y(0) is
» Compute test MSE, AUC, calibration, and so never observed.
on. » PEHE is not directly computable outside
» Estimation and validation use the same simulations.
observed target. > Estimation needs surrogate losses, and

validation must be indirect.

This is one of the biggest conceptual differences between causal ML and standard ML.

Overlap, nuisance estimation, and causal assumptions all matter here, so validation is not as assumption-light as test MSE or
AUC.

Validation framing follows Chernozhukov et al. (2024).
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ESTIMATING HETEROGENEITY IN THE PLR
START WITH A STRUCTURED APPROXIMATION USING p(X)

Y = go(X) + Dp(X) Bo + ¢, E[¢| D, X] =0
B = argminE, [(IA?Y - Rp p(X)'ﬁ)z}
B

> One feasible answer to the infeasible PEHE problem is to restrict 7o(x) ~ p(x)’8 where p(x) is
specified basis for linear projection.
> Here Ry = Y — /(X) and Rp = D — M(X) are cross-fitted residuals.
> If p(X):
°* =1, we get the constant-effect PLR
® contains group indicators, we get GATE-style summaries

® contains bins, splines, or selected interactions, we get an interpretable low-dimensional
heterogeneity map.

Interpretation

If the interacted PLR is correctly specified, p(X)'8o = 70(X). Otherwise, it is an interpretable
approximation.

Debiased low-dimensional heterogeneity summaries: Semenova and Chernozhukov (2021).
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RELAXING p(X): THE R-LEARNER

A FEASIBLE SURROGATE OBJECTIVE FOR FLEXIBLE CATES

~ ~ 2
7 € argminE, [(Ry - RDT(X))
TeT

TET D

N 2
o [ R
=argminE, [F?% (IA?Y - T(X))

» Now the low-dimensional restriction 7(x) = p(x)’3 is replaced by a flexible learner over 7 € T.

> The loss here amounts to a weighted regression problem with target IA?y/ﬁfD and weights IA?% that
can be used with any regression method / flexible learner.

» This is not PEHE itself, but an estimable surrogate loss whose population minimizer targets 79 under
unconfoundedness and overlap.

> Valid statistical inference is much harder here than for low-dimensional ATE or GATE targets.

Quasi-oracle R-learner framing: Nie and Wager (2021).
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ESTIMATING HETEROGENEITY IN THE IRM

ONE TARGET FOR BOTH PARAMETRIC AND NONPARAMETRIC CATE MODELS

Di(Yi—a:1(X)) (1= D) (Yi — 5(X))

Parametric summary Flexible CATE
Bor = argminE, | (6 — p(X)'B)? oR € argen;in o {((]3 B T(X))Z}
B T

» Recall the DR signal satisfies E[¢(W) | X] = 70(X), so we can regress it on either a structured p(X) or a
flexible learner directly.
> This is a clean bridge between interpretable BLP / GATE summaries and fully nonparametric CATE models.

» The same held-out DR signal will also power our validation step as it is an unbiased signal for the true CATE,
albeit a noisy one, thereby providing observation-level validation.

DR signal CATE use: Semenova and Chernozhukov (2021).
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VALIDATING CATES wiTH HELD-OUT DR SIGNALS

WHAT WE DO INSTEAD OF PEHE IN PRACTICE

Split into train 7 and validation V: fit candidate CATE model 7 on 7; on V compute DR pseudo-outcomes $,-Va’ and model

predictions 7;.

DR-Loss & BLP Validation
Doubly-Robust Loss (DR-Loss):

Lpr(?) = Ey [(éval - 7A')2]

» Direct feasible surrogate for PEHE on held-out
data, but can mislead in policy settings.

Best Linear Predictor (BLP):

¢ = a0+ a1 +u

» a1 > 0: ranked predictions align with held-out
causal signals

> oy ~ 1: scale calibration

TOC & RATE

Targeting Operator Characteristic (TOC): let Sy = top-q fraction
ranked by 7;.

TOC(q) = Ev [$* | 84| — Ev [§] = GATES, — ATEy

» Gain over random targeting at budget level q

Rank-Weighted ATE (RATE):
1
RATE = / a(q) TOC(q) dg
0
> «(qg) encodes policy/budget emphasis

» AUTOC (a(q) = 1): uniform average over all budget levels; our
main ranking diagnostic

BLP/GATE: Semenova and Chernozhukov (2021); RATE: Yadlowsky et al. (2025); Overview: Chernozhukov et al. (2024).
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FROM ESTIMATED EFFECTS TO PERSONALIZED DECISIONS
A SIMPLE DECISION RULE

m(x) = {7 (x) > c(x)}

» Under linear welfare and a common cost scale, treat when estimated incremental net benefit
exceeds zero or a budget shadow price.

> |f treatment cost is roughly constant, ranking units by 7(x) may be enough.
» Good policy learning usually depends on both effect estimation and honest out-of-sample evaluation.
> With budget, fairness, or capacity constraints, the optimal rule need not be a simple threshold.

Interpretation

The move from treatment effects to decisions is where the theory starts to matter operationally.
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PRODUCTIONALIZING CATE MODELS

THE SYSTEM BEHIND PERSONALIZATION

== IN PRACTICE Interlude

Automating the CATE modeling pipeline Practical & theoretical challenges

» MLOps for causal inference: data extraction, feature » The true causal label is never observed, so validation

engineering, and model training pipelines that are
robust to the extra complexity of CATE estimation.

AutoML for candidate learners: Model selection &
validation with DR signals, BLP, and TOC / RATE (and
more) rather than plain predictive metrics.

Serving model endpoints and monitoring: use in future
personalized treatment decisions (batch and real-time),
and monitor policy value over time.

Bias, fairness, and ethical personalization: avoidance of
bias amplification, fairness constraints, and guardrails
against unintended, learned unethical patterns.

and monitoring are non-trivial, indirect, and continue to
be an active area of academic research.

Translating business objective functions into
standardized policy learning objectives is as much art
as it is science.

Distributed tooling, monitoring, and governance for
production causal systems are still much less mature
and lacking in many areas.

Ethical and bias concerns are amplified in personalized
treatment settings, and there is still much work to be
done on best practices and guardrails here.

Operational lesson. In production, the goal is usually not a precise individual treatment effect; it is enough ranking and
policy value out of sample to justify the extra system complexity.
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Part Il

RUNNING SIMULATED EXAMPLE AND TAKEAWAYS
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END-TO-END WORKFLOW IN THE STYLIZED CAMPAIGN
HOW THE MAIN PIECES CONNECT

£ Foundation

1. Define Y, D, X &
decision problem

2. Design for mea-
surement, or defend
identification.

I Avg. Effects

3. PLR / IRM with
DML (nuisance +
cross-fit)

Og: ATE estimate

Part 1: ATE Estimation

JACOB PIENIAZEK

ita Heterogeneity

4. GATE Estimation
5. Train / val split
6. Fit #(x) on train

7. Validate via DR
pseudo-outcomes

7(X): CATE Function

© Decisions

8. Personalized pol-
icy rule

m(x) = 1{#(x) > ¢(x)}

Part 2: CATE & Policy

CAUSAL ML IN PRACTICE

38/ 61



SYNTHETIC EXAMPLE SETUP
A SIMPLE DGP WITH NONLINEAR CONFOUNDING

Y; = go(X) + 6oD; + ¢ » In the running example, Y is
post-treatment spend.

» D is whether the customer was
Op =12 exposed to the marketing campaign.

D; ~ Bernoulli(mo(X;))

» X is pre-treatment customer
information.

» Both go(X) and my(X) are
deliberately nonlinear.

» That creates confounding that raw
linear OLS cannot fully remove.

What this example is designed to show

If confounding runs through nonlinear functions of X, naive comparisons fail badly and linear OLS can still
be biased, while PLR with flexible nuisance models can recover the average effect much better.
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AVERAGE TREATMENT EFFECT AND CONFOUNDING BIAS
CLASSICAL OLS CAN STRUGGLE WITH ARBITRARY, NONLINEAR CONFOUNDING

Average-effect comparison in the synthetic observational example
355

Estimated average effect
g = N N w w
o w o v o w

4
o

e
o

True ATE Naive diff. OLS + linear X DML PLR

JACOB PIENIAZEK CAUSAL ML IN PRACTICE

Here, Y is post-treatment spend
and D is marketing initiative
exposure.

Naive difference-in-means is
biased because treatmentdepends
on customer covariates X.

OLS with raw controls still misses
the nonlinear confounding
structure.

PLR, with Random Forests as
nuisance functions, helps when
confounding is richer than a
hand-specified linear model.
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SECOND SIMULATION: HETEROGENEITY-FOCUSED DGP

NOW LET THE TREATMENT EFFECT VARY ACROSS CUSTOMERS

Yi = go(X) + 70(X)Di + & > Sa'me running exgmple: Y is spend,
D is exposure, X is customer context.

D~ B Ili X; .
! ernoullimo(X;)) » Now some customers benefit much

70(Xi) = T0(Xi1, Xi2, Xia) more than others.
ATE = E[ro(X)] ~ 0.53 » This is the DGP used for the CATE,
GATE, and policy visuals below.

Interpretation

This second toy example is not about showing OLS bias. It is about showing how heterogeneity can be
real and consequential, and how we can use causal ML tools to understand it and make better decisions.
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HETEROGENEITY IS REAL

WHAT THE TRUE CATE LOOKS LIKE IN THE DGP

2.5

True heterogeneous treatment effects in simulation (Oracle Plot)

2.0+

True treatment effect

unit-level true effect

== smoothed true effects

-4

JACOB PIENIAZEK

-3 -2

-1 0 1
Key heterogeneity covariate x;

CAUSAL ML IN PRACTICE

» The horizontal axis is a key
customer feature in X.

» The vertical axis is the true

individual level treatment effect of

exposure.

» Some customers clearly benefit
more than others, and the
relationship is nonlinear.
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AN INTERPRETABLE FIRST STEP
SEGMENT-LEVEL HETEROGENEITY BEFORE A BLACK BOX

True bin effects and PLR DML interaction-based GATE estimates of x; » The blue bars are the true bin-level
—--- Overall ATE
| 7= True GATE (oracle)
@  Estimated GATE - PLR DML (95% CI)

effects in the simulation.

» The bronze points and whiskers
are GATE estimates from PLR
using linear projection of treatment
interactions with basis p(X).

» Only after this would | reach for a
more flexible CATE learner.

Treatment effect

Estimated CATE model

8 = rg o | (B - o) ]

a1 ) o3 Qs as &
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BLP wiTH HELD-OUT DR SIGNALS

A CALIBRATION-STYLE CHECK USING NOISY CAUSAL PROXIES

Held-out DR pseudo-outcomes vs. predicted CATES | 2 CATE mOdel iS eStimated on the
] @=o0rs training fold via R-Learner with
DR-Loss = 6.29 . .
Random Forests for nusiance functions
104 and final CATE learner.

» On the held-out fold, each point is a DR
pseudo-outcome rather than a true
individual effect label.

» The blue line is the BLP fit:

o

o

~val R
}/a =g + o7 + Uj

Held-out DR pseudo-outcome ri)va’

» The trend matters more than
point-by-point fit because the
Held-out DR pseudo-outcomes pSGUdO-OUtcomeS are nOIsy

= BLP fit

-2 -1 0 1 2 3 a .
Predicted CATE #(x) Estimated CATE model

~ 2
(R
# € argminE, | RS | =~ — 7(X)
TeT Ap
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BLP wiTH GROUND TRUTH
A CALIBRATION-STYLE ORACLE CHECK USING TRUE VALUES

Held-out true effects vs. predicted CATEs (Oracle Plot) » Same BLP Setup as before, but now
each point is the true individual effect
from the DGP rather than a DR

31 pseudo-outcome.

» The blue line is the BLP fit:

Gy = 0.69
PEHE = 0.29

T0,i = O + a7 + uj

» The Oracle metric
PEHE = E,[(7 — 70)?] is very small at
0.29

» Note, the Y-axis scale is significantly
different here because the true effects

Held-out true effects 7o,i(X)
-

Held-out true unit-level effects

) — it are noiseless, so the point cloud is
Y ---- 45-degree reference (T = To) .
: : ‘ : : : : much tighter.
-2 -1 0 1 . 2 3 4 . .
Predicted CATE 70 » This shows how noisy the DR

pseudo-outcomes are as proxies for
true effects.
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TOC WITH HELD-OUT DR SIGNALS

A RANKING, GAIN-OVER-RANDOM CHECK

Held-Out DR Targeting Operating Characteristic (TOC) curve > Before preSCf’ibing a pO|icy, we
2.00 eld-ou = 0. — curve H i
Held-out RATE/AUTOC = 0.57 Z?;a under curve (AUTOC) want evidence that the ranklng by
1754 ___ phiform confiaence band 7(x) is useful out of sample.

» The blue curve is a held-out
gain-over-random / TOC curve.

» The area under the curve is the
RATE metric (AUTOC in this case).

» The gray horizontal line is the

random benchmark; moving above
) ) ‘ ‘ ) it means the ranking is capturing
raction targeen (ighest o lowest 8 useful heterogeneity.

Gain over random (TOC)
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TOC WITH GROUND TRUTH

AN ORACLE RANKING, GAIN-OVER-RANDOM CHECK

Targeting Operating Characteristic (TOC) curve (Oracle Plot) | 2 Same TOC Setup as before, but
L, | oreceraTEAUTOC =053 e e uTo0) now the vertical axis is the true

=== Random baseline

average effect of the estimated
CATE ranking rather than a DR
pseudo-outcome.

> Note the Oracle ranking aligns with
the DR ranking much more than
the pointwise BLP fits did.

» This check is thus more directly
relevant to decision quality than the
0:2 D:r‘action targeted (hi(;:hGest to lowest T) 018 1:0 BLP because it fOCUSeS On the
ranking rather than pointwise fit.

Gain over random (TOC)
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FROM EFFECTS TO DECISIONS
A CONSTANT-COST DECISION RULE

1.751

Average Effect
-
U
o

=
N
o

Policy value from estimated versus true treatment-effect ranking
1

Treat if T>c = 0.80

= Treat top share by true effect (oracle)
- Treat top share by estimated CATE
== Uniform / untargeted benchmark

1
1
1
1
1
1
1
1
1
1
1
1
1
1
{ — = Decision cutoff from c(x) = ¢

1.00 4 !
1
1

0.75 H
1
1

0.50 == === mmm FoTTTmTTmmomoomomoomomm—meees

0.0 0.2 0.4 0.6 0.8 1.0

JACOB PIENIAZEK

Share of population treated

CAUSAL ML IN PRACTICE

The green line is the oracle policy
that ranks customers by the true
effect.

The bronze line ranks customers
by the estimated CATE 7(X).

The dashed vertical line shows the
cutoff implied by a constant
treatment cost ¢(x) = ¢ = 0.80.

If treatment is costly, even an
imperfect heterogeneity model can
improve value relative to an
untargeted benchmark.
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PoLicYy RANKING MATTERS
IT CAN BE THE DIFFERENCE BETWEEN PROFITABILITY AND LOSS

Total policy value, cost, and profit under CATE-based cutoff rule (Oracle Plot)

I -
1 - -
1000 A 1 -
1 ’a’
= 1 ’/’
S 800 1 -
o 1
i)
=
© 600 - 1
W
0
(=}
v
g 400 A
=3
©
>
o 2004
2
kS
E] J
£ 0
3
o
—200 A
—400 -
0.0
Share of population treated (ranked by 1, high to low)
== Total policy value (estimated T ranking) === Total profit (value — cost) — — Cost-rule cutoff: T> 0.8 (42% treated)
Total value under random targeting =+ Profit under random targeting @ Max profit at 34% treated

== Total cost (c=0.8)
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LiMITS AND OPEN PROBLEMS
WHAT CAUSAL ML STILL DOES NOT SOLVE

Identification assumptions still do the heavy lifting.
Poor overlap and measurement problems can dominate the analysis.
Flexible CATE estimation is easier to overfit than standard prediction.

vvyyy

Validation, model selection, and inference for rich heterogeneity models remain active research
areas.

Distributed tooling, monitoring, and governance for production causal systems are still much less
mature than in standard predictive ML.

v

Honest framing

Causal ML is powerful, but it is not magic; it works best when theory, design, and empirical discipline all
line up.
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FOUR KEY TAKEAWAYS
IF YOU TAKE NOTHING ELSE FROM THIS TALK, REMEMBER THESE FOUR POINTS

1. Causal ML is about combining identification logic and semi-parametric specifications with flexible
learning, not replacing one with the other; in practice, the highest-leverage move is often upstream
design.

2. Average effects are only part of the story; heterogeneity matters when decisions are personalized
and is often of more policy relevance to the business.

3. Validation is fundamentally harder than in standard ML because individual treatment effects are
never directly observed, which is one reason production CATE systems are genuinely hard.

4. These techniques are powerful but not magic; they can help us learn more from data and make
better decisions, but they do not obviate the need for good theory, design, and empirical discipline.
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QUESTIONS?

Jacob Pieniazek
Lead Data Scientist, 84.51°

%’ Jjacob-pieniazek.com

¥ jacob@pieniazek.me

jacob-pieniazek.com

) github.com/jakepenzak
in

in/japieniazek

Presentation reflects personal views and not those of my employer.


https://jacob-pieniazek.com
mailto:jacob@pieniazek.me
https://github.com/jakepenzak
https://www.linkedin.com/in/japieniazek/

Part IV

APPENDIX
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NEYMAN ORTHOGONALITY
A KEY PROPERTY FOR ROBUST ESTIMATION

» A moment function M(6o,n0) = E [0(W; 00, m0)] is Neyman orthogonal at (6, 7o) if the Gateaux
derivative of the mapping n — E[¢(W; 69, n)] at ng is zero.

> Intuitively, this means that small errors in estimating the nuisance functions n have only a
second-order effect on the bias of the estimator for 6.

» This property is crucial for achieving root-n consistency and asymptotic normality when using flexible
machine learning methods to estimate nuisance functions.

For subsequent proofs, identification of 4 is straightforward by construction of the score and we proceed
to show Neyman orthogonality by calculating the Gateaux derivative of the moment function at the true

parameter and nuisance values in the direction of arbitrary perturbations h. “E denotes the use of the law
of iterated expectations to simplify the expression by conditioning on X. Please excuse any notational
abuse for the sake of clarity and brevity in the calculations.

For more details, see Chernozhukov et al. (2018, Chap. 3).
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PROOF: NEYMAN ORTHOGONALITY IN THE PLR
GATEAUX DERIVATIVE AT THE TRUTH

Proof.
UW;0,m) = (D= mX))(Y = (X) =00 = m(X), = (t:m)
lo(X)=E[Y|X], mo(X)=E[D|X]

(X)) = lo(X) + rhe(X),  mi(X) = mo(X) + rhm(X), e = (£, M)

OE[Y(W; 00,1, = OFE[(D — mo(X) = (X)) (Y = (o(X) = rhe(X) — b (D — mo(X) = thn (X))o
= OE (D= mo(X) = rhn(X)) (¥ = £o(X) = rhe(X)) = 0 (D — mo(X) — thin(X))*|
= —E[h(X) (D — mo(X))] = E [n(X) (Y = £6(X))] — E [20hm(X) (D — mo(X))]

E —h(X) (E[D | X] = mo(X)) = hu(X) (E]Y | X] = £6(X)
— 206hm(X) (E[D | X] — mo(X))
—o.

r=0

since E[D | X] = mp(X) and E[Y | X] = £o(X).

lllustrative Neyman orthogonality proof adapted from Chernozhukov et al. (2024, Chap. 9, Sec. 9.B).



PROOF: NEYMAN ORTHOGONALITY FAILS IN THE NAIVE IRM CASE
THE SIMPLE PLUGIN ESTIMATOR IS NOT ORTHOGONAL

Proof.

1/)(W;9,77)29(17)()*9(0,)()*9, U:(Q(O,)79(1a))

(1, X)=E[Y|D=1,X], (0, X) =E[Y | D=0,X]

91.:(X) = go(1, X) + rh(X),  gor(X) = go(0,X) + rio(X),  nr = (G1.r,90.r)

O E[Y(W: b0, nr)]l,—o = OE[go(1, X) + rfn(X) — go(0, X) — rho(X) — 6],
=E[h(X) — ho(X)] # 0.
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PROOF: NEYMAN ORTHOGONALITY IN THE DouBLY RoBUST IRM
GATEAUX DERIVATIVE AT THE TRUTH

Proof.

B(W: 0,m) = (1, X) — g(0, x) + DL (DY = 0O 08 - g0 ) o1, ) m), 0 < m(x) < 1
m(X) 1 — m(X)

Go(1, X) =E[Y | D=1,X], (0, X) =E[Y|D=0,X],  mo(X)=E[D]|X]

91,r(X) = go(1, X) + rhy(X),  9o0,r(X) = 9o(0, X) + rho(X),  mr(X) = mo(X) + rhm(X),  nr = (91,r Go,r> Mr)

g [go(wo 0 — a0, X) — () D{Y —go(1,X) — i (X)} (1 = D){Y — go(0, X) — rho(X)} 0}
r=0

mo(X) + rhm(X) 1 — mo(X) — rhm(X)

B0 — 0] 4 [D{—m (0} _ (1 = D){=ho(x)}

g | P =60, X)3hm(X) (1 —D){Y—Qo(()’x)}hm(x)}

mo(X) 1 — mo(X) mo(X)2 (1 = mo(X))?
LE 1 (X) — ho(X) + BOIXH{-m(X)} (1 —EDIXD{-h(X)}  E[D{Y - 90(17X2)}|X]hm(x) E[(1 — D{Y — Qo(O»Xz)}\X]hm(X)
mo(X) 1 — mo(X) mo(X) (1 = mo(X))
= hy(X) — ho(X) — hy(X) + ho(X) +0+0
=0.
since E[D | X] = mp(X) and E[Y — go(d, X) | D=d, X] =0ford € {0,1}. O

lllustrative orthogonality calculation adapted from Chernozhukov et al. (2024, Chap. 9, Sec. 9.B).
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SYNTHETIC EXAMPLE 1: BIAS DGP
USED FOR THE NAIVE VS OLS vs PLR COMPARISON

X1, X2, Xs ~ N(0,1), X3 ~ Unif[-2,2], X4 ~ Bernoulli(0.4)
c(X) = (X? —1)+0.8(XZ — 1) + 0.65sin(1.3X3) + 0.4X; Xz
9o(X) =1+ 0.8X; — 0.5X; + 0.5X3 + 0.25X; + ¢(X)
mo(X) = A(—0.2 + 0.4X; + 0.3X + 0.15X; + 0.9¢(X))

D ~ Bernoulli(mg(X)), 6o = 1.2, Y =90(X)+ 0D+
e ~N(0,1), mo(X) € [0.05,0.95] after clipping

Why this DGP is useful pedagogically

Both treatment assignment and outcomes depend on the same nonlinear confounding score c¢(X). A linear OLS
adjustment with only raw controls misses that curvature, while flexible nuisance learners in PLR can learn it.
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SYNTHETIC EXAMPLE 2: HETEROGENEITY DGP
USED FOR CATE, GATE, AND POLICY VISUALS

X1, X2, Xs ~ N(0,1), X3 ~ Unif[-2,2], X4 ~ Bernoulli(0.4)
Go(X) =1+ 0.7X; — 0.45X + 0.35X; + 0.25X; + 0.25X; X5 + 0.35sin(1.2X)
Mo(X) = A (=0.1 + 0.55X; — 0.35X5 + 0.25X5 + 0.3Xs — 0.2X1 %)
70(X) = 0.4 + 0.95 tanh(1.4X;) + 0.35X; — 0.25X,

D ~ Bernoulli(me(X)), Y = go(X) + (X)D+¢, &~ N(0,1)

Why this DGP is useful pedagogically

It creates meaningful treatment-effect heterogeneity with reasonable overlap, so the CATE curve, GATE summaries,
and policy-value plot are visually informative and easy to interpret.
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META-LEARNERS AT A GLANCE
A NON-COMPREHENSIVE SUMMARY OF ADDITIONAL CATE ESTIMATORS

Method Strength Watch-out

S-learner Simple and stable baseline Can regularize away small treatment effects

T-learner Flexible treated / control modeling Can be noisy when one arm is small

X-learner Often strong with imbalance Still leans heavily on outcome modeling

DR-learner Uses doubly robust pseudo-outcomes Can become unstable with extreme propensities

R-learner Residualization logic is elegant and practical Targets overlap-weighted objects under misspec-
ification

References: Kiinzel et al. (2019); Nie and Wager (2021); Chernozhukov et al. (2024).
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