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Abstract

Firms often develop targeting policies to personalize marketing actions and improve
incremental profits. Effective targeting depends on accurately separating customers
with positive versus negative treatment effects. We propose an approach to estimate
the conditional average treatment effects (CATEs) of marketing actions that aligns
their estimation with the firm’s profit objective. The method recognizes that, for many
customers, treatment effects are so extreme that additional accuracy is unlikely to
change the recommended actions. However, accuracy matters near the decision bound-
ary, as small errors can alter targeting decisions. By modifying the firm’s objective
function in the standard profit maximization problem, our method yields a near-optimal
targeting policy while simultaneously estimating CATEs. This introduces a new per-
spective on CATE estimation, reframing it as a problem of profit optimization rather
than prediction accuracy. We establish the theoretical properties of the proposed method

and demonstrate its performance and trade-offs using synthetic data.
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1 Introduction

Firms increasingly personalize marketing actions to improve incremental profits. Retailers
decide which customers should receive discounts, car dealers personalize pricing, and on-
line platforms target sponsored ads (Simester et al., 2020b; Dubé and Misra, 2023; Rafieian
and Yoganarasimhan, 2021). These decisions rely on targeting models that recommend
the most effective marketing action for each customer.

There are two conceptually distinct approaches to developing targeting models. The first
estimates the impact of marketing actions conditional on customer characteristics (condi-
tional average treatment effects; CATEs) and recommends for each customer the action
with the largest estimated treatment effect. The second approach bypasses CATE esti-
mation; it directly learns a mapping from characteristics to actions by maximizing the
expected policy value, such as the profit per customer. We refer to these approaches as

“plug-in estimation” and “direct policy optimization,” respectively.

Asymptotically, these two approaches are equivalent, but in finite samples they often lead
to different targeting policies (Ferndndez-Loria and Provost, 2022). Direct policy optimiza-
tion is appealing because it explicitly focuses on profit maximization, which is the ultimate
goal for most firms. In contrast, plug-in estimation seeks accurate CATE estimates across
the entire covariate space. When data are limited, attempting to approximate CATEs uni-
formly may reduce effectiveness near the decision boundary, where customers’ treatment
effects are close to the treatment cost. Nevertheless, plug-in methods offer transparency
and interpretability, as CATEs can justify targeting decisions, support broader organiza-
tional adoption, and help implement fairness or volume constraints (Athey and Imbens,
2016; Lu et al., 2025).

We propose a framework to reconcile these two paradigms by reframing CATE estimation
as an optimization problem. Our approach recognizes that the profit maximization objec-
tive in direct policy optimization focuses only on optimal binary decisions and does not
identify the magnitude of treatment effects. We modify the profit maximization problem
by replacing the known deterministic treatment costs with a stochastic threshold. This
allows the resulting optimization problem to simultaneously recover a near-optimal tar-
geting policy and estimate CATEs that rationalize this policy, which we refer to as “policy-
aligned CATEs.”

Our framework provides fine-grained control over the balance between policy optimiza-



tion and CATE estimation. The distribution of a stochastic threshold governs this align-
ment. In the extremes, when the distribution is fully concentrated at the treatment cost,
our optimization problem coincides with direct policy optimization. Conversely, under
a uniform distribution, the problem is equivalent to standard plug-in estimation. By
varying the density around treatment costs, our method modulates the trade-off between
global CATE accuracy and precision around the decision boundary, thus optimizing finite-
sample profits.

We prove the theoretical properties of the proposed approach and demonstrate them us-
ing synthetic data. The proposed surrogate objective function is Fisher consistent with
respect to the original profit function, meaning that both share the same maximizer. This
ensures that our estimator remains asymptotically valid for profit optimization. Further-
more, we show that our CATE estimator is an M-estimator. This implies statistical consis-
tency under standard regularity conditions and allows for inference using conventional

tools, even when the model includes many covariates or flexible functional forms.

Our contribution can be viewed from two complementary perspectives. First, from the
policy learning perspective, we develop an estimator that yields near-optimal targeting
policies while providing interpretable, policy-aligned CATEs. Our approach replaces the
step-wise profit function in direct policy optimization with a smooth surrogate objective,
a controllable deviation that enables CATE identification. These CATEs explain targeting
decisions, facilitate counterfactual analyses such as last-minute circulation changes, and

can serve as inputs in downstream optimization.

Second, we contribute to the CATE estimation literature by incorporating policy value
as the primary estimation criterion. Traditional approaches estimate CATEs by minimiz-
ing global discrepancy measures, such as mean squared error (MSE). Because individual
treatment effects are unobserved, researchers cannot validate CATEs directly. Instead,
they typically evaluate the targeting policies implied by the CATE estimates using out-of-
sample policy value. We depart from this convention by recasting the policy value from
a validation criterion to an estimation criterion. Our estimator optimizes policy value di-
rectly while incorporating an explicit trade-off between precision near the decision bound-
ary and global accuracy.

Beyond marketing and profit maximization, the proposed framework broadly applies to
uplift-based targeting settings with binary treatments. This includes personalized medicine
and adaptive clinical trials (Dahabreh et al., 2016), heterogeneous treatment assignment



in economics (Dehejia, 2005), and resource allocation under uncertainty in operations re-
search (Zhou et al., 2023). Implementation code is available at <link hidden for peer re-
view>.

The rest of the paper proceeds as follows. First, we review the related literature on esti-
mation of CATEs and policy learning. Section 2 presents our framework and outlines the
assumptions. Section 3 introduces our proposed methodology and demonstrates that our
surrogate objective function is Fisher consistent with respect to the firm’s original profit
function. Section 4 describes practical implementation through M-estimation. Section 5
documents the performance of our method using synthetic data. Section 6 concludes.

Related Literature

Our work relates to the literature on estimation of CATEs and on policy learning. We
organize the discussion around these two streams and explain how our paper connects
them.

Estimation of CATEs

The literature on CATE estimation is vast. Previous research used linear and kernel re-
gressions, matching, and propensity score methods as reviewed by Imbens (2004). More
recently, due to the availability of richer data, newer methods based on machine learning
have been introduced to estimate CATEs; Jacob (2021) and Hu (2023) are recent reviews
of these methods.

There are two important aspects of the CATE estimation literature that deserve atten-
tion in the context of our paper. First, using the terminology from Kiinzel et al. (2019),
there are generally two types of methods for estimating CATEs. The first, referred to as
T-learners, consists of fitting two models to estimate the conditional expectation of the
outcome variable on covariates using treatment and control observations separately. The
second, referred to as S-learners, employs a single model for estimation using all obser-
vations concurrently. Under this classification, our proposed method is an S-learner that

allows CATE parameterization with flexible functional forms, including neural networks.

Second, most methods rely on the mean squared error (MSE) measure or its variants cre-
ated by, for instance, adding a penalization term for regularization. This route is taken,
for example, by Imai and Ratkovic (2013), Athey and Imbens (2016), Wager and Athey
(2018), Nie and Wager (2021), and Hitsch et al. (2024). In contrast, our estimation criterion



is derived directly from the decision maker’s true optimization objective, which in our
setting is the firm’s expected profit.!

Three papers are most closely related to our approach. Elmachtoub and Grigas (2022)
study linear optimization problems with unknown parameters, such as shortest path and
portfolio optimization. They propose a “smart predict-then-optimize” framework that in-
tegrates the decision maker’s payoff optimization with parameter prediction. To ensure
computational tractability, ElImachtoub and Grigas (2022) introduce surrogate formula-
tions to the original problem and prove their Fisher consistency, which means that the
surrogate and the original loss share the same optimal solutions. In a similar spirit, our
paper introduces a Fisher consistent surrogate objective for profit maximization that also
produces consistent estimates of the CATEs. While Elmachtoub and Grigas (2022) focus
on linear cost minimization tasks, we study an uplift-based targeting problem and causal

estimation, in which the objective is the firm’s expected incremental profit.

In turn, Ascarza and Israeli (2022) propose an algorithm for treatment effect estimation
that modifies random forests to extract heterogeneity from features unrelated to protected
attributes, thereby improving fairness in resource allocation. Similarly, our paper adjusts
the estimation objective to emphasize the heterogeneity most relevant to the decision con-
text. However, rather than focusing on fairness in the covariate space, we target hetero-
geneity in the profit outcomes. Our CATE estimator is most accurate near the decision
boundary, where customers’ treatment effects are close to treatment costs and small esti-

mation errors can change targeting decisions.

Finally, in concurrent research, Chen et al. (2025) also aim to obtain more accurate CATE
estimates around the decision boundary, but they focus on the experiment design rather
than the estimation approach. Chen et al. (2025) consider a firm that has access to a pool
of customers and can sequentially add them to the experiment. The authors propose a
sampling procedure that uses customer characteristics to adaptively increase the sample
size for CATE estimation via causal forests. In contrast, we take the experimental design
and the corresponding propensity scores as given and obtain improved decision-making
by altering the estimation procedure.

IThe insight that MSE can be inadequate for firm decision-making dates back at least to Blattberg and George
(1992), who studied price-elasticity estimation.



Policy Learning

The policy learning literature focuses on designing targeting policies that maximize incre-
mental outcomes. A natural approach to policy learning is to first estimate the CATEs and
then use these estimates to define the policy (Manski, 2004; Lemmens and Gupta, 2020).
Several studies have derived the resulting properties of such policies; we refer the reader
to Hirano and Porter (2020) for a comprehensive survey.

A different route circumvents the estimation of CATEs and instead recovers the optimal
policy directly. This is possible by recognizing that the treatment assignment problem
is closely related to a weighted classification problem, an insight that has been indepen-
dently discovered in statistics (Zhao et al., 2012), computer science (Swaminathan and
Joachims, 2015), and economics (Kitagawa and Tetenov, 2018). Recent research has ex-
tended direct policy learning to incorporate doubly robust estimators (Athey and Wa-
ger, 2021), model selection and penalization (Mbakop and Tabord-Meehan, 2021), and
deep learning (Zhang, 2025). The distinction also resembles an ancient difference between

“value-function” and “policy-value” optimization in dynamic programming.

Our proposed method is motivated by direct policy learning approaches. We modify the
policy value optimization objective to obtain a near-optimal targeting policy together with
policy-aligned CATE estimates.

2 Framework

We now introduce the firm’s decision problem and the estimation assumptions. Although
our primary motivation and empirical applications are in the marketing domain, the pro-
posed approach is more general and can be applied for uplift-based resource allocation in
different contexts. For ease of exposition, we will describe our framework with a focus on

a firm that allocates marketing actions to maximize expected profit.

2.1 Problem Formulation

We consider a firm with a customer base in which each individual customer i is charac-
terized by observable attributes, X; € X C R. These attributes can include demographic
data and past purchasing histories. The firm assigns a binary treatment W; € {0,1} to each
customer i. The treatment can represent various marketing actions, such as the allocation
of coupons or catalog mailing decisions.



We denote the potential outcomes with and without treatment by Y;(1) and Y;(0), respec-
tively. The potential outcomes can capture different target values for the firm. For exam-
ple, the outcomes could represent profit per customer, store visits, or customer lifetime
value projections (CLV). For simplicity, we assume that they are measured in monetary
units. We define the conditional average treatment effect (CATE) for customers with char-

acteristics X; as

T()(Xi)

E[Y;(1) - Y;(0)[Xi] . S

The firm designs a targeting policy that assigns potentially different treatments to different
customers based on observable characteristics, 7t : X — {0,1}. The goal is to construct a
targeting policy that maximizes the expected profit per customer (“policy value”):

max [E t(X;){Yi(1) —c} + {1 —m(X;)} Yi(O
oA y(1),v(0),x [7T(Xi) {Yi(1) —c} +{ (Xi)} Yi(0)]
max [Ex [7(X;){10(X;)—c 2
max Ex [1(X) {1(X;) ¢} @
where c is a known treatment cost per customer in the treatment condition, W; = 1, and
the expectation integrates over Y;(1), Y;(0) and X;. We introduce c for expositional rea-
sons. In many applications, this cost can be embedded in the definitions of potential

outcomes, which is equivalent to ¢ = 0 in our formulation.

If the CATEs were known to the firm, the optimal targeting policy, 77*(X;), would assign
treatment only to customers with 7p(X;) > ¢, that is,

T (X;) = 1{w(X;) > c}. 3)
However, in practice, CATEs are unknown and must be estimated from data.

2.2 Data and Assumptions

We assume that the firm estimates a targeting policy using experimental data. In particu-
lar, we consider an experiment with n customers randomly assigned to treatment (W; = 1)

and control conditions (W; = 0) with propensity scores e; defined as

e; =e(X;) =Pr(W; = 1[X;). (4)



The firm’s data include the experimental assignments, W;, customer characteristics, X;,
propensity scores, e;, and observed outcomes, Y;, where Y; = W;Y;(1) + (1 — W;)Y;(0). We
summarize our notation in Table 1.

Table 1: Notation

Notation Definition

n Number of customers in the experiment.

Y; Observed outcome for customer i in the experiment.

W; Treatment assignment for customer 7 in the experiment (binary).
X; Descriptive variables for customer i, X; € R

o)
—~

X;)  Probability of treatment for customer i in the experiment, Pr (W; = 1]X;).
c Treatment cost per customer in the treatment condition (W; = 1).

7(X;)  Conditional average treatment effect, IE [Y;(1) — Y;(0)|X;].

n(X;)  Policy recommendation for customer i, 77 : X — {0,1}.

Throughout our analysis, we maintain the following assumptions.

Assumption 1. Stable Unit Treatment Value Assumption (SUTVA): Y;(Wy, ..., Wi, ..., Wy) =
Y;(W;) for all i.

Assumption 2. Unconfoundedness: Y;(1),Y;(0) L W;|X; for all i.

Assumption 3. Overlap: e(X) € (0,1) forall X € X.

Assumptions 1-3 frequently appear in the causal inference literature and are often plau-
sible in marketing experiments. SUTVA ensures that there is no interference between
customers in the experiment, so that the potential outcomes of any customer are not af-
fected by the treatment assignments of other customers. Unconfoundedness and overlap
are requirements on the experimental design. They ensure that treatment is not deter-
ministic for certain values of X; and, conditional on Xj, that treatment assignments are

independent of potential outcomes.

2.3 Policy Training and Evaluation

There are two conceptually different approaches to estimate optimal targeting policies us-
ing experimental data. The first approach proceeds in two stages. It first obtains estimates
of the CATEs, 7(+), and then compares these estimates with the treatment cost ¢ to ob-
tain a targeting policy 77(-) = 1{7T(-) > c}. The CATE estimates are typically obtained
by minimizing a measure of the discrepancy between the predicted treatment effects and

8



the observed data. For example, we can parameterize the CATEs with a vector, 6, and
compute it by minimizing the following mean squared error (MSE)

mm Z —1(X;;0 ] 5)

where Y is an unbiased estimate of the CATE of customer i, often referred to as a trans-
formed outcome (Athey and Imbens, 2016), and is given by
W; 1-W;
Y*=Y; L ). 6
= ()~ 1mam) ©

The second approach directly estimates the optimal targeting policy without the interme-

diate step of first estimating the CATEs. In particular, firms can parametrize the targeting
policy 7r(X;; ) directly, construct a sample analog of Equation (2), and compute parame-

ters that maximize the estimated policy value

maxl n W; - 7'[(Xi,' 9) ' B (1 — Wl')[l — TI(XI'; 9)] . (X 0)e
P 1| (o) = ()
1 W, 1- W,
o L o0 [ (3~ 1mamy) )
max 3" [7(X;:6) (¥; —¢)] ”)

i=1

Intuitively, under Assumptions (1)—(3), Equation (7) provides an unbiased estimate of the
policy value, as if the policy 71(X;; 8) were evaluated in a field experiment (Simester et al.,
2020a; Hitsch et al., 2024). Firms can then directly search for the parameters 0 that yield
the targeting policy with the highest policy value.

Ferndndez-Loria and Provost (2022) recognize that these two estimation approaches are
not equivalent. In finite samples, these approaches often yield targeting policies that are
substantially different in recommended actions and out-of-sample policy value. Ferndndez-
Loria and Provost (2022) argue that the bias-variance trade-off implied by fitting the CATEs
is not necessarily aligned with that of the profit-maximizing objective, which can under-
mine policy learning via CATE estimation. Direct policy optimization methods do not
suffer from this problem because they calibrate the policy parameters using the “correct”

objective function.



The theoretical appeal of direct policy optimization comes at the expense of not estimating
the CATEs, which are helpful in many business and research applications. CATEs explain
why different customers are treated differently, which is useful for diagnostics during pol-
icy training and provides explainability for broader adoption. In business practice, CATE
estimates can work together with optimization when implementing guardrails, such as

volume or fairness constraints (Lu et al., 2025).

3 Proposed Method

Our proposed method modifies the profit maximization objective in Equation (7) to infer
a near-optimal targeting policy and policy-aligned CATEs within the same optimization
framework. To provide intuition about our methodology, we first describe it in a simpler
context without covariates and using population moment conditions. We demonstrate
that our surrogate objective function is Fisher consistent with respect to the original profit
function, which justifies its use. Then, we incorporate covariates and argue that Fisher

consistency continues to hold.

3.1 Intuition with No Covariates

Consider a hypothetical treatment allocation problem for an observationally equivalent
group of customers (X; = X for all i), with the average treatment effect (ATE) given by
T = E[Y;(1) — Y;(0)]. The firm decides whether to allocate treatment to these customers,
and akin to Equation (2), we can write the following optimization problem for the firm

E (1) — _ :
nlél{%ﬁ} y(),v(o) [T {Yi(1) —c} + (1 —m)Y;(0)]

(10 — 8
max, 7 (To —¢) (8)

Can we use this profit maximization formulation to recover the ATE? For any treatment
effect estimate 7, the recommended policy is T = 1 {7 > c}, so we can rewrite the opti-

mization objective as follows:
max 1 {t > c} (1o —¢) )

T€R

An important observation is that 7 is not a unique solution to the optimization prob-

10



lem (9). Indeed, this optimization problem implies a set of optimal solutions

[c,+00) if1g>c

(]
I

(10)
(—oco,c) otherwise.

The true ATE 719 is one of the solutions to the profit maximization problem, but there are
infinitely many optimal solutions. This is because optimal treatment allocation depends
only on whether the true ATE exceeds the treatment cost, T) > ¢, rather than on the precise
value of 1.

We propose to modify the objective function in Equation (9) so that the optimization prob-
lem is both close to the true profit optimization formulation and has a unique optimal
solution at 1p. Specifically, we estimate the ATE by optimizing the following surrogate

objective function:

T =argmaxEc[1{t > C} (10— C)] (11)
TeR
= arg max /T (10— u) fc(u)du. (12)
TeR —

where we replace the (deterministic) treatment cost ¢ in Equation (9) with a random vari-
able C, drawn from a distribution of our choice, Fc(-) with density fc(-).

Intuitively, the standard profit optimization function “rewards” estimates to make the
right binary decisions; for example, if 79 > ¢, then for any choice of T > ¢, the reward
is Tp — ¢, irrespective of the magnitude of 7. This means that T can largely deviate from
Tp, and the estimator does not “learn” about it from the optimization loss. In contrast,
the surrogate objective explicitly penalizes deviations from 7y. The key insight is to view
the treatment cost ¢ as stochastic. Continuing the example, if T > 19, then for realizations
C € (1, 7], the reward is strictly negative, and integration over C yields worse outcomes
compared to choosing exactly 7p. Similarly, for any T < Ty, the reward can be increased
by raising 7. Thus, under a random cost C, the optimizer’s expected reward is maximized
by choosing T = 7.2

2The proposed surrogate optimization problem is inspired by the literature on advertising auctions. Online
advertisers often make decisions based on the distribution of competing bids, and for a given bid, the
advertiser’s outcomes are stochastic rather than deterministic. Waisman et al. (2025) leverage this insight
to infer the effectiveness of online advertising. Conceptually, our approach requires a targeting policy to
“submit bids” by choosing 7, and customers are only treated if this “bid” exceeds the (stochastic) treatment
cost C, which plays the role of the highest competing bid. Similar to Waisman et al. (2025), the optimal bid
coincides with the true ATE, 1.

11



Formally, the surrogate objective function is Fisher consistent with respect to the original
objective function in Equation (9); in other words, 7 is also a maximizer of the original
objective function (Lin, 2004). Furthermore, with a large sample, it follows that T = 19, so
optimizing the surrogate function and measuring 7y are equivalent. Proposition 1 states
these results, and the proof is provided in Appendix E.

Proposition 1. If the density fc(-) is strictly positive in a neighborhood of Ty, then T = 1.

The distribution Fc(+) controls the deviation of the proposed surrogate objective from the
standard profit optimization. In the limit where the distribution is fully concentrated at
c, the proposed optimization problem coincides with the standard profit optimization in
Equation (9). In contrast, we demonstrate in Section 4.1 that for a uniform distribution
Fc(-), the surrogate objective function is equivalent to minimizing MSE loss uniformly
across the covariate space, as in Equation (6).

In Appendix A, we show that Equation (12) is equivalent to the following formulation

T = argmax Fc(7) [0 — kc(T)], (13)

TeR
where xc(7) = E [C|C < 7]. This expression is especially convenient for the implementa-
tion of our method. We choose the distribution Fc(+) to ensure that it is centered around c,
has a strictly positive density around 1y, and the conditional expectation «¢(-) is tractable.

For example, in Section 4, we focus on the normal and logistic distributions.

Figure 1 illustrates the difference between the standard profit maximization problem and
the proposed surrogate. On the horizontal axis, we plot different values of 7, and the verti-
cal axis indicates the value of the optimization objective. For the optimization problem (9),
the objective function is a stepwise function. For the modified optimization problem (11),
the objective function is smooth and has a unique maximum at 7p. The discrepancy be-

tween the two optimization objectives depends on the choice of the distribution F¢(-).3

3.2 Incorporating Covariates

We now extend the proposed estimation approach from a single homogeneous customer
segment to the heterogeneous population with customer covariates. Instead of estimating
the ATE Tj, we aim to recover the CATE function 15 : X — IR using the profit optimization

SFigure 1 shows the surrogate objective function for C ~ N(c,0?), and in Appendix B, we illustrate the
objective function with different values of ¢

12
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Figure 1: Illustration of the Surrogate Objective Function

objective:

max Ex [1{t(X) > ¢} {n(X) — c}] (14)

We denote the (original) profit optimization objective as Q(7):

Q(t) = Ex [1{t(X) > c} {w(X) — c}]. (15)

Similar to Equations (11) and (13), we propose the following surrogate objective:

Q(1) = Ecx [1{7(X) = C}H{n(X) - C}] = Ex (Fc [t1(X)[{n(X) — xc [*(X)]}), (16)
where for simplicity we assume that C 1L X.

Proposition 2 establishes Fisher consistency for the surrogate objective function with co-
variates. The proof is provided in Appendix E.

Proposition 2. Assume that the density fc(-) is strictly positive on a neighborhood of Ty(X) for
all X € X. Then Q(t) is maximized at 1(X) and is Fisher consistent with respect to Q(T).

3.3 Discussion

The proposed surrogate framework bridges the direct policy optimization and plug-in
estimation approaches for targeting policies. It yields a Fisher-consistent estimator that

13



identifies CATEs while remaining aligned with the firm’s profit objective.One way to
view the proposed estimator is that it emphasizes precision near the decision boundary.
From a profit-optimization perspective, it is most valuable for firms to accurately estimate
treatment effects for customers whose expected effects are close to the treatment cost. In
contrast, for customers with very large or very small treatment effects, minor estimation
errors are unlikely to alter targeting decisions.

We can compare our proposed method with an alternative approach that directly com-
bines profit optimization and estimation accuracy for treatment effects. Specifically, simi-

lar to Equation (9), one could consider the following objective:

1;1€a]l%<]l{r > c} (g —¢) + Ao — 1) (17)
This objective blends the profit-maximization and CATE-fitting components, with the pa-
rameter A controlling the trade-off between them. However, this formulation is discon-
tinuous at T = ¢, and when extended to CATE estimation with covariates, it will exhibit
discontinuities throughout the optimization space. In contrast, with a suitable choice of
the surrogate distribution F¢(-), our proposed objective is continuously differentiable and
well-behaved. By replacing the discontinuous indicator with a smoothed surrogate, our
framework achieves the same decision-theoretic alignment while ensuring differentiabil-

ity, enabling the use of gradient-based optimization methods.

4 Practical Implementation: M-Estimation

So far, we have presented the ideas behind our approach using population moments. In
practice, we rely on a data sample to approximate these quantities. We estimate the near-
optimal targeting policy and the policy-aligned CATEs by constructing a sample analog

and incorporating covariates into Equation (13). Conceptually, our estimator is given by

:L'\() = argmax% i FC [T(Xz)] {Yl* — Kc [T(XZ)] } (18)
T:X—R i=1

14



The connection between Equations (13) and (18) follows from the law of large numbers

. 2 Fe [t (X)) {Y} = xe [F(X0))} “SExyqa) (o) [Fe [T (X)]{Y = xe [r(X)]} ]
=Ex | Fe [?(X)] {mo(X;) = xc [¥(X)]} ],

where the second line holds because the transformed outcomes, Y, provide unbiased
estimates of the CATEs.

We next discuss two key considerations for implementing our proposed estimator: the
surrogate distribution Fc(-) and the parameterization of 7(-).

4.1 Surrogate Distribution F¢(-)

Proposition 2 suggests choosing surrogate distributions Fc(-) that are strictly positive in
a neighborhood of 1)(X) for all X € X. Since 7p(X) is unknown, we can use distributions
with full support. Alternatively, one may employ broad support distributions, that is,
distributions whose density is positive over a sufficiently wide domain to cover plausible

ranges of 7p(X).

We provide analytical expressions for the surrogate objective using normal, logistic, and
uniform distributions. These distributions allow an analytical form for the term xc(7) =
E [C|C < T1]. All derivations are provided in Appendix C.

Normal Distribution

Let Fc(-) correspond to a normal distribution with mean ¢ and standard deviation ¢, i.e.,

C ~ N(c,0?). The normal distribution yields the following estimator

() = argmax 3@ [£(X)] (1 ) + 09 (X)) o
T(X) =T(X)o+¢, forall X € X

where ¢(-) and ®(-) denote the pdf and cdf of the standard normal distribution, respec-

tively. This is the distribution that we use in all our simulations and empirical exercises.
Logistic Distribution

Let Fc(+) correspond to a logistic distribution with mean ¢ and scale 7, i.e., C ~ Logistic(c, o).

15



We obtain the following form for the proposed estimator

() = argmax1 i Gt(X)] (Y] —¢c)+o(t(Xi) {1 -G [t(X)]} —InG[t(X))])
X-R 5 (20)

T(X) =T(X)o+c, forall X € X
where G(u) is the cdf of the standard logistic distribution, that is, G(u) = # One
slight advantage of this specification over the normal is that we can express it in closed-
form.

Uniform Distribution

Let Fc(-) correspond to the cdf of the uniform distribution between ¢ and ¢, i.e.,, C ~

U(c,T). The proposed estimator becomes

~ 1,
() = argmax — Y 2Y;7(X;) — [7(X;))
T:X—R n =1

= argmin 1 YOIy - T(X;)]%. (21)
X—R 1 i=1

Note that this estimation objective does not depend on the values of ¢ and c.

Discussion

Equation (21) demonstrates a connection between our proposed method and MSE-based
approaches to estimate CATEs in Equation (5). When we use the uniform distribution for
Fc(+), the two approaches become equivalent. Intuitively, the uniform distribution makes
different draws of the stochastic cost C equally likely, and so the estimation errors for
CATEs are equally “penalized” in our proposed surrogate objective function. In contrast,
the normal and logistic distributions draw C closer to the treatment cost ¢, which can

improve estimation around the decision boundary.

The scale parameter ¢ in the normal and logistic examples controls how much the pro-
posed objective function deviates from the true profit optimization objective. When ¢ is
small, the modified objective function closely approximates the policy value function from
Equation (7). As o | 0, our proposed method becomes closer to a direct policy optimiza-
tion approach. In contrast, for large o, the modified objective function can substantially
deviate from the profit optimization objective and, as ¢ — oo, it converges to the MSE-

based CATE estimation, as in the uniform example. We treat it as a hyperparameter that
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needs to be tuned using cross-validation.

4.2 Specification of (-)

We parameterize the CATE function 7(-) with a vector 6 and optimize the surrogate ob-
jective with respect to 0, that is,

. 1 &

0 = argmax — Z Fe [t(X;;0)]) {Y;" — ke [1(X;;0)] } (22)
6co, iz

where O, is the parameter space. The subscript n indicates that it can be a function of

the sample size. Notice that our estimator is an M-estimator because we can express the

objective function as

Qu®) = 13- 41(6) 3)
where

ql(G) = FC [T(Xi,' 9)] {Yi* — KC [T(Xi,' 9)] } (24)

With a proper choice of Fc(-), we can obtain a closed-form expression for the derivative
dq;/ 96, which allows the use of gradient-based optimization algorithms to compute 0.
We provide the first- and second-order derivatives for the normal, logistic, and uniform
distributions in Appendix D.

Next, we consider two specifications for 7(Xj;0) and briefly discuss their properties.
4.2.1 General Parametric

The simplest approach is to choose a specific parametric functional form, such as linear
7(X;0) = X'6. The linear specification is attractive in empirical applications because
it provides an easily interpretable characterization of the CATEs. Under technical con-
ditions, the resulting M-estimator is /n-consistent with a limiting normal distribution
whose variance is easily estimable. We formalize this in Propositions 3, 4 and 5. The
proofs are provided in Appendix E and consist of demonstrating the conditions of Theo-
rems 2.1, 3.1, and 4.1 of Newey and McFadden (1994).

Proposition 3. Consistency
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Assume that (i) the data are i.i.d.; (ii) © is compact (iii) |E[Y}]| = [pu«| < oo (iv) Fc(-) is
continuous; (v) T(-) is continuous in 6; (vi) ’f « Ufc(u )du‘ = |pc| < oo; (vii) and Q(0) =

IE [Q,,(0)] is uniquely maximized at 6. Then 6 LN

Proposition 3 establishes consistency of our estimator. The basic conditions on the data for
it to hold, that the observations arei.i.d. and that Y;* has a finite first moment, are plausible
in many marketing experiments. Requiring that the distribution F¢(-) is continuous with
a finite first moment is trivial because the practitioner chooses this distribution, and the
same applies to continuity of 7(-) in 8. Uniqueness of the maximizer 6y is ensured by
Proposition 2 when () is correctly specified; otherwise, it is maintained as an identifying
assumption.

Proposition 4. Asymptotic Normality

Assume that the conditions of Proposition 3 hold, so that R Define M(0) = E [aqé(g ) ag’e(T)]
and B(6) = E [%29‘75(3@] In addition, assume that (i) 6y € interior(®); (ii) Fc(-) and T(X;;0)
< dB(Yl-*, Xl') with E [dB(Yi*/ XZ)} < oo ; and (v)

are C?; (iii) M = M(6p) < oo; (zv)Ha (0
B = B(6p) is nonsingular. Then it follows that \/n (5— 0()) 4N (0,B~'MB™1).

9006 T

Proposition 4 derives the asymptotic distribution of our estimator, which is normal and
has a square root convergence rate. We present it in a general form as a function of ¢;(-)
because the required conditions might change depending on the choice of F¢(-) and 7(+).
However, they are likely to be weak and boil down to the existence of low-order moments

of known functions of the data and sufficient smoothness and boundedness of g;(-).

Proposition 5. Consistent Estimator for Covariance Matrix
Define B = 1 Sy 24;(0) and M = L T 94;(6) 24,(6) Assume that the conditions of Proposi-

i=1 960907 00 aeT
tions 3 and 4 hold. In addition, assume that (z)Haq’ ) 99:(0) ’ <dpm(Y7, X;) and (i) E [dp (Y, X;)] <

00T

co. Then B-'MB—1 & B-1MB~1.

Finally, Proposition 5 presents a consistent estimator for the asymptotic variance from

Proposition 4. The same comments with respect to Proposition 4 apply.

The theory of M-estimation for the parametric case is vast and well-established. It is im-
portant to note that the conditions we outlined are sufficient for our estimator to possess
the usual desired properties, and they can be relaxed as discussed in Newey and McFad-
den (1994). For example, differentiability of g;(-) is required only in a neighborhood of 6
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and not throughout the entire space ©®. We opted to present the results in a simpler way

because they are likely to hold in our setting.
4.2.2 Sieves

We can use sieve estimators to approximate CATEs using a flexible functional form. Sieve
M-estimators use progressively complex models to estimate an unknown high-dimensional
function as the sample size increases, so that in the limit the resulting estimator recovers
the true underlying function. We direct the reader to Chen (2007) for a comprehensive

review of sieve estimators.

A particularly attractive approach to specify 7(X;;0) is via neural networks (NNs). Al-
though they offer less interpretability, NNs can provide more flexibility and better fit in
estimating CATEs. They can be trained using standard packages with the custom loss
function defined in Equation (22). The backpropagation approach to model training re-
quires specifying the derivative for the final layer, which depends on the choice of the
distribution Fc(-). We provide them for the uniform, normal, and logistic distributions in

Appendix D.

In practical applications, incorporating regularization is important for both out-of-sample
performance and numerical stability. For the linear specification, we apply ¢; regular-
ization to the model coefficients. For the neural network specification, we use standard
regularization techniques, including weight decay, dropout, gradient clipping, and early
stopping. Batch normalization is also employed to stabilize optimization and accelerate

convergence.

5 Illustrative Applications

We use synthetic data to demonstrate the theoretical tradeoffs and performance of the
proposed estimator. We consider two data generating processes (DGPs). The first DGP
illustrates the trade-off between MSE-focused estimation and performance optimization
using CATEs that imply a single-threshold decision rule. The second DGP considers a dif-
ferent setup with a more-complex decision rule, which allows us to contrast the proposed

estimator to the advanced targeting methods.
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5.1 Simulation: Simple CATEs

We begin with the following specification for the CATEs

Yi =1+ X;+ Winp(X;) +€;

. (25)
To(Xi) = _Xi -I—ZX,' +1

where X; ~ U(—1,2), W; ~ Bernoulli(0.5), and €; ~ N(0,0.1). We assume that the
treatment cost is equal to one, ¢ = 1, which implies that the optimal decision rule is to
mail customers if and only if X > 0. We depict the true CATEs and the decision boundary

in Figure 2.
3
No Mail Mail
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-2 ' ; ' . '
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Figure 2: Simple CATEs and the Corresponding Targeting Policy

How well does our proposed method perform in recovering the CATEs and the optimal
decision rule? Although there are theoretical guarantees that the estimator, when correctly
specified, will be consistent, whether it performs well in finite samples is an empirical
question. To evaluate this, we simulate samples of 10,000 observations and estimate the
proposed method with T(X;;0) = 6y + 61 X; + 6:X? and using C ~ N(c,1). In Figure 3, we
compare the estimated CATEs to the true CATEs from the DGP. The dashed red line shows
the mean of the estimated CATEs across 1,000 iterations, and the shaded area represents
the 95% confidence interval. The results confirm that with a correct specification, our
proposed estimator closely approximates the true CATEs. Estimation accuracy is highest

near the decision boundary (X = 0), whereas variance increases for observations farther
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from the boundary.

Treatment Cost

Treatment Effect

-1 0.5 0 0.5 1 1.5 2
Covariate, X

—— True CATE ---- Estimated CATES

Figure 3: True and Estimated CATEs

A different matter is the performance of our estimator when it is misspecified. We consider
this scenario by applying our proposed method with a linear specification 7(X;;0) = 6y +
81 X; to the same (quadratic) DGP. Figure 4 shows how the proposed estimator performs
with different values of the parameter ¢ for a single draw of the training data. It plots
the true CATEs, the linear approximation obtained from our estimator, and highlights the

region where the implied targeting decisions are different from optimal.

Figure 4 illustrates the trade-off between profit optimization and prediction accuracy. It
demonstrates how this trade-off plays out in practice. With a large ¢, our method per-
forms similarly to estimating OLS with transformed outcomes, fitting the true CATEs
uniformly over the full range of X. As we decrease ¢, the proposed method places more
weight on profit optimization. The estimated CATEs are closer to the true CATEs near the
decision boundary, but errors are larger for the extreme values of X. With very small o,
the objective function approaches a pure profit maximization objective. The error region
shrinks, and we observe that the estimated line is almost tangential to the true CATE at
X =0.

We further explore this trade-off by contrasting the accuracy of CATE estimation (MSE)
and a value of the implied targeting policy (Profit). In expectation, OLS yields the small-
est MSE among the linear models, so the question is how much prediction accuracy our

21



2 Large o - Medium o — v Small o

Treatment Cost /" Treatment Cost 7 Treatment Cost

CATE

-1 -0.5 0 0.5 1 1.5 2 -1 -0.5 0 0.5 1 1.5 2 -1 -0.5 0 0.5 1 1.5 2
Covariate, X Covariate, X Covariate, X

—— True CATE ---- Estimated CATE Error Region

Figure 4: Estimated CATEs with Linear Specification and Fc(-) = N (c,0)

method would sacrifice to obtain higher incremental profits. For ease of visualization,
Figure 5 plots the negative MSE against the incremental profits captured by our proposed
method with different values of o in C ~ N(c,0?). We demonstrate the model perfor-

mance for a single draw of the training data with 10,000 observations.

Figure 5 shows that linear models can exceed the incremental profit obtained by OLS at
the expense of MSE. The tradeoff is controlled by the hyperparameter ¢. The optimal
choice of this parameter depends on one’s preferences in a particular application. The
curve shown in Figure 5 can be seen as a “possibility frontier” that shows the limit of
what can be obtained based on the data under the linear specification of 7(X). Notice
that we can further improve the model performance on both incremental profits and es-
timation accuracy when using the correct specification: with quadratic 7(X), our method
approaches the highest performance attainable under this DGP (Oracle).

5.2 Simulation: Complex Decision Boundary

We now consider a different DGP that features nonlinear CATEs and a more complex

optimal decision rule:

Y; = WiT()(Xi) + €;

(26)
(X)) = w'X;sin(2.3 - w' X;) +1.3
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where

Xi = (Xi1, Xip, - -, Xino) "
X;; "< Uniform(~1,2), j€1,...,10

1
w=—(1,1,...,1)T € R
To( )

We further assume W; ~ Bernoulli(0.5), €; ~ N(0,0.1), and ¢ = 1.

(27)

Figure 6 illustrates this DGP. Compared to Section 5.1, this specification introduces non-
linearities in the covariates and features no additive separability. The optimal decision
rule now includes multiple cutoffs in the covariate index z; = w ' X;. Consequently, non-

linear models are expected to outperform linear baselines in both estimating the targeting
policy and recovering the CATEs.
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Figure 6: CATE and Complex Optimal Targeting Policy

We compare the performance of the proposed method to several baselines: OLS, direct
policy optimization using a deep neural network (PolicyDNN; Zhang, 2025), gradient-
boosting (XGBoost), and causal forest (Wager and Athey, 2018). We estimate OLS and
XGBoost using the transformed outcomes approach, as described in Equation (5). We cal-
ibrate each method using 10,000 observations and then evaluate the estimated treatment
effects and targeting policies using the true DGP. For our method, we specity the surro-
gate distribution as normal centered at the treatment cost, N (c, (72), and use the cross-
validation approach to choose two values of o: one that minimizes MSE and one that
maximizes profit. The cross-validation grid includes o = oo, which is equivalent to fitting
transformed outcomes with a neural network. We average the model performance across
100 draws of the training data.

We report the results in Table 2. The table includes three outcome measures: (i) incre-
mental Profit relative to a blanket no-mail policy, (ii) MSE between the estimated and true
CATEs from the DGP, and (iii) the Qini coefficient, which measures the quality of cus-
tomer ranking implied by the estimated CATEs (Yadlowsky et al., 2025). Best methods
yield large Profit and Qini, and small MSE.

All targeting methods outperform the uniform baselines. As expected, the linear specifica-
tion of our method performs similarly to OLS when ¢ is selected to minimize MSE. How-
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Table 2: Method Comparison with Complex Simulation

Profit MSE Qini
Model Mean SD Mean SD Mean SD
Uniform Baselines
Mail -0.004 - - - 0.000 -
No Mail 0.000 - - — 0.000 -
Linear Models
OLS 0.268 0.026 1.496 0.003 0.096 0.004
Our method (linear, MSE) 0.274 0.023 1.495 0.003 0.097 0.004
Our method (linear, Profit) 0.312 0.040 2.354 0.287 0.102 0.012
Tree-Based Methods
Causal Forest 0.280 0.022 1.394 0.004 0.187 0.008
XGBoost 0.271 0.005 1.175 0.013 0.185 0.003
Neural Networks
PolicyDNN 0.512 0.001 - - 0278 0.015
Our method (NNet; MSE) 0.509 0.004 0.088 0.033 0.336 0.004
Our method (NNet; Profit) 0.511 0.001 0.392 0.836 0.328 0.017
CATEs from DGP
Oracle 0.515 - 0.000 - 0344 -
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ever, our method allows to shift emphasis from global CATE accuracy toward decision-
relevant precision near the boundary. When we choose the profit-maximizing ¢ in cross-
validation, the linear version of our method achieves substantially higher profit than OLS,
and even outperforms more flexible tree-based approaches, including Causal Forest and
XGBoost.

Although tree-based methods achieve lower MSE than any of the linear specifications,
this precision does not necessarily translate into superior profit. This result underscores
the central insight of our work: improving policy value requires accurate CATE estimates

specifically near the decision boundary, not uniformly across the entire covariate space.?

Neural network methods yield targeting policies with near-optimal profit. Recall that Pol-
icyDNN focuses solely on profit maximization and does not estimate CATEs. Table 2 fur-
ther demonstrates that PolicyDNN scores are not reliable proxies for CATEs; they produce
notably worse customer ranking (Qini) than both our method and the Oracle benchmark.
In contrast, our method modifies the direct profit optimization problem by introducing a
principled surrogate objective that enables CATE estimation along with the targeting rule.
This surrogate introduces a larger discrepancy from the stepwise profit function than the
softmax transformation used in PolicyDNN, but the difference does not substantially re-
duce profits in this setting.

Overall, the results in Table 2 highlight the flexibility of our method. By selecting an ap-
propriate value of ¢, practitioners can navigate the trade-off between global CATE accu-
racy and profit maximization. In settings that involve high-dimensional nonlinear treat-
ment effects with interactions terms, this flexibility yields notable gains in policy value
while still providing interpretable policy-aligned CATE estimates that rationalize the re-

sulting targeting decisions.

6 Conclusion

In this paper, we proposed a methodology to estimate CATEs that simultaneously opti-
mizes expected payoffs. By reframing treatment effect estimation as a profit maximiza-
tion problem with a stochastic threshold, our framework reconciles the two dominant
paradigms in targeting policy design: direct policy optimization and plug-in estimation.
Our findings underscore that global estimation accuracy is insufficient for maximizing

4In our simulation, tree-based methods can almost perfectly approximate CATEs and yield near-optimal
decision rules with one-dimensional covariates, dim(X;) = 1. However, their performance deteriorates
when the CATE function involves complex interactions between covariates in multiple dimensions.
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policy performance, yet targeting decisions made without CATEs lack the interpretabil-
ity necessary for strategic oversight. We derive the statistical properties of the proposed
estimation approach and illustrate the theoretical tradeoffs using synthetic data. Our ap-
proach has broad relevance across domains, ranging from personalized medicine to op-
erations research, where firms and policymakers must balance the efficiency of targeting
policies with the need for transparent, explainable decision rules.

Limitations and Future Research

Our work opens several avenues for future research to address current limitations and
extend the framework’s applicability. First, while our current approach focuses on bi-
nary conditions, many practical applications involve complex decision spaces. Future
research can extend the proposed surrogate objective to accommodate multi-valued treat-
ment arms and continuous treatment effects, such as personalized pricing or incrementality-
based advertising. This would broaden the applicability of the method beyond the current

settings that are tailored to experimental data with binary marketing actions.

Second, it would be valuable to characterize the discrepancy between the proposed sur-
rogate objective and standard profit optimization in finite samples. We have established
that our surrogate objective function is Fisher consistent with respect to the original profit
function, ensuring asymptotic validity. However, in finite samples, the surrogate objec-
tive may deviate from the true profit maximization goal. Future research could derive
theoretical bounds to formally characterize this discrepancy.

Third, the reliance on experimental data points to important extensions regarding obser-
vational data and the unconfoundedness assumption. When using observational data,
propensity scores must be estimated, and the impact of this first estimation step on the
resulting CATE estimator and decision-making warrants further investigation. Addition-
ally, future work could investigate how to adapt the framework when the unconfounded-

ness assumption is not defensible, perhaps by incorporating instrumental variables.

Finally, our method could be integrated with adaptive experimental designs to enhance
learning efficiency. For instance, firms could adopt sampling procedures similar to Chen
et al. (2025) to adaptively increase sample sizes based on customer characteristics. This
integration would allow for maximizing learning about CATEs in regions critical to the
optimal policy, potentially requiring a better characterization of variance at the individual

customer level or an extension of the proposed approach into a Bayesian framework.
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Appendix

A Derivations from Section 3.1

We now demonstrate how Equation (12) is equivalent to Equation (13).
T
E[1{r>C}(0—0)= [ (v—u)dFe(u)du

= Fe(t (To / P ooy dFel )du)

=Fc (1) (n—E[C|C < T])
= Fc (1) [0 — k¢ (T)] -

B Additional Illustration of the Surrogate Objective Function

In Figure B.1, we illustrate the surrogate objective function for C ~ N(c,¢?) and varying
values of ¢. The simulation assumes ¢ = 1 and 1p = 2. The surrogate objective function
deviates from the true profit maximization objective more for larger ¢’s. As variance ¢
decreases, the surrogate objective approaches the stepwise function.
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Figure B.1: Illustration of the Surrogate Objective Function for Different Values of ¢.
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C Derivations from Section 4

C.1 Normal Distribution

We first rewrite the expression of interest

T(X;) 7(X;)
[0 e = [ et e - ulpluyan

—oo —0

-0 [ fdu+o |

—co —o00 o

T(X;) u—=c

f(u)du. (C.1)

Define C = £=¢, so that C follows a standard normal distribution. The first integral in

(C.1)is ’
) —C) :CD(T(Xi)_C). (CZ)
o (%

Now consider the second integral

T(X;)—c T(X;)—c

/T(Xi)u—cf(u)duzo-/ g c”f(m?+6)d5:/ ’ EfP(E)dE:‘P(M)-

—c0 g —0c0 —o0

Plugging (C.2) and (C.3) back into (C.1) yields Equation (19).
C.2 Logistic Distribution

Now assume that f(-) is the density of a logistic distribution with location parameter ¢

and scale parameter . We now have
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T(X;)
[0 = e = ¥ (X~ uE ()

—00

Xi (Xi)
B )—/T F(u)du}

—00

7(Xj)
=Y F[t(X;)] — T(X;)F [7(X;)] + /OOX F(u)du

1
T(Xi)fc

= [Y* — T(Xl')]F [T(Xl)] —I—O'/ ’ F(0'5+ C)d5

1+exp {__T(X(;)—C} —w l4ef
o Yi* - T(XZ') T(Xl') —C
= _T(Xi)_c}qtalog (1+exp{T}>.

C.3 Uniform Distribution

Assume that f(-) corresponds to the density of a uniform distribution between ¢ and ¢.

Then we have:

o c—c
Y T(X;) T(X;)
= —1 / du — — 1 / udu
c—cJe c—cJe
(T(X) ¢ v 7(X;)? — 2
-\ t—c¢ ! 2(c—c¢)

To see the connection between this expression and the MSE, notice that

(X)) —c\ ., T(X)?—c? . 1
arg maxXe.x R [(%) Yi - %] = arg maXe.x R [Yi T(Xi) — ET(Xi)Z]
= argmin_y_, g [—2T(Xi)Yl-* + T(Xi)z]

= argmin_y g [Y; — T(Xi)]z.
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D Standard Errors from Central Limit Theorem for Linear CATE

Recall that

~ 1 & . 1 ¢
6 = argmax— ZFC [T (X;;0)]{Y; —xc [t (X;;0)]} = argmax— Z 7:(0),
b0 i3 b0 i3

where xc(7) = E[C | C < 1] for a distribution C ~ Fc(+). To simplify the exposition, we
xTo—c
—.

will denote T; :=

D.1 Normal Distribution

From Equation (19), under a normal distribution we now have
qi(6) = @ (1) (Vi —¢) + 09 (1),

where ®(-) and ¢(-) correspond to the standard normal cdf and pdf, respectively. The
relevant derivatives of g are

99i(0) _ ¢(T) 1y« d%q ¢(T) s T
(—;9 = UZ (Y] —c—0om)Xi, WZ—U—;[Ti(Yi —c—0T) + 0] XiX; .

D.2 Logistic Distribution
Finally, from Equation (20) a logistic distribution yields
7:(0) = G(w) (Y — ) + o {x[1 - G()] ~ InG(n)},

where G(u) = 1/(1+e ") and g(u) = G'(u) = G(x) [1 — G(x)] correspond to the cdf
and the pdf of the standard logistic distribution, respectively. The relevant derivatives are

99:(6) _ (1) 1y A (O <) N (Y —o— o X7
Y I Y —c—o7] X;, S60T = o2 {2G(%) =11 (Y] —c—0m) + 0} XiX; .

D.3 Uniform Distribution

From Equation (21), under a uniform distribution g;(0) collapses to the mean squared loss,
so that )
qi(0) = — [Yi* - XzTG] :
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Taking derivatives, we get

9q:(0 . 924:(6)
q(f%) ) :2(1@ —Xf@) x, 200 _ oy xT

E Proofs of Propositions

E.1 Proof of Proposition 1

Proof. Consider Equation (12). For any T < 19, the function (7y — u) is positive and con-
tinuous at u = 7, so a small increase in T increases the optimization objective. Similarly,
for any value T > T, the optimization objective increases with a small decrease in 7.
Because T) also maximizes the original objective function from Equation (9), the proposed

surrogate objective function is Fisher consistent with respect to the original one. [

E.2 Proof of Proposition 2

Proof. Because we do not impose any restrictions on 7(-) when optimizing (16), solving
this optimization problem corresponds to maximizing Q(7) independently for all X € X.
Proposition 1 then implies that Ty(X) maximizes Q(7).

The same logic applies to Q(T), so its maximizer is [c, +o0) for all X such that 1p(X) > ¢
and (—oo,c) otherwise. As a result, 79(X) also maximizes Q(7), and so Q(7) is Fisher
consistent with respect to Q(7). O

E.3 Proof of Proposition 3

Proof. Our proof consists of demonstrating that the conditions of Theorem 2.1 of Newey
and McFadden (1994) are met. First, note that continuity of F-(-) and of 7(+) in 6 imply
that Q(-) is also continuous.

°The proposed modified optimization problem is inspired by the literature on advertising auctions. Online
advertisers often make decisions based on the distribution of competing bids, and for a given bid, the
advertiser’s outcomes are stochastic rather than deterministic. Waisman et al. (2025) leverage this insight
to infer the effectiveness of online advertising. Conceptually, our approach requires a targeting policy to
“submit bids” by choosing 7, and customers are only treated if this “bid” exceeds the (stochastic) treatment
cost C, which plays the role of the highest competing bid. Similar to Waisman et al. (2025), the optimal bid
coincides with the true ATE, 1.
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Second, it follows that

)1 = [Fe e Y7 — [ ugctujau

+o0
< Fe [r(X0)] 1| +| [ ufcuds

< Y|+ [ucl
=d,(Y),

(ee]

where the first inequality follows from fc(-) > 0 and from the triangle inequality, and the
second inequality holds because Fc (-) < 1.

Because we have E [d(Y)] = |u*| + |jc| < oo, the conditions of Lemma 2.4 of Newey
and McFadden (1994) are met. Consequently, it follows that Q(6) is continuous and
SUPgee |Qn(0) — Q(0)] P 0. Therefore, the conditions of Theorem 2.1 of Newey and
McFadden (1994) are also met, and LN 9. O

E.4 Proof of Proposition 4

Proof. As with Proposition 3, our proof consists of showing that the conditions for Theo-
rem 3.1 of Newey and McFadden (1994) hold. First, note that the conditions from Proposi-
tion 3 plus (i)—(iii) imply that the requirements for the Central Limit Theorem are satisfied,
so we obtain \/_aQ” %) 4, N (0, M).

Next, (iv) implies that Lemma 2.4 of Newey and McFadden (1994) applies again, so that

B(0) is continuous and sup, g Hl Yiiq %eqaleT — H — 0. Therefore, the conditions
of Theorem 3.1 of Newey and McFadden (1994) are also satisfied, and so it follows that
Vi (0—60) 5 N (0,B-'MBY). O

E.5 Proof of Proposition 5

Proof. The conditions from Propositions 3 and 4 already yield B! 2, B~1 due to Lemma
2.4 of Newey and McFadden (1994) and the continuous mapping theorem.

Conditions (i) and (ii) further imply that we can apply Lemma 2.4 of Newey and McFad—

1ymn aqz (6) 3‘71 _ ‘ )

den (1994) again, so that M(6) is continuous and sup,_q =158 3 QT

0, which ensures that M % M. Applying the continuous mapping theorem and Slutsky’s
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theorem establishes the result.
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