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Abstract

Companies today face significant challenges in personalizing marketing interventions while
balancing long-term objectives, adhering to privacy regulations, and managing complex decision
spaces. This dissertation addresses these core issues through three interconnected essays and
provides practical methodologies for enhancing personalized marketing interventions in today’s
data-driven environment.

The first essay (Chapter 1) demonstrates and tackles the challenges of optimizing long-term
business performance through targeted interventions. It highlights how cumulative unexplained
variations in repeated customer behavior can weaken the direct optimization of long-term out-
comes. To address this, the essay introduces a surrogate index methodology using short-term
signals, coupled with a novel separate imputation strategy to handle the churn and purchase
processes driving customer value. Through simulations and a real-world marketing application,
the essay demonstrates that the proposed approach significantly outperforms traditional methods
in enhancing long-term targeting effectiveness.

The second essay (Chapter 2) examines how Local Differential Privacy (LDP) —a strong privacy
technique that introduces noise into individual-level data — affects the accuracy of personalized
marketing interventions based on Conditional Average Treatment Effect (CATE) predictions. We show
that LDP induces heterogeneous and model-dependent errors that hinder accurate personalization.
To address these limitations, we propose an honest post-processing method using an unbiased
but noisy proxy combined with iterative boosting and a subgroup cross-learning strategy to
ensure honesty and mitigate overfitting. Empirical tests demonstrate that our method significantly
improves prediction accuracy and treatment prioritization, enabling organizations to achieve

effective personalization despite privacy constraints.
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The final essay (Chapter 3) introduces Incrementality Representation Learning (IRL), a novel
multitask framework for predicting heterogeneous causal effects of marketing interventions. By
leveraging past experiments, IRL efficiently designs and targets personalized interventions without
extensive testing. It extracts generalizable low-dimensional representations of intervention features
and customer covariates. Empirical validation using data from 274 promotional campaigns demon-
strates that IRL significantly enhances targeting accuracy and effectively generalizes predictions
to both known and untested interventions and customer segments, addressing challenges in
high-dimensional decision spaces and cold-start scenarios. Additionally, the essay develops a
decision framework and interpretation tool to assist firms in identifying critical design features

and tailoring promotions for maximum profitability.
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Chapter 1

Doing More with Less: Overcoming
Ineffective Long-term Targeting Using

Short-Term Signals!

1.1 Introduction

Recent advancements in business experimentation combined with machine learning have
transformed how companies execute targeted interventions. Through controlled experiments,
businesses can infer causal relationships between their marketing offerings and customers’ re-
sponses. Rather than simply measuring the average impact across all customers, companies can
further identify differences in customer sensitivity based on individual characteristics, commonly
quantified as the conditional average treatment effect (CATE). This approach empowers firms
to focus on customers predicted to respond most favorably to their objectives (e.g., profits or
purchases), particularly those with the highest predicted CATEs. This method has gained signif-
icant popularity among organizations to design effective targeted intervention, and some tech
companies, such as Microsoft [157] and Uber [36], have taken a step further by open-sourcing

their tools for CATE estimation. This has enabled more companies to adopt this approach and
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develop highly precise targeted marketing interventions at scale.

This test-to-target approach has proven effective in various marketing contexts, such as customer
retention [93, 9, 137], membership subscription [184, 218], and catalog mailing purchases [103].
Despite its popularity, it remains untested whether this approach can effectively optimize long-
term outcomes, such as customer lifetime value (CLV) or repeated purchases, which are typically
the top-line metrics for a firm. In theory, the observation window should not alter the way firms
optimize their resource allocation —if the business goal is to maximize long-run outcomes, firms
should target customers based on their long-term sensitivity to the intervention, measured as the
CATE of the intervention on the long-term business outcome.

However, our research shows that the conventional test-to-target approach can be ineffective
at optimizing long-term outcomes, especially those driven by recurring customer behaviors, such
as total purchases over an extended post-intervention period. Unlike short-term outcomes (e.g.,
immediate purchases after the intervention), long-term outcomes accumulate individual customer
behaviors, such as unobserved heterogeneity or unexplained customer attrition, that cannot be
explained by the observed customer characteristics collected before the intervention. As a result,
long-term outcomes not only carry information about the treatment effect (which is what CATE
models aim to capture), but also accumulate unexplained variations that grow over time. This
presents a significant and understudied challenge in CATE estimation, as existing models may
generate unstable and high-variance CATE predictions when unexplained variations are large.
Targeting customers based on such high-variance models can result in an ineffective targeting
strategy when optimizing for long-term outcomes.

This paper has two main objectives. First, we examine the challenge of estimating CATEs for
long-term, recurrent customer behaviors. Our theoretical analysis shows that such outcomes can
accumulate unexplained variations due to unobserved heterogeneity or customer attrition. Conse-
quently, as we extend the observation window, the outcome variance—and by extension, the
variance of most CATE models —tends to rise. This increased variance inadvertently heightens the
likelihood of incorrect targeting. Second, we present a solution that enables firms to implement
more effective targeted interventions and achieve better long-term performance. We recommend
that firms create a noise-reduced proxy based on immediate post-intervention behaviors and use

this proxy for CATE estimation instead of the actual long-term outcome. Although it may seem



counterintuitive, this method can potentially minimize unexplained variations and effectively
capture long-term treatment effects that are reflected in short-term behavioral changes.

To construct this noise-reduced proxy, we adopt the surrogate index approach [13, 212], which
uses historical data that is readily available to firms to infer the relationship between short-
term behaviors and the long-term outcome. In addition to providing valid CATE estimation,
we formally show that the surrogate index has smaller unexplained variations than the actual
long-term outcome, leading to more accurate CATE estimation. This enables firms to effectively
target customers based on their long-term sensitivity to the intervention while mitigating the
noise accumulation problem.

We emphasize that the conventional method of surrogate index construction, as recommended
by [16] and [212], may not be optimal in scenarios with customer attrition. In the presence of
attrition, long-term repeated behaviors become the product of two critical variables: the duration
of a customer’s lifetime and the intensity of these behaviors during that lifetime. As both these
variables are influenced by short-term behaviors and idiosyncratic variations in each period, the
conventional modeling approach fails to identify the correct relationship between short-term and
long-term outcomes [e.g., 31, 106, 187].

To address this issue, we propose a novel separate imputation technique. Our approach involves
developing two separate models using historical data: one to predict the time of a customer’s
last observed purchase (i.e., the proxy for lifetime) and another to predict the average purchases
per period when a customer is still active. We then combine the predictions of both models to
estimate expected future purchases. This approach stands out from other surrogate models by
effectively mitigating the issue of increased variance that arises from the inseparable nature of
customer attrition and purchase intensity. Consequently, this technique enables firms to construct
more accurate and robust surrogate indices, leading to improved CATE estimation and more
effective targeting strategies for optimizing long-term outcomes.

Through simulation analyses and a real-world marketing campaign, we demonstrate that our
proposed approach is significantly more effective than relying on the actual long-term outcome.
Specifically, we show that targeting rules based on immediate, short-term signals — either directly
from short-term outcomes or through surrogate indices — consistently yield better results than

those using CATE models estimated using the long-term outcome. This is surprising because



it suggests that, for optimal long-term performances, firms should rely on short-term outcomes
and historical information rather than on the long-term outcomes themselves. Furthermore, we
demonstrate that our separate imputation approach achieves the best targeting performance. In
the real-world application, targeting customers using the proposed solution yields a 6% increase
in profits (compared to directly rolling out the best action to all customers), while targeting based
on the long-term outcome results in a 3% profit loss.

There are several compelling reasons for firms to implement our proposed solution. Firstly,
it utilizes existing historical data, obviating the need for new experimental data to reduce
variance. This benefit translates into cost savings, as firms can bypass the expenses associated
with expanding experimental samples. Secondly, the solution integrates seamlessly with standard
machine learning algorithms and existing software packages, facilitating a swift and effective
deployment geared towards higher profits. Thirdly, it is applicable to a wide variety of business
settings, including retailers, e-commerce, apparel, and non-profit organizations. Lastly, our
method expedites decision-making processes. Firms no longer have to endure the typical delays
associated with waiting for long-term outcomes, thereby accelerating the implementation of
targeted interventions [13, 212].

Our research contributes to the literature in four strands. First, we address practical challenges
in designing and implementing targeting policies. We underscore the limitations of current best
practices [e.g., 9, 184, 63, 218], particularly in their ineffectiveness for optimizing noisy long-term
outcomes. We contribute to this literature by proposing a new targeting paradigm where firms
reduce noise in the outcome variable before estimating any CATE model. Although ignoring the
actual outcome of interest may seem counterintuitive, we demonstrate how creating the “right”
proxy using the surrogate index approach with proper imputation methods results in more
effective targeting.

Second, our work highlights a significant challenge in estimating the CATE and effective
targeting in scenarios characterized by a low signal-to-noise ratio. Considerable research has
been dedicated to developing methods for CATE estimation [114, 113, 94, 90, 41, 134, 15, 126, 155]
and policy learning [143, 133, 17, 147]. To the best of our knowledge, this paper is the first to
theoretically explore how unexplained variations affect the predictive accuracy of CATE models

and their targeting performance. Moreover, we incorporate behavioral insights from marketing



literature to illustrate why the issue of high noise is common in many marketing contexts. Our
study provides important insights into the limitations of existing CATE models and highlights the
need for robust solutions to estimate CATEs.

Third, we contribute to the literature on statistical surrogacy and long-term treatment effect
estimation [164, 13, 212, 165, 115]. This literature has traditionally assumed that firms use short-
term signals because of the cost of waiting to observe long-term outcomes. We further demonstrate,
using formal theory and empirical evidence, the value of leveraging short-term proxies even when
the actual long-term outcome is observed. Moreover, past research has primarily constructed
surrogate indices using standard regression models, while our work highlights the importance of
considering the data generating process for surrogate indices construction.

Lastly, our work contributes to the literature on treatment effect estimation for low-sensitivity
experiments (i.e., experiments with outcome variance much larger than the treatment effect). Our
approach differs from previous research [e.g., 53, 95, 120] in a critical way —we do not reduce
variance by eliminating variations that can be explained by customer observables. Instead, we
advocate for the use of information explainable by short-term signals and pre-treatment covariates
for CATE estimation and targeting. This strategy is pivotal, as it targets the core issue of high
variance in CATE estimates arising from unexplained variations, rather than from the observable

heterogeneity among customers.

1.2 Data and Motivation

We use a field experiment from a retail-technology company in Taiwan to highlight the
challenges of targeting with the goal of maximizing repeated purchases over an extended period
of time. This company manages a network of self-service vending machines at various locations
within a city. Customers can grab food and beverages from a vending machine, and the machine
automatically counts the items using RFID technology and charges the customers through their
pre-registered payment methods. The company uses a third-party messaging platform (like
WhatsApp) to manage customer profiles and send marketing messages. To use this service,
customers must join the company’s messaging app channel and register their payment methods

through the messaging app.



1.2.1 The Marketing Intervention

As part of the customer activation process, the company sends a 15% discount coupon to
every new customer following their first purchase. The coupon is automatically applied to the
next purchase made within 14 days, after which it expires. The company considered offering
additional coupons to some newly acquired customers, but only if doing so would increase their
total purchases in the subsequent months. To develop a targeted approach, they conducted a
randomized controlled experiment to identify customers who would increase their purchases as a
result of such an intervention.

In the experiment, the company randomly assigned customers who had just made their first
purchase to one of two groups: a control group (W; = 0) that received one coupon (i.e., the
“business-as-usual” case) or a treatment group (W; = 1) that received three coupons. All coupons
offered a 15% discount and expired after 14 days. The experiment included 1,853 customers, with
889 assigned to the treatment group and 964 to the control group. The company collected several
pre-treatment covariates on customers to design personalized interventions, such as acquisition
channels and information about their first purchase. (Further details on these covariates and

randomization checks can be found in Table 1.2 in Section 1.6.)

1.2.2 Average Treatment Effect on Repeated Purchasing Behaviors

Before delving into customer-specific impacts, we first assess the average treatment effect of
the intervention on overall customer purchases. In the week immediately post-intervention, the
total number of purchases, represented as Y; 1, increase by 10% over the control group, but this
effect is not statistically significant (p-value = 0.62). When we extend the observation horizon to
ten weeks,? the average treatment effect on ten-week purchases (denoted as Y;19) is 0.3153 (with
a p-value of 0.03), corresponding to a 30% increase (wWhere the control group had an average of
Y10 of 0.99). Clearly, the company’s intervention had a long-lasting impact on repeated customer
purchases while the short-term impact was relatively small.

To gain deeper insights into the intervention’s effects on repeated purchasing behaviors, we

2We use ten weeks to align with the time frame used by the focal firm when considering future purchases for newly
acquired customers.



further investigate the differences in customer attrition and purchase frequency between the two
treatment groups conditional on being “alive” (Figure 1.1). The leftmost figure illustrates the
percentage of “alive” customers, defined as those making a purchase in a given week or afterward
(up to 50 weeks after their initial purchase). The data suggests that the intervention reduced
customer churn, with the treatment group consistently exhibiting higher percentages of “alive”
customers than the control group. The rightmost figure in Figure 1.1 shows the weekly average

number of purchases per active customer. For the first seven weeks, retained customers in the

treatment group made more purchases on average than those in the control group.
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Note: Customers are labeled as “alive” if they made at least one purchase in that week or later (up to week 50).

Figure 1.1: Percentage of Alive Customers and Average Weekly Purchases After the Intervention.

1.2.3 Designing Targeted Interventions Through CATE Estimation

The primary objective of the focal firm was to identify customer segments with the most
favorable responses to the intervention with the goal of exclusively targeting these segments
in future activation campaigns. With this in mind, the company aims to create a treatment
prioritization rule, optimizing outcomes through targeted treatment assignments [12, 9, 103]. We
now demonstrate how the firm can utilize the experiment to achieve this aim.

Let’s begin by examining a scenario where the focal firm’s goal is to maximize customer
purchases within the first week post-intervention (i.e., Y;1). This approach aligns with prevalent
coupon targeting literature [e.g., 92, 58], where the primary aim is enhancing immediate purchases
post-intervention. To identify which customers should be offered additional coupons, we construct

a CATE model for Y;;. Specifically, this model is designed to estimate the quantity 7y, (X;) =
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E[Yi1(1)X;] —E[Yi1(0)|X;], where Y;1(W;) is the potential outcome [172] of customer i’s first-week
purchase given the treatment condition W;, and X; includes the pre-treatment customer covariates
mentioned above.

To evaluate the model’s performance, we apply a bootstrap validation method similar to that
used in [9]. (See Section 1.6.3 for the details.) Briefly, we first estimate a CATE model using the
training set and predict CATEs for the validation customers. We then sort validation customers
based on their predicted CATEs and group them into quintiles, with Q; containing customers
with the highest predicted CATEs (i.e., those who are predicted to increase purchases the most
because of the intervention), and Qs containing those with the lowest predicted CATEs. Finally,
we evaluate the model’s ability to identify the “right targets” by computing the group average
treatment effect (GATE) for each quintile. We compute two measures: (i) the predicted CATEs
(Prediction), and (ii) the actual outcome Y;; (Data).

Figure 1.2 presents the predicted versus actual GATEs for customers in the validation dataset.®
The closeness between predicted and actual GATEs indicates the CATE model’s accuracy in
estimating the true treatment effect. Specifically, the target segment recommended by the model
(Q1) includes customers for whom the intervention was the most beneficial (with an the actual
GATE of 0.037, four times the ATE), while the do-not-touch segment (Qs) includes customers for
whom the intervention did not generate additional purchases (with an actual GATE of —0.0196).
This suggests that the model can effectively rank customers according to their responsiveness to
the intervention, enabling the firm to design targeted policies that maximize customer transactions
within one week following the intervention.

However, the firm’s primary goal is to stimulate purchases across a longer timeframe, particu-
larly in the ten weeks following the intervention, rather than merely increasing immediate pur-
chases. In theory, the same targeting approach should be applicable, with the only difference being
the use of Yj19 as the outcome for estimating CATEs, i.e., Ty,,(X;) = E[Y;10(1)|Xi] — E[Y;10(0)|Xi],
and comparing predicted and actual GATEs. Therefore, we replicate the same analysis, this time
using the total purchases made within the ten weeks following the intervention as the dependent

variable.

3Figures 1.2 and 1.3 present the results of using the X-learner to estimate CATE. The results are consistent across
various CATE models, including Causal Forest, T-learner, and S-learner, as detailed in Appendix A.4.4
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Figure 1.2: Predicted and Actual GATEs by Predicted CATE Levels When the Outcome Variable is Y; 1.

Figure 1.3 presents the predicted versus actual GATEs on Y; 1 for the validation customers.
The U-shaped trajectory of the actual GATEs underscores the inability of the CATE model to
accurately rank customers by their treatment effects on Y; 9. For instance, if the company chooses
to target customers within Q; (those anticipated to show the strongest effect), the actual uplift
from targeting this segment would be an increase of 0.41 purchases, contrasting the 0.58 predicted
by the model. This divergence is even more apparent for customers predicted to benefit the least
from the treatment (those in Qs). While the model predicts zero impact for this group, in reality,
targeting them would result in an uplift of 0.63 purchases, notably outperforming the outcome of
targeting Q. Consequently, targeting strategies based on this CATE model would be ineffective.

Why does the test-to-target approach succeed for optimizing short-term outcome (Y;;) but
struggle with long-term outcome (Y;10)? Is this a general phenomenon that extends beyond
this particular example? If so, how can marketers design targeted interventions to optimize
long-term outcomes? We address these questions in the remaining of this article. Section 1.3
examines common consumer behaviors that drive the accumulation of unexplained variations
and analyzes their consequences for CATE estimation and targeting when optimizing long-term
outcomes. Section 1.4 introduces a general solution that utilizes the less noisy short-term behaviors
to predict the long-term treatment effect while reducing unexplained variations, along with the

proposed strategy to address customer attrition. In Section 1.5, we validate our solution through
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Figure 1.3: Predicted and Actual GATEs by Predicted CATE Levels When the Outcome Variable is Y 1.

simulation analyses and explore the trade-off between information gain and noise accumulation.
We demonstrate the superiority of our approach in a real-world marketing campaign in Section 1.6.

Finally, we conclude in Section 1.7 and suggest several research directions for future work.

1.3 The Problem: Unexplained Variations in Long-Term Repeated Pur-

chases

The difficulty of targeting for long-term outcomes arises from two interrelated issues. First,
long-term outcomes — particularly those involving repeated consumer interactions —tend to have
high levels of unexplained variation due to the accumulation of unexplained customer behavior.
Second, this noise accumulation problem can significantly undermine the precision of popular
CATE models, resulting in suboptimal targeting approaches. Our theoretical analysis formalizes
and generalizes this problem by examining two critical aspects: (i) identifying when and why the
unexplained variance for long-term outcomes increases as the observation window expands, and
(ii) understanding the impact of noise accumulation on the accuracy of state-of-the-art CATE
models and the consequent targeting performance. (Detailed proofs of all theoretical results are

available in the Appendix A.1.)
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1.3.1 Characterizing Long-term Repeated Purchasing Outcomes

We examine a particular type of outcome variable: the cumulative sum of recurring behaviors over
time. Such outcomes are commonly observed in marketing, ranging from repeated transactions
in retail companies, to total engagement time for social media platforms, and customer lifetime
value for SaaS businesses. For illustration throughout this paper, let’s take the example of a
retail company aiming to maximize total purchases over T periods. The firm plans to achieve
this by targeting a marketing intervention, like distributing additional coupons to specific types
of customers. Let W; € {0,1} denote the treatment assigned to customer 7, and let X; represent
the pre-treatment covariates used for determining this assignment. The total purchases made by
customer 7 over T periods is represented by Y; r. This is equivalent to the aggregate of transactions
across all periods, expressed as Y; r(W;) = Zt 1 Si+(W;). Here, S; ;(W;) denotes the purchases by
customer i in period t given the treatment W;.

Our first objective is to investigate how the unexplained variations in Y; 7 (W;) —specifically
the variation in Y; r(W;) that cannot be attributed to X; and W; —evolves as T increases. To achieve

this, we break down the long-term outcome in the following manner:

T
Yir(Wi) = Y IE[Sy:(Wi)IXi] + 2 &4
t=1
—lE[YIT( i)IXi] T

=&

where E[S; ;(W;)|X] is the expected purchases in period t for customer i given treatment W; and
covariates X;, and ef’, ; represents the mean-zero unexplained variations of purchases in period .
Then, the variance of unexplained variations in the outcome of interest is given by:

T

Z ] = iVar {eﬁt} +2 2 Cov [sitl,sitz} .
t=1

1<t <tr<T

Var

This decomposition reveals that when there is non-negative serial correlation in the per-period

S
€

unexplained variations (specifically, when Cov { ei fz] > 0 for any t; < tp < T),, the variance
of these unexplained variations in Y; 1 increases with the length of the observation period T. We
next argue that common factors in marketing contexts, such as unobserved heterogeneity and
customer attrition, often lead to positive serial correlation in these unexplained variations [e.g.,

91, 75, 171]. Consequently, the existence of these factors in customer behavior typically results in
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a progressive accumulation of noise over time.

Unobserved Heterogeneity.

When there are variations in customers’ intrinsic preference toward the company — commonly
known as unobserved heterogeneity or individual fixed effects — positive serial correlation in unex-
plained variations arises [e.g., 121, 87]. To illustrate that, assume that the unexplained variation in
each period can be expressed as

S _5,.5
& =& Ty

where & represents the time-invariant individual purchase tendency (that is not captured by
X;), and 777, denote the independent per-period shock that is independent of 2?. Then, the serial

correlation of €2, is positive because

Cov [Eitl,slsltz} = Var [EZS} + Cov [Ef,iyftl} + Cov [Ef,nftz] + Cov [qftl,nftz} = Var [Ef] > 0.

This result emphasizes that when observable characteristics (X;) are insufficient to capture customer
heterogeneity in the long-term outcome, the unexplained variations will exhibit positive serial

correlations over time.

Customer Attrition.

Also known as customer churn, customer attrition represents the progressive loss of customers
over time. This phenomenon exits in many business contexts and has been extensively analyzed
in the context of recurring purchase behaviors and customer relationship management [e.g.
178, 73,152, 11, 19]. In the following discussion, we demonstrate how customer attrition, whether
observed or latent, results in a positive serial correlation in unexplained variations.

To get the intuition why customer attrition implies positive serial correlation, let’s first consider
the scenario where a customer churns in period t. In such a case, all future unexplained variations
for this customer would be negative, given that their actual purchases reduce to zero. Conversely,
if a customer remains active at time t, the unexplained variations from all earlier periods for
this person would likely skew positive. This occurs because the expected per-period purchases

across all customers (comprising both churned and active individuals) tend to be lower than the
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realized purchases of a customer who remains active. Therefore, we can infer that the unexplained
variation in per-period purchases exhibits positive serial correlations.

To formally demonstrate that customer attrition causes positive serial correlation of unex-
plained variations, we need to unpack the dynamics of how customer attrition affects s?, ;- When
a customer is still “alive” in period ¢, the actual purchase for that period might diverge from
the expected purchase, and we denote this deviation as nft. For simplicity, let’s assume these
deviations are independent across distinct periods (i.e., there is no unobserved heterogeneity).
Conversely, for a customer who has churned in period ¢ (or before), the unexplained variation is
the negative expectation of their purchase in that period, i.e., —E[S; ;(W;)|X;]. Consequently, the

unexplained variation for period t can be expressed as:
¢5; = 1 [i remains active at t] 77, — 1 [i has churned at #] - E[S;;(W;)|Xi].

Given this formulation, the expected value of qft is positive, ensuring that ]E[sf ;] = 0. This
is consistent with the intuition above: since the expected short-term purchase, denoted as
E[S;:(W;)|X], is an average taken across both alive and churned customers, it follows that the
expected purchase from an “alive customer” should surpass this average.

Proceeding to the correlation dynamics, we show in Appendix A.1.1 that the covariance
between the unexplained variations for periods t; < t; is:

Cov [ef’tl,sfltz} =[1 — 60, (Wi|Xi)] {]E [Si,,, (Wi)[Xi] + B [Wis,tl} } X
(1.1)

0 (WiIX) {E Sy, (W) Xi] + [, ]} =0,
where 6;(W;|X;) denotes the probability that the customer is still alive at ¢. Essentially, this
covariance represents the co-movement attributed to customer attrition at time #;, as it is the
product of (i) the likelihood of customer churn at t; multiplied by the expected impact if the
customer churns at this time (i.e., [1 — 6, (W;|X;)] {]E [Si, (W))|Xi] + E [”is,h} }), and (ii) the proba-
bility of the customer remaining active at t, combined with the expected purchase when alive at
ty (i-e., 6, (WiX;) {IE [Sit, (Wi)|Xi] + E [qftz} }) Given that every term in (1.1) is non-negative, the

resulting covariance is also non-negative.
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Other Customer Behaviors.

Certainly, other behavioral factors can also contribute to positive (or negative) serial correlation.
For instance, the presence of state dependence, habit persistence, and psychological switching
costs can lead consumers’ past consumption to positively influence their future consumption [e.g.,
171, 125, 179, 59]. Under such circumstances, a notable increase in previous purchases can boost
subsequent purchases, resulting in positively correlated unexplained variations. On the other
hand, in settings where consumers exhibit stockpiling behavior [194], there might exist a negative
correlation between unexplained variations across different periods. It will depend on whether
the strength of the stockpiling behavior is stronger than that of the unexplained variations driven
by unobserved heterogeneity and attrition.

To summarize, the degree of noise accumulation is determined by two main factors: (i) the
presence and significance of behavioral drivers in the dataset, and (ii) the effectiveness of using
observable characteristics to predict these drivers. For instance, if the observable characteristics
fail to comprehensively capture customers’ inherent preferences towards the company, this can
lead to a significant accumulation of unexplained variations in long-term outcomes. Similarly;,
in situations where customer attrition is prevalent, the unexpected churn can lead to significant
shocks in total purchases, resulting in increased unexplained variations in the long-term outcomes.

In our empirical application, we expect to have unobserved heterogeneity since the information
from the initial purchase is unlikely to account for all the variation in individual preferences.
Besides, Figure 1.1 demonstrates significant customer attrition, contributing to the accumulation
of unexplained variation due to unpredictable churn. Moreover, stockpiling is unlikely in this
context given the perishable nature of the goods sold in their vending machines. Taking all these
factors into consideration, the focal firm is indeed facing the problem of increasing noise in their
outcome of interest (i.e., long-term total purchases) as they increase the observation window. We
present evidence supporting noise accumulation and positive serial correlation of unexplained

variations in Section 1.6.2.
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1.3.2 Implications for CATE Estimation and Targeting

The second objective of our theoretical analyses is to examine how noise accumulation in
the outcome variable impacts the predictive accuracy of CATE models and their effectiveness
in targeting. Within this context, we establish two key results: first, the variance in predicted
CATEs escalates with increasing unexplained variations; and second, as this variance grows, the
likelihood of making incorrect targeting decisions also increases.

In our analysis, we assume the firm has conducted a randomized controlled experiment
such that the complete randomization, overlap, and no interference assumptions hold [117].
Additionally, we focus on a broad spectrum of CATE models, as detailed in Assumption A.1 in
Appendix ??. A defining feature of these CATE models is that the prediction for a new individual
can be represented as a weighted average of residualized outcomes from the training data, where
the weights are determined by the degree of similarity in covariates between individuals in the
training set and the new individual and estimated using honest estimation [15]. Besides, the
residualization function is constructed using cross-fitting [154]. Essentially, this class includes
popular models such as Causal Forest [199], S-learners and T-learners with different outcome
models [134], and R-learners with a variety of second-stage estimators [155, 126]. Appendix ??
provides a formal characterization of these models.

The following theorem formally establishes the relationship between the magnitude of unex-

plained variations and the variance of state-of-the-art CATE models:

Theorem 1.1 (VARIANCE OF CATE PREDICTION) Assume that the CATE model (denoted as Ty,) belongs
to the general class described above. Then, the variance of the predicted CATE for an individual with
covariates Xnew scales with the amount of unexplained variations in the outcome variable. Mathematically,
for given the same level of observed heterogeneity in the training set (i.e., {X;, W;}I\.,), there exists two

constants Cy and Cy such that

CyVar[e!] < Var [?YT(xneW) ‘{xi, wi}zNzl} < GyVar[e!7] (1.2)

when Var[e™] = o2 for some 03.

Theorem 1.1 shows that the upper and lower bounds of the variance of the predicted CATE

are proportional to the variance of the unexplained variation in the outcome variable when it is
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non-trivial, with both bounds increasing monotonically in Var[sll./r]. Consequently, the unexplained
variation in the outcome variable, irrespective of its impact on the consistency of CATE estimators,
leads to instability in CATE models. This insight is especially crucial for practitioners focusing
on optimizing long-term outcomes, as accumulating unexplained variations can significantly
heighten the variance of the CATE estimator.

Next, we assess how often targeting decisions informed by the CATE model diverge from the
optimal targeting strategy, which involves targeting customers with positive true CATEs. The

result in Theorem 1.1 leads to the following theorem:

Corollary 1.1 (MISTARGETING PROBABILITY) Suppose the company has an unbiased CATE model Ty,
and targets only customers predicted to have a positive treatment effect.* Then, the probability of the
model deviating from the optimal policy, P [Ty, (Xnew ) - Ty; (Xnew) < 0], increases with the variance of the

predicted CATE, i.e., Var [Ty, (Xnew)]-

Corollary 1.1 reveals a fundamental challenge in targeting for long-term outcomes: instability
in CATE predictions caused by unexplained variations in the outcome variable can result in
erroneous targeting decisions. Therefore, regardless of the application domain, companies will
invariably encounter challenges in accurate targeting when faced with substantial unexplained
variations in the outcome variable.

A possible solution to the high variance problem in optimizing long-term outcomes is the use
of CATE estimators specifically tailored to reduce prediction variance. This can be achieved by
constraining the complexity of the CATE model, such as applying lasso regularization during the
estimation process of R-learners [155]. However, while these estimators are effective at reducing
variance, they often introduce substantial underfitting bias. Our empirical analyses indicate that
in cases with limited sample sizes, this bias can significantly impair targeting accuracy (refer to
Table 1.1 for empirical results). Therefore, the effective use of regularization necessitates large
sample sizes.

Finally, there are alternative approaches for developing targeting policies. These methods,

known as policy learning, directly leverage experimental data to learn the optimal allocation

4This proposition also holds in the case where the firm aims to target customers with treatment effects larger than
a certain threshold. See Appendix A.1 for details.
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of treatments. They typically derive a proxy variable for the true CATE, such as the inverse
probability weighting [133] or doubly robust scores [17], and then estimate a policy (often using
machine learning models) to determine which customers the firm should target. Since these
methods depend on a proxy variable derived from experimental data, they are conceptually
similar to the targeting approach examined in this section. Therefore, they encounter a similar
challenge: substantial unexplained variations in the outcome variable can increase the variance
of the CATE proxy, resulting in ineffective targeting policies. We provide additional empirical

evidence in Section 1.6.4.

1.3.3 Summary

Our theoretical analysis reveals that for outcomes based on repeated customer behaviors,
factors like unobserved heterogeneity and customer churn are key contributors to unexplained
per-period variations. Over time, these variations accumulate, resulting in increased variance in
outcomes as the observation period lengthens. As a result, the accuracy of conventional CATE
models is compromised due to this noise accumulation, leading to less effective targeting decisions.
These insights highlight a critical challenge in estimating CATEs and developing effective targeting

strategies for long-term business outcomes.

1.4 The Solution: Surrogate Index with Separate Imputation

So far, we have identified that the primary issue with ineffective long-term targeting arises
from the accumulation of unexplained variations in the outcome of interest. Therefore, a potential
solution to improve targeting effectiveness is to reduce the unexplained variations in long-term
outcomes that are not attributable to the intervention. To achieve this, we suggest using a noise-
reduced proxy in place of the actual outcome variable when estimating the CATE model. This
proxy aims to capture the long-term treatment effect heterogeneity while excluding the variations

unrelated to the intervention.
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1.4.1 Solution Overview

We use the surrogate index [e.g., 16, 212] to construct the noise-reduced proxy. This index
represents the expected long-term outcome, derived from a set of observed short-term outcomes —
such as immediate post-intervention purchases in our case—and pre-treatment covariates. To
construct a surrogate index, companies can use historical data to build a model that identifies
the relationship between short-term behaviors (along with customer covariates) and the actual
long-term outcome. After establishing such a model, companies can collect short-term data, use it
to predict long-term outcomes, and then assess the impact of their intervention based on these

predicted long-term results. This approach offers three major advantages:

1. Noise Reduction: By design, the surrogate index incorporates only unexplained variations
from the short-term outcomes in the surrogate model. Therefore, the predicted long-
term outcome (or proxy) excludes the unexplained variations of behaviors occurring after
these short-term outcomes were collected. As a result, the surrogate index includes fewer
unexplained variations (i.e., those unrelated to the intervention) compared to the actual

long-term outcome.

2. Long-term Orientation: The surrogate index effectively represents the long-term effect of the
intervention. Many marketing interventions result in long-term shifts in consumer behaviors
by initiating immediate behavioral modifications. In such scenarios, short-term outcomes
frequently account for a significant portion, if not all, of the long-term treatment effect. For
example, the coupon promotion in our empirical application can reduce customer churn in
the initial week following the intervention, as illustrated in Figure 1.1, and this enhanced
retention eventually results in increased aggregate long-term purchases due to the extended
lifetime of customers who received more promotions. The short-term purchase data in this
scenario reflects the enhanced retention, enabling the surrogate index to use this information

to forecast the sustained, long-term retention improvements.

3. Acceleration of Decision Time: For constructing a surrogate index, companies require: (i)
a model that links short-term signals with long-term outcomes, which is estimated us-

ing historical data; (ii) pre-intervention covariates that are available before implementing
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the intervention; and (iii) short-term outcomes that are observed immediately following
the intervention. As a result, companies can develop targeting strategies for optimizing
long-term outcomes soon after the intervention (i.e., as soon as the short-term signals are ob-
served), thus bypassing the delay associated with waiting for observing the actual long-term

outcomes.

The first benefit of the surrogate index method highlights its potential to improve long-
term targeting effectiveness. By reducing unexplained variations in the outcome variable, it
enhances CATE estimation precision (as per Theorem 1.1), leading to more accurate targeting
decisions (Corollary 1.1). The second benefit confirms the validity of using the surrogate index
for estimating long-term treatment effects: although such targeting policies mainly depend on
short-term behaviors, they can be effective if these behaviors explain a significant proportion of
the long-term treatment effect. The third benefit, although not essential in our case since the focal
company can postpone the implementation of new targeting rules, might be crucial in situations
where rapid decision-making can lead to substantial savings in organizational costs.

We next provide the formal definition of a surrogate index, specify the conditions required for
it to capture long-term treatment effects (benefit #2), and illustrate its variance reduction property

(benefit #1).

1.4.2 Identification and Variance Reduction Using Surrogate Index

Assume that the company has access to two datasets: the experimental data with the interven-
tion (denoted as &), and the historical data without the intervention (denoted as ). The surrogate

index is defined as follows:

Definition 1.1 (SURROGATE INDEX) The surrogate index is the expected long-term outcome (Y;1) of
customers in ‘H, conditioned on their short-term behaviors (S; 1, = {51‘,1/ cee, Si/TO} for some Ty < T) and

pre-treatment covariates (X;). Mathematically, it can be represented as ?T(STO,XZ-) =Ey [Yir|St,, Xi] .

To ensure identification of CATEs using the short-term signals, the following assumptions are

made [13]:

Assumption 1.1 (IDENTIFICATION ASSUMPTIONS FOR LONG-TERM CATEs)
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1. (SURROGACY) The short-term outcomes can fully mediate the treatment effect of W; on Y; r; that is,

Wl‘ uin Yi,T| Si,TOIXi ’ Vief.

2. (CoMPARABILITY) The experimental and historical data are comparable in distribution; that is,

. d .
Yir|Sin, Xi, ie€ ~ Yir|Sir, Xi, i€ H.

The surrogacy assumption states that the variations in short-term behaviors induced by the
intervention can fully reflect its causal impact on the long-term outcome. Therefore, if this
assumption holds and we can accurately estimate the influence of S; 1, on Y; 7, then the long-term
treatment effect can be deduced simply by observing the short-term outcomes of the experimental
units. The comparability assumption ensures that the impact of S; 1, on Y; r is the same for both
the experimental data and the historical data, which implies that one can use the historical data to
infer the impact of S; 1, on Y; 7 and then extrapolate this relationship to the experimental data.
Altogether, when both of these assumptions hold true, the surrogate index representation
becomes a reliable tool for estimating the CATE on the long-term outcome. Furthermore, since the
surrogate index is based on short-term outcomes, it contains less unexplained variation compared

to the actual long-term outcome. Formally, we state the theorem as follows:

Theorem 1.2 (IDENTIFICATION AND VARIANCE REDUCTION USING SURROGATE INDEX) Suppose that

Assumption 1.1 holds.

1. The CATE of the intervention on the long-term outcome is equal to the CATE on the surrogate
index, that is, Ty, (X;) = Yr(Si1,(1),X;) — Yr(S;1,(0), X;), where S; 1,(W;) denotes the potential

outcome of the short-term outcomes.

2. The variance of the surrogate index is smaller than the variance of the actual long-term outcome, that

is, Var [?T(si,TO(wi),xi)] < Var[Y; r(W;)|X,].

Theorem 1.2.1 suggests that the surrogate index offers an unbiased estimation of the CATE
for the long-term outcome, assuming we can correctly estimate [Ey [Y; 7|S7,, X;]. Meanwhile,
Theorem 1.2.2 demonstrates that the surrogate index has lower variance compared to the actual
long-term outcome. Combining these insights with those from Theorem 1.1 and Corollary 1.1, it

becomes evident that employing the surrogate index method for CATE estimation can (i) reduce
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variance in CATE predictions, and (ii) decrease the likelihood of mistargeting when the objective
is optimizing the long-term outcome.

Importantly, the realization of these benefits depends primarily on the validity of Assump-
tion 1.1, as discussed in Section 1.4.4. It also relies on the firm’s capability to accurately estimate

Ey [Yir

St,, Xi] using available historical data, which we will discuss in the following section.

1.4.3 Separate Imputation Approach

Conventionally, researchers have constructed the surrogate index by employing a regression
model that associates long-term outcomes with short-term results and pre-intervention covariates
[e.g., 16, 212]. However, in many marketing scenarios, this method may encounter a challenge of
high variance, particularly in the presence of customer attrition, as unexplained customer churn
hinders the model’s ability to distinguish between variations that can and cannot be explained
by the short-term outcomes. In this section, we delve into the reasons for this shortcoming and
introduce an novel solution that firms can seamlessly adopt when constructing the surrogate

index.

Challenge: Inseparable Unexplained Variations Arising from Attrition.

When customer attrition exists, the total purchases of customer i over T periods (Y;r) are
determined by two factors: the customer’s active lifetime up to period T (denoted as 7.7), and
their expected purchase per period while active (denoted as AT). We can further break down
these factors into variations that can be explained by S; 1, and X;, and unobserved variations
arising from individual preferences towards the firm not captured in the data (e.g., unobserved
heterogeneity, random shocks, etc.). Hence, the aggregate purchase counts for customer i can be

expressed as:
Yir = TTx AT = {115 ['ET|si,To/Xi} +slT} x {]E {AiT|Si,TO,Xi} +Sg\}

= E {7;T|Si,Tg/Xi] E [Aﬂsi,Tolxi} + E |:A1‘T|Si,T0/Xi} e/ +F [Aﬂsi,Tolxi} et 4 el el (1.3)

~
=¢i(Si 1, Xi), additional variations

where ¢/ and e/ denote the unexplained variations in lifetime and purchase intensity, respectively.
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The above formulation reveals a key challenge in estimating the relationship between short-
term and long-term outcomes: there is an additional term, ¢;(S; 1,, X;), which connects explained
variations in customer lifetime (attributable to short-term outcomes and observed covariates)
with unexplained variations in per-period purchase intensity, and vice versa. This implies
that directly modeling Y;r using S; 1, (and X;) becomes problematic, as the model may not
effectively differentiate whether variations in Y; r are driven by S;7, (and X;) or by ¢/ and .
This inseparability results in high-variance in the surrogate model, as it struggles to separate the
explainable and unexplainable variations present in the historical data. (Further discussion and
an empirical example of this phenomenon are available in the Appendix ??.)

Previous research has addressed the inseparability problem by introducing additional assump-
tions [31, 169, 44, 105, 116]. For example, a common method to tackle the multiplicative noise
structure is to assume that the unexplained part in the outcome variable (e.g., ¢;(S;,, X;) and
578? in (1.3)) is independent of the target variables (S; 7, in our case) after controlling for observed
covariates [e.g. 105, 106, 187]. However, this assumption does not hold in our scenario since
Ci(Sit, Xi) is clearly associated with S; 1, even after controlling for X;. Another solution proposed
in the literature is to employ instrumental variables that correlate with S; 1, but remain unassoci-
ated with the unexplained variations [42]. Yet, this approach is rarely feasible in practice since
it necessitates historical data that includes exogenous shocks capable of serving as instrumental
variables when modeling the relationship between short-term and long-term outcomes.

Consequently, we propose a new imputation technique for creating the surrogate index,

specifically designed to tackle the inseparability problem stemming from customer attrition.

Solution: Separate Models for Customer Attrition and Purchase Intensity.

Upon examining (1.3), it becomes clear that the issue of inseparable unexplained variations
can be addressed by separately estimating two relationships: first, between customer lifetime and
short-term outcomes (i.e., [E [ﬁT]SiITO, X,-] ), and another between purchase intensity and short-term
outcomes (i.e., E [AiT\Si,TO,XZ-}), and combine the predictions of these two models afterwards.
We refer to this as the separate imputation approach as we determine the long-term outcome by

combining predictions from two distinct surrogate models rather than making a direct prediction.
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To be more specific, the separate imputation capitalizes on the measurable nature of both
customer lifetime an purchase intensity. The first model predicts customer lifetime using S; r, and
X; (denoted by 77 (Xi|Si1,)), while the second one estimates the purchase intensity using S, 1, and
X; (denoted by /A\T (Xi|Si1,)). After constructing the two surrogate models using the historical
data, we predict the lifetime and purchase intensity for customers in the experimental data using
their observed short-term outcomes (S; 1,(W;)) and pre-treatment characteristics (X;). We then
combine these predicted values by multiplication to create the surrogate index that will be used
for CATE estimation and policy learning, i.e.,

~Sep . R
Yo (XilSir,(Wi)) = Tr (XilSir,(W;)) x At (XS, (Wi)), i€ &.
By design, the estimation of ?iep (Xi|Si1,(W;)) is unaffected by ¢;(S; 1, Xi), circumventing the

high-variance issue stemming from the multiplicative noise pattern seen in (1.3).

Implementing Separate Imputation in Practice.

Our approach can be applied to various business contexts as long as the firm has access to
historical data H that can be used to calibrate the two surrogate models. In contractual settings,
where customer churn is observable, creating two separate models is straightforward, as both
customer lifetime and average purchases per alive period can be directly calculated from the
available data. In non-contractual settings, such as the one in our empirical application, customer
churn is not immediately apparent, which means that the actual customer lifetime cannot be
directly obtained from the data. In such contexts, we utilize established metrics like recency
and frequency (derived from observed customer behaviors) to approximate customer lifetime and
purchase intensity. In our application, we employ the last observed purchase time up to T as a proxy
for 7.7, and the average number of purchases per period up to T;r as a surrogate for the average
purchase intensity A!.

While 7.7 and A] may not flawlessly represent the true customer lifetime or purchase intensity
(as customers might churn after the last period of purchase), these metrics are useful proxies
because: (i) together, they provide sufficient information to infer customer lifetime and purchase

intensity [73, 74]; and (ii) 7.7 is largely reflective of customer lifetime (for example, customers who
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churn early typically show low recency), while A} correlates strongly with purchase intensity
(such as high average purchases per period indicating consistent frequent buyers). Therefore,
employing these proxies for estimating surrogate index is a justified and practical approach to
address the challenge of inseparability in non-contractual settings.

To conclude, using ?iep (Xi|Si 1, (W;)) as a substitute for the actual outcome in CATE estimation
presents significant benefits for addressing the challenges of long-term targeting. Firstly, this
approach results in less noise compared to using the actual long-term outcome, as it omits
unpredictable variations that occur between Ty + 1 and T. Secondly, it enables valid inferences
about the long-term treatment effect under Assumption 1.1. Lastly, employing separate models
for churn and purchase helps to more accurately assess the influence of short-term behavioral
changes on long-term purchasing patterns. As illustrated in Sections 1.5 and 1.6, this separate
imputation method outperforms other strategies commonly used by firms, including existing

imputation techniques.

1.4.4 Potential Limitations and Implementation Considerations

Although the surrogate index method presents significant advantages, it is important to
acknowledge its limitations and the potential challenges encountered during implementation.
Understanding these factors is essential for assessing the generalizability of the proposed approach

and its applicability in different situations.

Existence of Less Noisy Surrogate Variables.

Similar to [13], we use immediate outcomes per period as the surrogate variables in our
empirical study. These variables can reflect potential long-term impact in two ways. First, being
integral parts of Y; 7, they inherently capture parts of the long-term treatment effect. Second,
changes in short-term behaviors can be indicative of shifts in long-term purchasing trends.
For example, an intervention that enhances customer retention, thereby increasing long-term
purchases, would likely result in a greater proportion of customers in the treatment group making
non-zero short-term purchases due to reduced churn. Similarly, if the intervention encourages

sustainable purchasing habits, an increase in short-term purchase frequency among treated
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customers would be observed, signaling the habit formation influenced by the intervention.
Surrogate variables of this kind are particularly beneficial in contexts where the outcome
involves recurring activities such as repeat purchases or engagement, commonly seen in industries
like retail, subscription media, food service, and transportation. However, for sectors characterized
by long purchase cycles, like the automotive industry, finding valid surrogate variables can be
challenging. In these cases, our method may be less applicable, as it can be difficult to detect
short-term indicators. Furthermore, when short-term outcomes are also noisy (e.g., when the data
is obscured for privacy protection), the benefits of a surrogate index may not be significant. In
such situations, the surrogate index method is not applicable given the lack of effective surrogate

variables.

Choice of Surrogates.

The surrogacy assumption requires that short-term outcomes fully mediate the long-term
treatment effect. When this condition is not met, the CATEs identified using the surrogate index
may diverge from the actual CATEs, leading to potential mistargeting errors [212]. One way
to mitigate the risk of surrogacy violation is to include a large number of surrogates [13]. For
example, when addressing long-term outcomes such as repeated transactions, incorporating more
periods into the surrogate index reduces the chances of violating this assumption. However,
adding more periods also increases unexplained variations, which may decrease the effectiveness

of targeting policies. This issue is formally characterized in the following proposition:

Corollary 1.2 (NOISE ACCUMULATION OF SURROGATE INDICES) Suppose that Assumption 1.1 holds.
When we build two surrogate indices based on different periods of short-term outcomes, where Ty > T}, it
follows that:

Var [Y/T(sﬁo(wi),xi)} > Var [?T(silTé(wi),xi)} .

Corollary 1.2 and the surrogacy assumption highlight the trade-off between information gain
and noise accumulation for optimal targeting performance. Specifically, including more periods
of short-term outcomes improves the validity of the surrogacy assumption. However, it also intro-
duces unexplained variations which in turn increase the mistargeting probability. Determining

the optimal number of periods for estimating surrogate models requires empirical investigation,
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which is challenging due to the difficulty of directly testing the surrogacy assumption. In this
paper, we address this question by comparing holdout targeting performance across surrogate
indices constructed using varying numbers of periods. Our simulations and real-world data
analysis indicate that surrogate models with fewer periods may significantly improve targeting

effectiveness, even though they might risk violating the surrogacy assumption.

Violation of Comparability Assumption.

In this work, we construct surrogate indices using historical data. This method is based
on the assumption that the relationships between short-term and long-term outcomes remain
consistent across both historical and experimental datasets. This assumption is expected to be
valid in our empirical analysis, as our experiment includes all newly acquired customers, who
share characteristics with those in the historical dataset, and the company’s product offerings and
acquisition strategies remained unchanged. However, if the experiment targets a specific subset
of customers (like those acquired through a particular channel), additional adjustments may be
necessary to ensure the surrogate models, developed from historical data, remain generalizable

[e.g., 149, 173].

1.5 Empirical Performance: Simulation Evidence

1.5.1 Simulation Setting

We first validate our solution using synthetic data. Our simulations consider a company
implementing a marketing intervention with the aim to maximize total purchases (Y; ) over a
ten-week period (T = 10) post-intervention. We generate experimental data (£) with accumulated
unexplained variations over time. Specifically, we assume that the intervention has a direct and
heterogeneous impact on churn probability and purchase intensity during the first three weeks,
and no further impact after the fourth week. For simplicity, we assume that the unexplained
variations in purchase intensity (while alive) are independent across time. Therefore, the noise
accumulation is mainly driven by unexplained customer attrition. More details regarding the

simulation setting and the noise accumulation behaviors can be found in Appendices A.3.1
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and A.3.2.

We also generate historical data (#) for 5,000 customers using the data generating process
for the control group, which reflects the company not implementing the intervention in the past.
This data will be used to construct the surrogate models. For the main analysis, we select Ty = 3
periods for constructing the surrogate index, ensuring compliance with the surrogacy assumption
(Assumption 1.1). Additionally, we vary the number of periods in constructing the surrogacy
index to explore the balance between gaining information and accumulating noise. The model

specifications for creating surrogate indices are detailed in the Appendix A.3.5.

1.5.2 Comparison Methods
Alternative Imputation Methods.

We compare our separate imputation approach to various imputation methods for surrogate
index construction. The first technique we examine is the single imputation approach proposed by
[13] and [212]. In this method, the outcome variable (Y; 7) is regressed directly onto the short-term
signals (S;1,---,S;T,) as well as the pre-intervention covariates (X;). However, this imputation
approach does not account for the inseparable nature of unexplained variations stemming from
customer attrition. As a result, this model offers a less accurate estimation for the impact of
short-term outcomes on Y; 1 compared to the separate imputation technique.

We also examine the BG/NBD model with covariates [71] as an alternative imputation ap-
proach. This model has not been traditionally suggested as an imputation technique in the
surrogate index literature, but it could be a reasonable candidate in our context because it has
been shown to be effective in capturing unobserved heterogeneity in customer attrition and
purchase intensity. Note that the accuracy of the BG/NBD model, along with similar variants
like the Pareto/NBD model, heavily depends on the distributional assumptions and the assumed
functional forms of the relationship between customer covariates. Consequently, in situations
where the relationship between observed covariates and the heterogeneity of treatment effects
is intricate, we expect the BG/NBD model to underperform when contrasted with more flexible

frameworks, such as non-linear regressions or machine learning models.
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Alternative Variance Reduction Methods.

In addition to using alternative imputation methods to obtain the surrogate index, we inves-
tigate other techniques to reduce the variance in CATE estimation. One such technique is to
explicitly regularize the CATE function during the estimation process. Here, we use R-learner with
lasso regularization when estimating CATE function [155] to study the effectiveness of regulariza-
tion as a potential solution. Although regularization can reduce the variance of CATE models, it
can also introduce significant underfitting bias [97] —the penalty term from regularization may
cause the model to overlook crucial data patterns, which can be particularly problematic when
dealing with a small training sample with large unexplained variations.

Another obvious alternative to reduce variance is to increase the sample size of the experiment
data. While this is straightforward to evaluate when using synthetic data, this is not a feasible or
optimal solution for enhancing targeting policies in practice. First, the number of customers who
qualify for the intervention is often limited, which limits the sample size available to most firms.
Second, even when companies can increase the experimental sample size, the rate at which the
variance of CATE decreases with respect to sample size can be considerably slow when the noise
level is high. Nonetheless, we incorporate this alternative approach in our simulation analysis to

evaluate the potential advantages of scaling the experiment, as opposed to employing different

dependent variables for CATE estimation.

Baseline Approaches.

Finally, we examine two baseline methods commonly used in practice: the default approach
and the myopic approach. The default approach targets customers based on their actual long-term
outcome, Y; r. This approach is the simplest and most common, but it is expected to be ineffective
due to the substantial unexplained variations in Y; 7. The myopic approach targets customers
based on their short-term performance, Y; 1, = ZtTil Si; (i.e., based on their behavior only a few
periods right after the intervention). This approach can avoid noise accumulation (as there is less
unexplained variations in behavior up to T), but it may not yield optimal performance because it

disregards the disparities between short-term and long-term treatment effects.

5[185] propose an approach to calculate the sample size required to train and certify targeting policies.

28



1.5.3 Evaluation Procedure

We assess targeting performance through 200 bootstrap replications and report the mean and
standard deviation of key metrics. In each replication, we first create a training and a validation
set. For each of the approaches considered, we use the training set to construct a CATE model
Ty (X;) using Y as the dependent variable (e.g., Y = Yjg for the default approach, ¥ = §iep for the
proposed approach, etc.). We then calculate the area under the targeting operating characteristic
curve (AUTOC) [210] using the actual long-term outcome (Y; 1) on the validation set.

Specifically, AUTOC is constructed as follows. Given the predicted CATEs Ty (X;), the targeting

operator characteristic (TOC) for Y; r is defined as
TOC(¢3%y) = E |Yir (1) = Yir (0) Fx, (3(X))) > 1= ¢| ~E[¥;r(1) = Y;r(0)],

where F, is the cumulative distribution function of the predicted CATEs. The TOC measures the
incremental gains from targeting the top ¢ x 100% customers, as the difference in ATE between
customers in the top ¢ x 100% CATE group and all customers. Then, the AUTOC is defined as
1
AUTOC(?) = JO TOC(¢; 7)dgp
Note that a model Ty is better than another model 7y, in identifying customers in the top ¢ x 100%
CATE group if TOC(¢;Ty) > TOC(¢;Ty). The AUTOC is a useful metric for evaluating the
effectiveness of a CATE model because it quantifies how well the model ranks units based on

their treatment effect, with a higher AUTOC indicating a more effective targeting (or treatment

prioritization) rule.

1.5.4 Results

Table 1.1 shows the AUTOC values of different approaches. Each row corresponds to CATE
models for a specific outcome variable, and the columns indicate the two methods used for CATE
estimation and the two training sample sizes (N = 1,000 and N = 50,000). In Appendix A.3.6, we
also provide the results from other CATE models (including S-learner and T-learner) to corroborate
that our findings are not driven by a particular CATE model.

In the scenario of a small sample size (N = 1,000), there are several important findings. Firstly,
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all the methods that employ short-term proxies as the dependent variable for CATE estimation
have superior AUTOC performance (both higher mean values and smaller standard deviations)
than the default approach. This implies that relying on short-term signals rather than the actual
long-term outcome can significantly improve the effectiveness of targeting. Secondly, the separate
imputation method consistently achieves the highest performance (highest AUTOC means with
smallest standard deviations), regardless of models being used to estimate CATEs. In contrast, the
single imputation performs worse than other short-term approaches. This finding highlights the
importance of separating churn and purchase when creating a surrogate index. Thirdly, although
the BG/NBD technique fares better than using the actual outcome, it falls short of the performance
achieved by the separate imputation method. This can be attributed to the BG/NBD approach
being less efficient when the relationship between observed characteristics and key parameters of

interest is complex, as it is the case in our simulation.

Table 1.1: Comparison of AUTOC Values for Different Outcomes and CATE Models.

N = 1,000 N = 50,000
Outcome Y Without With Without With
Regularization Regularization Regularization Regularization
Separate Imputation 0.88 (0.04) 0.88 (0.13) 0.92 (0.02) 0.93 (0.02)
Single Imputation 0.83 (0.09) 0.63 (0.40) 0.91 (0.02) 0.91 (0.02)
BG/NBD Imputation 0.84 (0.07) 0.78 (0.30) 0.91 (0.02) 0.93 (0.02)
Myopic (Y] 3) 0.85 (0.06) 0.81 (0.28) 0.91 (0.02) 0.93 (0.02)
Default (Y 10) 0.55 (0.30) 0.31 (0.45) 0.73 (0.04) 0.92 (0.02)

Note: Higher AUTOC reflects better prioritization rule. We average the results over 200 replications and show in parentheses the
standard deviation. We use Causal Forest as the CATE model without regularization and R-learner with lasso regularization as the

model with regularization. The performance of different CATE models is provided in Appendix A.3.6.

Next, we highlight the efficiency of the proposed solution with respect to sample size. In
situations where separate imputation is applied to small experimental data (N = 1,000), its
performance (AUTOC = 0.88 for both methods) nearly matches the performance observed
with fifty-time larger datasets (AUTOC = 0.92 without regularization and AUTOC = 0.93 with
regularization). Notably, the difference in AUTOCs between the small and large datasets is lower
for the separate imputation method compared to other strategies, which highlights the sample
size efficiency of our proposed solution. Furthermore, when employing a non-regularized CATE

model, using short-term proxies for targeting within a small experimental dataset yields better
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performance with AUTOC scores between 0.83 and 0.88, compared to the standard approach
trained on a significantly larger dataset, which achieves an AUTOC of 0.73. Taken together, these
results make a strong case for the separate imputation technique, highlighting its ability to achieve
near-optimal performance even with significantly fewer data points compared to larger datasets.

Finally, it is noteworthy that the performance of the R-lasso remains consistent across all
methods when working with a large experimental dataset (N = 50,000). This result suggests
that when there is an abundance of samples, regularization can effectively address the noise
accumulation challenge. However, in smaller sample settings, applying regularization to CATE
models for the default approach can lead to a significant drop in targeting performance, with
the AUTOC value plummeting to 0.31. Such an outcome is driven by R-lasso’s inclination to
underestimate treatment effect heterogeneity, particularly in contexts with limited data.® Hence,
firms should not depend exclusively on regularization for mitigating noise accumulation —its

effectiveness may realize only when dealing with large-scale experiments.

1.5.5 The Trade-off between Information Gain and Noise Accumulation

In the previous section, we emphasize cases where we incorporate only the minimal set of
short-term outcomes (Tp = 3) to meet the surrogacy assumption (Assumption 1.1.1). However,
verifying the surrogacy assumption in real-world applications is challenging, and companies must
balance between information capture and noise accumulation when determining the number of
periods to include in the surrogate index. While incorporating more periods into the surrogate
model could help fulfill the surrogacy assumption, it might also increase unexplained variations,
potentially diminishing the targeting effectiveness (as discussed in Section 1.4.4).

We explore this trade-off with our simulated data, simulating a real-world situation where
firms determine the number of surrogates to include in their surrogate model. Specifically,
we construct eight distinct surrogate models, each utilizing a different number of short-term
outcomes (ranging from Ty = 1 to Tp = 8) using the separate imputation approach. Following this,

we generated 200 bootstrap replications and report the average and standard deviations of the

®To provide additional context, in approximately 60% of the bootstrap replications, the default method of R-lasso
generated the same CATE prediction (which was equal to the ATE) for all consumers. This suggests a notable
underestimation of the heterogeneity in treatment effects.
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AUTOC for each model. Figure 1.4 presents the results corresponding to the number of periods

ranging from Tp = 1 to Tp = 8.
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Note: Each point reports the average over 200 simulation replications together with the one standard deviation interval. The dashline
represents the mean AUTOC of the default approach. We used 1,000 customers in the training set. We present here the results of
using Causal Forest, but our findings are robust across different CATE models. See Appendix A.3.8 for the results of different CATE

models.

Figure 1.4: Trade-off between Information Gain and Noise Accumulation: An Analysis of Causal Forest AUTOCs
with Surrogate Index Constructed Using Different Periods.

The inverted U-shaped relationship in Figure 1.4 reflects the trade-off between information
gain and noise accumulation. As we increase Ty from one to three periods, the AUTOC improves
because the intervention has a direct impact until the third week. However, the AUTOC starts
to decline once we include behaviors beyond the third period (after satisfying surrogacy). This
pattern is consistent with the guidance provided by [13] and [212], recommending that companies
should use the smallest set of short-term outcomes to create surrogate models, provided that the
surrogacy assumption holds.

Interestingly, models using only one or two periods of information (where the surrogacy
assumption is violated) outperform the default approach. This suggests that the benefits of noise
reduction can outweigh the drawbacks of information loss. In other words, if the outcome of
managerial interest (in our case, long-term cumulative purchases) has significant unexplained
variations, violating the surrogacy assumption might not be the major concern. In turn, firms can
improve targeting performance by using short-term outcomes in the surrogate models, even if

these short-term behaviors do not capture the full impact of the intervention.

32



1.6 Empirical Performance: Real-world Application

This section evaluates the effectiveness of our proposed method using data from a retail-tech
company in Taiwan, as detailed in Section 1.2. We begin by offering additional information
about the customer covariates, followed by an empirical demonstration of the noise accumulation
issue. Lastly, we showcase how our proposed solution effectively identifies the most responsive

customers, thereby enhancing profitability.

1.6.1 Observed Customer Covariates

The company gathered a collection of customer covariates at the time of their initial purchase.
This set included information about their first transaction, such as total sales, item count, and
product categories, as well as the location of the purchase (for example, a public-access vending
machine) and whether the customer was referred by a friend. Given that this data is accessible to
the company prior to the execution of the intervention, it can be employed to estimate CATEs and
determine whom to target. Table 1.2 presents the summary statistics of these variables for both
the treatment and control groups. To maintain the company’s privacy, all data points have been
standardized. The results confirm successful randomization, as no significant differences exist

between the groups in any of the provided variables.

Table 1.2: Pre-treatment Covariates and Comparison across Two Experimental Conditions.

Variable Treatment Control Difference
(N = 889) (N =964) p-value
log(Sales) in the first transaction —0.0205 0.0182 0.601
log(Quantity) in the first transaction 0.0034 —0.0031 0.930
Was the first-visit fridge open to public? 0.0035 —0.0031 0.859
Did the first purchase include any side dish item? 0.0023 —0.0020 0.865
Did the first purchase include any dessert item? 0.0002 —0.0002 0.990
Did the first purchase include any beverage item? 0.0191 —0.0169 0.332
Did the first purchase include any lunch box item? 0.0128 —0.0114 0.461
Did the first purchase include any item from other categories? 0.0036 —0.0032 0.697
Was the customer referred by another customer? —0.0016 0.0015 0.916

Note: All continuous variables were first standardized with mean zero and variance one. All binary variables were first subtracted
by the mean of all customers. We use the log scale for sales and quantity to create CATE models, as outliers in these variables may

impact the performance of CATE models. However, there is no significant difference for the two variables in the original scale.
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1.6.2 Evidence of Noise Accumulation

As discussed in Section 1.3.1, long-term outcomes often accumulate unexplained variations
which deteriorate the accuracy of CATE models, leading to suboptimal targeting. In this section,
we provide empirical evidence of the noise accumulation behavior in our specific context.

First, to determine the portion of the variability in Y; 7 that can be explained by X; and W;,
we construct a regression forest model that correlates Y; + with X; and W;. We then estimate
the unexplained variations by calculating the absolute differences between the actual purchases
and their predictions from the model. Figure 1.5 shows the unexplained variations in total
purchases over T periods, ranging from T = 1 through T = 10. In the figure, the dot indicates the
median, and the grey shaded region covers the top and bottom 10% of values of the distribution
of unexplained variations. Notably, the unexplained variations increase as the duration of the

observation period extends.
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Note: Each dot illustrates the median of unexplained variations for all customers in the experimental data. The grey shaded area

presents the range between the highest 10% and the lowest 10% of these variations.

Figure 1.5: Unexplained Variations in Y;r for T =1,---,10.

Next, we demonstrate the positive serial correlations of unexplained variations across different
periods. Using a similar approach, we create a regression forest model, E[S;;|X;, W], to predict
the number of purchases for each period. The residuals, Ef’/t = 51— ]E[si,tyxi, W], indicate
the unexplained variations in S;;. We then examine the cross-correlation of these residuals,
Cor(?‘?’ tl,’s\f’ ,,)- Figure 1.6 presents a consistent positive correlation between the residuals for each

1 < t; <t <10 highlighting a significant noise accumulation issue in our empirical context. As

highlighted in Section 1.3.1, the observed positive correlation is typically attributed to unobserved
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heterogeneity and attrition, both of which are highly likely to occur in this empirical context.
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Note: All the correlation coefficients reported are significantly non-zero with p < 0.01.

Figure 1.6: Cross-correlation Matrix of Unexplained Variations in Each Period.

1.6.3 Empirical Analysis

Similar to our analysis in Section 1.5, we assess the effectiveness of our targeting approach
against various alternatives. Specifically, we compare it to the default and myopic approaches, as
well as two other imputation methods: single imputation and the BG/NBD model.”

We created surrogate indices using historical data from customers who were acquired at
least ten weeks before the experiment began (N = 4,031 customers), ensuring that sufficient
historical data is available to model the relationship between short- and long-term outcomes.®
In all approaches, we use the first-week short-term outcome (i.e., S;1) to estimate the surrogate

indices. We determine the number of short-term periods empirically. (See Appendix A.4.7 for

details and complete set of results.)

7Unlike in simulations, we cannot substantially increase the sample size in a real-world context due to the finite
number of customers the firm could acquire over time. Furthermore, we omit the results of the R-learner with lasso
regularization, as it yielded identical CATE predictions for all customers. This result was expected, considering the
limited sample size and the substantial unexplained variations present in the data.

8We use Random Forest and BG/NBD to construct those surrogate models, which are described in detail in
Appendix A.4.1.
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Validation Approach and Key Metrics.

To assess the targeting performance of each approach, we utilize a bootstrap validation scheme
similar to that of [9]. Specifically, we generate B = 500 data splits consisting of training (70%) and
validation (30%) sets. In each split, we estimate CATE models using the training set, with distinct
outcome variables (Y) serving as the dependent variable. Then, we predict the corresponding
CATEs (7y) for customers in the validation set.

Using the predictions for validation customers, we evaluate the effectiveness of each targeting
approach based on two widely-used metrics: the group average treatment effects (GATEs) across
predicted CATE quintile groups, and the expected profit gained by targeting customers with

positive predicted CATEs.

GATEs by Predicted CATE Levels. Similar to the analyses presented in Section 1.2, we start
by dividing validation customers into quintile groups based on their predicted CATEs (7y), with
Q}? having the highest predicted CATEs and Qg having the lowest predicted CATEs. Next, we
calculate the GATE for each quintile group using the actual long-term outcome (Y; 19):

2 icQl Wi=1 Yiio B 2 i€Q) W;=0 Yiio
‘{i: ieQl, W= 1}\ ‘{i: ieQl, W =0}

G/Aﬁho(g}r) =

Expected Profitability of Targeting Policies. To compute expected profitability, we consider
a policy that targets customers with positive predicted CATEs (i.e., 7’ (X;) = 1 {Ty(X;) > 0})
and calculate the expected purchase counts in the next ten weeks using the inverse-probability-
weighted (IPW) estimator [108]. Specifically,
o 1 L[W; = 7"(X)]
V(") = : — =) Yito, 1.4
() |Validation Set| Z <1P[7TY(X1') = W] 410 (14

ieValidation Set

where P[7r¥ (X;) = Wj] is the (estimated) propensity score for customers who are assigned the
same treatment by 77 as in the actual data.” While the treatment assignment in the data is random

and independent of the derived targeting policy, we utilize IPW adjustment to account for any

9We estimate this quantity in each iteration using the probability forest implemented by the grf package.
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possible imbalances between treated and non-treated customers because the sample used for

profit evaluation (i.e., validation customers who were assigned the same treatment in the actual

data as 77"

assigns for policy evaluation) is relatively small. The IPW adjustment is also frequently
employed in other marketing literature that utilizes randomized controlled experiments for policy
evaluation [e.g., 218, 103].

We then calculate the expected profit under policy Y using the following formula:
(V) = V(Y S (%) W=1 S () W=0
Proflt(n)-AOV[;%V(H)—UZ-(llN>-U —d-(l—’lN)ll },

where AOV is the average order value,'? p is the average profit margin, d = 15% is the discount
the coupon provided, U" is the average number of coupons being used under the treatment
condition W, and M calculates the proportion of customers being treated under policy i

When assessing the profitability of different approaches, we also investigate the policy learning
approach for determining targeting policies. As discussed in Section 1.3.2, using the actual
long-term outcome for policy construction could lead to issues with noise accumulation. To
address this, one could incorporate our proposed method into policy learning. This involves
replacing the actual long-term outcome with a proxy that has reduced variance, and subsequently
applying policy learning using this proxy as the outcome variable.

Specifically, we utilize the doubly robust policy learning technique introduced by [17]. Our
method involves several steps: First, we estimate the doubly robust (DR) scores using various
outcome variables (Y) as the proxy for CATE. We then develop targeting policies (7y) by creating
cost-sensitive classifiers that predict which customers would have positive DR scores, using the
DR score itself as the misclassification cost. Finally, we compute the expected profit improvement

for each policy. Detailed information on the implementation is available in Appendix A.4.3.

10Note that we did not observe a significant difference in AOV between the treatment and control groups (Mean
difference = $0.05 with a p-value of 0.88).
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1.6.4 Empirical Results
GATEs by Predicted CATE Levels.

Figure 1.7 shows the GATEs by predicted CATE groups. As discussed in Section 1.2, the
U-shaped curve generated by the default approach indicates that the CATE model for Y; g is
unable to identify customers with the highest or lowest incremental effects. In contrast, all models
that use short-term signals to estimate CATEs are more effective at ranking customers’ long-term

treatment effect than the default method.
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Note: Each point represents the mean of bootstrap results on the validation customers together with the one standard deviation
interval. Groups Q?,- -y Q5Y are categorized based on the decreasing order of treatment effects predicted by CATE models for various
outcome variables. GATEs are computed on the actual long-term outcome (Y;19). We present the results from T-learner as it gives the

best targeting profitability. Our findings are robust across different CATE models. See Appendix A.4.5 for the results from other
CATE models.

Figure 1.7: Actual GATEs by Predicted CATE Levels for Different Outcome Variables.

Among all these models, the separate imputation method produces the best targeting perfor-
mance as it generates the steepest curve. Specifically, the GATE for Q}? (representing the most
sensitive customers identified by the method) is much larger than that of Q; , larger than that
of QY, and so on. Conversely, the BG/NBD model yields the least favorable result among all
the proxies. This finding aligns with our intuition that the BG/NBD approach is likely to be
ineffective when the parametric specifications of key parameters are different from the actual

relationships, which is likely to be the case in this empirical application.
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Profitability of Targeting Policies.

We compare the expected profit of each targeting policy, denoted by 1’ (as described in
Section 1.6.3), with the profit the company would obtain if it ran a uniform policy, 7rp, which
applies the best intervention uniformly to all customers. In our scenario, given that the average
treatment effect is positive, 77y involves sending three coupons to every customer. Specifically, we

Profit ( Vil )

Profit(mg) 1, where

define the profit improvement (PI) for each targeting approach as: PI(nY) =
Profit(71p) is calculated in the same way as Profit(r?).

Table 1.3 presents the results of different approaches. The first column, labeled “Predicted
CATEs,” illustrates the profit improvement achieved when targeting rules are based on predicted

CATEs.!! The second column, labeled “Policy Learning,” details the profit improvement attained

by utilizing the doubly robust policy learning approach with various outcome variables.

Table 1.3: Expected Profit Improvement: Targeting Based on Predicted CATEs or Targeting Using Policy Learning
Based on Different Outcome Variables.

Outcome Variable Y Predicted CATEs Policy Learning
Separate Imputation 5.81% (4.19%) 4.57% (3.90%)
Single Imputation 4.06% (4.51%) 3.66% (4.75%)
BG/NBD Imputation 0.95% (2.77%) —0.26% (4.36%)
Myopic 3.34% (3.60%) 3.51% (4.58%)
Default —3.52% (3.17%) —3.44% (3.37%)

Note: We average the profit improvement over 200 replications and show in parentheses the standard deviations. For the “Predicted
CATEs” approaches, we present the results from T-learner as it gives the best targeting profitability. Our findings are robust to using
different CATE models.

Several key results are worth highlighting. Firstly, consistent with our simulation results, the
separate imputation approach (shown in the first row) consistently delivers the highest expected
profits, whether we use predicted CATEs or policy learning for targeting. In contrast, the default
method (last row) consistently leads to a loss in profit. This suggests that basing targeting
decisions on predicted CATEs derived from actual long-term outcomes can detrimentally affect
the long-term profitability, highlighting the substantial impact of noise accumulation. Interestingly,
the myopic approach (fourth row) also mitigates much of the profit loss caused by high noise

levels. This suggests that in certain scenarios, using less information —such as fewer observed

Twe present the results when using a T-learner to compute CATEs. For robustness, results from alternative CATE
estimation methods are provided in Appendix A.4.6, which show consistent findings.
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periods — can, paradoxically, lead to better outcomes for long-term profitability.

Secondly, the separate and single imputation methods (first and second rows, respectively)
outperform the myopic strategy in terms of profit. This highlights the importance of connecting
short-term and long-term outcomes. However, the BG/NBD model (third row) falls short in
performance compared to other short-term proxies, suggesting that flexible machine learning
methods may be more advantageous in our empirical context. Lastly, the results obtained from
policy learning are marginally less effective than those based on predicted CATEs, potentially
due to the lower accuracy of the doubly robust scores compared to the predicted CATEs from the

CATE model.

1.7 Conclusion and Future Directions

Firms often leverage targeted interventions to improve their business outcomes. An increas-
ingly popular approach is to combine experimentation (or A/B testing) and customer data to
predict each customer’s sensitivity to an intervention. However, our research—both from theoret-
ical and empirical perspectives —shows that this method can be ineffective in situations where
outcomes are the result of recurrent behaviors that accumulate unexplained variations over time.
To address this challenge, we propose a new targeting strategy that emphasizes reducing the
noise in outcome variables prior to estimating CATE models. This method enhances the precision
in estimating customers’ long-term sensitivity to interventions, thereby significantly improving
targeting efficacy.

Specifically, our proposed solution involves developing a surrogate index using separate impu-
tation to effectively address the challenge of estimating long-term CATE. This method utilizes
short-term behavioral changes to infer long-term treatment effects, while distinctively accounting
for the dynamics of customer attrition and purchase intensity. As a result, it effectively reduces
the impact of unexplained variations when estimating CATE for long-term outcomes, offering
significant performance improvements over current methodologies. Our solution is readily appli-
cable using commonly accessible machine learning algorithms, rendering it practical for a broad
range of businesses, spanning industries with both contractual and non-contractual customer

relationships. By capitalizing on their existing historical purchase data, companies can improve
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their targeting strategies without the need for expanding the size of their experiments, thus
avoiding extra costs.

We evaluate our proposed solution using both simulation analyses and a real-world marketing
campaign, demonstrating superior targeting performance compared to existing practices. Our
results also highlight the trade-off between information gain and noise accumulation, emphasizing
the importance of balancing these factors when determining the optimal number of short-term
outcomes to include in a surrogate index model. Our findings indicate that when the long-term
outcome is notably noisy, using a smaller set of short-term outcomes can outperform targeting
strategies based on predicted CATEs of the actual long-term outcome, even in scenarios where the
short-term outcomes do not entirely explain the long-term treatment effect. In practice, companies
can conduct empirical testing to determine the most effective number of short-term outcome
periods for inclusion in their surrogate models, thus maximizing their targeting performance.

While our research provides valuable insights and solutions, there are limitations that suggest
directions for future research. Firstly, our proposed solution directly addresses the issue of
unobserved heterogeneity in customer attrition and purchase intensity, which is prevalent in various
marketing contexts [e.g., 72, 10]. However, other dynamics can cause more unexplained variations
in the outcome variable, such as customer inertia and variety-seeking [25], state dependence
[171, 59], or consumer learning [66]. Incorporating these behaviors explicitly into surrogate models
may further mitigate unexplained variations and enhance targeting performance. Furthermore,
there are different modeling approaches available to connect the relationship between short-term
and long-term outcomes, especially when we have multiple points in time for interventions. For
example, [146] proposes an innovative reinforcement learning framework that optimizes long-term
customer engagement by combining immediate rewards with an estimate of residual value derived
from future product usage. Thus, future research could explore the integration of these dynamics
and develop new modeling approaches for surrogate index construction to enhance targeting
performance.

Secondly, when the long-term outcome is a repeated purchase measure, it is natural to use
short-term purchases after the intervention for surrogate index construction. However, when
firms have different long-term objectives, there may not exist obvious short-term signals to use

as surrogates. Therefore, it is essential to develop a general surrogate selection procedure and
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document potential surrogate outcomes for various marketing applications. For example, [96]
proposes an estimation method to quantify the percentage of the long-term treatment effect
that short-term surrogates can explain. Additionally, [218] provides evidence that short-term
conversion on subscription can be an effective low-variance proxy for long-run revenue, and
[202] documents potential surrogate outcomes for the long-term user experience in the context
of content recommendation. Future research could focus on identifying appropriate surrogate
outcomes for different marketing contexts and developing methods to evaluate the effectiveness
of these surrogates in improving targeting performance.

Thirdly, there may be scenarios where no surrogate outcome is available for noise reduction,
such as when the objective is to directly optimize a short-term outcome with significant unex-
plained variations. In such cases, future research could explore the development of new CATE
models that are more resilient to noise in the outcome variable. For example, [111] proposes an
iterative error correction procedure to improve CATE estimation when the data is intentionally
masked by large noise for privacy protection. Furthermore, it would be worthwhile to investigate
how to incorporate the estimation uncertainty of CATEs into the targeting strategy and determine
whether it can further enhance the profitability of a marketing campaign.

Finally, the proposed imputation strategy relies on state-of-the-art machine learning methods
to predict future purchases based on observed short-term behaviors. However, machine learning
models may also overfit large unexplained variations in historical data, resulting in inaccurate
long-term outcome predictions. Future research could explore alternative imputation strategies
that are more robust to data noise. For instance, [158] proposes a Bayesian approach to predict
purchase likelihood by incorporating information from intermediate stages in the customer journey.
It would be worthwhile to investigate whether their approach can further mitigate the impact of

unexplained variations in historical data.
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Chapter 2

Enhancing Treatment Effect Prediction on
Privacy-Protected Data: An Honest

Post-Processing Approach1

2.1 Introduction

As companies increasingly rely on customer data for personalization, privacy concerns have
grown among firms, regulators, and consumers. Traditional methods like anonymization and
hashing are widely used but have proven vulnerable to re-identification attacks [e.g., 190, 150, 2, 47].
The European Data Protection Board (EDPB) [70] and the U.S. Federal Trade Commission [76]
warn that these techniques do not fully prevent re-identification and may expose organizations to
legal risks.

To address this, Differential Privacy (DP) [60] has emerged as a fundamental privacy-preserving
framework, ensuring that analyses do not expose sensitive individual information by injecting
noise into the data before release. In particular, Local Differential Privacy (LDP) [124] provides
a decentralized approach by applying noise directly to individual data points before they are
collected or stored, ensuring that even the data curator only accesses privatized information. This

makes LDP particularly valuable for aggregating data from decentralized sources or scenarios

LCoauthored with Eva Ascarza.
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where data privacy must be ensured even against the data collector, reducing risks associated with
breaches or unauthorized access. Consequently, LDP has been widely adopted across industries,
including internet services [68], digital advertising [82, 195], mobile applications [? ], and IoT
devices [198]. It has also been a key focus in emerging data privacy guidelines, such as those from
the U.S. National Institute of Standards and Technology [151].

To illustrate how LDP protects organizations, consider an e-learning platform selecting students
for a promotional offer based on demographic and course records. To opfutimize the offer, the
platform runs an experiment where a randomly selected group receives emails, while others do
not. To reduce privacy risk, the dataset may be anonymized by removing direct identifiers such as
names and emails. However, privacy attackers with access to both anonymized data— whether
through insider threats or data breaches—and public LinkedIn profiles could still re-identify
students by matching shared attributes such as age, education, and course certificates. Such
re-identification risks can undermine user trust, expose the platform to regulatory penalties, and
discourage students from sharing their course certificates. To mitigate such risk, the platform
could implement LDP by adding noise to age data and randomly perturbing course records.
By introducing such noise at the data collection stage, LDP significantly reduces the likelihood
of successful re-identification, strengthening privacy protections while allowing the platform to
collect essential data for personalization.

Although LDP is effective in preserving privacy, it presents significant challenges due to
potential accuracy loss. Its core mechanism involves injecting random noise into individual-
level data before collection or storage. This noise is crucial for protecting privacy but it can
obscure important information, such as demographic attributes, behavioral patterns, and past
interactions — factors critical for personalization. As a result, privacy-enhancing measures may
inadvertently reduce personalization precision, leading to suboptimal interventions and inefficient
resource allocation.

This paper examines the impact of LDP protection on a key personalization practice: designing
targeted interventions through Conditional Average Treatment Effect (CATE) estimation [e.g.,
114, 9, 98, 104, 189]. CATE quantifies the expected difference in outcomes between treated and
untreated individuals with similar characteristics, serving as a fundamental metric for determining

whom to treat. Decision-makers often leverage randomized controlled experiments to estimate
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CATE and identify individuals most likely to benefit from an intervention, enabling highly
personalized strategies. In marketing, for example, CATE estimation helps firms prioritize which
customers should receive a promotional offer by identifying those most likely to increase their
purchases in response [e.g., 9, 137, 184, 63]. This targeted approach allows companies to allocate
resources more efficiently by focusing on customers with the highest incremental response,
thereby maximizing return on investment. However, LDP-induced noise distorts individual
characteristics and weakens the ability to capture treatment-response relationships, compromising
both prediction accuracy and the effectiveness of treatment prioritization.

The objectives of this research are twofold. First, we examine how LDP affects the performance
of state-of-the-art CATE models. We show that LDP implementation can significantly distort both
bias and variance, resulting in model-dependent distortions that vary across covariates. These
distortions have critical implications for decision-makers, as they can lead to resource misallocation
when determining who should receive an intervention. Beyond illustrating the privacy-utility
trade-off, our findings suggest that existing correction methods from the measurement error litera-
ture are insufficient. Traditional approaches often rely on model-specific assumptions, struggle
to correct biases in high-dimensional settings, and fail to address variance inflation introduced
by LDP noise. Moreover, many of these methods require the collection of additional clean data,
which contradicts the privacy-preserving objectives of LDP. These challenges highlight the need
for a generalizable, model-agnostic approach to mitigate LDP’s impact on CATE prediction while
maintaining privacy guarantees.

Second, we propose a post-processing approach that improves the predictive accuracy of CATE
models while preserving privacy guarantees. Our method constructs a sequence of adjustment
models, each iteratively refining the CATE predictions by aligning them more closely with an
unbiased but noisy proxy for the true CATE. In each iteration, we update the CATE estimates by
adding the adjustment model, scaled by a step size that optimally balances accuracy improvements.
Specifically, the adjustment model predicts the residual between the current CATE estimate and
the proxy CATE, while the step size is chosen by minimizing the sum of squared residuals to
ensure an optimal update magnitude. This iterative process continues until further reductions in
residuals are no longer possible. Unlike traditional measurement error correction techniques, the

post-processing approach provides a privacy-preserving, model-agnostic solution that improves
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predictive accuracy without requiring additional clean data or strong modeling assumptions.

A key challenge in applying post-processing to CATE estimation is that this approach relies on
a noisy proxy for the true treatment effect, as the actual CATE is never directly observed. Aligning
predictions with this imperfect proxy can introduce overfitting, reducing the model’s ability to
generalize to new individuals. To address this, we propose an honest model adjustment approach. We
split the (privacy-protected) data into three disjoint sets: one for training the initial CATE model,
another for post-processing, and a third for determining when to stop adjustments. This sample-
splitting ensures that aligning predictions with the noisy proxy improves accuracy as it prevents
overfitting that would occur if the same data were reused. Furthermore, we introduce subgroup
cross-learning: Instead of updating the model based on the entire adjustment dataset, we partition
it into subgroups. Each iteration trains the adjustment model on one subgroup while using the
remaining subgroups to determine the optimal update step. This method decouples adjustment
model learning from step-size determination, thereby ensuring honesty in post-processing and
mitigating overfitting caused by noisy proxy estimates.

Through extensive analyses of both simulated and real-world datasets, we provide strong
evidence that our method enhances effectiveness under LDP protection. By evaluating scenarios
where covariates and the outcome variable are protected by LDP, we demonstrate that our approach
significantly improves CATE accuracy and leads to more effective treatment prioritization. Our
method offers several practical advantages for firms. First, it is privacy-preserving, maintaining
LDP guarantees without requiring data denoising or access to clean data. Second, it is cost-
efficient, enhancing accuracy without the need for large experimental datasets while keeping post-
processing computationally manageable. Third, it is easy to implement, integrating seamlessly
with standard machine learning models and existing software packages, enabling quick and
scalable deployment.

Our contributions are twofold. Substantively, we provide comprehensive evidence —through
theoretical analysis, simulations, and empirical applications —on how LDP affects CATE predic-
tion and treatment prioritization. To our knowledge, this is the first study to examine this issue in
depth. We show that LDP-induced noise can lead to significant efficiency loss, highlighting the
need for systematic evaluation of privacy—utility trade-offs across data-driven marketing prac-

tices. Methodologically, we propose a novel honest post-processing approach that improves CATE

46



prediction accuracy under LDP protection and, more broadly, in noisy data settings. It provides
decision-makers with a practical way to mitigate accuracy loss when privacy mechanisms are in
place, and supports better treatment prioritization without compromising individual-level privacy.
We position post-processing as a promising strategy for improving model accuracy in high-noise
settings — whether due to LDP protection or traditional measurement error —highlighting both
the practical relevance and methodological contributions of our work.

This paper is structured as follows. Section 2.2 outlines the connections to existing literature.
Section 2.3 characterized the impact of LDP on popular CATE models. Section 2.4 introduces
the proposed solution and discusses its benefits. We evaluate the empirical performance of the
proposed solution using simulation studies in Section 2.5 and with two real-world datasets in

Section 2.6. Finally, we conclude in Section 2.7 with recommendations for future research.

2.2 Related Literature

Our research connects to multiple streams of literature across marketing, statistics, economics,

and computer science.

2.21 CATE Estimation and Targeted Interventions

Our research contributes to the growing literature on CATE estimation and targeted interven-
tions. Several approaches have been proposed to estimate CATEs using experimental data, which
can be broadly classified into three types [104]. Direct methods, such as Causal Forest [199], estimate
treatment effects by optimizing a loss function specifically designed for capturing treatment effect
heterogeneity. Transformed outcome regression methods [e.g., 155, 180, 126] construct a statistical
proxy for the true CATE —such as Robinson’s transformation used in R-learners [155] —and then
train a CATE model to predict this proxy using observed covariates. Indirect methods, such as the
T-learner [134], estimate outcomes separately for the treated and untreated groups using observed
covariates, and then compute the difference between these predictions to obtain the treatment
effect estimate. Each method has its strengths and is suited to different data characteristics and
practical applications [170]. Our research extends this literature by introducing a model-agnostic

framework that improves predictive accuracy for all these models, particularly in settings where
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data contains substantial noise.

The application of CATE models in marketing has become increasingly relevant across various
contexts, including customer retention [9, 137, 212], membership subscription [184, 217], pricing
and promotions [e.g., 186, 63], and catalog mailing campaigns [104]. A growing stream of research
examines the challenges that CATE models face in low signal-to-noise marketing environments.
For example, [112] show that the variance of common CATE models increases with outcome noise
and propose leveraging low-variance signals to mitigate this issue. Our work extends this research
in two ways. First, we broaden the theoretical analysis to cases where noise affects both the
outcome variable and individual covariates. Second, we introduce a new approach for improving

CATE prediction in high-noise environments that does not depend on low-variance signals.

2.2.2 C(Classical Measurement Error

Our research contributes to the literature on classical measurement errors, which arise in our
context when decision-makers introduce noise into individual data for privacy protection. Prior
studies [e.g., 43, 24, 1] demonstrate that such errors can bias regression coefficients and average
treatment effect estimates in observational settings. We extend this line of research by conducting
a comprehensive theoretical and empirical analysis of how measurement errors affect both the
bias and variance of CATE predictions when using flexible machine learning models.

Existing bias correction methods for classical measurement errors typically follow four ap-
proaches: utilizing repeated measurements of variables [e.g., 99, 138, 175, 3], incorporating addi-
tional clean data [e.g., 181, 136, 38, 109], applying instrumental variables [e.g., 99, 176, 110, 213],
and leveraging noise distribution information [e.g., 159, 207, 34, 67, 33, 177]. However, these meth-
ods have significant limitations when correcting errors in CATE predictions under LDP protection.
First, they often assume strong parametric restrictions, design for low-dimensional covariates, and
are tailored to specific model classes, limiting their applicability (see Section 2.4.1 for a detailed
discussion) for CATE prediction. Second, many existing approaches rely on clean or denoised
data, which conflicts with privacy preservation. Our research addresses these challenges by
proposing a model-agnostic solution that improves CATE prediction without requiring clean data,

instrumental variables, or repeated measurements—making it broadly applicable for enhancing
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personalized interventions under LDP protection.

2.2.3 Local Differential Privacy

Given its growing importance in real-world applications, LDP has been the focus of an
expanding body of research. To date, most LDP research has concentrated on developing
new privacy-protection mechanisms and establishing their theoretical privacy guarantees [e.g.,
124, 68, 56]. More recently, studies like [156] have explored private CATE estimation within
the centralized differential privacy framework. Other research examines the privacy-accuracy
trade-off, either from an information-theoretic perspective [174, 122, 225] or through a statistical
accuracy framework [183, 6]. Despite the widespread adoption of LDP by major tech companies,
its implications for CATE prediction and targeted interventions remains largely unexplored. This

research takes a step forward in understanding how LDP affects this critical practice.

2.2.4 Model Calibration

Methodologically, our research builds on the literature on calibration—a post-processing
technique that adjusts a model’s predictions so that its predicted probabilities accurately reflect the
true likelihood of the positive event, conditional on the predicted probability [141, 163]. Recently,
the model calibration framework has been extended to CATE estimation. [206] formally defines
calibration in the context of CATE estimation and derives a proper loss function to assess whether
a CATE model is well-calibrated. Meanwhile, [127] apply the model calibration framework to
enhance the generalizability of CATE models for new individuals with significantly different
covariate distribution.

Our work makes several contributions to this literature. Conceptually, we demonstrate that the
idea of adjusting predictions within subgroups can be extended to address high-noise challenges
in CATE estimation, such as LDP protection and measurement error. This expands the scope
of existing literature, which has primarily focused on improving fairness across groups [e.g.,
100, 32, 83], enhancing generalizability under covariate shifts [130, 127], or optimizing prediction
performance across multiple loss functions [88].

The proposed algorithm introduces several novel elements. First, while the idea of correcting
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predictions within subgroups originates from [219], our approach is unique in that it leverages
data from other subgroups to determine the magnitude of updates, ensuring overall accuracy,
a technique not previously explored in the literature. Second, while existing research [206]
emphasizes the importance of using separate datasets to estimate nuisance components (e.g.,
propensity scores or conditional mean outcome models) when constructing calibration targets for
post-processing CATE predictions, it does not highlight the need to separate the data used for
initial model training from that used in post-processing. We theoretically justify and empirically
validate the importance of this data-splitting strategy, which we refer to as the honesty principle

in post-processing.

2.3 Problem: Impact of LDP Protection on CATE Prediction

We begin by examining the impact of LDP on CATE prediction. This analysis serves two
key purposes. First, it provides insight into how LDP protection affects the bias and variance
properties of commonly used CATE models. Second, it uncovers critical characteristics of the

prediction error that inform the design of an effective solution (Section 2.4).

2.3.1 Problem Formulation and Data Collection

Consider a decision-maker who wants to improve a specific outcome (Y;) through an inter-
vention with two treatment conditions (W; € {0,1}). The decision-maker hypothesizes that the
intervention could potentially alter the value of Y; for each individual i, but the impact of this
intervention may vary among individuals with different characteristics. This heterogeneous
impact is characterized as the conditional average treatment effect (CATE), which measures the
difference in expected outcomes among individuals based on their treatment assignment and

pre-treatment characteristics. Mathematically, the CATE is defined as follows:
T(Xi) = E[Yi(1) | Xi] - B[Y;(0) | Xil,

where Y;(W;) is the potential outcome [172] of individual i’s response given the treatment condition
Wi, and X; denotes a set of pre-treatment characteristics that are believed to moderate the treatment

effect.
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Following common practice [9, 104], the decision-maker constructs a CATE model, T(- | D),
using the dataset D to predict treatment effects for new individuals, helping to prioritize who
should receive the intervention in the future. To mitigate privacy risks, the decision-maker applies
LDP to protect the experimental data, resulting in a privatized dataset denoted as D. Consequently,

the CATE model can only be estimated using D, which we denote as 7(- | D).

Setup.

In line with the existing literature [199, 180, 155, 126], we assume that the collected data

satisfies the following assumptions.
Assumption 2.1 (AssuMPTIONS ON DATA COLLECTION)

1. (UNCONFOUNDEDNESS) The treatment assignment within the experiment set is independent of their

potential outcomes given the true customer covariates, i.e., Y;(1),Y;(0) 1L W; | X;.

2. (OverrAP) The probability of an individual receiving (or not receiving) a treatment should always be

positive. This can be represented as follows: 0 < P[W; = 1| X;] < 1 for any possible X;.

3. (No INTERFERENCE) The potential outcomes of each individual are independent of the treatments

received by other individuals, i.e., Y;(1),Y;(0) AL W;, Vj # i.

LDP Protection.

We examine a scenario in which the decision-maker applies LDP to protect individual data,
including the outcome of interest and covariates while leaving the treatment status (e.g., whether
an individual receives a promotion) unprotected, as it is typically neither sensitive nor useful
for a privacy attacker to infer individual identity. In this case, the decision-maker would add
noise to the outcome of interest, ensuring that only a noisy version (Y;) is observed instead of
the true outcome (Y;). Without loss of generality, we represent LDP protection as additive noise:
Y; = Y; + 7. Similarly, individual covariates are protected so that the decision-maker observes
only a noisy version, X; = X; + nX. In this setting, the decision-maker relies solely on the noisy

experimental data {(X;,Y;, W;)}Y, with N samples to construct CATE models.
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The additive noise assumption covers a wide range of LDP mechanisms, including the Laplace
mechanism [61, 124] for continuous data and randomized response [204, 68] for categorical data.
These techniques introduce noise by either perturbing numerical values or flipping categorical
labels with a predefined probability, ensuring compliance with LDP definitions [208]. Since
both approaches can be expressed as additive noise, our theoretical results extend to several

privacy-preserving implementations.?

2.3.2 Characterizing Bias and Variance Caused by LDP Protection

When selecting recipients for interventions based on predicted CATEs (e.g., targeting those
exceeding key thresholds or ranking among top performers), both prediction bias and variance
significantly impact the outcome of interest. High bias systematically skews treatment deci-
sions —underestimating CATEs creates costly false negatives that leave revenue on the table,
while overestimation wastes resources on non-responsive individuals. Meanwhile, high variance
produces unstable predictions that undermine decision consistency and cause resource misalloca-
tion [112]. Given these direct impacts on treatment prioritization, we systematically analyze how
LDP-induced noise affects both bias and variance metrics to quantify the true business cost of
privacy protection.

Let Xpew denote the true covariates of a new individual, and )N(new = Xnpew + 111>few the LDP-
protected covariates, where 77X represents the noise introduced by LDP. The mean squared error
(MSE) between the predicted and true CATE for a model trained on privacy-protected data can be
expressed as:

E [(2(Xnew | D) = T(Xnew))?] = B [F(Xnew | D) = T(Xnew)| +  Var [£(Xpew | D)]

_ <

Squared Bias Variance
We analyze each component separately and provide a formal characterization of these results in
Appendix B.2, where we derive the bias and variance for commonly used CATE models. In the

remainder of this section, we first present the intuition behind these mathematical results and

The randomized response technique can be reformulated as the injection of additive noise. Consider a binary
variable Y. The randomized response with flipping probability f can be expressed as Y = Y +1(Y = 1)y, +1(Y = 0)10,
where —#; ~ Bernoulli(f) and 79 ~ Bernoulli(f). A similar formulation can be applied to the dummy transformation
of a discrete variable with multiple possible values. Both techniques satisfy the definition of LDP and serve as
fundamental building blocks for more advanced LDP mechanisms [208].
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then illustrate their effects through a simple simulation setup.

Bias. Essentially, LDP noise in both covariates and the outcome variable introduces bias into
CATE models. Noise in the covariates of individuals in the training set distorts CATE estimates,
similar to classical measurement error bias. Noise in the outcome variable further amplifies bias
and may cause over-regularization of the CATE model. To formalize this result, we decompose

the bias as follows:

E [%(inew | D) —r(xnew)} — E [%(inew | D) — 2(Xnew | D)] + E[RXnew | D) — T(Xonew)]

. J v

(a) Additional Bias Caused by LDP Protection (b) Bias in the Non-private Setting
2.1)

where T(- | D) denotes the CATE model trained on the non-private version of the experiment data.
The first term, E [?()N(new | D) — T(Xnew | D)} , represents the difference in predictions between a
CATE model trained on LDP-protected data and one trained on non-private data. The second
term, E [T(Xnew | D) — T(Xnew)], is the inherent bias of a CATE model (when estimated with
non-private data).

To illustrate the impact of LDP on the additional bias, we apply the Taylor approximation

approach from the measurement error literature [43, 24]:

1

E ?(y(new ’ ﬁ) ~T(Xnew | D)| ~ 5 E [a>2(,D T(Xnew | D)] V(’7r>1<ew1 ﬂD)/
2

where 8)2(/9 T(Xnew | D) represents the second-order directional derivative of the CATE model
with respect to the input covariates and the training data. The term, V(1X,,,%#7) denotes a
diagonal matrix, where each diagonal element corresponds to the variance of noise injected into
the covariates (17,,,) and the training data (47), while all off-diagonal elements are zero.

The Taylor approximation reveals that the additional bias introduced by LDP protection
depends on two key factors. First, it is influenced by the sensitivity of the CATE model to noise
perturbation, captured by % p T(Xnew | D). This suggests that the bias introduced by LDP
protection is model-dependent and varies across covariates, unlike classical measurement error

in linear models, where researchers typically characterize it as a uniform attenuation bias [1].3

3The Taylor approximation results in [43] focus on the difference between the conditional expected outcome
given the true covariates and that given the noisy covariates. In our context, this corresponds to the difference

between T(Xnew) and 7(Xnew). However, their analysis does not account for the model specification or the estimation
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Second, it depends on the magnitude of noise introduced by LDP, represented by V(1. #7).

Stricter privacy guarantees increase the noise, which can significantly amplify the bias.

Variance. The impact of LDP protection on CATE variance is multifaceted. On one hand, as
suggested by (author?) [112], noise can increase the variance of CATE estimates when considering
noisy outcomes and unbiased CATE models. On the other hand, excessive noise can obscure treat-
ment effect heterogeneity, causing the model to shrink toward the average treatment effect. This,
in turn, significantly reduces variance and results in nearly constant predictions. In Appendix B.2,
we formally demonstrate (i) the potential dual effect of LDP protection on CATE variance and
(ii) how this effect depends on the model, varies across covariates, and is influenced by the noise
level.

Overall, LDP-induced noise affects both the bias and variance of CATE estimates in complex,
model-dependent ways. Bias arises as noise perturbs covariates and outcomes, distorting estimates
based on the model’s sensitivity to input perturbations. Variance can increase due to added
uncertainty in the data, but it may also decrease unpredictably if the model fails to capture

heterogeneity and instead produces near-constant predictions.

2.3.3 A Simulation Example

We now empirically illustrate these findings through a simple simulation exercise. Suppose a
company conducts a randomized controlled experiment with two treatment conditions (W; € {0,1})
on a population of individuals (indexed by 7). Let Y; € R represent the outcome of interest, and let
X; denote the pre-treatment covariate that captures heterogeneity in treatment effects. We generate
simulated experimental data with N = 2,000 observations using the following data-generating
process:

Y; = X2+ W;- (24 X; — 0.5X?) +e;,

J

true CATE function (22)

W; ~ Ber(0.5), X; ~ Unif(-2,2), e; ~ N(0,1).

For illustration, we consider two scenarios separately: covariate protection under LDP and

procedure used to approximate the true function, which are central to understanding the full impact of LDP in practice.
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outcome protection under LDP. In the first case, when covariates are protected using the Laplace
mechanism, the decision-maker observes a noisy version of the true covariates, )N(i =X;+ 111X,
where 77X is noise drawn from a Laplace (o) distribution. In the second case, when the outcome
of interest is protected under LDP, the decision-maker observes only Y, =Y+ 1Y instead of the
true outcome Y;, with 77} similarly drawn from a Laplace(c) distribution. To assess the effect of
LDP noise on CATE estimation and prediction, we generate 100 replications under each scenario
and predict CATEs using three popular models: Causal Forest [199], an R-learner with XGBoost
Models [155], and a T-learner with correctly specified OLS regressions[134].4 For each covariate
value Xnew, We calculate prediction bias by averaging the predicted CATE across 100 replications
and comparing it to the true CATE. To approximate variance, we compute the variance of the

predicted CATE for a given covariate value across the 100 replications.

Bias. Figure 2.1 presents the bias of predicted CATEs from different models under varying
noise levels. Several key patterns emerge. First, as expected, bias in predicted CATE increases
with stronger privacy protection. Second, bias is model-dependent. When only the covariate
is protected by LDP (Figure 2.1a), all models shrink the predicted CATE toward the average
treatment effect, but the magnitude and pattern of bias vary across models. When the outcome is
protected by LDP (Figure 2.1b), the differences are more noticeable, especially under high noise
levels (right panel, Figure 2.1b), R-learner exhibits significantly higher bias compared to the other
two approaches. Third, the direction and magnitude of bias in CATE estimation depend on the
covariate values. For Xnew > 1.5 and Xpew < —1, all models overestimate the CATE (exacerbation
bias), whereas for —1 < Xpew < 1.5, they underestimate it (attenuation bias). This variation in
bias direction occurs because LDP noise in CATE estimation pulls estimates toward the average

treatment effect rather than toward zero.

Variance. Figure 2.2 presents the variance of CATE predictions across different covariate values
and models. Similar to the results when analyzing the bias, the variance of CATE predictions is
model-dependent and heterogeneous across covariate values. Moreover, when the covariate is

protected by LDP (Figure 2.2a), we observe a counterintuitive result: increasing the noise level

4For details on the model specifications, please refer to Appendix B.4.
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Figure 2.1: Bias of CATE Predictions in the Simulation Setting

decreases the variance. This occurs because all CATE models underestimate treatment effect
heterogeneity, producing predictions that cluster around the average treatment effect. Conversely,
when the outcome is protected by LDP (Figure B.1b), the variance of CATE predictions increases

substantially as the noise level rises.
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Figure 2.2: Variance of CATE Predictions in the Simulation Setting

2.3.4 Summary

The above characterization of LDP’s impact on CATE prediction highlights key considerations
for developing effective mitigation methods. First, the effects of LDP-induced noise on bias and
variance are strongly model-dependent, meaning different CATE models exhibit varying degrees
of distortion. Second, these distortions are heterogeneous across covariates, with bias direction
and magnitude varying based on covariate values. These findings highlight the necessity of a
model-agnostic correction approach, one that is not tailored to any specific CATE model and one

that is sufficiently flexible to adjust for prediction errors.
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2.4 Solution: Honest Post-processing

2.4.1 Criteria for An Effective Solution

To mitigate LDP’s impact on CATE estimation both practically and effectively, a solution must
satisfy four key criteria. First and foremost, the solution must be privacy-preserving; it should
neither rely on collecting clean, noise-free data nor involve denoising the protected data. Second,
the solution must be model-agnostic. As companies increasingly deploy various CATE models, and
the impact of LDP on accuracy varies by model, an ideal solution should not rely on model-specific
approaches but should be capable of enhancing accuracy across arbitrary models. Third, the
solution should be flexible enough to capture complex relationships and handle high-dimensional
covariates. Today, decision-makers have access to high-dimensional covariates, allowing them
to capture rich heterogeneity for more personalized treatment prioritization. However, this also
implies complex interactions between bias, variance, and covariates across different models,
making estimation and optimization more challenging. Therefore, an ideal solution must account
for these relationships in high-dimensional settings to enhance accuracy across individuals. Fourth,
it should address noise in both the covariates and the outcome variable.

Before introducing our proposed solution, we first assess whether existing approaches can be
adapted to our needs. Table 2.1 summarizes four common strategies for mitigating measurement
error bias,® including utilizing repeated variable measurements (row 1), incorporating additional
clean data (row 2), applying instrumental variables (row 3), and leveraging noise distribution
information (row 4). None of these methods fully satisfy the four key criteria outlined above. First,
approaches that rely on repeated measurements or clean datasets (rows 1 and 2) are incompatible
with LDP’s privacy-preserving objectives, as they depend on noise-free data or denoising processes
to enhance model accuracy. Second, many existing measurement error correction techniques
(including those in rows 3 and 4) are tailored to specific model classes, making them difficult to
generalize to state-of-the-art machine learning-based CATE models.

Third, many methods in rows 1 to 4 rely on techniques such as Generalized Method of

Moments (GMM), parametric Maximum Likelihood Estimation (MLE), or deconvolution-based

5A more detailed review of these methods is provided in Appendix B.1.1.
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Table 2.1: Comparison of Different Solutions for Measurement Error Bias

Solution Overview Prlvac.y MOdeI. Flexible wfth Related Literature
Protection Agnostic Many Covariates
Averages over multiple noisy measure-
Repeated Measurements ments of the same variable to recover the No Yes Yes [99, 138, 175, 3]
of Variables true value of the variable
Utilizes a separate noise-free dataset to
. estimate unbiased relationships and mit-
Additional Clean Data . N . No Yes No [181, 136, 38, 109]
igate the effects of noise in the primary
data through GMM or MLE
Employs external instruments that are cor-
Instrumental Variables ~ “e.ated with the noisy variable but uncor- Yes No No [99, 176, 110, 213]
related with the noise to correct for mea-
surement error bias
. Leverages knowledge of the noise distri-
Information of bution to correct biases (through deconvo- Yes No No [159, 207, 34, 67, 33, 177]

Noise Distribution lution or moment conditions)

kernel estimators. While these approaches are theoretically well-founded, they impose strong
assumptions about error distribution and functional form, which may not hold in practice. Their
effectiveness further diminishes in high-dimensional settings with nonlinear and complex CATE
functions. Besides, these methods come with increased computational demands and a higher
risk of model misspecification, limiting their practicality in real-world applications. Finally, while
they focus on correcting bias from noise in covariates, they do not address noise injected into the
outcome variable, making them less applicable when the outcome is also protected by LDP.
These limitations underscore the need for new methodologies specifically tailored to improve
CATE prediction under LDP protection. Such methods must be privacy-preserving, model-
agnostic, scalable to high-dimensional covariates, and able to account for noise in both covariates

and the outcome variable.

2.4.2 Post-processing for Enhanced CATE Prediction

Given these considerations, we propose a solution based on post-processing, a widely used
technique in machine learning. Post-processing adjusts raw model predictions to better align
with problem-specific requirements. In our context, the decision-maker first estimates a CATE
model using LDP-protected data, as they typically would for learning targeting policies. This
initial CATE model serves as the “raw predictions,” which post-processing then refines to enhance
accuracy while maintaining privacy constraints.

Post-processing has been widely used across various domains, including enhancing predic-
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tive performance [77], improving model interpretability and ensuring valid inference [41], and
improving transportability across different populations [130]. In our approach, post-processing
refines CATE model predictions using a separate experimental dataset that is also LDP-protected
but not used for training the initial CATE model. Since this dataset is similarly protected under
LDP, it preserves strict privacy guarantees while refining predictions. Furthermore, because
decision-makers can split the experimental dataset— using one subset to train the CATE model
and another for post-processing— our approach eliminates the need for additional data collection
or reliance on instrumental variables for each covariate. This makes it both practical and easily
implementable in real-world settings.

Compared to standard measurement error correction methods, our post-processing approach
offers several advantages for LDP-protected data. First, it does not require additional clean
validation data, valid instruments, or repeated covariate measurements, aligning with privacy-
preservation goals by eliminating the need for extra sensitive data. Second, because LDP guaran-
tees remain intact even after post-processing [124], adjusting model predictions does not introduce
additional privacy risks. Third, our approach is model-agnostic and flexiblle to accommodate
complex relationships between prediction errors and high-dimensional covariates. Finally, it
improves prediction accuracy regardless of whether the outcome or the covariates are protected

by LDP.

Learning Target.

A key step in any post-processing approach is constructing an adjustment model, ¢l (- | D), to
refine the original model’s predictions. Specifically, the adjustment model estimates the difference
between the target variable (e.g., the true CATE) and the model’s predictions (e.g., the predicted
CATE) and adjusts the model’s output accordingly to compensate for this discrepancy. While
constructing an adjustment model is straightforward in standard supervised learning tasks where
the target variable is directly observed, applying it to CATE prediction is more challenging because
the true treatment effect for each individual is fundamentally unobservable [172]. As a result, we
must rely on proxy variables to approximate the true CATE, enabling us to estimate and correct

the prediction error of the CATE model.
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Building on recent advancements in CATE estimation [126, 206], we use the augmented

inverse-propensity-weighted (AIPW) score [168] to approximate the CATE for an individual i:

= 11 0) — o) + 3 3~ 06)] — 7 [~ o),

where uy,(X;) = E[Y; | W; = w, X;] represents the conditional mean outcome given the treatment
condition w € {0,1} and the true covariates X;, and e¢(X;) = IP[W; = 1 | X;] is the propensity score
of being treated given the true covariates. In practice, all the nuisance models can be estimated
using cross-fitting [155].

The AIPW score is a valuable proxy due to its double robustness, ensuring it remains unbiased
as long as either the conditional outcome model or the propensity score model is correctly specified.
However, in our setting, we compute the AIPW score using LDP-protected data, D= {(Y;, Xi, Wi)}.
This raises a potential issue: if LDP distorts both the conditional mean outcome model and the
propensity score model, then %; may also be a biased approximation of the true CATE.

This concern can be resolved if decision-makers have access to the true propensity score. In
which case, the double robustness property of the AIPW estimator [168] ensures that T; remains an
unbiased estimator of the true CATE, even when derived using LDP-protected data. The following
proposition formally establishes that the AIPW score remains an unbiased estimator of the true

CATE under LDP protection when computed with the true propensity score.

Proposition 2.1 When Assumption 2.1 holds, the AIPW score remains an unbiased proxy for the true
CATE when the LDP noise has mean zero, i.e., [E [T;] = T(X;), as long as it is computed using the true

propensity score, even when both covariates and outcomes are affected by LDP noise.

The proof is provivded in Appendix B.3. Thus, beyond Assumption 2.1 (Section 2.3.1), we
assume decision-makers know the true propensity score to ensure the AIPW score’s validity as a
learning target. This assumption aligns well with many practical applications, as organizations fre-
quently conduct randomized controlled experiments (i.e., A/B tests) or apply predefined business
rules for treatment assignments. For example, e-commerce companies often implement rule-based
treatment strategies, such as offering discounts to 80% of customers who have abandoned their
carts. Because the treatment rule explicitly determines which customers receive the discounts, the

true propensity score is precisely known.
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Consequently, despite the noise introduced by LDP, the AIPW score remains a valid and
unbiased estimator of the true CATE under reasonable and commonly satisfied conditions,

making it a reliable learning target for our post-processing approach.

Post-processing Procedure.

Next, we describe how the existing post-processing framework from the machine learning
literature can be used to adjust CATE predictions. Assume the decision-maker has estimated
a CATE model, z%(. | D), using LDP-protected data D. To improve its accuracy, we aim to
construct a series of adjustment models, ... @Rl which iteratively refine 70l and improve its

predictive accuracy. In each iteration , the CATE model !l is updated as follows:
(| D) =2 | D)+ pME( | D), r=1,... R (2.3)

where ¢"l(- | D) is the adjustment model at iteration r, and pl’! is the step size used to adjust
the predictions. Here, our objective is to ensure that, in each iteration, the CATE predictions are
adjusted to better align with the AIPW score by minimizing the sum of squared (proxy) residuals
over the (LDP-protected) experiment data:

Z[ T D)+ plEr( ID)—TZ}Z- (2.4)

ieD

We apply gradient boosting [77] to solve this optimization problem. Specifically, in each iteration
r, we first construct an adjustment model ¢'] that predicts the direction in which the CATE model
should be adjusted to reduce the squared proxy residuals. This direction corresponds to the
negative gradient of the objective function (2.4). Mathematically, the negative gradient for each
individual is given by:
oYX | D)~ 1)

) v ~r-1] /v ~
- VP) 0T oy - X;| D).
o7r-1(X; | D) k %1 D)

Thus, the adjustment model is trained to predict ¥; — zlr] ()N(l) using )N(i as input variables.

Once the adjustment model is learned, we determine the optimal step size pl’l to control the
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magnitude of the update. This is done by solving the following minimization problem:
"l = arg min Z {?V’l](f(i | D) + pc" (X; | D) — 'Fir. (2.5)
P jeD
This step intends to minimize the squared proxy residual by determining the appropriate adjust-
ment magnitude, pl1¢"(X; | D), to apply to the CATE model.
Finally, this two-step process is repeated iteratively until convergence, i.e., when further

reducing the sum of squared residuals is no longer possible.

2.4.3 Challenges of Implementing Post-Processing in the Context of LDP

While 1; provides an unbiased signal for the true treatment effects (Proposition 2.1), it remains a
noisy proxy under LDP protection for two key reasons: (i) the LDP-protected outcome Y; includes
injected noise, reducing its precision of the AIPW score as an estimate for the true CATE, and
(ii) the nuisance models ﬁZ(f(, | D) are less accurate when estimated using LDP-protected data.
Although Proposition 2.1suggests that post-processing should not introduce bias, the presence of
LDP noise can still significantly impact the effectiveness of standard post-processing methods.
Specifically, LDP noise increases the approximation error of the AIPW score as a proxy for the
true CATE, which raises the risk of overfitting in standard post-processing methods and can lead
to higher variance in the final predictions.

To formally illustrate the overfitting risk when aligning the current CATE model to the AIPW

score, we decompose the expected squared proxy residual as follows:

Ep | (21X | D) - 4)?| = Bp[(Z11(X; | D) - 7(X;) - (1 = 7(X))?]

g
=€;
o L (2.6)
= Ep |F(X | D)~ v(X))?] —2-Ep [(F (X | D)~ v(x)-&] + Ep [,
v N YT %/_/
True mean squared prediction error Comovement w.r.t. the proxy error Variance
where & = T, — 7(X;) denotes the approximation error of the AIPW score. The first term,

E5 [(?M (X; | D) — T(Xi))Z} , is the true mean squared prediction error that the post-processing
procedure seeks to minimize. The second term, E {(?M (X; | D) —1(X;)) - él} , captures the co-
movement between the model prediction error and the approximation error of the AIPW score.

The third term, Ez [éﬂ, represents the variance of the AIPW score and remains unchanged
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throughout the post-processing procedure.

This decomposition highlights the potential for overfitting when refining CATE predictions
using the AIPW score in post-processing. At first glance, minimizing the squared proxy residual
on D may seem to improve CATE prediction. However, this approach does not necessarily reduce
the true prediction error. Instead, it risks aligning the post-processed CATE model 7!"! too closely
with the approximation error €;, which arises from noise in the AIPW score.

To understand why, consider the first and second terms in Equation (2.6). When minimizing
squared proxy residuals, a standard post-processing method cannot distinguish between reducing
the true mean squared prediction error (first term) and inadvertently fitting to the approximation
error &;, thereby increasing the second term’s magnitude. As a result, the post-processed CATE
model partially captures noise by overfitting €;, leading to higher variance in final predictions and
potential degradation in overall model accuracy.

To tackle this challenge, we propose the honesty principle in post-processing to mitigate
overfitting. Specifically, whenever we build an adjustment model ¢"], determine the step size pl,
or evaluate performance improvements, we propose to use a separate dataset that was not used in
the construction of previous models. We refer to this approach as honest because it adheres to
the honesty principle used in Causal Trees [14], where the data is partitioned into two disjoint
sets —one for model construction and another for generating predictions.

To understand how honesty helps mitigate the overfitting problem characterized in (2.6), let
us consider two disjoint datasets: D;, used for constructing the CATE model 7"/(- | D;), and D,,
reserved for post-processing " by aligning its predictions with the AIPW score of individuals
in 152. By ensuring statistically independence between 151 and 152, we can express the expected

squared proxy residual for individual j in D; as follows:

Ep, 5, |(21(% | B) - )]

= Ep, 5, |(F1(X; | D1) = 7(X))?] =2 Bp, [Z(X; D)~ (X)) - Bp, [§] + Ep, [&F].
~- ~- A S (S —

True prediction error Bias of Tl (f(]) Bias of % Constant

By Proposition 2.1, the bias of the AIPW score, I‘Eﬁ2 [éj] , 1s zero, which eliminates the second
term. Since the third term remains constant throughout the post-processing procedure, the

decomposition suggests that aligning the predictions from D; with the ATPW scores of individuals
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in D, effectively reduces the true prediction error.

The key insight from this analysis is that each time post-processing is performed by minimizing
the sum of squared residuals and assessing accuracy using the AIPW score, an independent
dataset (i.e., an honest sample) must be used —one that was not involved in constructing the
original model. This principle forms the foundation of the sample-splitting strategy embedded in

our proposed post-processing algorithm.®

2.4.4 An Algorithm for Honest Post-processing

To incorporate the honesty principle into the post-processing procedure described in 2.4.2, we
introduce two key modifications.

First, rather than using the entire dataset D for training the initial CATE model, performing
model adjustments, and determining stopping criteria, we split D into three folds, ensuring that
each task is performed on a separate fold. This prevents information leakage and mitigates the
risk of overfitting.

Second, instead of using the same data to construct ¢") and determine the optimal step size
pl"l, we decouple these two steps by reserving separate subsets of data for each. This separation
ensures that the step size is chosen independently of the specific adjustment model, preserving

the honesty of the post-processing adjustments.

Sample Splitting.

We divide D into three independent subsets: ﬁtrain, ﬁadj, and ﬁval. The first subset, f?tram,
is used exclusively to construct an initial CATE model. The second subset, 75adj, is reserved for
adjusting the initial model based on the AIPW score. Finally, an additional subset, ﬁval, is reserved
to determine whether to keep updating the current prediction model or terminate the algorithm.

This validation set is essential because repeated post-processing can result in overfitting to the

®While conceptually similar, our approach differs fundamentally from existing sample-splitting methods in causal
inference [155, 126, 180]. These methods use separate datasets to construct nuisance models (i.e., conditional mean
outcome and propensity score models) to then estimate the CATE model. In contrast, our honest approach ensures that
post-processing steps — such as adjustment model construction and step size selection —are performed on independent
datasets. This prevents overfitting to the approximation errors of AIPW scores, thereby improving generalizability. See
Appendix B.1.2 for a detailed literature review and comparison.
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approximation error of individuals in D,g4j, which compromises the model’s accuracy. Using Dy

to guide updates or termination helps ensure that the model’s performance remains robust.

Subgroup Cross-Learning

Next, we discuss how to ensure honesty when constructing the adjustment model and
determining the step size in each iteration of the gradient boosting procedure. In standard
gradient boosting methods, both steps are typically performed on the same dataset [e.g., 77, 57].
However, this can lead to overfitting, as "/ may be unintentionally chosen to align the model’s
prediction error with the approximation error of the AIPW score (the second term in Equation 2.6).

Ideally, model adjustment and step-size determination should be performed on a separate
dataset that has not been used for model construction or post-processing. However, doing this at
each iteration would require an extremely large sample, which is often impractical. Therefore, we
introduce a data-efficient strategy called Subgroup Cross-Learning. Specifically, we partition the
adjustment set ﬁadj into multiple subgroups before initiating the gradient boosting process. At
each iteration, the adjustment model is trained on one subgroup, while the step size is determined
by minimizing the squared residuals over the remaining subgroups. The CATE model is then
updated using the subgroup adjustment model and step size that yield the greatest improvement
in proxy squared residuals on a separate validation set. By ensuring that adjustment model fitting
and step-size selection are based on statistically independent subsets, this approach effectively
reduces the risk of overfitting.

The resulting procedure describes our proposed Subgroup Cross-Learning strategy:

(i) Before any post-processing, first split 75ad]- into Q groups (gjd]., g~§d]., ce QNa%].).

o ](X]-) separately for each subgroup

(ii) For each iteration r, construct an adjustment model cqr
1
gadj'

[r]

(iii) Then, determine the step size p;  for each subgroup model by minimizing the sum of

squared residuals across the rest of the adjustment data:

N N 2
p,[;] = arg min Z [?[Fl] (Xj) + Pa[;ﬂ (X)) — 'LV'J] / (27)
P jeDag\Gly
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For simplicity, we omit the notation DI in 2= (. | DI"), where the D'~! denotes the

data used to construct 7/"~1.

(iv) Identify the subgroup Q}* that provides the greatest improvement in mean squared residuals
for individuals in the validation set ﬁval. Specifically, select g* as follows:

~ Adr] = 12
7 =argmin Y 27U + 0,8 (X)) -]
gl Q) B

(v) Update the CATE model using the selected subgroup calibration model and its corresponding

[VHY](.).

step size: TV)(+) := TI=U(.) + Py Cyr

This approach ensures independence between the data used to train the adjustment model and
the data used to determine the step size, effectively reducing the risk of overfitting due to
approximation errors.

Finally, to appropriately determine the termination of the boosting process —i.e., stopping
late enough to avoid underfitting yet early enough to prevent overfitting, we employ a commonly
used early stopping method: the boosting process is terminated when no further improvement
in predictive accuracy is observed on the validation set D,y. This serves as our early stopping

criterion”:

3 {?[7_1](;(]() +P,[;J€g@()~(k) _ %ir - [%[T—” (X) — %k]z > 0.
keDyal KD

Summary.

Algorithm 1 presents the pseudo-code for the proposed method. By integrating the honesty
principle through sample splitting (separating initial CATE prediction from post-processing)
and subgroup cross-learning (separating adjustment model fitting from step-size determination),
the algorithm reduces overfitting to approximation errors and enhances the accuracy of CATE
predictions. To further enhance sample efficiency, one can apply cross-fitting [126]: swap the roles

of Dirain, ﬁadj, ﬁval, rerun Algorithm 1, and average the resulting predictions.

"Note that the threshold of improvement can also be set as a tuning parameter in the calibration algorithm. A
larger threshold implies fewer updates being performed, acting as a form of regularization for the boosting process.
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Algorithm 1 Subgroup Cross-Learning for Honest Model Calibration
Input: Qe IN, Re N

Output: Post-processed model T

Data: LDP-protected Data D = {Dirain, ﬁadj, Dyal}; True Propensity Score e(X;)

Construct the initial CATE model 7% (>~(i | ZStrain) using 25train and generate predictions for 5adj-
Derive the AIPW score {7} D and {7}, p  separately using the cross-fitting procedure.
Divide Dadl into Q subgroups (Qad] , GVE%].).

forr=1,--- ,Rdo

Calculate the proxy residual error ¥ — 7"~ (X ;) for j e ﬁadj.

forg=1,---,Qdo

(Adjustment Model Construction) Use individuals within the subgroup éjd. to construct
a machine learning model, denoted as Eg] (X;), which is trained to predict T — =X X;j)
using )~(]-.

(Step Size Determination) Determine the step size by minimizing the squared proxy

residuals across individuals in Dadj\gjdj:

r . ~|lr— r ~ 2
o)) =argmin Y, [FUX) + 07 (X)) -
jEﬁadi\gZdj

end

Pick the subgroup that leads to the smallest squared proxy residuals in the validation set:

; 2
q* = arg min Z [T[r U(Xy) —|—p[ e ](Xk) — Tk} .
qe{lr"'fQ} ke{jval

Generate new predictions for the validation set: 7% (X;) = T/ 1(X;) + p[rHr]( Xi), k € Dyal.

2
i€ Y5 [0 ~ 8]~ Sip, [FU(X0) 8] <0 then
Update the CATE model: 7l (-) = 2I—1(.) + pgjfg*]()
end
else

| Stop post-processing and return () = zI~1(.).

end

end
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2.4.5 Implementation Considerations

Our proposed solution allows for flexible model specifications and hyperparameter tuning.

Below, we provide recommendations to guide both model selection and tuning.

Subgroup Partitioning Strategy.

In the proposed algorithm, subgroup cross-learning is essential for ensuring robustness
and preventing overfitting. A key question is: What grouping strategies are most effective for
improving predictive accuracy? Our findings suggest that when sample sizes are small, forming
groups of homogeneous individuals is crucial for constructing reliable adjustment models.

There are multiple ways to achieve this objective. One effective approach is to divide individu-
als based on the quantiles of their initial CATE predictions (T!”)). This strategy is motivated by
theoretical insights from multicalibration boosting [32, 83], which suggest that minimizing error
within groups of individuals with similar predicted values can improve accuracy.

Alternatively, subgroups can be formed using clustering algorithms to partition the covariate
space based on individual characteristics or by grouping individuals according to their predicted
outcome values. In Appendix B.5.5, we compare different subgrouping strategies and find that
partitioning based on predicted CATEs yields the best performance when the experimental sample
is small. However, with larger sample sizes, the choice of subgrouping strategy has minimal effect

on overall performance.

Model Selection.

In the proposed algorithm, three model components need to be specified: the initial CATE

(0]

model, T, the nuisance models in the AIPW score, ji; and Jip, and the adjustment models in

post-processing, {c 7] }

¢ Initial CATE Model: As we show through simulations and real-world data, our proposed
solution improves predictive accuracy and treatment prioritization, regardless of the initial
CATE model. In practice, we recommend selecting the initial CATE model that achieves the
highest predictive accuracy or treatment prioritization performance before calibration, as our

analyses consistently show that such a model tends to retain its superior performance even after
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calibration. This initial selection can be efficiently implemented using the bootstrap validation

procedure described in Section 2.6.4.

¢ Nuisance Models in AIPW score: The AIPW score construction involves two nuisance models,
1 and Jip, for the conditional mean outcomes. Following [155], we recommend selecting these

models based on the highest predictive accuracy.

¢ Select the Class of Adjustment Models: In theory, any model class can be used to construct
the adjustment models. However, based on our experiments with both simulated and real-
world data, we find that simpler models (such as linear regression) often outperform more
complex ones (e.g., regression forests) in terms of both training speed and accuracy. Thus,
we recommend using simpler models to fit the adjustment models. This recommendation
aligns with the philosophy of boosting [77], which aims to improve predictive performance by

combining the outputs of multiple weak models.

Hyperparameter Tuning

Our algorithm has two primary hyperparameters: the number of subgroups (Q) and the

number of iterations (R).

* Number of Subgroups (Q): The choice for the number of subgroups presents an inherent bias-
variance trade-off. If Q is too small, the algorithm may not effectively identify those individuals
most informative for model correction, resulting in a larger bias. Conversely, if Q is too large,
the algorithm can become unstable, increasing the variance.® Overall, we recommend that each

subgroup should consist of at least 100 individuals/observations to ensure algorithm stability.

* Number of Iterations (R): Through simulation analyses, we have found that setting R = Q is
typically sufficient. The reason behind this recommendation is that the step size for subgroup
g often approaches zero when it has been previously used for updating the initial model. In
other words, once the algorithm has utilized a specific subgroup to update the predictions, the

value of updating again based on that subgroup diminishes considerably.

8This trade-off is further demonstrated using simulation in Appendix B.5.1.
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2.5 Empirical Performance: Simulation

We conduct simulation analyses for two main purposes. First, to compare the performance of
our proposed method against several benchmarks under LDP protection. Second, to evaluate how
our algorithm and competing methods perform across varying data sizes, providing insight into

their large-sample behavior.

2,51 Simulation Setup

We generate an experimental sample with a binary treatment variable (W; € {0,1}) where
the treatment assignment is completely random, with equal proportions for both treatment and

control groups. The outcome variable is generated according to the following process:

Y;(W;) = b(X;) + (W; = 0.5)T(Xi) +€;, € ~iia. N(0,5),

1.
b(Xi) = [sin(mXi1Xi2) —2(Xi1 — Xis — 05)" + XinXja + 2X75+ Xi],

1

T(Xi) = ; [2Xi1 — Xizcos(7Xia) + 05X}, — Xis —log(Xi1) (Xis —25) — 8],

where each covariate is identically and independently distributed (i.i.d.) from Uniform(0,5).

We analyze two scenarios under the data-generating process described above.” In the first,
covariates are protected by LDP, meaning only their noisy versions are observed: }N(i,p = Xip+1ip,s
where 7; , ~ Laplace(0, o) are i.i.d Laplace noises. Additionally, for each bootstrap sample, fresh
noise is injected into the true covariates of the holdout individuals to generate CATE predictions.
The second scenario assumes LDP protection for the outcome variable, so only the noisy outcome
is observed: Y;(W;) = Y;(W;) 4 7;, where 5;; ~ Laplace(0,¢). For both scenarios, we vary o to
examine the privacy-accuracy trade-off and adjust the experimental sample size to evaluate sample

efficiency.

2.5.2 Methods for Comparison

We compare the performance of our proposed solution against three alternatives, including a

baseline using a standard CATE model and two simplified versions of our approach. This com-

9In Appendix B.5.4, we present results for the setting where both covariates and outcomes are protected by LDP.
The findings are consistent with the main results reported in the paper.
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parison not only establishes the superiority of our method but also quantifies the improvements

gained from its individual components. We evaluate a total of four estimation methods:

1. Default (DerFauLT): This method constructs a CATE model using the experimental dataset D=
{Drain, ﬁadj, Dy} without any sample splitting. It represents the standard approach typically

adopted by decision-makers for CATE estimation without any additional post-processing.

2. Non-honest Post-Processing (NoN-HoONEsT): This method applies post-processing by per-
forming traditional boosting on the initial CATE model using the full dataset D, without any
sample splitting or subgroup cross-learning. Essentially, it is equivalent to existing CATE
estimation frameworks from [155] and [126], with boosting methods as the model class for

CATE modeling.

3. Post-Processing with Sample Splitting (SpLiT-ONLY): This method performs post-processing
using a separate adjustment dataset 75adj and stops when there is no improvement on a third
validation set 15%11. However, it determines the adjustment model and step size using all

individuals in 5adj without subgroup cross-learning.

4. Post-processing with Sample Splitting and Subgroup Cross-Learning (ProroseDp): This
method implements the proposed honest subgroup cross-learning approach for post-processing,

in which subgroups are formed based on the predicted values from the initial CATE model.

2.5.3 Estimation Details

This section outlines the key details of our model implementation. Additional specifications
and technical details are provided in Appendix B.5.1.

In our main analysis, we use the R-learner with regression forests [155] as the DErauLT method
as well as the initial CATE model across all approaches. The AIPW score is computed using
OLS regression with squared and interaction terms for the conditional mean outcome models,
as this specification provides the best predictive accuracy among the candidate models tested.
Similarly, the adjustment models used in post-processing are also estimated via OLS regression

with squared and interaction terms.
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For the Prorosep and SrrLiT-oNLY methods, the experimental dataset is divided into three

equal-sized folds, ensuring that cross-fitting is applied for robustness.

2.5.4 Evaluation Procedure

We evaluate model performance using B = 100 bootstrap replications and report the mean of
key metrics. First, we generate a holdout set ﬁholdout, consisting of Npojdout = 10,000 individuals,
which is not involved in any model estimation or post-processing but only used for model
evaluation across all bootstrap replications. In each replication b, we generate an experimental set
DY and use it to estimate CATE using each of the four different methods. Predictions are then
generated on the holdout set, and prediction errors are calculated for each method. Specifically,
the prediction error for individual / € 25h01d0ut is defined as err%’ = ?lb —7(X)), where ?lh denotes
the final prediction of individual / in the b-th replication. After completing this process across

B = 100 bootstrap replications, we compute the mean squared error (MSE)! for each method as

follows:

B
-~ 1 1 2
b2 | b
Bllen??| =g X — X |end]
b=1 Ze/Dhr)ldou'c

Beyond evaluating statistical accuracy, we assess the improvement in treatment prioritization
performance achieved by our proposed method when decision-makers rely on CATE models
estimated from LDP-protected data. Specifically, we assess this improvement using the Area
Under the Targeting Operating Characteristic curve (AUTOC) [211], a popular metric that gauges
a model’s ability to correctly rank individuals based on their treatment effects. Specifically, given
the predicted CATEs T(X;) for i in the holdout set, the Targeting Operating Characteristic (TOC)
is defined as the difference in treatment effects between individuals within the top ¢ x 100%

predicted CATE tier and all individuals, i.e.,

TOC(¢;7) = E[Yi(1) = Yi(0)[Fz(T) = 1—¢] - E[Yi(1) - Y;(0)], (2.8)

where F; is the cumulative distribution function of the predicted CATEs, and 7; is defined as T(X;)

when the covariates are protected by LDP and as T(X;) when the outcome is protected by LDP.

19Tn Appendix B.5.2, we also present the mean squared bias and variance for model comparison.
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Then, the AUTOC is defined as
1
AUTOC(?) = fo TOC(¢; 7)d¢. 2.9)
Note that a model T outperforms another model 7’ in identifying individuals in the top ¢ x 100%
CATE group if TOC(¢;T) > TOC(¢;7T'). Therefore, a higher AUTOC value indicates that the
CATE model more effectively identifies individuals with the greatest incremental impact from the

intervention and produces better treatment prioritization rules.!!

2.5.5 Results
Varying Privacy Level.

Figure 2.3 illustrates the MSE of different methods across a range of privacy levels (o €
{0.1,0.2,0.3,0.4,0.5} for the covariates and ¢ € {1, 2,3,4,5} for the outcome variable). Specifically,
Figure 2.3a presents the results when the covariates are protected by LDP, and Figure 2.3b depicts
the results when the outcome is protected by LDP. These results are generated using a sample of
3,000 individuals in the experimental set to estimate CATE models, and their performances are

evaluated using a holdout set of 10,000 individuals.

w w <
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> Default = Non—Honest 7+ Split-Only & Proposed > Default =7 Non—-Honest 7+ Split-Only & Proposed
(a) Scenario 1: LDP-Protected Covariates (b) Scenario 2: LDP-Protected Outcome

Note: We simulate 100 replications to compute the bootstrap mean MSE for each individual in the holdout set. We then average the
bootstrap mean over a holdout set of 10,000 individuals for each point. The results presented here are based on using R-learner with
regression forests as the initial CATE model. Results derived from different CATE models are available in Appendix B.5.6.

Figure 2.3: Mean Squared Error of Different Methods Across Varying Privacy Levels

Hn Appendix B.5.2, we evaluate the value improvement of the PRorosep method for a simple targeting rule that
assigns treatment to individuals with positive predicted CATEs.
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We identify several key patterns in the results. First, there exists reveal clear trade-offs between
privacy and accuracy: as the privacy level increases, the prediction error also increases, regardless
of the method employed. Second, the PRoroseD method consistently achieves lower prediction
errors across all privacy levels, regardless of whether LDP protection is applied to covariates or
outcomes. Third, the SpLiT-ONLY and NON-HONEST approaches do not improve the accuracy of
prediction, with their MSE even exceeding that of the DEFAULT approach. Interestingly, while
the SpLiT-ONLY approach performs similarly to the Non-HoNEsT method at lower privacy levels
(due to the smaller sample size used for the construction of 710y, it outperforms the NoN-HONEST
approach at higher privacy levels. This underscores the risk of overfitting in post-processing
without honesty, particularly under stricter privacy protection settings. Together, these findings
highlight (i) the importance of sample splitting and (ii) the value of the proposed subgroup
cross-learning method for effective model calibration.

Next, we assess the effectiveness of treatment prioritization rules derived from predicted
CATEs across different methods. Table 2.2 presents the AUTOC values, along with the proportion
of bootstrap replications (in parentheses) where each method outperforms the DEFaULT approach
across different privacy levels. The results suggests four key findings. First, consistent with
previous results, there is a clear privacy-utility trade-off, as AUTOC values decline with increasing
privacy protection. Second, the PRorosep method consistently outperforms all alternatives at
all privacy levels, demonstrating its superior ability to optimize treatment prioritization under
LDP protection. Third, the SpLiT-ONLY method improves AUTOC values compared to the DEFaULT
approach. This result suggests that if a decision-maker adopts a relative targeting rule —such
as treating individuals with the highest predicted CATEs —the SrrLiT-ONLY method enhances
targeting performance relative to the DEFAULT method. Finally, the NoN-HoNEsT method fails to
demonstrate any improvement in treatment prioritization. Collectively, these findings highlight
the importance of maintaining honesty in post-processing CATE predictions and demonstrate the

effectiveness of the PRorosep method in enhancing treatment allocation.
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Table 2.2: AUTOC Values for Different Methods Across Varying Privacy Levels

(a) Scenario 1: LDP-Protected Covariates (b) Scenario 2: LDP-Protected Outcome
o Prorosep SPLIT-ONLY NonN-HoNEsT DErAULT o Prorosep SPLIT-ONLY NonN-HoNEsT DEFAULT
0.0 2.39 (100%) 2.36 (93%) 2.34 (68%) 2.32 0 2.42 (96%) 2.39 (84%) 2.38 (71%) 2.36
0.2 2.31 (100%) 2.27 (84%) 2.25 (75%) 2.23 1 2.42 (99%) 2.37 (83%) 2.36 (76%) 2.34
0.4 2.17 (100%) 2.14 (90%) 2.11 (76%) 2.08 2 2.40 (97%) 2.37 (84%) 2.34 (63%) 2.32
0.6 1.99 (100%) 1.96 (94%) 1.90 (53%) 1.90 3 2.37 (98%) 2.32 (88%) 2.28 (68%) 2.26
0.8 1.80 (100%) 1.77 (94%) 1.71 (58%) 1.70 4 2.32 (96%) 2.29 (92%) 2.23 (61%) 222
1.0 1.61 (96%) 1.59 (92%) 1.50 (31%) 1.52 5 2.25 (98%) 2.23 (95%) 2.14 (68%) 2.13

Note: We calculate the AUTOC values from 100 simulation replications, along with the percentage of replications in which the value
of the focal method is greater than the value of the DEraULT approach (given in parentheses). The results presented here are based
on using R-learner with regression forests as the initial CATE model. Results derived from different CATE models are available in

Electronic Companion B.5.6.

Varying Sample Sizes.

Next, we compare different methods across varying sizes of experimental data (ranging from
3,000 to 60,000 individuals) while keeping the privacy levels fixed (o = 1.0 for the covariates
and ¢ = 5 for the outcome variable). Figure 2.4 presents the mean squared error of the different
methods estimated across varying sample sizes. The results highlight several key findings.

First, as expected, the MSE decreases as the sample size increases. Notably, our PROPOSED
method (represented by the red line) consistently achieves the lowest MSE across all sample sizes.
These results demonstrate the value of our proposed methods, even when the company is able
to collect a large number of samples. Secondly, when the sample size is sufficiently large, both
the SpLIT-ONLY (blue triangle line) and NoN-HONEST (green line) approaches outperform the
DerauLT approach (black line). This highlights the benefits of model calibration, particularly when
there is sufficient data to effectively inform and reduce errors. Third, the SpLIT-ONLY approach
significantly outperforms the Non-HoNEsT method when the sample size is sufficiently large.
Besides, as the sample size increases, the performance of SPLIT-ONLY converges closer to that of
PROPOSED.

Together, these results demonstrate the importance of incorporating honesty in the post-
processing procedure. First, in large samples, splitting data between initial CATE modeling
and post-processing is crucial for preventing overfitting. Second, in smaller datasets, subgroup
cross-learning plays a particularly valuable role in improving model performance by enhancing

stability and reducing variance.
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Note: We simulate 100 replications to compute the bootstrap mean MSE for each individual in the holdout set. We then average the
bootstrap mean over a holdout set of 10,000 individuals for each point. The results presented here are based on using R-learner with
regression forests as the initial CATE model. Results derived from different CATE models are available in Appendix B.5.6.

Figure 2.4: Mean Squared Error of Different Methods with Varying Sample Size

Next, Table 2.3 presents the AUTOC values for different methods across varying sample sizes.
Consistent with previous findings, the PRorosep method consistently outperforms all alternatives
in treatment prioritization, achieving the highest AUTOC values across all samples. Second,
when sample sizes are large, both the SpLiT-oNLY and NoN-HONEST methods can outperform the
DEFAULT approach, with SPLIT-ONLY achieving performance which is comparable to the PRoroseDp
specification. Together, these results highlight the benefits of well-designed sample splitting and
post-processing when data is protected by LDP, demonstrating their effectiveness compared to the

DErFAULT method even when the decision-makers have access to large experimental samples.

Table 2.3: AUTOC Values for Different Methods Across Varying Sample Sizes

(a) Scenario 1: LDP-Protected Covariates (b) Scenario 2: LDP-Protected Outcome
Sample Size Prorosep SPLIT-ONLY Non-HoNEst DerauLt Sample Size Prorosep SPLIT-ONLY Non-HoNEst DerauLt
3k 1.61 (96%) 1.59 (92%) 1.50 (32%) 152 3k 2.25 (98%) 2.23 (96%) 2.14 (68%) 213
6k 1.67 (100%) 1.66 (100%) 1.59 (70%) 1.58 6k 2.37 (100%) 2.34 (98%) 2.29 (92%) 2.25
12k 1.72 (100%) 1.71 (100%) 1.66 (90%) 1.65 12k 2.44 (100%) 2.42 (98%) 2.37 (90%) 2.34
24k 1.75 (100%) 1.74 (100%) 1.70 (95%) 1.68 24k 2.49 (100%) 2.48 (100%) 243 (100%) 240
36k 1.76 (100%) 1.75 (100%) 1.71 (100%) 170 36k 2.50 (100%) 2.49 (100%) 2.45 (100%) 243
48k 1.76 (100%) 1.76 (100%) 1.72 (100%) 1.70 48k 2.52 (100%) 2.51 (100%) 2.47 (100%) 245
60k 1.77 (100%) 1.76 (100%) 1.72 (100%) 171 60k 2.52 (100%) 2.51 (100%) 2.48 (100%) 246

Note: We calculate the AUTOC values from 100 simulation replications, along with the percentage of replications in which the value
of the focal method is greater than the value of the DEFAULT approach (given in parentheses). The results presented here are based
on using R-learner with regression forests as the initial CATE model. Results derived from different CATE models are available in

Appendix B.5.6.
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2.5.6 Robustness Checks

In Appendix B.5.6, we conduct robustness checks using alternative model classes for the
DErauLT approach and initial CATE models. We find that the PROPOSED approach consistently
outperforms regardless of the chosen model class. Additionally, we present results from other
post-processing methods, including various subgroup partitioning strategies (Appendix B.5.5) for
the PRoroseD method and alternative post-processing techniques (Appendix B.5.5). Overall, our
proposed method—using subgroups based on initial CATE predictions—consistently delivers the

best performance, with covariate-based subgrouping also yielding substantial gains.

2.6 Empirical Performance: Real-world Case Studies

We validate the proposed solution using two real-world applications that serve as established
benchmarks for CATE models [e.g., 170]. Both studies involve randomized marketing campaigns

designed to encourage customer purchases.

2.6.1 Studies Overview
Study 1: Hillstrom E-mail Campaign.

The first study uses the Hillstrom dataset, originally from the MineThatData E-Mail Analytics
and Data Mining Challenge [102]. This dataset includes 64,000 customers, who were randomly
assigned to one of three groups in an e-mail marketing experiment: a group that received an e-mail
promoting men’s merchandise, a group that received an e-mail promoting women’s merchandise,
and a control group that received no e-mail campaign. Following prior research using this
dataset [123, 54, 170], we focus on evaluating the effectiveness of the women’s merchandise e-mail
promotion compared to no e-mail at all. Our final sample consists of 42,693 customers, evenly
split between the treatment group (21,387 customers) and the control group (21,306 customers).

Further data descriptions can be found in Appendix B.6.
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Study 2: Starbucks Promotional Campaign Data.

The second study uses data from a promotional campaign conducted through the Starbucks
Rewards mobile app, made available by the Udacity Data Science Program. This dataset captures
an experiment in which a subset of customers was randomly offered a promotion (the intervention)
to encourage product purchases (the outcome variable). The dataset includes 126,184 customers
with seven anonymous pre-treatment covariates. The sample is evenly split, with 63,112 customers
in the treatment group and 63,072 in the control group. The response rates are notably low —1.68%
in the treatment group and 0.73% in the control group, resulting in an average treatment effect of

0.95%. Additional details can be found in Appendix B.7.

2.6.2 Implementation of LDP

Since these datasets are not originally protected by LDP, we simulate two scenarios imple-
menting the most common LDP methods: one where pre-treatment covariates are protected
by LDP and another where the outcome is protected by LDP. For discrete variables, we apply
the randomized response mechanism[62]. Under this mechanism, the true value is observed
with probability 1 — f, while with probability f, a random draw from all possible values (each
appearing with equal probability) is observed instead. For continuous variables, we introduce the
Laplace(o) noise. The privacy level is varied from a “Very Low” scenario (i.e., small f and o) to
a “Very High” (i.e., large f and o) scenario. Additional details about the implementation can be

found in Appendix B.6.3 and B.7.3.

2.6.3 Methods for Comparison and Estimation Details

As in Section 2.5, we compare the PRoroseD method with the DerauLT method, which
estimates the CATE model directly without post-processing, as well as the NON-HONEST and
SpLIT-ONLY methods. The model specifications closely follow those described in Section 2.5, with
the following key details.

In the main analysis, we use the R-learner with regression forests [155] as the DErauLT method
and as the initial CATE model across different approaches. The AIPW score is computed using

OLS regression for the conditional mean outcome models, as this specification provides the highest
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predictive accuracy among the candidate models tested. Similarly, the adjustment models ¢, ' used
in post-processing are also constructed via OLS regression. For detailed model specifications and

the complete set of results across different DEFAULT models, please refer to Appendix B.6 and B.7.

2.6.4 Performance Evaluation

To evaluate the performance of each method, we employ a bootstrap validation scheme similar
to that used by (author?) [9]. Specifically, we generate B = 50 random splits, each consisting
of a model construction set (70%) and a holdout set (30%). For each split, we estimate CATE
models using the four methods (Prorosep, DEFAULT, NON-HONEST and SPLIT-ONLY) using the
model construction set and predict CATEs for all individuals in the holdout set. Note that when
covariates are protected by LDP, we inject noise into both the experimental and holdout sets to
fully capture the impact of noise on model training and predictions. However, when the outcome
variable is protected by LDP, we do not inject noise into the holdout set outcomes. This ensures
that the performance metric reflects the true value improvement while reducing variance in the
evaluation.

Unlike in our simulation analyses, where the true CATE for each individual is directly
observable, real-world data lacks this ground truth. Therefore, we assess the predictive accuracy
of treatment effects by comparing the group average treatment effect (GATE) between the actual
observed outcomes and the model predictions. Specifically, we first divide the holdout set into ten
equally sized groups based on the predicted CATE rankings from a given model for a random
split. Next, we compute the GATE based on (i) the predicted CATEs and (ii) the actual outcomes
observed in the experiment. We then compute the root mean squared error (RMSE) between these
two metrics across the ten groups and average the results over 50 random splits. Additionally, we
evaluate the treatment prioritization ability of different methods by computing the AUTOC value

on the holdout set.

2.6.5 Results

Table 2.4 presents the RMSE of GATE (multiplied by 100) for different methods, along with

the percentage of random splits where the focal method achieves a lower RMSE compared to
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the DEFAULT method. The results are reported across a range of privacy levels, from “Very Low”
to “Very High”, under two scenarios: differentially-private covariates and differentially-private
outcomes.

Table 2.4: RMSE of GATE (Multiplied by 100) for Different Methods Across Varying Privacy Levels

(a) Study 1: Hillstrom Data

Privacy Scenario 1: LDP-Protected Covariates Scenario 2: LDP-Protected Outcome
Prorosep SPLIT-ONLY NoN-HoNEsT DErauLT Prorosep SPLIT-ONLY NonN-HoNEsT DErauLT
No 3.96 (100%) 3.98 (100%) 7.29 (52%) 7.29 3.96 (100%) 3.98 (100%) 7.29 (52%) 7.29
Very Low 3.14 (100%) 3.19 (100%) 5.20 (52%) 520 4.35 (100%) 4.43 (100%) 7.88 (44%) 7.86
Low 3.39 (100%) 3.43 (100%) 5.56 (46%) 5.55 4.39 (100%) 4.43 (100%) 8.18 (36%) 8.14
Medium 3.47 (100%) 3.55 (100%) 5.61 (60%) 5.62 4.92 (100%) 5.05 (100%) 8.76 (40%) 8.71
High 3.47 (100%) 3.50 (100%) 5.61 (34%) 5.56 4.99 (100%) 5.04 (100%) 8.91 (40%) 8.90
Very High 3.44 (100%) 3.48 (100%) 5.62 (42%) 5.60 5.10 (100%) 5.16 (100%) 9.33 (40%) 9.29
(b) Study 2 : Starbucks Data
. Scenario 1: LDP-Protected Covariates Scenario 2: LDP-Protected Outcome
Privacy
PrOPOSED SPLIT-ONLY NoN-HoNEsT DErauLT ProPOSED SPLIT-ONLY NonN-HoNEsT DEFauLT
No 0.71 (100%) 0.71 (100%) 1.40 (32%) 1.38 0.71 (100%) 0.71 (100%) 1.40 (32%) 1.38
Very Low 0.73 (100%) 0.74 (100%) 1.42 (33%) 141 1.59 (100%) 1.60 (100%) 2.85 (36%) 2.85
Low 0.78 (100%) 0.78 (100%) 1.44 (42%) 1.43 2.12 (100%) 2.14 (100%) 3.71 (48%) 3.71
Medium 0.80 (100%) 0.82 (100%) 1.47 (44%) 1.47 2.52 (100%) 2.52 (100%) 4.36 (48%) 4.36
High 0.84 (100%) 0.86 (100%) 1.47 (33%) 1.45 2.82 (100%) 2.84 (100%) 4.85 (36%) 4.84
Very High 0.84 (100%) 0.84 (100%) 1.42 (52%) 1.42 3.06 (100%) 3.09 (100%) 5.27 (32%) 527

Note: We calculate the RMSE from 50 random splits, along with the percentage of replications in which the value of the focal method
is greater than the value of the DEFAULT approach (given in parentheses). The results presented here are based on the use of R-learner
with regression forests as the initial CATE model. Results derived from different CATE models are available in Appendices B.6.7 and
B.7.

First, while RMSE increases with stricter privacy protection when the outcome of interest
is protected by LDP, this trend does not necessarily hold when covariates are protected. At
first glance, this may seem surprising, but it aligns with our bias-variance characterization
in Section 2.3—when covariate noise is present, the CATE model detects less heterogeneity,
resulting in more conservative CATE predictions. In fact, in the Hillstrom dataset, we observe
that the variance of predicted CATEs from the DErFAULT method shrinks by 20% under “Very
Low” covariate privacy protection compared to the no-privacy-protection case. Second, consistent
with the theoretical insights from Section 2.4 and the simulation results in Section 2.5, both the
Prorosep and SrLiT-oNLY methods improve predictive accuracy compared to the DEFAULT method,
while the NoN-HoNEsT method fails to do so.

Table 2.5 presents the AUTOC values (multiplied by 100) for different methods across a range
of privacy levels, under two scenarios: differentially-private covariates and differentially-private

outcomes. First, as privacy protection increases, AUTOC values decline, highlighting the privacy-
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utility trade-off in resource allocation for targeted interventions. Second, all post-processing
methods consistently outperform the DerFauLT method, reinforcing post-processing as a promising
framework for enhancing treatment prioritization when data is LDP-protected. Third, consistent
with previous results, both the PRorosep and SrrLiT-oNLY methods outperform the Non-HONEsT
methods, with the PRorosep method performing slightly better than the SpLiT-ONLY method.
These results provide empirical support for the importance of honesty in post-processing CATE

predictions.

Table 2.5: AUTOC Values (Multiplied by 100) for Different Methods Across Varying Privacy Levels

(a) Study 1: Hillstrom Data

Privacy Scenario 1: LDP-Protected Covariates Scenario 2: LDP-Protected Outcome
PROPOSED SPLIT-ONLY NonN-HoNEsT DEerauLt ProroseD SPLIT-ONLY Non-HoNEsT DErauLT
No 1.38 (82%) 1.36 (82%) 1.18 (60%) 1.17 1.37 (86%) 1.38 (82%) 1.18 (60%) 1.17
Very Low 1.46 (92%) 1.42 (88%) 1.17 (80%) 1.13 1.10 (76%) 1.07 (72%) 0.92 (54%) 0.91
Low 1.24 (94%) 1.23 (98%) 0.98 (82%) 0.92 1.11 (82%) 1.08 (78%) 0.90 (70%) 0.87
Medium 1.12 (90%) 1.09 (86%) 0.83 (84%) 0.76 0.99 (74%) 0.95 (68%) 0.84 (62%) 0.80
High 0.98 (92%) 0.95 (90%) 0.74 (84%) 0.69 0.97 (78%) 0.96 (66%) 0.85 (72%) 0.81
Very High 0.94 (90%) 0.91 (88%) 0.69 (84%) 0.62 0.75 (86%) 0.73 (82%) 0.56 (62%) 0.52
(b) Study 2 : Starbucks Data
. Scenario 1: LDP-Protected Covariates Scenario 2: LDP-Protected Outcome
Privacy
Prorosep SPLIT-ONLY Non-HoNEsT DEerauLT ProroseED SPLIT-ONLY Non-HoNEsT DEFauLT
No 0.45 (96%) 0.44 (96%) 0.38 (64%) 0.38 0.45 (96%) 0.44 (96%) 0.38 (64%) 0.38
Very Low 0.43 (94%) 0.42 (86%) 0.37 (84%) 0.35 0.20 (84%) 0.20 (84%) 0.16 (92%) 0.14
Low 0.33 (92%) 0.32 (78%) 0.29 (84%) 0.27 0.13 (84%) 0.13 (80%) 0.11 (100%) 0.08
Medium 0.25 (92%) 0.24 (92%) 0.21 (96%) 0.19 0.11 (88%) 0.08 (76%) 0.06 (100%) 0.04
High 0.19 (78%) 0.19 (76%) 0.18 (78%) 0.16 0.09 (76%) 0.09 (68%) 0.07 (92%) 0.05
Very High 0.19 (74%) 0.18 (74%) 0.17 (76%) 0.15 0.09 (80%) 0.09 (68%) 0.08 (92%) 0.06

Note: We calculate the AUTOC values from 50 random splits, along with the percentage of replications in which the value of the
focal method is greater than the value of the DEFAULT approach (given in parentheses). The results presented here are based on the
use of R-learner with regression forests as the initial CATE model. Results derived from different CATE models are available in
Appendixs B.6.7 and B.7.

While the performance of different post-processing methods is relatively comparable in these
scenarios — likely due to the large sample sizes in both datasets — we also evaluate a small-sample
setting, using only 10% of the data for model construction and 90% for holdout evaluation (see
Appendix B.6.5 and B.7.5). Consistent with our simulation findings, when sample size is small,
the ProroseD method significantly outperforms all other methods in both predictive accuracy
and treatment prioritization. The SpLIT-ONLY method also improves upon the DerauLT, while
the Non-HoNEsT method tends to hurt predictive accuracy (though it still offers some gains in

treatment prioritization).
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2.6.6 Robustness Checks

In Appendixs B.6.7 and B.7, we present robustness checks using alternative model classes for
the DerFaULT approach and initial CATE models. The PRoroseDp method consistently outperforms
the DEFAULT in both predictive accuracy and treatment prioritization, and generally outperforms
the SpL1T-ONLY and NoN-HONEST methods, especially in noisy or data-constrained settings. While
the SpLIT-ONLY method offers some gains, the NoN-HONEST method often provides little to no
improvement. The only minor exception is in the Starbucks dataset using the T-learner with
XGBoost models, where all methods yield similarly high AUTOC values (compared to other CATE
models).'? Nevertheless, the PRoroseDp method still achieves a substantial reduction in RMSE,
highlighting its effectiveness in refining estimates even when the initial model ranks well.

In sum, the robustness checks highlight the importance of honesty in post-processing and
demonstrate the consistent performance improvement of the PRorosep method across a variety of

model classes.

2.7 Discussion and Future Directions

Local differential privacy has gained significant attention and adoption in recent years as
a robust framework for protecting individual data while enabling large-scale data collection
and personalization. However, its impact on the precision of existing CATE models and firms’
treatment prioritization capabilities remains largely unexplored. This paper takes the first step in
investigating this issue and demonstrates —both theoretically and empirically — that the noise
introduced by LDP can substantially degrade the predictive accuracy of CATE models and hinder
effective resource prioritization. These challenges pose significant hurdles for organizations that
rely on privacy-protected data for personalized interventions.

While existing methods for correcting measurement error bias exist, they are not well-suited
for CATE prediction under LDP protection. Many rely on strict modeling assumptions that
limit their applicability, while others require additional clean data, contradicting the privacy

protection objective. To address these challenges, we propose a novel post-processing approach that

12This is likely because the best cross-validated XGBoost models in this setting are already simple and less prone to
high variance, leaving limited room for improvement in treatment prioritization.
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systematically refines CATE predictions using an unbiased CATE proxy, without compromising
privacy guarantees. Importantly, by incorporating the honesty principle into the algorithm, we
mitigate overfitting to the proxy’s approximation errors, which can be substantial under LDP
protection.

Our work has several limitations, which open up promising directions for future research. First,
while we have characterized the impact of LDP on CATE prediction and treatment prioritization,
we cannot directly observe the actual profitability loss due to constraints in our empirical data.
A systematic analysis of privacy costs—such as evaluating multiple companies” performance
metrics before and after LDP implementation — would provide more insights for policy decisions.
In addition, our study focuses narrowly on CATE prediction, whereas LDP’s impacts extend
across various marketing applications. Future research could explore its implications for other
marketing problems, such as demand estimation and product recommendations.

Second, our focus on treatment prioritization rules derived from predicted CATEs represents
only one approach to targeting. The impact of LDP on alternative targeting methodologies
and potential solutions requires further investigation. For instance, policy learning frameworks
[e.g., 133, 17] aim to learn treatment rules that optimally classify individuals based on whether
their treatment effect exceeds a specific decision threshold. In such contexts, minimizing mean-
squared prediction error becomes secondary to enhancing classification accuracy. A promising
research direction would be to modify the learning objectives within boosting procedures and
develop adjustment models using alternative loss functions —such as cross-entropy loss [144]
or expected profit loss [39] — that align more directly with policy learning objectives. Exploring
these modifications would yield valuable insights into designing robust targeting policies that
maintain effectiveness under LDP constraints while optimizing for the specific decision-making
objectives of firms.

Third, while our solution is motivated by the need for a model-agnostic and privacy-preserving
approach to correcting heterogeneous prediction errors under LDP protection, it extends more
broadly as a general framework for CATE estimation in settings where experimental data is noisy
or subject to measurement errors. Our simulations and empirical applications indicate that the
proposed method enhances predictive accuracy and improves treatment prioritization, even in

the absence of LDP noise injection—likely due to its ability to mitigate inherent noise in the data.
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However, in non-LDP settings, existing measurement error correction methodologies may also
be adaptable for improving accuracy, as they do not need to account for privacy constraints. A
comprehensive comparison between these approaches and our proposed solution is beyond the
scope of this research but presents an interesting avenue for future research.

Fourth, our approach requires learning from an unbiased AIPW score of the true CATE, which
can be obtained when the decision-maker conducts a fully randomized experiment or assigns
treatments based on a known propensity score. However, when the true propensity score is
unknown (e.g., in advertising campaigns where third-party platforms or automated bidding
systems determine ad recipients instead of the decision-maker, its estimates may become biased
due to LDP noise in the covariates. In such cases, the AIPW estimator is no longer an unbiased
signal for the true CATE, and an additional bias correction step for the propensity scores is needed
to ensure the validity of our post-processing framework. Investigating effective bias correction
methods for propensity scores in the presence of LDP-induced noise is an important direction for
future research.

Finally, while we have demonstrated that the proposed method enhances CATE predictions
through theoretical arguments, Monte Carlo simulations, and empirical examples, an important
open question remains: whether and under what conditions the true CATE function is identifiable
under LDP protection. [177] establishes formal identification results for classical error-in-variable
models with a single covariate, except for certain parametric functions. [24] highlights that
covariate measurement error can introduce bias in treatment effect estimation, particularly under
non-random treatment assignment. Future research could further explore identification conditions
of CATE under LDP constraints, develop new correction techniques, and assess their feasibility in

real-world privacy-protection settings.
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Chapter 3

Incrementality Representation Learning:
Synergizing Past Experiments for

Intervention Personalization

3.1 Introduction

Businesses are increasingly adopting personalization strategies to enhance their interactions
with customers. Targeting and tailoring have emerged as critical pillars for crafting marketing
interventions that enhance customer value. Targeting involves identifying specific customers most
likely to respond favorably to interventions and exclusively targeting them. Tailoring further
complements these efforts by modifying various design features of interventions to suit different
customers, thereby maximizing their effectiveness.

At the core of effective targeting and tailoring is a firm’s ability to accurately predict the
incremental impact of various marketing interventions on individual customers. This precision is
typically achieved through conditional average treatment effect (CATE) modeling, which estimates the

incremental impact of specific interventions on customers based on their observed characteristics.

1Coauthored with Eva Ascarza and Ayelet Israeli.
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This process traditionally consists of three stages. Initially, a randomized controlled experiment
is conducted where a variety of predefined marketing interventions are assigned to a subgroup
of customers. Subsequently, a CATE model is constructed for each intervention to predict its
incremental impact using pre-treatment customer covariates. Finally, for a new set of customers,
the intervention predicted to have the highest CATE is selected for each individual. This method
has proven effective across various marketing domains, including free trial design [216], product
experience [214], communication [64], and promotion [184, 223, 51]. Indeed, many companies have
adopted this strategy, conducting experiments for every intervention of interest and developing
CATE models to optimize targeting for each specific intervention.

However, this approach becomes impractical when interventions have many customizable
design features. For example, optimizing ten features, each with three levels, would require
testing 310 = 59,049 unique interventions in a full factorial design. In addition, each intervention
would need a large customer base for accurate CATE estimation, making such experiments
unfeasible or expensive for many organizations. This research introduces a novel approach
that enables companies to target and tailor new interventions by leveraging past experiments with
readily available data, instead of testing numerous interventions simultaneously [e.g., 65]. By
pooling knowledge from past experiments, firms can reduce the need for extensive testing and
cut costs while effectively targeting and tailoring their marketing interventions. Furthermore,
synthesizing information across multiple experiments improves CATE prediction accuracy and
targeting effectiveness, providing a significant advantage over analyzing each intervention in
isolation, which often fails to detect treatment effect heterogeneity for personalization.

Leveraging past experiments to target and tailor new interventions presents several challenges.
First, past experiments usually cover a limited range of interventions, complicating the gener-
alization of model predictions to new, untested interventions. Besides, these experiments are
typically tested on specific target populations, limiting the model’s ability to predict impact across
broader customer segments. Second, the complex interplay between high-dimensional design
features and customer covariates makes it challenging to predict and interpret heterogeneous
treatment effects across interventions, complicating decision-making when targeting and tailoring
new interventions.

To address these challenges, we propose a novel causal machine learning framework called
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Incrementality Representation Learning (IRL). By leveraging past experiments, this framework serves
as a foundation model [29] for treatment effect prediction by integrating intervention design
features and customer covariates from various experiments. This approach addresses the cold-start
problem — evaluating new interventions without prior data. Additionally, our model condenses
high-dimensional design features and customer covariates into low-dimensional representations
that are highly predictive of treatment effects across interventions. This enhances the model’s
generalization to new interventions and broadens its applicability to previously unconsidered
customer segments, even with small sample sizes and limited design space coverage.

The IRL methodology consists of two stages. First, we generate an unbiased proxy of the
CATE for each individual in each experiment using the cross-fitted doubly robust score [126].
Next, we develop a specialized deep multi-task representation learning model. This model has
two components: separate encoding networks for intervention design features and customer
characteristics, transforming high-dimensional variables into low-dimensional latent represen-
tations that capture generalizable information on treatment effect heterogeneity; and a unified
prediction network that uses these representations to predict the proxy CATE across all past
experiments. This approach allows firms to predict treatment effects for interventions that differ
from those previously tested but share similar characteristics, enabling the design and targeting
of personalized interventions without extensive factorial experiments. Both the encoding and
prediction networks are meticulously calibrated to enhance the accuracy of proxy treatment effects,
ensuring their generalizability across various interventions and customer segments. We provide
theoretical guarantees for the IRL framework and illustrate the accuracy benefits of the proposed
deep learning architecture through theoretical analysis.

We assess the effectiveness of the proposed IRL model in the context of promotional cam-
paigns for consumer packaged goods (CPG). By analyzing data from 274 experiments involving
6,884,833 customers on a leading customer engagement platform, we show that the IRL model
significantly outperforms traditional approaches, which typically generate separate models for
each intervention. Our model surpasses existing benchmarks in accurately predicting treatment
effects and optimizing targeting for both tested promotional offers on new customers within the
same target population and untested offers across different target segments. Notably, the IRL model

even outperforms state-of-the-art CATE models trained on actual data collected from experiments

87



that tested these new interventions and customer segments (data purposefully excluded when
training the IRL model). The results highlight the IRL model’s capacity to effectively predict
treatment effects by synergizing past experiments and generalizing successfully to new, untested
settings.

In addition to enhancing targeting efficiency, we provide a practical framework for more
effective intervention tailoring. We demonstrate how managers can identify critical design features
and customer covariates through cluster analyses of learned incrementality representations,
offering deeper insights into treatment effect heterogeneity compared to traditional analyses. This
approach narrows the decision space by focusing on the most important aspects for tailoring
interventions. We then introduce the Segment Incrementality Plot (SIP), which graphically illustrates
how modifying key design feature affect treatment effects across customer segments. Combining
the advantages of partial dependence [77] and individual conditional expectation plots [84], the
SIP provides clear, segment-specific insights into promotion responsiveness and effectiveness.
Our empirical analysis shows that optimal promotion design varies significantly across customer
segments based on engagement levels, highlighting opportunities to boost profitability through
tailored promotions

Our research makes three key contributions. Methodologically, we introduce a novel causal
machine learning framework that combines deep multi-task representation learning with causal
inference to predict treatment effects across different experiments, addressing cold-start and
generalization issues for untested interventions or customer segments. We provide theoretical
guarantees for the model and outline practical considerations for applying it to new interventions
or customers. Substantively, we demonstrate that leveraging data from past experiments can sig-
nificantly improve both targeting performance and tailoring capabilities, highlighting the potential
to capitalize on underutilized past data. Managerially, we streamline the design of personalized
marketing interventions with a decision-support tool that uses insights from past experiments,
enhancing business outcomes by tailoring interventions to diverse customer segments.

The remainder of the paper is organized as follows: Section 3.2 provides a review of the
literature. Section 3.3 introduces the IRL modeling framework and its theoretical foundations.
Section 3.4 describes the empirical context and the data used in our study. Section 3.5 validates the

proposed IRL method for treatment effect prediction and targeting for existing promotional offers,
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and compares its performance against common modeling alternatives. Section 3.6 demonstrates
the superior capability of the proposed IRL in targeting new interventions and customers, as
well as tailoring interventions across different customer profiles. Section 3.7 concludes with a

discussion of the findings and outlines directions for future research.

3.2 Related Literature

Our paper contributes to multiple streams of literature. First, it expands the field of marketing
customization, which focuses on predicting purchase or click probabilities and identifying optimal
offers based on behaviors without interventions [e.g., 7, 8, 216, 81, 140]. This research primarily
aims to match relevant offers with customers rather than creating incremental impact. Recent
studies have examined the causal effects of customizable components [201, 64, 51], but they often
focus on simplified decision spaces and estimate the average treatment effect (ATE) across basic
customer segments using linear models. Our research introduces a flexible machine learning
framework to estimate heterogeneous causal effects across a wide range of interventions and
customers, incorporating high-dimensional design features and customer covariates. In addition,
unlike previous research that treats intervention design as a mathematical optimization problem
[e.g., 7, 221, 222, 86], our model interpretation framework provides tools for managers to explore
complex interactions between design features and customer covariates, enhancing their ability to
understand the impact of specific design features on treatment effects.

Second, our research contributes to the evolving field of heterogeneous treatment effect
estimation and targeting. While much of the methodological research [e.g., 199, 155, 180, 126]
focuses on single experiments, our study expands these efforts to multiple interventions. Recent
literature has explored treatment effect estimation for multiple treatments [45, 51, 64, 214] within
relatively small intervention and customer spaces. [65] demonstrates the value of incorporating
contextual embeddings from large language models to predict treatment effects of untested
but similar email campaigns, using leave-one-email-out validation. Our paper extends this
literature by (i) proposing a new model that handles complex, high-dimensional design features
and customer covariates, improving generalization for untested interventions and customer

segments, (ii) demonstrating the power of synergizing past experiments to predict treatment
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effects for significantly different interventions (new product categories) and customer segments
(new demographics for interventions of interest), and (iii) characterize the practical limitations in
predicting treatment effects for novel treatments using past experiments.

Third, our work relates to the literature on the transportability of causal effects [184, 52]. This
issue arises when the target population extends beyond the experimental population, making it
challenging to identify causal effects due to the non-overlap of populations. Strategies to address
this include (i) trimming the target population to match the experimental data coverage [e.g.,
49, 161], (ii) integrating behaviors for non-treated segments from other studies with existing
experimental data [e.g., 89, 228], and (iii) extrapolating using smoothness assumptions on CATE
functions [153, 128, 166, 226, 65]. Our methodology combines the latter two strategies, exploiting
the smoothness of the CATE function to predict treatment effects for previously untested interven-
tions or customers by synergizing past experiments. We also provide a theoretical characterization
of the transportability problem using domain adaptation theories [27].

Fourth, our research adds to the literature on multi-task and transfer learning [e.g., 227, 224],
which concentrates on leveraging knowledge from diverse machine learning problems (source
tasks) to enhance performance in specific focal tasks (target tasks). While there is growing interest
in applying these methods to address business decision challenges, our contributions are distinct.
Unlike prior studies that primarily focus on non-experimental settings to predict outcomes [132,
23, 209], our framework enables firms to synergize multiple randomized controlled experiments to
predict causal effects. Furthermore, previous research constructs models individually for each of
the past experiments and integrates these models with the actual data from the focal experiment
[191]; our approach demonstrates the advantage of modeling all past experiments simultaneously,
even without conducting the focal experiment. This benefit stems from our model’s ability to directly
share information across previous experiments, enabling companies to design new interventions
without conducting an actual experiment.

Finally, this paper relates to the growing body of work on representation learning within
the context of marketing. [55] introduce a multimodal representation learning framework for
integrating diverse data types related to logos, while [80] and [35] propose extend the Word2Vec
model [148] to generate latent product representations based on co-purchasing patterns. [81]

and [35] extend these product representations into customer choice models for marketing mix
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modeling. Unlike previous work, our framework prioritizes distilling critical information related
to treatment effect heterogeneity instead of merely summarizing the original raw data (e.g., logo
images or product co-purchase matrices) into dense vectors. Therefore, we utilize supervised
representation learning, enabling our algorithm to extract the most generalizable information and

exclude idiosyncratic details.

3.3 Model

In this section, we first specify the necessary conditions for utilizing past experiments to
identify the treatment effect of a marketing intervention on a customer, taking into account both
the design features of the intervention and the customer’s covariates. We then discuss the potential
challenges of generalizing past experiments to new settings and propose the IRL method as a
solution. This approach enables companies to effectively tackle two crucial questions in designing
personalized interventions: “whom to target” (the targeting problem) and “what to offer” (the
tailoring problem) for new interventions

In line with our empirical application, we use “offers” to refer to interventions and “customers”
as the unit of analysis. However, the applicability of our framework extends beyond marketing
scenarios. It is relevant in any context where researchers or decision-makers have administered
various treatments or stimuli to diverse units or individuals and aim to either enhance the efficacy

of existing treatments or develop new ones.

3.3.1 Problem Setup

We consider a scenario where a company has already executed a series of experiments on a
variety of offers. In each of these experiments, a distinct offer 0 € {1, - -, O}, characterized by its
design features Z, € Z < RP), was tested on a representative sample (CJ) before being deployed
to the target population (C,). In the experimental sample, customers were randomly assigned to
either a treatment group that received the offer (W, ; = 1) or a control group that did not (W,; = 0).
For each participant i in CE, the company collects pre-treatment covariates X, ; € X < R”. These
covariates include both static information, such as demographics, and offer-dependent variables,

like previous purchase behaviors. We define Y,,; as the target outcome that the company aims to
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influence through offer o, such as the total spending on items promoted by the offer.

Causal Estimand

When the objective is making targeting decisions for individual offers, the target causal

estimand is typically the CATE for each specific offer. This is formally defined as follows:

To(xo,i) = IE[Yo,i(vva,i = 1) - Yo,i(wa,i = O)|Xo,i]/

where Y, ;(W,; = 1) and Y, ;(W,,; = 0) denote the potential outcomes for customer i if they were
to receive or not receive offer o, respectively. In this case, the company typically estimates O
distinct CATE models based on experimental data and formulates separate targeting strategies for
each offer.

While this estimand may be effective for targeting decisions on previously tested offers,
estimating CATEs individually does not allow companies to effectively target new offers due to
the absence of experimental data for these offers. A naive approach to address this issue might
assume a uniform CATE function across all offers and construct a CATE model using data from all
experiments. However, this approach does not account for how different design features impact
incremental effects across various customer segments. Consequently, this model falls short in its
ability to tailor offers to specific customer groups.

To effectively target and tailor new interventions, we propose using the CATE conditioned on
both the design features and customer covariates as the target estimand for personalization. This

estimand is defined as follows:
T(Zo/ Xo,i) = IECO [Yo,i(zo) - Yo,z‘(O) ’Zo/ XO,i]/ (3.1)

where Y, ;(Z,) is the potential outcome for observation i should they receive an offer with design
features Z,, and Yo,z‘<0) is the potential outcome in the absence of offer o.

By integrating data from multiple experiments, we can estimate (3.1) by leveraging variations in
design features and customer covariates. This approach offers several advantages over estimating
CATE models individually for each offer. First, analyzing design features across various offers

helps develop new marketing strategies tailored to maximize incremental gains. Second, using
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data from diverse offers and customer pools reveals treatment effects on previously ineligible
individuals, enhancing the generalizability of predictions to new customer segments. Third, it
improves targeting accuracy by considering interactions between offer designs and customer
demographics. Finally, pooling data across experiments increases the sample size, improving the

precision of treatment effect estimates.

Identification Assumptions

The ideal approach for estimating the quantity described in (3.1) would involve conducting
an experiment with a full factorial design, which randomly assigns all possible combinations of
design features across a large customer base. However, this approach poses significant operational
challenges, particularly when it requires the random allocation of many potential treatments
simultaneously — approximately one billion possible offers in our empirical application —making
it impractical for most scenarios. Therefore, our goal is to estimate (3.1) using readily available
data, specifically by leveraging experimental data from offers that have already been tested.

Since this approach does not involve direct manipulation of each offer’s design features, it is
essential to ensure that past experiments meet specific conditions to identify the target estimand
in (3.1) using data from multiple single-offer experiments. Below, we outline the assumptions

required to ensure identification based on past experiments.
Assumption 3.1 The following identification assumptions are made:

1. (OVERLAP) In each experiment 0 € 1,- - -, O, the assignment of treatment is subject to random variation,

thatis, 0 <P(W,; = 1|X,;) <1, VX,i€X, 0o=1,---,0.

2. (UNCONFOUNDEDNESS) In each experiment o € 1,---,0, the treatment assignment is free from

unobserved confounders, that is, {Y,;(Z,),Y,i(0)} L W,; | X;,Z,, VieCE, Yo=1,---,0.

3. (No INTERFERENCE) The potential outcomes for customer i in response to offer o are independent of

the presence of other offers received by customer i and offers received by other customers i', meaning that

{Yo,i(zo)/ Yo,i(o)} 1 {Wo’,i}o’;r’:o and {Yo,i(zo)/ Yo,i(o)} 1 {Wo’,i’}i’;éi, o'=1,---,0-

4. (StaBILITY) The experimental sample (including both the treatment and control groups) and the future

target population are comparable, that is, Ecr[Yoi(Zo)Xi] = Ec,[Yo,i(Zo)[Xi] and E¢e[Y,i(0)[Xi] =
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Ec,[Yo,(0)|X;] for any o€ {1,---,0},

The first and second assumptions are the standard overlap and unconfoundedness assumptions
in the literature [117]. The third assumption ensures that the behavior of one customer does not
influence another, and that individual offers do not interfere with each other. In our empirical
setting, the likelihood of offer interference is minimal because: (i) customers did not receive offers
for identical items simultaneously; (ii) the outcome variable solely captures purchases of items
promoted by the focal offer; and (iii) both treatment and control groups had an equal likelihood
of receiving other offers, due to the company’s implementation of complete randomization. The
fourth assumption ensures that the future targeting pool for an offer will behave in the same
manner as the customers included in the experiment.

Under these assumptions, the customer response function E[Y, ;(Z)|X,] is identified at Z = Z,

and at Z = 0 for customers within C,. We can express this result as:

IEieCU [Yo,i (Zo) |Xo,i] = ]Eiecg5 [Yo,i

WD,i:]-/Xoli]; onlieXo, 0:1’... ’O,
(3.2)

Eicc, [Y0,i(0)[Xo,i] = Eiccr [Yo,ilWo,i = 0,X,], YV Xpi€&y, 0=1,---,0.

This formulation implies that one can aggregate data from prior experiments and employ well-
established CATE models to estimate the treatment effect given specific design features and

customer covariates.

Interpolation and Extrapolation Challenge

It is crucial to recognize that Equation (3.2) provides a point-wise identification result, which
only guarantees the identification of the CATE for those combinations of design features and
customer covariates that have been previously observed. As such, predicting (3.1) for untested offers
and customer segments —key to our research objectives —requires some degree of interpolation
or extrapolation from the CATEs of previously tested offers.? Given the high-dimensional nature
of design features and customer covariates, it is inevitable that some combinations of offer design
and customer segments will remain unobserved, despite numerous past experiments [20].

Since the most widely-used CATE models, such as the R-learner [155] and Causal Forest

2This challenge is common in many causal inference settings, particularly when dealing with a finite experimental
sample and high-dimensional customer covariates that influence treatment effect heterogeneity [161, 101].
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[199], are primarily designed for scenarios within a single intervention and do not support the
interpolation and extrapolation of CATEs from past experiments to untested interventions, there
is a pressing need to develop a model that can effectively generalize CATE predictions to new
combinations of designs and customers. Such a model should not only predict the CATE function
for untested offers and customers using design features and covariates but also possess robust
generalization ability by learning the common structure across different offers while discarding

idiosyncratic, offer-specific patterns.

Solution Concept

To tackle this challenge, we introduce the IRL framework, which merges causal machine
learning [180, 155, 126] with multi-task representation learning [26, 28, 145, 205]. This approach
aims to accomplish two primary objectives: firstly, to derive low-dimensional representations from
design features and customer covariates that summarize generalizable information regarding
treatment effect heterogeneity across experiments; and secondly, to learn the common relationship
between these representations and the actual treatment effects across different offers using a
unified prediction model.

The proposed model architecture provides an accurate foundation model for treatment effect
predictions for three reasons. First, extracting low-dimensional common representations across
all promotional offers can often mitigate the risks associated with extrapolation in the high-
dimensional spaces of design features and customer covariates [20, 52]. Typically, modeling in
such high-dimensional decision spaces demands a significantly larger sample size to achieve
adequate coverage. However, if there is an underlying low-dimensional latent space of input
variables that effectively captures the essential information of CATE, achieving sufficient coverage
in this reduced space becomes much more feasible [21, 30].

Second, by training a single prediction model to minimize prediction errors across all experi-
ments, we ensure that IRL discards offer-specific idiosyncrasies in the relationships between the
learned representations and the true CATE. This approach enhances generalizability to untested
offers and customer segments by identifying and leveraging overarching patterns of treatment

effect heterogeneity across experiments.
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Third, the proposed IRL model enhances the accuracy of CATE predictions by increasing
statistical power through the pooling of information across experiments. Leveraging knowledge
from multiple prediction tasks consistently outperforms models trained on individual tasks alone,
as supported by both theoretical [26, 28, 145] and empirical research [191, 196, 224]. In real-world
marketing applications, estimating heterogeneous treatment effects for a single experiment can be
challenging due to small treatment effects being overshadowed by significant noise in the outcome
variable [112]. By pooling information from multiple experiments, IRL effectively increases the
effective sample size and, thus, the statistical power, enhancing prediction accuracy compared to
models that treat each experiment independently.

Next, we detail the proposed IRL model, present its theoretical foundations, and discuss

practical considerations for its application to real-world data.

3.3.2 Incrementality Representation Learning

Our proposed IRL framework consists of two stages. First, we use state-of-the-art techniques
to construct an unbiased proxy for the true CATE. Following this, we develop a deep supervised
representation learning model tasked with predicting this proxy CATE. The model employs
design features and customer covariates to generate low-dimensional representations that capture
generalizable insights about treatment effect heterogeneity. These representations are then used to

predict the proxy CATE.

Derive Unbiased Proxy for CATEs

The first step creates an unbiased proxy for the CATE corresponding to each customer and
offer. This proxy will then act as the prediction target for our deep multi-task representation
learning algorithm. The following theorem demonstrates how to derive an unbiased proxy for the

CATE defined in (3.2) using the doubly robust score [126].

Theorem 3.1 (UNBIASED SCORE FOR CATE)  Let pow(Xoi) = Ece[Yoi|Wo,i = w, Xy ] represent the
conditional expected outcome for offer o, and let 71,(X,i) = Pcr[Wo,i = 1|X,,] denote the propensity score
of being treated in experiment o. Then, under Assumption 3.1, we have the following identification result

for the doubly robust score:
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Wo,i — 7t (Xo,i)
Tl (Xo,z') [1 — Tl (Xo,i

T(Zm Xo,i) = IECE Ho (Xo,i) — Ho,0 (Xo,i) + )] [Yo,i - ,uo,W(,,,-(Xo,i)] ‘ Xo,i/ Zo}

forall X,; € X,, 0=1,---,0. Here, CE = Ule CL denotes the collection of all observations from past

experiments.

The proof of Theorem 3.1 is provided in C.2.2. Theorem 3.1 demonstrates that to predict the
CATE defined in (3.1), one can first calculate the doubly robust score for each offer, then combine
these scores across offers, and finally build a machine learning model using the design features
and covariates across offers to predict the score.

In our empirical application, we utilize cross-fitting [155] to construct the doubly robust score:

i)
~  _ [Al-] R ) Wo,i — Tl (Xo,i)
Toi = {P‘o,l (Xo,i) Mo (Xo,z):| + ﬁg_i}(xo,i)[l ~ ﬁé_i](xo,i

Yo, 60)], 633)
)] ’
where ;’ZL;] (X,,i) represents a (machine learning) model that predicts the expected outcome Y, ;
for experiment o given the treatment assignment W, ; = w and the covariates X, ;, and ﬁ([,‘i] (Xo,i)
denotes the propensity score model for experiment o, estimating the probability of receiving
the treatment based on the covariates. The superscript [—i] indicates that both the expected

outcome and the propensity score predictions for observation i are based on models trained on

data excluding that of observation i.

Deep Learning Framework for IRL

Next, we develop a deep multi-task representation learning model for CATE prediction.
This model utilizes two distinct encoding networks: ® : RP — RX for design features, where
Ki < D, and ¥ : R? — RX: for customer covariates, where K, < P. These networks convert the
high-dimensional design features and customer covariates into low-dimensional representations:
{, = ®(Z,) for design features and x,; = ¥(X,,;) for customer covariates. The primary function
of these encoding networks is to extract the most relevant and generalizable information for
predicting treatment effects across different offers. Then, the model implements a prediction
network, T : RK+K2 — R which utilizes these condensed representations to predict the doubly

robust score (as detailed in Section 3.3.2) for each observation within an experiment.
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Model Architecture. Figure 3.1 illustrates the proposed model architecture for IRL. Here, the
model first transforms the high-dimensional design features {Z, : 0 = 1,--- ,0} and customer
covariates {X,; : i € Cf, 0 = 1,---,0} into lower-dimensional representations ({, for design
features and y,; for customer covariates) through two separate deep neural networks (® for
design features and ¥ for customer covariates). Next, these representations are concatenated into

extended vectors and inputted into another deep neural network (7) to predict the proxy CATE
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Figure 3.1: Proposed Model Architecture for Incrementality Representation Learning

One key design choice in our proposed architecture is the separate construction of representations
for design features and customer covariates, instead of combining them into a single shared
representation. This approach provides two critical benefits. First, it reduces the risk of overfitting
and enhances generalization. By isolating the representations, this method prevents idiosyncratic
interactions between design features and customer covariates that are not generalizable across
offers during the representation learning process. The theoretical benefits of this approach are
detailed in C.1.3.

Second, separating design features and customer covariates into distinct representations
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enhances the model’s interpretability. As detailed in Section 3.6.2, clustering design feature
representations identifies distinct offer groups with similar treatment effect patterns and high-
lights influential design features. Similarly, clustering customer covariate representations detects
customer segments with similar responses, improving targeting strategies. In contrast, a combined
representation might obscure critical insights into how specific aspects of the offer or customer
characteristics influence treatment effects, thus complicating the analysis for managers.

Another key design aspect of the proposed model architecture is the decision to share all
parameters across the prediction network for different experiments, rather than creating offer-
specific prediction networks for each individual offer —a common approach in multi-task learning.
This decision is driven by two considerations. First, the model is designed to predict treatment
effects for untested offers, for which no experimental data exists. Offer-specific networks would
not be feasible in this scenario, as they would be unable to predict the impact of previously
untested offers. Second, from an accuracy perspective, the CATE signal T,; often exhibits
significant variance, primarily due to inverse propensity score weighting and unobserved customer
heterogeneity [112]. Constructing an accurate prediction network for each offer is challenging due
to the high level of noise and the relatively small sample sizes typical of individual experiments.
Conversely, a unified prediction network that consolidates all experiments can enhance prediction

stability by leveraging a larger training dataset.

Model Calibration. We calibrate the three neural networks — ®, ¥, and 7— simultaneously,
ensuring that ® and ¥ are optimized to capture the most salient representations for treatment
effect prediction. Specifically, we first define the architecture for each network. Following this, we
compile data from all experiments and calibrate ®, ¥, T by minimizing the squared error between
the model’s predictions and the doubly robust scores:

argmin Y Y w, [T(P(Z,), ¥(Xos)) — Tl (3.4)

Y o=1,..,0 ieCE

where w, denotes the relative importance weight assigned to each offer, which can be manually
specified or treated as tuning parameters. For simplicity, we pick w, = 1 for all offers in our

empirical application.

99



Theoretical Guarantees

In C.1, we provide theoretical guarantees for the proposed IRL framework and model archi-
tecture. First, we establish upper bounds on the prediction error for the true CATE for any IRL
model, drawing on the theoretical results from [193]. We detail how the error bound in our context
is determined by three key factors: (i) the number of offers previously tested, (ii) the sample size
of each past experiment, and (iii) the complexity of the representation and prediction models.
Next, we illustrate how our specialized deep learning architecture can improve these theoretical
upper bounds compared to traditional deep learning models. Specifically, we demonstrate the
benefits of dimension reduction in deep representation learning, the advantages of employing
distinct network structures for modeling offer and customer representations, and the benefit of
learning shared parameters in the prediction network. This theoretical foundation supports the
enhanced accuracy of our approach over conventional deep learning architectures in our empirical

applications.

3.3.3 Practical Considerations

The IRL framework is a powerful tool for leveraging insights from past experiments to improve
targeting and personalization for both existing and new offers. However, its effectiveness for
untested offers and customers hinges on the similarity between the data-generating processes
of the past experimental data and the new dataset. When managers apply models trained on
past experimental data, there are two considerations that require particular attention. First, if
past experiments lack diversity in offer design or customer covariates, a CATE model may not
generalize well to new offers or customer groups significantly different from those in previous
scenarios. Second, if customer responses to offers evolve over time or untested customers have
different sensitivities (i.e., the stability assumption in Assumption 3.1 is violated), reliance solely
on historical data may cause the CATE model to generate inaccurate predictions for new data.

To formalize this, we denote the data-generating process for Z,, X, ; in past experiments as
Dypast, with the true CATE for these offers and customers represented by Tpast. The managers aim
to predict the treatment effects for a new set of offers and customers, characterized by a different

data-generating process Dheyw for their design features and customer covariates, with their true
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CATE function expressed as Tpew. Building on classical domain adaptation theory [27], we identify
three critical factors that influence the generalization performance of any CATE model trained on

past experiment data, as outlined in the following theorem.

Theorem 3.2 (GENERALIZATION ERROR) Let T be a CATE model trained on past experiments by the

empirical risk minimization problem:

0
1
min ——— C(T(Zo, Xo,i), To,i)
L1 o) Z Z orNoi)rloi)s
o YO HcE A
where T, ; is an unbiased estimate of Toast(Zo, Xo ), £ is the squared loss function, and [#CE| denotes the

number of observations in C(’f . Also, assume that T, Tpast, 1A Tnew are bounded. Then, the expected loss for

the new offers can be bounded as follows:

ED, oy [E (?, THGW)] < IEDPast [f (?/ Tpast)} +C 5(Dpast/ Dnew) +
~— ” —_—
Prediction Error for Past Experiments Attribute Shift

min {IEDpaSt [E (Tpast/ Tnew)] ’ IEDnew [E (Tpastz Tnew)] }/

<

Concept Shift

where C is a constant, 6 (Dpast, Dhew) is the total variation distance between the two data generating

distributions, i.e., 5(Dpast) Pnew) = SUpg.p ’H)Dpast(B) —Pp,.,(B)

, and B denotes the collection of all
Borel-measurable sets applicable to Dpast and Drpew. For simplicity, (Z,,X,,;) are omitted from each

function’s notation.

The proof of Theorem 3.2 is provided in C.2.5. Theorem 3.2 identifies three critical factors
influencing the upper bound of generalization error: (i) the accuracy of the model’s predictions for
existing offers, (ii) the differences in the distribution of design features and customer covariates
between past and new offers (i.e., attribute shifts), and (iii) the disparity in the true CATE functions
between past and new offers (i.e., concept shifts). The first factor represents prediction error
when new data’s distribution and true CATE function match those of past data. The second
factor addresses challenges when new offers have design features and customer covariates that
differ significantly from past experiments. For instance, if past experiments lacked offers for
baby products but the new set includes them, this can hinder generalization. The third factor

highlights potential errors when the responses of untested customers differ significantly from those
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previously tested, such as household versus non-household customer sensitivities to promotions.

In our empirical analysis, we demonstrate that the proposed IRL model outperforms existing
methods in generalizing to previously untested offers, specifically in product categories that
had never been tested before, and to customer segments that were previously ineligible for
certain offers (see Section 3.6.1). However, the model’s ability to generalize to untested offers
or customer segments that are substantially different from those previously tested remains an
empirical question. If companies are seriously concerned about these issues, they could conduct
small-scale experiments with the new offers and customers, then apply the proposed IRL model
to this new experimental data. Alternatively, they could perform model fine-tuning to enhance

the performance of the IRL model trained on past experimental data.

3.4 Empirical Context and Data

3.4.1 Empirical Context

The dataset is provided by a leading consumer-engagement platform in North America.
Customers on this platform earn reward points by scanning their shopping receipts, which they
can then redeem for gift cards or products. The platform generates revenue by providing customer
relationship management services to CPG companies and retailers, who pay commissions for
these services. A key feature of the platform is its assistance in creating special promotional offers for
these partners, such as “buy two bottles of wine from Brand W and get 2,000 points.” These offers
are prominently displayed on the platform’s discovery page, allowing users to earn additional
points by submitting receipts that meet each offer’s requirements.

The primary goal of the platform is to boost the incremental sales of promoted products.
With numerous partners aiming to expand their customer base and increase sales through
branded promotional campaigns, the company seeks to deliver more targeted offers on the
discovery page to reduce the volume of irrelevant offers. Furthermore, since the platform’s value
proposition for partners centers on demonstrating a sales lift, it is crucial to strategically allocate
limited promotional budgets to customers most likely to generate the highest incremental sales.
Consequently, the success of the platform depends on precisely tailoring and targeting optimal

promotional offers to the audiences most likely to make additional purchases in response to these
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promotions.

3.4.2 Data Description

To demonstrate sales lift, the platform routinely conducts randomized controlled experiments
for its special promotional offers. For each offer, about 10% of eligible customers are randomly
chosen to form a control group that does not receive the offer. We analyzed 274 such experiments,
each involving different promotions conducted between October 2022 and April 2023. Each of

these promotions was tested on 10,000 to 200,000 customers.’

Offers

Each offer is characterized by several key design features: (i) the promoted product and its
category, (ii) point-earning criteria, like minimum purchases or quantities, (iii) points awarded
for fulfilling these criteria, and (iv) extra details like redemption limits or promotional tactics.
Overall, our dataset comprises fourteen design features, including six numerical and eight discrete
variables, expanding to 46 variables following dummy encoding. A summary of these features is

detailed in Table 3.1.

Customers

Our sample contains information from 6,884,833 distinct customers, each of whom was
included in at least one experiment. In total, we collect 40 pre-treatment covariates for capturing

heterogeneous customer reactions to a promotional offer. Below is an overview of each covariate

group:

1. User attributes: Customer characteristics such as gender, age, duration of membership on
the platform (measured at the time they received the offer), and whether they joined through

a referral.

3We focus exclusively on the 76% of offers that exhibit non-negative ATEs. Offers with negative effects are excluded
as they may be influenced by substantial noise or issues with execution. However, our findings remain consistent even
if we use all the offers, albeit with higher standard error in targeting performance. See C.6.2 for more details.
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Table 3.1: Summary of Offer Design Features.

Discrete Design Features

Variable

Unique Value

Top Counts

Is the offer a multi-transaction offer? 2 False: 162, True: 112
Is the offer stackable? 2 False: 33, True: 241
Criteria: Purchase from selected items 2 False: 242, True: 32
Criteria: Meet minimum quantity 2 False: 34, True: 240
Criteria: Available for club members only 2 False: 260, True: 14
Criteria: Actions for reward claim 2 Quantity: 240, Spending: 34
Promoted product category 19 Beer: 57, Personal Care: 55, Baby: 52, Wine: 31
Promotion tactic 14 Dollar_or_unit: 125, Frequency: 57, Competitive_targeting: 47
Numerical Design Features

Variable # Missing Mean S.D. Min P25 Median P75 Max
Points awarded 0 2,587 2,305 350 1000 2,000 3,500 20,000
Minimum required spending ($) to redeem the reward points 240 18.9 114 50 10.0 15.0 30.0 50.0
Minimum required quantity to redeem for the reward 34 137 0.614 1 1 1 2 4
Total number of times the offer can be redeemed 0 1.84 15 1 1 1 2 10
Maximum redemptions allowed per transaction 0 141 111 1 1 1 1 5
Duration of the promotion (in days) 0 438  30.6 5 28 31 60 176

Note: For instance, the offer “Spend $30 on selected sizes of diapers and earn 3,000 points” is characterized as a single-transaction,

non-stackable offer. It specifies the criteria as purchase from selected items along with a spending threshold for claiming the reward. The

variable “Is the offer stackable?” indicates whether a purchase related to this offer can also count towards another offer. The variable

“promotion tactics” describes the strategy behind the offer. For instance, “Dollar_or_unit” is designed to increase the dollars spent or

units purchased of specified items, while “Frequency” aims to enhance the purchase frequency of the items.

2. Non-contextual behaviors: Summaries of purchase behaviors 90 days before an experiment,

including recency (whether any receipt was uploaded 7, 30, or 60 days prior to the promo-

tion), frequency (total number of uploaded receipts), and monetary metrics (average order

value per receipt and average item count per receipt), as well as preferences for the product

categories or merchants, defined by the proportion of receipts including a specific product

category or those associated with a particular merchant.

3.  Contextual behaviors: Purchase behaviors related to the promoted items 90 days prior to

the experiment, including recency, frequency, and monetary metrics.

Experiments

In each of the 274 experiments, a specific promotional offer was tested on a target population

(i-e., the eligible customer pool).? Eligible customers of each offer were randomly divided into

4At any point in time, customers are also exposed to a handful of other promotional offers not subject to any
experimentation. The randomization process ensured that both the treated and control groups within an experiment
were exposed to comparable non-tested offers, facilitating the identification of the focal offer’s causal effect.
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Figure 3.2: Distribution of Average Covariate Value across the Eligible Customer Base

treatment and control groups, with 10% of the participants assigned as control customers. These
control customers did not receive the offer, allowing for an assessment of the promotion’s causal
impact. Detailed randomization checks are provided in C.3.1.°

The focal company tests its offers on different target populations, resulting in diverse distribu-
tions of customer covariates across offers. Figure 3.2 displays the distribution of average values for
selected covariates among the eligible customer base for each offer. For example, the top middle
figure indicates that approximately 12% of the offers target dormant customers, defined as those
who have not uploaded any receipts in the past 30 days. Meanwhile, the bottom middle figure
reveals that around 10% of the offers specifically aim at younger customers, characterized by an

average age of under 35. These patterns highlight the varying target populations for different

offers.

3.4.3 Variations in Average Treatment Effects

The primary goal of the focal company is to increase total dollar spending on promoted items

during the effective period of the offers. Therefore, this metric has been used as the outcome

5Although a small portion of customers received more than one tested offer during our observation window, we
believe that the potential interference is minimal. First, on average, only 7% of customers received multiple tested offers
simultaneously, and none of these offers promoted identical items. Second, both the treatment and control groups for
the focal offer were equally likely to receive offers other than the focal one, reducing the likelihood of offer interference.
In C.3.2, we provide empirical evidence demonstrating that the interference from multiple treatments is minimal.
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variable for estimating treatment effects throughout this research. Figure 3.3 illustrates the ATE of
each offer along with its 95% confidence interval. Using a two-tailed t-test at a 5% significance
level, we find that 43% of the offers have a statistically significant positive impact on dollar
spending on promoted products.

30

Spending per Customer ($)

0 100 200
Offer Index

Note. Each point reports the average treatment effect of a promotional offer together with its 95% confidence interval.

Figure 3.3: Average Treatment Effects of 274 Promotional Offers

In C.7.1, we further explore how variations in ATEs correlate with observable characteristics.
Overall, we find a significant positive correlation between some design features (such as reward
points) and average values of customer covariates for each experiment (such as offer-related
average order values). These results suggest the potential for the platform to utilize both design
features and customer covariates to predict the treatment effects of promotional offers across

customers.

3.5 Model Implementation and Predictive Validity

In this section, we detail the implementation of the proposed IRL model within this context

and assess its performance relative to existing benchmarks in the literature.

3.5.1 Implementation of IRL

We implement the IRL model by calculating the doubly robust score and then developing a
deep multi-task representation learning model to predict the score. (Please refer to C.4 for detailed

model specifications described in this section.)
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Doubly Robust Score Estimation

We calculate the doubly robust score as follows: For each promotional offer, we construct
separate conditional outcome models for the treatment and control groups using the 40 pre-
treatment covariates detailed in Section 3.4. We use XGBoost [37] with 10-fold cross-fitting to
generate ﬁg}i] and ﬁt[)joﬂ in Equation (3.3), ensuring that the prediction error from these models does
not introduce bias into the CATE estimation [40]. For the propensity score calculation, we use the
proportion of customers treated in each experiment, leveraging the random treatment assignment.

These predicted outcomes and propensity scores are then incorporated into Equation (3.3) to

calculate the doubly robust score for each offer.

Network Architectures and Parameter Calibration

For the encoding networks, we utilize a five-layer fully-connected neural network architecture.®
The input layers accommodate D = 46 dimensions for design features and P = 40 dimensions for
customer covariates, respectively. Each network comprises three hidden layers, each containing
10 hidden units. The output layers of the networks produce K;-dimensional and K>-dimensional
representations for design features and customer covariates, respectively. We set K; = K, = 10
because the dimensions of design features and customer covariates are similar. The Rectified
Linear Unit (ReLU) activation function (¢(x) = max(0, x)) is employed across all units. ”

For the prediction network, we also employ a five-layer fully-connected neural network
architecture. The input to this network is the concatenated representations from the design
features and customer covariates, resulting in an input layer of 20 dimensions. Each of the hidden
layers contains 10 hidden units. The network’s output layer is tasked with generating the CATE
prediction. We use the ReLU activation function for all hidden units and a linear activation

function for the final prediction.

®We also tested shallower and deeper network architectures in C.6 and found that while the predictive accuracy is
consistent across various network depths, targeting effectiveness is poorer with shallower architectures, although they
still significantly outperform individual modeling.

"We find a similar targeting performance when choosing different values of K; and K; (see C.6 for results when
choosing {10, 20, 30,40, 50} dimensions). The results indicate no significant differences in performance with varying
representation dimensions up to 40, while the performance typically drops when K; = K, = 50. We also find that
deeper neural networks tend to perform slightly better with fewer representation dimensions compared to higher
dimensions.
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We calibrate the incrementality representation network by optimizing the loss function detailed
in Equation (3.4) through the adaptive moment estimation (Adam) algorithm [131]. This method
is widely applied in deep learning for its ability in handling sparse gradients and adapting the
learning rate for each parameter, facilitating efficient and effective model training. We also utilize

mini-batch training to ensure computational efficiency and stabilize the training process.

3.5.2 Predictive Validity

To evaluate our model’s performance relative to existing methods, we first assess its ability to
accurately predict and correctly rank the treatment effects for each of the 274 offers. While this
validation step is secondary to our primary objective of informing the targeting and tailoring of
new offers, it aligns with established benchmarks in the field for evaluating different targeting
models [9, 184, 218, 104, 112]. This assessment also shows that IRL can enhance targeting policies

for existing offers on customers from the same populations.

Methods for Comparison

We evaluate the IRL model’s performance by comparing it with two types of benchmarks.

Individual CATE Models. Our first benchmark involves developing a distinct CATE model for
each promotional offer, using the doubly robust score computation method outlined in Section 3.5.1.
We then utilize a deep neural network designed to predict these scores, excluding design features
in the model since they are constant for each specific offer. This network consists of eight fully
connected layers, with a total parameter count comparable to that of the network architecture

described in Section 3.5.1.8

Joint CATE Models. Our second benchmark compares the proposed incrementality representa-
tion learning architecture to other joint CATE models trained using data from all 274 experiments.

Specifically, we implement DR-learners using data pooled from these experiments [65]. All deep

8We also evaluate other CATE models, including the DR-learner [126] and T-learner [134], with results showing
consistent performance. Details are in C.5.
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learning models employed have a parameter count comparable to our architecture detailed in

Section 3.5.1. In the main text, we consider two types of joint CATE models:’

1.  Deep DR-learner: We develop a traditional deep neural network to predict the doubly robust
score without constructing separate representations for design features and customer covariates. This
benchmark enables us to quantify the benefits of the proposed model architecture compared

to traditional deep learning models.

2. Deep DR-learner with No Design Feature: This method adopts the previous approach
but utilizes only customer covariates for the deep neural network. This model helps evaluate
the value created solely by learning across experiments, excluding the design features

information, in comparison to individual modeling.

Performance metrics

We focus on two performance metrics: predictive accuracy of treatment effects and targeting
effectiveness, both evaluated at the offer level. Predictive accuracy is crucial because managers
often depend on the predicted treatment effect to evaluate the expected profit from an offer.
Targeting effectiveness is equally important, as it informs decisions about who should receive the

offer.

Predictive Accuracy. We evaluate the accuracy of a CATE model (7) in predicting treatment
effects for each offer 0. To do this, we divide the test set of each offer into Q = 50 equally sized
groups based on their predicted CATEs. Next, we compute the average treatment effect for each
group , based on (i) the predicted CATEs, that is, 7;, = m Zie% T(Zo,X,,), and (ii) the actual

outcomes observed in the experiments, i.e.,

1 1
T, = — Y, — - Y,
g |#{z:zeqo,wo,i=1}|i%%i1 |#{zeqo,wo,i:o}|i€%%io

Finally, we compute the average root mean squared error (RMSE) across all offers, i.e., RMSE(T) =

& Yo \/Zfi:l (T, — qu)z‘

9Similar to individual modeling, we have estimated various types of CATE models using pooled data. Detailed
information on these models and the full set of results can be found in C.5.
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Targeting Performance. We assess targeting performance by analyzing each model’s ability to
distinguish between customers with high treatment effects and those with low treatment effects.
Specifically, we choose the Area Under the Targeting Operating Characteristic curve (AUTOC)
[210], a common metric that evaluate a model’s ability to correctly rank individuals based on their
treatment effects. To calculate that value, we first estimate the Targeting Operating Characteristic
(TOCQ) for offer o, which is defined as the difference in treatment effects between individuals

within the top ¢ x 100% predicted CATE tier and all individuals. That is,

TOC,(¢;T) = E [Yo;(Wo,i = 1) = Yo i(Wo,i = 0)|Fe(T(Zo, Xo,1)) = 1 — ¢] —
E [Yo,i(Wo,i = 1) = Yo,i(Wo,i = 0)],
where F; is the cumulative distribution function of the predicted CATEs. Then, the AUTOC is
defined as AUTOC,(T) = S(l) TOC,(¢; T)d¢. Note that a model T outperforms another model 7’
in identifying customers in the top ¢ x 100% CATE group if TOC,(¢;T) > TOC,(¢; 7). There-
fore, a higher AUTOC value suggests that the CATE model is more successful at identifying
customers who demonstrate the strongest sensitivity toward the intervention, leading to more

effective targeting for offer o. Finally, we compute the average AUTOC value across all the offers:

AUTOC(?) = & Y9 AUTOG, (7).

Results

We implement a bootstrap validation scheme, similar to the one described in [9], to assess the
performance of our model. Specifically, we create B = 20 pairs of training (70% of the data from
each experiment) and test splits (30% of the data from each experiment) for the 274 offers. For
each split b, we train a CATE model 7(*) using the training set and then assess its performance
(RMSE(7(")) and AUTOC(7(?))) on the corresponding test set. This procedure is replicated B
times, allowing us to calculate and report the bootstrap mean and standard deviation for key
performance metrics. Table 3.2 presents the bootstrap means and standard deviations of average
RMSE and AUTOC values for each approach, across the 274 offers.

Several findings are particularly noteworthy. First, the IRL approach (the first row) achieves
the lowest RMSE and the highest AUTOC value, demonstrating its exceptional predictive accuracy

and targeting precision. In particular, the IRL model significantly outperforms the joint doubly
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Table 3.2: Predictive Validity for 274 Tested Offers

Model RMSE AUTOC
IRL (10-dim) 7.78 (0.82) 0.77 (0.23)
Joint-DR-DNN 8.29 (1.52) 0.45 (0.20)
Joint-DR-DNN (No Design Features) 8.62 (1.11) 0.48 (0.13)
Individual-DR-DNN 8.57 (1.41) 0.05 (0.20)

Note: We calculated the mean average RMSE and AUTOC values across 274 offers over 20 splits, with standard deviations shown in
parentheses. The results demonstrate the effectiveness of models based on deep neural networks. For a complete set of results from
other CATE models, please refer to Table C.2 in C.5.

robust DNN model (listed in the second row), suggesting that its superior performance is
largely attributable to its network architecture. This supports the argument in Section 3.5.1 that
constructing separate representations for offers and customers can enhance predictive accuracy.

Second, all the joint models that leverage information across experiments (rows one to three)
outperform the method that estimates the CATE for each offer individually (the final row). Notably,
the individual CATE models exhibit a significantly higher RMSE and limited targeting ability (as
the mean AUTOC value is close to zero). This highlights the benefits of synthesizing knowledge
from multiple experiments.

Third, the deep DR-learner with design features (the second row) performs similarly to the
model without them (the third row). This suggests that the traditional deep learning architecture
may not effectively capture the generalizable patterns of design features that influence treatment

effect heterogeneity.

3.6 Application: Targeting and Tailoring New Promotions

Having demonstrated the predictive validity, we now examine how effectively the IRL model
extends its predictions to untested offers and customer segments. We also show how managers can
use the IRL model to enhance profitability through tailored offers. Specifically, we show that the
model can identify key features and covariates from learned representations, helping managers set
optimal levels of these design features for specific customer segments, thus optimizing promotional

designs and boosting profitability.
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3.6.1 Using IRL for Targeting

We explore two decision scenarios for targeting with our model. First, we assess the model’s
ability to select customer targets for new, untested offers. This evaluation seeks to determine the
model’s generalizability across different promotional designs, enabling managers to enhance the
effectiveness of new offers without prior testing. Second, we use the model to target existing offers
to new, untested customers (i.e., customers who were originally ineligible for such offers). This
exercise aims to evaluate the model’s adaptability to new customer segments, thereby enabling

managers to effectively expand the reach of existing offers.

Targeting for Untested Offers

We start by examining a scenario where the focal company aims to evaluate and make targeting
decisions for offers that have not yet been tested. As a case study, we select 55 offers related to
personal care products (one of the largest product categories in the data) as the holdout offers and
use the remaining 219 offers (none of which promoted personal care products) to train the IRL
model as well as the other joint-CATE benchmarks.!” We compare the performance of all joint
models against the traditional approach, in which the company conducts experiments for each of
the 55 holdout offers and estimates individual CATE models using the actual experimental data.

To implement bootstrap validation, we first divide the actual experimental data for these 55
offers into a 70% training set and a 30% test set for each iteration. We then use the training set to
estimate the individual CATE models and evaluate their performance on the test sets. For the IRL
and other joint models, we train using data from the 219 offers and evaluate performance on the
test set of each of the 55 holdout offers. We conduct 20 splits and report the means and standard
deviations of the key performance metrics.

Table 3.3 presents the bootstrap means and standard deviations of average RMSE and AUTOC
values for each CATE model across 55 holdout offers. Three key findings emerge. First, the pro-

posed IRL method consistently surpasses other methods in targeting performance, demonstrating

10Essentially, we are assessing whether attribute shifts and concept shifts are significant concerns in our empirical
application. Regarding concept shifts, the true CATE function for one category may differ substantially from other
categories. For attribute shifts, it is important to note that the distribution of design features and eligible customers for
the 55 offers varies from the other offers (see C.7.2 for additional details).
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superior generalization to untested interventions. Second, the three joint models (rows one to
three) significantly outperform the individual CATE models from actual experiment data (last
row), highlighting the benefits of leveraging past experiments. Third, while RMSE values are
similar across models using past experiments, the deep learning model integrating design features
and customer covariates (second row) shows poorer targeting performance (smaller AUTOC)
compared to the model excluding design features (third row). This confirms the advantage of

separating design and customer representations for better generalization.

Table 3.3: Targeting Performance for Offers Related to Personal Care Products

Model RMSE AUTOC
IRL (10-dim) 3.28 (0.56) 0.67 (0.15)
Joint-DR-DNN 3.32 (0.56) 0.31 (0.10)
Joint-DR-DNN (No Design Features) 3.62 (0.39) 0.54 (0.11)
Actual (Individual-DR-DNN) 5.44 (0.60) 0.02 (0.14)

Note: We calculated the mean average RMSE and AUTOC values across 55 holdout offers, with standard deviations shown in
parentheses. The results demonstrate the effectiveness of models based on deep neural networks. For a complete set of results from

other CATE models, please refer to Table C.3 in C.5.

Targeting for Untested Customers

Next, we investigate a scenario in which the focal company aims to predict treatment effects
and make targeting decisions for customer segments who were previously ineligible for certain
offers. As a case study, we focus on “customers over the age of 40 and offers in the wine category,”
and consider a scenario where the company had not previously targeted this demographic for
their wine-related promotions. Our IRL model uses data from past wine promotions targeted at
younger customers, combined with offers from other product categories that were tested across
various age groups, to predict the treatment effects of wine promotions on this older customer
segment.

Specifically, we use experimental samples from wine offers involving customers over the age of
40 (from both treatment and control groups) as our holdout data. This dataset includes 31 distinct
offers, comprising a total of 783,671 observations. Similar to Section 3.6.1, we apply the bootstrap

validation approach with 20 splits for performance evaluation. We first divide the holdout data

into a 70% training set and a 30% test set for each bootstrap split. Then, the training set is used to
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develop the individual CATE models, whose performance is then assessed on the test sets. For
IRL and other joint models, we use all the non-holdout data for training and then assess their
performance on the test set derived from the holdout data.

Table 3.4 shows the performance metrics of various models on the holdout data. First, the
IRL model (the first row) achieves the best results, while the joint model using a traditional deep
learning architecture (the second row) displays comparable performance. Second, models that
leverage data across experiments (rows one to three) outperform the individual CATE models for
each offer (the final row). Notably, the model that excludes design features is the least effective
among the joint models but still significantly outperforms the individual CATE models. These
findings suggest that the IRL model and (other joint models) can enhance targeting performance

on new target populations from previously tested offers by synergizing past experiments.

Table 3.4: Targeting Performance for Wine Offers on Customers with Age over 40

Model RMSE AUTOC
IRL (10-dim) 5.58 (0.77) 1.27 (0.36)
Joint-DR-DNN 5.75 (0.67) 1.16 (0.37)
Joint-DR-DNN (No Design Features) 6.27 (0.83) 0.98 (0.39)
Actual (Individual-DR-DNN) 6.65 (0.98) 0.15 (0.45)

Note: We calculated the mean average RMSE and AUTOC values using holdout data, which includes 783,671 observations from 31
distinct offers, with standard deviations shown in parentheses. The results demonstrate the effectiveness of models based on deep

neural networks. For a complete set of results from other CATE models, please refer to Table C.4 in C.5.

3.6.2 Using IRL for Tailoring

Typically, managers tailor their promotions through a two-step process: first, they create
customer segments based on observed covariates, such as category preferences or buying behaviors.
Then, they create targeted offers for each segment based on their objectives (e.g., customers who
usually make smaller purchases should receive greater discounts to incentivize them to buy more)
or prior beliefs (e.g., offers with stricter dollar requirements usually work for customers who
have made larger purchases). In this section, we demonstrate how the IRL model can provide a
data-driven approach to this decision-making process, allowing companies to tailor promotional

offers more effectively to different customer segments and enhance profitability.
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Insights from Incrementality Representations

A key feature of the IRL model is its ability to generate low-dimensional incrementality
representations for both offer features (f,) and customer covariates (x,;). We illustrate how
managers can use these representations to identify key decision factors for optimal promotion
design. Specifically, we conduct segmentation analyses of the incrementality representations,
providing insights that can further inform managers’ tailoring decisions. (The results discussed

below are derived from one bootstrap split detailed in Section 3.5.2).

Offer Design Features. By design, offers with similar incrementality representations exhibit
comparable response patterns from the same customer group (as the model generates similar
treatment effects for these offers when applied to the same customer). Consequently, managers
can utilize these representations to (i) identify which previously tested offers are effective for the
same customer and (ii) discern the key design features influencing these patterns. With this knowl-
edge, managers can concentrate on the design features that significantly impact incrementality
representations, and therefore treatment effect heterogeneity, enabling them to tailor promotions
more effectively.

To achieve this, we extract the learned representation for the design of the 274 existing offers
(denoted as ¢, following the notation in Figure 3.1). We then employ t-distributed stochastic
neighbor embedding (t-SNE) [197] to project these representations into a two-dimensional space
and use the DBSCAN algorithm [69] to identify “offer clusters” with similar incrementality
representations. Each cluster is profiled based on the design features (Z,) of the offers it contains.
For continuous features (e.g., points awarded), we calculate the cluster average; for categorical
features (e.g., product category), we identify the most frequently occurring labels within the
cluster.

Figure 3.4 displays the t-SNE map and the clusters generated using incrementality represen-
tations from the proposed IRL model. Each point on the map represents a promotional offer,
color-coded according to the clusters identified by the DBSCAN algorithm. Labels with colored
backgrounds provide key information for each cluster, including average reward points, required

quantities, required dollar amounts, and the top two promoted product categories.
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Figure 3.4 suggest that clusters based on incrementality representations provide a nuanced
perspective on offers with similar patterns of heterogeneous treatment effects. For instance,
consider the clusters related to baby and personal care products. For these categories, the incre-
mentality representations identify three distinct clusters (clusters 5, 6, and 7 in Figure 3.4). Cluster
7 is characterized by lower reward points (2,000 points) and quantity requirement (QR = 1.3),
while Clusters 5 and 6 feature higher reward points (3,000 points and 4,000 points, respectively),
differing mainly in their reward claim requirements. Specifically, Cluster 6 demands a higher
quantity requirement (QR = 1.4), whereas Cluster 5 requires purchases to meet a certain dollar

amount (DR = $33).
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Note. Each point on the map corresponds to a promotional offer, with colors indicating the clusters determined by the DBSCAN
algorithm. Labels with colored backgrounds show the average reward points (Pts, set as zero for offers requiring minimum dollar
spending), required quantities (QR), required dollar amounts (DR, set as zero for offers requiring certain product quantities), and the

top two promoted categories for each cluster.

Figure 3.4: t-SNE Maps for Learned Representations (T,)

To further understand what are driving the differences behind the incrementality representa-
tions, we conduct a statistical analysis to identify the features determining cluster membership.
Specifically, we use XGBoost to construct a multi-class classification model that predicts the
cluster membership of each offer based on its design features. Then, the ten features with the

highest variable importance are shown in Figure 3.5. The classification models show that clusters
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of incrementality representations are influenced by a diverse set of factors, with reward points
accounting for 40% of the importance, requirements making up 20%, and additional features such

as duration, product categories, and promotional tactics collectively contributing 35%.

Reward Points

Dollar Requirement

Duration

Eligible Total Uses

Tactic: Test_learn

Personal Care

Quantity Requirement
Tactic: Freuency

Tactic: Competitive Targeting
Max Redemptions

Design Feature

0.1 0.2 0.3 0.4
Variable Importance

Note: Variable importance is measured by the average gain in accuracy across all splits where the variable is utilized.

Figure 3.5: Variable Importance of Top 10 Design Features for Cluster Classification Models

For comparison, we also conduct a similar analysis with the original design features (Z,)
and present the results in C.7.3. We find that clustering offers using raw features provides less
discriminative power in separating offers (Figure C.4). In partciular, clusters based on raw design
features (Figure C.5) are overwhelmingly influenced by just two features: reward points, which

constitute 80% of the classification outcomes, and dollar requirements, which account for 17%.

Customer Covariates. We conduct a similar analysis comparing clusters from the learned
representations of customer covariates (x, ;) to those derived directly from (rescaled) customer
covariates (Xg,i).11 Given the significantly larger data size (millions of customers), we opt for
K-means clustering over density-based methods to enhance computational efficiency. In this
analysis, we choose three distinct customer segments for illustrative purposes. We perform this
analysis using both (a) the incrementality representations from the test data covariate samples!?
and (b) the rescaled covariate values (X;/i). Once the segments are established, we profile each

segment by averaging the customers’ past activities. We summarize both “general” behavior,

To prevent variables with larger scales from dominating the clustering results, we standardize all continuous
variables using the Z-score transformation.

12\ use the test data for this analysis as the subsequent section validates the treatment effect heterogeneity across
these derived customer segments using the test set.
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which includes all receipts uploaded by the customer in the 90 days prior to receiving the offer,
and “offer-related” behavior, which pertains specifically to receipts that included products from
each focal offer. Table 3.5 presents both sets of results, with segments sorted by the average total

number of receipts (first column).

Table 3.5: Summary of Covariate Segments Based on (a) Incrementality Representations (x, ;) and (b) Rescaled
Covariated Values (X; ;)

(a) Segments Based on Incrementality Representations (x, ;) (b) Segments Based on Scaled Covariate Values (X ;)
General Offer-related . General Offer-related .
- - Proportion - - Proportion
Receipts AOV Receipts AOV Receipts AOV Receipts AOV
18.8 $38 0.34 $3.8 55% 23.1 $37 0.31 $2.6 23%
73.8 $ 44 0.36 $22 40% 51.3 $51 0.39 $3.6 49%
225.7 $125 0.86 $5.2 5% 71.0 $ 48 0.40 $3.0 28%

Upon initial examination, both approaches appear to categorize customers based on their
engagement level with the platform, as indicated by the disparities in the number of receipts
shown in the first column of Tables 3.5a and 3.5b). However, segmentation via incrementality
representations uncovers more nuanced distinctions. Notably, Table3.5a shows a broader spread in
the total number of receipts compared to Table 3.5b, suggesting that incrementality representations
offer a stronger discriminative power. Furthermore, the incrementality representations distinguish
customers by average order value (AOV), as detailed in the second column of Tables 3.5a. In
contrast, segmentation based on rescaled covariate values fails to differentiate customers by
AOV, as illustrated in the second column of Table 3.5b. This distinction is important, given that
customers with higher AOVs are more likely to meet quantity or spending requirements, making
AOQOV a critical factor in influencing treatment effects (as illustrated in Section 3.6.2 below).

Moreover, segments derived from incrementality representations display distinct variations
in offer-related behaviors, as detailed in columns 3 and 4 of Table 3.5a. This contrasts sharply to
segments based on original covariate values, which show no significant differences in uploaded

receipts for promoted items, as observed in columns 3 and 4 of Table 3.5b.

Assessing Treatment Effect Heterogeneity

So far, our cluster analysis has shown that incrementality representations capture more

nuanced variations in design features and customer covariates. We now focus on illustrating how

118



treatment effect heterogeneity varies across the offer clusters and customer segments identified by the
incrementality representations. To achieve this, we label each observation in the test data with its
corresponding offer cluster from Figure 3.4 and engagement segment from Table 3.5a. We then
calculate the group average treatment effect (GATE) for each combination of offer cluster and
engagement segment, using the actual outcomes from the test data.

Figure 3.6 shows the GATEs for three clusters associated with “baby and personal care”
products across three engagement segments, illustrating distinct treatment effect patterns among
different segments. First, the medium and high engagement segments generally display higher
incremental spending than the low engagement segment, except in scenarios with relatively low
reward points (Cluster 7), where the GATEs show no significant differences across engagement
levels. Second, increasing the reward points or requirements leads to significant differences
among customer segments. For the medium and high engagement segments, higher points or
requirements (Clusters 5 and 6) enhance the treatment effect, whereas they result in less effective
offers for low engagement customers. Finally, dollar requirements prove more effective than

quantity requirements for medium and high engagement segments, as demonstrated by higher

treatment effects for offers in Cluster 5 compared to those in Cluster 6.
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2k Pts, QR=1.3 4k Pts, QR=1.4 3k Pts, DR=$33
Offer Representation Cluster

& Low Egmt. @ Medium Egmt. @ High Egmt.

Note: Each point reports the group average treatment effect together with two-standard-error interval. The offer representation clusters

align with those outlined in Figure 3.4, and the engagement segments correspond to those outlined in Table3.5a.

Figure 3.6: Treatment Effects by Offer Clusters and Customer Segments Derived from Incrementality Representations
(go' Xo,i)

In summary, the analysis demonstrates that clustering offers and customers based on their

incrementality representations from the IRL model uncovers meaningful patterns related to design
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features, customer behaviors, and treatment effects, which are not as evident when using the
original features and covariates. By segmenting samples based on the key variables identified
through these incrementality representations, companies can more effectively detect variations in

treatment effects and identify key design features and customer segments driving such variations.'®

Tailoring Promotions Using Segment Incrementality Plots

Building on our analysis, we identified two critical design features —reward points and dollar
requirements — that influence treatment effect heterogeneity across three customer segments.
In this section, we develop an interpretable machine learning tool for the IRL model, enabling
managers to tailor promotions to maximize predicted profitability rather than relying on business
intuition.

Suppose a manager is considering a specific offer, like a “30-day, one-time-use baby product
offer that can be combined with other offers,” but is unsure about the optimal reward points
and required dollar amount due to varied customer responses. We recommend using a post-hoc
model interpretation method. By leveraging predictions from the IRL model, this approach can
determine the optimal reward points and dollar requirements for different customer segments,
tailoring the offer to maximize effectiveness.

Specifically, we introduce a model visualization framework named the Segment Incrementality
Plot (SIP). This plot is created by calculating the predicted treatment effects for different customer
segments using the IRL model, considering variations in reward points and dollar requirements
for the offer. We then calculate the predicted incremental profits across segments based on these

treatment effects. The construction of the SIP involves the following steps:

1. Randomly sample covariate observations from pre-defined customer segments for computa-
tional efficiency. Here, we use the low, medium, and high engagement segments identified

in Table 3.5a for illustration (denoted as Spow, SMedium, and Shigh)-

2. Create hypothetical offers with a range of reward points {Zﬁg‘f) t} and dollar requirements

{zdollar yhile keeping all other design features constant (Zyey)-

13For comparison, an analysis for clusters based on original design features and scaled customer covariates is
detailed in C.7.4. The results show minimal significant differences across defined clusters and segments. In contrast, as
depicted in Figure 3.6, incrementality representations more effectively elucidate treatment effect heterogeneity.
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3. Compute predicted treatment effects for every combination of zﬁ;’i;‘ # zgg&&ar and X, ; within

N ey int 2 -
SLow, SMedium, SHigh, that is, T (<I>(Z§§éé‘ , Z3ohar, Znew),‘l’(xo,z‘)) :

4. Calculate the average predicted treatment effect for each combination of Zﬁgvi? Y Zﬁg&? “and

each segment (i.e., the segment incrementality):

. 1 /a . o N
SI(ZES‘%&, Zgg£ar’ 8()) = m Z T (¢(Z£g‘t\1}t’ Zlcllg‘%\llarl ZneW); T<X0,Z)> .
ViES

5. Calculate the predicted incremental profits of the new offer on each customer using

SI(ZES&? t zdollar Sey)- 14 Then, visualize P1‘ofit(ZE§ij,1 t zdollar S(.)) for each segment.

new 7/ new 7/

The SIP offers significant advantages as a decision support tool. First, unlike partial dependence
plots [77], which average effects across all customers, the SIP allows for the identification of
differential interactions between customer engagement levels and offer design features. Second,
in contrast to individual conditional expectation plots [84], which focus on predictions for each
individual, the SIP provides insights at the segment level. This facilitates the interpretation of
results by illustrating how different segments respond to various promotional strategies. Third,
the SIP works for any predefined customer segments. Therefore, managers can apply the SIP to
segments from any method and evaluate whether treatment effect heterogeneity exists for those
segments based on the SIP.

We now illustrate how to apply the SIP to tailor promotional offers for customer segments
identified using incrementality representations. Figure 3.7 shows the SIP of profitability for a baby
product offer, generated using the IRL model, where reward points range from 200 to 4000 and the
dollar requirement ranges from $1.5 to $30. The blue zones in the plots indicate profitable regions,
which differ across customer segments. (We also present the SIP of the predicted treatment effects
in C.7.5.)

The SIP suggests that for the high-engagement segment (right-most figure), higher dollar

l4Gince profitability data were not directly available from the focal company, we employ the following formula
as a proxy for profit: Profit(ZﬁgVi\r,lt, zdollar, Sy) = SI(ZﬁgVi\I,]t, zﬂg&éﬁr,sm) x Avg. Rev. — ZPOMt o Cost per Point x
Reward Claim Rate(S.)), where Avg. Rev. represents the average revenue from one dollar of incremental purchase,
Cost per Point indicates the actual dollar cost associated with each reward point, and Reward Claim Rate(S|.)) reflects
the segment-specific reward claim rates, which are derived from previously observed reward claim behaviors across
each engagement segment.
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requirements significantly increases the predicted incremental profit. These customers are more
tolerant of higher spending thresholds, making offers with substantial rewards more profitable. In
contrast, designing promotions for low- and medium-engagement customers requires a nuanced
approach. Offers with substantial rewards and small spending requirements are often unprofitable
for these groups, as the additional spending does not offset the promotional costs. Additionally,
moderate rewards with high spending requirements tend to attract only low-value "cherry pickers,"

further diminishing profits in these segments.
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(O]
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o
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5 Predicted Profit
x 20
3 Wos
a 0.4
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0
0 1000 2000 3000 4000 O 1000 2000 3000 4000 O 1000 2000 3000 4000
Reward Points

Note: We set the reward points within the range of {200, - - - ,4000} and the dollar requirement within {$1.5, - - - , $30}.

Figure 3.7: Segment Incrementality Plot of Profitability for the Focal Offer Design

Combining the results from the three figures, it becomes clear that optimal offer designs vary
across segments: For the low-engagement segment, an offer of 1,600 points with a minimum
$9 purchase yields a modest profit of $0.11 per customer. In the medium-engagement segment,
3,000 points with a minimum $16.5 purchase generates $0.30 profit per customer, while in the
high-engagement segment, 4,000 points with a minimum $30 purchase results in $1.15 profit
per customer. It is crucial to note that applying the strategy designed for the high-engagement
segment to the lower segments would not only fail to generate profit but would actually incur
losses of about $0.02 per customer. This underscores the importance of tailoring promotional
offers to distinct customer segments to achieve optimal profit outcomes.

In conclusion, the discriminative power of the incrementality representations offers a nuanced
understanding of how to optimize promotional personalization for diverse customer populations.

These insights not only help understand treatment effect heterogeneity but also boost profitability
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by navigating the complexities of promotional design. By leveraging these decision-support
tools, marketers can implement tailored strategies that ensure each customer segment receives an

optimized offer, effectively aligning marketing efforts with individual preferences and behaviors.

3.7 Conclusion and Future Directions

In pursuit of personalization, companies aim to target and tailor marketing interventions to
maximize incremental value. Traditional experimental approaches are limited by the capacity
to test only a few interventions within specific segments. To overcome this, we introduce
the IRL framework. This approach leverages data from past experiments to target and tailor
personalized interventions more effectively. By extracting low-dimensional representations that
capture generalizable patterns in treatment effect heterogeneity, the IRL framework accurately
predicts CATEs for tested interventions and generalizes to new, untested interventions and
customer segments. This method helps companies address key personalization challenges, such
as tailoring interventions for specific segments to maximize impact and identifying responsive
segments for new interventions.

We demonstrate the superior performance of the IRL model over traditional methods through
its application to CPG promotional campaigns. By synergizing past experiments, the IRL method
not only enhances the accuracy of treatment effect predictions and targeting effectiveness for
previously tested interventions but also adeptly extends to untested interventions or segments.
Essentially, the IRL model addresses two major challenges in personalizing interventions: manag-
ing the complexity of a high-dimensional decision space and overcoming the cold-start problem
for untested interventions. Through this empirical application, we also show how firms can
use the learned representations to identify critical design features and customer characteristics
that significantly influence the effectiveness of promotions. Furthermore, we introduce a model
interpretation tool that assists companies in designing optimally tailored promotions for various
customer segments, further enhancing the practical utility of the IRL framework.

While our research provides a valuable tool for researchers and managers to design person-
alized interventions, it also presents several limitations that open avenues for future research.

First, a practical concern identified in Theorem 3.2 is managing both attribute shift and concept shift,
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which can undermine the accuracy of our IRL model when applied to untested interventions or
customer segments that deviate from historical data. To mitigate these issues, one can apply active
learning techniques [e.g., 119, 192] and target new data collection efforts toward offers or cus-
tomer segments with high uncertainty in their CATE predictions, thereby enhancing the model’s
generalization capabilities. Furthermore, model fine-tuning strategies in transfer learning [e.g.,
5, 182] could be employed to refine predictions based on newly collected, small-scale experiments,
ensuring the model’s continued accuracy in dynamic environments.

Second, beyond improving generalizability through new data collection, future research could
also investigate optimal strategies for determining which interventions should and should not be
learned together, and what information should be transferred between them. Negative transfer
can occur when interventions that elicit markedly different responses from the same customers
are combined in learning processes [203]; in such cases, learning from individual experiments may
outperform learning across multiple experiments. The existing literature [e.g., 215, 118] provides
potential strategies to mitigate this issue by specifying (a) which parameters should be shared
across experiments, and (b) which features or covariates should be used for experiment, and to
what extent this should be transferred. Integrating these approaches into our IRL model could
further improve its accuracy and targeting effectiveness.

Third, while we provide a flexible tool for managers to interpret model behaviors, it currently
supports only post-hoc exploration of model predictions at the segment level. Future research
could investigate the application of various explainable machine learning tools to enable managers
to better understand treatment effect heterogeneity. For instance, one could assess how different
design features and customer covariates most significantly contribute to the treatment effect using
frameworks such as feature attribution [e.g., 167, 142] or counterfactual explanation [e.g., 160, 4],
thereby providing deeper insights into the behaviors of the IRL model.

Finally, while we have shown the benefits of synergizing experiments in a promotional setting,
exploring this approach’s applicability across various marketing applications could be highly
valuable. For instance, an e-commerce company could use insights from email or push notification
experiments to gauge customer responsiveness to promotional offers. Additionally, responses to
different product recommendation algorithms could help better predict the treatment effects of

various email communications and tailor them more effectively. Investigating the effectiveness
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of our framework in diverse contexts could reveal broader implications for when and how
personalized marketing strategies can significantly benefit from integrated experimental insights.
We hope that these limitations inspire further research on synergizing experiments and

incrementality representation learning.
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Appendix A
Appendix to Chapter 1

A.1 Proofs

In this appendix we present the proofs of the theoretical results presented in the main

document.

A.1.1 Positive Serial Correlation of Unexplained Variations Due to Attrition

We first prove the positive serial correlation property in Section 1.3.1. To recap, the unexplained
variation for period t can be written as €7, = 1 [i remains active at ¢] 7, — 1 [i has churned at ¢] -

E[S; :(W;)|Xi]. Note that for t; < t,, we have

E[e,e8,] = 0 (WX)E [, | B [n,] +

If alive in both #; and #,
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_/

-~
If alive in t; but churned in t;
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If churned in #;

Besides, we have
E ¢, | B |ef,] = {00 (WIXODE |75, | = [1— 01, (WiIX0)] E [0, (Wi)IXi] |

{6 (WX |15, — [1— 6 (WiX)] B [0, (W)IX] }

141



Combining this two terms, we can derive the covariance:
Cov [e?/tl,e?,tz} = [eﬁtlsitz} —E [eitl} E [sﬁtz]
= [1— 61, (WiX)] {E [S55, (W) X] + I [, ] } 0 (WiXo) {IE [0, (W) Xi] + B [15,,] } > 0.

since every term in the above equation is larger than zero.

A.1.2 Proof for Theorem 1
Class of CATE Estimation.

We start by describe the class of CATE estimators we consider here in the theoretical analysis.

Assumption A.1 (Class of CATE Estimator) For a given individual with covariates Xnew, the predicted

CATE T (Xnew|D°, DY, D™) can be expressed as the difference between two (adjusted) outcome estimators,

11 and 1i', in the following form:
Y (Xnew) = Z Z?}(xneﬂpé)[yi —m” (X;|D™)],

ieZo:Wi=w
where 1° denotes the set of individuals used to impute the two outcome predictions, Dl = {x oyt we }
represents the data used to construct the weight function Zf"(xneW]De), and D" = {X™, Y™, W™} is the
data used to determine the adjustment function m™ (X;|D™). We also denote D° = {X°, Y°, W°} as the
experiment data of individuals in Z,,, Furthermore, we assume that the estimation process of the CATE

model satisfy the following conditions:
1. (Honest Estimation) The weight function for individual j is independent of Y; given X;, Vj € Z°.

2. (Cross Fitting) The adjustment function for individual j is either zero or constructed from the dataset

D™ that is independent of (X;,Y;).

For the theoretical analysis, we also assume that adjustment function, m® (x|D™), can be written as
m® (Xi|D™) = Yjepn Sj(x)Yj, where S; is (i) independent of any outcome information or (ii) can be
represented as the weight of a potential n-nearest-neighbors estimator as described in Definition 7 in [199].
Note that (i) includes methods such as kernel regression, while (ii) is specifically relevant for tree-based

methods like Causal Forest.
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Next, we show that the class of CATE estimators include a wide variety of commonly-used

CATE models, such as S-learner, T-learner, Causal Forest, and R-learner.
Proposition A.1 The following CATE estimators belong to the class described in Assumption A.1:

1. S-learners and T-learners [134] with the outcome models being OLS regressions, ridge regressions,

k-nearest neighbors, or random forests with honest estimation.

2. R-learners [155] with the CATE predictor and the first-stage conditional mean model being OLS

regressions, ridge regressions, k-nearest neighbors, or random forests with honest estimation .
3. Causal Forest with honest estimation.

Proof: Let D = {(X;, W;, Y;)}¥ | be the training set for CATE prediction.
1. S-learners and T-learners:

We provide a proof for S-learners using (a) high-dimensional ridge regression (the proof for
OLS estimators is similar), (b) k-nearest neighbors, and (c) random forests with honest estimation
as the outcome model. We omit the proofs for T-learner as they are similar to the proofs for
S-learner.

(a) High-dimensional Ridge Regression:

Consider the ridge regression model Y; = ¢(X;, W;)'B + ¢;, where ¢(X;,W;) is a high-
dimensional feature transformation function used to construct a ridge regression estimator.
Let ® = [¢p(X1, W1) - - ¢(Xn, Wn )]’ denote the feature matrix. Then, the closed-form solution

of the ridge coefficient with regularization term A can be written as:
B=(®D+AI) 'Dy.

Denote p; be the i-th row of the matrix (®'® + Al )_1<I>’ . Then, the predicted CATE for Xnew

can be written as

i—\Y(xnew) = Z [(P(XneWI 1) - 4)(XHEWI 0)],PiYi

ieD

= 2 [4)(Xnewr 1) - (P(XneWI O)]/ P} Yi - 2 [4)(Xnew/ 0) - (P(Xnew, 1)]/ | i Yi~
ieD: Wi=1 — ieD: W,=0 ~
Z11 (Xnew|lDé/) @(X"ewllDZ)

1
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Note that this formulation satisfies Assumption A.1 with D° = D’ = D and % (X;|D") = 0.
Specefically, the honest estimation assumption is satisfied since p; only depends on the covariates
of customer i.

(b) k-nearest neighbors:

Let Ni(xnew, w) represent the set of the k-nearest neighboring customers in the training set for
the new customer with covariates and treatment assignment (xnew, w) Then, we can express the

predicted CATE as:

~ Y; Y;
TY(Xnew) = Z ?Z - ?Z
X,‘ENk(Xnew,l) XieNk(xnew,O)
o Z ]l[XZ € Nk(XDEW/l)] — ]l[XZ € Nk(xnew, 0)] Yo—
- 1
ieD: lel Z{(

/g}(xnew|D£)

Z ]l[Xi € Nk(xnew,O)] — IL[Xi € Nk(xnew, 1)]

. k
ieD: W;=0 - ~

2 (Xnew| DY)

Y,.

Since the weight only depends on the covariates of customer i, it satisfies Assumption A.1 with
D° = D! = D and #®(X;|D™) = 0.

(c) Random Forest with Honest Estimation:

Let Di’ , Dg be the divided samples for the b-th tree (b =1, - - , B), where Dil’ is used to construct
the regression tree and D} is used to generate predictions. Define L”(xnew, W) be the leaf in the

b-th tree to which customer (Xpew, W) belongs. Using this notation, we can express the predicted

CATE as follows:

1[X; € L?(Xnew, 1), i€ D3] 1[X; € LY (Xnew,0), i € DY) v
{ie D5 : X;€ Lo(xnew, 1)} [{i€ DY: X; € LY (xnew,0)}] |

~—

Zl (Xnew )

( 1[X; € L” (xnew, 1), i€ DY 1[X; € LY (xnew,0), i € DY) ) v
-

1[X; € LY (xnew,0), i€ DY 1[X; € LY (xpew, 1), i € DY) ) v
1

g

Z? (xnew)

Note that the weight function is independent of Y; due to the honest estimation. Therefore, the
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above formulation satisfies Assumption A.1
2. R-learners:

We only present the scenario where high-dimensional ridge regression is used in the second-
stage estimation, as the derivations for k-nearest neighbors and random forests with honest
estimation are similar, using the weights derived in 1.(b) and 1.(c).

(=) _

, D,Sain be the sample splits of the training set. Define D, ;, = U, jpy D] . as

train

Let DL

train’/ "~ "’
. . . . ~p(=i)

the training set that excludes the subsample that includes the i-th sample. Also, denote ¢Pwin (X;)

(for propensity scores) and P (Xi) (for conditional means) as the nuisance models trained

(=)

train- LNeN, the Robinson’s transformation for each customer is

using the data set D
_ Y — Phan (X;)
L W; — ?Df(f;g(xi)'
Now, consider the ridge regression model 7; = ¢(x;)' B + €, where ¢(x) is the high-dimensional
feature transformation function. Let ® = [¢(x1) -+ ¢(xn)]’ be the feature matrix. Then, the

closed-form solution for the ridge coefficient is
B=(®®+A)'®'7.

Denote p; be the i-th row of the matrix (®'® + AI)~'®’. Then, the predicted CATE for Xnew
can be written as

-_n?D'Er;ig ;
By (Xnew) = Y, ¢(Xnew)'Pi <Y(>(X)>

i€D W;—&"tmain (X;)
) _p(=i) ) )
= Z (W) [YZ _ thrailn (Xl)] — Z <‘PE;1’1(8WZ))IPZ> [Yl _ thrain (XZ)].
iED:W,'Zl 1—e trai“(Xz’) W iED:W[ZO 1—e train(Xi)
?ll (Xnew) Z? (xnew)

Note that ZW’ (Xnew) is independent of Y; as it only depends on the covariate information. Also,
(=)

ain- Lherefore, it satisfies

m®(X;) is independent of Y; and ZN’ (Xnew) as it is estimated using D
Assumption A.1.
3. Causal Forest:

Let D’f , Dg be the divided samples for the b-th tree (b =1, - - , B), where D%’ is used to construct

the causal tree and D} is used to generate predictions. Define L’ (xnew be the leaf in the b-th tree
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to which customer (xnew, W) belongs. Using this notation, we can express the predicted CATE as

follows:

-

|{zeDb X; € L (Xnew) }| |{zeDb X; eLb(xneW)}|

~"

B b . o B )
1 1[X; € L” (Xnew), i € D3] 1 11X; € LY (Xpew), i € D3]
2 gz DY gZ

iEDZWI‘:U

Zl (xnew) E? (xnew)

Note that Z}’V’ (Xnew) is independent of Y; due to the honest estimation procedure in Causal Forest.

Therefore, it satisfies Assumption A.1.

Proof for Theorem 1.1.

Let EYT = Y;r — E[Y;7(W;)|X;] be the variations in Y;r that cannot be explained by X; and W;,
and denote 0> = Var|e YT]

Since the experiment data are i.i.d. samples, the variance of the predicted CATEs can be
written as

Var [‘EYT(xnew) ‘{Xi, Wi}fil] = Z Var{ ! (Xnew | DY) i — it (X;| D™) ‘{Xi, WY, } +
ieZ%:W;=1

Z Var{ i xnew|D lT_ O<Xi|Dm)’{xilwi}iZil}

i€Z0:W;=0
= Z Var{ ! (Xnew | DY) rﬁl(Xi|Dm)} +
ieTo:W;=1
Z Var {Zio(xnewﬂ)e) [s?T — n?O(XZ-|D’”)}
iEIoZWiIO

since E[Y; 7(W;)|X;] is a constant given (X;, W;).

For each individual i, we can write its variance as

Var{f}’ (xnew|D") [} — % (X;|D™])}
= E{ [0 (xoew| D)2} (Varle™ — (X[ D™)]) + Var(Z} (xnew D) E? €] — i (X[ D™)]
—E {[z (Xnew| DY)]? } (02 + Var[fi® (X;|D™)]) + Var[l* (xnew|D")] {02 + E2[% (X;|D™)] } .

Now, our goal is to bound the variance by showing:
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1. the variance of % (X;|D™) = ©(c?), where © is the asymptotic notation!,
2. the expectation of the adjustment function IE? [#®(X;|D™)] do not scale with ¢2, and

3. E {[Z?’(xnewﬂ)g)]z} and Var[(* (xnew|D")] do not scale with 2.

Proof for (a): To show (a), note that the variance of the adjustment function can be written as:

Var[m® (X;|D™)] Z Var[S Y1)

jeDm
— Z Var {S;(X;)E[Y;7|X;]} + Z Var[ (X) ]YT}
jeDm jeDm

= Z Var {S](Xl)]E[Y],T’X]]} +0’2 Z {Var [S](Xl)] + ]EZ [S](Xl)] } .
jepr jeDm

= =G,

The last equation hold because Var[XY] = Var|X|Var[Y] + Var[Y]E?[X] + Var[X]E?[Y].

Now, our goal is to show that C; and C, do not scale with ¢2. In the case when $;(X;) is
independent of the outcome (and therefore syT), S;(X;) does not depend on 02 by construction.
Therefore, C; and C, do not scale with ¢2. If 7 is a potential n-nearest-neighbors estimator, by the

fact from the discussion of Lemma 4 in [199], we have

1 1

2= o] = VS

"= 1)D"| and 0 <E[S;(X;)] <

In this case, C; and C; do not scale with ¢%. Therefore, we can conclude that Var[#® (X;|D™)] =

O(c?).
Proof for (b): If the weight of 1 only depends on covariates, the expectation can be written as

E[m® (X;|D™)] = Y} EIS;(X)Y,r(W))] = Y] E[S;(X)]E[Y;r(W))IX;].

jeDm jeDm

Therefore, E[#%(X;|D™)] do not depend on ¢?.

IThe definition of @-function is as follows: a function f(0?) = ©(c?) if there exists 0'3 and Cq,C; such that
C10? < f(0%) < Co0? for any o2 > op.
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If 71 is a potential n-nearest-neighbors estimator, since 0 < 5;(X;) < 1, we have
— YT IEY;r(W)[Xj]| < E[@“(X;[D™)] < > [E[Y;r(W))IX)]].
jeDm jeDm
Since the upper bound and lower bound of E [ (X;|D™)] do not depend on ¢2, we can conclude

that [E? [#® (X;|D™)] do not scale with ¢2.

Proof for (c): When the weight function only depends on the covariate information (e.g., CATE
models in Proposition A.1 other than Causal Forest and R-learner with the honest random forest
estimator in the second stage), ?f”(xnewmg) do not scale with o2 by nature.

When the weight can be viewed as a potential n-nearest neighbors weight (e.g., Causal Forest

and R-learner with the honest random forest estimator in the second stage), we have

1

1 Jw
< Var[0¥ (xnew|D")] S (n—1)|DY|

7 ¢
2(n— 1D ~ and 0 < E[fY (xoew|D")] < 7.

D]
As a result, E {[?f" (xneW|D€)]2} and Var [Z?’(xnew|Dé )] do not scale with 2.
A.1.3 Proof for Corollary 1.1

First, consider the case when the true CATE Ty, (Xnew) > 0. Then, the probability that the

learned policy makes a different decision from the optimal targeting policy is

P [Ty, (Xnew) - Tyy (Xnew) < 0]

=P [:EYT (XDEW) < 0] =P [:EYT (xnew) — Ty (xnew) < =Ty (Xnew)]

—p :EYT (xnew) — Ty (xnew) —Tyy (Xnew) —r, < —Tyr (xnew) >
v/ Var [Ty, (Xnew) ] ) Var [Ty, (Xnew)] Var [Ty, (Xnew )| ’

=7

:EYT (Xr\ew ) - TYT (Xnew)
\/ Var [?YT (Xnew )]

function of Z. Since (i)

where Z =

has mean zero and variance one, and Fy is the cumulative distribution

_ oy Onew) o increasing in +/Var [Ty, (Xnew )| and (ii) Fz is a weakly
Var [?YT (Xnew ) ]

increasing function, we can conclude that the mistarteting probability is weakly increasing in

v/ Var [Ty, (Xnew)]-
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Similarly, for the case when the true Ty, (Xpew) < 0, we have

P [TYT (xnew) : i—\YT (xnew) < O]

= P [Ty, (Xnew) > 0] = P[Ty; (Xnew) — Tyy (Xnew) > — Ty (Xnew)]
—_——

=7y (Xnew)|

?YT (Xnew) — Ty (xnew) > | Ty (Xnew) ‘

=P — =
Var [TYT (xnew)] Var [TYT (xnew)]

=1-P

Var [Ty, (Xnew Var [Ty, (Xnew )|

T Gnew)| )]]:1_F2< 17, (Xnew )| >

Note that Fz vy Conewl) is weakly decreasing in 4/Var [Ty, (Xnew)| since (i) _ o (e)l
Var ["?YT (xnew)] Var [?YT (xnew)]
becomes smaller when /Var [Ty, (Xnew )] becomes larger and (ii) F7 is a weakly increasing function.
Therefore, the mistargeting probability is weakly increasing in 4/Var [Ty, (Xnew)]-
Now, let us consider the case when the firm aims to target customers with CATEs larger than

the threshold c. Following the same approach, we can write the mistargeting probability is as:

P [(7vy (Xnew) = €) - (T (Xnew) —¢) < 0] =

P ?YT (Xnew)_TYT (Xnew) < _‘TYT (Xnew)_C| , lf T Xnew ) — C > O,
[ \/Val‘[:f\YT(xnew)] \/ Var[?yT(xnew)] YT( )
Ty (Xnew ) —Tyy (Xnew) | vy (Xnew) —¢| i
1- Y T T , if Ty, (Xpew) — ¢ < 0.
\ [ \/Var [IA'YT (Xnew)] \/Var [?YT (XneW)] ] i ( ’ )

Following the above analysis, it is clear that the mistargeting probability increases as

Var [Ty, (Xnew )| increases.

A.2 Implications of Multiplicative Noise Structure

In this appendix, we first use a simple example to elucidate how a surrogate model may result
in higher variance for surrogate models when the outcome variable is a product of two distinct
variables. We then showcase the advantages of the separate imputation approach in terms of

variance reduction.
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A.21 Illustration Using Simple Linear Regressions
Let’s consider the following data generating process:

7;:Si—|—8;'r, Ai:Si—FE{\,

Al
Yi=Tix A =84+  (eM4el)S,  4eleh, (A1
_

Additional Heterogeneity
where ¢/ ~ N(0,0%) and ¢ ~ N(0,0%) are independent. Essentially, the multiplicative structure
result in a random effect (¢ + 817—)51' that varies across individual.
Now consider the “single” imputation approach where we fit a linear regression model

Y; = 70 + 1157 + 1; using least-square estimation. Using the standard result, we have

~

1y ST [t e) s+ T

(5t -5)

Note that (i) 97 is an unbiased estimator, i.e., E[y1] = 1, and (ii) the variance of 7 is

_\2
Var(7;) = 1 — R+ > S7 (51'2—522)2
[Zi (5-9) ] [Zi (5:-%) ]

The first term in the above equation is the variance of the estimated coefficient if there is no

[ox +07].

random effect (¢! + ¢ )S;. The second term captures the additional variance caused by the
additional heterogeneity term ((e? +¢7)S;). This simple analysis shows that the multiplicative
structure can increase the variance of the surrogate model.

Next, we consider the “separate imputation” approach, where we fit two regression models

Ti = Bo+ B1Si + siT and A; = 6y + 6S; + eﬁ\. In this case, we have

1 ~ 1
2(7%—, Var(d)) = —————03.

i (Si _§) i (Si _g)z *

In this case, both variance terms are not affected by (¢/* +¢!)S;. Therefore, the separate imputation

Var(Bl) =

approach has much smaller variance compared to the single imputation model.
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A.2.2 Simulation Evidence

Next, we turn to simulation evidence to underscore the variance reduction benefit of the
proposed separate imputation approach. We generate 100 sets of historical data (d =1,---,100),
each comprising 500 customers, in accordance with the data generation process detailed in (A.1),

where S; ~ NV (0,1). For each set, we implement four different approaches:
1. Single linear regression: Y; = o + 7157 + 17;.
2. Two separate linear regressions: 7; = Bo + B1S; + ¢/ and A; = & + 61S; + €.
3. Single generalized regression forest of Y; on S;.

4. Two separate generalized regression forests using S; as the independent variable: one for 7;

and another for A;.

Once we construct those models, we apply them to the same set of 10,000 test customers to
evaluate the performance. In particular, we consider the bias (i.e., the average of ﬁ ‘110:01 (?f —S?)
across 10,000 customers) and the variance (i.e., the average of 91—9 Z;@l(f/f — §%)2 across 10,000
customers) of different approaches.

Figure A.1 showcases the bias and variance of each method across varying noise levels,
with 0% and 0% ranging from 1 to 5. The results indicate that while random effects do not
influence a model’s bias (given that the bias remains consistent across different noise levels), they
profoundly impact the variance of predictions. Notably, the variance associated with the single
imputation approach grows exponentially with respect to ¢4 and ¢%. In contrast, this growth
rate is considerably more tempered for the separate imputation method. These observations
underscore that the separate imputation method can effectively diminish the variance of predicted

values by approximately 20% to 80% in comparison to the single imputation approach.

A.3 Further Details about the Simulation Analyses

In this appendix, we provide details about the simulation analyses in Section 1.5 of the main

document.
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Note: Each dot illustrates the average bias and variance across 10,000 test customers.

Figure A.1: Bias and Variance Analysis.

A.3.1 Simulation Setting

For the simulation, we consider a company that conducts a marketing intervention and aims to
maximize the total purchase counts (Y;10) over a ten-week time-frame following the intervention.

We simulate the data based on the following data generating process:

1. There are two pre-treatment covariates which are drawn i.i.d. from the standard normal

distribution, i.e., X;1, Xj2 ~iiq4. N(0,1).
2. At the end of each period, a customer churns with probability p; ;.

3. The realized purchase counts in each period when a customer is alive follows a Poisson

distribution with mean purchase rate A;y, i.e., §i,t ~ Poisson(A;¢).

4. The intervention reduces customers’ churn probability (p;;) in the first three periods. In
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particular, the churn probability is

1 .
exp(15+05X;,+04X;,)” ift<3,

(Treatment) p;;(W; =1) =

1 .
oxp(IAT05X T0a%5), M t>3

1
~ exp(14+ 05X, + 0.4X,,)

(Control) p;(W; =0) vt=1,---,10.

5. The intervention increases customers’ purchase rates in the first three periods and has no

impact on later periods. The purchase rate follows:

exp(l + 0.5Xi,1 + 0.5X1’,7_), if t < 3,
(Treatment) A;;(W;=1) =

exp(0.9 +0.5X;; +04X;,), ift>3.
(Control) A;;(W; =0) =exp(0.9+40.5X;1 +04X;,), Vt=1,---,10.

Note that we choose the logit link function for the churn probability to ensure that it lies
between 0 and 1. Additionally, we use the exponential link function for the purchase rate to

ensure that it is non-negative.

A.3.2 Noise Accumulation Behaviors

We present evidence of noise accumulation due to customer attrition. To do this, we first
calculate the unexplained variations as |Y; 1t — E[Y; 1|X;, W;]|, where E[Y; 1|X;, W;] is the expected
T-period under the above data generating process. Figure A.2 depicts these unexplained variations
in purchases over T periods, ranging from T = 1 through T = 10. Similar to Figure 1.5, it clearly
shows that as the observation period (T) lengthens, the extent of unexplained variations also
grows.

Next, we show that unexplained variations have positive serial correlations over different
periods. We first calculate the unexplained variations in S;;, i.e., s;c', ;= Sip —E[Si+|X;, W], for t =
1,---,10. Then, we examine the cross-correlation between residuals, given by Cor(ei b e?/ tz)' As
presented in Figure A.3, there is a persistent positive correlation between per-period unexplained

variations for each 1 < #; < t, < 10. Note that our DGP assumes no customer churn in the
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Note: Each dot illustrates the median of unexplained variations for all customers in the experimental data. The grey shaded area

presents the range between the highest 10% and the lowest 10% of these variations.

Figure A.2: Unexplained Variations in Y;; for T =1,---,10.

first period, so the unexplained variation &7, is expected to be zero as it is purely driven by

independent noises in purchase intensity. Therefore, we see zero correlation between €7, and €,
fort > 1.

Note that our DGP assumes no customer churn in the first period, so the unexplained variation

3?,1 is expected to be zero as it is purely driven by independent noises in purchase intensity.

Therefore, we see zero correlation between between 81-51 and 815 ; for t > 1.

value
0.6
0.4
0.2
0.0

Period Since Intervention
P N W d 01O N 0 ©

0 0 0 0 0 0 0 0

2 3 4 5 6 7 8 9 10
Period Since Intervention

Figure A.3: Cross-correlation Matrix of Unexplained Variations in Each Period.

A.3.3 Evaluation Procedure
The following procedure is performed to evaluate the performance of different approaches:

1. Derive the outcome variable Y using the actual outcomes for the default and myopic

approaches, or the historical data for the proposed, single, and BG/NBD imputation
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approaches.

2. Generate one training set (with N /2 treated customers and N /2 non-treated customers) and

one validation set (with 5,000 customers for each condition).
3. Construct CATE models (7y) using the training set.
4. Calculate the AUTOC value of Ty using the validation set.

We generate 200 bootstrap samples and report the mean and standard deviations of each quantity

for performance evaluation.

A.3.4 Specification of Surrogate Indices

As discussed in Section 1.5 of the main document, we utilize historical data () to generate

surrogate indices. Here, we present our model specifications for different imputation methods:

* (Separate Imputation) We constructed two linear regressions to predict the observed last
purchase time and average purchase rate per active period:

Ty
7;,10 = zxg— + ﬁz—Xi,l + ,BZXZ',Z + ﬁ;Xill - Xio + Z ('YtTSi,t + étTXi,lSi,t + 77t7—Xi,15i,t) + 817—,
t=1

To
Aigo = ag + B Xin + B2 Xip + By Xin Xip + Z <')’i/\5i,t + &0 XinSip + 77tAXi,25i,t) + e,
=1

where 7 19 is the observed last transaction time and A; 19 denotes the average per-period

purchase counts until the observed last transaction.
¢ (Single Imputation) We fit the following linear regression to predict Y; r:

Yito = &y + B Xi1 + By Xip + B Xin Xin+
To

> (’YtYSz',t + & XinSip + 77tYXi,25i,t> +e.
=1

* (BG/NBD) We employ a BG/NBD model with time-invariant covariates X;; and X;,. Linear
specifications were used for all key parameters. After generating expected future purchase
counts after Tp, we add it with the observed purchase counts until Ty to capture the short-

term treatment effects.
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A.3.5 Specification of CATE Models

In this simulation, we use the following CATE models to corroborate that our findings are not

driven by a particular method for CATE estimation:

1. Causal Forest [199]: We construct a Causal Forest model using the grf package with the

default parameters.

2. R-lasso [155]: We estimate an R-learner using the rlearner package, with both the nuisance
models and the CATE function estimated using lasso regression (polynomials of covariates

of degree three) with ten-fold cross-validation.

3. S-GRF: We predict the conditional expectation of the long-term outcome Y; given the
treatment assignment W; and the covariates X; using a generalized random forest (GRF)
model. We then compute the predicted CATE for each validation customer j as the difference
between the predicted value given W; = 1 and he predicted value given W; = 0. We

implement the GRF model using the gr f package with the default parameters. 2

4. T-GRF: we construct two GRF models of Y; on X;, one for treated customers and another for

non-treated customers. We use the default parameters in the gr £ package.

A.3.6 Replication Results of AUTOC:S for Different CATE Models

Table A.1 presents the mean and standard deviation of AUTOC values for various approaches
using the CATE model as either (i) S-GRF or (ii) T-GRF. These findings align with those from
the Causal Forest in Table A.1. Specifically, the separate approach consistently excels over other
methods regardless of the CATE estimation model or the size of the training set. In contrast, the
single and BG/NBD imputations fall short when compared to the separate and myopic strategies.
However, it’s noteworthy that all short-term proxies yield superior targeting performance in

comparison to the default method, irrespective of the sample size.

2We chose the default parameters in the simulation because automatic hyperparameter tuning procedures are
time-consuming when the sample size is large (i.e., when N = 50, 000). However, the results for the N = 1,000 case
suggest that the findings are almost the same.

156



Table A.1: Comparison of AUTOC Values for Different Outcomes and CATE Models.

Outcome Y N =1,000 N = 50,000
S-GRF T-GRF S-GRF T-GRF
Separate Imputation 0.79 (0.10) 0.76 (0.10) 0.91 (0.02) 0.88 (0.02)
Single Imputation 0.70 (0.17) 0.65 (0.17) 0.89 (0.02) 0.85 (0.02)
BG/NBD Imputation 0.70 (0.15) 0.68 (0.14) 0.89 (0.02) 0.85 (0.02)
Myopic (Y;3) 0.73 (0.13) 0.71 (0.14) 0.90 (0.02) 0.86 (0.02)
Default (Y; 10) 0.40 (0.25) 0.41 (0.25) 0.64 (0.05) 0.58 (0.04)

Higher AUTOC reflects better prioritization rule and therefore superior targeting performance. We average the results over 200

replications and show in parentheses the standard deviation.

A.3.7 Sample Size Efficiency

We investigate the sample size efficiency of different approaches. Figure A.4 displays the
AUTOC values for various CATE models and training sample sizes. The results indicate that CATE
models utilizing short-term proxies consistently outperform the default approach, regardless of
the training sample size. Moreover, the separate imputation method persistently surpasses other
methods in terms of AUTOC for the same CATE model and training sample size. These findings
suggest that incorporating short-term outcomes is a viable strategy for enhancing targeting
performance, as it enables more accurate CATE estimation without requiring substantially larger

sample sizes.

10 Causal Forest R-lasso S-GRF T-GRF
G5 o g g g g g g o g g
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7= Myopic
Default
0.4
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Training Sample Size

Note: Each point reports the average over 200 simulation replications. The dashline represents the AUTOC value when the prioritization
rule is based on the true CATE.

Figure A.4: Area-under-TOC Curves: CATE Models with Different Training Sample Size.
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A.3.8 Trade-off between Information and Noise Accumulation

We reproduce the analyses described in Section 1.5.5 for different approaches and CATE
models. Figure A.5 shows the results of AUTOCs for various CATE models and the number of
periods used for surrogacy construction. Our results indicate that (i) using short-term proxies
consistently leads to higher AUTOC compared to using the actual long-term outcome (except for
R-lasso), (ii) the separate imputation method outperforms other short-term proxies regardless
of the CATE models used for estimation, (iii) the separate imputation method shows higher
robustness to noise, as the AUTOC declines more slowly, and (iv) using Tp = 3 (i.e., the minimal
number of periods such that the surrogacy assumption is satisfied) generally yields the most

effective targeting performance.

Separate Single BG/NBD Myopic
R SAAXE X PR 2Z Y FVORNE MALL XYY QR AR LEY VS
ML TR AT TR MATITE
AL TTNII TSR LT TPV LALTFIVE
ALY RS T UUURI LAY Y VR AAL] baad

Number of Periods Used in Surrogate Index Construction

Note: Each point reports the average over 200 simulation replications together with the two standard error interval. The larger the

AUTOC, the better targeting performance.

Figure A.5: Area-under-TOC Curve: CATE Models for Outcomes Using Different Periods of Information.

158



A.4 Further Details for the Empirical Application

In this appendix, we provide additional analyses for the empirical application presented in

Section 1.6 of the main document.

A.4.1 Specification of Surrogate Indices

To construct the surrogate indices, we gathered historical data of customers who were acquired
at least ten weeks before the experiment started (4,031 in total) and imputed different outcome

variables as follows:

J ?fé“gle(si,l,xi): we fit a random forest model [15] of Y; 1y on the first-week purchase (S; 1)
and customer covariates (X;), reported in Appendix 1.6.1. We perform automatic parameter

tuning using the function provided by the grf package.

o Ylsoe P (Si1,X;): we fit two random forests, one for the observed last purchase week (7 19) and
another for the purchase counts per period until the last purchase week (A; 190 = Yj10/Ti10),
on S;1 and X;. We perform automatic parameter tuning using the function provided by the

grf package.

. YlBOTYD(SZ-J, X;): we fit a BG/NBD model with X; as time-invariant covariates.

A.4.2 Specification of CATE Models

Given an outcome variable Y;, we construct four types of CATE models to show robustness of

our findings, including:

1. S-learner: we predict E[Y;|W;, X;] by regressing Y; on W;, X; using random forest and perform

the automatic hyperparameter tuning using the method implemented in the grf package.

2. T-learner: we construct two random forests of Y; on X;, one for treated customers and another
for non-treated customers. We perform the automatic hyperparameter tuning using the

method implemented in the grf package.
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3. X-learner [134]: all the outcome models in X-learner are estimated using the random for-
est with automatic hyperparameter tuning. We estimate the propensity score using the

probability forest implemented in the grf package.

4. Causal Forest [199]: we use the causal forest function implemented in the grf package with

automatic hyperparameter tuning.

A.4.3 Details for Policy Learning Using Doubly Robust Scores

In this section, we provide a detailed explanation of how we implement doubly robust policy
learning, as proposed by [17]. Specifically, for each training-validation split, we learn the policy

by the following steps:
1. Compute the outcome variable Y for the training set.

2. Compute the (honest) doubly robust score for i in the training set:

Wi —e(Xi)
We use grf and policytree packages [188] to derive the doubly robust score for each
customer.

3. Derive the targeting policy 7 : X; — {0, 1} by solving the optimization problem:

7 = arg max Z 27(X;) — 1] T},

ieptrain

where we constrain 77 in the class of probability forest in the grf package.

A.4.4 Replication Results for the Motivating Example
Targeting for Short-term Outcome.

In the motivating example (Section 1.2 of the main document), we show that the focal company
can develop an effective CATE model when the outcome variable is Y; ;. Figure A.6 presents the
GATEs on Y;; across quintiles based on predicted CATE. This chart is constructed similarly to

Figure 1.2, now presenting the results for the different CATE models. While the actual CATE curves
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are not perfectly decreasing for all models, they are still effective in distinguishing customers with

high CATEs from those with low CATEs, as 91, Q;, Q3 have higher treatment effects than Q4 and
Qs have.

S-learner T-learner X-learner Causal Forest

I
s

0.05

- Data
-~ Prediction

GATE on Y;

Q1 Q2 Q3 Q4 Q5 Q1 Q2 Q3 Q4 Q5 Q1 Q2 Q3 Q4 Q5 Q1 Q2 Q3 Q4 Q5
Group by Predicted CATE on  Y; ; (High « Low)

Note: Each point represents the mean of bootstrap results on the validation customers together with the one standard deviation

interval. Groups Qj,-- -, Qs are categorized based on the decreasing order of the predicted CATE.

Figure A.6: CATE Models for Y; ;.

CATE Models for Long-term Outcome.

Similarly, Figure A.7 illustrates the predicted and actual GATEs when using Y; ;o as outcome
variable. Notably, all CATE models produce the same V-shaped curve, indicating that the firm
would overlook a significant proportion (e.g., the bottom quintile group Os) of the “should-target”

customers when the targeting policy is based on these models.
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Group by Predicted CATE on  Y; 19 (High « Low)

Note: Each point represents the mean of bootstrap results on the validation customers together with the one standard deviation

interval. Groups Qj, - - - , Qs are categorized based on the decreasing order of the predicted CATE.

Figure A.7: CATE Models for Y; 1.
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A.4.5 Replication Results for the GATE Analysis

Figure A.8 displays the GATEs by predicted CATE levels of different outcome variables.
Notably, regardless of the methods used, the separate imputation method consistently produces
the steepest CATE curve, suggesting the superiority of targeting based on our proposed solution.
Note that both Single and Myopic approaches also result in reasonably good performance when

compared to models based on Y; 10.
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Note: Each point represents the mean of bootstrap results on the validation customers together with the one standard deviation
interval (the errorbar). Groups Q;[, e, Qg are defined by decreasing order of treatment effect, as predicted by the CATE model for

different outcome variables. GATEs are computed from Y; 1.

Figure A.8: Actual group average treatment effects by predicted CATE levels on different outcome variables.

A.4.6 Replication Results for Policy Improvement

In this appendix, we replicate the expected profit improvement results in Table 1.3 of the
main document using the CATE models outlined in Appendix A.4.2. The results demonstrate
the robustness of our findings: regardless of the CATE model used for estimation, the proposed
separate imputation approach consistently yields the best profitability. Additionally, all targeting

policies based on short-term outcomes consistently yield a positive profit improvement, while
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targeting using the default approach results in profit loss.

Table A.2: Expected Profit Improvement: Targeting Based on Different Models.

Outcome Variable

T-learner

S-learner

X-learner

Causal Forest

Policy Learning

Separate Imputation
Single Imputation
BG/NBD Imputation

Myopic
Default

5.81% (4.19%)
4.06% (4.51%)
0.95% (2.77%)
3.34% (3.60%)

—3.52% (3.17%)

5.66% (4.27%)
4.45% (5.17%)
1.67% (2.80%)
3.08% (3.65%)
—1.75% (2.86%)

3.98% (3.53%)
2.29% (4.31%)
1.93% (2.32%)
2.96% (2.94%)
—0.89% (2.85%)

1.64% (4.32%)
—1.44% (4.71%)
1.14% (4.33%)
1.09% (4.41%)
—4.21% (3.7-%)

457% (3.90%)
3.66% (4.75%)
—0.26% (4.36%)
3.51% (4.58%)
—3.44% (3.37%)

We average the profit improvement over 200 replications and show in parentheses the standard deviations.

A.4.7 How Many Periods Should the Focal Firm Use?

Figure A.9 compares the expected profit improvement from targeting based on surrogate

indices constructed using different periods of outcomes. The result suggests that using one-period

outcome in surrogate models gives the highest profit, and targeting based on short-term signals

consistently outperforms or is as good as targeting based on the actual long-term outcome.
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Note: Each point represents the mean of bootstrap results on the validation customers together with the one standard deviation

interval (the errorbar). The dashed line reports the expected profit improvement when the targeting policy is based on predicted

CATEs on Y; 19.

Figure A.9: Expected Profit Improvement: Comparison of Different Periods Used for Surrogate Models.
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Appendix B
Appendix to Chapter 2

B.1 Additional Literature Review

B.1.1 Classical Measurement Error Bias Correction

This section reviews existing approaches for correcting classical measurement error bias,

summarized in Table B.1.

1. Repeated Measurements of Variables: These techniques aim to mitigate random noise by averaging
multiple measurements of the same variable, reducing the impact of individual errors. While
they are theoretically capable of handling complex functional forms, they become impracti-
cal in high-dimensional settings due to the exponential increase in the number of repeated
measurements required as the dimensionality of the data grows. This requirement can be
resource-intensive or even infeasible in practice. Additionally, these techniques pose significant
privacy risks, as repeated data collection increases the likelihood of re-identifying individuals.
This undermines privacy protections, making such methods unsuitable for use in contexts

requiring strict privacy constraints.

2. Additional Clean Data: These methods calibrate the model using a separate dataset with noise-
free measurements to correct estimates from the larger dataset. It is theoretically well-suited
in high-dimensional settings with flexible functional forms and model-agnostic applicability.
However, it raises significant privacy concerns because the clean dataset itself may contain

sensitive information.
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3. Instrumental Variables (IVs): These techniques use additional instrumental variables (IVs) that
are correlated with the noisy covariate but uncorrelated with the measurement error or outcome,
serving as proxies to correct bias. However, identifying valid instruments in high-dimensional
settings is challenging, as suitable instruments are needed for many covariates. Additionally,
IV approaches often rely on linear or parametric assumptions, limiting their ability to capture
heterogeneity. Their integration with specific models also reduces model-agnostic flexibility.
Moreover, protecting instrumental variables under LDP can exacerbate the weak instruments

problem, further complicating the estimation process.

4. Noise Distribution Information: These methods use techniques such as deconvolution kernel esti-
mators or the generalized method of moments (GMM) to correct bias by leveraging information
about the noise distribution. However, these approaches are not well-suited to our context for
several reasons. First, while effective in low-dimensional settings, these methods face challenges
in high-dimensional contexts due to data sparsity, which limits kernel methods, and the increas-
ing number of moment conditions, which complicates GMM. Second, they typically assume
fixed functional forms, such as linear models, limiting flexibility. Deconvolution techniques
depend on specific smoothing processes and often assume normal noise, while GMM requires
explicitly derived moment conditions, making it impractical for nonparametric models. Third,
neither method is model-agnostic or capable of dynamically adjusting to covariate-specific bias

patterns, as they lack mechanisms for localized corrections.

5. Higher-order Moments: These methods utilize the overidentifying information in higher-order
moments of the data to correct measurement error bias, assuming the measurement errors
satisfy certain independence conditions. While this approach can help recover unbiased
estimates without requiring external instruments, its applicability is limited to relatively simple

cases, such as linear relationships or settings with a single covariate.

B.1.2 Comparison of Proposed Approach to Existing Sample Splitting Approaches.

Table B.2 summarizes the distinctions between our proposed method and the sample-splitting

strategies employed in causal forests [14, 199] and transformed outcome regressions for CATE
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Table B.1: Comprehensive Overview of Solutions for Measurement Error Bias

Study Flexible with Many Covariates Model Specification Estimation Method
Repeated Measurements of Variables
Hausman et al. (1995) Yes Polynomial Least Square
Li (2002) Yes Nonlinear Least Square
Schennach (2004) Yes Polynomial GMM
Agarwal & Singh (2024) Yes Linear PCA + Least Square
Additional Clean Data
Bound et al. (1989) Yes Linear OLS
Sepanski & Carroll (1993) No Nonlinear OLS
Chen et al. (2005) Yes Nonlinear GMM
Hu & Ridder (2012) No Nonlinear Deconvolution + MLE
Instrumental Variables
Hausman et al. (1991) No Polynomial GMM
Newy (2001) No Nonlinear GMM
Schennach (2007) No Nonlinear GMM
Hu & Schennach (2008) No Nonlinear MLE
Information of Noise Distribution
Wolter & Fuller (1982) No Polynomial Parametric MLE
Fan & Truong (1993) No Nonlinear Deconvolution + Kernel Estimator
Higher-order Moments in Data
Manoranjan (1980) No Linear GMM
Erickson & Whited (2002) Yes Linear GMM
Bonhomme & Robin (2010) No Linear GMM
Schennach & Hu (2013) No Known functional form MLE

estimation [41, 155, 126, 206]. In causal trees/forests, sample splitting is primarily used to decouple
the partitioning procedure from the leaf-level treatment-effect estimation, preventing the tree from
overfitting the same data used for effect estimation. While this approach is in the same spirit of
reducing bias through data partitioning, our goal focuses on avoiding overfitting when calibrating
an already-fitted CATE model using a noisy CATE proxy —noise that arises naturally under local
differential privacy (LDP).

In standard transformed outcome regressions, the focus is on ensuring that the nuisance
models (e.g., outcome regressions and propensity scores) are trained on observations disjoint from
those used to construct the proxy CATE scores. This separation prevents bias in the nuisance
models from influencing the CATE model derived from the proxy scores. Our framework goes
a step further by splitting the dataset for CATE estimation into three disjoint subsets: one
for constructing the initial CATE model, another for model calibration, and a third for model
validation. This additional splitting ensures that the calibration process is entirely independent

of both the initial model construction and the validation phase. Moreover, during boosting, our
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approach ensures that the construction of the calibration model is independent of the step size
determination. This separation introduces a novel element not found in existing boosting-based

CATE models to enhance model robustness and reduce the risk of overfitting.

Table B.2: Key Distinctions Between Our Method and Existing Sample-splitting Approaches

Method Where Does Splitting Occur? Primary Goal
Causal Tree / Forest Partition tree structure vs. Estimate leaf-level Decouple treatment effect estimation
[14,16, eg.] treatment effect. from tree partitioning
Transformed Outcome Regression Estimate nuisance models vs. Construct the proxy L . . .
Eliminate bias from nuisance estimates
[155, 180, 126, 206] score and CATE models.

1. Train the initial CATE model vs. Calibrate the
initial model vs. Validate the calibration process. Avoid overfitting to the noisy proxy
Our Proposed Method
2. Estimate calibration model vs. Determine at every step of boosting

the optimal step size.

B.2 Theoretical Analysis of LDP Impact on Bias and Variance

In Section 2.3, we provide intuition on how LDP protection impacts bias and variance. We
now present a formal analysis of bias and variance in widely used CATE models. Specifically, we

consider the class of CATE estimators studied in [112].

Assumption B.1 (Assumption in App-2 of [112]) For a given individual with covariates Xpey, the
predicted CATE T (Xpew | D°, D, D™) can be expressed as the difference between two (adjusted) outcome

estimators, 1° and 11, in the following form:

1 (Xnew) = Z z?J(Xnew | DZ)[YZ' —m“(X; | D")],
ieTo:W=w
where I° denotes the set of individuals used to impute the two outcome predictions, Dl = {Dé, Ve, W(Z}
represents the data used to construct the weight function Zf" (Xnew | Dt ), and D™ = {D™, Y™, W™} is the
data used to determine the adjustment function m®“(X; | D™). We also denote D° = {X°, Y°,W°} as the
experiment data of individuals in I,,, Furthermore, we assume that the estimation process of the CATE

model satisfies the following conditions:

1. (Honest Estimation) The weight function is independent of Y;j, Vj € D°. In other words, D' is either

independent of D° or depends only on the covariate values of individuals in Z°.
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2. (Cross Fitting) The adjustment function is either zero or constructed from the dataset D™ that is

independent of both D° and D*.

In Proposition App-1 of [112], it is shown that this class of CATE models includes a wide range
of approaches, including S-learner, T-learner, Causal Forest, and R-learner, when combined with
nonlinear machine learning methods such as random forests and kernel regressions. For neural
network models, while explicitly writing the weight function in closed form is challenging, prior
research has shown that neural network models can be interpreted as a form of kernel regression
(see Golikov, 2020, for a survey). Specifically, the kernel function in this case corresponds to the
neural tangent kernel (Jacot et al., 2018). Since our model class already includes kernel regression
methods, it should also be applicable to neural network models. For double machine learning
methods, such as those proposed by (author?) [180, 126], the key distinction from R-learners is
that they use the AIPW score instead of Robinson’s transformation to estimate the proxy CATE.
Additionally, they apply separate adjustment functions for the treatment and control groups rather
than a single adjustment function for all individuals. Given this structure, we can easily see that

the double machine learning methods also fall within the model class considered in our analyses.

B.2.1 Bias Analysis

To apply the Taylor approximation approach in (author?) [43] to characterize the bias of the
above class of the CATE model, we further impose the following smoothness assumptions on the

CATE models:
Assumption B.2 (Smoothness Conditions)

1. (Smoothness) The weight function Zw( | DY), and the adjustment function, (- | D) are C*-

smooth, i.e., they have derivatives of all orders 1

2. (Finite Variations) There exists a constant K such that the k-th order derivatives of Z;v (| DY) and
the adjustment function m® (- | D*) exist for all k = K. (Note: If this assumption is not imposed, the

bias and variance introduced by LDP protection could become unbounded.)

IWhile the weight function is not differentiable for tree-based methods, we can use the differentiable smooth bump
function [79] to approximate the weight function. Therefore, the Taylor approximation of the bias is still applicable for
tree-based methods.
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3. (Bounded Sensitivity) The sensitivity of the weight function towards a specific covariate of each
individual is bounded by a dominating function with a finite integral. That is, for any customer i and
covariate p, we have

Z?’(xi,p + 0ip X (ip) | D") —Z?”(xi,p,x_(i,p) | D)
0

, < 8(Xip X—(ip))
ip

for any value of x_; ,y and bounded 6;,, where § 8(Xip, X_(i p))dX_(i py < 00. Similarly, we
assume that the the adjustment function m satisfies the bounded sensitivity assumption. This

condition ensures that the derivative and expectation operators are exchangeable.

Note that the smoothness assumption is introduced to ensure the existence of derivatives and the
validity of the Taylor approximation theorem. In fact, many nonlinear machine learning models,
such as kernel regressions or neural networks with sigmoid activation functions, are inherently
C® smooth. The finite-variation assumption is imposed to ensure that the bias remains bounded.
Without this assumption, the bias could be expressed as a weighted average of infinitely many
higher-order moments, where the weights correspond to the higher-order derivatives of the CATE
model. The third and fourth assumptions are standard for the Talyor approximation theorem.
We now formally state the Taylor approximation theorem for the bias in the following result

and provide its proof.

Theorem B.1 (Bias Analysis) Assume that the CATE model T belongs to the model class in Assump-
tion B.1 satisfies the smoothness conditions in Assumption B.2. Let D = {Dé, D™, D} denote the
non-private data and D = {D’, D™, D°} denote the LDP-protected data. For simplicity, consider both Y;
and X; are perturbed by additive noise from the same distribution with mean zero and a k-th order moment

of 0. Then, the additional bias in T introduced by the LDP protection can be approximated as:

. @W; = 1) {B[Y; = (X | D)) Af (xuew) — B [T (x0e, DY) | - A" = 8] (x2e0) - 7'},
ieZ°
where Af (Xpew) = S GOktrace (IE [8’;810,1)@?;\/"(@% | D! )D represents the expected impact of LDP
noise on the weight function, and A" = ZkK:1 %Uktmce (IE [8’)‘(1,@," m® (X; | D’”)D represents the expected

impact of LDP noise on the adjustment function.
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Proof. First, we can write the additional bias as

E [?(inew ‘ ﬁ) — T(Xnew | D)} =E [ﬁl(inew | ﬁ) - ﬁl(xnew | D)} —E {ﬁo(inew | ﬁ) - ﬁo(xnew ‘ D)} ’

where ﬁzu (Xnew | D) =3 Do W= Zw (Xnew | DO)[Y; — i (X; | D™)] is the implied outcome model
under LDP protection.

Next, we derive the difference in the implied outcome models, ie,
E [ﬁw(inew | D) — ™ (Xnew | D)] We start by considering the difference for each individ-

ual i in D° with treatment assignment w. We can write the total impact of the injected noises on

the predicted CATE can be written as
T (Rnews | D) Y = (X | D) | = 0 (X | DY) [¥i = (X; | D)

= |8 (Rnewr | D) = B (xnse | DY) | [¥; = i (X; | D")] -

J

v~

Aj

[Ew(?new | DY) — 7 (xnew | Df)] [mw(gi | Bo) — (X | Dm)} B (B.1)

B;

B (xnen | DY) [ (i | D) =8 (X; | D")] + T (xness | D)1y
] —
g

Note that E[D;] = 0 since E[;] = 0 and Z?“(xnew | DY) is independent of 7; due to honest
estimation.

Now, our objective is to determine the approximate discrepancies in the weight and adjustment
functions, namely, Zf" (Xnew | DY) —Zf"(xnew | DY) and W% (X; | Dy) — m®(X; | D™). Using Taylor
approximation, the approximate deviation in weight functions due to the introduced noises in
Xnew and X! can be written as:

. I K 7q .
€ (Xnew | Dﬁ) — 4 (Xnew | ,Df) = Z (Hﬁinew,mg? (Xnew | DE)) ”iiew,m/
k=1

where o

Wi (Xnew | DY) denotes the vector of all k-th order directional derivatives of 7 with
Xnew, D" 1 !

respect to Xpew and D!, and 1., pt Tepresents the vector of noises being injected into Xpew and
Dt. Here, Z°* denotes a vector or matrix in which each element is raised to the power k from

the corresponding element in Z. Similarly, we can write the impact of injected noises on the
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adjustment function as:

K
(%, | Do) = 01 D7) = 3 (kom0 | D)) e
k=1

Since D°, D!, and D" are independent, and the noise injected into the data are i.i.d. and

independent from the experiment data, we have

E (77 S | )~ (v | D] = . Leteace (E 27 s | D))
k=1"

K
PSR . 1 K o~
E [ (X; | Dy) — " (X; | D")] = Z Joitrace (& [, pni™ (X | D™)]).
Now, we can write the expectation of A; in (B.1) as
K 4 R
E[A] =E[Y; —m“(X; | D™)]- Z H(Tktrace (]E [6';new,pgéf"(xnew \ Df)]> .
k=1

Similarly, the expectation of B; and C; in (B.1) can be written as

(Z Uktrace( [8ﬁn€W,D£?§”(xmw | DY) D) (Z Uktrace< [a];(i,D’” m® (X; |Dm)D>

K

E[C]|=E [€ Xnew, D } 2 ktrace( [a;‘(i,mn’iw(xi ‘ Dm)D _

Combining all of them together, we can write the bias of the predicted CATE as
E |#(Xnew | D) = 2(xnew | )] =

= > E[A-B-C]- ) E[A-Bi—-C]=) (2W;—1)E[A —B;—C]
ieZ0: W;=1 i€Z°: W;=0 i€l°

= 3 W, = 1) {E [Y; = i (X; | D™)] A (xnew) = B [ (xnew, D) | - A" = Af (xpe) - 7'}
ieZ°

where Af (Xnew) = Yk &0ktrace ( [6" D[EW (Xnew | D° )D represents the expected impact of
LDP noise on the weight function, and A" = Zk:1 L Oktrace (]E {6;‘( oY (X | DM)D represents
the expected impact of LDP noise on the adjustment function. m

Theorem B.1 formally demonstrates the impact of LDP protection on the bias properties of
common CATE estimators. Specifically, LDP noise influences how the CATE model weights each

individual i in the experiment set when forming the CATE prediction, Af(xnew). This effect is
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determined by two primary factors: (i) the scale of noise introduced into the data, denoted as o,
and (ii) the expected sensitivity of the weight functions to noise in Af(xnew). Notably, when a
model exhibits high complexity and nonlinearity, its expected sensitivity to noise increases, as
higher-order derivatives can be large. This suggests that sophisticated machine learning models
may experience significant bias when covariates are protected by LDP, particularly due to their
inherent nonlinearity. Additionally, the impact on weights is heterogeneous across different
covariate values, as Af (Xnew) 18 @ function of Xpew. On the other hand, LDP noise also affects the
adjustment function in the same manner (A"), which can further amplify the bias.

Note that this theorem can be easily extended to cases where noise distributions differ by
adjusting the expected sensitivity of the weight and adjustment functions. For example, the

expected sensitivity of the weight function can be rewritten as:
. SN K 1 N
E [7 (Rnew | DY) = 79 (Xpew | pf)} = ) trace (E [a’;new,pé 7 (xnew | pf)} E [diag(qi’n‘ewﬂ)}),
k=1""

Then, substituting the expected sensitivity of the weight and adjustment functions into the proof
above yields the bias for cases where the injected noise for each variable follows a different

distribution.

B.2.2 Variance Analysis

Next, we investigate the effect of LDP covariate noise injection on the variance of predicted
CATEs. As with our prior analysis, our goal is to identify and characterize the factors that

influence this variance. This leads us to the following theorem:

Theorem B.2 (Variance Analysis)

Under the same setting and assumptions in Theorem B.1, the impact of LDP protection on variance of the
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predicted CATE of a given Xue,, can be written as:

Var [T(Xnew)] — Var [T (Xnew) |

Mw

2177 [ k(xmw>] + i %Vur [ﬂlk,p} E [I‘]%(Xnewﬂ +
k=1

k:1
"t (B.2)
K
Z Ukvk xnew Z k 'k 1 klgkzgkl o (xnew)
k=1 k1#ko
(8) (©)

Here, A’%(xnew) = trace (ak?(xnew)) captures the k-th order influence of covariate noise on the predicted
CATE, and TX (xpew) = trace (0"T (Xnew)“?) represents the squared perturbation of the predicted CATE
caused by LDP noise.> The term vi(Xpew) = Cov [T(Xnew), AL] captures the covariance between the
predicted CATE value (estimated on non-private data) and the k-th order change of predicted CATEs due to
injected noises. Lastly, Ck, k, (Xnew) = Cov [trace (T (Xpew) ) , trace (27T (Xpew) ) | measures how much

the different orders of predicted CATE differences are correlated with each other.

Proof. By Law of Total Variance, we have the following variance decomposition:

Var[%(Xpew | D)] = Ep {Var,,[ T(Xnew | D) | D]} + Varp {]E,,[ (Xnew | D) | D]} (B.3)

where # denotes the noises injected into the data.

First, note that the Taylor approximation of T(Xew | D) is

Xnew

K
I N 1 . .
(news | D) = Fonew | D) + Y 7 |, 0T (v | D) 7%,
k=1"

For simplicity, we use o in the rest of the proof to denote é”;new p- Then, we have

K
. 1
Vary £ (%new | D) | D] = Vary |2(xaew | D) + Y, 77 [ (xnens | D) | 7
k=1

Z k'Var [17Z p} trace (6 T (Xnew ) 2)

since T(Xnew | D) is a constant given D and fixed xnew. Therefore, the first term in B.3 can be

252 denotes the Hadamard’s (i.e., element-wise) square operator.
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written as

Ep {Var,,[ (Xnew | D) | D] } = i %Var {’75‘(,;9} E [trace <8k?(xnew)oz)} .
k=1

Similarly, we can write the second term as

= \

K
Varp {E,[T(Xnew | P) | D]} — Varp [T(Xnew | D)] = Varp {2 {6 T(Xnew | D)})}

= Varp +2 Z k'akCovD{ T(Xnew | D), trace (8 T (Xnew | D))}

K
1 ~
;; Haktrace <8kr(xnew | D) )

K K
~ 1 ~ 11 1
= Varp [T(Xnew | D)] + Z WU,?Var [trace (6kr(xnew \ D))} + Z kT'k?'UklUbAkl’kz +2 Z EU'kBk/
k=1 V" kysthy A k=1"

where Ay, x, = Covp [trace (8"1 T(Xnew | D)) , trace (ékz'?(xnew | D))] denotes the comovement be-
tween ki-th and k — 2-th derivatives, and By = Covp {T(xnew | D), trace (6k?(xnew | D))} denotes
the comovement between the initial CATE prediction and its higher-order derivative.

Combining these two terms together, we have

Var [ (Xnew | D)} Varp [T(Xnew | D)] =

. v o] B face (4(x0) )] + i aiVar [trace (0% (o | D)) | +
k=1"

k:1

1
Z k 'k 'O'kl(Tszkl ko +22 k'U'kBk
ki#ky

Theorem B.2 demonstrates the mixed effects of LDP noise on the variance of the predicted
CATE. In Equation (B.2), term (A) captures the increase in variance due to the additional
randomness introduced by LDP protection. Since all the elements in (A) are strictly positive,
this term is increasing with the magnitude of injected noise, specifically with respect to o; and
Var {1711-‘,?] . Term (B) reflects the relationship between the predicted CATE estimated using non-
private data (had it been available) and the influence of the injected noise on these predictions.
If the injected noise tends to increase the predictions for individuals already showing a positive
CATE (such that the covariance in (B) is positive), estimating CATE on injected noise will make

even more extreme predictions. Consequently, LPD will further increase the variance of the
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predicted CATE. On the other hand, if this covariance is negative, the added noise would draw
the predictions towards zero, reducing the variance of the predicted CATE. Term (C) denotes the
co-movement across ki-th and k-th order shifts in predicted CATEs. If these shifts tend to move
in the same direction (i.e., having positive covariance), the variance is increased with larger oj.
Conversely, if the ki-th and kj-th order fluctuations are in opposite directions (i.e., having negative

covariance), they will offset each other, leading to no increase in variance.

B.3 Proof for Proposition 2.1

Proof. Proof: First, we can rearrange the AIPW score as follows:

W

WY (1_Wf)?jJ + [ﬁl(ii | D)- (1_121[]) ~fo(Xi | D) (1_ 11__31']>]’

T =
] . _p.
€ 1 e

N J

v

IPW term Noise term
where iy (X; | D) and fiy(X; | D) are the estimated conditional mean outcome models for the
treatment and control individuals.

For the IPW term, we have its conditional expectation being

WY, (1-W)Y,
]7J 1/7]
E [ - | X;

¢ 1—ej

7. 7
_ _ J _ _ ] _
=P =11X) B | [W=1%| + PO =0]X) E | [W=0X
—_— —_—
=¢j :1—6j

=E[Y; | W, =1,X;] - E[Y; | W, = 0,X;]
= E[Y; | W; = 1,X;] = E[Y; | W; =0,X;] (since the additive noise has mean zero)

= E[Y;(1) | X;] —E [Y;(0) | X;] = 7(Xj) (by the unconfoundedness assumption).

For the noise term, we have its conditional expectation being

E (X D) (1-2) ~ (X | D) (1- o) |x] =

B[R 19)1%] - (122 5k 9] (122 o
=0 since E[W;|X;]=¢; =0 since E[W;|X;]=e¢;
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Combining these two results, we have E [ | Xj] = 7(X;). Therefore, the expected approximation
error is zero since

E &) =E[E[5-7(X) [ X]] =0.

B.4 Additional Details for the Simulation Analyses in Section 3

In this appendix, we provide model implementation details for the simulation analysis in

Section 2.3. Specifically, we implement the following three CATE models:

1. Causal Forest [199]: We implement causal forest using the grf package with default parame-

ters.

2. R-learner with XGBoost models [155]: We implement R-learner with XGBoost models for both
the conditional mean outcome and CATE models. Hyperparameter tuning follows the

methods implemented by the R-package rlearner provided by [155].

3. T-learner with XGBoost models: We implement the T-learner with correctly specified models.
Specifically, for each treatment condition, we estimate a regression model of the outcome on
covariates using second-order polynomial specifications. The CATE is then calculated by
subtracting the predicted outcome from the control group model from that of the treatment

group model.

B.5 Additional Details and Results for the Simulation Analyses in

Section 5

In this appendix, we provide implementation details about the simulation analyses described

in Section 2.5 of the main document and present robustness checks.

B.5.1 Details on Model Specifications

Constructing the Initial CATE Model
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In our main analysis, we implement the R-learner [155] using regression forests from the
grf package with default parameters for both the conditional mean outcome models and the
CATE model. The true propensity score is used to construct Robinson’s transformation. In
Electronic Companion B.5.6, we provide additional robustness checks for different initial CATE
models.

Constructing the AIPW Score for Post-Processing

To construct the AIPW score, we use a fixed propensity score (¢ = 0.5) since the treatment
assignment is completely randomized. We evaluate three candidate models for the conditional
mean: linear regression, linear regression with interactions, and regression forests. The training
set consists of 1,000 individuals (500 treated and 500 non-treated), while the holdout evaluation
set includes 2,000 individuals (1,000 treated and 1,000 non-treated). Table B.3 reports the mean
squared error (MSE) of each model in predicting the outcome. Since linear regression with
interactions yields the lowest prediction error, we select it as our preferred model for the AIPW
score. Additionally, we use the same model to construct calibrators during the calibration process.
Notably, the conditional mean model used in the AIPW transformation and calibration process
does not align exactly with the data-generating process. However, the algorithm still effectively

reduces the MSE of the CATE predictions.

Table B.3: MSE of Conditional Outcome Models Across Varying Privacy Levels

(a) Scenario 1: LDP-Protected Covariates (b) Scenario 2: LDP-Protected Outcome
o Linear Regression Regression with Interactions Regression Forest Lo Linear Regression Regression with Interactions Regression Forest
0.0 33.4 29.6 33.1 0 33.4 29.5 33.6
0.2 34 30.6 34.2 1 35.1 31.1 35
04 36.1 33.7 36.3 2 413 37.5 414
0.6 39.2 37.8 39.7 3 51.6 48.6 51.7
0.8 414 409 413 4 65.8 63.3 65.6
1.0 434 43.0 43.1 5 83.9 81.7 84.4

Determine Number of Subgroups and Number of Iterations

Next, we investigate the sensitivity of our solution to the pre-specified number of subgroups
(Q) and the number of iterations (R). We start by illustrating the bias-variance trade-offs for
the number of subgroups. Figure B.1 displays the predictive error metrics when applying the
proposed solution with varying values of Q under two scenarios with high privacy protection. As
we increase the number of subgroups, the bias decreases for both scenarios, while the variance

correspondingly increases. This outcome showcases a classic bias-variance trade-off commonly
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observed in machine learning models: increasing model complexity may enhance precision but
concurrently introduce additional variability. Notably, when the outcome is protected by LDP,
changes in Q do not significantly affect overall accuracy. On the other hand, when the covariates

are protected by LDP, using the smallest value of Q achieves the lowest MSE.

06 )
5 5 x——")\/
s 830
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v\ 25
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*»* MSE <7 Squared Bias 7+ Variance »* MSE <# Squared Bias 7 Variance
(a) Scenario 1: LDP-Protected Covariates (b) Scenario 2: LDP-Protected Outcome

Figure B.1: Predictive Errors of Proposed Method with Varying Numbers of Subgroups
Figure B.2 illustrates the step size pgj in each iteration (capped at 50 iterations) when applying
the proposed solution with varying numbers of subgroups (i.e., varying values of Q). Generally,
the step sizes approach zero before the completion of the first Q iterations, regardless of the chosen
value for Q. This observation suggests that performing R = Q iterations is typically sufficient for

the proposed solution, thereby providing a practical guideline for setting this hyperparameter.

Q=20 Q=30 Q=40 Q=50

Step Size

Q
(:,-."4«&&(««((((««(«««««««(«o 3

0 10 20 30 40 50 0 10 20 30 40 50 O 10 20 30 40 50 O 10 20 30 40 50 O 10 20 30 40 50
Iteration (r)

Note: Each point is calculated by averaging the mean step size over 100 bootstrap replications. We present results from the case when
the covariates are protected by LDP with o = 1.0, but the pattern remains the same across different scenarios. We use R-learner with

regression forests as the initial CATE model.

Figure B.2: Step Size in Each Iteration
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B.5.2 Additional Performance Evaluation
Bias and Variance.

To further examine how the PRoPOsSED method enhances predictive accuracy, we extend the
analysis in Section 2.5 by decomposing the mean squared error (MSE) into its squared bias and

variance components. These metrics are computed as follows:

1. (Mean Squared Bias) We calculate the average deviation of model predictions from the actual

CATEs across individuals in the holdout set, i.e.,

1 L 2
E? [ errh } = — errh X
( ) tholdout ieD%dout B b=1

2. (Mean Variance) We calculate the average variability in the model’s predictions across indi-

viduals in the holdout set when the model is trained with different data sets, i.e.,
o= 1¢ b = b 2
Var |7 Eg {( (X;) — IE[ (xl)D }

Figure B.3 presents the mean squared error, squared bias, and variance of different methods

h 1
oldout ZeDholdou'f

across varying sample sizes. First, we find that the NoN-HONEST method achieves the smallest
squared bias because its initial CATE model is trained on a sample three times larger than that
used by the Prorosep and SpLiT-ONLY methods. However, as the sample size increases, the
squared bias of the PRorosED method decreases to a level comparable to that of the NON-HONEST
method, whereas the Honest method does not exhibit the same improvement. Second, despite its
lower bias, the NON-HONEST method consistently shows significantly higher variance than the
other methods. This is due to overfitting to noise in the AIPW score, as discussed in Section 2.4.3.
Together, these findings confirm the importance of the honesty principle in mitigating overfitting

when the AIPW score is noisy.

Value Improvement.

We also assess the improvement in targeting performance achieved by our proposed method

when decision-makers rely on CATE models estimated from LDP-protected data. Specifically, we
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measure the incremental value gained from targeting individuals with positive predicted CATEs:

1
—_ (X)) - 1(z? > 0)],
Nholdout ~Z ( l) ( l )
le holdout

1 2B
b=1
where 77 is the predicted CATE of individual ! in the b-th bootstrap replication. We then report
the value improvement of a method T compared to the DEFAULT method TPEFAULT ag the percentage

=\ =DEgrauLt
difference in their targeting value, i.e., 100% x %

MSE Squared Bias Variance

20 40 60 20 40 60 20 40 60
Sample Size (in Thousands)

> Default =7 Non-Honest 7+ Honest © Proposed

(a) Scenario 1: LDP-Protected Covariates

Squared Bias Variance
A %,; .

/ ) % :h% N .

20 40 60 20 40 60 20 40 60
Sample Size (in Thousands)

> Default = Non-Honest £ Honest < Proposed
(b) Scenario 2: LDP-Protected Outcome

Note: We simulate 100 replications to compute the bootstrap mean MSE for each individual in the holdout set. We then average the
bootstrap mean over a holdout set of 10,000 individuals for each point. The results presented here are based on the use of R-learner
R-learner with regression forests as the initial CATE model.

Figure B.3: Squared Bias and Variance with Varying Sample Sizes
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Varying Privacy Levels. Table B.4 presents the value improvement of different methods over the
DEerauLT method. Specifically, we report both the percentage improvement and the proportion
of bootstrap replications in which the focal method outperforms the DerauLT approach. The
Prorosep achieves significant positive value improvement regardless of privacy levels. Notably,
the relative value improvement of the PRorosep methods over the DEFAULT is even greater at
higher privacy levels. In contrast, both the SpLiT-ONLY and NoN-HoNEsT methods did not improve
targeting value significantly, and the NoN-HONEST approach even results in value loss when
covariates are protected by high levels of noise. Together, these findings suggest that the Subgroup
Cross-Learning approach is particularly effective in addressing the challenges of stricter privacy

protection settings, providing robust value improvements in targeting.

Table B.4: Value Improvement Across Varying Privacy Levels

(a) Scenario 1: LDP-Protected Covariates (b) Scenario 2: LDP-Protected Outcome
[ PrOPOSED SPLIT-ONLY NonN-HoNEsT [ ProOPOSED SPLIT-ONLY NonN-HoONEsT
0 7.0% (98%) 2.4% (64%) 2.8% (76%) 0 7.0% (98%) 2.4% (64%) 2.8% (76%)
0.2 8.4% (98%) 2.5% (74%) 2.5% (64%) 1 7.9% (98%) 1.2% (67%) 3.2% (69%)
04 10.6% (100%) 3.1% (70%) 2.8% (66%) 2 8.8% (99%) 1.1% (66%) 3.5% (79%)
0.6 13.6% (100%) 0.6% (52%) 1.7% (50%) 3 10.8% (96%) 0.9% (53%) 3.6% (66%)
0.8 18.6% (98%) 1.6% (52%) 1.5% (52%) 4 11.5% (94%) 1.9% (62%) 1.7% (58%)
1.0 14.9% (84%) 2.6% (54%) -10.3% (32%) 5 13.7% (94%) 2.6% (65%) 1.8% (54%)

Note: We calculate the value improvement from 100 simulation replications, along with the percentage of replications in which
the value of the focal method is greater than the value of the DEFAULT approach (given in parentheses). The results presented
here are based on the use of R-learner as the initial CATE model. Results derived from different CATE models are available in

Electronic Companion B.5.6.

Varying Sample Sizes. Table B.5 reports the value improvement across different sample sizes.
Consistent with the findings in Section 2.5.5, the PRoPoseD method consistently outperforms other
approaches, achieving the best performance across all sample sizes. When the sample size is large,

the SpLIT-ONLY method performs similar the PRorosep method.

Runtime Analysis

A potential concern with the post-processing approach is the additional time required for
implementation. Table B.6 summarizes the runtime of each method discussed in Section 2.5.2

across different sample sizes. Overall, we find that while post-processing methods take longer
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Table B.5: Value Improvement for Different Methods Across Varying Sample Sizes

(a) Scenario 1: LDP-Protected Covariates

(b) Scenario 2: LDP-Protected Outcome

Sample Size

ProroseDp

SPLIT-ONLY

NON-HONEST

Sample Size

ProroseD

SPLIT-ONLY

NON-HONEST

3,000
6,000
12,000
24,000
36,000
48,000
60,000

14.9% (84%)
17.5% (96%)
13.7% (100%)
11.5% (100%)
10.8% (100%)
10.6% (100%)
11.4% (100%)

2.6% (54%)
3.4% (68%)
8.0% (92%)
9.9% (100%)
9.1% (100%)
9.5% (100%)
8.8% (100%)

~10.3% (32%)
0.7% (52%)
0.1% (50%)
1.1% (63%)
0.9% (65%)
1.3% (70%)
1.5% (68%)

3,000
6,000
12,000
24,000
36,000
48,000
60,000

13.8% (94%)
10.7% (100%)
8.3% (100%)
6.6% (100%)
5.6% (100%)
5.5% (100%)
4.2% (100%)

0.1% (52%)
5.6% (88%)
5.3% (94%)
5.1% (100%)
4.9% (100%)
4.5% (100%)
3.6% (100%)

1.0% (56%)
2.8% (74%)
2.6% (82%)
2.2% (100%)
1.6% (100%)
1.4% (88%)
1.2% (78%)

Note: We calculate the value improvement from 100 simulation replications, along with the percentage of replications in which
the value of the focal method is greater than the value of the DEFAULT approach (given in parentheses). The results presented
here are based on the use of R-learner as the initial CATE model. Results derived from different CATE models are available in

Electronic Companion B.5.6.

than the DErauULT approach, the additional time remains manageable. For instance, with a sample

size of 60,000 individuals, the PRoPOSED method adds only 22 extra seconds compared to the

DEeFAULT method.

Table B.6: Runtime (in Seconds) of Different Methods Across Varying Sample Sizes

Sample Size Prorosep SPLIT-ONLY NonN-HoNEsT DEFAULT
3k 8.3 (0.3) 7.0(0.2) 6.9 (0.2) 5.9(0.2)
6k 16.0 (0.8) 12.9 (0.7) 12.9 (0.7) 11.6 (0.6)
12k 30.7 (1.0) 25.7 (0.8) 25.6 (0.8) 24.6 (0.9)
24k 73 (1.3) 51.8 (0.8) 51.6 (0.5) 53.9 (1.6)
36k 112.5 (1.4) 80.3 (1.1) 80.2 (1.1) 92.8 (3.0)
48k 158.6 (8.2) 114.3 (3.9) 114.1 3.9) 135.7 (6.9)
60k 197.7 (4.9) 144.4 (3.8) 1443 (3.7) 175.3 (5.8)

Note: We calculate the mean running time from 100 simulation replications, along with the standard deviation in parentheses.

B.5.3 Policy Learning as An Alternative Benchmark

In this appendix, we explore whether the existing policy learning method [17] could serve as a
potential solution for mitigating LDP noise, as learning a mapping from covariates to a binary
decision may be easier than estimating the true CATEs. To implement this approach, we first

generate the AIPW score using the procedure described earlier. We then derive the targeting

policy based on this score by solving the optimization problem:

7 = argmax Z [27t(X;) — 1] T},

Z‘e,Dtrain

where we constrain 77 in the class of probability forest in the grf package.

Table B.7 compares the value improvement (as defined in Section 2.5.4) of policy learning
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relative to targeting individuals with positive predicted CATEs from the DErFauLT method. Overall,
we find that policy learning does not improve targeting performance compared to the DErFauLT
method. We hypothesize two possible reasons for this result. First, the AIPW score used in policy
learning is noisier than the predicted CATEs, making it difficult to learn an effective targeting
policy. Second, when directly learning the targeting policy, covariate noise complicates the ability

to establish an optimal decision rule.

Table B.7: Value Improvement Across Varying Privacy Levels

(a) Scenario 1: LDP-Protected Covariates (b) Scenario 2: LDP-Protected Outcome
[ Proposed Policy Learning o Proposed Policy Learning
0 7.0% (98%) ~1.6% (22%) 0 7.0% (98%) ~1.6% (22%)
02 8.4% (98%) —2.6% (9%) 1 7.9% (98%) ~2.0% (26%)
04 10.6% (100%) ~1.3% (39%) 2 8.8% (99%) ~1.6% (30%)
06 13.6% (100%) —1.2% (35%) 3 10.8% (96%) —1.1% (31%)
0.8 18.6% (98%) —2.0% (39%) 4 11.5% (94%) —1.4% (35%)
1 14.9% (84%) 0.2% (65%) 5 13.4% (94%) —0.1% (43%)

Note: We calculate the value improvement from 100 simulation replications, along with the percentage of replications in which the
value of the focal method is greater than the value of the DEFAULT approach (given in parentheses). The results presented here are

based on the use of R-learner with regression forests as the initial CATE model.

B.5.4 Results with LDP Protection Applied to Both Outcomes and Covariates

In this appendix, we present results where both the outcome and covariates are protected
under Local Differential Privacy (LDP). Specifically, we consider five privacy levels—very low,
low, medium, high, and very high—by varying the scale of Laplace noise: ¢ € {1,2,3,4,5} for
outcomes and ¢ € {0.2,0.4,0.6,0.8,1.0} for covariates. We then replicate the previous analyses

under these settings.

Varying Privacy Levels. Figure B.4 presents the MSE, squared bias, and variance of different
methods across different privacy levels, where we apply R-learners with regression forests as
the DErFAULT method and the initial CATE models. The results are consistent with the findings
from the main analysis. Table B.8 reports the AUTOC values across different privacy levels. The
ProroseDp method consistently outperforms other approaches, achieving the best performance
across all privacy levels. Table B.9 presents the value improvement of different methods across

various privacy levels. The results align with the findings from the main analysis.
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Note: We simulate 100 replications to compute the bootstrap mean MSE for each individual in the holdout set. We then average the
bootstrap mean over a holdout set of 10,000 individuals for each point. The results presented here are based on the use of R-learner
with regression forests as the initial CATE model.

Figure B.4: Statistical Accuracy with Varying Privacy Levels

Table B.8: AUTOC Values for Different Methods Across Varying Privacy Levels

Privacy Proposed Honest Non-Honest Default
No 2.37 (96%) 2.34 (75%) 2.33 (48%) 2.33
Very Low 2.3 (100%) 2.26 (76%) 2.22 (52%) 2.22
Low 2.14 (100%) 2.11 (83%) 2.08 (75%) 2.06
Medium 1.92 (100%) 1.9 (96%) 1.81 (46%) 1.81
High 1.64 (92%) 1.66 (97%) 1.54 (57%) 1.55
Very High 1.36 (83%) 1.40 (92%) 1.26 (48%) 1.28

Note: We calculate the AUTOC value from 100 simulation replications, along with the percentage of replications in which the value of
the focal method is greater than the value of the DEFAULT approach (given in parentheses). The results presented here are based on

the use of R-learner with regression forests as the initial CATE model.

Table B.9: Value Improvement Across Varying Privacy Levels

Privacy Proposed Honest Non-Honest
No 5.3% (84%) —1.4% (36%) 1.0% (64%)
Very Low 8.8% (100%) 0.7% (56%) 0.2% (56%)
Low 12.5% (100%) 1.1% (56%) 4.5% (64%)
Medium 15.3% (100%) 1.1% (56%) —4.3% (40%)
High 14.2% (84%) 6.4% (72%) —18.1% (24%)
Very High 24.7% (72%) 21.8% (68%) —68.2% (12%)

Note: We calculate the value improvement from 100 simulation replications, along with the percentage of replications in which the
value of the focal method is greater than the value of the DEFAULT approach (given in parentheses). The results presented here are

based on the use of R-learner with regression forests as the initial CATE model.
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Varying Sample Sizes. Figure B.5 presents the MSE, squared bias, and variance of different
methods across different privacy levels, where we apply Casual Forest as the DEFAULT method

and the initial CATE models. The results are consistent with the findings from the main analysis.
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Note: We simulate 100 replications to compute the bootstrap mean MSE for each individual in the holdout set. We then average the
bootstrap mean over a holdout set of 10,000 individuals for each point. The results presented here are based on the use of R-learner
with regression forests as the initial CATE model.

Figure B.5: Statistical Accuracy with Varying Sample Sizes

Table B.10 reports the AUTOC values across different sample sizes. Table B.11 presents the
value improvement of different methods across various sample sizes. The results align with the

findings in Section 2.5.5.

Table B.10: AUTOC Values for Different Methods Across Varying Sample Sizes

Sample Size Proposed Honest Non-Honest Default
3k 1.36 (83%) 1.4 (92%) 1.26 (48%) 1.28
6k 145 (96%) 1.42 (92%) 1.33 (76%) 1.30
12k 1.57 (100%) 1.54 (100%) 1.45 (88%) 1.40
24k 1.6 (100%) 1.55 (100%) 1.47 (100%) 1.42
36k 1.61 (100%) 1.58 (100%) 1.49 (100%) 1.45
48k 1.62 (100%) 1.60 (100%) 1.50 (100%) 146
60k 1.65 (100%) 1.64 (100%) 1.55 (100%) 1.50

Note: We calculate the AUTOC value from 100 simulation replications, along with the percentage of replications in which the value of
the focal method is greater than the value of the DEFAULT approach (given in parentheses). The results presented here are based on

the use of R-learner with regression forests as the initial CATE model.

B.5.5 Additional Benchmarks for Post-processing

In this appendix, we provide additional benchmarks for post-processing to further demonstrate

the value of our PrRoPOSED solution. Specifically, we evaluate (i) different subgroup partitioning
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Table B.11: Value Improvement for Different Methods Across Varying Sample Sizes

Sample Size Proposed Honest Non-Honest
3k 24.7% (72%) 21.8% (68%) —68.2% (12%)
6k 75.8% (92%) 74.6% (92%) —50.6% (20%)
12k 81.6% (100%) 77.9% (100%) -13.5% (24%)
24k 67.5% (100%) 55.5% (100%) 3.8% (65%)
36k 86.1% (100%) 83.9% (100%) 1.7% (72%)
48k 70.2% (100%) 74% (100%) 11.2% (80%)
60k 57% (100%) 60.4% (100%) 4.4% (80%)

Note: We calculate the value improvement from 100 simulation replications, along with the percentage of replications in which the
value of the focal method is greater than the value of the DEFAULT approach (given in parentheses). The results presented here are

based on the use of R-learner with regression forests as the initial CATE model.

strategies within the PRorPosED method to assess the impact of within-group homogeneity in
the subgroup cross-learning strategy and (ii) stochastic gradient boosting [78] for honest post-
processing to compare the effectiveness of our proposed subgroup cross-learning approach against

a standard machine learning technique.

Alternative Subgroup Partitioning Strategies.

We compare three alternative subgroup partitioning strategies to splitting individuals based

on their predicted CATEs from the initial CATE predictions.

1. Partitioning based on covariate values: We use K-means clustering on covariate values to define

the subgroups.
2. Partitioning based on the outcome: We categorize individuals based on their outcome variable.
3. Partitioning randomly: We generate random subgroups of individuals.

Figure B.6 presents the MSE, squared bias, and variance across different privacy levels with
small samples (N = 3,000). Overall, all subgroup partitioning strategies improve accuracy
compared to the DEFAULT method. Among them, subgrouping based on predicted CATEs and
covariate values yields the best performance. Figure B.7 presents the MSE, squared bias, and
variance across different sample sizes under high privacy levels. Overall, all subgroup partitioning
strategies improve accuracy compared to the DEFAULT method. Additionally, when the sample

size is large, performance remains similar across different subgroup partitioning strategies.
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Note: We simulate 100 replications to compute the bootstrap mean MSE for each individual in the holdout set. We then average the
bootstrap mean over a holdout set of 10,000 individuals for each point. The results presented here are based on the use of R-learner

with regression forests as the initial CATE model.

Figure B.6: Statistical Accuracy with Varying Privacy Levels Across Subgroup Partitioning Strategies
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Note: We simulate 100 replications to compute the bootstrap mean MSE for each individual in the holdout set. We then average the
bootstrap mean over a holdout set of 10,000 individuals for each point. The results presented here are based on the use of R-learner
with regression forests as the initial CATE model.

Figure B.7: Statistical Accuracy with Varying Sample Sizes Across Subgroup Partitioning Strategies
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Alternative Post-processing Methods

In this appendix, we compare several alternative boosting procedures for post-processing. We

tirst consider the alternative honest post-processing methods.

1. Post-Processing with Sample Splitting and Subgroup Updates (SPLIT-SUBGROUP): This method
performs post-processing using a separate adjustment dataset ﬁad]- and stops when there
is no improvement on a third validation set 25va1. We perform subgroup learning, where
subgroups are determined based on the predicted CATEs from the initial CATE model.
However, the step size is determined within the same subgroup of individuals rather than

using other subgroups.

2. Post-Processing with Sample Splitting and Subgroup Updates (SPLIT-SGB): This method performs
post-processing using a separate adjustment dataset ﬁadj and stops when there is no
improvement on a third validation set Dy,. In each iteration, we apply the stochastic
gradient descent method to update the model, i.e., we randomly sample 20% of individuals
from the calibration set, then use this random subsample to construct the adjustment model

and determine the step size.

Figure B.8 presents the MSE, squared bias, and variance of different methods across different
privacy levels. Overall, the alternative honest post-processing methods do not improve accuracy
and instead exhibit significantly higher bias.

Next, we further examine the value of the proposed subgroup cross-learning in settings
without sample splitting (NON-HONEST-CRrOss). Figure B.9 presents the MSE, squared bias, and
variance of different methods across different privacy levels. Consistent with our theoretical
insights, we find that subgroup cross-learning enhances predictive accuracy even without using a

separate dataset for model post-processing.
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Note: We simulate 100 replications to compute the bootstrap mean MSE for each individual in the holdout set. We then average the
bootstrap mean over a holdout set of 10,000 individuals for each point. The results presented here are based on the use of R-learner

with regression forests as the initial CATE model.

Figure B.8: Statistical Accuracy with Varying Privacy Levels: Alternative Post-processing Methods
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Note: We simulate 100 replications to compute the bootstrap mean MSE for each individual in the holdout set. We then average the
bootstrap mean over a holdout set of 10,000 individuals for each point. The results presented here are based on the use of R-learner

with regression forests as the initial CATE model.

Figure B.9: Statistical Accuracy with Varying Privacy Levels: Subgroup Cross-Learning
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B.5.6 Robustness Checks for Different Initial CATE models

In this section, we further evaluate the performance of two different approaches for the initial

CATE model:

1. Causal Forest [199]: We implement causal forest using the grf package with default parame-

ters.

2. T-learner with regression forests [134]: We estimate two separate conditional mean outcome
models —one for the treatment group and one for the control group—and compute the
predicted CATEs as the difference between their predicted outcomes. Each regression model

is estimated using regression forests with default parameters from the grf package.

3. R-learner with XGBoost models [155]: Similar to the R-learner with regression forests used in
the main analysis, we implement R-learner with XGBoost models for both the conditional
mean outcome and CATE models. Hyperparameter tuning follows the methods implemented

by [155].

4. T-learner with XGBoost models: Similar to the T-learner with regression forests, we implement
R-learner with XGBoost models for the conditional mean outcome models. Hyperparameter

tuning follows the methods implemented by [155].

Overall, regardless of the initial CATE models, our proposed solution yields to the smallest
predictive error and best targeting performance with varying privacy levels and experiment

sample sizes.

Results for Causal Forest.

Varying Privacy Levels. Figure B.10 presents the MSE, squared bias, and variance of different
methods across different privacy levels, where we apply Casual Forest as the DEFAULT method
and the initial CATE models. Table B.12 reports the AUTOC values across different privacy levels.
Table B.13 presents the value improvement of different methods across various privacy levels.

Overall, the results align with the findings from the main analysis in Section 2.5.5.
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Note: We simulate 100 replications to compute the bootstrap mean MSE for each individual in the holdout set. We then average the
bootstrap mean over a holdout set of 10,000 individuals for each point.

Figure B.10: Statistical Accuracy with Varying Privacy Levels: Causal Forest

Table B.12: AUTOC Values for Different Methods Across Varying Privacy Levels: Causal Forest

(a) Scenario 1: LDP-Protected Covariates (b) Scenario 2: LDP-Protected Outcome
o PROPOSED SPLIT-ONLY Non-HONEsT DEFAULT o PROPOSED SPLIT-ONLY Non-HONEsT DEFAULT
0.0 2.38 (82%) 2.34 (56%) 2.35 (54%) 2.35 0 2.38 (78%) 2.34 (56%) 2.34 (45%) 2.34
0.2 2.33 (94%) 2.28 (70%) 2.28 (56%) 2.28 1 2.38 (78%) 2.35 (50%) 2.34 (37%) 2.35
04 2.19 (90%) 2.15 (66%) 2.13 (50%) 2.13 2 2.36 (84%) 2.32 (54%) 2.31 (38%) 2.32
0.6 2.00 (82%) 1.98 (68%) 1.94 (32%) 1.96 3 2.34 (69%) 2.31 (49%) 2.29 (26%) 2.32
0.8 1.81 (80%) 1.79 (72%) 1.73 (28%) 1.77 4 2.31 (77%) 2.27 (59%) 2.22 (31%) 2.26
1.0 1.63 (82%) 1.63 (82%) 1.55 (24%) 1.60 5 2.26 (74%) 2.23 (63%) 2.17 (23%) 2.22

Note: We calculate the AUTOC values from 100 simulation replications, along with the percentage of replications in which the value

of the focal method is greater than the value of the DEFAULT approach (given in parentheses).
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Table B.13: Value Improvement Across Varying Privacy Levels: Causal Forest

(a) Scenario 1: LDP-Protected Covariates (b) Scenario 2: LDP-Protected Outcome
o PROPOSED SPLIT-ONLY Non-HoNEsT [ PrOPOSED SPLIT-ONLY NonN-HONEsT
0 10.1% (96%) 3.6% (68%) 8.9% (84%) 0 9.7% (97%) 2.8% (72%) 5.6% (76%)
02 10.4% (98%) 1.9% (64%) 6.4% (78%) 1 9.1% (92%) 1.8% (61%) 5.3% (72%)
04 12.7% (98%) —3.4% (48%) 7.9% (86%) 2 10.6% (93%) —1.7% (52%) 6.6% (73%)
0.6 13.4% (84%) —3.4% (42%) 5.3% (56%) 3 12% (90%) —5.1% (41%) 8.4% (76%)
0.8 14.9% (86%) ~15.9% (24%) 11% (60%) 4 13.8% (92%) —6.9% (36%) 7.1% (71%)
1 16.8% (92%) —26.4% (22%) 4.4% (58%) 5 11.5% (86%) ~11.1% (29%) 2.5% (53%)

Note: We calculate the value improvement from 100 simulation replications, along with the percentage of replications in which the

value of the focal method is greater than the value of the DEFAULT approach (given in parentheses).
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Note: We simulate 100 replications to compute the bootstrap mean MSE for each individual in the holdout set. We then average the
bootstrap mean over a holdout set of 10,000 individuals for each point.

Figure B.11: Statistical Accuracy with Varying Sample Sizes: Causal Forest
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Varying Sample Sizes. Figure B.11 presents the MSE, squared bias, and variance of different
methods across different sample sizes, where we apply Casual Forest as the DErauLT method
and the initial CATE models. Table B.14 reports the AUTOC values across different sample sizes.
Table B.15 presents the value improvement of different methods across various sample sizes.

Overall, the results align with the findings from the main analysis in Section 2.5.5.

Table B.14: AUTOC Values for Different Methods Across Varying Sample Sizes: Causal Forest

(a) Scenario 1: LDP-Protected Covariates (b) Scenario 2: LDP-Protected Outcome
Sample Size Prorosep SPLIT-ONLY Non-HoNEst DerauLt Sample Size Prorosep SPLIT-ONLY Non-HoNEst DerauLt
3k 1.63 (82%) 1.63 (82%) 1.55 (24%) 1.60 3k 2.26 (74%) 2.23 (63%) 2.17 (23%) 222
6k 1.69 (92%) 1.69 (92%) 1.64 (30%) 1.58 6k 2.35 (92%) 2.31 (58%) 2.29 (40%) 2.30
12k 1.74 (98%) 1.73 (98%) 1.7 (50%) 1.65 12k 2.42 (94%) 2.4 (80%) 2.38 (74%) 237
24k 1.75 (100%) 1.75 (100%) 1.73 (70%) 1.68 24k 2.45 (100%) 2.45 (95%) 2.43 (85%) 242
36k 1.76 (100%) 1.76 (100%) 1.74 (85%) 1.70 36k 2.48 (92%) 2.47 (90%) 2.46 (70%) 245
48k 1.77 (100%) 1.77 (100%) 1.75 (90%) 1.70 48k 2.49 (98%) 2.48 (100%) 2.47 (100%) 247
60k 1.78 (100%) 1.78 (100%) 1.76 (90%) 171 60k 2.50 (96%) 2.49 (80%) 2.49 (90%) 248

Note: We calculate the AUTOC values from 100 simulation replications, along with the percentage of replications in which the value

of the focal method is greater than the value of the DEFAULT approach (given in parentheses).

Table B.15: Value Improvement for Different Methods Across Varying Sample Sizes: Causal Forest

(a) Scenario 1: LDP-Protected Covariates (b) Scenario 2: LDP-Protected Outcome
Sample Size ProroseD SPLIT-ONLY NonN-HoNEsT Sample Size PROPOSED SPLIT-ONLY Non-HoNEsT
3k 16.8% (92%) —26.4% (22%) 4.4% (58%) 3k 10.1% (82%) —11.6% (28%) 3.0% (52%)
6k 12.9% (90%) —12% (26%) 5.5% (58%) 6k 8.2% (98%) —0.1% (52%) 2.6% (66%)
12k 5.1% (94%) —1.6% (56%) 1.4% (58%) 12k 6.6% (100%) 2.9% (84%) 3.8% (92%)
24k 5.8% (95%) 2.5% (74%) 1.5% (60%) 24k 3.6% (100%) 2.8% (95%) 1.8% (95%)
36k 5.7% (100%) 3.1% (83%) 3% (85%) 36k 3.3% (95%) 2.0% (90%) 2.1% (90%)
48k 3.5% (96%) 2% (87%) 0.3% (52%) 48k 1.8% (93%) 1.7% (90%) 0.9% (90%)
60k 2.5% (90%) 2.9% (100%) 0.5% (61%) 60k 1.1% (88%) 0.7% (85%) 0.6% (82%)

Note: We calculate the value improvement from 100 simulation replications, along with the percentage of replications in which the

value of the focal method is greater than the value of the DEFAULT approach (given in parentheses).

Results for T-learner with Regression Forests.

Varying Privacy Levels. Figure B.12 presents the MSE, squared bias, and variance of different
methods across different privacy levels, where we apply T-learner with regression forests as the
DEerauLT method and the initial CATE models. Table B.16 reports the AUTOC values across
different privacy levels. Table B.17 presents the value improvement of different methods across
various privacy levels. Overall, the results align with the findings from the main analysis in

Section 2.5.5.
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Note: We simulate 100 replications to compute the bootstrap mean MSE for each individual in the holdout set. We then average the
bootstrap mean over a holdout set of 10,000 individuals for each point. The results presented here are based on the use of T-learner
with regression forests as the initial CATE model.

Figure B.12: Statistical Accuracy with Varying Privacy Levels: T-learner with Regression Forests

Table B.16: AUTOC Values for Different Methods Across Varying Privacy Levels: T-learner with Regression Forests

(a) Scenario 1: LDP-Protected Covariates (b) Scenario 2: LDP-Protected Outcome
o Prorosen SPLIT-ONLY Non-HONEST DEFAULT o Prorosep SPLIT-ONLY NonN-HoNEsT DEFAULT
0 2.32 (100%) 2.28 (98%) 2.26 (100%) 2.09 0 2.28 (100%) 2.24 (98%) 2.22 (100%) 2.04
0.2 2.26 (100%) 2.21 (100%) 2.2 (100%) 2.03 1 2.27 (100%) 2.23 (100%) 2.21 (100%) 2.05
0.4 2.11 (100%) 2.05 (100%) 2.05 (100%) 1.89 2 2.24 (100%) 2.18 (99%) 2.19 (100%) 2.02
0.6 1.92 (100%) 1.85 (97%) 1.85 (96%) 1.73 3 2.22 (100%) 2.16 (100%) 2.16 (99%) 1.99
0.8 1.72 (100%) 1.66 (92%) 1.68 (96%) 1.56 4 2.17 (100%) 2.08 (96%) 2.10 (100%) 1.93
1 1.50 (98%) 1.46 (92%) 1.46 (96%) 1.37 5 2.10 (97%) 2.01 (91%) 2.05 (98%) 1.88

Note: We calculate the value improvement from 100 simulation replications, along with the percentage of replications in which the
value of the focal method is greater than the value of the DEFAULT approach (given in parentheses). The results presented here are

based on the use of T-learner with regression forests as the initial CATE model.

196



Table B.17: Value Improvement Across Varying Privacy Levels: T-learner with Regression Forests

(a) Scenario 1: LDP-Protected Covariates (b) Scenario 2: LDP-Protected Outcome
o PrOPOSED SPLIT-ONLY Non-HoNEsT o PRrROPOSED SPLIT-ONLY Non-HoNEsT
0 22% (100%) 18.4% (98%) 14.2% (98%) 0 25.0% (100%) 18.4% (94%) 17.0% (97%)
0.2 24.4% (100%) 15.8% (88%) 17.1% (98%) 1 23.9% (100%) 17.1% (95%) 16.6% (100%)
0.4 30.3% (100%) 19.2% (88%) 18.7% (92%) 2 24.9% (100%) 14.0% (91%) 17.6% (97%)
0.6 28.9% (100%) 9.9% (80%) 16.0% (84%) 3 26.5% (100%) 15.0% (92%) 18.0% (96%)
0.8 35.3% (96%) 8.5% (64%) 23.4% (84%) 4 29.9% (100%) 12.2% (75%) 18.9% (92%)
1 37.3% (94%) 3.4% (54%) 9.8% (62%) 5 28.7% (97%) 10.2% (73%) 18.5% (86%)

Note: We calculate the value improvement from 100 simulation replications, along with the percentage of replications in which the
value of the focal method is greater than the value of the DEFAULT approach (given in parentheses). The results presented here are

based on the use of T-learner with regression forests as the initial CATE model.

MSE Squared Bias Variance

4.0

2.0 gﬂ,mﬁgl—gg—x—x

20 40 60 20 40 60 20 40 60
Sample Size (in Thousands)

> Default =/ Non-Honest £ Honest & Proposed

(a) Scenario 1: LDP-Protected Covariates

Squared Bias Variance

Value

V. < Y v =\ 5
Lo i =S NN
20 40 60 20 40 60 20 40 60

Sample Size (in Thousands)

> Default =# Non-Honest 7+ Honest — Proposed

(b) Scenario 2: LDP-Protected Outcome

Note: We simulate 100 replications to compute the bootstrap mean MSE for each individual in the holdout set. We then average the
bootstrap mean over a holdout set of 10,000 individuals for each point. The results presented here are based on the use of T-learner
with regression forests as the initial CATE model.

Figure B.13: Statistical Accuracy with Varying Sample Sizes: T-learner with Regression Forests
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Varying Sample Sizes. Figure B.13 presents the MSE, squared bias, and variance of different
methods across different sample sizes, where we apply T-learner with regression forests as the
DEerauLT method and the initial CATE models.

Table B.18 reports the AUTOC values across different sample sizes. Table B.19 presents the
value improvement of different methods across various sample sizes. Overall, the results align

with the findings from the main analysis in Section 2.5.5.

Table B.18: AUTOC Values for Different Methods Across Varying Sample Sizes: T-learner with Regression Forests

(a) Scenario 1: LDP-Protected Covariates (b) Scenario 2: LDP-Protected Outcome
Sample Size PROPOSED SPLIT-ONLY NonN-HoNEsT DEFAULT Sample Size PROPOSED SPLIT-ONLY Non-HoNEsT DErauLT
3k 1.5 (98%) 1.46 (92%) 1.46 (96%) 137 3k 2.12 (100%) 2.02 (86%) 2.06 (98%) 1.89
6k 1.64 (100%) 1.61 (100%) 1.58 (100%) 1.49 6k 2.25 (100%) 2.18 (100%) 2.17 (100%) 2.02
12k 1.69 (100%) 1.66 (100%) 1.63 (100%) 1.56 12k 2.30 (100%) 2.28 (100%) 2.22 (100%) 2.10
24k 1.72 (100%) 1.72 (100%) 1.67 (100%) 1.62 24k 2.36 (100%) 2.34 (100%) 2.28 (100%) 219
36k 1.74 (100%) 1.72 (100%) 1.68 (100%) 164 36k 2.37 (100%) 2.35 (100%) 2.29 (100%) 222
48k 1.74 (100%) 1.74 (100%) 1.69 (100%) 1.66 48k 2.37 (100%) 2.36 (100%) 2.30 (100%) 223
60k 1.74 (100%) 1.74 (100%) 1.69 (100%) 1.65 60k 2.38 (100%) 2.38 (100%) 2.31 (100%) 2.26

Note: We calculate the value improvement from 100 simulation replications, along with the percentage of replications in which the
value of the focal method is greater than the value of the DEFAULT approach (given in parentheses). The results presented here are

based on the use of T-learner with regression forests as the initial CATE model.

Table B.19: Value Improvement for Different Methods Across Varying Sample Sizes: T-learner with Regression
Forests

(a) Scenario 1: LDP-Protected Covariates (b) Scenario 2: LDP-Protected Outcome
Sample Size Prorosep SPLIT-ONLY Non-HoNEsT Sample Size ProroseD SPLIT-ONLY NonN-HoNEsT
3k 37.3% (94%) 3.4% (54%) 9.8% (62%) 3k 29.4% (98%) 10.9% (80%) 18.2% (82%)
6k 35.1% (100%) 19.9% (88%) 16.9% (84%) 6k 23.2% (100%) 14.9% (100%) 11.8% (94%)
12k 25.2% (100%) 18.3% (98%) 9.6% (94%) 12k 18.2% (100%) 15.2% (98%) 9.1% (100%)
24k 17.5% (100%) 16.0% (100%) 4.0% (92%) 24k 14.2% (100%) 12.2% (100%) 5.8% (100%)
36k 16.5% (100%) 15.0% (100%) 3.0% (94%) 36k 11.9% (100%) 11% (100%) 4.1% (100%)
48k 13.5% (100%) 12.5% (100%) 3.3% (95%) 48k 10.4% (100%) 9.7% (100%) 3.8% (100%)
60k 15.7% (100%) 14.7% (100%) 3.6% (95%) 60k 9.9% (100%) 9.7% (100%) 3.4% (100%)

Note: We calculate the value improvement from 100 simulation replications, along with the percentage of replications in which the
value of the focal method is greater than the value of the DEFAULT approach (given in parentheses). The results presented here are

based on the use of T-learner with regression forests as the initial CATE model.

Results for R-learners with XGBoost Models.

Varying Privacy Levels. Figure B.14 presents the MSE, squared bias, and variance of different
methods across different privacy levels, where we apply R-learner with XGBoost models as the

DEerAULT method and the initial CATE models.
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Note: We simulate 100 replications to compute the bootstrap mean MSE for each individual in the holdout set. We then average the

bootstrap mean over a holdout set of 10,000 individuals for each point. The results presented here are based on the use of R-learner
with XGBoost models as the initial CATE model.

Figure B.14: Statistical Accuracy with Varying Privacy Levels: R-learner with XGBoost Models

Table B.20 reports the AUTOC values across different privacy levels. Table B.21 presents the

value improvement of different methods across various privacy levels. Overall, the results align

with the findings from the main analysis in Section 2.5.5.
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Table B.20: AUTOC Values for Different Methods Across Varying Sample Sizes: R-learner with XGBoost Models

(a) Scenario 1: LDP-Protected Covariates (b) Scenario 2: LDP-Protected Outcome
T ProPOSED SPLIT-ONLY Non-HoNEsT DEerauLT [ ProPoSeED SPLIT-ONLY Non-HoNEsT DErauLT
0 2.32 (72%) 2.31 (72%) 2.27 (48%) 227 0 2.36 (93%) 2.33 (93%) 2.27 (67%) 2.25
0.2 2.26 (100%) 2.23 (84%) 2.17 (72%) 213 1 2.35 (87%) 2.33 (83%) 2.28 (67%) 224
0.4 2.10 (96%) 2.07 (92%) 2.00 (88%) 193 2 2.33 (97%) 2.29 (83%) 2.24 (83%) 218
0.6 1.91 (88%) 1.89 (86%) 1.84 (68%) 1.81 3 2.27 (97%) 2.25 (97%) 2.18 (87%) 2.10
0.8 1.72 (88%) 1.69 (88%) 1.65 (88%) 1.56 4 2.22 (90%) 2.17 (70%) 2.13 (73%) 2.06
1 1.49 (80%) 1.48 (80%) 1.42 (72%) 138 5 2.16 (90%) 2.10 (83%) 2.07 (87%) 1.96

Note: We calculate the value improvement from 100 simulation replications, along with the percentage of replications in which the
value of the focal method is greater than the value of the DEFAULT approach (given in parentheses). The results presented here are
based on the use of R-learner with XGBoost models as the initial CATE model.

Table B.21: Value Improvement Across Varying Privacy Levels: R-learner with XGBoost Models

(a) Scenario 1: LDP-Protected Covariates (b) Scenario 2: LDP-Protected Outcome
[ Prorosep SPLIT-ONLY Non-HoNEsT o Prorosep SPLIT-ONLY Non-HoNEsT
0 4.8% (72%) 4.1% (64%) 0.3% (40%) 0 10.0% (93%) 7.3% (90%) 1.7% (63%)
0.2 14.1% (96%) 11.7% (84%) 4.1% (73%) 1 9.3% (77%) 7.7% (70%) 2.5% (67%)
0.4 25.0% (98%) 22% (88%) 11% (92%) 2 14.3% (90%) 10.5% (80%) 5.3% (70%)
0.6 18.2% (80%) 16% (76%) 4% (60%) 3 21.4% (97%) 18.6% (97%) 9.1% (73%)
0.8 36.8% (88%) 28.7% (85%) 3.9% (63%) 4 20.1% (95%) 13.1% (73%) 7.7% (73%)
1 40.3% (76%) 37.7% (79%) —0.2% (36%) 5 35.7% (93%) 26.9% (82%) 18.6% (83%)

Note: We calculate the value improvement from 100 simulation replications, along with the percentage of replications in which the
value of the focal method is greater than the value of the DEFAULT approach (given in parentheses). The results presented here are

based on the use of R-learner with XGBoost models as the initial CATE model.

Varying Sample Sizes. Figure B.15 presents the MSE, squared bias, and variance of different
methods across different sample sizes, where we apply R-learner with XGBoost models as the
DEerAULT method and the initial CATE models.

Table B.22 reports the AUTOC values across different sample sizes. Table B.23 presents the
value improvement of different methods across various sample sizes. Overall, the results align

with the findings from the main analysis in Section 2.5.5.
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Note: We simulate 100 replications to compute the bootstrap mean MSE for each individual in the holdout set. We then average the
bootstrap mean over a holdout set of 10,000 individuals for each point. The results presented here are based on the use of R-learner
with XGBoost models as the initial CATE model.

Figure B.15: Statistical Accuracy with Varying Sample Sizes: R-learner with XGBoost Models

Table B.22: AUTOC Values for Different Methods Across Varying Sample Sizes: R-learner with XGBoost Modelss

(a) Scenario 1: LDP-Protected Covariates (b) Scenario 2: LDP-Protected Outcome
Sample Size Prorosep SPLIT-ONLY Non-Honest Deraurt Sample Size Prorosep SPLIT-ONLY Non-HoNEesT Deraurt
3k 1.49 (80%) 1.48 (80%) 1.42 (72%) 1.38 3k 2.16 (90%) 2.10 (83%) 2.07 (87%) 1.96
6k 1.59 (92%) 1.57 (82%) 1.53 (88%) 1.46 6k 2.30 (84%) 2.25 (72%) 2.25 (72%) 211
12k 1.66 (92%) 1.64 (86%) 1.6 (84%) 1.54 12k 2.37 (96%) 2.36 (96%) 2.36 (96%) 223
24k 1.71 (83%) 1.7 (70%) 1.68 (90%) 1.66 24k 2.46 (75%) 2.45 (74%) 2.45 (69%) 237
36k 1.73 (81%) 1.72 (80%) 1.70 (80%) 1.68 36k 2.49 (81%) 2.48 (75%) 2.48 (75%) 242
48k 1.73 (85%) 1.73 (77%) 1.73 (83%) 1.72 48k 2.51 (93%) 2.50 (85%) 2.50 (83%) 243
60k 1.74 (94%) 1.74 (87%) 1.72 (88%) 1.70 60k 2.52 (80%) 2.52 (77%) 2.52 (60%) 2.50

Note: We calculate the value improvement from 100 simulation replications, along with the percentage of replications in which the
value of the focal method is greater than the value of the DEFAULT approach (given in parentheses). The results presented here are
based on the use of R-learner with XGBoost models as the initial CATE model.
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Table B.23: Value Improvement for Different Methods Across Varying Sample Sizes: R-learner with XGBoost Models

(a) Scenario 1: LDP-Protected Covariates (b) Scenario 2: LDP-Protected Outcome

Sample Size Prorosep SPLIT-ONLY NonN-HoNEsT Sample Size Prorosep SPLIT-ONLY NonN-HoNEsT
3k 40.3% (76%) 37.7% (79%) —0.2% (36%) 3k 35.7% (93%) 26.9% (82%) 18.6% (83%)
6k 51.6% (82%) 47.5% (84%) 23.8% (84%) 6k 24.2% (96%) 17.3% (68%) 14.6% (80%)
12k 27.6% (88%) 26.7% (84%) 11.7% (84%) 12k 13.8% (88%) 12.6% (92%) 7.1% (84%)
24k 11% (85%) 9.5% (80%) 4.2% (75%) 24k 7.3% (86%) 6.2% (65%) 3.1% (85%)
36k 9.0% (86%) 8.1% (78%) 2.5% (78%) 36k 5% (83%) 4.3% (80%) 2.4% (75%)
48k 8.5% (83%) 7.6% (76%) 1.4% (71%) 48k 7.6% (80%) 7.1% (77%) 2.6% (90%)
60k 7.7% (90%) 7.4% (90%) 4.8% (100%) 60k 1.5% (75%) 1.30% (69%) 0.8% (60%)

Note: We calculate the value improvement from 100 simulation replications, along with the percentage of replications in which the
value of the focal method is greater than the value of the DEFAULT approach (given in parentheses). The results presented here are

based on the use of R-learner with XGBoost models as the initial CATE model.

Results for T-learners with XGBoost Models.

Varying Privacy Levels. Figure B.16 presents the MSE, squared bias, and variance of different
methods across different privacy levels, where we apply T-learners with XGBoost models as the
DEerauLT method and the initial CATE models. Table B.12 reports the AUTOC values across
different privacy levels. Table B.13 presents the value improvement of different methods across
various privacy levels. Overall, the results align with the findings from the main analysis in

Section 2.5.5.
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Note: We simulate 100 replications to compute the bootstrap mean MSE for each individual in the holdout set. We then average the
bootstrap mean over a holdout set of 10,000 individuals for each point. The results presented here are based on the use of T-learner
with XGBoost models as the initial CATE model.

Figure B.16: Statistical Accuracy with Varying Privacy Levels: T-learner with XGBoost Models

Table B.24: AUTOC Values for Different Methods Across Varying Privacy Levels: T-learner with XGBoost Models

(a) Scenario 1: LDP-Protected Covariates (b) Scenario 2: LDP-Protected Outcome
T PrOPOSED SPLIT-ONLY Non-HoNEsT DEFAULT o PROPOSED SPLIT-ONLY NonN-HoNEsT DEerauLT
0 2.18 (100%) 2.16 (100%) 1.98 (88%) 191 0 2.20 (100%) 2.17 (100%) 2.01 (90%) 1.96
0.2 2.09 (100%) 2.05 (97%) 1.93 (100%) 1.85 1 2.18 (99%) 2.15 (94%) 2.02 (84%) 1.98
04 1.95 (100%) 1.92 (100%) 1.73 (80%) 1.66 2 2.14 (98%) 2.13 (95%) 1.97 (89%) 1.89
0.6 1.76 (96%) 1.74 (96%) 1.63 (92%) 1.54 3 2.08 (97%) 2.06 (98%) 1.9 (91%) 1.81
0.8 1.52 (94%) 1.51 (93%) 1.39 (95%) 1.30 4 2.00 (98%) 1.97 (96%) 1.83 (98%) 1.73
1 1.31 (100%) 1.3 (100%) 1.19 (88%) 1.12 5 1.91 (95%) 1.89 (95%) 1.78 (96%) 1.64

Note: We calculate the value improvement from 100 simulation replications, along with the percentage of replications in which the
value of the focal method is greater than the value of the DEFAULT approach (given in parentheses). The results presented here are

based on the use of T-learner with XGBoost models as the initial CATE model.
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Table B.25: Value Improvement Across Varying Privacy Levels: T-learner with XGBoost Models

(a) Scenario 1: LDP-Protected Covariates

(b) Scenario 2: LDP-Protected Outcome

PROPOSED

SPLIT-ONLY

NonN-HoNEsT

PROPOSED

SPLIT-ONLY

Non-HoNEsT

0.2
0.4
0.6
0.8

46.8% (100%)
46.8% (100%)
85% (100%)
82.4% (92%)
664.3% (96%)
540.1% (92%)

42.6% (100%)
41.3% (100%)
78.1% (100%)
73.6% (92%)
650.4% (92%)
508% (96%)

8.4% (76%)
13.7% (92%)
14% (64%)
23% (72%)
141.9% (72%)
59.1% (92%)

Ul W N~ o9

37.6% (98%)
34.2% (100%)
46.9% (98%)
63.7% (99%)
69.8% (95%)
122.4% (98%)

33.3% (98%)
31.0% (96%)
44.4% (97%)
58.7% (98%)
62.8% (94%)
116.7% (98%)

4.5% (54%)
3.8% (64%)
9.0% (70%)
16.3% (76%)
13.6% (70%)
47 4% (84%)

Note: We calculate the value improvement from 100 simulation replications, along with the percentage of replications in which the
value of the focal method is greater than the value of the DEFAULT approach (given in parentheses). The results presented here are
based on the use of T-learner with XGBoost models as the initial CATE model.

Varying Sample Sizes.
methods across different sample sizes, where we apply T-learner with XGBoost models as the
DEerauLT method and the initial CATE models. Table B.26 reports the AUTOC values across
different sample sizes. Table B.27 presents the value improvement of different methods across

various sample sizes. Overall, the results align with the findings from the main analysis in

Section 2.5.5.
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Note: We simulate 100 replications to compute the bootstrap mean MSE for each individual in the holdout set. We then average the
bootstrap mean over a holdout set of 10,000 individuals for each point. The results presented here are based on the use of T-learner
with XGBoost models as the initial CATE model.

Figure B.17: Statistical Accuracy with Varying Sample Sizes: T-learner with XGBoost Modelss

Table B.26: AUTOC Values for Different Methods Across Varying Sample Sizes: T-learner with XGBoost Models

(a) Scenario 1: LDP-Protected Covariates (b) Scenario 2: LDP-Protected Outcome
Sample Size PRrOPOSED SPLIT-ONLY Non-HoNEsT DErauLT Sample Size PROPOSED SPLIT-ONLY Non-HoNEsT DErauLT
3k 1.52 (98%) 1.51 (94%) 1.36 (58%) 135 3k 1.91 (100%) 1.89 (95%) 1.78 (96%) 1.64
6k 1.46 (96%) 1.44 (90%) 1.35 (96%) 127 6k 2.06 (100%) 2.02 (96%) 1.92 (100%) 1.8
12k 1.56 (92%) 1.54 (94%) 1.45 (98%) 1.38 12k 2.20 (100%) 2.18 (92%) 2.05 (96%) 1.95
24k 1.62 (100%) 1.6 (93%) 1.53 (100%) 1.44 24k 2.30 (100%) 2.28 (100%) 2.16 (100%) 2.08
36k 1.65 (95%) 1.65 (80%) 1.59 (100%) 154 36k 2.33 (100%) 2.33 (100%) 2.21 (100%) 215
48k 1.69 (100%) 1.68 (100%) 1.58 (100%) 1.54 48k 2.38 (100%) 2.37 (100%) 2.22 (100%) 213
60k 1.67 (83%) 1.66 (80%) 1.62 (100%) 1.57 60k 2.39 (100%) 2.39 (100%) 2.28 (100%) 222

Note: We calculate the value improvement from 100 simulation replications, along with the percentage of replications in which the
value of the focal method is greater than the value of the DEFAULT approach (given in parentheses). The results presented here are

based on the use of T-learner with XGBoost models as the initial CATE model.
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Table B.27: Value Improvement for Different Methods Across Varying Sample Sizes: T-learner with XGBoost Models

(a) Scenario 1: LDP-Protected Covariates (b) Scenario 2: LDP-Protected Outcome

Sample Size PROPOSED SPLIT-ONLY NonN-HoNEsT Sample Size Prorosep SPLIT-ONLY NonN-HoNEsT
3k 540.1% (92%) 508% (96%) 51.3% (48%) 3k 122.4% (98%) 116.7% (98%) 47 4% (84%)
6k 290.4% (94%) 273.5% (94%) 75.8% (76%) 6k 60.8% (100%) 51.5% (96%) 21.1% (84%)
12k 100.6% (92%) 94.3% (94%) 25.5% (68%) 12k 43.8% (100%) 39.3% (92%) 15.9% (92%)
24k 78.0% (90%) 74.3% (85%) 37.8% (75%) 24k 26.4% (100%) 24.8% (100%) 8.4% (90%)
36k 29.7% (90%) 27.9% (93%) 10.4% (80%) 36k 21.5% (95%) 20.6% (95%) 7% (95%)
48k 40.7% (100%) 39.2% (100%) 6.8% (65%) 48k 29.3% (96%) 28.9% (93%) 9.7% (87%)
60k 22.4% (88%) 21.1% (75%) 10.6% (43%) 60k 16.1% (98%) 15.5% (94%) 3.8% (68%)

Note: We calculate the value improvement from 100 simulation replications, along with the percentage of replications in which the
value of the focal method is greater than the value of the DErFAULT approach (given in parentheses). The results presented here are
based on the use of T-learner with XGBoost models as the initial CATE model.

B.6 Further Details about Hillstrom Case Study

In this section, we provide the summary statistics, implementation details, and robustness

checks for the Hillstrom case study in Section 2.6.4.

B.6.1 Summary Statistics

Table B.28 presents the summary statistics for the Hillstrom data. The definitions of the

pre-treatment covariates are:
1. Recency: The number of months since the customer’s last purchase.
2. History: The actual dollar value the customer has spent in the past year.

3. Mens: A binary variable indicating whether the customer purchased men’s merchandise in

the past year (1 = Yes).

4. Womens: A binary variable indicating whether the customer purchased women’s merchan-

dise in the past year (1 = Yes).
5. Zip_Code: A classification of the customer’s zip code as Urban, Suburban, or Rural

6. Newbie: A binary variable indicating whether the customer was acquired in the past twelve

months (1 = Yes).

7. Channel: The channel(s) the customer purchased from in the past year.
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Discrete Variables

Table B.28: Summary Statistics for Hillstrom Data

Variable N Unique Values Distributions
visit (Outcome) 42,693 2 0: 37,193, 1: 5,500
email (Treatment) 42,693 2 0: 21,306, 1: 21,387
mens 42,693 2 0: 19,166, 1: 23,527
womens 42,693 2 0: 19,260, 1: 23,433
newbie 42,693 2 0: 21,235, 1: 21,458
channel 42,693 3 Phone: 18,781, Website: 18,727, Multichannel: 5,185
zip_code 42,693 3 Suburban: 19,275, Urban 17,098, Rural: 6,320
Continuous Variables

Variable N Mean St. Dev. Min Pctl(25) Median
history 42,693 241.71 254.04 29.99 65.16 158.46
newbie 42,693 0.5 0.5 0 1
recency 42,693 5.76 3.5 1 2 5

B.6.2 Covariate Balance Check

To assess covariate balance, we compare the distributions of each covariate for both treated
and non-treated customers. In particular, we use the standardized mean difference measure, which is
the mean difference between the treated and non-treated groups divided by the pooled standard
deviation. Generally, it is considered small if the value is less than 0.20 [48]. Table B.29 reports the
summary for the covariate balance check. Note that the standardized mean differences are close

to zero for all covariates, suggesting that the experiment is properly randomized.

Table B.29: Covariate Balance Check for Hillstrom Data

Variable Mean Diff. Pooled St. Dev. Standardized Mean Diff.
recency 0.021 3.505 0.006
history 1.803 255.307 0.007
mens —0.003 0.497 —0.007
womens 0.003 0.498 0.006
newbie 0.000 0.500 0.001
channel_Multichannel —0.002 0.327 —0.005
channel_Phone 0.000 0.496 0.000
channel_Web 0.001 0.496 0.003
zip_code_Rural 0.003 0.356 0.009
zip_code_Suburban —0.003 0.498 —0.006
zip_code_Urban 0.000 0.490 0.000

We also conduct a linear regression test to assess whether any covariate predicts the treatment
assignment indicator. The joint F-test indicates that the model has no predictive power (F-stat =

0.4292, p-value = 0.9202), suggesting that randomization was successfully implemented.
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B.6.3 Implementation of Local Differential Privacy

We examine two scenarios: the LDP-protected covariates and LDP-protected outcome. In the
first scenario, we deploy the Laplace mechanism for the recency variable, setting ¢ ccency to
values in the set 2,4,6,8,10, and for the history variable, setting ¢ccency to values in the set
20,40, 60,80, 100. For all discrete variables, we implement the randomized response mechanism,
with p in the set 0.05,0.10,0.15,0.20, 0.25. In the secon scenario, we apply the randomized response

mechanism described in Section 2.6.2, setting p to values in the set 0.05,0.10,0.15,0.20, 0.25.

B.6.4 Model Specification

In the main analysis, we use the R-learner with regression forest models models and five-fold
cross-fitting for the DEFAULT method and initial CATE models. We use a constant propensity score
(0.5) for Robinson’s transformation. For all regression forest models, we use 500 trees instead of
the default 2,000 trees to accelerate training, while keeping all other parameters at their default
settings in the grf package.

To construct the AIPW score for post-processing, we set a constant propensity score (¢ = 0.5),
considering that the experiment is completely randomized. As for the conditional mean outcome
models, we evaluate three candidate models: linear regression, logistic regression, and regression
forest. The data is split into two sets: 70% allocated as the training set and the remaining 30%
serving as the holdout set. The mean-squared error (MSE) metric is reported in Table B.30,
calculated as m S ieholdout setl Yi — 7w, (X1)]2. Linear regression is chosen as our final model

since it yields the smallest MSE.

Table B.30: MSE of Conditional Mean Outcome Models

Privacy Scenario 1: LDP-Protected Covariates Scenario 2: LDP-Protected Outcome
Linear Regression Logistic Regression Regression Forest Linear Regression Logistic Regression Forest
No 0.1088 0.1089 0.1099 0.1088 0.1089 0.1099
Very Low 0.1094 0.1094 0.1098 0.1118 0.1119 0.1128
Low 0.1118 0.1119 0.1123 0.1107 0.1109 0.1122
Medium 0.1092 0.1092 0.1093 0.1184 0.1184 0.1205
High 0.1155 0.1155 0.1159 0.1186 0.1186 0.1204
Very High 0.1108 0.1109 0.1114 0.1202 0.1202 0.1220

For the adjustment models in the post-processing procedures, we use linear regression to

ensure simplicity and computational efficiency. We set the number of subgroups to 10 and the
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maximum number of iterations to 20 for the subgroup cross-learning algorithm.

B.6.5 Small Sample Performance

Here, we demonstrate that in small-sample settings, the PRorPoseD method outperforms the
SpLIT-ONLY method. Instead of using 70% for model construction and 30% for holdout evaluation,
we now only use 10% of the data to construct models and 90% to evaluate the performance.

Table B.31 presents the RMSE across varying privacy levels. The results show that the Pro-
roseD method significantly outperforms the SpLiT-ONLY method, with both improving accuracy
compared to the DErFaULT approach. Additionally, the NoN-HONEST post-processing method can
even degrade performance, underscoring the importance of our PRorosep method in small-sample

settings.

Table B.31: RMSE of GATE (Multiplied by 100) for Different Methods Across Varying Privacy Levels

) Scenario 1: LDP-Protected Covariates Scenario 2: LDP-Protected Outcome
Privacy
Prorosep SPLIT-ONLY NonN-HoNEsT DEFAULT Prorosep SPLIT-ONLY NonN-HoNEsT DEerauLT
No 4.00 (100%) 4.13 (100%) 7.20 (4%) 6.88 4.00 (100%) 4.13 (100%) 7.20 (4%) 6.88
Very Low 4.02 (100%) 4.19 (100%) 6.62 (24%) 6.46 4.26 (100%) 4.38 (100%) 7.55 (16%) 7.24
Low 3.90 (100%) 4.06 (100%) 6.46 (30%) 6.33 4.66 (100%) 4.69 (100%) 8.21 (4%) 7.92
Medium 4.01 (100%) 4.09 (100%) 6.52 (16%) 6.35 5.07 (100%) 5.14 (100%) 8.75 (4%) 8.31
High 3.90 (100%) 4.07 (100%) 6.45 (20%) 6.28 5.23 (100%) 5.36 (100%) 9.06 (4%) 8.74
Very High 3.92 (100%) 4.03 (100%) 6.43 (24%) 6.26 5.21 (100%) 5.41 (100%) 9.19 (0%) 8.84

Note: We calculate the RMSE from 50 random splits, along with the percentage of replications in which the value of the focal method
is greater than the value of the DEFAULT approach (given in parentheses).

Table B.32 reports the AUTOC values across different privacy levels. Consistent with previous
findings, the PRoPOsED method outperforms the SpLIT-ONLY method, with both achieving better
accuracy than the DerauLT approach. While the NoN-HONEST post-processing method also

enhances treatment prioritization ability, it suffers from higher predictive error.

Table B.32: AUTOC (Multiplied by 100) for Different Methods Across Varying Privacy Levels

Privacy Scenario 1: LDP-Protected Covariates Scenario 2: LDP-Protected Outcome
Prorosep SPLIT-ONLY Non-HONEsST DEFaULT Prorosep SPLIT-ONLY Non-HONEsST DEFauLT
No 1.08 (96%) 1.01 (92%) 0.87 (96%) 0.70 1.08 (96%) 1.01 (92%) 0.87 (96%) 0.70
Very Low 1.00 (94%) 1.00 (94%) 0.83 (100%) 0.62 0.83 (96%) 0.84 (96%) 0.76 (100%) 0.59
Low 0.86 (96%) 0.85 (94%) 0.72 (100%) 0.54 0.63 (88%) 0.66 (76%) 0.64 (92%) 0.45
Medium 0.83 (84%) 0.76 (80%) 0.77 (98%) 0.59 0.55 (80%) 0.51 (64%) 0.50 (96%) 0.34
High 0.78 (90%) 0.74 (82%) 0.68 (84%) 0.49 0.56 (82%) 0.52 (80%) 0.53 (82%) 0.40
Very High 0.72 (90%) 0.67 (76%) 0.64 (86%) 0.47 0.50 (86%) 0.49 (72%) 0.45 (88%) 0.25

Note: We calculate the AUTOC values from 50 random splits, along with the percentage of replications in which the value of the focal

method is greater than the value of the DEraULT approach (given in parentheses).
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B.6.6 Value Improvement for Targeting

In addition to treatment prioritization, we evaluate the improvement in targeting performance
achieved by our proposed method when decision-makers rely on CATE models estimated from
LDP-protected data. Following B.5.2, we quantify the policy value gained by targeting individuals
with positive predicted CATEs using the inverse probability-weighting estimator [217]. Here, the
propensity score is estimated as the empirical probability that the targeting policy aligns with
the treatment assignment in the data. We then report the value improvement of a method 7

compared to the DEFAULT method TPEFAVLT

(:L:) 4 (.?DEFAULT)
vV (-’L—‘DEEAULT )

as the percentage difference in their targeting value,
e, 100% x

Table B.33 reports the average value improvement across different privacy levels. The results
indicate that both the PrRorosep method and the SpLiT-ONLY method consistently outperform
the default approach, with the proposed method achieving slightly better performance than the

split-only method.

Table B.33: Value Improvement Across Varying Privacy Levels: R-learners with Regression Forests

Privacy Scenario 1: LDP-Protected Covariates Scenario 2: LDP-Protected Outcome
ProroseD SPLIT-ONLY Non-HoNEsT Prorosep SPLIT-ONLY Non-HoNEsT
No 2.25% (88%) 2.22% (92%) —0.03% (56%) 2.25% (88%) 2.22% (92%) —0.03% (56%)
Very Low 2.25% (92%) 2.13% (86%) 0.10% (50%) 2.32% (94%) 2.33% (98%) 0.06% (58%)
Low 2.28% (90%) 2.36% (92%) 0.03% (48%) 2.48% (92%) 2.51% (94%) 0.24% (66%)
Medium 2.73% (94%) 2.59% (92%) 0.10% (56%) 2.73% (98%) 2.64% (94%) 0.21% (70%)
High 2.64% (96%) 2.58% (96%) 0.12% (60%) 2.85% (94%) 2.85% (98%) 0.23% (72%)
Very High 2.88% (96%) 2.84% (98%) 0.16% (64%) 3.24% (100%) 3.18% (98%) 0.16% (66%)

Note: We calculate the value improvement from 50 splits, along with the percentage of replications in which the value of the focal
method is greater than the value of the DEFAULT approach (given in parentheses). The results presented here are based on the
use of R-learner with regression forests as the initial CATE model. Results derived from different CATE models are available in

Electronic Companion B.5.6.

B.6.7 Robustness Checks of Other Default Models
Forest-based Models.

We begin by considering two alternative forest-based CATE models as the DEFauLT method
and the inital CATE models for the post-processing algorithms: Causal Forest and T-learner with

regression forests.
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1. Causal Forest: We use the causal forest function implemented in the grf package with 500
trees and other default parameters. Note that we choose 500 trees instead the default 2,000

trees to accelerate the model training process.

2. T-learner: We estimate two separate conditional mean outcome models —one for the treat-
ment group and one for the control group—and compute the predicted CATEs as the
difference between their predicted outcomes. For each regression forest, we use 500 trees
instead of the default 2,000 trees to accelerate the training process, while keeping all other

parameters at their default settings in the gr £ package.

Table B.34 reports the RMSE for the two CATE models. The results indicate that (i) the
Prorosep method significantly outperforms all other methods, (ii) the SpLIT-ONLY method also
improves upon the DEFAULT method, while (iii) the NoN-HONEST post-processing method fail to

enhance predictive performance.

Table B.34: RMSE of GATE (Multiplied by 100) for Different Methods Across Varying Privacy Levels

(a) T-learners with Regression Forests

Privacy Scenario 1: LDP-Protected Covariates Scenario 2: LDP-Protected Outcome
PrOPOSED SPLIT-ONLY NoN-HoNEsT DEraULT Prorosep SPLIT-ONLY NonN-HoNEsT DErauLT
No 2.51 (96%) 2.69 (96%) 3.66 (60%) 3.70 2.51 (96%) 2.69 (96%) 3.66 (60%) 3.70
Very Low 3.01 (96%) 3.09 (96%) 3.69 (48%) 3.73 2.41 (100%) 2.46 (100%) 3.88 (36%) 3.83
Low 2.95 (74%) 2.97 (76%) 3.47 (46%) 3.43 2.55 (100%) 2.59 (100%) 4.51 (52%) 4.52
Medium 2.94 (90%) 3.02 (88%) 3.53 (48%) 3.55 2.66 (100%) 2.78 (100%) 4.68 (40%) 4.61
High 3.01 (86%) 3.17 (76%) 3.74 (46%) 3.68 2.85 (100%) 2.83 (100%) 5.02 (28%) 4.94
Very High 2.95 (94%) 2.96 (98%) 3.63 (38%) 3.55 3.14 (100%) 3.23 (100%) 5.39 (48%) 5.39
(b) Causal Forest
. Scenario 1: LDP-Protected Covariates Scenario 2: LDP-Protected Outcome
Privacy
PrOPOSED SPLIT-ONLY NoN-HoNEsT DEerauLT Prorosep SPLIT-ONLY NonN-HoNEsT DEeFauLT
No 0.71 (100%) 0.71 (100%) 1.40 (32%) 1.38 0.71 (100%) 0.71 (100%) 1.40 (32%) 1.38
Very Low 0.73 (100%) 0.74 (100%) 1.42 (33%) 1.41 1.59 (100%) 1.60 (100%) 2.85 (36%) 2.85
Low 0.78 (100%) 0.78 (100%) 1.44 (42%) 1.43 2.12 (100%) 2.14 (100%) 3.71 (48%) 3.71
Medium 0.80 (100%) 0.82 (100%) 1.47 (44%) 1.47 2.52 (100%) 2.52 (100%) 4.36 (48%) 4.36
High 0.84 (100%) 0.86 (100%) 1.47 (33%) 1.45 2.82 (100%) 2.84 (100%) 4.85 (36%) 4.84
Very High 0.84 (100%) 0.84 (100%) 1.42 (52%) 1.42 3.06 (100%) 3.09 (100%) 5.27 (32%) 527

Note: We calculate the RMSE from 50 random splits, along with the percentage of replications in which the value of the focal method

is greater than the value of the DEFAULT approach (given in parentheses).

Table B.35 reports the AUTOC values (multiplied by 100) for different methods across various
privacy levels. Consistent with the main findings in Section 2.6 of the paper, the PRorosep method
outperforms all other methods, and all the post-processing methods outperform the DEFaULT

approach.
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Table B.35: AUTOC Values (Multiplied by 100) for Different Methods Across Varying Privacy Levels

(a) T-learners with Regression Forests

N Scenario 1: LDP-Protected Covariates Scenario 2: LDP-Protected Outcome
Privacy
ProOPOSED SPLIT-ONLY Non-HoNEsT DEerauLT ProroseD SPLIT-ONLY NoN-HoNEsT DErauLT
No 1.38 (82%) 1.36 (82%) 1.18 (60%) 1.17 1.37 (86%) 1.38 (82%) 1.18 (60%) 117
Very Low 1.46 (92%) 1.42 (88%) 1.17 (80%) 1.13 1.10 (76%) 1.07 (72%) 0.92 (54%) 0.91
Low 1.24 (94%) 1.23 (98%) 0.98 (82%) 0.92 1.11 (82%) 1.08 (78%) 0.90 (70%) 0.87
Medium 1.12 (90%) 1.09 (86%) 0.83 (84%) 0.76 0.99 (74%) 0.95 (68%) 0.84 (62%) 0.80
High 0.98 (92%) 0.95 (90%) 0.74 (84%) 0.69 0.97 (78%) 0.96 (66%) 0.85 (72%) 0.81
Very High 0.94 (90%) 0.91 (88%) 0.69 (84%) 0.62 0.75 (86%) 0.73 (82%) 0.56 (62%) 0.52
(b) Causal Forest
. Scenario 1: LDP-Protected Covariates Scenario 2: LDP-Protected Outcome
Privacy
Prorosep SPLIT-ONLY Non-HoNEsT DEFAaULT Prorosep SPLIT-ONLY Non-HONEsST DEFAULT
No 1.71 (60%) 1.68 (68%) 1.57 (48%) 1.59 1.71 (60%) 1.68 (68%) 1.57 (48%) 1.59
Very Low 1.55 (96%) 1.52 (84%) 1.44 (96%) 1.26 1.41 (76%) 1.43 (68%) 1.29 (60%) 1.26
Low 1.30 (100%) 1.32 (88%) 1.22 (96%) 1.03 1.56 (68%) 1.55 (72%) 1.45 (64%) 143
Medium 1.30 (96%) 1.21 (80%) 1.17 (96%) 0.97 1.27 (88%) 1.27 (84%) 1.18 (92%) 1.07
High 1.36 (92%) 1.29 (92%) 1.24 (98%) 0.99 1.26 (96%) 1.25 (96%) 1.02 (96%) 0.89
Very High 1.11 (100%) 1.07 (88%) 1.09 (94%) 0.89 1.06 (88%) 1.02 (78%) 1.00 (82%) 0.85

Note: We calculate the AUTOC values from 50 random splits, along with the percentage of replications in which the value of the focal

method is greater than the value of the DEFAULT approach (given in parentheses).

XGBoost-based Models.

Next, we consider two additional boosting-tree models: R-learner and T-learner with XGBoost
models.

To fine-tune the hyperparameters in XGBoost models, we perform a single train-holdout split
under the non-privacy setting. For conditional mean outcome models, we select parameters that
minimize mean squared prediction error, while for the CATE model in the R-learner, we choose
parameters that maximize the AUTOC value. The search ranges for key hyperparameters include:
learning rate 1 € {0.20,0.40, 0.60,0.80, 1.00}, maximum depth in each tree {2,4,6,8,10}, and the

maximum number of iterations {10, 20, 30,40, 50}. The optimal hyperparameters are as follows:

* (R-learner) Conditional mean outcome model: # = 0.20, maximum tree depth: 2, the
maximum number of iterations: 40; CATE model: # = 0.20, maximum tree depth: 2, the

maximum number of iterations: 10.

¢ (T-learner) Conditional mean outcome model for the treatment group: 1 = 0.20, maximum
tree depth: 2, the maximum number of iterations: 20; Conditional mean outcome model for

the control group: 17 = 0.20, maximum tree depth: 2, the maximum number of iterations: 10.
Table B.36 reports the RMSE for the two CATE models. Table B.37 reports the AUTOC values
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(multiplied by 100) for different methods across various privacy levels. The findings are consistent

with the main results in Section 2.6.

Table B.36: RMSE of GATE (Multiplied by 100) for Different Methods Across Varying Privacy Levels

(a) R-learner with XGBoost Models

Privacy Scenario 1: LDP-Protected Covariates Scenario 2: LDP-Protected Outcome
PrOPOSED SPLIT-ONLY Non-HoNEsT DEFAULT Prorosep SPLIT-ONLY Non-HoNEsT DEerauLT
No 2.16 (100%) 2.18 (100%) 2.08 (100%) 4.82 2.16 (100%) 2.18 (100%) 2.08 (100%) 4.82
Very Low 2.16 (100%) 2.18 (100%) 2.08 (100%) 5.02 2.16 (100%) 2.26 (100%) 2.34 (100%) 4.85
Low 2.16 (100%) 2.26 (100%) 2.34 (100%) 4.85 2.18 (98%) 2.39 (96%) 2.26 (100%) 4.88
Medium 2.18 (96%) 2.39 (96%) 2.26 (100%) 4.78 2.05 (100%) 2.25 (100%) 2.45 (100%) 4.85
High 2.05 (100%) 2.25 (100%) 2.45 (100%) 4.65 2.17 (100%) 2.33 (100%) 2.38 (100%) 4.88
Very High 2.17 (100%) 2.33 (100%) 2.38 (100%) 4.78 2.29 (100%) 2.32 (100%) 2.51 (100%) 4.92
(b) T-learners with XGBoost Models
. Scenario 1: LDP-Protected Covariates Scenario 2: LDP-Protected Outcome
Privacy
Prorosep SPLIT-ONLY NoN-HoNEsT DEFAULT Prorosep SPLIT-ONLY NonN-HoNEsT DErauLT
No 2.48 (100%) 2.42 (100%) 2.62 (100%) 4.69 2.48 (100%) 2.42 (100%) 2.62 (100%) 4.69
Very Low 2.20 (100%) 2.23 (100%) 2.23 (100%) 4.64 2.35 (100%) 2.37 (100%) 2.47 (100%) 4.70
Low 2.11 (100%) 2.13 (100%) 2.26 (100%) 431 2.76 (100%) 2.57 (100%) 2.65 (100%) 4.83
Medium 2.21 (100%) 2.20 (100%) 2.24 (92%) 427 2.53 (100%) 2.50 (100%) 2.48 (100%) 4.65
High 2.10 (100%) 2.16 (100%) 2.16 (100%) 433 2.59 (100%) 2.74 (100%) 2.57 (100%) 4.60
Very High 2.21 (100%) 2.22 (100%) 2.21 (100%) 426 2.85 (100%) 2.96 (96%) 2.83 (96%) 4.57

Note: We calculate the RMSE from 50 random splits, along with the percentage of replications in which the value of the focal method

is greater than the value of the DEFAULT approach (given in parentheses).

Table B.37: AUTOC Values (Multiplied by 100) for Different Methods Across Varying Privacy Levels

(a) R-learners with XGBoost Models

Privacy Scenario 1: LDP-Protected Covariates Scenario 2: LDP-Protected Outcome
Prorosen SPLIT-ONLY NonN-HONEST DEFAULT Prorosep SPLIT-ONLY NonN-HONEST DEFAULT
No 1.78 (72%) 1.79 (84%) 1.78 (80%) 1.55 1.78 (72%) 1.79 (84%) 1.78 (80%) 1.55
Very Low 1.81 (96%) 1.83 (96%) 1.78 (96%) 145 1.67 (74%) 1.68 (76%) 1.61 (90%) 1.58
Low 1.71 (84%) 1.74 (88%) 1.77 (96%) 143 1.77 (72%) 1.75 (60%) 1.78 (80%) 1.61
Medium 1.57 (72%) 1.61 (80%) 1.57 (76%) 1.42 1.68 (68%) 1.67 (76%) 1.64 (68%) 1.55
High 1.55 (68%) 1.60 (76%) 1.62 (76%) 141 1.61 (64%) 1.65 (60%) 1.69 (68%) 1.56
Very High 1.54 (67%) 1.60 (75%) 1.58 (83%) 1.39 1.62 (76%) 1.67 (68%) 1.66 (76%) 1.49
(b) T-learners with XGBoost Models
. Scenario 1: LDP-Protected Covariates Scenario 2: LDP-Protected Outcome
Privacy
Prorosep SPLIT-ONLY Non-HoNEsT DEerauLT Prorosep SPLIT-ONLY Non-HoNEsT DEFauLT
No 1.68 (72%) 1.66 (70%) 1.58 (60%) 1.55 1.68 (72%) 1.66 (70%) 1.58 (60%) 1.55
Very Low 1.62 (64%) 1.68 (72%) 1.62 (64%) 151 1.67 (72%) 1.77 (84%) 1.57 (68%) 1.47
Low 1.74 (84%) 1.78 (96%) 1.58 (84%) 1.42 1.64 (64%) 1.60 (64%) 1.57 (72%) 151
Medium 1.49 (64%) 1.51 (76%) 1.47 (80%) 1.35 1.62 (76%) 1.62 (84%) 1.67 (92%) 1.46
High 1.52 (66%) 1.53 (68%) 1.56 (72%) 144 1.53 (84%) 1.55 (88%) 1.45 (68%) 1.31
Very High 1.52 (78%) 1.52 (80%) 1.46 (72%) 1.35 1.53 (68%) 1.54 (72%) 1.53 (72%) 1.44

Note: We calculate the AUTOC values from 50 random splits, along with the percentage of replications in which the value of the focal

method is greater than the value of the DEFAULT approach (given in parentheses).
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B.7 Further Details about Starbucks Case Study

In this section, we provide the summary statistics, implementation details, and robustness

checks for the Starbucks case study in Section 2.6.4.

B.7.1 Summary Statistics

Table B.38 provides summary statistics for the Starbucks data. Note that there are five

categorical and two continuous pre-treatment covariates.

Table B.38: Summary Statistics for Starbucks Data

Discrete Variables

Variable N Unique Values Distribution
Purchase (Outcome) 126,184 2 0: 124,664, 1: 1,520
Promotion (Treatment) 126,184 2 0: 63,072, 1:63,112
V1 126,184 4 0: 15,846, 1: 47,410, 2:47,134, 3: 15,794
V4 126,184 2 1: 40,379,  2: 85,805
V5 126,184 4 1: 23,179, 2: 46,597, 3: 48,643, 4:7,765
V6 126,184 4 1: 31,435, 2: 31,420, 3:3,1651, 4:31,678
V7 126,184 2 1: 37,545, 2: 88,639
Continuous Variables
Variable N Mean St. Dev. Min Pctl(25) Median Pctl(75) Max
V2 126,184 29.98 5.00 7.10 26.596 29.98 33.354 55.108
V3 126,184 0.00 1.00 —1.69 —0.91 —0.04 0.83 1.69

B.7.2 Covariate Balance Check

Table B.39 reports the summary statistics for the covariate balance check. The result suggests
that the experiment is properly randomized as the standardized mean differences of all the
covariates are close to zero.

We also conduct a linear regression test to assess whether any covariate predicts the treatment
assignment indicator. The joint F-test indicates that the model has no predictive power (F-stat =

0.8966, p-value = 0.5560), suggesting that randomization was successfully implemented.

B.7.3 Implementation of Local Differential Privacy

In the scenario when the outcome variable is protected by LDP, we apply the randomized

response mechanism, setting p to values in the set 0.05,0.10,0.15,0.20,0.25. In the scenario when
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Table B.39: Covariate Balance Check for Starbucks Data

Variable Mean Diff. Pooled St. Dev. Standardized Mean Diff.

Vi=0 —0.002 0.331 —0.005
Vi=1 —0.003 0.484 —0.006
Vi=2 0.002 0.484 0.004
Vi=3 0.003 0.331 0.009
V2 —0.011 5.001 —0.002
V3 0.012 1.000 0.012
Vi=1 —0.001 0.466 —0.002
V4=2 0.001 0.466 0.002
V5=1 0.003 0.387 0.007
V5 =2 —0.001 0.483 —0.001
V5=3 —0.001 0.487 —0.001
V5 =4 —0.002 0.240 —0.006
Ve =1 0.000 0.433 0.000
V6 =2 0.000 0.432 0.000
V6 =3 0.001 0.433 0.001
V6 =4 —0.001 0.434 —0.002
V7 =1 —0.001 0.457 —0.002
V7 =2 0.001 0.457 0.002

covaraites are protected by LDP, we deploy the Laplace mechanism for the v2 variable, setting
oy, to values in the set 5,10, 15, 20,25, and for the V3 variable, setting o3 to values in the set
1,2,3,4,5. For all discrete variables, we implement the randomized response mechanism, with p

in the set 0.08,0.16,0.24,0.32, 0.40.

B.7.4 Model Specification

In the main analysis, we use the R-learner with regression forest models models and five-fold
cross-fitting for the DEFAULT method and initial CATE models. We use a constant propensity score
(0.5) for Robinson’s transformation. For all regression forest models, we use 500 trees instead of
the default 2,000 trees to accelerate training, while keeping all other parameters at their default
settings in the grf package.

To construct the AIPW score for post-processing, we set a constant propensity score (¢ = 0.5),
considering that the experiment is completely randomized. As for the conditional mean outcome
models, we evaluate three candidate models: linear regression, logistic regression, and regression
forest. The data is split into two sets: 70% allocated as the training set and the remaining 30%
serving as the holdout set. The mean-squared error (MSE) metric is reported in Table B.40,

calculated as m > eholdout set|Yi — iw, (X;)]%. Linear regression is chosen as our final model
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since it yields the smallest MSE.

Table B.40: MSE of Conditional Mean Outcome Models

Privacy Scenario 1: LDP-Protected Covariates Scenario 2: LDP-Protected Outcome
Linear Regression Logistic Regression Regression Forest Linear Regression Logistic Regression Forest
No 0.0119 0.0119 0.0119 0.0119 0.0119 0.0119
Very Low 0.0119 0.0119 0.0119 0.0360 0.0360 0.0360
Low 0.0114 0.0114 0.0114 0.0559 0.0559 0.0560
Medium 0.0123 0.0123 0.0123 0.0766 0.0766 0.0768
High 0.0118 0.0118 0.0118 0.0981 0.0981 0.0982
Very High 0.0117 0.0117 0.0117 0.1160 0.1160 0.1164

For the adjustment models in the post-processing procedures, we use linear regression to
ensure simplicity and computational efficiency. We set the number of subgroups to 5 and the

maximum number of iterations to 5 for the subgroup cross-learning algorithm.

B.7.5 Small Sample Performance

Here, we demonstrate that in small-sample settings, the PRoroseD method outperforms the
SpLIT-ONLY method. Instead of using 70% for model construction and 30% for holdout evaluation,
we now only use 10% of the data to construct models and 90% to evaluate the performance.

Table B.41 presents the RMSE across varying privacy levels. The results show that the Pro-
roseD method significantly outperforms the SpLiT-ONLY method, with both improving accuracy
compared to the DErauLT approach. Additionally, the NoN-HONEST post-processing method can
even degrade performance, underscoring the importance of our PRorPosep method in small-sample

settings.

Table B.41: RMSE of GATE (Multiplied by 100) for Different Methods Across Varying Privacy Levels

) Scenario 1: LDP-Protected Covariates Scenario 2: LDP-Protected Outcome
Privacy
Prorosep SPLIT-ONLY NonN-HoNEsT DEFAULT Prorosep SPLIT-ONLY NonN-HoNEsT DEFauLT
No 1.00 (100%) 1.03 (100%) 1.72 (20%) 1.70 1.00 (100%) 1.03 (100%) 1.72 (20%) 1.70
Very Low 0.95 (100%) 0.98 (100%) 1.67 (8%) 1.60 1.86 (100%) 1.88 (100%) 3.15 (16%) 3.12
Low 0.98 (100%) 0.99 (100%) 1.67 (16%) 1.62 2.45 (100%) 2.51 (100%) 4.12 (28%) 4.06
Medium 1.01 (100%) 1.05 (100%) 1.71 (16%) 1.64 2.94 (100%) 2.98 (100%) 4.86 (12%) 4.78
High 1.03 (100%) 1.04 (100%) 1.72 (4%) 1.65 3.29 (100%) 3.45 (100%) 5.42 (4%) 5.35
Very High 1.05 (100%) 1.06 (100%) 1.70 (4%) 1.63 3.60 (100%) 3.69 (100%) 6.00 (0%) 5.91

Note: We calculate the RMSE from 50 random splits, along with the percentage of replications in which the value of the focal method

is greater than the value of the DEFAULT approach (given in parentheses).

Table B.42 reports the AUTOC values across different privacy levels. Consistent with previous
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findings, the PrRorosep method outperforms the SrLiT-ONLY method, with both achieving better

accuracy than the DerauLT approach. While the NoN-HONEST post-processing method also

enhances treatment prioritization ability, it suffers from higher predictive error.

Table B.42: AUTOC (Multiplied by 100) for Different Methods Across Varying Privacy Levels

Scenario 1: LDP-Protected Covariates

Scenario 2: LDP-Protected Outcome

Privac
Y Prorosep SPLIT-ONLY Non-HoNEsT DErauLT Prorosep SPLIT-ONLY Non-HoNEsT DEFauLT
No 0.24 (92%) 0.26 (96%) 0.24 (100%) 0.18 0.24 (92%) 0.26 (96%) 0.24 (100%) 0.18
Very Low 0.27 (92%) 0.23 (76%) 0.25 (88%) 0.18 0.14 (92%) 0.16 (88%) 0.12 (92%) 0.08
Low 0.19 (84%) 0.15 (84%) 0.15 (76%) 0.14 0.12 (72%) 0.09 (56%) 0.10 (92%) 0.07
Medium 0.15 (88%) 0.13 (68%) 0.12 (76%) 0.11 0.10 (72%) 0.09 (68%) 0.08 (84%) 0.04
High 0.12 (80%) 0.10 (68%) 0.11 (78%) 0.07 0.07 (74%) 0.03 (60%) 0.05 (84%) 0.05
Very High 0.08 (72%) 0.08 (72%) 0.07 (86%) 0.05 0.08 (84%) 0.07 (72%) 0.07 (82%) 0.04

Note: We calculate the AUTOC values from 50 random splits, along with the percentage of replications in which the value of the focal

method is greater than the value of the DEFAULT approach (given in parentheses).

B.7.6 Value Improvement for Targeting

Table B.43 reports the average value improvement across different privacy levels. The results

indicate that both the PrRorosep method and the SpLIT-ONLY method consistently outperform

the default approach, with the proposed method achieving slightly better performance than the

split-only method.

Table B.43: Value Improvement Across Varying Privacy Levels: R-learners with Regression Forests

Scenario 1: LDP-Protected Covariates

Scenario 2: LDP-Protected Outcome

Privacy

PRrROPOSED SPLIT-ONLY NonN-HONEST PROPOSED SPLIT-ONLY NonN-HONEST
No 2.25% (88%) 2.22% (92%) —0.03% (56%) 2.25% (88%) 2.22% (92%) —0.03% (56%)
Very Low 4.84% (96%) 4.35% (94%) —0.03% (48%) 2.32% (94%) 2.33% (98%) 0.06% (58%)
Low 4.8% (96%) 5.04% (96%) —0.08% (44%) 2.48% (92%) 2.51% (94%) 0.24% (66%)
Medium 5.89% (96%) 5.48% (82%) 0.06% (56%) 2.73% (98%) 2.64% (94%) 0.21% (70%)
High 4.42% (94%) 3.94% (80%) —0.21% (48%) 2.80% (94%) 2.85% (98%) 0.23% (72%)
Very High 5.12% (100%) 4.96% (94%) 0.37% (66%) 3.24% (100%) 3.18% (98%) 0.16% (66%)

Note: We calculate the value improvement from 50 splits, along with the percentage of replications in which the value of the focal

method is greater than the value of the DEFAULT approach (given in parentheses). The results presented here are based on the use of

R-learner with regression forests as the initial CATE model.
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B.7.7 Robustness Checks of Other Default Models
Forest-based Models.

We begin by considering two alternative forest-based CATE models as the DEFAULT method
and the inital CATE models for the post-processing algorithms: Causal Forest and T-learner with

regression forests.

1. Causal Forest: We use the causal forest function implemented in the grf package with 500 trees
and other default parameters. Note that we choose 500 trees instead the default 2,000 trees to

accelerate the model training process.

2. T-learner: We estimate two separate conditional mean outcome models — one for the treatment
group and one for the control group—and compute the predicted CATEs as the difference
between their predicted outcomes. For each regression forest, we use 500 trees instead of the
default 2,000 trees to accelerate the training process, while keeping all other parameters at their

default settings in the grf package.

Table B.44 reports the RMSE for the two CATE models. The results indicate that (i) the
Prorosep method significantly outperforms all other methods, (ii) the SPLIT-ONLY method also
improves upon the DEFAULT method, while (iii) the NoN-HONEST post-processing method fail to
reduce RMSE.

Table B.45 reports the AUTOC values (multiplied by 100) for different methods across various
privacy levels. Consistent with the main findings in Section 2.6 of the paper, the PRorosep method
outperforms all other methods, and all the post-processing methods outperform the DErauLT

approach.
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Table B.44: RMSE of GATE (Multiplied by 100) for Different Methods Across Varying Privacy Levels

(a) T-learners with Regression Forests

Privacy Scenario 1: LDP-Protected Covariates Scenario 2: LDP-Protected Outcome
PROPOSED SPLIT-ONLY NoN-HoNEsT DErauLT Prorosep SPLIT-ONLY NonN-HoNEsT DEeFauLT
No 0.48 (44%) 0.48 (40%) 0.46 (44%) 0.47 0.48 (44%) 0.48 (40%) 0.46 (44%) 0.47
Very Low 0.39 (56%) 0.38 (72%) 0.45 (40%) 0.44 0.43 (100%) 0.47 (100%) 0.73 (16%) 0.68
Low 0.39 (68%) 0.39 (56%) 0.45 (32%) 0.42 0.68 (100%) 0.69 (100%) 1.17 (20%) 1.14
Medium 0.40 (64%) 0.41 (52%) 0.46 (52%) 0.43 0.89 (100%) 0.95 (100%) 1.62 (20%) 1.58
High 0.38 (62%) 0.39 (72%) 0.45 (32%) 0.42 1.19 (100%) 1.23 (100%) 2.07 (40%) 2.06
Very High 0.38 (64%) 0.40 (56%) 0.44 (36%) 0.43 1.39 (100%) 1.40 (100%) 2.41 (12%) 2.39
(b) Causal Forest
3 Scenario 1: LDP-Protected Covariates Scenario 2: LDP-Protected Outcome
Privacy
ProOrosep SPLIT-ONLY Non-HoNEsT DEFauULT Prorosep SPLIT-ONLY Non-HoNEsT DErAuLT
No 0.46 (96%) 0.48 (88%) 0.76 (36%) 0.75 0.46 (96%) 0.48 (88%) 0.76 (36%) 0.75
Very Low 0.44 (100%) 0.44 (100%) 0.78 (24%) 0.74 0.72 (100%) 0.75 (100%) 1.37 (28%) 1.35
Low 0.42 (100%) 0.44 (100%) 0.76 (28%) 0.72 0.99 (100%) 1.00 (100%) 1.79 (52%) 1.79
Medium 0.44 (100%) 0.44 (100%) 0.78 (36%) 0.75 1.23 (100%) 1.26 (100%) 2.15 (48%) 2.14
High 0.45 (100%) 0.46 (100%) 0.78 (20%) 0.75 1.42 (100%) 1.44 (100%) 2.42 (52%) 241
Very High 0.44 (100%) 0.45 (100%) 0.78 (16%) 0.73 1.55 (100%) 1.57 (100%) 2.63 (48%) 2.63

Note: We calculate the RMSE from 50 random splits, along with the percentage of replications in which the value of the focal method

is greater than the value of the DEFAULT approach (given in parentheses).

Table B.45: AUTOC Values (Multiplied by 100) for Different Methods Across Varying Privacy Levels

(a) T-learners with Regression Forests

Privacy Scenario 1: LDP-Protected Covariates Scenario 2: LDP-Protected Outcome
PrOPOSED SPLIT-ONLY Non-HONEST DEFAULT PRrOPOSED SPLIT-ONLY Non-HoNEsT DEFAULT
No 0.60 (64%) 0.59 (60%) 0.59 (68%) 0.59 0.60 (64%) 0.59 (60%) 0.59 (68%) 0.59
Very Low 0.56 (56%) 0.56 (64%) 0.56 (68%) 0.55 0.44 (76%) 0.44 (60%) 0.42 (56%) 0.42
Low 0.49 (64%) 0.48 (56%) 0.48 (64%) 0.47 0.31 (76%) 0.31 (76%) 0.30 (80%) 0.27
Medium 0.43 (64%) 0.43 (56%) 0.43 (72%) 0.42 0.27 (84%) 0.26 (68%) 0.26 (100%) 0.21
High 0.38 (80%) 0.36 (60%) 0.37 (80%) 0.36 0.18 (80%) 0.18 (76%) 0.15 (100%) 0.11
Very High 0.32 (84%) 0.31 (68%) 0.31 (80%) 0.29 0.17 (72%) 0.15 (68%) 0.14 (100%) 0.12
(b) Causal Forest
. Scenario 1: LDP-Protected Covariates Scenario 2: LDP-Protected Outcome
Privacy
ProrPoseED SPLIT-ONLY NoN-HONEsT DEerauLT PROPOSED SPLIT-ONLY NonN-HoNEsT DEFAULT
No 0.53 (72%) 0.53 (72%) 0.51 (72%) 0.50 0.53 (72%) 0.53 (72%) 0.51 (72%) 0.50
Very Low 0.51 (100%) 0.50 (100%) 0.43 (96%) 0.41 0.33 (92%) 0.33 (96%) 0.30 (96%) 0.26
Low 0.43 (100%) 0.42 (96%) 0.38 (88%) 0.35 0.20 (88%) 0.21 (86%) 0.18 (85%) 0.14
Medium 0.34 (96%) 0.33 (100%) 0.31 (92%) 0.28 0.17 (88%) 0.18 (92%) 0.16 (93%) 0.11
High 0.28 (96%) 0.28 (92%) 0.25 (96%) 0.21 0.14 (82%) 0.14 (76%) 0.12 (86%) 0.08
Very High 0.24 (90%) 0.23 (92%) 0.22 (92%) 0.18 0.14 (88%) 0.14 (80%) 0.12 (82%) 0.09

Note: We calculate the AUTOC values from 50 random splits, along with the percentage of replications in which the value of the focal

method is greater than the value of the DEFAULT approach (given in parentheses).
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XGBoost-based Models.

Next, we consider two additional boosting-tree models: R-learner and T-learner with XGBoost
models.

To fine-tune the hyperparameters in XGBoost models, we perform a single train-holdout split
under the non-privacy setting. For conditional mean outcome models, we select parameters that
minimize mean squared prediction error, while for the CATE model in the R-learner, we choose
parameters that maximize the AUTOC value. The search ranges for key hyperparameters include:
learning rate 1 € {0.05,0.10,0.15,0.20, 0.25}, maximum depth in each tree {1,2,5,10,20}, and the

maximum number of iterations {10, 20, 30,40, 50}. The optimal hyperparameters are as follows:

* (R-learner) Conditional mean outcome model: # = 0.20, maximum tree depth: 2, the maximum
number of iterations: 50; CATE model: # = 0.15, maximum tree depth: 4, the maximum number

of iterations: 10.

* (T-learner) Conditional mean outcome model for the treatment group: # = 0.15, maximum tree
depth: 2, the maximum number of iterations: 50; Conditional mean outcome model for the

control group: # = 0.20, maximum tree depth: 2, the maximum number of iterations: 20.

Table B.46 reports the RMSE for the two CATE models. For R-learner, all the post-processing
methods significantly outperform the DErFauLT method. For T-learner, both the PRoPOSED and
SPLIT-ONLY methods outperform the DEFAULT method, while the NON-HONEST post-processing
method fail to reduce RMSE in the setting with LDP-protected outcomes.

Table B.47 reports the AUTOC values (multiplied by 100) for different methods across various
privacy levels. For the R-learner, all post-processing methods significantly outperform the DErauLT
method. In contrast, for the T-learner, all methods yield similarly high AUTOC values (relative to
other CATE models). This is likely because the best cross-validated XGBoost models in this setting
are already simple and less prone to high variance, leaving limited room for further improvement

in treatment prioritization.
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Table B.46: RMSE of GATE (Multiplied by 100) for Different Methods Across Varying Privacy Levels

(a) R-learner with XGBoost Models

Privacy Scenario 1: LDP-Protected Covariates Scenario 2: LDP-Protected Outcome
PrOPOSED SPLIT-ONLY Non-HoNEsT DEFAULT Prorosep SPLIT-ONLY Non-HoNEsT DEFAULT
No 0.46 (100%) 0.48 (100%) 0.48 (100%) 9.62 0.46 (100%) 0.48 (100%) 0.48 (100%) 9.62
Very Low 0.50 (100%) 0.47 (100%) 0.45 (100%) 9.65 0.53 (100%) 0.59 (100%) 0.52 (100%) 9.63
Low 0.48 (100%) 0.43 (100%) 0.43 (100%) 9.65 0.58 (100%) 0.71 (100%) 0.58 (100%) 9.69
Medium 0.48 (100%) 0.44 (100%) 0.45 (100%) 9.66 0.66 (100%) 0.8 (100%) 0.70 (100%) 9.61
High 0.47 (100%) 0.41 (100%) 0.41 (100%) 9.61 0.73 (100%) 0.9 (100%) 0.77 (100%) 9.56
Very High 0.49 (100%) 0.42 (100%) 0.41 (100%) 9.66 0.84 (100%) 1.01 (100%) 0.92 (100%) 9.52
(b) T-learner with XGBoost Models
. Scenario 1: LDP-Protected Covariates Scenario 2: LDP-Protected Outcome
Privacy
Prorosep SPLIT-ONLY NonN-HoNEsT DEFAULT Prorosep SPLIT-ONLY NonN-HoNEsT DErauLT
No 0.48 (94%) 0.45 (94%) 0.98 (10%) 0.68 0.48 (94%) 0.45 (94%) 0.98 (10%) 0.68
Very Low 0.44 (100%) 0.46 (96%) 0.43 (92%) 0.69 0.58 (100%) 0.60 (86%) 1.00 (36%) 0.78
Low 0.45 (96%) 0.48 (96%) 0.43 (100%) 0.69 0.69 (86%) 0.73 (72%) 1.12 (28%) 0.79
Medium 0.44 (92%) 0.45 (92%) 0.43 (96%) 0.70 0.81 (78%) 0.89 (46%) 1.22 (18%) 0.88
High 0.44 (96%) 0.44 (96%) 0.44 (96%) 0.64 0.84 (64%) 0.91 (38%) 1.27 (12%) 0.87
Very High 0.45 (100%) 0.48 (96%) 0.43 (100%) 0.70 0.94 (66%) 0.99 (42%) 1.32 (14%) 0.97

Note: We calculate the RMSE from 50 random splits, along with the percentage of replications in which the value of the focal method

is greater than the value of the DEFAULT approach (given in parentheses).

Table B.47: AUTOC Values (Multiplied by 100) for Different Methods Across Varying Privacy Levels

(a) R-learners with XGBoost Models

Privacy Scenario 1: LDP-Protected Covariates Scenario 2: LDP-Protected Outcome
Prorosep SPLIT-ONLY NonN-HONEST DEFAULT Prorosep SPLIT-ONLY NoN-HONEST DEFAULT
No 0.62 (64%) 0.60 (44%) 0.62 (56%) 0.61 0.62 (64%) 0.60 (44%) 0.62 (56%) 0.61
Very Low 0.60 (65%) 0.56 (60%) 0.55 (80%) 0.55 0.57 (56%) 0.52 (38%) 0.57(56%) 0.56
Low 0.48 (72%) 0.49 (76%) 0.50 (84%) 0.47 0.47 (80%) 0.41 (36%) 0.39 (28%) 0.44
Medium 0.42 (80%) 0.42 (72%) 0.42 (80%) 0.42 0.39 (84%) 0.38 (64%) 0.38 (68%) 0.33
High 0.39 (74%) 0.39 (76%) 0.39 (72%) 0.36 0.35 (82%) 0.30 (64%) 0.30 (56%) 0.26
Very High 0.31 (76%) 0.31 (68%) 0.30 (70%) 0.29 0.33 (76%) 0.29 (68%) 0.32 (74%) 0.25
(b) T-learners with XGBoost Models
Privacy Scenario 1: LDP-Protected Covariates Scenario 2: LDP-Protected Outcome
Prorosep SPLIT-ONLY Non-HONEsT DEFaULT Prorosep SPLIT-ONLY Non-HoNEsT DEFauLT
No 0.67 (54%) 0.66 (42%) 0.67 (60%) 0.66 0.67 (54%) 0.66 (42%) 0.67 (60%) 0.66
Very Low 0.55 (68%) 0.56 (68%) 0.55 (76%) 0.54 0.61 (48%) 0.60 (38%) 0.63 (74%) 0.61
Low 0.50 (66%) 0.49 (44%) 0.51 (66%) 0.49 0.51 (46%) 0.50 (40%) 0.53 (62%) 0.52
Medium 0.44 (72%) 0.43 (56%) 0.44 (80%) 0.42 0.48 (52%) 0.46 (48%) 0.51 (78%) 047
High 0.40 (64%) 0.38 (36%) 0.40 (66%) 0.38 0.41 (46%) 0.40 (42%) 0.44 (82%) 042
Very High 0.30 (50%) 0.30 (48%) 0.30 (52%) 0.30 0.39 (52%) 0.37 (40%) 0.44 (82%) 0.38

Note: We calculate the AUTOC values from 50 random splits, along with the percentage of replications in which the value of the focal

method is greater than the value of the DEFAULT approach (given in parentheses).
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Appendix C

Appendix to Chapter 3

C.1 Theoretical Guarantees

In this appendix, we provide the theoretical guarantees for the proposed deep IRL framework.

C.1.1 Formalizing the IRL Problem

We begin by formalizing the incrementality representation learning problem. First, we assume
that the true CATE function can be decomposed into two distinct functions: the representation
function, which transforms raw design features and customer covariates into a representation,
and the prediction function, which maps this representation to the actual CATE. This assumption

is articulated as follows:

Assumption C.1 (Data Generating Process) Assume that the true CATE function defined in

Equation (3.1) can be written as
T(ZO/ Xo,i) = f* o h*(ZOI Xo,i)/

where h* : Z x X — RX denotes the representation function and f* : RK — [~r,7],7 < 0 is the
prediction function for each offer. Also, assume that the probability of the firm choosing a specific
design feature Z € Z and observing specific customer covariate values X — A" are non-zero for an

experiment.

Note that this assumption does not require the existence of more predictive low-dimensional
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representations. Specifically, if the original design features and customer covariates already
constitute the most meaningful representation, then we have h*(Z,, X, ;) = (Zo, X,,)-

Assume that we have access to an unbiased proxy 7,; for the actual CATE (e.g., estimated
through the doubly robust score in Theorem 3.1). Without loss of generality and for simplicity, we
assume that each past experiment has the same sample size N. The objective of IRL is to construct
h and fthat best recover h* and f* by learning from 7, ;, that is,

o
(f, ﬁ) = arg min L 2 Z C(foh(Zy,Xoi), To) - (C.1)
feF, heH ON 0=1ieCE

Here, / represents a loss function, while ‘H and F denote the classes for the representation and
prediction models, respectively (such as deep neural networks). In the following analysis, we

focus on the case where /(y,y') = (y —y')? is the squared-loss function.

C.1.2 Model Complexity

Before establishing the bound on the prediction error, we first introduce a widely used metric to
assess the complexity of a function class in machine learning theory, known as Gaussian complexity

[22]. This measure quantifies the capacity of a model class to learn various patterns from data.

Definition C.1 (Gaussian Complexity) For a generic function class Q, comprising functions
a(-) = (q1(),---,q8()) : R4 — RE, and given N observed data points, X = (xy,---,xy), the

empirical Gaussian complexity of the function class is defined as
R 1 N B -
6(Q) =Ee,, [sup 5 D) D enp qb(xn>] , ey ~ N(0,1).

Following this, the population Gaussian complexity is defined as ®x(Q) = Ex {@X(Q)} , and the
(Q)

worst-case emprical Gaussian complexity is defined as &y (Q) = arg max, Bx

Essentially, Gaussian complexity measures how closely a function class Q can correlate with
white noise. A higher Gaussian complexity signifies a greater ability of the function class to fit

random noise, indicating an increased risk of overfitting.
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C.1.3 Bounding the Prediction Error of IRL

We now provide the prediction error bound for the IRL problem and its specific application to

IRL models utilizing deep neural networks.

Prediction Error Bound for Generic IRL Model. We characterize the prediction error as the
average mean squared error between the predictions of an IRL model and the true CATE:
1 O
Error (f,h) = E [ = Y £ (foh(Zo,Xos), f* o h*(Z, Xo,))

O 0=1

Throughout the analysis, we impose the following standard regularity assumptions on the

loss function and CATE functions.
Assumption C.2 (Assumption 1 in [193])
1. The loss function ¢ is nonnegative and B-bounded, i.e., 0 < ¢(y',y) < B for any y,y’' € R.

2. Every function within F is L-Lipschitz w.r.t. the norm | - ||z, i.e., | f(a) — f(a')|2 < L|a — a’| for
all f € Fand a,a’ € dom(f).

3. The composed function f o h is D-bounded, i.e., Supz x |foh(Z,X)| <D.

We now present the upper bound for the prediction error for a generic IRL model.

Theorem C.1 (Upper Bound for Prediction Error) Assuming that (i) the reqularity conditions in
Assumption C.2 hold, and (ii) f* € F and h* € H', then with probability at least 1 — 6, the prediction

o~ o~

error of the IRL model (f,h) derived from (C.1) can be bounded as follows:

Error (F,h) < ( o(;\li)z +1og(ON) | CBon(H) + \;O@(DN(]:)} 4G 108(%/‘5), (C2)

Ovwerfitting Potential for the Model Classes

where Cy, Cy, and C3 are some constants.

Proof. See C2.3. m

I Although this assumption might appear strong at first glance, it is actually reasonable for deep neural networks.
Previous research has demonstrated the universal approximation property of neural networks [e.g., 50, 107, 162, 139,
129], highlighting their capability to approximate a wide variety of function classes effectively.
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Theorem C.1 indicates that the prediction error of an IRL model is limited by the Gaussian
complexity related to (i) the class of potential representation functions (#) and (ii) the class
of potential prediction functions (F). Therefore, for the IRL model to accurately replicate the
true functions (f*, h*) with large O (number of past experiments) and N (sample size of each
experiment), it is crucial that the Gaussian complexity of both the representation and prediction

model classes declines to zero at a sufficiently fast rate.

Prediction Error Bound for DNN-based IRL Model. Next, we present the prediction error
bound for the model classes constituted by depth-d vector-valued neural networks. Specifically, a

neural network is formulated as:
NN(x) =Wy 04 (Wy_1 041 (--- Wy 01 (x))),

where 071, - - -, 04 represent 1-Lipschitz activation functions that are zero at the origin, such as the
linear and ReLU functions. Here, we define M(j) as the maximum possible value of the Frobenius

norm for the matrix W;, that is, the square root of the sum of the squares of all elements in W;.

Corollary C.1 (Prediction Error Bound of Deep IRL) Consider the case when H is the class of
dy-layer neural networks with 1-Lipschitz activation functions and K'-dimensional outputs, and F denote
a class of neural networks with dy layers, also employing 1-Lipschitz activation functions. Furthermore, it
is assumed that M(j) < oo for all parameter matrices. Then, with probability at least 1 — 5, the prediction

~ o~

error of the IRL model (f,h) derived from (C.1) can be bounded as follows:

PN C log(2/6
Error (f,h) < (01\1])2 + G gO(N)—i-

VIogONJK T, M) |
JON

VIog(ON) T2, M(j)

1 ON ,
08(ON) TN

Cs C4(K/)

where Cy, Co, C3 and C4(K') are some constants. Note that C4(K') = O(v/K').

Proof. See C24. m

Corollary C.1 elucidates several critical insights regarding the application of deep neural networks
within the IRL framework. Firstly, it establishes a theoretical guarantee, indicating that the upper

bound of the prediction error for a deep learning-based IRL model diminishes to zero as both O
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(the number of offers) and N (the sample size) increase. Secondly, it highlights the advantage of
dimension reduction in deep representation learning. The prediction error bound improves with
a reduction in K’, provided the neural network of K’ dimensions can accurately capture the true
representation function h*.

Thirdly, it demonstrates the benefits of utilizing separate network structures for offer and
customer representations. Specifically, such neural network architectures often result in many
zero values in the parameter matrix W; that links the nodes between the offer representation and
customer representation networks. In scenarios with separate network structures, the maximum
possible value of the Frobenius norm of W; is generally lower compared to a fully connected
network that permits interactions between design features and customer covariates, assuming
the same number of nodes. Consequently, the prediction error bound is tighter for models with
separate network structures as opposed to fully connected configurations, maintaining equal depth
and node count in each layer. This rationale extends to the comparison between shared-parameter
prediction networks and offer-specific prediction networks, with the former typically achieving

more favorable error bounds under similar conditions.

C.2 Proofs

C.2.1 Proof for Identification Results in Equation (3.2)
By the unconfoundedness and no interference assumption, we have

Eicor [Yo,ilWo,i = 1, Xo,i] = Eiccr [Y0,i(Zo)1Xo,],

1EieCDE [Yo,z'

Wo,i = 0,Xo,i] = Eiccr[Yo,i(0)[X,,]-

The above equations hold for all the customers in the target population CE by the overlap
assumption.

Then, by the stability assumption, we have

Ejccr[Yo,(Zo)[Xo,i] = Eice, [Yo,i(Zo)Xo,i],
Eiccr[Y0,i(0)[Xo,i] = Eiec, [Yo,i(0)[Xo,]-

Combining these two results, we prove the identification results in Equation (3.2).
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C.2.2 Proof for Theorem 3.1

Under Assumption 3.1, we have 1,1(Xo,i) = Ec,[Yo,i(Z0)]|Xo,] and po0(Xo,i) = Ee,[Yo,i(0)[Xo,i]-

Therefore, we have
T(Zo,Xo,1) = o1 (Xo,i) — 1o (Xo,0)-
Next, by definition of the propensity score 7, (X,,;), we have
Ec, [WilXo,i, Zo] = Pc, Wi = 1[X,i, Zo] - 1+ 0 = 715(Xo,1)-

Under Assumption 3.1, we have

IEC}E [Yo,i|xo,i/ Zo] = Vo,Woli(Xo,i)-

These two results implies that

Wo,i — TTp (Xo,i)

B e o) [ — 710 (Xo )

[Yﬂli - .uO,Wa,i (Xo,i)] ’ Xo,i/ Zo:| =0.

Finally, combining these results proves Theorem 3.1.

C.2.3 Proof for Theorem C.1

We now prove Theorem C.1, which follows closely the proof for Theorem 1 in [193]. For a
given f and h, we write the population loss as

O

Z ¢ (f © h(Zo, Xo,i)/%O,i) —/ (f* oh” (ZO’ Xo,i)/%o,i)] ’

0=1

I(f, b, £ 1) = S

where the expectation is taken over the data collection mechanism for past experiments.
Claim. I(f,h, f*h*) =3 E [ZS:J (f o h(Zo, Xo), f* oh*(zo,xo,i))} .
Proof. We first note that
E [ (f o h(Zo, Xo,i), To,i) |Zo, Xo,i]
= [f o h(Zo, Xo1)|* = 2f 0 W(Zo, X0, )E [T, Zo, Xo,i] + E? [To,i|Zo, Xo,] + Var [T, Zo, X,

:[foh(Zo,XO,l)] —2foh(Zy, X,i) - f*oh*(Z,,X,;) + [f* oh*(Zo,XOZ)] + Var [T,Z,, X, ] -
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for given f and h since T, ; is unbiased. Similarly, we can show that
E [€(f* o h*(Zo, Xo,i), To,i) |Zo, Xo,i] = Var [To,i|Zo, Xo,] -
Combining these two observations, we have
E[l(foh(Zy, X)), Toi) —L(f o (Zo,Xoi), To,i) | Zo, Xo ]
= [fon(Zo, Xo))] = 2f o h(Zo, Xo) - f* 0 1" (Zo, Xo) + [f* 00" (Zo, Xo )]
=0 (foh(Zo,Xo,), f* o h*(Zo, X)) -
By taking expectation of the above results for Z,, X, ;, we can prove the claim. m

Next, we can define the empirical loss as:

~

(0]
T £ 00) = o D0 S L0 o n(Z Xa), Tor) — B (f 01 (20, X61), )]

0=1ieCE

Now, let j?and h be derived from the empirical risk minimization problem in (C.1) of the main

document. Then, we have
[(f, B, £, %) = I(f, B, f*,0") = 1(f*,b*, f*,h")
| —

— IR £ ) ~TER £ R + TR F W) TR £ ) +
=q =b

I(f*,h*, £, h*) = I(f*,h*, f*,h*) <a+c.

v

—1
=

Note that the inequality holds as b < 0 by the fact that ]? and h are derived by minimizing
I(f, b, f*, ).

We can now establish bounds for the population prediction error of the estimator. Using the
standard generalization bounds based on Rademacher complexity [22, 200], we can bound the

two components a and c as:

~

a,c < sup ‘l(f,h,f*,h*) —I(f,h, f*,h*)
feF heH

log(2/9)

< 2Ron(((F(H))) +2B ON

with probability at 1 — §, where F(H) = {(f,h) : f € F and h € H}, and Ron(¢(F(H))) is the
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Rademacher complexity of ¢(F(#)). The first inequality is a direct consequence of the definition
of sup. The second inequality leverages the well-established probabilistic upper bound derived
using the Rademacher complexity [200].

Then, by Inequality (11) in the Appendix of [193], we have
Ron(L(F(H))) < 2LRon(F(H)).

Note that Ron (F (H)) < A/5Gon(F(H)). Combining the above results together, we can establish

the upper bound for the population prediction error:

I(f,h, f*,h*") < a+c < 4%on(E(F(H))) + 4B logo(i]/(S)

< 8LRon(F(H)) +8B 10%?\]/‘5) (C.3)

log(2/46)
< 16L&oN(F(H)) +8B\| =5

The last inequality holds since the Rademacher complexity is upper bounded by the Gaussian
complexity [135]: Ron (F(H)) < /FGon(F(H)) <26on(F(H)) .

Now, we can further decompose the Gaussian complexity based on Theorem 7 in [193]. Note
that the Gaussian complexity is oy (F(H)) in our setting instead of Gon(FPO(H)) in [193].
Therefore, when bounding the covering number for the Dudley entropy integral bound (page
18 of [193]), we calculate the cadinality for the covering Cr(y) of the set 7 (#), rather than the

covering Crgo(y of the set 7 ®O(#H). Therefore, the last inequality in page 18 of [193] becomes:
log NZ,X (81 . ,C(./_") + &y, dz,x, ./—"(H)) < log N2,X (81, dZ,X/ 'H) + rileazx 10g Nzlz (82, dz/z, JT) .

Applying this result to the rest of proof for Theorem 7 in [193] gives the following inequality:

Son (F(H)) < 64(0?\”2 +128C(F (M) log(ON), (C4)

Where C(./_"(?'[)) = L@()N(H) + % maxqe{h(zmxm):he;{ @q(./_")

Finally, combining (C.4) and (C.3) gives

\/15(’501\](]:)} +Cs M,

N C
Error ( 7, h) < —L_ +10g(ON) |C8on(H) + oN
Overfitting Potential for the Model Classes

(ON)?

<
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with probability at least (1 —J).

C.2.4 Proof for Corollary C.1

By Theorem 2 in [85], we can bound the sample Rademacher complexity of deep neural
networks N A with K-dimensional output and depth d as follows:
j .
2K4/d + 1 +log(r) i1 M(])’ (C5)
vON

where M(j) is the maximum possible value of the Frobenius norm for the weight matrix in the

%ON(NN) <

j-th layer, and r is the dimension of the input variables.
Using the fact that on (NN) < 24/10g(ON) Ron (NN) (page 97 in [135]) together with (C.5)

and taking expectation on the left side, we have

44/10g(ON)K+/d + 1 + log(r) ;::1 M(j)
VON '

As a result, for the function classes H and F specified in the corollary, we have the following

S(NN)on <

bounds for their Gaussian complexities:

_ 4 YIos(ON)K 11 M(j)
JON

/10g(ON) [T}, M(j)

QSON(H) m

,@o]\](‘/—") < B\/d—F 1 —|—10g(K')

Finally, by applying the above bounds of Gaussian complexities on Theorem C.1, we can prove

the corollary.
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C.2.5 Proof for Theorem 3.2

To prove the theorem, we first note that

IE,Dnew [‘g (%\’ Tnew)] = ]EDnew [e </T\I Tnew)] +

‘]EDpast w (:E/ Tnew)] - IEDpast V (:E/ Tpast)] ‘ +

=a

IE:Dnew [z (:E’ Tnew)] - IE:Dpast [z (?’ TpaSt)]

< ]
~~

=b

For the first term, by the reverse triangle inequality — |d(x,y) —d(x,z)| < d(y, x) for any valid
distance metric d —we have a < Ep,_,, [£ (Tpast Tnew) | -

For the second term, we have

b< J ‘pDnew (Z, X) - prast (Z/ X)‘ 14 (:E/ Tnew) < Cé(Dpast/ Dnew)/

where pp, ., and pp,,, are the density functions of the two data generating processes. Note that
the term ¢ (T, Thew) can be bounded by C as T, Tnew are boubded by assumption. Therefore, we

have
IEDnew [E (:E/ Tnew)] < ]EDpast [E (:E/ Tpast)} + IEDpast [f (Tpast/ Tnew)] =+ C(S(Dpast/ Dnew)-

Similarly, if we add and subtract Ep,, [¢ (T, Thew)] instead of Ep_, [¢ (T, Taew)], we have

past

]EDnew [( (%/ Tnew)] < ]EDpast [E (%/ Tpast)] + ]EDnew [E (Tpastr Tnew)] + C(S(Dpast/ Dnew)-

Combining these results together proves the theorem.
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C.3 Randomization and Interference Checks

C.3.1 Randomization Check

We perform covariate balance checks across 274 experiments by calculating the standardized
mean difference (SMD), which is the absolute difference in mean covariate values between the
treatment and control groups, normalized by the pooled within-group standard deviation. The
distribution of SMDs across the experiments is detailed in Table C.1. Notably, out of 10,960
(experiment, covariate) pairs, only 0.3% exhibit SMDs greater than 0.2, and 1% show SMDs
exceeding 0.1. This indicates that the randomization process carried out by the focal company

was properly implemented.

C.3.2 Testing the No Interference Assumption

This appendix presents empirical evidence for minimal interference caused by multiple offers.
Since we observe a correlation between the number of offers a customer receives and their
purchasing behavior (likely due to the eligibility criteria specified by the company), we apply the
double machine learning framework [40] to examine if the number of additional offers a customer
receives causally affects treatment effects.

Specifically, for every offer, we first calculate the doubly robust score 7, ; in the same way as in
the IRL model. Following this, we apply the debiased machine learning approach to estimate the

following partially linear model:

To,i = BoNo,i +m(Xo,i) + €o,is

No,i = §(Xo,i) + 1o,is
where N, ; denotes the number of effective offers available to customer i when offer o was effective.
Here, we use XGBoost with default settings as implemented in the DoubleML package [18] with

five-fold cross-fitting to estimate the control functions m and g. If interference across offers is

absent, we would anticipate that 8, = 0 for most offers.
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Table C.1: Standarized Mean Differences Across Customer Covariates

Variable Mean Std. Dev. Min DPctl. 25 Pctl. 75 Max
receipt_count 0.001 0.013 -0.051  -0.005 0.007  0.062
aov 0.002 0.012 -0.047  -0.005 0.009  0.046
item_per_order 0.003 0.012 -0.041  -0.003 0.010  0.041
has_past_7 0.001 0.006 -0.016  -0.001 0.004 0.023
has_past_30 0.001 0.004 -0.012  -0.001 0.003  0.014
has_past_60 0.001 0.003 -0.011  -0.001 0.002  0.013
offer_receipt_count 0.034 0.060 -0.066  0.000 0.058 0.340
offer_aov 0.040 0.067 -0.059  0.000 0.067  0.320
offer_item_per_order 0.044 0.075 -0.063  0.000 0.074  0.400
offer_has_past_7 0.008 0.015 -0.022  0.000 0.011  0.069
offer_has_past_30 0.014 0.026 -0.016  0.000 0.021  0.130
offer_has_past_60 0.018 0.034 -0.019  0.000 0.027  0.170
7.ELEVEN 0.000 0.013 -0.051  -0.006 0.007  0.053
AMAZON 0.002 0.015 -0.063  -0.006 0.009  0.058
COSTCO -0.001 0.012 -0.032  -0.008 0.004 0.034
CVSs 0.001 0.015 -0.056  -0.005 0.007  0.056
KROGER 0.001 0.014 -0.038 -0.007  0.009 0.072
MCDONALD’S -0.001 0.013 -0.056 -0.007  0.005 0.074
TARGET 0.001 0.013 -0.045 -0.007  0.008 0.051
THE HOME DEPOT -0.001 0.015 -0.063  -0.008 0.007  0.050
WALGREENS 0.002 0.012 -0.039  -0.005 0.009  0.042
WALMART 0.002 0.013 -0.043  -0.005 0.009  0.047
Appetizers & Sides 0.001 0.014 -0.074  -0.006 0.008  0.067
Bakery & Bread -0.001 0.012 -0.049 -0.007  0.006 0.042
Bath & Body 0.002 0.014 -0.039  -0.005 0.010  0.049
Beer, Wine & Spirits 0.002 0.013 -0.042  -0.005 0.009  0.048
Beverages 0.002 0.013 -0.046  -0.006 0.009  0.055
Candy 0.001 0.013 -0.046  -0.006 0.009  0.048
Cat 0.003 0.014 -0.056  -0.003 0.010  0.051
Dairy 0.000 0.013 -0.057  -0.006 0.006  0.039
Dog 0.001 0.014 -0.039  -0.005 0.008  0.058
Hair Care 0.001 0.014 -0.052  -0.006 0.009  0.046
Household, Paper & Plastic  0.001 0.012 -0.039  -0.006 0.008  0.042
Produce 0.000 0.012 -0.037 -0.007  0.007 0.040
is_referral 0.001 0.007 -0.021  -0.003 0.004  0.037
age 0.000 0.014 -0.046  -0.009 0.009  0.049
tenure 0.002 0.016 -0.052 -0.007  0.012 0.061
is_male? 0.000 0.005 -0.015  -0.003 0.003  0.022
is_femare? 0.000 0.006 -0.023  -0.003 0.004  0.020
is_non_binary? 0.000 0.002 -0.008 -0.001 0.001  0.011
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Figure C.1 presents the distribution of t-statistics for the estimated B, across 274 offers. It
is noteworthy that only 1.4% of offers have a significantly non-zero at a 1% significance level,

suggesting that potential interference is minimal in our empirical context.

t—statistic for Interference Test

t—statistic

Note. The dashed line indicates the threshold for rejecting the null hypothesis that B, = 0 at a 1% significance level.

Figure C.1: t-statistics for Interference Test across 274 Offers

C.4 Model Specification for Main Analysis

C.4.1 Doubly Robust Score Estimation

[—i]

To construct the doubly robust score for each offer, we estimate the nuisance models 7 Ojli
and ﬁg;)i] using XGBoost with ten-fold cross-fitting. For tuning parameters, we utilize the cross-
validation function in the R XGBoost package [37] to select the depth of a single tree from {3,4,5},
the learning rate # € {0.5,1, 1.5}, and the number of boosting rounds from {20, 25,30}. The results
suggest that a depth of 3, 7 = 1, and 30 rounds yield the best predictive accuracy. However,
the results are relatively insensitive to these tuning parameters. For propensity scores, since the

treatment assignment is random, we simply use the percentage of customers receiving the offer as

the propensity score for each offer.

C.4.2 Deep Learning Models

As described in Section 3.5.1, we implement two five-layer fully-connected neural networks

for representation learning and one five-layer fully-connected neural network for prediction. Each
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hidden layer contains ten nodes. With the representation K; = K, = 10 the IRL model comprises
a total of 1,981 parameters. When K; = K; = 50, the model has 2,401 parameters in total.

For joint models in Section 3.5.2 (i.e., the Deep DR-learners with and without design features),
we employ an eight-layer fully-connected neural network. The first hidden layer consists of 20
nodes, while the subsequent layers each have 10 nodes. This configuration results in a total of
2,291 parameters for the Deep DR-learner with design features and 1,491 parameters for the Deep
DR-learner without design features. For individual modeling, we employ the same neural network
architecture as the deep DR-learner without design features, for each offer.

To calibrate deep neural networks, we use mini-batch stochastic gradient descent with a batch
size of 100 for joint modeling and 30 for individual modeling. We adaptively determine the
learning rate using the adadelta algorithm [220] implemented in Keras [46]. We train the neural

networks for 10 epochs, as the validation performance stabilizes after this training period.

C.5 Targeting Performance with Additional Models

In this appendix, we expand upon the results discussed in Section 3.6.1 by including other
benchmark models. We begin by introducing these additional benchmark models and then present

key findings for the three targeting scenarios.

C.5.1 Additional Benchmark Models

First, we construct IRL models with varying dimensions of representations, ranging from
K; = K3 = 10 to 50. Second, for both individual and joint CATE models, we consider the following
benchmark models in addition to utilizing deep learning models for predicting the doubly robust

scores.

1. DR-learner with XGBoost: Similar to the Deep DR-learner, we first calculate the doubly
robust score. However, instead of employing a deep learning model, we opt for XGBoost
to predict the doubly robust score. We conduct five-fold cross-validation and select a tree
depth of 5, a learning rate of 1, and 30 rounds, as these parameters achieve the lowest

approximation error for the proxy.
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2. T-learner with Deep Neural Network: We construct two deep learning-based outcome
models: one for treated customers and another for control customers. Subsequently, we
determine the CATE predictions by calculating the difference between the predicted out-
comes from the treatment model and the control model. We use the same neural network

architecture as the individual deep DR-learner and hyper-parameters for model calibration.

Finally, we explore targeting strategies based on predicted purchase amounts, focusing on
baseline predictions rather than incremental purchases. To achieve this, we develop a deep neural
network (with the same architecture as the joint deep DR-learner) that utilizes offer design features

and customer covariates to predict future purchases across training data in each scenario.

C.5.2 Targeting for Existing Offers

Table C.2 presents the average RMSE and AUTOC across 274 offers, replicating the results
from Table 3.2. Firstly, the IRL model consistently outperforms other methods, demonstrating
superior targeting effectiveness. The performance of the IRL models remains relatively consistent
across varying dimensions (rows 1 to 5). Secondly, although the joint DR-learner using XGBoost
(shown in row 7) displays relatively strong targeting performance (slightly below IRL, but not
significantly), it also has a higher prediction error compared to all the joint deep DR-learners.
This result suggests that although the joint DR-learner using XGBoost may be appropriate for the
focal firm to use for targeting, it may not be the best tool for evaluating the profitability of a new
campaign due to its significantly larger predictive error.

Thirdly, the deep T-learner (listed in row 10) is identified as the least effective, potentially
harmful due to its negative average AUTOC. This is likely a result of the high imbalance in the
experiments, with only 10% of customers in the control group, leading to a less accurate outcome
model for control group customers.?

Fourthly, we observe that targeting customers with high predicted purchases is ineffective as it

results in negative AUTOCs, indicating that a higher purchase potential does not always correlate

with a higher treatment effect. Finally, the individual DR-learner using XGBoost shows better

2Such imbalance is common in practice, as firms aim to minimize untreated individuals to conserve resources
while maintaining a small control group for estimation purposes.
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targeting performance but significantly higher RMSE.

Table C.2: Predictive Validity for 274 Existing Offers

Model RMSE AUTOC
IRL (10-dim) 7.78 (0.82) 0.77 (0.23)
IRL (20-dim) 8.07 (0.85) 0.77 (0.12)
IRL (30-dim) 7.74 (0.57) 0.78 (0.11)
IRL (40-dim) 7.68 (0.76) 0.82 (0.11)
IRL (50-dim) 7.48 (0.69) 0.74 (0.14)
Joint-DR-DNN 8.29 (1.52) 0.45 (0.20)
Joint-DR-XGBoost 10.9 (1.26) 0.65 (0.10)
Joint-DR-DNN (No Design Features) 8.62 (1.11) 0.48 (0.13)
Joint-t-DNN 1591 (1.31) ~0.21 (0.11)
High Predicted Purchase — —0.10 (0.04)
Individual-DR-DNN 8.57 (1.41) 0.05 (0.20)
Individual-DR-XGBoost 164.42 (32.21) 0.54 (0.11)
Individual-t-DNN 8.27 (0.49) 0.06 (0.21)

Note: We calculated the mean average RMSE and AUTOC values across 274 offers over 20 splits, with standard deviations shown in

parentheses.

C.5.3 Targeting for Untested Offers

Table C.3 presents the average RMSE and AUTOC across 55 offers related to personal care
products, replicating the results from Table 3.3. Firstly, the IRL models with dimensions K; =
K, = 10 and 20 demonstrate better targeting performance compared to models with higher
dimensions, where AUTOC tends to decrease as the dimensions of the learned representations
increase, underscoring the benefits of dimension reduction for generalization. Secondly, while
the Joint-DR-XGBoost (row 7) exhibits the highest RMSE of all models at 10.27, suggesting
potential overfitting, it still maintains a moderately good AUTOC. Thirdly, targeting customers
with high predicted purchases yields positive AUTOCs, indicating that higher purchase potential
correlates with a higher treatment effect for personal care products. Finally, all the individual DR-
models underperform compared to the joint models, highlighting the advantages of synergizing

information from past experiments.
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Table C.3: Targeting Performance for Offers Related to Personal Care Products

Model RMSE AUTOC
IRL (10-dim) 3.28 (0.56) 0.67 (0.15)
IRL (20-dim) 3.43 (0.41) 0.64 (0.13)
IRL (30-dim) 3.88 (0.43) 0.59 (0.11)
IRL (40-dim) 3.26 (0.36) 0.48 (0.15)
IRL (50-dim) 3.73 (0.39) 0.50 (0.14)
Joint-DR-DNN 3.32 (0.56) 0.31 (0.10)
Joint-DR-XGBoost 10.27 (0.36) 0.52 (0.12)
Joint-DR-DNN (No Design Features) 3.62 (0.39) 0.54 (0.11)
Joint-t-DNN 10.07 (0.35) 0.37 (0.11)
High Predicted Purchase — 0.31 (0.15)
Actual (Individual-DR-DNN) 5.44 (0.6) 0.02 (0.14)
Actual (Individual-DR-XGBoost) 9.72 (0.59) 0.29 (0.14)
Actual (Individual-t-DNN) 5.95 (0.69) 0.18 (0.16)

Note: We calculated the mean average RMSE and AUTOC values across 55 holdout offers, with standard deviations shown in

parentheses.

C.5.4 Targeting for Untested Customers

Table C.4 presents the average RMSE and AUTOC across 31 wine offers targeting customers
over 40 years old, replicating the results from Table 3.4. We observe that the IRL models
with lower dimensions generally outperform the other models. Additionally, both the joint
deep DR-learner and strategies targeting high predicted purchases also show reasonably good
targeting performance. However, while the joint model using XGBoost achieved the lowest
RMSE, its AUTOC is significantly lower than that of other methods. This suggests that the IRL
model, particularly at lower dimensions, provides the most effective robust results and targeting

effectiveness.

238



Table C.4: Targeting Performance for Wine Offers on Customers with Age over 40

Model RMSE AUTOC
IRL (10-dim) 5.58 (0.77) 1.27 (0.36)
IRL (20-dim) 5.78 (0.61) 1.20 (0.38)
IRL (30-dim) 6.25 (0.78) 1.14 (0.34)
IRL (40-dim) 5.73 (0.79) 1.17 (0.35)
IRL (50-dim) 5.93 (0.72) 1.16 (0.35)
Joint-DR-DNN 5.75 (0.67) 1.16 (0.37)
Joint-DR-XGBoost 4.53 (0.60) 0.70 (0.34)
Joint-DR-DNN (No Design Features) 6.27 (0.83) 0.98 (0.39)
Joint-t-DNN 9.71 (0.66) 0.44 (0.36)
High Predicted Purchase — 1.11 (0.31)
Actual (Individual-DR-DNN) 6.65 (0.98) 0.15 (0.45)
Actual (Individual-DR-XGBoost) 19.01 (1.42) 0.57 (0.40)
Actual (Individual-t-DNN) 6.97 (1.03) 0.05 (0.45)

Note: We calculated the mean average RMSE and AUTOC values using holdout data, which includes 783,671 observations from 31

distinct offers, with standard deviations shown in parentheses.

C.6 Robustness Check

C.6.1 Depth of Neural Networks

In this appendix, we demonstrate that the predictive validity of the IRL model is robust across
various depths of neural network architectures. Specifically, we construct DNN-based models
using shallow architectures by removing two hidden layers from each of the neural networks
described in C.4. Additionally, we construct models with deep architectures by adding two

additional hidden layers (each with ten nodes) to each of the neural networks outlined in C.4.
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Table C.5: Predictive Validity for 274 Existing Offers

Model RMSE AUTOC
Shallow Neural Network Architectures
IRL (10-dim) 6.90 (1.73) 0.58 (0.21)
IRL (20-dim) 7.51 (0.71) 0.56 (0.19)
IRL (30-dim) 7.69 (0.57) 0.62 (0.13)
IRL (40-dim) 7.62 (0.59) 0.68 (0.14)
IRL (50-dim) 7.33 (0.51) 0.54 (0.16)
Joint-DR-DNN 7.99 (0.80) 0.25 (0.22)
Joint-DR-DNN (No Design Feature) 7.98 (0.45) 0.32 (0.23)
Joint-t-DNN 13.05 (2.50) —0.24 (0.12)
High Predicted Purchase — —0.04 (0.10)
Individual-DR-DNN 9.29 (0.58) 0.12 (0.16)
Individual-t-DNN 13.18 (0.66) 0.15 (0.22)
Medium Neural Network Architectures (Main Analysis)
IRL (10-dim) 7.78 (0.82) 0.77 (0.23)
IRL (20-dim) 8.07 (0.85) 0.77 (0.12)
IRL (30-dim) 7.74 (0.57) 0.78 (0.11)
IRL (40-dim) 7.68 (0.76) 0.82 (0.11)
IRL (50-dim) 7.48 (0.69) 0.74 (0.14)
Joint-DR-DNN 8.29 (1.52) 0.45 (0.20)
Joint-DR-DNN (No Design Features) 8.62 (1.11) 0.48 (0.13)
Joint-t-DNN 1591 (1.31) —0.21 (0.11)
High Predicted Purchase — —0.10 (0.04)
Individual-DR-DNN 8.57 (1.41) 0.05 (0.20)
Individual-t-DNN 8.27 (0.49) 0.06 (0.21)
Deep Neural Network Architectures
IRL (10-dim) 7.22 (0.16) 0.75 (0.16)
IRL (20-dim) 7.17 (0.56) 0.72 (0.17)
IRL (30-dim) 7.10 (0.36) 0.76 (0.14)
IRL (40-dim) 7.57 (2.39) 0.49 (0.32)
IRL (50-dim) 7.04 (0.31) 0.55 (0.11)
Joint-DR-DNN 7.59 (0.45) 0.38 (0.18)
Joint-DR-DNN (No Design Feature) 7.95 (0.54) 0.37 (0.10)
Joint-t-DNN 18.19 (5.73) —0.11 (0.17)
High Predicted Purchase 25.88 (1.72) —0.07 (0.05)
Individual-DR-DNN 5.69 (0.26) 0.2 (0.29)
Individual-t+-DNN 6.52 (0.38) 0.05 (0.17)
Non-DNN Model
Joint-DR-XGBoost 10.90 (1.26) 0.65 (0.10)
Individual-DR-XGBoost 164.42 (32.21) 0.54 (0.11)

Note: We calculated the mean average RMSE and AUTOC values across 274 offers over 20 splits, with standard deviations shown in

parentheses.
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C.6.2 Including Offers with Negative Treatment Effects

In this Appendix, we present the same analysis as in Section 3.6, but this time including
offers with negative treatment effects. Table C.6 compares the predictive accuracy and targeting
effectiveness across different methods. The key findings are consistent with those in Table C.2,
where the IRL model outperforms other methods, although the AUTOC value is smaller and the
standard deviation is higher. This is likely because it may not be possible to learn any useful

targeting rules for offers with negative treatment effects.

Table C.6: Predictive Validity for 362 Existing Offers

Model RMSE AUTOC
IRL (10-dim) 7.52 (0.55) 0.38 (0.20)
IRL (20-dim) 7.54 (0.49) 0.38 (0.22)
IRL (30-dim) 7.86 (0.43) 0.40 (0.17)
IRL (40-dim) 7.74 (0.52) 0.37 (0.14)
IRL (50-dim) 7.42 (1.00) 0.34 (0.16)
Joint-DR-DNN 7.76 (0.70) 0.30 (0.18)
Joint-DR-XGBoost 9.16 (0.03) 0.25 (0.14)
Joint-DR-DNN (No Design Feature) 8.79 (0.64) 0.30 (0.26)
Joint-t-DNN 16.00 (0.98) 0.05 (0.22)
High Predicted Purchase — 0.13 (0.23)
Actual (Individual-DR-DNN) 6.29 (0.22) 0.01 (0.15)
Actual (Individual-DR-XGBoost) 122.37 (1.21) 0.27 (0.10)
Actual (Individual-t-DNN) 8.24 (0.25) —0.08 (0.20)

Note: We calculated the mean average RMSE and AUTOC values across 362 offers over 20 splits, with standard deviations shown in

parentheses.

C.6.3 Additional Example of Targeting for Untested Offers

In this Appendix, we provide an additional example to demonstrate the ability of the proposed
IRL method in generalizing to untested offers. Here, we replicate the analysis in Section 3.6.1,
but replace the personal care product category with beer and seltzer products as the holdout
offers (the largest product category for offers). Table C.7 presents the average RMSE and AUTOC
across 57 offers related to beer and seltzer products, replicating the results from Table C.3. The

findings are consistent with those for personal care products: the IRL method outperforms all
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other methods, and IRL models with lower representation dimensions perform slightly better than
those with higher dimensions. The only difference here is that the joint DNN model also performs
well in targeting in this situation. Nonetheless, this example highlights the robust performance of

the IRL model.

Table C.7: Targeting Performance for Offers Related to Beer and Seltzer Products

Model RMSE AUTOC
IRL (10-dim) 451 (0.3) 0.77 (0.20)
IRL (20-dim) 5.28 (0.72) 0.70 (0.21)
IRL (30-dim) 4.53 (0.31) 0.66 (0.18)
IRL (40-dim) 4.88 (0.34) 0.70 (0.18)
IRL (50-dim) 4.75 (0.35) 0.64 (0.20)
Joint-DR-DNN 5.67 (0.85) 0.65 (0.20)
Joint-DR-XGBoost 20.47 (0.72) 0.44 (0.17)
Joint-DR-DNN (No Design Feature) 5.9 (1.59) 0.57 (0.19)
High Predicted Purchase — 0.26 (0.21)
Joint-t-DNN 18.32 (8.23) 0.12 (0.22)
Actual (Separate-DR-DNN) 9.87 (5.85) -0.04 (0.25)
Actual (Separate-DR-XGBoost) 13.4 (0.59) 0.39 (0.17)
Actual (Separate-t-DNN) 9.55 (6.71) 0.08 (0.23)

Note: We calculated the mean average RMSE and AUTOC values across 57 offers over 20 splits, with standard deviations shown in

parentheses.

C.6.4 Additional Example of Targeting for Untested Segments

In this Appendix, we provide an additional example to demonstrate the ability of the proposed
IRL method to generalize to untested customer segments for certain offers. Here, we replicate
the analysis in Section 3.6.1, but now select female customers and offers related to baby products
as the holdout set. Table C.8 presents the average RMSE and AUTOC across 52 offers related
to baby products, replicating the results from Table Table C.4. The findings are consistent with
the main analysis: the IRL method outperforms all other methods, and IRL models with lower
representation dimensions perform slightly better than those with higher dimensions.

There are two main differences compared to the results in Table C.4. First, the joint model with

traditional deep learning architectures (Rows 6 and 7) performed significantly worse in targeting
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performance than the other methods. Second, building individual models using XGBoost on the
actual experiment data achieves the best targeting performance (although insignificantly different
from IRL models with less than 30 dimensions), while the predictive error of the treatment effects
(RMSE) is still significantly higher than IRL. In summary, the IRL model remains the best for
decision-making as it achieves the lowest RMSE and high AUTOC.

Table C.8: Targeting Performance for Baby Offers on Female Customers

Model RMSE AUTOC
IRL (10-dim) 5.83 (0.66) 0.42 (0.23)
IRL (20-dim) 6.00 (0.73) 0.45 (0.28)
IRL (30-dim) 5.90 (0.68) 0.42 (0.21)
IRL (40-dim) 6.08 (0.63) 0.20 (0.28)
IRL (50-dim) 6.40 (0.70) 0.34 (0.28)
Joint-DR-DNN 6.03 (0.74) —0.15 (0.30)
Joint-DR-XGBoost 6.85 (0.76) —0.13 (0.25)
Joint-DR-DNN (No Design Feature) 6.61 (0.90) —0.42 (0.24)
High Predicted Purchase 22.04 (0.91) —0.22 (0.27)
Joint-t-DNN — —0.29 (0.3)
Actual (Separate-DR-DNN) 7.48 (0.76) 0.05 (0.23)
Actual (Separate-DR-XGBoost) 16.82 (1.08) 0.47 (0.25)
Actual (Separate-t-DNN) 7.62 (1.03) 0.10 (0.18)

Note: We calculated the mean average RMSE and AUTOC values across 52 offers over 20 splits, with standard deviations shown in

parentheses.

C.7 Additional Details for Empirical Results

C.7.1 Correlations between Average Treatment Effects and Observed Vairables

We explore how variations in ATEs correlate with observable characteristics. Figure C.2
depicts the relationship between various design features, the average characteristics of eligible
customers for each offer, and their corresponding ATE. In these subplots, the x-axis represents
offer attributes, including design features like reward points and customer covariates such as
average age. The y-axis measures the ATE for each offer. The patterns observed indicate that (i)

both design features and customer covariates provide some predictive value for an offer’s ATE,
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yet (ii) there are significant variations in ATE, even when specific design features or customer

profile variables are accounted for.
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Note. Each point reports the average treatment effect of a promotional offer and its corresponding design feature or covariate average.

Figure C.2: Overview of ATE, Selected Design Features, and Selected Covariate Averages

C.7.2 Comparison of Personal Care Product Offers with Other Offers

In Section 3.6.1, we assess the targeting performance of personal care offers when the IRL
model is trained using offers unrelated to personal care products. This evaluation not only tests
the concept shift problem also examines attribute shift. Figure C.3 illustrates the distribution
differences for a key design feature (reward points) and a key customer covariate (average receipt
counts). The results indicate that personal care offers tend to offer fewer reward points and target
customers with higher receipt counts, demonstrating the presence of attribute shifts in this case

study.

C.7.3 Offer Clusters Using Raw Design Features

In this appendix, we demonstrate that offer clusters derived from incrementality represen-
tations provide a more nuanced understanding than those derived from raw design features.

For comparison, we also conduct a similar cluster analysis in Section 3.6.2 using the original
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Figure C.3: Comparison of Personal Care Product Offers with Other Offers

design features (Z,). We adjust the DBSCAN parameters to obtain a comparable number of
clusters, resulting in 13 clusters for the incrementality representations and 15 clusters for the
design features. Figure C.4 presents the t-SNE map and cluster results. Unlike the clusters formed
using raw features, which primarily differentiate baby and personal care products (clusters 1, 5,
and 12 in Figure C.4) based mainly on reward points, the incrementality representation clusters
identified in Figure 3.4 provide a more detailed consideration of reward claim requirements.

To further validate that the incremental representation captures more nuanced information,
we conduct a statistical analysis to identify the features determining cluster membership. The
variable importance plot is shown in Figure C.5. In contrast to Figure 3.5, we find that clusters
based on raw design features are overwhelmingly influenced by just two features: reward points,
which constitute 80% of the classification outcomes, and dollar requirements, which account for

17% of the outcomes.

C.7.4 Treatment Effect Heterogeneity Using Original Design Features and Customer

Covariates

Section 3.6.2 shows that offer and customer clusters based on incrementality representations
elucidate clear treatment effect heterogeneity. In this Appendix, we show that clusters based on
the original design features and customer covariates cannot explain treatment effect heterogeneity
as effectively. Specifically, we replicate Figure 3.6 with offer and customer clusters derived using
the original design features and customer covariates.

Figure C.6 shows the GATEs for three clusters associated with ‘baby and personal care’
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Figure C.4: t-SNE Map for Offer Design Features (Z,)
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Figure C.5: Variable Importance Plot of Top 10 Design Features for Cluster Classification Models
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products derived using raw design features (clusters 12, 5, and 1 in Figure C.4)) across three
engagement segments identified using (scaled) customer covariates (Table3.5b). The results show
minimal differences across defined clusters and segments. In contrast, as depicted in Figure 3.6 in
the paper, incrementality representations more effectively elucidate treatment effect heterogeneity.
This significant difference highlights the value of key design features and customer segments

identified using incrementality representations for tailoring decision making.

GATE ($)

Cluster 12 Cluster 5 Cluster 1
2k Pts, QR=1.1 2k Pts, QR=1.2 4k Pts, QR=1.1
Offer Feature Cluster

@ Low Egmt. ® Medium Egmt. @ High Egmt.

Note. Each point reports the group average treatment effect together with two-standard-error interval. The offer representation clusters

align with those outlined in Figure C.4, and the engagement segments correspond to those in Table3.5b.

Figure C.6: Treatment Effects by Offer Clusters and Customer Segments Derived from (Z,,X ;)

C.7.5 SIP for Predicted Treatment Effects

In this appendix, we create the SIP of predicted treatment effects on offer-related spending
across customer segments identified using incrementality representations. Figure C.7 shows the
SIP for the previously described baby product offer, generated using the IRL model. Here, reward
points vary within {200, - - - ,4000} and the dollar requirement ranges from {$1.5,--- ,$30}. The
results suggest that promotional designs should be tailored to different engagement segments. For
the low engagement segment, offering 2,400 reward points with a minimum $14 purchase leads to
the highest incremental purchase ($1.35) per customer. For the medium engagement segment,
3,200 reward points with a minimum $18 purchase maximize incremental purchases ($4.28) per

customer. Additionally, for high engagement customers, 4,000 reward points with a minimum $30
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purchase achieve the greatest incremental purchase ($5.65) per customer.
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Note. We set the reward points within the range of {200, - - - ,4000} and the dollar requirement within {$1.5,---,$30}.

Figure C.7: Segment Incrementality Plot for the Focal Offer Design

248



