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1 Introduction

Customer segmentation is foundational to marketing and operations strategy, enabling firms to tailor

strategic interventions—such as pricing, advertising, and product recommendations—to distinct customer

groups. With the rise of customer analytics and data science, the identification of customer segments

has become essential in modern marketing (Bergemann et al., 2024; Lu et al., 2025; Simester et al.,

2020b; van de Geer and den Boer, 2022; Wedel and Kamakura, 2000; Yang et al., 2016; Zhang and Misra,

2024). The core idea of segmentation is that customers within a segment share relevant characteristics

that justify similar treatment, while differences across segments can be leveraged for differential targeting.

The effectiveness of downstream decisions depends heavily on the quality of the segmentation that informs

them. Managers hope to find the customer segmentation structure that maximize firm profits.

However, this outcome-oriented objective stands in contrast to how most widely adopted segmentation

methods are constructed: they remain largely agnostic about decision relevance. For example, popular

clustering methods aim either to minimize within-cluster variance in consumer covariates (e.g., K-means),

or to maximize model likelihood under a parametric specification (e.g., Gaussian Mixture Models, Latent

Class Regression). These methods prioritize statistical objectives—such as compactness or fit—without

explicitly considering how the resulting segments will perform when used to guide decisions. As a result,

a segmentation may appear statistically sound yet offer little value for improving firm outcomes.

Equally problematic is how the number of segments—often a critical managerial choice—is typically

determined. Standard approaches rely on penalized likelihood criteria such as AIC or BIC (Akaike, 1974;

Fraley and Raftery, 1998; Schwarz, 1978), or on subjective heuristics such as the “elbow method” (Sugar

and James, 2003). These criteria optimize the trade-off between goodness-of-fit and model complexity,

1

https://c7z1u5xo98z.jp.larksuite.com/docx/C4Hyd5e4MoJipwxTU0Yj7b31pig?from=from_copylink


but fail to answer the more relevant question: what level of segmentation granularity leads to the best

business outcomes?

A related question for researchers is, how should the quality of a given segmentation be evaluated, in

simulation studies where the ground truth is known? Common metrics based on clustering agreement

(e.g., Adjusted Rand Index) may not adequately reflect a segmentation’s effectiveness in supporting

high-quality decisions.

The misalignment between the segmentation process and decision impact can lead firms to deploy

ineffective or suboptimal strategies. To bridge this gap, we center our research around three core questions:

• How can we construct a segmentation that directly optimizes downstream business outcomes from

the decisions induced by this segmentation?

• How should we determine the number of segments that optimizes downstream business outcomes?

• How should researchers assess the quality of a segmentation in simulation studies in which the

ground truth segmentation is known?

To address these questions, we propose Decision-Aware Segmentation (DAS), a unified segmentation

framework explicitly designed to optimize the value of downstream managerial decisions. DAS consists of

two key components: (1) Decision-Aware Segmentation Tree (DAST): a decision-aware segmentation al-

gorithm, (2) Decision-Aware Model Selection (DAMS): a model selection method for choosing the number

of segments based on policy performance. Importantly, DAMS is agnostic to the specific segmentation

algorithm employed and can be applied to any segmentation method, not limited to DAST. In addition,

we propose a comprehensive segmentation evaluation framework. In summary, our paper makes the

following key contributions:

• First, we propose a novel, decision-aware, tree-based segmentation algorithm designed to maximize

the total expected outcome under a policy that is learned from the segmentation. Unlike standard

methods, our approach explicitly evaluates splits based on estimated downstream policy value, not

just covariate similarity or likelihood. The goal is to create segments that enable high-profit policies,

rather than segments that satisfy statistical properties.

• Second, we introduce a managerially implementable model selection method based on out-of-sample

evaluation of the policy induced by each candidate segmentation. This approach allows firms to

choose the segmentation granularity in a way that maximizes expected business outcomes, rather

than statistical fit.
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• Third, we propose a comprehensive, oracle-based evaluation framework to assess the quality of a

segmentation in terms of three dimensions: segment structure recovery, estimation accuracy, and

policy effectiveness. We believe this evaluation framework will help researchers systematically assess

and compare segmentation methods in simulation-based studies, and advance our understanding of

what makes a segmentation effective, and why.

• Forth, we demonstrate the effectiveness of our algorithm and evaluation framework using both

simulated and real-world datasets.

Together, this work aims to reorient the segmentation literature from traditional fit-driven approaches

toward an outcome-driven, decision-aware paradigm. The Decision-Aware Segmentation (DAS) frame-

work is broadly applicable across marketing and operations contexts where targeting and personalization

rely on customer segmentation. We provide an open-source implementation of our algorithm and evalu-

ation framework in Python, available at [link]. The code is modular and designed to be easily integrated

into different personalized decision-making applications.

The remainder of this paper is structured as follows. In Section 2, [Placeholder]

2 Literature Review

Our paper contributes to multiple streams of literature.

2.1 Consumer Segmentation

Market segmentation is the foundation of consumer analytics and marketing strategy. Individual-level

targeting is challenging due to limited resources (e.g., data, budget, infrastructure), motivating the need

for segment-based policies. Researchers have developed a wide range of methods to derive customer

segments, which can be broadly categorized into three classical paradigms: centroid-based clustering,

hierarchical clustering, and model-based clustering. The first class, centroid-based clustering, assigns

each observation to the nearest cluster center based on distance metrics. The most well-known example

is K-means (Hartigan and Wong, 1979; MacQueen, 1967), with extensions including fuzzy C-means for

soft assignments (Bezdek et al., 1984), K-medoids for robustness to outliers (Kaufman and Rousseeuw,

2009; Park and Jun, 2009), and scalable variants (Ng and Han, 2002; Sculley, 2010). A second classical

approach is hierarchical clustering, which constructs a nested sequence of segments by iteratively merging

or splitting data based on similarity metrics (Müllner, 2011; Murtagh and Legendre, 2014). A third

influential approach is model-based clustering, which treats segment membership as latent variables
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under a probabilistic generative model and seeks to recover segments by maximizing the likelihood of

observed data under the assumed generative process. Prominent examples include Gaussian Mixture

Models (GMMs) (Dempster et al., 1977) and Finite Mixture of Regressions, which are also referred to

as Latent Class Regression or Clusterwise Linear Regression (DeSarbo and Cron, 1988; Vermunt and

Magidson, 2002; Wedel and DeSarbo, 1994; Wedel and Kamakura, 2000). These methods remain central

to academic research and commercial segmentation software due to their interpretability and statistical

rigor.

Advances in machine learning have enabled more effective approaches to customer segmentation by

learning rich, task-relevant representations from high-dimensional data. For example, Xie et al. (2016)

and Ronen et al. (2022) use deep neural networks to jointly learn feature representations and cluster

assignments via optimizing reconstruction loss or cluster compactness, and achieve more meaningful

groupings than clustering on raw features. In addition, segmentation using decision tree methods has

also been applied in marketing analysis, particularly when interpretability is a priority (Aouad et al., 2023;

Liu et al., 2000, 2010). While effective at uncovering structural patterns in the data, these approaches

above are inherently descriptive. They are designed to describe the data, not to optimize any firm-specific

objective.

Despite decades of development in marketing analytics, the decision-agnostic segmentation paradigm

remain dominant in academic research and industry practice, implemented in their standard form or with

slight modifications (Bapna et al., 2011; Gallego and Berbeglia, 2024; Govind et al., 2018; Li et al., 2021;

Park et al., 2017). A recent review examined segmentation methods used in e-commerce applications

in hundreds of papers from 2000 to 2022, and found that K-means remains the most widely adopted

approach (Alves Gomes and Meisen, 2023).

The recent work by Aouad et al. (2023) has begun to align segmentation more closely with consumer

response behavior. They proposed Market Segmentation Trees (MST) framework, which is an inter-

pretable, tree-based method for learning market segments explicitly driven by identifying differences in

user response patterns. Rather than segmenting on demographic or behavioral similarity, MST recur-

sively partitions the population by identifying best splits that lead to improvements in response prediction

accuracy. Aouad et al.’s method represents a good step toward aligning segmentation with predicting con-

sumer responses; however, it stops short of incorporating the downstream targeting or decision-making

objectives into the segmentation process. Also, it doesn’t provide a mechanism for determining the

optimal tree depth.

Another challenge in segmentation is is determining the appropriate number of segments. One common
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class of approaches relies on penalized likelihood criteria, which balance model fit with complexity, such

as Akaike Information Criterion (AIC) (Akaike, 1974), Bayesian Information Criterion (BIC) (Schwarz,

1978), and Integrated Completed Likelihood (ICL) (Biernacki et al., 2002). Alternatively, heuristic

techniques such as the “elbow method” (Sugar and James, 2003) or silhouette analysis (Rousseeuw, 1987)

are popular in practice because they are computationally simple and visually intuitive. More recently,

advances in machine learning have introduced Bayesian nonparametric models, such as Dirichlet Process

Mixture Models (DPMM) proposed by Antoniak (1974), to infer the number of segments through dynamic

split-and-merge strategies during training process (Ronen et al., 2022). Also, these model selection

methods are fundamentally decision-agnostic: they aim to find the segmentation granularity that best

represents the data structure rather than the one that enables the most effective business decisions.

The disconnect between descriptive fit and prescriptive utility is increasingly problematic as the grow-

ing adoption of data-driven marketing analytics has elevated the role of segmentation from an exploratory

tool to a key input for decision-making. There is an emerging need for decision-aware segmentation al-

gorithms and decision-aware model selection methods that embed business goals directly into the model

training process. Our Decision-Aware Segmentation (DAS) framework consists of a segmentation algo-

rithm that directly optimize the total expected outcome of segmentation-induced policies, and a decision-

aware model selection approach that chooses the number of segments based on out-of-sample policy

performance.

2.2 Decision-Aware Learning Paradigm

Many downstream decisions—such as targeting, pricing, and assortment—rely on predictive models as

inputs to an optimization problem. In the standard predict-then-optimize pipeline, one first trains a model

to predict unknown parameters (e.g. customer responses) as accurately as possible, and then plugs those

predictions into a decision model (e.g. a targeting policy). This two-stage approach ignores the fact that

a model can be “accurate” by typical measures yet suboptimal for the decisions it informs.

Recognizing this misalignment between predictive loss and decision outcomes, recent work has advo-

cated an outcome-oriented, decision-aware shift, arguing that models should be trained and selected with

the ultimate decision task in mind. Elmachtoub and Grigas (2022) formalize this important shift through

their Smart Predict-then-Optimize (SPO) framework. Rather than minimizing standard mean squared

error, Elmachtoub and Grigas propose training predictive models using a decision-aware loss that directly

reflects the downstream optimization objective. Specifically, they introduce SPO loss, defined as the dif-

ference between the true cost of the decision induced by predicted parameters and optimal cost under the
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true parameters. Their results show that decision-aware models can lead to substantially better decisions

than those optimized for predictive accuracy alone, especially when the predictive model is mis-specified.

Building on this, Elmachtoub et al. (2020) propose a tractable method that trains decision trees directly

under SPO loss. El Balghiti et al. (2019) characterize theoretical bounds on how well the performance of

a prediction model generalizes out of sample when trained using SPO loss. Vanderschueren et al. (2022)

provide an empirical comparison between predict-then-optimize and predict-and-optimize in the context

of cost-sensitive classification, concluding that prediction models trained with decision costs in mind can

enable more effective policies. Similarly, Huang and Gupta (2024) propose Perturbation Gradient (PG)

losses, which is a family of decision-aware surrogate losses which directly approximate the downstream

decision loss.

Researchers have since applied this decision-aware learning paradigm in various contexts, including re-

source allocation (Stratman et al., 2024), healthcare supply chain (Chung et al., 2022), automated action

planning (Mandi et al., 2024), mathematical optimization (Chan et al., 2025; Mandi et al., 2020), learning-

to-rank problem (Huang and Gupta, 2024), portfolio optimization (Sarkar et al., 2025), demonstrating

the broad applicability of this paradigm across diverse decision-making scenarios. While decision-aware

learning has gained attention in various domains, it remains largely unexplored in the context of segmen-

tation. Our work fills this gap by extending the decision-aware paradigm to segmentation, proposing an

algorithm that learns segments to maximize the total value of downstream policies.

2.3 Targeting & Personalization

Targeting is central to marketing strategy. Early direct-marketing work showed how purchase histories

and customer value can guide profitable targeting strategies (Bult and Wansbeek, 1995; Rossi et al., 1996;

Venkatesan and Kumar, 2004). As marketing moved online and mobile, research examined how digital

targeting works across diverse domains through methods including personalization, seeding strategies,

advertising, pricing, machine learning, and reinforcement learning, among others (Ansari and Mela,

2003; Dubé et al., 2017; Dubé and Misra, 2023; Fong, 2017; Fong et al., 2015; Ghose et al., 2019; Goldfarb

and Tucker, 2011; Gordon et al., 2019; Hinz et al., 2011; Iyer and Ke, 2024; Iyer et al., 2005; Karle and

Reisinger, 2025; Lemmens et al., 2025; Luo et al., 2014; Rafieian and Yoganarasimhan, 2021; Smith et al.,

2023; Valenti et al., 2025; Wang et al., 2023)

Marketing targeting have traditionally relied on predictive models to target customers. Over time,

researchers realized that prediction is not the same as prescription. For example, high-propensity cus-

tomers may purchase regardless of being targeted by the campaign, while moderately likely ones may be
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more persuadable only if targeted. Our work contributes to the ongoing shift from prediction to prescrip-

tion in marketing analytics (Bertsimas and Kallus, 2020). Much work has advanced this line of research,

often known as uplift modeling, or incremental modeling (Ascarza, 2018; Athey and Imbens, 2016; Chick-

ering and Heckerman, 2000; Hitsch et al., 2024; Lemmens and Gupta, 2020; Rößler and Schoder, 2022;

Rzepakowski and Jaroszewicz, 2012; Wager and Athey, 2018; Wan et al., 2022). This prescription-based

targeting has been shown to substantially improve campaign profitability. Ascarza (2018) demonstrates

the most profitable strategy focuses on “persuadables,” whose behavior is most responsive to treatment.

In same spirit, Lemmens and Gupta (2020) develop profit-based targeting policies that explicitly account

for cost and incremental effectiveness, showing that policies optimized for expected profit lift significantly

outperform those based on churn likelihood alone. These work emphasize the importance of targeting

customers based on their incremental impact, that is, how much their behavior is causally influenced by

an intervention. Enabled by advances in heterogeneous treatment effect estimation, such as causal forests

(Wager and Athey, 2018), meta-learners (Künzel et al., 2019), and counterfactual prediction (Johansson

et al., 2016), managers can estimate individual-level treatment effects and allocate interventions where

they are expected to have the greatest impact.

As firms increasingly deploy data-driven targeting policies, a growing stream of complementary re-

search has been focused on evaluation, optimization, and experimental design of targeting policies. On

the evaluation side, Simester et al. (2020b) examine the robustness of various machine learning methods

under realistic data issues, such as class imbalance and missing covariates, while Simester et al. (2020a)

propose a method to compare targeting policies without running new experiments. On the optimization

side, Hitsch et al. (2024) develop a framework that directly learns targeting rules aligned with firm profit

objectives by leveraging heterogeneous treatment effect estimation. Lu et al. (2025) incorporate man-

agerial and fairness constraints into the policy optimization process. A more recent stream focuses on

experimental design, particularly how data collection strategies can improve downstream policy quality.

Simester et al. (2025) study the sample size requirements for training and certifying targeting policies,

offering guidance on how large an experiment must be to ensure reliable policy deployment. Chen et al.

(2024) propose a policy-aware experimentation framework that strategically allocates samples based on

their value for optimizing targeting policies, contributing to a broader literature on experimental design

with online and sequential learning.

A parallel literature develops formal frameworks for policy learning. Foundational work on statisti-

cal treatment choice (Manski, 2004; Tetenov, 2012) and empirical welfare maximization (Kitagawa and

Tetenov, 2018) establishes regret bounds and decision-theoretic guarantees for policies. Numerous al-
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gorithmic innovations have been proposed to improve robustness, efficiency, and identification of policy

learning under various forms of data and modeling constraints (Athey and Wager, 2021; Dud́ık et al.,

2011; Huang and Ascarza, 2024; Kallus, 2018; Kallus and Zhou, 2018, 2021; Sahoo and Wager, 2025; Si

et al., 2023; Yang et al., 2024; Zhan et al., 2024; Zhou et al., 2023). On the applied side, Sverdrup et al.

(2020) provide an open-source implementation of policy trees that learns optimal treatment assignment

policies based on doubly robust scores.

Despite this rich literature, the vast majority of targeting studies implicitly or explicitly assume one

of two extremes: (i) that customer segments are pre-specified, or (ii) that interventions are targeted at

the individual level via estimated customer-specific responses, such as heterogeneous treatment effect.

What fewer works explore is how the segmentation structure itself can be optimized to improve targeting

performance. Our work builds on this literature by proposing a segmentation-based policy class that

is learned explicitly to maximize downstream decision value, combining the interpretability of segments

with the outcome-driven precision of modern policy learning.

3 Model and Problem Formulation

3.1 Ground-truth segments and response model

Consider a population of N customers, indexed by the set I = {1, 2, . . . , N}. Each customer i is described

by a covariate vector xi ∈ Rd, representing observed features (e.g., demographics, browsing behavior,

past purchases). At an unobserved ground-truth level, the population is assumed to consist of K latent

segments, indexed by k = 1, . . . ,K. Each customer i belongs to exactly one latent segment, denoted by

a segment label Zi ∈ {1, . . . ,K}. Customers within the same segment are assumed to be behaviorally or

structurally similar.

Each segment k is characterized by a baseline outcome function fk : Rd → R and a net treatment

effect τk ∈ R. The net profit outcome yi for customer i in segment k is generated according to:

yi = fk(xi) + τk ·Di + εi (1)

where:

• Di ∈ {0, 1} is a binary treatment indicator (i.e., whether customer i received a marketing interven-

tion),

• τk is the net treatment effect for segment k,
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• fk (xi) represents the baseline outcome function for segment k, 1

• εi is idiosyncratic noise, εi
i.i.d.∼ N (0, σ2), with σ2 denoting the noise variance, which does not need

to be known to the manager.

This formulation captures heterogeneous baseline outcomes through fk (xi), and heterogeneous treat-

ment effects across segments through τk, allowing each segment to exhibit distinct patterns in both

covariate influence and treatment response.

In practice, the baseline outcome function fk(·) can take various parametric or nonparametric forms

depending on modeling assumptions and data complexity. Table 1 provides several examples of the forms

of the baseline outcome function fk(·) in applied settings.

Form Example Function Description

Linear fk(xi) = αk + β⊤
k xi Most common; quite interpretable

Polynomial fk(xi) = αk + β⊤
k xi + x⊤

i Γkxi Includes interactions/quadratics

Generalized Linear Model fk(xi) = g−1(xi) g−1(·) is a link function (e.g., logistic, exponential)

Kernel Regression fk(xi) = ∑L
ℓ=1 ωk,ℓ ·K(xi, cℓ) Kernel regression (e.g., with RBF kernel)

Neural Network fk(xi) = ReLU(Wkxi + bk) Feedforward neural network (e.g., 1 hidden layer)

Tree-based fk(xi) = Tree(xi) Tree-based models (e.g., CART or random forests)

Table 1: Examples of baseline outcome function forms for fk(xi)

For quick reference, we summarize the notation in Table 2.

3.2 Sequence of events

We describe the sequence of events, illustrated in Figure 1.

1. Pilot experiment. The manager conducts a pilot experiment on a subset of customers indexed by

the set Ipilot = {1, . . . , Npilot}, where Npilot is fixed and 0 < Npilot < N . Each customer i ∈ Ipilot

is independently assigned to the control condition (Di = 0) or the treatment condition (Di = 1)

with equal probability. This produces a randomized A/B testing dataset of the form:

{(xi, Di, yi)}i∈Ipilot .

1The functional form fk(xi) is sufficiently general to include cases where the outcome depends only on a subset of
covariates. In our simulation design, we adopt this setting to reflect practical business contexts in which managers observe
a high-dimensional feature vector but do not know which covariates truly influence customer response.

9



Customer
population  ﻿ 

of size  ﻿
I

N

Pilot customers  ﻿ 
of size  ﻿

Ipilot

Npilot

Manager runs pilot experiment:
Balanced A/B testing data

﻿{(x ​,D ​,Y ​)} ​i i i i∈Ipilot

Manager segments,
estimates, and learns a policy

Manager deploys the learnt policy to implementation customers

Segmentation C
Estimated parameters 

﻿ {( ​ ​, ​)} ​f̂m
C τ̂m

C
m=1
∣C∣ Policy  ﻿πC

Output

Implementation customers   ﻿
of size 

I implement

N implement

Figure 1: Sequence of events: Pilot experiment; segmentation and estimation; final deployment on im-
plementation customers.

2. Segmentation and segment-level estimation. The manager fits a segmentation model on the

pilot dataset and obtains segment-specific estimates of baseline outcome functions and treatment

effects. We define a segmentation as a partition of the pilot customers into a finite number of

(disjoint) segments. Let C denote such a segmentation. Then we have

C =
{
S1, . . . ,S|C|

}
,

|C|⋃
m=1
Sm = Ipilot, Sm ∩ Sm′ = ∅ for m ̸= m′,

where set Sm ⊂ Ipilot contains the indices of pilot customers assigned to segment m, and |C| denotes

the number of segments in the segmentation. We use Ci ∈ {1, . . . , |C|} to denote the segment index

assigned to pilot customer i under segmentation C, so that Ci = m if and only if i ∈ Sm.

In particular, the number of segments |C| in the chosen segmentation C is an important choice

at the manager’s discretion. It may reflect existing business knowledge or be selected via model

selection techniques. In contexts where it is necessary to specify the number of segments, we denote

a segmentation with M segments by CM .

The manager also obtains estimates of segment-specific baseline outcome functions and treat-

ment effects from segmentation C:

{(f̂C
m, τ̂

C
m)}|C|

m=1,

where f̂C
m : Rd → R is the estimated baseline outcome function for segment m, and τ̂C

m ∈ R is the

estimated treatment effect. These estimates may be obtained either via a two-stage procedure—first

fitting a segmentation C, and then estimating segment-specific models within each segment—or via
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joint methods that estimate simultaneously both a segmentation and model parameters.

The best practice for estimating {(f̂C
m, τ̂

C
m)}|C|

m=1 depends on the assumed functional form (see

Table 1). Once the functional form is specified, we assume that a corresponding estimation pro-

cedure is fixed. That is, we do not treat the estimation method itself as part of the manager’s

decision. Our formulation is general and agnostic to the choice of functional form and estimation

method. In our simulation analysis, we experiment with multiple functional forms and use standard

estimation techniques aligned with each form.

3. Implementation. In this stage, the manager decides whether to treat or not the customers in

the implementation set, indexed by the set I implement = {Npilot + 1, . . . , N}. Given a segmentation

C, the manager first assigns each implementation customer to a learned segment based on the

customer’s covariates:

AC(j) = ϕC(xj),

where we use AC(j) to denote the segment index to which customer j in the implementation set

is assigned, and where ϕC : Rd → {1, . . . , |C|} is a fixed assignment procedure, such as nearest-

centroid classification for k-means clustering, maximizing a posterior probability for a Gaussian

mixture model, or a decision-tree-based rule. The assignment mechanism depends on, and follows

naturally from, the used segmentation algorithm, as we discuss in Section XXX.

The manager then decides whether to treat or not the implementation customers in each

learnt segment. In our setting, we consider targeting policies that operate at the segment level

and apply the same action to all customers within an estimated segment.2 We restrict attention

to the targeting policy πC that only treats customers in estimated segments with a non-negative

estimated treatment effect. In particular, for each implementation customer j ∈ I implement, the

assigned action πC(j) is given by:

πC(j) =


1 if τ̂C

AC(j) ≥ 0,

0 otherwise,
(2)

where πC(j) = 1 (0) indicates that the policy assigns the treatment (control) to customer j. This

policy maximizes the expected profit in the implementation stage conditioned on the available

treatment effect estimates.

2Our conversations with industry collaborators suggest that this aligns with the practical constraints that retailers face
when implementing targeting strategies.
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3.3 Problem formulation

We formalize the manager’s decision problem as choosing a segmentation that maximizes expected to-

tal profit in the implementation set. Specifically, the manager selects a segmentation C over the pilot

customers, which induces estimated segment-level baseline outcome models and treatment effects, and in

turn defines a targeting policy to be deployed to the implementation customers.

The space of feasible segmentations is constrained in practice. Not all partitions of the pilot data are

admissible. The admissible space depends on the model class and the statistical requirements needed

for reliable estimation of f̂m and τ̂m. For example, if segment-level outcomes are modeled using linear

regression and estimated via ordinary least squares (OLS), each segment must contain a sufficient number

of observations with variation in covariates and treatment assignment to ensure identifiability and avoid

degeneracy. We denote the set of all such admissible segmentations with C .

The expected profit for implementation customer j under the targeting policy in (2) is:

E
[
fZj (xj) + τZj · πC(j)

]
,

where Zj is the latent ground-truth segment label for customer j, and the expectation is taken over the

randomness in the pilot-stage 3. The manager seeks the segmentation C ∈ C that maximizes the total

expected ground-truth profit across all customers in the implementation set:

max
C∈C

∑
j∈Iimplement

E
[
fZj (xj) + τZj · πC(j)

]
. (3)

The first term represents the baseline profit under no treatment and the second term captures the incre-

mental effect of applying treatment according to the policy πC .

Remark. Our scope is not to solve the optimization problem in (3) to optimality, as the space of admis-

sible segmentations is combinatorially large and the problem may be intractable. Instead, we propose a

practically implementable segmentation methodology designed specifically for targeting settings, focused

on improving downstream outcomes. Empirically, our approach reliably outperforms mainstream segmen-

tation methods in terms of downstream performance, highlighting the value of designing segmentations

3 The policy πC is deterministic once estimated, but it is defined based on segment-level treatment effect estimates, which
depend on noisy pilot data. Pilot-stage outcomes are generated according to:

yi = fZi (xi) + τZi · Di + εi, εi ∼ N (0, σ2), Di ∼ Bernoulli(0.5).

Thus, both the additive noise εi and random treatment assignment Di affect the estimation of treatment effects, and therefore
the downstream policy πC . As a result, the realized implementation-stage profit under πC is a random variable.
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that are aligned with business objectives.
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Symbol Description

N Total number of customers in the population

Npilot Number of customers in the pilot study

N implement Number of implementation customers, N implement = N −Npilot

I Index set of all customers, I = {1, . . . , N}

Ipilot Index set of customers in the pilot study, Ipilot = {1, . . . , Npilot}

I implement Index set of implementation customers, I implement = {Npilot + 1, . . . , N}

k ∈ {1, . . . ,K} Ground-truth segment index (latent)

Zi ∈ {1, . . . ,K} Ground-truth segment label for customer i

m ∈ {1, . . . ,M} Manager-chosen segment index (observable)

Ci ∈ {1, . . . ,M} Estimated segment index for pilot customer i

fk, τk Baseline outcome and treatment effect for true segment k

Di ∈ {0, 1} Marketing intervention to customer i (e.g., no offer vs. offer)

xi ∈ Rd Observed feature vector for customer i

yi The response from customer i in pilot study

ȳ
(a)
m The averaged response under action a in segment m

C A partition of pilot customers into disjoint segments: C = {S1, . . . ,S|C|}

CM Specifically denote a partition with M number of segments.

Sm The set of pilot customer indices assigned to segment m in segmentation C

C The set of all admissible segmentations (e.g., satisfying estimation constraints)

AC Segment assignment function for implementation customers: I implement → {1, . . . ,M}

AC(j) Assigned segment index for implementation customer j, defined as AC(j) = ϕC(xj)

ϕ Assignment rule mapping covariates and learned segmentation to a segment index

f̂C
m, τ̂

C
m Estimated segment-level model from segment m induced by segmentation C

πC(j) Manager action: action assigned to customer

π⋆(j) Oracle action: best action for customer j under full knowledge of ground truth models

L A node in the tree

v̂i Estimated individual profit after applying the learned policy to customer i

V̂L Estimated profits of tree node L

V val
CM

The validation score of segmentation C with M segments

R(πC) Expected realized profit under policy πC

R(π⋆) Oracle profit under policy π⋆

Table 2: Notations
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4 Decision-aware segmentation tree for segmentation and estimation

We propose the Decision-Aware Segmentation (DAS) framework, a unified approach explicitly designed

to optimize the value of downstream managerial decisions. DAS consists of two key components:

• Decision-Aware Segmentation Tree (DAST), a decision-aware segmentation algorithm that con-

structs customer segments by directly maximizing expected decision value;

• Decision-Aware Model Selection (DAMS), a model-selection method that determines the optimal

number of segments based on out-of-sample policy performance. Importantly, DAMS is agnostic to

the specific segmentation algorithm employed.

In this section, we focuse on the first component, DAST, which performs segmentation and segment-

level estimation. We begin by randomly splitting the pilot data {(xi, Di, yi)} into two subsets: a training

set Itrain and a validation set Ival . The training data are used to construct a full segmentation tree, as

described in Section 4.1. Managers can subsequently prune this tree to any desired number of leaves, as

described in Section 4.2, thereby controlling the level of segmentation granularity. The validation data

are later used to conduct model selection, i.e., to determine the number of segments that maximizes

out-of-sample performance, as described in Section 5.

Table 3 summarizes the three stages of the Decision-Aware Segmentation (DAS) framework, including

tree construction, pruning, and model selection, along with their respective decision maker, data source,

and algorithmic component.

Stage What happens Who decides Dataset Algorithm

1. Tree construction Build the full tree Algorithm Itrain Algorithm 1
2. Pruning Collapse the tree to a given

number of leaves M .
Manager’s choice Itrain Algorithm 2

3. Model selection Evaluate trees pruned to dif-
ferent M on validation data,
and select M∗

Model-selection
criterion

Ival Algorithm 3

Table 3: Conceptual hierarchy of the Decision-Aware Segmentation (DAS) procedure

4.1 Algorithm 1: Constructing a tree

The goal is to build a segmentation tree that partitions the customers into subgroups in a way that

maximizes the estimated profits, as evaluated by (Athey and Wager, 2021; Dud́ık et al., 2011; Sverdrup

et al., 2020). A DR score is a per-customer, per-action estimate of counterfactual profit. It combines
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outcome modeling with inverse-propensity weighting, yielding robustness against model misspecification.

Specifically, for each customer i ∈ {1, . . . , Npilot}, we compute synthetic outcomes under both actions —

one for receiving the offer (a = 1, (4)) and one for not receiving it (a = 0, (5)):

Γi1 = µ̂1(xi) + Di

ei

(
yi − µ̂1(xi)

)
, (4)

Γi0 = µ̂0(xi) + 1−Di

1− ei

(
yi − µ̂0(xi)

)
. (5)

Here, µ̂a(xi) is the predicted outcome for customer i under action a ∈ {0, 1}, which can be estimated

using any supervised learning method, such as linear regression, causal forests, or neural networks. Di ∈

{0, 1} is the observed action, and ei = P(Di = 1 | xi) is the propensity score. In our experimental

setting, as described in Section 3.2, treatments are assigned randomly with equal probability, so ei = 0.5.

The doubly robust estimates in (4)–(5) are unbiased for the potential outcomes when either the outcome

model µ̂a or the propensity model e(·) is correctly specified, hence the term doubly-robust.

We collect all synthetic outcomes into a DR score matrix Γ ∈ RNpilot×2, where each row (Γi1,Γi0)

summarizes the potential outcomes under treatment (a = 1) and control (a = 0) for customer i.

Tree-growing procedure. We adopt a CART-style (Breiman et al., 1984) greedy decision tree al-

gorithm. Unlike standard CART, which optimizes impurity or prediction error, our Decision-Aware

Segmentation Tree uses the DR-based estimated profit to evaluate candidate splits.

At any node in the tree, let L ⊆ {1, . . . , N train} denote the set of customers contained in that node.

When evaluating a candidate split of node L on feature j at threshold t, the customers are divided into

two disjoint child nodes:

LL = {i ∈ L : xij ≤ t}, LR = L \ LL.

For a given node L, the algorithm computes its estimated total profit V̂L using the function Com-

puteNodeValue in Algorithm 1. Specifically, let n1 and n0 denote the number of treated and control

customers in L, respectively. The estimated treatment effect within the node is

τ̂L = 1
n1

∑
i∈L:Di=1

yi −
1
n0

∑
i∈L:Di=0

yi.

If the estimated effect is non-negative (τ̂L ≥ 0), the policy recommends treatment (ai = 1) for all

customers in the node; otherwise, no treatment (ai = 0).
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The expected profit for each customer i ∈ L is then

v̂i =


yi, if Di = ai,

Γi,ai , otherwise,

where yi is the observed outcome and Γi,ai is the counterfactual DR score under the assigned action ai.

Summing over all customers in the node yields the total expected profit:

V̂L =
∑
i∈L

v̂i.

The gain from a potential split is defined as the improvement in the DR-based value relative to the

parent node:

∆V = V̂LL
+ V̂LR

− V̂L,

where V̂LL
and V̂LR

are the estimated profits of the left and right child nodes, respectively.

Among all feasible feature–threshold pairs (j, t) at node L, the algorithm selects the split with the

highest positive gain ∆V . A split is only considered if both child nodes satisfy the statistical-feasibility

criterion, ensuring that each segment contains sufficient observations and treatment variation for reliable

estimation.

The process repeats recursively for each child node until either the maximum tree depth qmax is reached

or no candidate split yields a gain exceeding the tolerance ϵ. The detailed procedure for constructing the

Decision-Aware Segmentation Tree is summarized in Algorithm 1.
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Algorithm 1: Decision-Aware Segmentation Tree (entry point: BuildDecisionAwareTree)
Input: Training set of pilot data Dtrain = {(xi, Di, yi)}i∈Itrain ; doubly robust score matrix Γ; tolerance

ϵ > 0; maximum tree depth qmax > 0; candidate threshold sets H = {Hj}d
j=1; admissibility check

function StatisticallyAdmissible(·) a

Output: A segmentation tree T of depth qmax, where each internal node stores an optimal split (j, t)
1 Function GrowNode(L, q):
2 if q = qmax then
3 return TerminateNode;

4 bestGain← −∞;
5 bestSplit← ∅;
6 V̂L ← ComputeNodeValue(L);
7 for feature j = 1 to d do
8 for threshold t ∈ Hj do
9 LL ← {i ∈ L : xij ≤ t};

10 LR ← L \ LL;
11 if not StatisticallyAdmissible(LL) or not StatisticallyAdmissible(LR) then
12 continue;

13 V̂LL
← ComputeNodeValue(LL);

14 V̂LR
← ComputeNodeValue(LR);

15 gain← V̂LL
+ V̂LR

− V̂L;
16 if gain > bestGain then
17 bestGain← gain ;
18 bestSplit← (j, t,LL,LR);

19 if bestGain ≤ ϵ then
20 return TerminateNode;

21 Split L at bestSplit into LL and LR, and update global tree object T ;
22 GrowNode(LL, q + 1);
23 GrowNode(LR, q + 1);

24 Function ComputeNodeValue(L):
25 n1 ← |{i ∈ L : Di = 1}|;
26 n0 ← |{i ∈ L : Di = 0}|;
27 τ̂L ← 1

n1

∑
i∈L:Di=1 yi − 1

n0

∑
i∈L:Di=0 yi;

28 ai ← 1{τ̂L ≥ 0}, for all i ∈ L;

29 v̂i ←

yi, if Di = ai

Γi,ai
, otherwise

for all i ∈ L;

30 V̂L ←
∑

i∈L v̂i;
31 return V̂L;

32 Function BuildDecisionAwareTree(D):
33 Initialize q ← 0;
34 Initialize empty tree T ;
35 Initialize root L←Itrain;
36 GrowNode(L, q);
37 return T ;

aThe function StatisticallyAdmissible(·) encodes the requirements that each segment must satisfy for reliable estima-
tion of the segment-level parameters. These requirements depend on the estimation method and may include, for example,
sufficient sample size, and treatment variation. 18



4.2 Algorithm 2: Post-pruning the segmentation tree and estimating parameters

After constructing a fully grown segmentation tree of depth qmax, we apply a decision-aware post-pruning

procedure to reduce the number of leaf nodes to the desired value M . We implement a bottom-up pruning

algorithm that iteratively removes the least beneficial splits. At each iteration, we identify an internal

node whose two children are both leaves, and we evaluate the gain from keeping the split versus collapsing

it. This process continues until exactly M leaf segments remain. Once pruning is complete, we estimate

response models within each segment. We present the procedure in Algorithm 2.

Algorithm 2: Post-Pruning Tree and Estimation
Input: Fully grown tree T ; Training data Dtrain = {(xi, Di, yi)} used to build the tree; DR score matrix

Γ; target number of segments M ; parameter estimator Θ̂(·)

Output: Pruned tree Tpruned with M leaves, with leaf nodes storing estimated parameters {(f̂m, τ̂m)}M
m=1

1 Function PostPruneTree(T ,M):

2 while LeafCount(T ) > M do

3 ∆∗ ←∞;

4 L∗ ← null;

5 for internal node L whose children are both leaves do

6 Let LL,LR be L’s left child and right child;

// Call the ComputeNodeValue function in algorithm 1

7 V̂LL
← ComputeNodeValue(LL);

8 V̂LR
← ComputeNodeValue(LR);

9 V̂L ← ComputeNodeValue(L);

10 ∆VL ← (V̂LL
+ V̂LR

)− V̂L;

11 if ∆VL < ∆∗ then

12 ∆∗ ← ∆VL;

13 L∗ ← L;

// Prune the split at L∗

14 Collapse children of L∗ and reassign it as a leaf;

// Estimate parameters in each leaf after pruning

15 for leaf node Lm in T do

16 (f̂m, τ̂m)← Θ̂(Lm);

17 return (Tpruned, {(f̂m, τ̂m)}M
m=1
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5 Decision-aware model selection (DAMS): choosing the number of

segments

The second component of the Decision-Aware Segmentation (DAS) framework is the Decision-Aware

Model Selection (DAMS) procedure. Importantly, our DAMS is agnostic to the specific segmentation

algorithm employed: it can be applied to any segmentation method that defines segment-level treatment

policies, not limited to DAST.

In Section 7, we conduct ablation studies to disentangle the contribution of segmentation and model

selection. Specifically, we combine DAMS with alternative segmentation algorithms (e.g., GMM, k-means)

to isolate and quantify the incremental value of decision-aware model selection.

Overview. Given a sequence of candidate segmentation models {CM} with different numbers of seg-

ments M ∈ {1, . . . ,Mmax}, DAMS evaluates each model using the validation dataset Ival. For each

customer i ∈ Ival, the procedure assigns the customer to a segment according to the segmentation model,

applies the corresponding decision rule in that segment, and estimates the expected outcome using ob-

served or counterfactual information. Specifically, if the assigned action matches the customer’s observed

action in the pilot data, the realized outcome yi is used; otherwise, the corresponding DR score Γi,ai is

used as the counterfactual outcome estimate. The validation score of segmentation with M segments,

denoted V val
CM

, is the average of the estimated outcomes across all validation customers:

V val
CM

= 1
Nval

∑
i∈Ival

[
1{Di = ai} yi + 1{Di ̸= ai}Γi,ai

]
.

The optimal number of segments M∗ is selected as the model achieving the highest validation value:

M∗ = arg max
M∈{1,...,Mmax}

V val
CM
.

This decision-aware model selection method ensures that the chosen segmentation delivers the best out-

of-sample policy performance. We present the method in Algorithm 3.

After choosing the number of segments, we obtain the final segmentation structure by retraining on

the entire pilot dataset to maximize data efficiency.
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Algorithm 3: Decision-Aware Model Selection (DAMS)
Input: Validation data Dval = {(xi, Di, yi)}i∈Ival ; DR score matrix Γ; Set of candidate segmentation

models {CM} for M ∈ {1, . . . ,Mmax}; Policy function πCM (i) induced by each segmentation CM .

Output: Optimal number of segments M∗

1 Function EvaluateModel(CM ):

2 for each customer i ∈ Ival do

3 Assign i to segment m according to CM ;

4 ai ← πCM (i) // assigned action under policy πCM

5 if Di = ai then

6 v̂i ← yi;

7 else

8 v̂i ← Γi,ai
;

9 V val
CM
← 1

Nval

∑
i∈Ival v̂i;

10 return V val
CM

;

11 Function DecisionAwareModelSelection({CM},Dval):

12 for each M ∈ {1, . . . ,Mmax} do

13 V val
CM
← EvaluateModel(CM );

14 M∗ ← arg maxM V val
CM

;

15 return M∗;

6 Assessment standards

One of our central research questions is: How should we assess whether a particular segmentation is

“good”? To evaluate performance in simulation studies, we propose a set of oracle-based assessment

criteria along three complementary dimensions: (1) structure recovery, (2) estimation accuracy,

and (3) policy effectiveness.

While these metrics are not computable in practice due to dependence on unobserved ground-truth

information, they serve as idealized evaluation standards in synthetic settings, enabling rigorous bench-

marking and methodological comparisons across segmentation approaches.

6.1 Structure oracle

A structure oracle evaluates how well the estimated segmentation recovers the ground-truth latent struc-

ture. Specifically, it compares the true latent segment labels {Zi}i∈Ipilot to the estimated segmentation
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Table 4: Oracle evaluation metrics for a candidate segmentation of size M

Dimension Oracle Inputs Evaluation Set Metrics

Structure Recovery {{Zi}, {Ci}} Ipilot Adjusted Rand Index (ARI)

Normalized Mutual Information (NMI)

Estimation Accuracy {{fk, τk}K
k=1, {Zi}, {Ci}} Ipilot Parameter-level MSE

Outcome-level MSE

Policy Effectiveness {{fk, τk}K
k=1, {Zi}, {Ci}, πC} I implement Regret

Mis-treatment rate

C. Since segment labels are inherently non-identifiable up to permutation, these metrics assess clustering

agreement, not exact label match. We use the following commonly adopted measures:

• Adjusted Rand Index (ARI): Quantifies the similarity between the true segmentation and the

estimated segmentation, adjusted for chance agreement. ARI takes values in [−1, 1], with 1 indicating

perfect agreement, 0 representing chance-level agreement, and negative values implying less agreement

than expected by chance.

• Normalized Mutual Information (NMI): Measures the mutual dependence between the true

segmentation and the estimated segmentation, normalized by the entropies of each clustering. NMI

ranges from 0 (no shared information) to 1 (perfect agreement), and is invariant to permutations of

cluster labels. It is particularly useful for comparing clusterings with different numbers of clusters

6.2 Estimation Oracle

An estimation oracle evaluates how accurately the manager’s estimated segment-level models recover the

ground-truth segment parameters. Each pilot customer i ∈ Ipilot is assigned to a segment Ci ∈ {1, . . . , |C|}

under the manager’s segmentation, and has a latent ground-truth segment label Zi ∈ {1, . . . ,K}. We

consider two evaluation metrics:

• Parameter-level MSE. For parametric baseline models fk(·), We assume they belongs to a para-

metric family, such that it is fully specified by a finite-dimensional parameter vector ψk ∈ Rq. We

then define the full segment-level parameter vector as:

θk = (ψk, τk) ∈ Rq+1, θ̂m = (ψ̂m, τ̂m) ∈ Rq+1.

Then the parameter-level mean squared error compares the estimated parameters from the assigned
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segment to the ground-truth segment:

MSEparam = 1
Npilot

∑
i∈Ipilot

∥∥∥θ̂Ci − θZi

∥∥∥2

2
, (6)

where ∥ · ∥2 is Euclidean norm.

• Outcome-level MSE. This metric applies to any model class, including nonparametric functions,

and evaluates predictive accuracy of counterfactual profit outcomes:

ŷi(a) = f̂C
Ci

(xi) + τ̂C
Ci
· 1{a = 1}, ytrue

i (a) = fZi(xi) + τZi · 1{a = 1}.

The outcome-level mean squared error is:

MSEoutcome = 1
Npilot

∑
i∈Ipilot

∑
a∈{0,1}

(
ŷi(a)− ytrue

i (a)
)2
. (7)

6.3 Policy oracle

A policy oracle evaluates how effectively the manager’s targeting policy performs when deployed to new

customers in the implementation set. In particular, we compare the expected profit of a policy πC con-

structed from segmentation C, against the best possible policy under full knowledge, over implementation

customers.

We denote the expected profit (or expected return) of a policy π on the implementation set by R(π).

In particular, the expected realized profit generated under the manager’s policy πC is:

R(πC) = 1
N implement

∑
j∈Iimplement

[
fZj (xj) + τZj · 1{πC(j) = 1}

]
, (8)

where Zj is the latent ground-truth segment index for implementation customer j, πC(j) is the assigned

treatment decision.

The oracle policy π⋆ chooses the action that maximizes each customer’s true expected profit:

π⋆(j) = arg max
a∈{0,1}

[
fZj (xj) + τZj · 1{a = 1}

]
(9)

= 1{τZj > 0}. (10)
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The corresponding oracle profit is denoted by R(π⋆), and is given by:

R(π⋆) = 1
N implement

∑
j∈Iimplement

max
{
fZj (xj), fZj (xj) + τZj

}
(11)

= 1
N implement

∑
j∈Iimplement

(
fZj (xj) + max{0, τZj}

)
. (12)

We define two evaluation metrics:

• Regret. The regret of the manager’s policy is the loss in realized profit relative to the oracle profit:

RegretC = R(π⋆)−R(πC). (13)

• Mis-treatment rate. This metric computes the fraction of implementation customers who are

mistreated relative to their optimal action:

MisTreatC = 1
N implement

∑
j∈Iimplement

1
{
πC(j) ̸= π⋆(j)

}
. (14)

7 Expriment

...
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