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Customer Segmentation Drives Business Decisions

* Department stores (e.g., Sephora): coupon campaigns

 E-commerce, online retailers (e.g., Amazon): ad campaigns

* Banks (e.g., American Express): discount offers
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But: Are We Segmenting for the Right Objective?

Widely-used segmentation algorithms: optimizing statistical fit/separation

Centroid-based clustering  Model-based clustering  Hierarchical clustering ML/DL-based clustering
(e.g., K-means) (e.g., GMM)
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Segmentation Should Optimize Decision Outcomes

Descriptive Targeting
Segmentation Policies
Optimizing for statistical fit e“@’{\d\ Optimizing for decisions/profits
5@% ;"\‘S
(\% (O . .
‘.\«\1\‘ O(\S\Q » Uplift modeling
Lo o
o 0 > Policy learni
Prescriptive 00““(%@"\(\% olicy learning
2
Segmentation (of ¢

, o » Decision-aware learning
Incorporate managerial objectives

» Prescriptive segmentation



Research Questions

How should firms segment to optimize decision outcomes?

How many segments How to segment
How should firms choose the right Given a number of segments, how
number of segments? should customers be partitioned?




Running Example

e Suppose an e-commerce retailer wants to determine how to allocate Ad A and
Ad B across customers to maximize conversions.

 The firm can choose to show Ad A (D=0) or Ad B (D=1) to each customer.

* Fully individualized? Practical limitations
e over-fitting due to insufficient data; costly to obtain data

 difficult to operationalize

* The firm wants to deploy a segment-level targeting instead.



Decision Pipeline

Sampled pilot

A 4

/ customers

Customer
Population

Implementation
Customers

Stage 1: Pilot Pilot experiment:
A/B testing data

{(x

DY)}

Stage 2: Learning

\ 4

Estimating segment-level |
actions

Stage 3: Implement

Segmentation

— {1,2,..,M}

Segment-level

How to segment customers to maximize implementation outcomes?

A

A

targeting policy




Problem Setup

e Each customer i with a feature vector x; € R¢
« treatment D; € {0,1}, and realized outcome vee

(Unobservables: latent structure)
* K latent segments: each segment k characterized A Z3

by (fi, Ok) -

(Data generation process)
* The realized response y; for customer i follows a logistic model:

1

Yi)] = U( fZi(xi) + HZL' °Di) olx) = 1+e*
—r— \ T

baseline  treatment parameter Not known by managers
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Manager’s Optimization Problem

The manager learns a segmentation ¢ from the pilot data {(x;, D;, v;)}, and
estimates targeting actions for each segment.

Pilot Segl, a4 Implementation
: O
Seg 2, a, D
[7}' = U(fzj(xi) + 921- ' aj))
Seg 3, a3

The manager seeks a segmentation ¢ that maximizes the sum of probabilities

j €Eimplement



Optimization Proxy
Not observable during
The manager’s optimization goal: the learning stage!

max E
segmentation ¢

Jj € Implement

Instead, we optimize over an estimate 7 of the outcome

max. E ;
segmentation ¢

Jj € Implement

We use doubly-robust (DR) score, a per-customer, per-action estimate of
counterfactual outcomes

N

(customer j, action aj) — [ DR estimator J — I
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Decision-Aware Segmentation (DAS)

A framework that produces tree-based segmentation by directly
maximizing the downstream outcomes.

Why tree? Age
<=30 | >30
* Natural segmentation
Gender structure (leaf = segment)
Flm * Interpretable

S t3 i . .
egmen * Non-linear relationships

Segment 1 Segment 2 ° Easy to allocate
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Decision-Aware Segmentation (DAS)

How many segments

How to segment

Algorithm 1 DAST (Decision-
Aware Segmentation Tree)

A tree-based algorithm to
segment customers for a
given number of segments
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Algorithm 1 — Segmentation DAST

Build on MIST and Policytree

* better aligned with managerial objectives
* more computationally efficient

Algorithm procedure:

1. Grow a segmentation tree:
* For each current leaf, evaluate all feature-threshold

pairs by policy-value gain|AV = Vleft + Vrlght Vpare[lt

* Split the leaf node that yields the largest gain AV, .«

* Repeat the above steps until the tree grows to the
desired number of leaves M

2. Estimate leaf-level actions

Vroot = ZiEroot i ~

DR estimates

Root
Node

(feature, threshold)

\ I/left \ I/r'ight
Left Right
Child Child
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Decision-Aware Segmentation (DAS)

How many segments

How to segment

Algorithm 2 DAMS (Decision-
Aware Model Selection)

A model selection method
for choosing the number of
segments

Algorithm 1 DAST (Decision-
Aware Segmentation Tree)

A tree-based algorithm to
segment customers for a
given number of segments
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Algorithm 2 — Model Selection DAMS

Algorithm procedure:

* Specify candidate segment counts, e.g., M ={1,2,3,..,10}

* Foreach M € M, learn a segmentation ¢,, (Algorithm 1 - DAST) and
estimate targeting for customers in a held-out validation set

* Evaluate each segmentation ¢,

ron=

Jj €Evalidation

* Select the M™ with the highest estimated value

M* € argmax V(M)

MeM

[

\_

We implement a k-fold
cross-validation version

\
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Theoretical Guarantees

Question 1: Can DAST scale to millions of customers?

In math language: Time complexity of DAST: O(d - N logN)

DAST scales efficiently (near-

In human-friendly language: linearithmic) to large datasets
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Theoretical Guarantees

Question 2: Will DAST choose the right split, or just chase random

noise?

In math language:

V(h*)=V(h)<C- |log(

In human-friendly language:

16 - ||
; )

With high probability, the split chosen
by DAST achieves a performance close

to the best possible candidate under
perfect information.
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Theoretical Guarantees

Question 3: How many validation samples do we need to reliably
identify the true number of segments?

In math language: N>C -ilog(z ' |M|)
=0 5

In human-friendly language: The required validation sample size
grows logarithmically with the number
of candidate segmentations.
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Numerical Studies: Benchmark Methods

* List of Benchmark Methods (~10)

Segmentation Methods HTE-based Methods
» K-Means » Meta-learners, including T-
learner, S-learner, X-learner, and
> GMM DR-learner

» Clusterwise-Linear Regression
» Causal Forest
» Market Segmentation Trees
> Policytree

* Compare DAS with comparators on both
* Synthetic datasets
e Real-world datasets (e.g., Hillstrom Email, Criteo Uplift)



Real-world Result - Improvement on Targeting Outcomes

CXRITEO

Online advertising A/B tests (RCT)

N: 140,000
X: 12 features
Treatment: binary (0/1)

Y: conversion rate (very sparse,
~0.3%)

DAS improvement ratio on Criteo — Conversion
Each data point: mean + 95% CI (100 runs)

C ¢
50.0 7 K-Means +M‘;’_}}P“rat°r 4 S-Learner
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DAS improves the conversion rate by 10730% on real-world dataset.
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Open Source (Python + R Package coming soon!)
* One-step installation: pip install XXX or "install.packages("XXX")"
* Minimal setup: 4 lines of code

from das import DASTree

tree = DASTree(M=3)
tree.fit(X, y, D)

actions = tree.predict_action(X_new) — Prescriptive actions

* Support multi-action settings

* Easy integration with existing targeting pipelines
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Takeaways: Optimizing segmentation for the decisions

* A new perspective: Segmentation is not just a statistical
problem, but also a decision problem.

* A new solution: DAS directly optimizes segmentation for
downstream targeting decisions.

* A deployable tool: An open-source Python/R package for
practitioners.



The Business School
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Thank You & Questions

My research interests:
* Operations, machine learning, decision-aware learning

* Human—AI collaboration, Al for Science

Open to discussions and collaboration! kelichloe.github.io



https://kelichloe.github.io/
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