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Abstract

Decision makers often operate under budget constraints and must allocate limited
interventions across large populations. A common approach ranks individuals by
predicted response probability and selects the top-k users. However, predictive
scoring targets outcome likelihood rather than incremental impact and may allocate
resources to individuals who would respond even without intervention. Uplift-based
scoring, in contrast, ranks individuals by estimated treatment-induced response and
is therefore more directly aligned with intervention allocation. This paper presents

a decision-oriented empirical comparison of predictive and uplift-based scoring
under a unified budget-constrained top-k targeting framework. Using a large-scale
observational digital-lending dataset, we construct a temporally ordered evaluation
design in which current-month features and treatment are mapped to next-month
drawdown behavior. Predictive models estimate next-month response probability,
while uplift-based models estimate incremental treatment effects. All scores are
converted into the same top-k policy and evaluated using inverse propensity scoring
(IPS), self-normalized weighting (WIS/SNIPS), and doubly robust/augmented inverse
probability weighting (DR/AIPW) policy-value estimators. The results show that
predictive models provide reasonable response-prediction performance, indicating
that they are not weak baselines. Nevertheless, under the unified budget protocol,
uplift-based policies achieve higher DR/AIPW policy value than predictive policies
across the evaluated budget levels, including when compared against the strongest
predictive baseline. IPS estimates are more conservative and sometimes negative,
reflecting high weighted control benchmarks among selected users. Supporting
analyses using WIS/SNIPS, bootstrap uncertainty, weight trimming, hidden-
confounding sensitivity analysis, placebo tests, selected-group decomposition, and
response-type diagnostics are consistent with the DR/AIPW-centered findings. These
findings provide dataset-specific empirical evidence that uplift-based scoring is
better aligned with budget-constrained intervention allocation when the operational
objective is incremental impact. The study highlights the importance of evaluating
scoring models by the policy value of the decisions they induce, rather than by
predictive accuracy alone.
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1 Introduction

Organizations increasingly rely on scoring models to allocate limited interventions
across large user populations. In domains such as marketing, recommendation systems,
digital platforms, and customer engagement, treatment capacity is often constrained by
budget, channel availability, operational cost, or compliance requirements. Under such
constraints, the practical question is not whether an intervention is effective on average,
but which individuals should be prioritized when only a limited fraction of the popula-
tion can be targeted.

This decision problem is commonly implemented through a top-k targeting rule. A
scoring model ranks individuals, and the decision system selects the highest-ranked
users until the budget is exhausted. In this setting, a score does not merely summarize
user characteristics; it induces an allocation policy. The quality of the model should
therefore be assessed not only by its predictive performance, but also by the value of the
decisions generated by the ranking rule [1-4].

A widely used approach is predictive scoring. Predictive models estimate the probabil-
ity that an individual will produce the target outcome and rank users accordingly. Such
models are attractive because they are easy to train, validate, and deploy using stan-
dard supervised-learning workflows. Logistic regression, random forests, XGBoost, and
LightGBM are commonly used because they are scalable and often provide strong pre-
dictive performance. This prediction-oriented logic is also closely related to the broader
development of user modeling, recommender systems, customer analytics, and profil-
ing-based personalization [5-10].

However, predictive scoring is not equivalent to intervention allocation. Predictive
scores rank users by outcome likelihood, whereas intervention decisions should priori-
tize users whose outcomes are likely to change because of treatment. From the potential-
outcomes perspective, observed responses combine baseline response propensity with
treatment-induced change [11-13]. Under budget constraints, this distinction becomes
critical. Users with the highest predicted response probabilities may respond even with-
out treatment. Allocating scarce interventions to such users can improve observed
response rates while generating limited incremental intervention value.

Uplift modeling and heterogeneous treatment-effect estimation address this issue
by focusing on treatment-induced differences rather than outcome levels. Early uplift
modeling work introduced the idea of ranking individuals by the incremental effect of
treatment rather than by response probability [14—17]. Tree-based uplift models, multi-
treatment uplift modeling, and applied uplift studies further extended this logic in mar-
keting, churn prevention, and treatment-allocation settings [18—21]. In parallel, causal
machine learning has developed flexible methods for estimating heterogeneous treat-
ment effects, including causal trees, causal forests, generalized random forests, meta-
learners, representation-learning approaches, R-learning, and double/debiased machine
learning [22-29].

The distinction between predictive and uplift-based scoring is therefore not simply
a distinction between two algorithm families. It is a distinction between two decision
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signals. Predictive scoring asks who is likely to respond. Uplift-based scoring asks whose
response is likely to change because of the intervention. When interventions are costly
or capacity-constrained, the second question is more directly aligned with incremental
intervention value.

Prior work has developed rich methods for predictive modeling, uplift modeling,
causal machine learning, and policy learning. Predictive models are typically evaluated
by AUC, calibration, or classification performance. Uplift models are often evaluated
using uplift curves, raw AUUC, or Qini. Causal machine-learning methods focus on
heterogeneous treatment-effect estimation and related identification or estimation prop-
erties. Policy-learning studies evaluate decision rules more directly, but often under set-
tings that differ from common predictive-scoring deployment pipelines [2, 4, 30]. What
remains less systematically examined is how predictive and uplift-based scores perform
when they are embedded into the same budget-constrained top-£ decision protocol and
evaluated by the policy value of the decisions they induce.

As shown in Table 1, existing studies primarily focus on predictive accuracy, uplift
modeling, treatment-effect estimation, or platform-specific targeting. Fewer studies
place predictive and uplift-based scores under the same decision rule and compare the
value of the resulting policies. This gap motivates the present study.

Rather than proposing a new causal estimator, this paper provides a decision-oriented
empirical comparison of predictive and uplift-based scoring under budget constraints.
The central research question is:

Under a unified budget-constrained top-k decision protocol, how do predictive scor-
ing and uplift-based scoring differ in their ability to support effective intervention
allocation?

Table 1 Positioning of this study relative to prior scoring and causal-decision approaches

Research stream Repre- Main target and evaluation focus Remaining gap addressed by this
sentative study
studies
Predictive scor- [7-10] Response probability, user preference,  Does not distinguish baseline re-
ing and user or behavioral propensity; evaluated sponse propensity from incremen-
modeling using AUG, calibration, classification, or  tal intervention value
recommendation performance
Uplift modeling [14-18,21] Incremental response or uplift, Often not compared with predictive
Y (1) — Y (0); evaluated using uplift ~ scoring under the same budget-
curves, raw AUUC, Qini, or campaign constrained top-k decision rule
gain
Causal machine [22-25,28,  CATE/ITE; evaluated by treatment- Primarily estimation-focused
learningand HTE ~ 29] effect estimation, heterogeneity rather than a direct comparison of
estimation discovery, and nuisance adjustment induced allocation policies
Policy learning [1-4,30] Policy value or individualized treatment Does not directly examine predic-

and decision
evaluation

Causal user profil-
ing and response

segmentation

This study

rules; evaluated using offline policy

value and treatment-rule performance

Response segmentation and

causal user profiles; evaluated using
treatment-response types and uplift-
oriented segmentation

P(Yi41 = 1| Xy) versus 7(X¢);

evaluated using DR/AIPW policy value

under a unified top-k protocol

tive scoring versus uplift-based
scoring in the same operational
top-k targeting protocol

Does not provide a unified
predictive-versus-uplift policy-value
comparison under fixed budget
constraints

Provides a decision-oriented empiri-
cal comparison of predictive and
uplift-based scoring under the same
budget-constrained targeting rule

Page 3 of 32
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The empirical setting is an observational digital-lending intervention dataset. To
strengthen temporal ordering, current-month features and treatment are mapped to
next-month drawdown behavior. Predictive models estimate next-month drawdown
probability, while uplift-based models estimate the incremental effect of current-
month intervention on next-month drawdown. All scores are converted into the same
top-k policy and evaluated using a common policy-evaluation framework, with DR/
AIPW policy value as the main criterion and IPS, WIS/SNIPS, robustness checks, and
response-type diagnostics as supporting evidence.

The paper makes three contributions. First, it reframes the comparison between pre-
dictive and uplift-based scoring as a decision problem rather than a pure model-perfor-
mance comparison. Second, it provides a reproducible empirical protocol that combines
temporal outcome construction, leakage prevention, propensity diagnostics, unified
top-k policy comparison, DR/AIPW evaluation, robustness checks, and response-type
mechanism diagnostics. Third, it provides empirical evidence that predictive models
can be reasonable response predictors while still inducing lower policy value than uplift-
based policies under budget constraints.

The remainder of the paper is organized as follows. Section 2 defines the budget-con-
strained targeting problem and the scoring strategies compared in this study. Section 3
describes the data, temporal outcome construction, experimental design, and reproduc-
ibility protocol. Section 4 reports the empirical results. Section 5 discusses the implica-

tions of the findings, and Sect. 6 concludes.

2 Problem setup and scoring strategies

This section defines the decision problem and the scoring strategies compared in this
study. The key distinction is between a score, a policy, and policy value. A score ranks
users; a policy converts this ranking into a treatment decision under a budget con-
straint; policy value evaluates the expected value of the decisions induced by that policy.
Throughout the analysis, the decision rule is held fixed and only the scoring function
changes. This design allows the comparison to focus on whether response-probability
scoring or treatment-effect-oriented scoring is better aligned with budget-constrained
intervention allocation.

2.1 Budget-constrained targeting problem

Consider a population of n users indexed by i =1,...,n. At decision period t, the
system observes pre-treatment features X, a treatment indicator T; ; € {0,1}, and
a future binary outcome Y; ;. In the empirical setting of this paper, T;; indicates
whether the user receives an intervention in the current month, while Y; ;4 indicates
whether the same user draws down in the next month.

In each decision round, only a limited fraction of users can be selected for treatment.
Let b € (0,1] denote the budget ratio and let k, = |bn] denote the corresponding num-
ber of selected users. Given a scoring function s(X; ), users are ranked by this score,
and the top k; users are selected. The policy induced by score s at budget b is defined as:

s (Xit) = I{s(Xi) > e}, (2.1)

where ¢y, is the score threshold corresponding to the top k;, users.
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The objective of budget-constrained targeting is not to maximize the observed
response rate among selected users. Instead, the objective is to allocate interventions
to users for whom treatment is expected to generate additional response. In potential-
outcomes terms, this means prioritizing users with larger values of Y; ;41 (1) — Y7 ¢+11(0),
although both potential outcomes cannot be observed for the same user. This unobserv-
ability motivates the use of estimated treatment-effect scores.

2.2 Predictive scoring
Predictive scoring ranks users by their estimated probability of the target outcome. In
this study, predictive models estimate next-month drawdown probability:

Spred(Xin) = P(Yigp1 = 1| Xi). (2.2)

This score answers the question: which users are most likely to draw down next month?

Predictive scoring is useful for forecasting and monitoring because it directly estimates
expected response probability. It is also compatible with standard supervised-learning
evaluation, including AUC and calibration. However, predictive scoring does not distin-
guish baseline response propensity from treatment-induced change. A user with a high
predicted probability of next-month drawdown may have a high probability of drawing
down regardless of whether treatment is delivered. Under a limited intervention bud-
get, ranking such users highly may allocate treatment to users with limited incremental
intervention value.

2.3 Uplift-based scoring
Uplift-based scoring ranks users by estimated incremental response. In this study, the
uplift score is defined as:

Suplift (Xi,t) = ?(th) (23)

The score estimates the conditional treatment effect, E[Y; :4+1(1) — Yi+41(0) | X, 4]
. When implemented through potential-outcome probability models, it can be repre-
sented as the difference between estimated treated and control response probabilities.

This score answers a different question: which users are most likely to change their
next-month behavior because of the current-month intervention?

The distinction between predictive and uplift-based scoring is therefore not only algo-
rithmic. It is a distinction between two decision signals. Predictive scoring ranks users
by expected outcome level, whereas uplift-based scoring ranks users by estimated out-
come change. When interventions are costly or capacity-constrained, the latter is more
directly aligned with the objective of maximizing incremental intervention value.

2.4 Unified policy comparison

A fair comparison requires predictive and uplift-based scores to be evaluated under
the same deployment rule. This study therefore converts each score into the same top-
k policy defined in Eq. (2.1). The data structure, feature space, temporal split, budget
levels, and decision rule are held constant; only the scoring function used to rank users
changes.
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For each score s and budget b, the induced policy is 7, 5, and the corresponding policy
value is denoted by V (5 ). The main comparison is:

Ab - ‘7(7Tb,up1ift) - V(Wb,pred)a (24)

where ‘7() denotes an offline policy-value estimator. A positive A, indicates that the
uplift-based policy achieves higher estimated policy value than the predictive policy
under the same budget constraint.

This formulation separates model scoring from policy evaluation. Predictive AUC and
calibration are reported to confirm that predictive baselines are not weak. Raw AUUC
and Qini are used only as auxiliary uplift-ranking diagnostics. The main empirical
comparison is conducted at the policy level using the common evaluation framework
described in Sect. 3.

Because the study uses observational data, policy-value interpretation depends on
standard causal assumptions, including consistency, conditional exchangeability, and
positivity. These assumptions are addressed empirically through temporal ordering, pre-
treatment feature construction, propensity diagnostics, covariate balance checks, DR/
AIPW estimation, and sensitivity analyses in the following sections.

3 Data, experimental design, and reproducibility

This section describes the empirical design used to compare predictive and uplift-based
scoring under a unified budget-constrained targeting protocol. The purpose is to make
the comparison reproducible and decision-oriented. The design follows four principles.
First, treatment, covariates, and outcomes are temporally ordered to avoid same-period
leakage. Second, all scoring strategies use the same pre-treatment feature space and the
same train-validation-evaluation split. Third, all scores are converted into the same top-
k decision rule. Fourth, policy value is evaluated using inverse-propensity, self-normal-
ized, and doubly robust estimators.

The empirical structure is:

Xit, Tyt — Yy, (3.1)

where X; ; denotes user characteristics and historical behaviors available at the current
decision month, T; ; denotes current-month treatment assignment, and Y; ;1 denotes
next-month drawdown.

3.1 Data source and temporal outcome construction

The empirical analysis uses a large-scale monthly user-level observational dataset from
a digital lending and user engagement context. Each observation corresponds to a user-
month decision instance and contains user characteristics, historical behavioral vari-
ables, treatment assignment, and drawdown behavior.

The raw panel contains 907,893 user-month observations from 184,668 users over
six monthly periods. The original outcome variable records whether a user made a
drawdown in the current month. However, because both treatment and drawdown are
observed at monthly frequency, using current-month drawdown as the outcome for
current-month treatment would create ambiguity in temporal ordering. Without exact
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intra-month timestamps, it is not possible to verify whether treatment always occurred
before drawdown within the same month.

To avoid same-period leakage and reverse-causality concerns, this study defines the
outcome as next-month drawdown. For each user-month observation in period ¢, the
same user is linked to period ¢ 4 1, and the next-month drawdown indicator is used as
the outcome:

Y; 141 = Drawdown, ;4. (3.2)
The treatment remains the current-month intervention:
T; + = Treatment; ;. (3.3)

Thus, the empirical estimand is the effect of current-month intervention on next-month
drawdown behavior.

3.2 Ethics and data governance

This study was based on retrospective, de-identified secondary operational data pro-
vided by Haier Consumer Finance Co., Ltd. for academic research purposes. The dataset
was generated from routine platform operations before the research analysis was con-
ducted. The authors did not recruit participants, collect biological materials or human
tissue samples, conduct prospective human-subject experiments, directly administer
interventions, or collect new personal data for this study.

Before being provided to the authors, the dataset was de-identified by the data pro-
vider. The authors did not access names, identity numbers, telephone numbers,
addresses, bank account information, or other directly identifiable personal informa-
tion. All analyses were conducted on de-identified user-month records, and all reported
results are presented only in aggregated or derived analytical form.

The study was conducted in accordance with applicable institutional requirements,
data-provider restrictions, confidentiality obligations, and relevant regulations govern-
ing the use of de-identified secondary operational data.

3.3 Analytical sample and temporal split

After mapping next-month outcomes, the final analytical sample contains 721,861 user-
month observations. The last observed month is excluded because its next-month out-
come is unavailable.

The sample is split using an out-of-time design rather than random sampling. Earlier
months are used for training, the following month is used for validation, and the most
recent month with observable next-month outcomes is used for final evaluation (Table
2).

Table 2 Analytical sample construction and temporal split

Split Periods Observations Purpose

Training set M1-M3 417,063 Model fitting

Validation set M4 150,347 Model and policy selection
Evaluation set M5 154,451 Final policy evaluation

Excluded period M6 - Excluded because next-month outcome is unavailable
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The evaluation set is not used for feature selection, model fitting, hyperparameter tun-
ing, propensity-model selection, or policy selection. This temporal design approximates
prospective deployment and reduces the risk of information leakage.

3.4 Feature construction and leakage prevention

All models use the same pre-treatment feature space. Features are constructed from user
attributes, credit status, risk history, borrowing history, utilization behavior, and his-
torical intervention exposure. Current-month outcomes, future variables, pre-computed
treatment-effect scores, clustering labels, and response-type labels are excluded from
model inputs.

The feature groups are summarized in Table 3.

The same feature matrix is used for predictive, uplift, propensity, and outcome-regres-
sion models. Therefore, differences in policy value can be attributed to the scoring objec-
tive rather than differences in feature availability. A full variable dictionary is included in
the reproducibility materials where data-sharing approval permits.

3.5 Scoring models and model selection

This study compares predictive-response scoring and uplift-based treatment-effect
scoring. The two scoring families are trained under the same temporal split and feature
space, but they estimate different target quantities.

3.5.1 Predictive scoring
Predictive models estimate the next-month drawdown score defined in Eq. (2.2). These
models answer the question of who is most likely to draw down next month.

The predictive model set includes logistic regression, random forest, XGBoost, and
LightGBM. Predictive model quality is reported using conventional response-prediction
diagnostics, including AUC and calibration. These diagnostics are used to show that pre-
dictive baselines are not weak. They are not used as the main decision metric.

3.5.2 Uplift-based scoring

Uplift-based models estimate the treatment-effect-oriented score defined in Eq. (2.3).
These models answer the question of whose next-month drawdown behavior is most
likely to change because of current-month treatment.

Table 3 Feature groups used for predictive and uplift-based scoring

Feature group Examples Interpretation Timing

Demographic attributes  Age, gender, education, marital status Basic user characteristics Pre-treat-
ment

Credit status Credit limit, account age Credit capacity and account Pre-treat-
relationship ment

Risk history Historical overdue indicators and overdue  Prior risk behavior Pre-treat-
counts ment

Borrowing history Prior drawdown, loan, and rejection counts  Historical borrowing Pre-treat-
behavior ment

Utilization intensity Credit-normalized historical principal ratios ~ Relative credit utilization Pre-treat-
ment

Historical intervention Prior channel-specific exposure indicators Previous contact or inter- Pre-treat-

exposure vention history ment
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The uplift model set includes S-, T-, X-, R-, and DR-learner specifications. Raw AUUC
and Qini are reported as auxiliary uplift-ranking diagnostics. They are not treated as the
main causal policy-value criteria. The main policy comparison is conducted using DR/
AIPW policy value after each score is converted into the same top-£ decision rule.

3.5.3 Model roles in the empirical design
Table 4 summarizes the role of each model family in the empirical design.

All models use fixed random seeds, identical training and validation splits, and the
same pre-treatment feature matrix. Candidate scores are selected before final evaluation.
The M5 evaluation set is used only for reporting final policy-value estimates.

3.6 Unified Top-k budget protocol

All scores are converted into the top-k policy defined in Eq. (2.1). For each evaluated
budget ratio, users in the evaluation set are ranked by the corresponding score, and the
highest-ranked users are selected until the budget is exhausted.

The evaluated budget ratios are 0.5%, 1%, 2%, 3%, 5%, 10%, 20%, and 30%. The decision
rule is identical across all models; only the scoring function differs. This ensures that
performance differences reflect differences in scoring objectives rather than differences
in deployment rules.

3.7 Propensity score estimation, causal assumptions, and diagnostics
Because treatment assignment is observational, policy evaluation requires adjustment
for treatment-selection bias. Let

e(Xit) =P(Tie=1| Xiy) (3.4)

denote the propensity score.

Random forest is used as the main propensity model because it provides stronger
empirical overlap and more stable inverse-propensity weights in this dataset. Logistic
regression is used as a robustness specification.

The policy-value interpretation relies on standard causal assumptions. Consistency
requires that the observed outcome equals the potential outcome under the observed
treatment. Conditional exchangeability requires that, after conditioning on observed
pre-treatment covariates, treatment assignment is independent of potential outcomes.

Table 4 Model families and empirical roles

Predictive Estimate next-month re-

Page 9 of 32

scoring

LR/RF/XGBoost/LightGBM

sponse probability

Reference predictive
baselines

Main predictive
baseline
Uplift scoring

Main uplift policy
Propensity model
Propensity

robustness

Outcome nuisance
models

LightGBM

S-, T-, X-, R-, DR-learners
R-learner

Random forest

Logistic regression

Treated and control outcome
regressions

Strong predictive score for
policy comparison

Estimate treatment-induced
response differences

Main uplift score used for policy
comparison

Estimate treatment assignment
probability

Alternative propensity
specification

Estimate /i1 (X)) and fio(X)

Compared with uplift
policy under top-k
Candidate uplift scores

Compared with predic-
tive policy under top-k
Main adjustment
model

Robustness check

DR/AIPW policy-value
estimation
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Positivity requires that each user has a nonzero probability of receiving either treatment

condition:
0< €(X¢,t) < 1. (3.5)

These assumptions cannot be proven from observational data. The study therefore
reports diagnostics that assess their empirical plausibility. Propensity diagnostics include
overlap visualization, tail behavior, inverse-propensity weight diagnostics, and effective
sample size for treated and control users. Effective sample size is computed as:

. (>0 wi)?
ESS = 721 w

These diagnostics assess common support and the stability of inverse-propensity

(3.6)

weighting. They support, but do not prove, the conditional exchangeability and positiv-
ity assumptions.

3.8 Offline policy evaluation

The main empirical objective is to compare the policy value induced by predictive and
uplift-based scoring under the same budget constraint. The top-k policies are evaluated
using inverse-propensity, self-normalized, and doubly robust estimators. For notational
simplicity, this subsection writes X; = X, ;, T; = T;+,and Y; = Y 141.

3.8.1 IPS estimator
For a policy (X;), the inverse propensity score estimator is:

N I L[y, -1y

This estimator compares the weighted treated outcome with the weighted control
benchmark among selected users. Since this quantity is an incremental policy-value esti-
mate rather than a raw response rate, negative values may occur. IPS is therefore inter-
preted as a conservative auxiliary estimator rather than the sole basis for inference.

3.8.2 WIS/SNIPS estimator
To reduce sensitivity to extreme weights, a self-normalized estimator is also reported:

R =T5)Y;
Yim(X) gy XX (3.8)
Ti — 1 ’ ’
i)y XX

Vsnips(m) =

This estimator is used as a robustness check for IPS and is reported together with the

main policy-value results.

3.8.3 DR/AIPW estimator
Let /11 (X;) and f19(X;) denote estimated treated and control outcome regressions. The
doubly robust policy-value estimator is:

- LY — (X)) (1 =T)(Yi — w(Xi))

. 1 . .
Vpr(m) = > ;W(Xv) |:ﬂ1(Xi) = fio(Xi) + (X)) - 1-e(X)) - (3.9)

Page 10 of 32
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DR/AIPW is emphasized as the main policy-value estimator because it combines pro-
pensity weighting with outcome regression. This does not eliminate all causal identifi-
cation concerns, but it provides a stronger basis for policy-value comparison than IPS
alone.

For each budget b, the policy-value difference follows Eq. (2.4). A positive A, indicates
that the uplift-based policy achieves higher estimated incremental policy value under
the same budget.

3.9 Robustness and sensitivity analyses
Several additional analyses are conducted to assess the robustness of the policy-value
comparison.

First, bootstrap confidence intervals are computed by resampling the evaluation set
while holding the fitted models fixed. This estimates uncertainty in the evaluation sam-
ple rather than full model re-estimation variability.

Second, weight-trimming and propensity-clipping analyses are conducted to test
whether policy-value differences are driven by extreme inverse-propensity weights.

Third, propensity-model robustness is assessed by comparing the main random-forest
propensity model with a logistic-regression propensity specification.

Fourth, hidden-confounding sensitivity is evaluated by perturbing the treatment-
assignment odds using a sensitivity factor I'":

é(Xs)
ddsr(X;) =T"- .
oddsr(X;) 1= (X)) (3.10)
The corresponding perturbed propensity score is:
oddsr(X;
er(X;) = o(X:) (3.11)

1+ OddSF(XZ‘) '

The evaluated sensitivity levels are I' = 1.00, 1.10, 1.25, 1.50, and 2.00. This analysis does
not eliminate hidden-confounding concerns, but it evaluates whether the main policy-
ranking conclusion remains stable under deviations from the estimated treatment-
assignment mechanism.

Finally, placebo tests are conducted by randomly permuting the uplift score and
repeating the top-£ evaluation. The purpose is to verify that the observed uplift advan-
tage is not mechanically produced by the evaluation procedure.

3.10 Response-type mechanism diagnostics

To interpret why predictive and uplift-based policies select different users, response-
type mechanism diagnostics are conducted using estimated potential-outcome prob-
abilities. Let

fn(Xig) = P(Yigir = 1| Xip, iy = 1) (3.12)

and

fo(Xit) = P(Yigi1 = 1| X, Ty = 0) (3.13)
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denote the estimated treated and control outcome probabilities for next-month
drawdown.

Because true potential outcomes Y;(1) and Y;(0) are never jointly observed, response
types cannot be directly observed. Proxy response types are therefore constructed by
thresholding the estimated potential-outcome probabilities:

Yi(1) = I{un(Xs) > 0}, (3.14)
Y:(0) = I{fio(X;.) > 0}, (3.15)

where 6 is fixed before final evaluation and held constant across policies.

The four response-type proxies are defined as follows (Table 5).

These response-type labels are used only for post-hoc mechanism interpretation. They
are not used to train predictive models, estimate uplift scores, fit propensity models, or
construct top-k policies. Therefore, they do not affect the policy-value estimates.

Because the labels are inferred from estimated potential-outcome probabilities, they
should not be interpreted as externally observed causal ground truth. Instead, they pro-
vide a mechanism-oriented diagnostic of how predictive and uplift-based policies allo-
cate treatment budgets across users with different estimated response patterns.

3.11 Reproducibility materials

To support reproducibility, this study reports the experimental protocol, model settings,
random seeds, evaluation formulas, and generated result tables in the manuscript and
supplementary materials where applicable. Because the original operational data are
subject to confidentiality, commercial restrictions, and data-provider requirements, raw
user-level data are not publicly available.

De-identified analytical materials, non-sensitive variable descriptions, or code
excerpts may be made available from the corresponding author upon reasonable request
and subject to approval by the data provider and relevant institutional requirements.
These materials are intended to support protocol-level and code-level verification
where permitted, but they do not include raw operational data or personally identifiable
information.

4 Empirical results

This section evaluates whether predictive scoring and uplift-based scoring lead to differ-
ent intervention-allocation decisions under the same budget-constrained top-k protocol.
The comparison is conducted on the out-of-time evaluation set, using current-month
covariates and treatment exposure to evaluate next-month drawdown. The empirical
focus is therefore not only whether a model predicts response accurately, but whether

Table 5 Inferred response-type definitions

Response type Proxy definition Interpretation

Persuadable 37(1) =1, 1’}(0) -0 Likely to respond because of treatment
Sure thing }A/(l) =1, 1’}(0) -1 Likely to respond even without treatment
Lost cause {/(1) =0, 1’}(0) -0 Unlikely to respond under either condition
Do-not-disturb 17(1) =0, 1’}(0) -1 Treatment may reduce response probability
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the score it produces induces a targeting policy with higher incremental intervention
value.

Figure 1 summarizes the empirical workflow. The analysis begins with the temporal
construction of treatment and outcome variables, followed by propensity and covariate-
balance diagnostics. Predictive performance and uplift-ranking diagnostics are then
examined as reference evidence before the induced top-% policies are compared using
IPS, WIS/SNIPS, and DR/AIPW policy value. Because treatment assignment is obser-
vational, DR/AIPW is treated as the main policy-value estimator, while IPS and raw

AUUC/Qini are interpreted as auxiliary diagnostics.

4.1 Data construction and treatment-outcome distribution

The final analytical sample is constructed by linking each user-month observation at
month ¢ to the same user’s drawdown status in month ¢ + 1. The last observed month
is excluded because the corresponding next-month outcome is unavailable. This design
aligns current-month covariates and treatment exposure with next-month drawdown,
thereby reducing the risk of same-period leakage.

The temporal split is summarized in Table 6. M1-M3 are used for training, M4 for
validation, and M5 for out-of-time evaluation, while M6 is excluded from the outcome
construction. Table 7 shows the monthly treatment and outcome distributions. The vari-
ation in treatment rates and next-month drawdown rates across months supports the
use of a temporal evaluation protocol rather than a random split. Figure 2 illustrates the
current-month intervention to next-month outcome design.

The resulting sample implements the intended treatment-outcome structure: current-
month features and intervention exposure, (X;,7}), are used to evaluate next-month
drawdown, Y;;;. This construction ensures that the evaluation target is temporally

aligned with the intervention decision.

Decision-Oriented Evaluation Framework and Reproducible Experimental Protocol

A. Unified decisii riented luation pipeline under budget constraints
Input data Scoring models Unified top-k rule Causal adjustment Policy evaluation
User-month data: X; ;, T, Y; 41 Predictive score: Rank users by score and Estimate é(X,), Compare induced policies
Features and treatment are P(Yy =1|X,). select the same top-k iy (X,), and fig(X,). using IPS, WIS/SNIPS,
observed before the Uplift score: budget set. Check overlap and and DR/AIPW
next-month outcome. 7(X,). Only the score changes. balance. policy value.

Final comparison logic
Same data, same pre-treatment feature space, same temporal split, same budget rule, and same evaluation framework.
Therefore, the comparison is not about which model has higher predictive AUC,
but which scoring rule produces higher incremental policy value under the same budget constraint.

B. Detailed reproducible experimental protocol

Data construction Model construction Policy evaluation Validation and interpretation
—— = = | ’ %

1. Observational unit 5. Score-generating models 7. Unified top-k protocol 9. Robustness checks
Each record is a user-month Predictive: LR / RF / XGBoost / For each budget, rank users by Bootstrap, trimming,
at period t: X; 1, Ty, and Y, 1. LightGBM. score and select top-k users. h‘ddvmpe"iw r:,buslneS_sv_ )
J Uplift: S/ T /X /R /DR learners. The decision rule is identical. lacenzcopeanang sensitvity)
S L 1 & v ( 3 L and placebo tests.
( ; i) » \ > N . ;
2-3. Temporal mapping and split ( 6. Nuisance functions 8. Policy-value estimation
2 10. Mechanism diagnostics
(X T) = Yo —> | Estimate propensity é(X,) | =P | Compute IPS, WIS/SNIPS, | —p | 8
3 B t ABCD response types and
M1-M3 train, M4 validation, and outcorme regressions and DR/AIPW. e or i Rl e
MS evaluation; last month excluded. 2 (X,), fio (X, DR/AIPW is the main ke i
R eeaecy) By (X), o (X)- Alcvalia eriarion explain policy composition.
4. Leakage preventi i (3 - e
P Cpsacsesprvertish NN Model.selection rule (Tt s Final claim
el el Training fits models; validation Predictive AUC/calibration Uplift scoring is evaluated by
fubirSidata¥etores]clistire, selects candidate scores; and raw AUUC/Qini are incremental policy value,
and response labels. | evaluation reports final results. reported as auxiliary diagnostics. not by predictive accuracy alone.
S Japels. D, L " .

Reproducibility output
De-identified analytical data, score-level audit data, variable dictionary, executable code,
model settings, random seeds, and all tables and figures required to reproduce the reported results.

Fig. 1 Experimental roadmap and evidence chain for Sect. 4
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Table 6 Analytical sample construction and temporal split
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Sample Obs. Users Trate Y rate Notes
Final analytical sample 721,861 169,793 36.7% 52.1% M1-M5 after
next-month
outcome
mapping;
M6 excluded
Training set 417,063 150,223 38.3% 51.7% M1-M3
Validation set 150,347 150,347 29.3% 53.5% M4
Evaluation set 154,451 154,451 39.9% 51.8% M5
Table 7 Monthly treatment and next-month outcome distribution
Period Split Observations Treatment  Next-month Current-
rate outcome rate month
draw-
down rate
M1 Train 135,002 40.6% 50.2% 51.6%
M2 Train 137,635 35.9% 52.3% 51.2%
M3 Train 144,426 38.4% 52.4% 53.8%
M4 Validation 150,347 29.3% 53.5% 534%
M5 Evaluation 154,451 39.9% 51.8% 53.8%

Rate (%)
S
&

Data construction and treatment-outcome distribution
Treatment and outcome rates by month

—e— Treatment rate
~—#— Next-month outcome rate
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Fig. 2 Monthly treatment rate and next-month outcome rate

Table 8 Propensity score and inverse-weight diagnostics

Propensity model Treat- p01 Me- P99 P99 Max ESS ESS
ment e(X) dian e(X) weight  weight  treated  control
AUC e(X)

RF main 0.889 0.049 0.25 0.932 7.055 30.093 38,550 62790.5

Logistic robustness 0.909 0.01 0.304 0.99 24.695 100 16016.1 6426.24

4.2 Propensity diagnostics and covariate balance

Since treatment assignment is observational, propensity diagnostics and covariate-bal-

ance checks are examined before comparing policy value. The random-forest propensity

model is used as the main treatment-assignment model, with logistic regression retained

as a robustness specification. This distinction matters because the logistic model pro-

duces more extreme inverse-propensity weights, whereas the random-forest model pro-

vides more stable common-support behavior.

Propensity-score and inverse-weight diagnostics are reported in Table 8, and covariate
balance before and after IPW adjustment is summarized in Table 9. Figure 3 shows the
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Table 9 Covariate balance summary before and after IPW

Diagnostic Before IPW After IPW
No. of features 32 32

Mean absolute SMD 0.268 0.133
Maximum absolute SMD 1.266 0.770
Share of features with absolute SMD < 0.10 37.5% 59.4%

Propensity diagnostics and covariate balance
Propensity support and stability summary Covariate balance before and after IPW
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Fig. 3 Propensity overlap and covariate balance diagnostics
Table 10 Predictive response-model reference metrics
Predictive model AUC PR-AUC Brier score Mean score Observed outcome rate
predictive_lgbm 0.6705 0.6586 0.2353 0.5198 0.5177
predictive_rf 0.6556 0.6474 0.2323 0.5341 05177
predictive_xgboost 0.6523 0.639 0.2396 05173 05177
predictive_Ir 0.6508 0.6547 0.2339 0.4888 0.5177

propensity-score distribution and common-support pattern under the main propensity
specification.

The diagnostics indicate that the random-forest propensity model provides usable
overlap and substantially more stable weights than the logistic specification. Covariate
balance improves after IPW adjustment, although some residual imbalance remains. For
this reason, the main policy comparison is not based on IPS alone. DR/AIPW is used
as the primary policy-value estimator, and hidden-confounding sensitivity analysis is

reported later to assess the robustness of the decision-oriented conclusion.

4.3 Predictive performance reference: AUC and calibration
Predictive models are evaluated first as next-month response models. These results are
not used as the primary decision criterion, but they establish whether the predictive
baselines provide meaningful response-probability scores. This matters because the cen-
tral comparison is not between a strong uplift model and a weak predictive model, but
between two different scoring objectives under the same budget-constrained targeting
rule.
Table 10 reports the predictive performance of LR, RF, XGBoost, and LightGBM, while
Figure 4 presents the corresponding performance and calibration-related diagnostics.
The predictive baselines achieve reasonable discrimination for next-month response
prediction, with AUC values around 0.65-0.67. LightGBM performs best among the
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Predictive performance reference
Predictive baseline discrimination Calibration by score decile
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o
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AUC for next-month response Mean predicted score by decile

Fig. 4 Predictive AUC reference and score distributions

predictive models in this reference comparison, while RF, XGBoost, and LR also provide
non-trivial predictive performance. These results show that the subsequent policy-value
comparison is not driven by artificially weak predictive baselines.

4.4 Uplift ranking diagnostics: AUUC, Qini, and decision-value alignment

Uplift scores serve a different purpose from predictive response scores. They are
intended to rank users by estimated incremental response under treatment relative to no
treatment, rather than by the probability of observing a response. For this reason, uplift-
ranking diagnostics are reported separately from predictive AUC.

Before interpreting these diagnostics, the ranking direction is checked by comparing
the original descending-score order with its reverse ordering. This check helps ensure
that the main positive-AUUC candidates are not artifacts of an inverted sorting conven-
tion. Because treatment assignment is observational rather than randomized, however,
raw AUUC and Qini curves are used only as auxiliary uplift-ranking diagnostics. They
are not treated as the main basis for causal policy comparison.

The raw AUUC is computed as the trapezoidal area under the cumulative uplift curve:

Up) = V" — Y. (4.1)

Here, }71(” ) and YO@ ) denote cumulative treated and control response rates within the

top-p fraction ranked by a given score. The corresponding Qini curve is computed as:
(4.2)

Because these curves are unadjusted, they are interpreted as ranking diagnostics rather
than definitive causal evidence.

Table 11 reports the uplift-ranking diagnostics across candidate uplift scores, and Fig-
ure 5 shows the corresponding AUUC/Qini behavior.

Among the original candidate uplift scores, the T-Learner with LightGBM shows the
strongest auxiliary raw-AUUC signal, while R- and DR-learner variants provide stable
positive DR/AIPW policy value. The nonlinear R-Learner capacity check suggests that
a LightGBM treatment-effect stage may further improve both ranking and policy-value
performance. Since this extension is exploratory rather than part of the pre-specified
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Table 11 Uplift-ranking and decision-value diagnostics

Uplift score Qini area Raw AUUC area Direction check DR@10%
t_lgbm —0.0033 0.0563 Normal 00118
dr_linear —0.0045 0.0262 Normal 0.0129
r_linear -0.0043 0.0208 Normal 0.0123
r_lgbm (LGBM capacity check) 0.0015 0.0564 Normal 0.0166
dr_Ighm (LGBM capacity check) -0.0003 0.0394 Normal 0.0093
trf —0.0095 —0.0257 Normal 0.0010
X_linear —-0.0206 —-0.0592 Reverse 0.0095
s_lgbm -0.0135 -0.0673 Normal -0.0013
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Fig. 5 Uplift-ranking diagnostics and decision-value alignment

main comparison, the main policy analysis remains anchored on the validation-selected

R-learner uplift score.

4.5 Main policy value comparison: standard predictive baseline

The first policy-value comparison uses LightGBM as the standard predictive baseline
and the validation-selected R-learner score as the main uplift policy. Both scores are
translated into the same top-k decision rule: for each budget level, users are ranked by
the corresponding score and the top-k users are selected for intervention.

Table 12 reports IPS, WIS/SNIPS, and DR/AIPW policy-value comparisons between
the LightGBM predictive policy and the R-learner uplift policy. The differences across
evaluated budget levels are shown in Fig. 6.

Under the unified top-k protocol, the uplift-based policy achieves higher DR/AIPW
policy value than the LightGBM predictive policy across all evaluated budget levels. IPS
differences are mostly positive, although they become small or mixed at several cutoffs.
This pattern is consistent with the construction of IPS, which compares selected treated
outcomes against a propensity-weighted control benchmark rather than against raw
response rates. IPS is therefore interpreted as a conservative auxiliary estimator, while
DR/AIPW provides the main policy-value evidence.
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Table 12 Main comparison against the standard predictive baseline
Budget Selected N Predictive IPS  UpliftIPS  Diff.IPS  Predictive DR  Uplift DR  Diff. DR

0.5% 772 —-0.0025 —-0.0004 0.0021 —-0.0006 0.0022 0.0029
1.0% 1544 —-0.004 —-0.0031 0.001 —-0.001 0.0032 0.0042
2.0% 3089 —0.0066 —-0.0075 —0.001 -0.0014 0.0047 0.0061
3.0% 4633 —-0.0106 -0.0106 —-0.0001 —-0.0026 0.0064 0.009

5.0% 7722 -0.0198 -0.0134 0.0064 —0.0047 0.0085 0.0133
10.0% 15,445 —-0.0369 -0.0192 0.0178 —0.0095 0.0123 0.0218
20.0% 30,890 -0.0413 —-0.0253 0.0161 -0.0108 0.0148 0.0256
30.0% 46,335 —0.0505 —0.051 —0.0004  -0.0125 0.016 0.0285

Main policy value comparison: standard predictive baseline
DR policy value under the standard baseline 0030 Incremental advantage of uplift scoring
—e— Predictive baseline (LGBM)
0.015 1 —m— Uplift policy (R-learner)

—e— Difference in DR (uplift — predictive)
Difference in IPS (uplift ~ predictive)

0.025

0.010

0.020

0.005

0.015

0.000

0.010

DR/AIPW policy value

~0.005

Difference in estimated policy value

0.005

-0.010
0.000

0 5 10 15 20 25 30 0 5 10 15 20 25 30
Budget (%) Budget (%)

Fig. 6 Standard predictive baseline comparison

Table 13 Robustness comparison against the strongest predictive baseline
Budget Selected N Predictive IPS  UpliftIPS  Diff.IPS Predictive DR  Uplift DR  Diff. DR

0.5% 772 -0.0015 —-0.0004 0.0012 —-0.0005 0.0022 0.0027
1.0% 1544 —0.003 —0.0031 —0.0001 —0.0011 0.0032 0.0043
2.0% 3089 —-0.0057 —-0.0075 -0.0018  -0.0019 0.0047 0.0066
3.0% 4633 —-0.0068 -0.0106 —0.0038  -0.0024 0.0064 0.0089
5.0% 7722 —0.0098 -0.0134 -0.0036  —-0.0031 0.0085 0.0116
10.0% 15,445 -0.011 -0.0192 -0.0082  -0.0033 0.0123 0.0156
20.0% 30,890 —0.0341 —-0.0253 0.0088 —-0.0078 0.0148 0.0227
30.0% 46,335 —0.0463 —-0.051 -00046  -0.0076 0.016 0.0236

4.6 Robustness against the strongest predictive baseline

The analysis also compares the uplift policy with the strongest predictive baseline
selected from validation performance. This additional comparison is useful because
predictive models are expected to perform well when the objective is to rank users by
response probability.

The robustness comparison is reported in Table 13, and the corresponding policy-
value differences across budget levels are shown in Fig. 7.

The uplift policy continues to achieve positive DR/AIPW differences across all evalu-
ated budget levels when compared with the stronger predictive baseline. IPS differ-
ences remain mixed, again suggesting that IPS should not be interpreted in isolation.
The comparison supports the decision-oriented interpretation of the results: even when
predictive baselines are competitive for next-month response prediction, their ranking
objective is not necessarily aligned with incremental intervention value.
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Robustness against the strongest predictive baseline
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Fig. 7 Strong predictive baseline comparison

Table 14 All-model policy-value comparison at 10% budget

Score policy IPS value DRvalue
uplift_dr_linear —0.0343 0.0129
uplift_r_linear -0.0192 0.0123
uplift_t_lgbm -0.0135 00118
uplift_x_linear —0.005 0.0095
uplift_t_rf —-0.0209 0.001
uplift_s_Igbm -0.0126 -0.0013
predictive_rf —-0.011 —0.0033
predictive_xgboost -0.02 —-0.0058
predictive_lr -0.0214 -0.0073
predictive_lgbm —0.0369 —0.0095

4.7 All-model comparison at 10% budget
Table 14 compares all predictive and uplift policies at the representative 10% budget
level under the same evaluation rule.

At the 10% budget level, the highest DR/AIPW policy values are achieved by uplift-
family models, especially DR-, R-, T-, and X-learner variants. Predictive models show
lower DR/AIPW policy values despite their reasonable predictive AUC in Sect. 4.3. This
cross-model comparison reinforces the distinction between predicting who is likely to
respond and identifying whose response is most likely to be changed by intervention.

4.8 Bootstrap, WIS/SNIPS, and weight-trimming robustness

Bootstrap uncertainty, self-normalized weighting, and weight-trimming analyses are
used to examine whether the main policy-value pattern is driven by sampling variability
or extreme inverse-propensity weights.

Bootstrap uncertainty for the main policy-value differences is reported in Table 15.
WIS/SNIPS robustness checks are shown in Table 16, and the weight-trimming analysis
is reported in Table 17. Figure 8 summarizes the robustness behavior of the main DR/
AIPW policy-value comparison.

The bootstrap results show that DR/AIPW differences remain positive at the evalu-
ated budget levels, with positive bootstrap shares equal to one in the reported DR com-
parisons. WIS/SNIPS results further clarify why IPS can be more variable: predictive
policies select users with high weighted control outcomes, making incremental gains
difficult to establish under a pure weighting estimator. Weight-trimming checks show
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Table 15 Bootstrap uncertainty for policy-value differences

Budget Metric Mean 95% Cl lower 95% Cl upper Positive bootstrap share

1% IPS difference -0 —-0.0012 0.001 0.51

1% DR difference 0.0043 0.0036 0.005 1

5% IPS difference -0.0034 —-0.0055 —0.0008 0

5% DR difference 0.0117 0.0103 0.0133 1

10% IPS difference -0.0084 -0.0127 —0.005 0

10% DR difference 0.0155 0.0135 0.0179 1

20% IPS difference 0.0089 0.0051 0.0136 1

20% DR difference 0.0227 0.0195 0.0253 1

Table 16 WIS/SNIPS comparison at 10% budget

Policy IPS SNIPS Population- DR SNIPS treated SNIPS
difference scaled WIS outcome control

out-
come

predictive_lgbm -0.0369 —-0.0393 —-0.0039 —-0.0095 0.7121 0.7514

predictive_rf -0.011 —-0.0248 —-0.0025 -0.0033 0.6666 0.6915

uplift_r_linear -0.0192 0.108 0.0108 0.0123 0.5011 0.393

Table 17 Weight-trimming robustness at 10% budget

Weight setting Diff. IPS Diff. DR IPS positive DR positive

No trimming —-0.0082 0.0156 False True

Clip 0.01-0.99 -0.0082 0.0156 False True

Clip 0.05-0.95 —0.0081 0.0156 False True

Propensity quantile clip 0.025-0.975 —0.0079 0.0156 False True

20% - DR difference

20% - IPS difference

10% - DR difference

10% - IPS difference

5% - DR difference

5% - IPS difference

1% - DR difference

1% - IPS difference
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Fig. 8 Bootstrap uncertainty and hidden-confounding sensitivity
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Table 18 Hidden-confounding sensitivity at 10% budget

1.00 upward —0.0082 0.0156 True
1.00 downward —-0.0082 0.0156 True
1.10 upward —0.0068 0.0164 True
1.10 downward —0.0099 0.0147 True
1.25 upward —0.0056 0.0176 True
1.25 downward -0.0127 0.0135 True
1.50 upward —0.0048 0.0193 True
1.50 downward -0.018 00118 True
2.00 upward —0.0059 0.0223 True
2.00 downward —-0.0296 0.0088 True

Table 19 Placebo and falsification tests at 10% budget

Test IPSvalue DRvalue Expected pattern

random_score —0.0047 —0.0009 Random/permuted weaker than true uplift
permuted_uplift_score —-0.0075 —-0.0017 Random/permuted weaker than true uplift
true_uplift_score -0.0192 0.0123 Random/permuted weaker than true uplift
pseudo_treatment_permutation —0.0009 —0.0006 Pseudo-treatment should not support

substantive causal ranking

that the positive DR/AIPW difference remains stable under alternative clipping rules.
Together, these checks support the use of DR/AIPW as the main policy-value estimator
and IPS as a conservative auxiliary estimator.

4.9 Hidden-confounding sensitivity and placebo tests

Unmeasured confounding cannot be fully ruled out in an observational design. To assess
the stability of the main comparison, a hidden-confounding sensitivity analysis perturbs
treatment-assignment odds using I'. Placebo and falsification tests further examine
whether the observed uplift advantage can be reproduced by random or mechanically
induced rankings.

The hidden-confounding sensitivity analysis is reported in Table 18. Placebo and fal-
sification tests based on random scores, permuted uplift scores, and pseudo-treatment
permutations are reported in Table 19.

The DR/AIPW difference remains positive under all evaluated I'" perturbations.
Random scores, permuted uplift scores, and pseudo-treatment permutations do not
reproduce the policy value of the true uplift score. These results do not eliminate all
hidden-confounding concerns, but they reduce the likelihood that the main finding is
merely a mechanical artifact of the ranking or evaluation procedure.

4.10 ABCD response-type mechanism diagnostics

Response-type diagnostics help explain why predictive and uplift-based policies select
different users under the same budget. These response types are inferred from estimated
potential-outcome probabilities and should be interpreted as mechanism diagnostics
rather than ground-truth causal labels.

Table 20 reports the ABCD response-type composition of selected users under pre-
dictive and uplift policies. Table 21 reports overlap and selection-difference diagnostics,
while Figure 9 shows the response-type composition and selection contrast between
predictive and uplift-based targeting.
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Table 20 Inferred response-type composition of selected users

Policy Budget Response type Share Selected N
predictive_rf 5% Persuadable 18.5% 7722
predictive_rf 5% Sure thing 253% 7722
predictive_rf 5% Lost cause 0.0% 7722
predictive_rf 5% Do-not-disturb 56.2% 7722
predictive_rf 10% Persuadable 18.5% 15,445
predictive_rf 10% Sure thing 26.9% 15,445
predictive_rf 10% Lost cause 0.0% 15,445
predictive_rf 10% Do-not-disturb 54.6% 15,445
predictive_rf 20% Persuadable 28.7% 30,890
predictive_rf 20% Sure thing 254% 30,890
predictive_rf 20% Lost cause 0.0% 30,890
predictive_rf 20% Do-not-disturb 45.9% 30,890
uplift_r_linear 5% Persuadable 49.4% 7722
uplift_r_linear 5% Sure thing 11.9% 7722
uplift_r_linear 5% Lost cause 28.4% 7722
uplift_r_linear 5% Do-not-disturb 10.4% 7722
uplift_r_linear 10% Persuadable 46.8% 15,445
uplift_r_linear 10% Sure thing 11.9% 15,445
uplift_r_linear 10% Lost cause 28.3% 15,445
uplift_r_linear 10% Do-not-disturb 12.9% 15,445
uplift_r_linear 20% Persuadable 39.3% 30,890
uplift_r_linear 20% Sure thing 13.3% 30,890
uplift_r_linear 20% Lost cause 28.6% 30,890
uplift_r_linear 20% Do-not-disturb 18.8% 30,890
Table 21 Policy-selection overlap between predictive and uplift policies
Comparison Budget Overlap N Overlap rate Jaccard Pred.-only Uplift-only
Std. LGBM vs uplift 10% 748 4.8% 0.025 0.952 0.952
Std. LGBM vs uplift 20% 3968 12.8% 0.069 0.872 0.872
Strong RF vs uplift 10% 378 24% 0.012 0.976 0.976
Strong RF vs uplift 20% 4108 13.3% 0.071 0.867 0.867
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The composition results show that predictive policies select a larger share of users with
high baseline response probability, including Sure Things and Do-Not-Disturb users. In
contrast, the uplift policy selects a substantially larger share of Persuadables. The low
overlap between predictive and uplift selections further indicates that the two scor-
ing objectives allocate the same intervention budget to materially different users. This
mechanism evidence helps explain why response-probability ranking and incremental-
value ranking lead to different policy values.

4.11 Explaining negative IPS values

Some IPS estimates are weak or negative. This pattern is consistent with the estimator’s
construction and does not imply that the selected users have low raw response rates. IPS
estimates incremental policy value by comparing propensity-weighted treated outcomes
with the corresponding weighted control benchmark among selected users. If selected
users also have high control outcomes, the resulting IPS value can be small or negative
even when raw observed response is high.

Table 22 decomposes selected-group outcomes and weighted control benchmarks to
clarify the source of negative or mixed IPS estimates.

The selected-group decomposition shows that predictive policies select users with
high observed next-month response rates in both treated and control groups. This indi-
cates that many selected users may borrow even without intervention. By contrast, the
uplift policy selects users with lower baseline response but larger estimated incremen-
tal value under DR/AIPW. This decomposition helps explain the negative or mixed IPS
estimates and supports the interpretation that DR/AIPW, together with WIS/SNIPS and
mechanism diagnostics, provides the more relevant basis for policy-value comparison in

this observational setting.

4.12 Temporal deployment illustration: cumulative utility under repeated Top-k targeting
To complement the single-period policy-value comparison, we provide an accounting-
style temporal deployment illustration under repeated monthly top-k targeting. The
purpose of this analysis is not to estimate a dynamic causal effect or to model sequen-
tial policy learning. Instead, it asks a narrower operational question: if the same scoring
logic were repeatedly applied month by month under a fixed budget rule, how would raw
next-month responses and estimated policy value accumulate over time?

Table 22 Selected-group decomposition at 10% budget
Panel A. Selected-group response and weighted benchmarks

Policy Sel. T share RawT Raw C SNIPST SNIPS C
predictive_lgbm 0.1813 0.7264 0.7537 07121 0.7514
predictive_rf 0.2764 0.6554 0.7025 0.6666 0.6915
uplift_r_linear 03871 04897 03513 0.5011 0.3930
Panel B. Incremental policy-value estimates

Policy IPS DR/AIPW
predictive_lgbm —-0.0369 —0.0095
predictive_rf -0.0110 -0.0033
uplift_r_linear —-0.0192 0.0123

Raw T and Raw C denote observed treated and control outcome rates within the selected group. SNIPS T and SNIPS C
denote self-normalized weighted treated and control outcome benchmarks. IPS and DR/AIPW are incremental policy-
value estimates
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Table 23 Final cumulative deployment summary under repeated top-k targeting

Panel A. Observed next-month hits

Budget Pred. hits Uplift hits Diff.
5% 27432 13,039 -14393
10% 53,356 30414 -22942
20% 105,059 66,787 -38272
Panel B. Cumulative DR/AIPW policy value

Budget Pred. DR/AIPW Uplift DR/AIPW Diff.

5% -1,380.7 10,746.8 12,1275
10% -4,489.5 14,161.1 18,650.6
20% -9,149.5 17,6284 26,7779
Panel C. Cumulative IPS policy value

Budget Pred. IPS Uplift IPS Diff.

5% -6,387.5 -7,053.5 -666.0
10% -18,9494 -14,624.8 4,324.6
20% -38,891.5 -28,265.0 10,626.5

Observed hits are descriptive next-month drawdown counts among selected users. DR/AIPW and IPS are cumulative
policy-value estimates. DR/AIPW is used as the main policy-value estimator, while IPS is reported as a conservative auxiliary

estimator.

Temporal deployment illustration under repeated top-k targeting
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Fig. 10 Cumulative temporal deploymentillustration under repeated top-k targeting

In each monthly decision period, users are ranked either by the predictive LightGBM

score or by the R-learner uplift score. The top-k users are selected according to the same

budget level, and the following month’s drawdown outcome is recorded. Two cumula-

tive quantities are then compared. The first is the number of observed next-month hits,

which is a descriptive raw response measure. The second is the cumulative DR/AIPW

policy value, which estimates the incremental intervention value induced by the corre-

sponding targeting rule.

Table 23 reports the final cumulative summary across the repeated monthly deploy-

ment illustration. Figure 10 combines the main cumulative trajectories and shows the

contrast between raw response accumulation and DR/AIPW policy value under the two

scoring strategies.



Jiang et al. Discover Computing (2026) 29:343 Page 25 of 32

The results show that the two scoring strategies optimize different operational quanti-
ties. Predictive LightGBM accumulates more observed next-month hits, which is consis-
tent with its objective of ranking users by response probability. However, the R-learner
uplift policy accumulates higher DR/AIPW policy value across the evaluated budget
levels. This contrast is central to the interpretation of the paper: observed hits indicate
how many selected users borrowed in the next month, but they do not distinguish users
who borrowed because of the intervention from users who would likely have borrowed
anyway.

The temporal deployment illustration therefore reinforces, rather than replaces, the
main single-period policy-value evidence. Predictive scoring is better aligned with raw
response accumulation, whereas uplift-based scoring is better aligned with estimated
incremental intervention value. Since this subsection is descriptive and accounting-style,
the results should not be interpreted as evidence about adaptive treatment effects, treat-
ment-state transitions, or policy learning. Its role is to show how the same difference in
scoring objectives can translate into different cumulative operational outcomes under
repeated budget-constrained targeting.

4.13 Summary of empirical evidence

The empirical results show that predictive scoring and uplift-based scoring should not
be evaluated as if they served the same decision objective. The predictive baselines
achieve reasonable next-month response prediction performance, with non-trivial AUC,
PR-AUC, and calibration results. This confirms that the comparison is not driven by
weak predictive benchmarks. Rather, the difference arises because predictive models
rank users by response probability, whereas uplift-based models rank users by estimated
incremental intervention value.

Under the unified top-k protocol, uplift-based policies achieve higher DR/AIPW pol-
icy value than predictive policies across the evaluated budget levels, including compari-
sons against both the standard LightGBM baseline and the strongest predictive baseline.
This pattern provides the main empirical support for the paper’s central claim: when the
operational objective is budget-constrained intervention allocation, ranking users by
incremental treatment value is better aligned with the decision problem than ranking
them by raw response probability.

The auxiliary diagnostics are consistent with this interpretation. IPS estimates are
more conservative and occasionally weak or negative because they compare selected
treated outcomes against a propensity-weighted control benchmark rather than raw
response rates. WIS/SNIPS, selected-group decomposition, and ABCD response-type
diagnostics clarify this pattern: predictive policies tend to select users with high baseline
response probability, including Sure Things and Do-Not-Disturb users, whereas uplift-
based policies select a larger share of Persuadables.

The temporal deployment illustration further separates raw response accumulation
from incremental intervention value. Predictive scoring accumulates more observed
next-month hits, which is expected given its response-probability objective. In contrast,
uplift-based scoring accumulates higher DR/AIPW policy value under repeated monthly
top-k allocation. This illustration is descriptive and accounting-style rather than an anal-
ysis of adaptive or sequential treatment effects, but it reinforces the distinction between
observed response and estimated incremental value.
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Taken together, the results suggest that uplift-based scoring is better aligned with bud-
get-constrained intervention allocation in this observational internet-lending setting.
This conclusion should not be read as a universal superiority claim for uplift models. It
is a decision-oriented finding: when the objective is incremental impact under a fixed
intervention budget, model evaluation should move beyond predictive accuracy and
focus on the policy value induced by the scoring rule.

5 Discussion and implications
The empirical results should be interpreted as evidence about decision alignment under
budget-constrained targeting, rather than as a general contest between predictive and
causal models. In many operational settings, the relevant question is not only which
users are most likely to respond, but which users should receive an intervention when
only a limited fraction of the population can be targeted. This distinction is central to the
study. By placing predictive and uplift-based scores under the same top-k protocol, the
comparison shifts from model accuracy to the policy value induced by each scoring rule.
The findings show that this distinction is empirically meaningful. The predictive mod-
els are not weak baselines: their AUC and calibration-related diagnostics indicate rea-
sonable ability to rank next-month response probability. Nevertheless, once these scores
are translated into budget-constrained intervention policies, predictive accuracy does
not automatically imply higher incremental intervention value. Uplift-based scoring is
more directly aligned with the intervention objective because it ranks users by estimated
treatment-induced change rather than by response probability. Under the unified top-k
protocol, this alignment is reflected in higher DR/AIPW policy value across the evalu-
ated budget levels.

5.1 Reframing targeting as a decision problem

A central implication of the study is that targeting should be framed as a decision prob-
lem, not merely as a prediction problem. Predictive models answer the question of who
is likely to draw down in the next month. This is useful for forecasting demand, monitor-
ing user behavior, and supporting descriptive or predictive analytics. However, it is not
the same question faced by a decision maker who must allocate a limited intervention
budget. Under budget constraints, the more relevant question is whose behavior is likely
to change because of the intervention.

This reframing explains why a model with acceptable predictive performance may
still produce inefficient intervention allocation. A high predicted response probabil-
ity may reflect a strong baseline tendency to respond, rather than a strong treatment
effect. If a user would have drawn down even without intervention, targeting that user
may increase observed response counts but contribute little incremental value. Uplift-
based scoring addresses a different objective: it attempts to rank users by the difference
between treated and untreated potential outcome probabilities. It therefore provides a
decision signal that is closer to the operational goal of generating additional responses
from a limited intervention budget.

The contribution of this study lies in evaluating this distinction under a controlled
decision protocol. All scores are assessed using the same temporal design, budget levels,
and top-k rule. As a result, the comparison is not driven by different deployment heuris-
tics, but by the different objectives encoded in predictive and uplift-based scoring.
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5.2 Why prediction and intervention allocation diverge

The mechanism diagnostics help explain why predictive and uplift-based policies select
different users. Predictive scores tend to prioritize users with high estimated response
probability. In settings where many users already have a strong baseline tendency to
respond, this can lead predictive targeting to select many Sure Things: users who are
likely to respond even without treatment. Such users may improve observed response
rates, but they do not necessarily generate high incremental intervention value.

The ABCD diagnostics are useful for interpreting this divergence. Predictive policies
select relatively more Sure Things and Do-Not-Disturb users, whereas uplift-based poli-
cies select a larger share of Persuadables. These response types should not be interpreted
as directly observed causal ground truth. They are inferred from estimated potential-
outcome probabilities and are best understood as mechanism-oriented diagnostics. Even
with this caution, they clarify the central empirical pattern: predictive and uplift-based
scores do not merely reorder the same users; they induce materially different allocation
choices.

This divergence becomes especially important under budget constraints. When inter-
vention capacity is large, inefficient allocation may be less visible because many users can
be treated. When only a small share of users can be selected, however, spending treat-
ment resources on high-baseline but low-incremental users creates opportunity cost.
The value of uplift-based scoring lies in reducing this misalignment between response
probability and treatment-induced response.

5.3 Interpreting IPS and DR/AIPW evidence

The mixed and sometimes negative IPS estimates require careful interpretation. In this
study, IPS estimates incremental policy value relative to a propensity-weighted control
benchmark, not the raw response rate among selected users. A negative IPS estimate
does not imply that the selected users have low observed response. It means that, within
the selected group, the propensity-weighted treated outcome is lower than the corre-
sponding weighted control benchmark. This can occur when selected users have strong
natural response tendencies and the weighted control benchmark is high.

This interpretation is consistent with the selected-group decomposition. Predictive
policies tend to select users with high observed response rates in both treated and con-
trol groups. As a result, the weighted control benchmark can also be high, making IPS
estimates conservative and occasionally negative. The implication is not that the evalua-
tion fails, but that IPS alone is a noisy and conservative basis for drawing conclusions in
this observational setting.

For this reason, the study places primary emphasis on DR/AIPW policy value. DR/
AIPW combines propensity weighting with outcome regression and is less dependent
on weighting alone than IPS. The conclusion therefore does not rely on IPS alone. It is
supported by the DR/AIPW advantage of uplift-based policies, while IPS, WIS/SNIPS,
bootstrap uncertainty, weight trimming, hidden-confounding sensitivity, placebo tests,
and ABCD diagnostics provide complementary evidence.

This evidence chain is stronger than an IPS-centered framing. The results do not
require IPS to be positive at every budget level. Instead, the analysis acknowledges the
conservativeness of IPS and evaluates whether the uplift-based policy is better aligned
with incremental intervention value across multiple diagnostics.
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5.4 Practical and methodological implications

For practitioners, the findings suggest that predictive and uplift-based models should not
be treated as interchangeable tools. Predictive models remain valuable for forecasting,
demand monitoring, risk assessment, and general behavioral analysis. Their limitation
appears when response-probability scores are used directly for intervention allocation
under a fixed budget. In that setting, the operational objective is not to identify users
who are likely to respond, but to identify users whose response probability is most likely
to change because of treatment.

A practical decision system should therefore separate forecasting from intervention
allocation. Predictive scores can support baseline demand estimation and business
monitoring, while uplift scores can guide budget-constrained targeting. The composi-
tion of selected users should also be monitored. If a policy repeatedly selects users who
would likely respond without intervention, the organization may be spending resources
on behavior that would have occurred naturally. If it selects users with weak or negative
responsiveness, treatment may be inefficient or even counterproductive.

Methodologically, the study reinforces the importance of evaluating scoring models
at the decision level. AUC, calibration, raw AUUC, and Qini provide useful diagnostic
information, but none of them alone answers the deployment question. The relevant
object is the policy induced by a score once it is embedded into a budget-constrained
top-k rule. Holding the decision rule fixed allows the comparison to focus on whether
the scoring objective is aligned with the intervention objective.

The results also illustrate why raw uplift-ranking metrics should be treated cautiously
in observational data. AUUC and Qini may indicate whether a score contains useful
uplift-ranking signal, but they are not sufficient as standalone causal decision criteria
when treatment assignment is non-random. In such settings, adjusted policy-value esti-
mators and robustness diagnostics are necessary. The additional nonlinear R- and DR-
learner checks suggest that more flexible treatment-effect models may further improve
performance, but these checks should be interpreted as model-capacity evidence unless
the full pipeline is rerun with those learners pre-specified.

5.5 Limitations and future research

Several limitations should be noted. The analysis is based on a single observational inter-
net-lending dataset, so the findings should be interpreted as dataset-specific empirical
evidence rather than as a universal claim that uplift-based scoring always outperforms
predictive scoring. Although the sample is large and temporally structured, external vali-
dation on additional datasets would be necessary to assess generalizability.

Causal interpretation depends on standard assumptions, including consistency, con-
ditional exchangeability, and positivity. The study uses pre-treatment covariates, pro-
pensity diagnostics, covariate-balance checks, DR/AIPW estimation, sensitivity analysis,
and placebo tests to improve credibility. These steps reduce some concerns, but they
cannot eliminate the possibility of unmeasured confounding.

The outcome is defined as next-month drawdown to improve temporal ordering and
reduce same-period leakage. This design is stricter than evaluating contemporaneous
outcomes, but it does not capture all longer-term consequences of intervention, such
as repeated borrowing, credit risk, profitability, user fatigue, or customer satisfaction.
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Similarly, the treatment is represented as a binary current-month intervention indicator,
whereas real intervention systems often vary by channel, timing, amount, and content.

Future research can extend the framework in several directions. Multi-treatment set-
tings would allow policies to choose not only whom to target, but also which interven-
tion to deliver. Sequential and dynamic settings would allow researchers to examine how
past interventions affect future responsiveness and user behavior. Another promising
direction is to pre-specify nonlinear treatment-effect learners as formal candidates and
evaluate them through the same train-validation-evaluation protocol. These extensions
would help determine whether the decision-oriented conclusions observed here persist
in richer and more dynamic intervention environments.

6 Conclusion

This study examined budget-constrained targeting as a decision problem. Rather than
proposing a new causal estimator, it compared predictive and uplift-based scoring under
the same top-k decision protocol, where limited intervention capacity requires users to
be ranked for treatment.

The results show that predictive accuracy and intervention value can diverge. The pre-
dictive models are not weak baselines; they achieve reasonable next-month response
prediction. However, response probability is not equivalent to incremental interven-
tion value. Under the unified budget-constrained protocol, uplift-based policies achieve
higher DR/AIPW policy value than predictive policies across the evaluated budget lev-
els, including comparisons against the strongest predictive baseline.

The mixed or negative IPS estimates do not overturn this conclusion. In this setting,
IPS is a conservative auxiliary estimator because selected predictive-policy users often
have high weighted control benchmarks. The broader evidence from DR/AIPW policy
value, WIS/SNIPS, bootstrap uncertainty, weight trimming, hidden-confounding sensi-
tivity, placebo tests, and ABCD mechanism diagnostics supports the interpretation that
uplift-based scoring is better aligned with incremental intervention allocation in the
studied observational setting.

The contribution of the study is empirical and decision-oriented. It shows that when
model scores are embedded into the same budget-constrained decision rule, the scoring
objective can materially change allocation outcomes. The findings should not be read
as evidence that uplift models are universally superior. Rather, they show that when the
operational objective is incremental impact under a fixed intervention budget, evalua-
tion should move beyond predictive accuracy and focus on the policy value induced by
the scoring rule.
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Table 24 Observed next-month hit accumulation under repeated monthly top-(k) targeting
Budget Month Pred.Hits Uplift Hits  Diff Cum. Pred. Hits  Cum. Uplift Hits  Cum. Diff

5% M1 5028 3298 -1730 5028 3298 -1730
5% M2 5370 2598 =2772 10,398 5896 —4502
5% M3 5604 2153 —3451 16,002 8049 —7953
5% M4 5794 2415 -3379 21,796 10,464 -11,332
5% M5 5636 2,575 -3061 27432 13,039 -14,393
10% M1 9835 6605 —3230 9835 6605 —3230
10% M2 10,430 5966 —4464 20,265 12,571 —7694
10% M3 10,877 5194 -5683 31,142 17,765 -13,377
10% M4 11,244 6192 —5052 42,386 23,957 —-18,429
10% M5 10,970 6457 —4513 53,356 30414 —22,942
20% M1 19,081 12,797 —6284 19,081 12,797 —6284
20% M2 20,332 13,120 -7212 39413 25917 —13,49
20% M3 21173 12,695 -8478 60,586 38,612 -21974
20% M4 22,301 14,077 -8224 82,887 52,689 -30,198
20% M5 22,172 14,098 -8074 105,059 66,787 —38,272

Table 25 DR/AIPW cumulative policy-value decomposition under repeated monthly top-(k)

targeting

Budget Month Pred. DR/AIPW  Uplift DR/AIPW Diff Cum.Pred. Cum.Uplift Cum.
DR/AIPW DR/AIPW Diff

5% M1 3488 9720 623.1 3488 9720 623.1
5% M2 -2789 2102.5 23814 699 3074.5 3004.6
5% M3 -1104 27779 28884 —40.6 58524 5893.0
5% M4 —~787.1 2574.2 33613 -827.7 8426.6 9254.2
5% M5 —553.0 23203 28733 —1380.7 10,746.8 12,1275
10% M1 1933 15531 1359.8 1933 15531 1359.8
10% M2 -1078.7 31553 42340 -8854 4708.5 55939
10% M3 —766.5 3914.6 4681.1 —1651.9 8623.1 10,2749
10% M4 —1703.3 3,080.3 4783.7 —3355.2 11,7034 15,058.6
10% M5 -11344 24577 35921 —44895 14,161.1 18,650.6
20% M1 —332.5 3047.5 33800 -—3325 30475 3380.0
20% M2 -1606.4 39727 55791 -19389 7020.2 8959.1
20% M3 -1108.2 44484 55566 —3047.1 11,468.6 14,5157
20% M4 —3509.7 33766 6886.3 —6556.8 14,8452 21,4020
20% M5 —2592.7 283.2 53760 -91495 17,6284 26,7779

Appendix A. Monthly decomposition for the accounting-style temporal
deployment illustration

This appendix provides the month-by-month decomposition supporting the accounting-
style temporal deployment illustration reported in Sect. 4.12. These results are intended
to improve transparency for the repeated monthly top-% targeting analysis. They should
not be interpreted as evidence about adaptive treatment effects, sequential policy learn-
ing, or treatment-state transitions.

Appendix Table 24 reports the accumulation of observed next-month hits under pre-
dictive LightGBM scoring and R-learner uplift scoring. Observed hits are descriptive
raw responses among selected users. Appendix Table 25 reports the corresponding DR/
AIPW policy value, which estimates the incremental intervention value induced by each
targeting rule. The main-text interpretation remains based on the final cumulative sum-
mary in Table 23 and the combined visualization in Fig. 10.
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