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Abstract

Targeted coupons are widely used in e-commerce, yet campaign evaluation often empha-
sizes conversion or gross merchandise value without distinguishing realized coupon cost
from the monetary exposure created by coupon allocation. This study presents an applied
policy-evaluation framework that combines established propensity-adjustment, uplift-
ranking, and offline evaluation tools to compare coupon-allocation policies under recipient-
coverage and full-face-value budget constraints. The analysis uses 8414 anonymized
assignment records representing 8402 users within a focal campaign window. Because
the platform’s accounting margin is unavailable, a 20% margin is used as the baseline sce-
nario for an incremental net-contribution proxy. Statistical uncertainty is assessed through
2000 user-cluster bootstrap replications and five fixed user-level data partitions. At 20%
coverage, PA-RF produced a less negative proxy value than response-oriented policies,
although its absolute confidence interval included zero and its ordering relative to PO-RF
varied across data partitions. At 30% coverage, PA-RF produced a smaller net-contribution
loss than PO-RF in all five partitions, while its absolute value and ROI proxy remained
uncertain. The complete monetary-budget grid further shows that value-density allocation
can differ materially from score-based allocation, that economically unattractive recipients
may leave part of the available budget unused, and that expanding expenditure can reduce
marginal subsidy efficiency. The contribution lies in a transparent and decision-oriented
evaluation structure for interpreting coupon-allocation performance under explicit margin,
cost, overlap, and model assumptions.

Keywords: targeted coupons; incremental net-contribution proxy; budget-constrained pol-
icy evaluation; subsidy efficiency; observational policy evaluation; user-cluster bootstrap;
e-commerce promotion

1. Introduction

E-commerce promotion systems increasingly connect customer histories, offer at-
tributes, assignment records, and transaction outcomes at the record level. This infras-
tructure enables more targeted allocation, but it also creates a measurement problem: a
policy can increase conversion or gross merchandise value (GMV) while using subsidies
inefficiently. Digital transformation, campaign prediction, personalized marketing, and
dynamic resource-allocation research therefore motivate decision criteria that link customer
response to resource use rather than treating response as the sole campaign objective [1-6].
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Coupon allocation also operates in a setting shaped by consumer inference, privacy,
perceived fairness, and platform design [7-9]. These considerations do not enter the present
dataset as psychological mechanisms, but they reinforce the need for auditable policy rules.
Managers need to know what a ranking score optimizes, what costs it recognizes, how it
uses a finite budget, and where the evidence remains conditional.

The empirical challenge is especially pronounced when campaign assignment is
observational. Propensity adjustment and doubly robust scores can address imbalance
in observed pre-treatment covariates, but they cannot eliminate bias from unobserved
assignment factors. Similarly, an assumed margin and observed coupon face value can
support a transparent subsidy-efficiency proxy, but they do not recover platform accounting
profit. Treating these distinctions explicitly is more informative than describing a complex
model as an automatic profit optimizer.

This study addresses three research questions. RQ1 examines how response-oriented,
customer-history, profit-proxy, propensity-adjusted, potential-outcome, and doubly robust
ranking policies compare under fixed recipient coverage. RQ2 examines how policy
performance changes when recipient-share coverage is replaced by a monetary cap based on
full-face-value coupon exposure. RQ3 examines whether the principal policy comparisons
remain stable across alternative user-level data partitions, statistical uncertainty estimates,
proxy assumptions, and feature specifications.

The contribution of the study is an applied evaluation structure rather than a new
causal estimator, uplift algorithm, or optimization method. It brings established estima-
tion and policy-evaluation tools into a common decision setting in which the subsidy
objective, realized coupon cost, full-face-value exposure, allocation rule, statistical uncer-
tainty, and implementation requirements are explicitly distinguished. In particular, the
framework separates recipient coverage from monetary expenditure, specifies a common
value-density allocation rule, reports the complete monetary policy grid, and connects
robustness evidence to practical coupon-budget decisions.

The empirical analysis identifies three managerially relevant patterns. First, conversion-
and GMV-oriented rankings can remain poorly aligned with incremental net contribution
after coupon cost is considered. Second, the relative performance of advanced policies
depends on the allocation constraint and is not uniform across data partitions. Third,
expanding monetary exposure can add recipients with low or negative estimated incre-
mental value. These findings support a conditional and decision-specific interpretation of
coupon allocation rather than a general claim of model dominance. Figure 1 summarizes
the analytical framework.
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Figure 1. Decision-oriented policy evaluation framework for budget-constrained targeted coupons.
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2. Literature Review and Research Positioning

Coupon research shows that promotion effects extend beyond a binary redemption
event. Exposure, redemption, post-promotion behavior, category targeting, and spillovers
can all affect customer value and campaign cost [10,11]. Response-dependent-cost and
profit-uplift studies consequently argue that a high predicted response is not necessarily an
economically attractive treatment when the action itself is costly [12-15].

Uplift and heterogeneous-treatment-effect methods provide ranking tools for settings
in which customers respond differently to an intervention [16-26]. These methods are
useful here as established components, not as a claimed theoretical advance. Their role is to
produce policy scores that can be compared under a common evaluation target and under
explicit observational-identification assumptions.

Offline policy evaluation and empirical welfare research emphasize that a predictive
model should be assessed through the decisions it induces [19,27,28]. Cost-sensitive and
predict-then-optimize research similarly shows that downstream constraints can change
the value of a prediction [27,29]. For coupons, this implies that selecting a fixed share of
users and spending a fixed monetary budget are different operational problems whenever
coupon face values vary.

The e-commerce environment adds implementation and governance considerations.
Interface personalization, recommendations, customer journeys, digital advertising, mobile
applications, and platform power can shape how algorithmic allocation is experienced and
managed [30-46]. The present study does not model those mechanisms directly. It focuses
on the narrower operational question of how anonymized coupon-assignment records can
be used to compare allocation rules without overstating causal or accounting conclusions.

Taken together, these research streams position targeted couponing as an allocation
problem in which heterogeneous customer response must be evaluated jointly with subsidy
cost and operational constraints. The present study contributes an applied protocol that
connects a clearly defined incremental net-contribution proxy, established policy scores,
separate coverage and monetary constraints, user-level statistical inference, complete-grid
reporting, and managerial implementation guidance. The objective is not to advance a new
theory of e-commerce promotion, but to improve the transparency and decision relevance
of coupon-policy evaluation.

3. Campaign Setting, Data Construction, and Identification
3.1. Campaign Background, Record Unit, and Observable Scope

The dataset contains 50,000 anonymized campaign-assignment records. The unit of
observation is an individual coupon-assignment opportunity rather than a unique customer.
Restricting the data to the focal campaign window yields 8414 records assigned between 12
June and 12 September 2025. These records correspond to 8402 hashed customer identifiers.
Twelve customers appear twice, and five of them have different treatment statuses across
their two records. All records belonging to the same customer are kept together during
data partitioning and are treated as a single cluster in statistical resampling.

Treatment equals one when a record was assigned a coupon and zero for a control
assignment. The analytical sample contains 4832 treated and 3582 control records. Observ-
able pre-treatment and policy-time dimensions include new/existing-user status, recency,
purchase frequency, 90-day monetary history, prior coupon use, prior coupon face value,
average price band, product category, channel, device operating system, province label,
city tier, coupon type, face value, threshold, and validity days.

Platform, merchant, and enterprise identities are anonymized. The dataset also does
not contain customer age, gender, household characteristics, actual accounting margin, mer-
chant reimbursement, acquisition expenditure, fulfillment cost, notification cost, customer-
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fatigue measures, or long-term customer value. Geographic information is limited to the
province and city-tier labels contained in the records. The empirical findings therefore
apply most directly to campaign environments with comparable assignment processes,
coupon structures, customer-history variables, and market composition. Table 1 sum-
marizes the observable campaign, customer, coupon, and market characteristics of the

analytical sample.

Table 1. Observable campaign, customer, coupon, and market characteristics.

Dimension

Observed Profile

Interpretation/Limitation

Record and user coverage

8414 assignment records; 8402 unique users

12 users have two records; 5 show
treatment variation

Assignment window

12 June-12 September 2025

Observed assignment timestamps

Treatment composition

4832 treated (57.43%); 3582 control (42.57%)

Observational assignment

User tenure

4208 new; 4206 existing

No age or gender fields

Product categories

Electronics 1883; apparel 1490; home 1474;
beauty 1281; grocery 1024; sports 843; baby 419

Observed category labels

Channels App 5989; PC 1624; mini-app 801 Observed assignment channel
Device OS Android 4643; i0S 2967; PC 804 Observed device label
Guangdong 1924;] anssu 1497; Zhejlang 1419; Province labels; country/enterprise
Geography Shanghai 1212; Beijing 1086; Sichuan 764; - - .
: identity unavailable
Hubei 512
City tier Tier 1: 2119; Tier 2: 2852; Tier 3: 2140; Tier 4: 1303 Observed market-tier label
Platform threshold 2946; store threshold 2083;
Coupon type platform direct 1294; store direct 1268; Five observed types

live-stream direct 823

Coupon face value

Mean 16.32; median 15; IQR 10-20; range 5-50

Observed nominal value

Coupon threshold

Observed for 5029 records; median 199; range
59-399

Structural missingness for direct
coupons

Validity

Median 7 days; IQR 6-8; range 5-9

Observed coupon_valid_days

Customer history

Recency median 60 days; frequency median 0;
90-day monetary median 356.49; prior-use
median 0.442

Pre-treatment fields

Average price band

Low 3791; medium 3303; high 1320

Categorical price-band field

3.2. Sample Construction and Campaign-Specific Analytical Sample

The analytical sample is defined by the focal campaign window. Of the 50,000 original

records, 41,586 fall outside this window and are excluded, leaving 8414 campaign-period ob-
servations. Required-field, duplicate, and internal-consistency checks produce no material
additional reduction. The restriction therefore establishes a common campaign environ-
ment rather than a population-representative sample of all records in the source dataset.

Figure 2 presents the sample-construction sequence and the treatment of repeated
customers. The resulting observations form the campaign-specific sample used in all
subsequent policy evaluations.
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Raw assignment records
n = 50,000

:

Data integrity assessment
n = 50,000

y

Focal campaign window
12 June-12 September 2025

;

Campaign-specific analytical sample
8414 records and 8402 users

:

Treatment and control composition
4832 and 3582 records

:

Repeated-user structure
12 repeated users; user-level partitioning and cluster inference

Figure 2. Sample construction and treatment of repeated users.

3.3. Outcomes, Proxy Construction, and Cost/Value Components

The observed behavioral outcomes are purchase conversion and transaction amount.
The baseline realized net-contribution proxy is calculated as 0.20 times the observed trans-
action amount minus the coupon face value when an assigned coupon is redeemed. The
20% margin is a scenario assumption rather than an observed platform margin. Under the
baseline specification, control observations and treated non-converters incur no realized
coupon-redemption cost. The 20% baseline is not intended to represent a sector-wide
e-commerce margin; appropriate rates may differ across product categories, fulfillment
arrangements, and merchant-platform contracts.

Full-face-value exposure is conceptually and operationally different from realized
redemption cost. Exposure equals the nominal face value of every selected coupon assign-
ment and is used to define monetary budget caps. It is not deducted as though every se-
lected coupon were redeemed. This separation allows coverage evaluation, realized-cost ac-
counting, and budget reservation to be discussed without treating them as interchangeable.

The proxy is intended for relative policy comparison under explicitly stated assump-
tions and should not be interpreted as accounting profit. Alternative margin, cost-sharing,
and fixed contact-cost specifications are examined in the sensitivity analyses. Logistics,
customer acquisition, customer fatigue, budget-reservation opportunity cost, and long-
term customer value remain outside the empirical measure because the required infor-
mation is unavailable. Table 2 defines the variables and constructs used in the subsidy-
efficiency evaluation.
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Table 2. Variable definitions and subsidy-efficiency proxy construction.

Variable/Construct

Definition

Use

treatment

Coupon assignment indicator

1 = assigned coupon; 0 = control

outcome_binary

Observed conversion

Post-assignment outcome

outcome_amount

Observed transaction amount

Revenue-side input

coupon_face_value

Nominal coupon value

Realized-cost and budget-exposure input

full-face exposure

Face value for each selected assignment

Monetary budget unit

realized redemption cost

Face value x treated conversion

Baseline observed-cost rule

net-contribution proxy

m X outcome_amount — realized

redemption cost

m = 0.20 baseline scenario

policy value

Sum of user-level doubly robust
incremental proxy over selected records

Conditional observational comparison

Table 3 summarizes the observed, assumed, sensitivity-tested, and unavailable cost

and value components used in the evaluation.

Table 3. Cost and value components in the subsidy-efficiency evaluation.

Interpretation and

Component Observed Baseline Proxy Sensitivity Coverage Budget Limitation
Baseline marein Scenario parameter;
ate & No Assumed: 20% 10% and 30% Yes Yes not an observed
margin
Realized Partly: face Full face value 50% Used in ROI Observed-rule proxy;
coupon value and . merchant
. . for treated cost-sharing Yes proxy .
redemption conversion . . reimbursement
converters scenario denominator )
cost observed unavailable
Full-face-value Yes: coupon Not deducted Score-or'lly vs. Budget Reservation
budget . density Reported ) exposure, not
face value as realized cost . constraint .
exposure allocation redemption cost
Operational
Budget- .
: No Excluded Not evaluated No No opportunity cost
reservation cost .
remains unobserved
Merchant- 50% Ranking/value can
Platform share . .
platform cost No o cost-sharing Yes Yes change with contract
. set to 100% .
sharing scenario terms
Fixed scenario equal
to 5% of the median
Notification/ No Excluded Fixed 0.75 per Sen51t1V.1ty Sens1t1v.1ty fac.e value; not
contact cost selected record analysis analysis estimated from
observed operating
costs
Logistics and Order-level
& No Excluded Not modeled No No fulfillment data
fulfillment cost .
unavailable
Customer Acquisition source
- No Excluded Not modeled No No and spend
acquisition cost :
unavailable
Cus’Fomer No Excluded Not modeled No No Repeated-contact
fatigue burden not measured
Long-term No Excluded Not modeled No No No post-campaign

customer value

CLV horizon
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3.4. Covariate Balance, Propensity Adjustment, and Overlap

The treatment-control comparison is observational. In the primary test partition, the
propensity model AUC is 0.552, indicating modest assignment predictability from available
pre-treatment covariates. The common-support interval is [0.335, 0.760], and 0.119% of
test records fall outside that interval. The largest unweighted absolute standardized mean
difference among the reported numerical covariates is 0.249; after IPW weighting and
1st/99th-percentile weight clipping, the largest reported value is 0.075.

Propensity adjustment and doubly robust scoring address imbalance in observed pre-
treatment covariates, but they do not eliminate bias from unobserved assignment factors.
The resulting comparisons therefore remain conditional on ignorability, overlap, and model
adequacy. Table 4 reports the covariate-balance and propensity-score diagnostics for the
primary test partition.

Table 4. Covariate-balance and propensity diagnostics.

Covariate/Diagnostic Unweighted Abs. SMD IPW-Weighted Abs. SMD
is_new_user 0.249 0.050
r_days 0.199 0.058
f 30d 0.151 0.050
m_90d 0.223 0.075
prior_coupon_use_rate_90d 0.207 0.016
prior_coupon_facevalue_avg_90d 0.040 0.041
coupon_face_value 0.165 0.027
coupon_valid_days 0.032 0.073
Propensity AUC 0.552 —
Common support [0.335, 0.760] 0.119% outside

Figure 3 visualizes covariate balance before and after IPW weighting and the overlap
of the estimated propensity-score distributions between the treated and control groups.

A Covariate balance B Propensity-score overlap
is_new_user - - ° 5 Control
: Treated
r_days A : [ )
i 41
f 30d A : ®
1
1
m_90d - ! L 234
] 2
prior_coupon_use_rate_90d - : [} a
i 2
prior_coupon_facevalue_avg_90d - L :
I
1
coupon_face_value ! ) 11
1 ® Unweighted
1 )
coupon_valid_days ° ! IPW weighted
T 1 T T T 0 T T T T
0.05 0.10 0.15 0.20 0.25 0.4 0.5 0.6 0.7
Absolute standardized mean difference Estimated propensity score

Figure 3. Covariate balance and propensity-score overlap diagnostics. Note. In panel (A), the vertical
dashed line marks the conventional absolute standardized mean difference threshold of 0.10; values
to the left of the line indicate covariate balance within this threshold.

3.5. User-Level Train-Validation-Test Separation

The data are partitioned at the customer level into 60% training, 20% validation, and
20% test samples. All observations belonging to a repeated customer remain in the same
partition. Within each random-forest policy family, the validation sample is used to select
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between two predefined depth and minimum-leaf specifications. The resulting specification
is then fixed before test-sample evaluation. Five fixed user-level partitions are used to
assess the stability of the principal policy comparisons.

4. Policy Evaluation Methodology
4.1. Potential-Outcomes and Policy-Value Target

Let Y;(t) denote the transaction amount and C;(t) the realized coupon cost for as-
signment record i under treatment state . With margin scenario m, the net-contribution
proxy is:

Vi(t) = mYi(t) — Ci(t) ©)

The conditional incremental proxy is:
T(Xi) = E[Vi(1) = Vi(0)[X]] 2)

The resulting quantity is an adjusted conditional policy-value estimand under the
stated ignorability, overlap, and model-adequacy assumptions. It is not an observed
accounting-profit effect.

4.2. Propensity Adjustment and Doubly Robust Evaluation

The propensity score e(X;) = P(T; = 1|X;) is estimated from pre-treatment features.
Separate treatment and control outcome models estimate y;(X;) and uo(X;). The test-
record doubly robust pseudo-outcome is:

@i = p1(Xi) — po(Xi) + Ti[Vi — w1 (X)) /e(Xi) — (1 = Tp)[Vi — po(Xi)] /[1 —e(Xi)]  (3)

Propensity scores are clipped to [0.05, 0.95] in the baseline specification. Cross-fitted
pseudo-outcomes are used to train the propensity-adjusted and doubly robust ranking
models. These procedures reduce sensitivity to imbalance in observed pre-treatment
covariates, but they cannot remove bias arising from unobserved assignment factors. The
resulting policy comparisons remain conditional on ignorability, overlap, and adequate
nuisance-model specification [16,19,26].

4.3. Coverage-Constrained Ranking

For a coverage level ¢, each policy ranks test records by its fixed score and selects the
first round(cN) records. Coverage is a recipient-share constraint. Policy value is the sum of
the doubly robust incremental proxy among selected records; expected redemption cost is
the sum of predicted treated conversion probability multiplied by coupon face value; ROI
proxy is policy value divided by expected redemption cost.

4.4. Monetary Budget Allocation Rule

Monetary caps are defined as 5%, 10%, 20%, and 30% of total full-face-value exposure
in the test population. The principal implementation is a deterministic value-density greedy
rule. For net-contribution policies, density equals predicted incremental net contribution
divided by full-face exposure. Response-oriented baselines use their policy-specific re-
sponse score per unit of exposure so that the same allocation mechanics can be applied as
a comparator.

Candidates are ordered by descending value density, followed by descending policy
score, ascending coupon face value, and a stable record order for deterministic tie breaking.
Policies whose scores can be negative exclude observations with nonpositive predicted
value, whereas nonnegative response probabilities and response predictions remain eligible.
A positive-score observation with zero face value would be placed before positive-cost
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observations; however, no zero-face-value coupons occur in the analytical sample. Obser-
vations are added sequentially until the next eligible assignment would exceed the budget
cap. Any unspent amount is retained and reported through the budget-utilization rate.

The same allocation mechanics are applied to all policies. The deterministic greedy
rule provides a scalable approximation suitable for campaign-level batch allocation. A
score-based greedy rule is examined separately to assess how policy conclusions change
when ranking does not account for coupon exposure per unit of predicted value. For N
eligible records, the greedy allocation requires O(N log N) time for sorting, followed by a
linear scan for budget filling.

4.5. Policy Baselines and Representative Objectives

The comparison set represents distinct managerial objectives and levels of analytical
complexity. Random allocation provides a no-targeting reference; face-value and historical
RFM rankings represent simple business rules; conversion and GMV models represent
response-oriented targeting; treated-profit and T-learner models incorporate economic
outcomes; two-model, propensity-adjusted, and doubly robust models estimate different
forms of incremental value. Evaluating these policies with the same outcome definition,
coverage levels, budget caps, and allocation mechanics makes it possible to distinguish
differences in policy objective from differences in evaluation design.

Together, these baselines span the principal managerial objectives considered in the
study—no targeting, simple business rules, response maximization, treated-outcome value,
two-model uplift, propensity-adjusted value, and doubly robust value—under a common
evaluation protocol. The comparison is therefore designed to examine objective alignment
and operational implementation rather than to benchmark the frontier of causal-machine-
learning estimators. Table 5 summarizes the estimation objectives, training samples, assign-
ment adjustments, validation procedures, allocation rules, and managerial interpretations
of the evaluated policies.

Table 5. Policy baselines, estimation objectives, and managerial interpretation.

Training Assignment

Policy Score/Objective Sample Adjustment Validation Coverage Budget Interpretation
Random .
. . Descending Score/exposure Reference
Random perr;t(l)tre;tlon None None Not required policy score density greedy allocation
Face-value Cmg;(l)zeface None None Not required Descending Score/exposure Generous-
(descending) policy score density greedy coupon rule
Standardized
recency- . .
S Training . Descending Score/exposure Customer-
Historical RFM frequency- records None Fixed formula policy score density greedy history rule
monetary-
history score
Treated-only Treated Vahdahor}- . Response- Response-
. . o based selection Descending . .
Conversion RF conversion training No over the fixed olicy score score density oriented
probability records coverage grid policy greedy baseline
Treated-only Treated Validation-
CMV RF expected trainin No based selection Descending GMV-score Sales-value
transaction recor dsg over the fixed policy score density greedy baseline
amount coverage grid
Treated-only Treated Validation-
. expected net- .. based selection Descending Value-density Profit-proxy
Profit RF training No
contribution records over the fixed policy score greedy baseline
proxy coverage grid
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Table 5. Cont.
. s Training Assignment cq .
Policy Score/Objective Sample Adjustment Validation Coverage Budget Interpretation
Difference in Separate treat-
T-learner treated/control ~ ment/control Outcome- Fixed Descending Score-density Conversion
conversion conversion training model contrast specification policy score greedy uplift baseline
predictions models
Difference in Separate treat- Linear
. ridge net- ment/control Outcome- Fixed Descending Value-density . .
T-learner profit e L e ; profit-uplift
contribution training model contrast specification policy score greedy .
. baseline
predictions models
Difference in Separate treat- Validation- Nonlinear
Two-model RF RF net- ment/control Outcome- based selection Descending Value-density two-model
profit contribution training model contrast  over the fixed policy score greedy . -
- . profit baseline
predictions models coverage grid
RE predlct{on Propensity- Validation- .
of propensity- . . . . . Adjusted
PA-RF net - All training adjusted based selection Descending Value-density .
adjusted - . incremental-
CATE records pseudo- over the fixed policy score greedy .
transformed . value ranking
outcome coverage grid
outcome
Treated . Validation-
PO-RF treated potential net- Tre.at.ed No direct based selection Descending Value-density Treated-
) 0 training treatment- ) . outcome value
profit contribution over the fixed policy score greedy -
- records effect contrast . ranking
prediction coverage grid
RF prediction Validation-
. of doubly All training Outcom? * based selection Descending Value-density D.Ollbly robust
DR-RF profit propensity . . incremental-
robust pseudo- records over the fixed policy score greedy .
components . value ranking
outcome coverage grid

4.6. Validation and Model Freezing

Within each random-forest policy family, two predefined combinations of maximum
depth and minimum leaf size are compared using mean validation-sample policy value at
10%, 20%, and 30% coverage. The selected family specification is fixed before test-sample
evaluation. In the repeated-partition analysis, the same model specifications and evaluation
grids are retained while the models are re-estimated on each alternative training partition.

4.7. Statistical Inference, Partition Stability, and Computational Assessment

Statistical uncertainty is evaluated using 2000 user-cluster bootstrap replications.
Customers are sampled with replacement, and all assignment records belonging to a
sampled customer enter the bootstrap sample together. The fitted models, test-sample
scores, and allocation rules remain fixed, while policy membership, utilization, policy
value, ROI proxy, and paired differences are recalculated in each resampled test population.
Models are not re-estimated within the bootstrap.

Training-sample sensitivity is assessed across five fixed user-level data partitions.
For 20% and 30% coverage and for 10% and 20% monetary budgets, the analysis reports
the mean, standard deviation, and directional consistency of the principal policy com-
parisons. Training time, batch-scoring time, serialized model size, and allocation time
are measured in the same computing environment and are interpreted as within-study
implementation diagnostics.

Two-sided bootstrap p-values are calculated from the sign distribution of the paired
differences using a finite-sample correction. The repeated-partition analysis is used only to
assess training-sample sensitivity and does not inform post hoc policy selection. Table 6
summarizes the statistical inference and reproducibility design, including data partitioning,
bootstrap resampling, allocation rules, statistical reporting, and computational assessment.
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Table 6. Statistical inference and reproducibility design.

Protocol Item

Implementation

Unit of analysis

The unit of analysis is the assignment record. All records belonging to the same
customer are retained in the same data partition and are resampled together as a
user cluster.

Data partition

A user-level 60%/20%/20% training—validation—test partition is used. The
validation sample is used for model selection, and the test sample is reserved for
final policy evaluation.

Model selection

Within each random-forest policy family, two predefined model specifications are

compared using mean validation-sample policy value at 10%, 20%, and 30%
coverage. The selected specification is fixed before test-sample evaluation.

Repeated-partition analysis

Five user-level data partitions are fixed before final evaluation. The models are
re-estimated in each partition using the same feature definitions, model
specifications, coverage levels, budget levels, and evaluation rules.

Bootstrap resampling

Statistical uncertainty is evaluated using 2000 user-cluster bootstrap replications.
Each sampled customer contributes all associated assignment records to the
bootstrap population.

Bootstrap model treatment

Fitted models and test-sample policy scores remain fixed during bootstrap
resampling. Policy membership, budget utilization, policy value, ROI proxy, and
paired differences are recalculated, but the models are not re-estimated.

Coverage levels

Coverage-constrained evaluation uses recipient-share caps of 10%, 20%, and 30%.

Monetary budget levels

Monetary caps are defined as 5%, 10%, 20%, and 30% of total full-face-value
coupon exposure in the test population.

Monetary allocation rule

Candidates are allocated using a deterministic value-density greedy rule. Records

are added in descending value-density order until the next eligible record would
exceed the applicable budget cap. Unused budget is permitted.

Eligibility rule

Records with nonpositive predicted incremental value are excluded from policies

whose scores can be negative. Response probabilities and other nonnegative
response scores remain eligible by construction.

Tie-breaking rule

Ties are resolved by descending value density, descending policy score, ascending

coupon face value, and ascending stable record order.

Statistical reporting

The analysis reports point estimates, paired policy differences, 95% user-cluster
bootstrap confidence intervals, two-sided bootstrap p-values, repeated-partition
means, repeated-partition standard deviations, and directional consistency.

Contact-cost sensitivity

A fixed cost of 0.75 per selected assignment, equal to 5% of the median coupon
face value, is evaluated as a sensitivity scenario rather than as an observed
operating cost.

Computational assessment

Training-sample size, encoded feature count, model size, fitting time, batch-scoring

time, and budget-allocation time are evaluated in the same computing session.
Reported times are within-study implementation diagnostics rather than
hardware-independent benchmarks.

5. Coverage-Constrained Policy Evaluation
5.1. Main Policy Grid

At 20% coverage, random, conversion-RF, and GMV-RF allocation produce net-

contribution proxy values of —2143.21, —3380.90, and —4008.64, respectively. PA-RF
produces a less negative value of —242.29, although its 95% user-cluster bootstrap interval
[—860.46, 257.37] includes zero. PO-RF and DR-RF produce —822.13 and —728.49. The
large negative values of the response-oriented policies are consistent with misalignment
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between response prediction and subsidy efficiency, while the advanced policy estimates
remain uncertain in absolute terms.

In the primary partition, the paired PA-RF-PO-RF difference at 20% coverage is 579.84,
with a bootstrap interval of [123.12, 989.91]. Across the five user-level partitions, however,
the direction reverses once, and the magnitude varies substantially. The 20% comparison
is therefore interpreted as favorable within the primary partition but sensitive to the
composition of the training and test samples.

At 30% coverage, PA-RF produces —365.41, compared with —1099.52 for PO-RF.
The paired difference is 734.11, with a bootstrap interval of [143.83, 1245.13], and the
difference is positive in all five user-level partitions. This evidence indicates a smaller
conditional net-contribution loss for PA-RF within the reported 30% grid. It does not
indicate positive accounting profit or stable ROI proxy superiority. Table 7 reports the
coverage-constrained policy results, user-cluster confidence intervals, ROI proxies, and
repeated-partition stability measures. Figure 4 plots the coverage-constrained incremental
net-contribution proxy curves for the principal policies over the evaluated coverage range.
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Figure 4. Coverage-constrained incremental net-contribution proxy curves.
Table 7. Coverage-constrained policy results, user-cluster inference, and partition stability.
Share of
Partition Partitions with
Coverage Policy Proxy Value 95% CI ROI Proxy artitio Partition SD a Higher Proxy
Mean
Value than
Random
20% Random —2143.21 [—3124.26, —1232.03] —0.757 —1632.12 472.00 Reference
20% Conversion RF —3380.90 [—4270.58, —2583.87] —0.752 —2864.57 362.47 0%
20% GMV RF —4008.64 [—5090.28, —2987.79] —0.684 —3352.07 539.96 0%
20% PA-RF net —242.29 [—860.46, 257.37] —0.280 85.72 201.01 100%
CATE

20% Po'll?;;frﬁated —822.13 [—1468.79, —199.34] —0.531 —293.22 345.07 100%
20% DR-RF profit —728.49 [—1300.60, —250.48] —0.731 —77.66 400.72 100%
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Table 7. Cont.

Share of
Partition Partitions with
Coverage Policy Proxy Value 95% CI ROI Proxy Partition SD a Higher Proxy
Mean
Value than
Random
30% Random —2870.00 [—3919.73, —1877.70] —0.680 —2447.70 398.75 Reference
30% Conversion RF —4733.71 [—5774.90, —3809.35] —0.728 —4072.38 410.80 0%
30% GMV RF —5276.85 [—6401.08, —4158.32] —0.679 —4359.50 555.80 0%
30% PA-RF net —365.41 [—1031.78, 197.66] —0.261 —70.31 177.22 100%
CATE
30% PO'I;l;Otfrﬁated ~1099.52 [—1812.39, —378.87] 0474 —481.40 372.83 100%
30% DR-RF profit —617.74 [—1312.73, —48.94] —0.399 —114.98 316.14 100%

Note. The percentage indicates the share of the five user-level partitions in which the policy produced a higher
net-contribution-proxy value than random allocation; it does not represent statistical significance.

5.2. Paired Policy Comparisons

Figure 5 reports paired PA-RF-PO-RF differences under the user-cluster bootstrap.
At 20% coverage, the primary-partition paired difference is 579.84 [123.12, 989.91] (two-
sided bootstrap p = 0.011), but the ordering reverses in one of the five user-level partitions
and the magnitude varies substantially. The 20% result is therefore treated as favorable
primary-partition evidence rather than as a stable policy advantage. At 30% coverage,
the paired difference is 734.11 [143.83, 1245.13] (p = 0.013) and remains positive across all
five partitions; this finding is interpreted as a grid-specific reduction in net-contribution
loss, not as positive accounting profit or stable ROI-proxy superiority. The differences
under the 10% and 20% monetary caps remain statistically inconclusive. Taken together,
the results indicate that the relative ordering is more stable under the reported coverage
setting than under monetary allocation, while remaining conditional on the data partition
and evaluation grid.

Coverage 20% A

Coverage 30% -

Budget 10% -

Budget 20% A

-500 -250 0 250 500 750 1000 1250
PA-RF minus PO-RF net-contribution proxy

Figure 5. Paired user-cluster bootstrap differences for PA-RF versus PO-RF. Note. Points indicate
paired policy-value differences; horizontal error bars indicate 95% user-cluster bootstrap confidence
intervals; the vertical line at zero indicates no difference between the two policies. Positive values
favor PA-RF, whereas negative values favor PO-RF.
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6. Monetary Budget-Constrained Policy Simulation
6.1. Full Value-Density Policy Grid

Table 8 reports the complete set of evaluated policies at each monetary budget level. At
the 5% cap, T-learner profit produces the highest net-contribution proxy (248.79), followed
by random allocation (216.10) and two-model RF profit (203.24). At the 10%, 20%, and 30%
caps, the T-learner profit value remains 282.29 because the policy selects only 324 positive-
score observations and uses 82.7%, 41.4%, and 27.6% of the available budgets. Two-model
RF profit similarly stops after 146 observations because no additional candidates have
positive predicted incremental value.

Table 8. Full monetary budget-constrained policy evaluation grid.

Budget Policy Selected Exposure Utilization Proxy Value ROI Proxy
5% Random 245 1410 99.5% 216.10 0.379
5% Face-value 28 1400 98.8% —348.00 —0.440
5% Historical RFM 181 1415 99.8% —764.68 —0.839
5% Conversion RF 253 1410 99.5% —115.17 —0.149
5% GMV RF 206 1410 99.5% —572.20 —0.645
5% Profit RF 242 1415 99.8% —534.47 —0.687
5% T-learner conversion 243 1415 99.8% —337.14 —0.473
5% T-learner profit 220 1415 99.8% 248.79 0.679
5% Two-model RF profit 146 870 61.4% 203.24 0.843
5% PA-RF net CATE 200 1170 82.5% —373.06 —0.723
5% PO-RF treated profit 242 1415 99.8% —534.47 —0.687
5% DR-RF profit 191 1410 99.5% —544.82 —0.989
10% Random 413 2830 99.8% —66.06 —0.054
10% Face-value 56 2800 98.8% —633.15 —0.395
10% Historical RFM 285 2830 99.8% —1033.25 —0.554
10% Conversion RF 434 2830 99.8% —551.57 —0.360
10% GMV RF 348 2825 99.6% —966.09 —0.555
10% Profit RF 455 2830 99.8% —318.50 —0.230
10% T-learner conversion 411 2830 99.8% —579.98 —0.406
10% T-learner profit 324 2345 82.7% 282.29 0.422
10% Two-model RF profit 146 870 30.7% 203.24 0.843
10% PA-RF net CATE 200 1170 41.3% —373.06 —0.723
10% PO-RF treated profit 455 2830 99.8% —318.50 —0.230

10% DR-RF profit 223 1685 59.4% —555.55 —0.858
20% Random 640 5670 100.0% —782.35 —0.313
20% Face-value 138 5660 99.8% —1640.03 —0.540
20% Historical RFM 446 5660 99.8% —2093.89 —0.572
20% Conversion RF 708 5665 99.9% —1091.79 —0.374
20% GMV RF 566 5665 99.9% —1591.63 —0.470
20% Profit RF 699 5660 99.8% —674.11 —0.245
20% T-learner conversion 667 5670 100.0% —1246.80 —0.435
20% T-learner profit 324 2345 41.4% 282.29 0.422

20% Two-model RF profit 146 870 15.3% 203.24 0.843

20% PA-RF net CATE 200 1170 20.6% —373.06 -0.723
20% PO-REF treated profit 699 5660 99.8% —674.11 —0.245
20% DR-RF profit 223 1685 29.7% —555.55 —0.858
30% Random 820 8500 99.9% —1379.00 —0.363
30% Face-value 232 8480 99.7% —3158.04 —0.685
30% Historical RFM 576 8490 99.8% —3261.03 —0.604
30% Conversion RF 891 8505 100.0% —2206.71 —0.492
30% GMV RF 755 8500 99.9% —2606.17 —0.523
30% Profit RF 895 8505 100.0% —1432.58 —0.357
30% T-learner conversion 854 8490 99.8% —2186.48 —0.510
30% T-learner profit 324 2345 27.6% 282.29 0.422

30% Two-model RF profit 146 870 10.2% 203.24 0.843

30% PA-RF net CATE 200 1170 13.8% —373.06 -0.723
30% PO-REF treated profit 895 8505 100.0% —1432.58 —0.357
30% DR-RF profit 223 1685 19.8% —555.55 —0.858

For random and response-oriented policies, higher caps add lower-ranked recipients
and make the proxy increasingly negative. At the 20% cap, random, conversion RF, and
GMYV RF produce —782.35, —1091.79, and —1591.63. Value-density ranking improves these
policies relative to score-only greedy allocation, particularly where high response scores are
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Incremental net-contribution proxy

attached to expensive coupons. For policies whose positive-score set is exhausted before
the cap, the result remains unchanged while utilization falls.

No policy dominates simultaneously in net-contribution value, ROI proxy, selected-
customer coverage, and budget utilization. T-learner profit produces the highest conditional
value in the monetary grid, PA-RF performs most favorably in the coverage grid, and two-
model RF profit reports a higher ROI proxy while using only a small share of the available
budget. The managerial choice therefore depends on whether the objective emphasizes
aggregate conditional value, return per expected redemption cost, recipient coverage, or
the willingness to leave unattractive budget unspent. Figure 6 visualizes the monetary-
budget-constrained net-contribution and ROI frontiers of the principal policies across the

evaluated budget caps.
A Net-contribution frontier B ROI frontier
0.4 1 -@- Random ~@- PA-RF net CATE
)~ Conversion RF  —@- PO-RF treated profit
0 @ GMVRF ~@- DR-RF profit
0.2 A
—500 A 0.0
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Figure 6. Monetary budget-constrained value-density policy frontier.

6.2. Score-Only Versus Value-Density Allocation

The comparison between score-based and value-density allocation demonstrates that
the monetary implementation rule materially affects policy value. At the 20% cap, value-
density allocation improves the proxy relative to score-based allocation by 1327.85 for
random allocation, 2034.00 for conversion RF, 692.94 for GMV RF, and 170.55 for PO-RF.
The two rules produce the same result when the set of eligible positive-score observations
is exhausted before the budget cap or when the score and density rankings coincide. These
findings support value density as the principal rule when coupon face value represents the
binding monetary resource.

7. Stability, Computational Profile, and Robustness
7.1. Repeated-Partition Stability

Figure 7 reports the PA-RF-PO-RF net-contribution-proxy difference across five user-
level data partitions under two coverage settings and two monetary-budget settings. The
difference is positive in four of the five partitions at 20% coverage and in all five partitions
at 30% coverage. Under the 10% monetary cap, the direction changes across partitions.
Under the 20% monetary cap, the difference remains positive but varies substantially
in magnitude. These results indicate that the relative ordering is more stable under the
reported coverage comparisons than under the lower monetary-budget setting and that its
magnitude remains sensitive to the composition of the training and test samples.
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Figure 7. Stability of PA-RF versus PO-RF differences across five user-level data partitions.

7.2. Computational Profile

The primary training partition contains 5046 records and 52 encoded features. Fitting
and validation of the nine learned policy families require approximately 8.17 s in aggregate,
while batch scoring of all 12 policy rules on the test sample requires approximately 0.12 s.
The 24 allocations formed by six principal policies and four monetary caps require approxi-
mately 0.012 s in total. Serialized learned-model sizes range from approximately 0.004 to
0.388 MB. These values are aggregate implementation diagnostics obtained in a common
computing session rather than model-specific or hardware-independent benchmarks. The
results indicate that the evaluation can be implemented through offline campaign-level
batch processing [47]. Table 9 summarizes the aggregate fitting and validation time, batch-
scoring time, budget-allocation time, and serialized-model size of the analytical pipeline.

Table 9. Aggregate computational profile of the analytical pipeline.

Computational Operation

Analytical Scale Elapsed Time (s) Interpretation

Fitting and validation of all

Aggregate elapsed time for

5046 training records; 52 model fitting and

) . encoded features; 9 learned 8.165 L.
learned policy families liev famili validation; not a
POTCY famites model-specific benchmark
Batch scoring of all policy =~ 1685 test records; 12 policy 0.117 Aggregate test-sample
rules rules ’ scoring time
Four budget allocations for 24 policy-budget 0.0118 Aggregate deterministic
six principal policies allocations ' greedy-allocation time

Serialized learned-model
size

Approximate

0.004-0.388 MB L .
serialized-size range

Principal learned models

7.3. Profit-Proxy, Cost, Overlap, and Ablation Sensitivity

At 20% coverage, the PA-RF proxy changes from —242.29 under the 20% baseline
margin to —570.78 under a 10% margin and 86.20 under a 30% margin. A 50% coupon-
cost-sharing specification produces 249.68, while a fixed contact cost of 0.75 per selected
observation reduces the baseline value to —495.04. The sign and magnitude of the absolute
policy value are therefore sensitive to the assumed margin and allocation of coupon-
related cost.
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Removing the combined price and coupon-feature block reduces the PA-RF value
by 368.23 at 20% coverage and 430.69 at 30% coverage. The effect differs across policies
and monetary grids, indicating that coupon structure and customer price characteristics
are economically important inputs to the ranking models. The ablation result should be
interpreted as a dependence diagnostic rather than as evidence that a single feature family
determines policy superiority [48,49].

Figure 8 summarizes policy differences relative to random allocation under alterna-
tive proxy and adjustment assumptions. Figure 9 reports aggregated feature importance
together with the effects of removing the price and coupon-feature block. The alternative
propensity-clipping specification produces the same reported values because the estimated
propensity scores remain within both clipping ranges in the evaluated sample. The fixed
contact-cost specification changes the absolute value of each coverage-20 policy by the
same amount because all policies select the same number of records; consequently, their
differences relative to random allocation remain unchanged. Table 10 summarizes which
findings are robust across the evaluated settings, which are assumption-dependent, and
which are not established by the available data.

Table 10. Summary of robustness findings and substantive interpretation.

Evidence Pattern

Finding Interpretation

Robust across evaluated settings

Recipient share and full-face
exposure yield different selections
and rankings

Coverage and monetary budgets are
not interchangeable

Robust across evaluated settings

Conversion and GMV rankings are
strongly negative in the main
coverage and expanded-budget grids

Response-oriented policies can be
economically misaligned

Robust across evaluated settings

Random and response policies
Budget expansion can reduce deteriorate as low-ranked recipients
marginal subsidy efficiency are added; positive-score policies
often stop early

Assumption-dependent Absolute net-contribution proxy

Changes with margin, cost-sharing,
and fixed contact cost

Assumption-dependent PA-RF versus PO-RF ordering

Favorable in primary coverage
partition; 20% has one reversal across
the five partitions; budget differences

include zero

T-learner profit ranks first by value,

Assumption-dependent Budget-grid ranking and utilization while other policies differ in ROI

proxy and budget use

Assumption-dependent Overlap and model adequacy

Observed adjustment cannot remove
unobserved assignment factors

Margin, reimbursement, logistics,

Not established by the data True accounting profit gains acquisition, fatigue, and CLV are not

fully observed

Rankings vary by coverage, budget

Not established by the data Universal model dominance rule, utilization criterion, partition,

and proxy assumptions

Not established by the data

Evidence is observational, and ROI
proxy remains unstable across key
grids

Unconstrained causal superiority or
stable ROI proxy superiority
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Figure 8. Sensitivity of coverage-20 policy differences to alternative proxy and adjustment assumptions.
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Figure 9. Aggregated feature importance and price/coupon-bundle ablation.

8. Discussion
8.1. Research Contribution and Positioning

The study contributes an applied policy-evaluation architecture for targeted coupon
allocation. Its value lies in connecting established estimation tools to an explicit subsidy
objective and to the operational distinction between recipient coverage and monetary
exposure. The framework is therefore positioned as a contribution to methodological
transparency and decision design rather than as a new causal estimator, uplift algorithm,
or optimization method.

Relative to existing profit-uplift and offline policy-evaluation research [28], the frame-
work extends applied practice in four respects. It distinguishes realized redemption cost
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from full-face-value exposure and other unobserved operating costs; treats coverage and
monetary constraints as separate empirical settings; integrates user-cluster inference, re-
peated user-level partitions, complete policy-grid reporting, and computational assessment;
and recognizes unused budget as an informative outcome when additional candidates
have nonpositive predicted incremental value.

The findings also refine the interpretation of response-oriented personalization. Cus-
tomers with high purchase probability or expected GMV are not necessarily the most
subsidy-efficient recipients when coupon values differ across assignments [50-52]. At
the same time, the sensitivity of the profit-aware rankings to margin, sample partition,
and coupon features shows why estimated incremental value must remain tied to the
assumptions and operational setting under which it is calculated.

These findings extend evidence on coupon redemption, spillovers, and category tar-
geting by showing that the operational conclusion changes when heterogeneous coupon
exposure is treated as a constrained resource [10,11]. They are also consistent with response-
dependent-cost and value-driven uplift research [12-15,50], which cautions against equat-
ing customer response with economic value. The separate coverage and monetary results
further complement predict-then-optimize and marketing resource-allocation studies by
demonstrating that a ranking score must be evaluated through the budget-feasible decisions
it induces. In platform settings, this decision layer should remain auditable because person-
alization also raises privacy, fairness, and customer-experience considerations [7-9,45,46].

8.2. Managerial Implementation

Operational implementation requires a stable customer identifier, treatment assign-
ment, policy-time customer history, coupon face value and structure, conversion, trans-
action amount, and a clearly defined campaign window. Accounting margin, merchant
reimbursement, notification expenditure, fulfillment cost, and other operating-cost fields
should be incorporated whenever they are available. When they are unavailable, the asso-
ciated assumptions should be reported explicitly and examined through scenario analysis.

Customer-history variables may be refreshed through a daily or weekly batch process,
while models may be recalibrated for each campaign or whenever coupon design, customer
composition, assignment practice, or outcome calibration changes materially. Before cam-
paign launch, eligible customers are scored, coupon restrictions are applied, full-face-value
exposure is calculated, and the value-density allocation rule is applied to the approved
monetary cap.

Allocation should stop when the next eligible observation would exceed the budget
or when no positive predicted-value candidates remain. A campaign dashboard should
report selected customers, full-face exposure, budget utilization, expected redemption cost,
conditional net-contribution value, statistical uncertainty, score distributions, and changes
in customer and coupon composition. Post-campaign outcomes should be used to evaluate
calibration and inform subsequent campaigns.

Simpler allocation rules remain preferable when sample size is limited, propensity
overlap is weak, customer-history variables cannot be refreshed reliably, the value proxy
is highly uncertain, or the advantage of a learned policy is unstable across data parti-
tions. Governance requirements should include documented feature definitions, model
versioning, allocation-rule approval, access controls for customer identifiers, monitoring
of repeated-contact burden, and an auditable record linking campaign assignments to the
applicable eligibility and budget rules.
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9. Conclusions

This study develops a decision-oriented framework for evaluating targeted coupon
policies under explicit recipient-coverage and monetary-budget constraints. Rather than
treating customer response as the sole criterion for campaign success, the framework evalu-
ates allocation decisions through an incremental net-contribution proxy that distinguishes
realized coupon cost from full-face-value budget exposure. It combines observational
assignment adjustment, user-cluster statistical inference, repeated user-level data parti-
tions, transparent allocation rules, and complete policy-grid reporting within a common
evaluation structure.

Three findings provide the principal empirical synthesis. First, conversion- and GMV-
oriented rankings can remain poorly aligned with subsidy efficiency after coupon cost is
incorporated. Second, recipient coverage and monetary expenditure represent different
operational constraints and can produce materially different customer selections and policy
rankings. Third, expanding monetary exposure can reduce marginal subsidy efficiency,
while policies that exclude nonpositive predicted values may appropriately leave part of
the available budget unused. The relative performance of PA-RF, PO-RF, T-learner, and
other policies therefore depends on the evaluation grid and does not support universal
model dominance.

The study’s theoretical contribution is a decision-oriented reframing of targeted
coupon allocation in which heterogeneous customer response, subsidy cost, and bud-
get exposure must be evaluated jointly rather than as separate campaign outcomes. Its
methodological contribution lies in integrating established policy-learning tools with ex-
plicit cost boundaries, separate coverage and monetary constraints, user-level uncertainty
assessment, and full-grid evaluation. For practitioners, the framework provides an au-
ditable workflow for defining the economic objective, scoring eligible customers, allocating
finite coupon budgets, monitoring budget utilization, and stopping allocation when addi-
tional recipients no longer provide acceptable estimated value. These contributions make
the framework relevant both to researchers examining promotion-policy evaluation and to
managers designing accountable coupon-allocation systems.

10. Limitations and Future Research

This study is subject to several limitations. The analysis relies on observational as-
signment records from a single anonymized campaign window. Although propensity
adjustment, common-support diagnostics, inverse-probability weighting, doubly robust
scoring, and user-cluster inference help address observed imbalance and statistical uncer-
tainty, they cannot eliminate bias arising from unobserved assignment factors. The findings
should therefore be interpreted as conditional policy-evaluation evidence rather than as
unconstrained causal effects.

The incremental net-contribution measure also depends on assumed margin scenarios
because the dataset does not contain platform accounting margins, merchant reimburse-
ment arrangements, fulfillment costs, acquisition expenditure, notification costs, or other
complete operating-cost information. The sensitivity analyses clarify how alternative mar-
gins, coupon-cost sharing, and contact-cost assumptions affect policy values, but they can-
not substitute for observed accounting data. Long-term customer value, repeated-contact
fatigue, post-campaign behavior, and budget-reservation opportunity costs likewise remain
outside the empirical outcome.

The anonymized platform and merchant identities, the single campaign period, the
observed market composition, and the available coupon and customer-history variables fur-
ther limit the generalizability of the results. Policy rankings also vary with data partitions,
margin assumptions, the treatment of nonpositive predicted values, and the allocation rule
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used under monetary constraints. Application in other settings therefore requires local
recalibration, overlap assessment, completion of relevant cost components, and validation
under the applicable campaign and budget rules.

Future research could validate the framework using multi-campaign and multi-
platform datasets covering different product categories, market environments, coupon
structures, and merchant—platform contracts. Incorporating observed accounting margins,
contractual cost sharing, fulfillment expenditure, and customer lifetime value would permit
a more complete evaluation of both short- and long-term economic outcomes. Dynamic or
real-time extensions could examine sequential coupon allocation, changing customer states,
budget pacing, and repeated-contact effects during active campaigns. Stronger causal de-
signs, including randomized field experiments, natural experiments, instrumental-variable
approaches, causal forests, and alternative doubly robust policy-learning procedures, could
further assess treatment heterogeneity and policy value. The framework may also be ex-
tended to other digital marketing decisions, including personalized discounts, advertising
exposure, recommendation incentives, retention offers, loyalty rewards, and cross-channel
promotion allocation.
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