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Abstract 

Measuring advertising incrementality without user-level identifiers is increasingly constrained by platform 

policies and privacy regulations. In cookieless environments, practitioners often observe only aggregated 

signals (e.g., cohort-level conversion counts) yet must estimate causal lift and quantify uncertainty. This 

paper studies cookieless incrementality evaluation through uplift (ITE/CATE) modeling under explicit 

privacy constraints. Using the public MineThatData (Hillstrom) E-Mail Analytics Challenge randomized 

experiment (64,000 customers; three arms), we cast the task as a binary treatment problem—sending any 

e-mail versus sending none—and compare six ITE estimators (S-, T-, X-, R-, and doubly robust learners, 

plus transformed-outcome regression) with cohort-only estimators that emulate privacy-preserving 

reporting. Cohort estimation uses only aggregated counts with a Bayesian beta–binomial shrinkage model, 

and we evaluate robustness under k-anonymity suppression and Laplace-noised differentially private 

aggregates. On held-out test data, the best ID-level model (T-learner with logistic regression) achieves a 

Qini coefficient of 6.675 and improves the estimated policy conversion rate when targeting the top 20% by 

predicted uplift. Cohort-only estimation retains a weaker, higher-variance signal; its point estimate is 

sensitive to privacy settings but provides uncertainty intervals with 0.892 empirical coverage for a nominal 

95% cohort-level interval. Overall, the results show that (i) causal lift remains estimable under randomized 

experiments without identifiers, (ii) robust meta-learners offer strong performance and fast scoring, and 

(iii) aggregation and privacy noise introduce a quantifiable accuracy–privacy trade-off. 

 

Keywords: Cookieless Measurement, Incrementality, Uplift Modeling, Heterogeneous Treatment Effects, 

Differential Privacy. 

 

I. INTRODUCTION 

Incrementality—the causal effect of an advertising intervention relative to a counterfactual 

without the intervention—is the core quantity needed for budget allocation, bidding, and 

experimentation-driven growth. In practice, many marketing organizations still rely on 

observational attribution (e.g., last-touch or multi-touch heuristics) because it is cheap to compute 

from event logs. Yet attribution is not incrementality: it answers ‘who was observed before a 

conversion,’ not ‘what would have happened without the intervention.’ When campaigns affect 

user behavior and measurement itself is selective, attribution can be systematically biased. 

Randomized controlled trials (RCTs) remain the clearest path to credible incrementality (Kohavi 

et al., 2009; Rubin, 1974). While the motivating application is advertising measurement, the core 

contribution of this manuscript is methodological—privacy-aware data processing, AI/ML-based 
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causal estimation, and uncertainty-aware interpretation for aggregated measurement pipelines—

rather than marketing strategy or business analytics per se. 

Modern measurement faces a structural shift: cross-site identifiers and third-party cookies are 

restricted, while platform APIs increasingly return aggregated or delayed reports designed to 

protect user privacy (Apple, 2021; Google, 2025). In these settings, the measurement pipeline 

becomes ‘cookieless’: analysts may not be able to match impressions to conversions at the person 

level. Instead, they must work with cohorts, summary statistics, and weak signals. A practical 

consequence is that common monitoring questions—‘did campaign A cause incremental 

conversions?’ and ‘which audiences should we target?’—must be answered with less granular 

data. 

Two technical challenges follow: first, lift estimation must remain statistically stable even when 

the analyst only observes aggregated outcomes and covariates. Aggregation reduces variance by 

pooling but also removes information needed for personalization. Second, uncertainty must be 

quantified; without reliable uncertainty bands (Sun et al., 2024), lift estimates become brittle 

inputs to decision systems. This is especially important when measurement APIs apply privacy 

mechanisms that introduce additional randomness. Uplift modeling—originally developed for 

targeted marketing—directly addresses these challenges by estimating heterogeneous treatment 

effects (HTEs) or individual treatment effects (ITEs) (Lo, 2002; Radcliffe, 2007). If the 

experiment assignment mechanism is known, uplift models can rank cohorts or individuals by 

expected incremental impact. The question is whether this approach remains reliable when 

identifiers are unavailable, and privacy constraints (e.g., k-anonymity, differential privacy) affect 

the data available for modeling. 

Cookieless measurement is not only a data engineering constraint but also a statistical one. When 

only aggregated counts are observable, the analyst’s estimand must be carefully defined, and the 

evaluation protocol must respect the reporting mechanism. For example, both Apple’s 

SKAdNetwork and the Privacy Sandbox Attribution Reporting API expose conversion signals 

through aggregation and/or noise, limiting event-level linkage (Apple, n.d.; Google, 2025). This 

motivates two complementary goals: (i) design estimators that remain meaningful under 

aggregation and noise, and (ii) build diagnostics that quantify the accuracy–privacy trade-off so 

that practitioners can choose privacy parameters intentionally rather than implicitly. 

This paper presents a reproducible empirical study of cookieless incrementality evaluation using 

a publicly available randomized marketing dataset. We use the MineThatData (Hillstrom) E-Mail 

Analytics Challenge dataset, which contains 64,000 customers randomly assigned to receive 

either a men’s e-mail campaign, a women’s e-mail campaign, or no e-mail (Hillstrom, 2008; 
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sklift, 2021). We collapse the two treatment arms into a single binary treatment (‘any e-mail’) and 

evaluate multiple ITE estimators. We then simulate cookieless measurement by restricting the 

analyst to cohort-level aggregates and applying privacy constraints: (i) k-anonymity thresholds 

that suppress small cohorts and (ii) differentially private Laplace noise added to cohort counts 

(Dwork et al., 2006; Sweeney, 2002). We report performance using uplift-specific metrics (Qini 

and AUUC) and off-policy policy value estimation using inverse propensity weighting (Radcliffe 

& Surry, 2011). 

The empirical findings show a clear separation between ID-level ITE estimation and cohort-only 

estimation. The best ID-level approach in our experiments, a T-learner with logistic regression, 

achieves a Qini coefficient of 6.675 and the highest policy conversion rate among the methods 

compared. Doubly robust learning yields comparable Qini while scoring orders of magnitude 

faster, reflecting its appeal for production systems that require low-latency ranking. Cookieless 

cohort estimation is substantially noisier; nevertheless, Bayesian shrinkage and explicit 

uncertainty reporting provide a principled way to monitor degradation as privacy constraints 

intensify. These results support a pragmatic recommendation: when individual identifiers are 

absent, invest in experiment design, stable cohort definitions, and robust estimators with 

transparent uncertainty rather than relying on deterministic point estimates. 

In summary, the paper makes three concrete contributions. (1) We provide a full experimental 

comparison of widely used uplift/CATE learners on a public randomized marketing dataset, 

including ranking metrics, policy value, and computational cost. (2) We operationalize a 

cookieless evaluation protocol that restricts the analyst to cohort-level aggregates and explicitly 

models privacy mechanisms (k-anonymity suppression and Laplace-noised differential privacy). 

(3) We quantify uncertainty in both ID-level and cookieless settings using bootstrap and Bayesian 

intervals, and we validate interval calibration empirically on a held-out split. 

The remainder of the manuscript reviews related work on uplift modeling, causal inference, and 

privacy-preserving measurement; describes the dataset, models, and evaluation metrics; reports 

experimental results with detailed tables and figures; and concludes with practical 

recommendations for cookieless incrementality workflows. 

II. LITERATURE REVIEW 

Causal inference for incrementality is commonly framed through the potential outcomes model, 

where each unit has a potential outcome under treatment and control, and the causal effect is 

defined as their difference (Rubin, 1974). In online and marketing contexts, controlled 

experiments are widely viewed as the most credible approach to identifying causal effects, and 

practical guidance emphasizes randomization, guardrail metrics, and careful power analysis 

https://issn.brin.go.id/terbit/detail/20220817090639854
https://issn.brin.go.id/terbit/detail/20220817110629833
https://jtie.stekom.ac.id/index.php/jtie/index


 
 
 
 

   

Privacy-Robust Incrementality Estimation … 

 

20      Journal of Technology Informatics and Engineering (JTIE), Vol. 5 No. 1, April 2026 
 
 
 
 

(Kohavi et al., 2009). When randomization is infeasible, observational causal inference methods 

rely on assumptions such as ignorability and are typically more fragile (Hernán & Robins, 2020; 

Imbens & Rubin, 2015; Pearl, 2009). 

From a decision-making perspective, incrementality problems can be formulated at multiple 

levels of granularity. The average treatment effect (ATE) summarizes the mean impact of 

treatment across the population, while the conditional average treatment effect (CATE) and 

individual treatment effect (ITE) describe how the impact varies with covariates. In marketing, 

this heterogeneity matters because budgets are constrained: an optimal policy may treat only units 

for which the expected lift exceeds the cost. The conceptual foundation is the same: for each unit 

𝑖with covariates 𝐗𝑖, treatment 𝑇𝑖 ∈ {0,1}, and outcome 𝑌𝑖, the causal effect is defined as 𝑌𝑖(1) −

𝑌𝑖(0), which is not directly observable for any single unit. Identification, therefore, relies on 

assumptions such as randomized assignment (in our experiments) or unconfoundedness together 

with overlap (in observational settings) (Imbens & Rubin, 2015; Hernán & Robins, 2020). 

Practical complications include interference (one user’s treatment affecting another’s outcome) 

and noncompliance, which can be particularly relevant in advertising, where auctions and 

frequency capping can couple outcomes across users (Pearl, 2009). 

Uplift modeling (Shirakawa et al., 2024) extends the causal framing from average treatment 

effects to heterogeneous treatment effects (HTEs), enabling targeting policies that treat only those 

units expected to respond positively. Early work in marketing introduced ‘true lift’ models and 

highlighted the need for control groups to estimate incremental response (Lo, 2002; Radcliffe, 

2007). Subsequent research developed specialized learners such as uplift trees and ensemble 

methods, and provided surveys of algorithmic families and evaluation practices (Devriendt et al., 

2018; Gutierrez & Gérardy, 2017; Rzepakowski & Jaroszewicz, 2012). 

A line of work focuses on tree-based and ensemble learners that directly optimize splitting criteria 

for treatment-effect heterogeneity. Uplift trees extend decision tree induction by selecting splits 

that maximize estimated uplift rather than classification purity, and have been adapted to multiple 

treatments and continuous outcomes (Rzepakowski & Jaroszewicz, 2012). In the broader causal 

machine learning literature, causal forests and generalized random forests provide nonparametric 

estimators of CATE that are asymptotically normal under regularity conditions (Athey et al., 

2019; H. Jamaludin et al., 2024; Wager & Athey, 2018). These methods are attractive when 

interactions are complex, but they typically require more data and careful tuning; in privacy-

constrained settings, the variance introduced by noise and aggregation can interact with high-

capacity learners in nontrivial ways. 
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A major modern thread connects uplift modeling to the machine learning literature on conditional 

average treatment effects (CATEs). Meta-learners formalize how to leverage supervised learning 

algorithms for treatment effect estimation: S-learners model outcomes as a function of covariates 

and treatment; T-learners fit separate models for each treatment arm; X-learners improve 

performance under treatment imbalance by imputing unit-level effects and re-learning them; and 

R-learners reduce bias by residualizing outcomes and treatment (Künzel et al., 2019; Nie & 

Wager, 2021). Doubly robust (DR) estimators combine outcome models and propensity models 

and retain consistency if either nuisance model is correctly specified, which is valuable in 

practical settings with model mis-specification risk (Bang & Robins, 2005; Chernozhukov et al., 

2018). 

Doubly robust and debiased machine learning frameworks explicitly decompose the estimation 

task into nuisance functions and a target parameter of interest. In the context of conditional 

average treatment effect (CATE) estimation, the nuisance components comprise the outcome 

regression functions 𝜇𝑡(𝐗) = 𝔼[𝑌 ∣ 𝑇 = 𝑡, 𝐗]and the propensity score 𝑒(𝐗) = ℙ(𝑇 = 1 ∣ 𝐗). To 

reduce overfitting-induced bias, cross-fitting and sample-splitting procedures are employed, 

ensuring that nuisance function estimates are evaluated on data not used during their training 

phase (Chernozhukov et al., 2018). Although the Hillstrom dataset is randomized (so e(X) is 

constant in expectation), the doubly robust perspective remains useful for cookieless settings 

because measurement systems can induce missingness, selection, or differential reporting that 

effectively behaves like a non-random observation process. 

Evaluating uplift models (Zhang, 2025) differs from standard classification because the 

counterfactual outcome for each individual is unobserved. Ranking-based metrics summarize 

how well a model concentrates incremental gain among the top-scored units. The Qini curve and 

Qini coefficient, inspired by the Gini coefficient, are widely used and can be computed from 

randomized data by scaling control outcomes (Zhang, 2024) to the treated sample size (Radcliffe 

& Surry, 2011). Practical uplift evaluation also emphasizes policy value—the expected outcome 

under a targeting policy—often estimated using inverse propensity weighting or doubly robust 

off-policy estimators when the policy differs from the randomized assignment (Künzel et al., 

2019). 

Policy evaluation (Zhang, 2023) is especially important for incrementality because real decisions 

are policy-based: advertisers decide who to target, how often, and at what cost. When an 

evaluation policy differs from the logging policy (e.g., randomized assignment), off-policy 

estimators such as Inverse Propensity Scoring (IPS) and doubly robust estimators provide 

unbiased or low-bias estimates of policy value under standard assumptions (Künzel et al., 2019; 
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Hernán & Robins, 2020). In this paper, we use IPS with known randomization probability to 

estimate the expected conversion rate under targeting policies defined by predicted uplift 

rankings. 

The cookieless shift introduces an additional dimension: privacy constraints affect what data can 

be observed and released. Privacy-preserving measurement systems increasingly provide 

aggregated and/or noisy reports; examples include Apple’s SKAdNetwork for mobile app 

attribution and the Privacy Sandbox Attribution Reporting API for web measurement (Apple, 

n.d.; Google, 2025). From a data analysis perspective, this resembles an aggregation-and-noise 

mechanism applied to conversions, exposures, or other events. Classical privacy models include 

k-anonymity, which requires that each released record be indistinguishable from at least k 

individuals, and differential privacy (DP), which bounds the effect that any individual can have 

on the released output distribution (Dwork & Roth, 2014; Sweeney, 2002). A core implication is 

an accuracy–privacy trade-off: more privacy implies less precise measurement. 

Differential privacy formalizes privacy as a property of a randomized algorithm: for neighboring 

datasets differing by a single individual, the output distributions are close up to a multiplicative 

factor exp(ε) (and optionally an additive δ). The Laplace mechanism achieves ε-differential 

privacy for numeric queries with bounded sensitivity by adding Laplace noise whose scale is 

proportional to the sensitivity divided by ε (Dwork et al., 2006; Dwork & Roth, 2014). In 

aggregate conversion reporting, sensitivity is often one (a single user can contribute at most one 

conversion), making Laplace-noised counts a natural abstraction. However, composition over 

many reports and post-processing steps can reduce effective accuracy, motivating empirical 

studies of robustness like the one conducted here. 

Uncertainty quantification is therefore integral to cookieless incrementality. For scalar effects 

such as average treatment effects, frequentist confidence intervals based on asymptotic normality 

or bootstrap resampling are standard. For cohort-level conversion rates, Bayesian beta–binomial 

models provide analytically tractable posterior uncertainty, while bootstrapping can quantify the 

variability of ranking metrics such as Qini under repeated sampling (Efron & Tibshirani, 1994; 

Hernán & Robins, 2020). For cohort-level conversion rates, Bayesian beta–binomial models 

provide analytically tractable posterior uncertainty; for treatment-effect differences, posterior 

sampling can propagate uncertainty into uplift intervals. Bootstrapping can quantify the 

variability of ranking metrics such as Qini across repeated samples, which is important because 

ranking metrics are nonlinear functionals of the data and can be sensitive to small changes. Recent 

work has also emphasized the role of uncertainty in uplift in practical targeting, particularly under 

limited data and noise (Radcliffe & Surry, 2011). In privacy-preserving measurement, reporting 
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noise introduces an additional source of uncertainty that must be distinguished from sampling 

variability. 

III. RESEARCH METHOD 

Figure 1 summarizes the end-to-end evaluation pipeline used in this study, connecting the 

randomized experiment to both ID-level uplift modeling and cookieless, privacy-preserving 

cohort evaluation. 

 
Figure 1. End-to-End Pipeline for ID-Level and Cookieless Uplift Evaluation 

A. Dataset and task formulation 

We use the MineThatData (Hillstrom) E-Mail Analytics Challenge dataset, which contains 64,000 

customers who purchased within the last 12 months and were randomly assigned to one of three 

groups: Men’s E-Mail, Women’s E-Mail, or No E-Mail (Hillstrom, 2008; sklift, n.d.). We define 

the binary treatment indicator T as 1 for Men's E-Mail or Women's E-Mail and 0 for No E-Mail. 

The primary outcome Y is conversion (binary). We report visit and spend statistics for 

completeness, but use conversion as the uplift target. 

B. Binary treatment definition 

The original experiment contains two active treatments (Mens E-Mail and Womens E-Mail). In 

many cookieless advertising measurement systems, reporting is available only for a coarse 

treatment notion (e.g., ‘campaign on’ vs ‘campaign off’), so we collapse the two e-mail arms into 

a single treatment. This yields a treatment-assignment probability of approximately 2/3 in the full 

dataset (Table 2). We retain the original segment label for descriptive analysis (Figure 2) to verify 

that both e-mail variants outperform the no-e-mail control in average conversion rate. This 

simplification necessarily discards potential treatment-effect heterogeneity between men's and 

women's creative variants; we therefore interpret the results as the incremental effect of ‘any e-

mail’ relative to no e-mail, and treat the loss of arm-specific heterogeneity as a methodological 

limitation. 

C. Train/test protocol and software 
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We perform a single 70/30 train–test split stratified by the binary treatment indicator (random 

seed 42). All reported ranking metrics and policy values are computed on the held-out test split 

and therefore reflect out-of-sample performance. We implemented the experiments in Python 

(Python 3.11) using pandas for data handling and scikit-learn (Pedregosa et al., 2011) for model 

training (logistic regression and ridge regression). The use of a fixed random seed, explicit 

hyperparameters (Table 6), and saved artifacts (tables and figures) ensures that the reported results 

are fully reproducible. 

D. Experimental design and estimand 

The original dataset is a three-arm randomized experiment. We focus on the binary estimand that 

compares sending any promotional e-mail with not sending any e-mail. This choice is motivated 

by cookieless measurement, in which treatments are often collapsed into an ‘exposed’ indicator 

when precise creative/placement attribution is unavailable. Collapsing two treatment arms 

increases the treated sample size and yields a stable estimate of the incremental effect of e-mail 

contact, while still preserving meaningful heterogeneity because customer covariates (e.g., 

purchase history and browsing channel) vary widely. In Table 2, each arm contains tens of 

thousands of customers, enabling both average- and heterogeneous-effect estimation. 

E. Implementation details and reproducibility 

We split the dataset into 70% training and 30% testing using stratification by the binary treatment 

indicator and a fixed random seed (seed=42). All reported results are computed on the held-out 

test split. Model training and evaluation were implemented in Python using pandas for data 

processing and scikit-learn (Pedregosa et al., 2011) for logistic and ridge regression. Because the 

data arise from randomized assignment, the treatment propensity is known; we use the empirical 

treatment rate in the training split as the propensity in policy evaluation and in doubly robust 

pseudo-outcomes. 

Table 1. Hillstrom Dataset Schema Used in This Study 
column dtype role 

recency int64 feature 

history_segment object feature 

history float64 feature 

mens int64 feature 

womens int64 feature 

zip_code object feature 

newbie int64 feature 

channel object feature 

segment object treatment 

visit int64 outcome 

conversion int64 outcome 

spend float64 outcome 
 

Table 2. Descriptive Statistics by Original Experimental Segment (Full Dataset) 
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segment n visit_rate conversion_rate avg_spend 

Mens E-Mail 21307 0.182757 0.012531 1.422617 

No E-Mail 21306 0.106167 0.005726 0.652789 

Womens E-Mail 21387 0.1514 0.008837 1.077202 
 

 
Figure 2. Conversion Rate by Original Experimental Segment 

Table 3. Aggregated Outcomes for Binary Treatment (Any E-Mail vs No E-Mail) 

group n conversion_rate visit_rate avg_spend 

Control (No E-Mail) 21306 0.005726 0.106167 0.652789 

Treatment (Any E-Mail) 42694 0.010681 0.167049 1.249585 
 

Table 4. Average Treatment Effect (ATE) on Conversion with 95% Confidence Interval 

metric estimate ci_95_low ci_95_high treat_rate control_rate n_treat n_control 

ATE 

(conversion 

rate 

difference) 

0.004955 0.003548 0.006361 0.010681 0.005726 42694 21306 

 

F. Preprocessing and feature representation 

We one-hot encode categorical variables (zip_code, channel, and history_segment) and keep 

numeric/binary variables (recency, history, mens, womens, newbie). All features are standardized 

using the training split statistics. This results in a compact tabular representation suitable for linear 

ITE estimators. 

G. Cookieless simulation 

To emulate an environment without stable person-level identifiers, we restrict the analyst to 

cohort-level aggregates. Cohorts are defined by coarsening continuous variables into quantile bins 

and combining them with discrete attributes (zip_code, channel, history_segment, newbie). 

Importantly, the quantile cutpoints are computed on the training split and reused on the test split 

to create a stable cohort taxonomy. This mirrors real privacy-preserving measurement systems 
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that report only aggregated statistics keyed by a finite set of dimensions, where continuous 

attributes must be bucketed.  

Table 5. Feature Encoding Summary (After One-Hot Encoding) 

feature_group count 

numeric 5 

categorical 3 

one_hot_total 13 

total_features 18 

We use quantile binning to keep cohorts reasonably balanced, which reduces extreme variance in 

rate estimates and increases the likelihood that cohorts meet minimum cell-size constraints. 

Cohort granularity is a tunable design choice: coarser cohorting increases statistical stability but 

reduces heterogeneity, while finer cohorting increases resolution but may be more frequently 

suppressed (k-anonymity) or dominated by noise (DP). For each cohort and treatment arm, we 

compute only the counts (n, y), where n is the number of users and y is the number of conversions. 

Individual-level models are not allowed access to row-level outcomes in this cookieless variant. 

H. Privacy constraints 

We evaluate two privacy mechanisms: (1) k-anonymity, where we suppress cohorts whose total 

sample size falls below k_min; this mimics reporting systems that enforce minimum aggregation 

thresholds to reduce re-identification risk (Sweeney, 2002). (2) Differential privacy: we add 

Laplace noise to cohort exposure and conversion counts and then compute conversion rates from 

the noisy counts. We assume each individual contributes at most 1 to each released count, so the 

L1 sensitivity of each count query is 1, and the Laplace scale is 1/ε. This emulates privacy-

preserving aggregate reporting, in which outputs are perturbed by noise calibrated to a privacy 

budget ε (Dwork et al., 2006; Dwork & Roth, 2014). For simplicity, ε is treated as a per-count 

budget, and we intentionally abstract away composition across multiple released counts, so ε 

should be interpreted as controlling per-report noise magnitude in our simulation. In each privacy 

setting, we fit cohort-only estimators on the privatized training aggregates and evaluate them on 

the privatized test aggregates. Table 6 summarizes the privacy mechanisms and the stress-test 

parameters. 

I. ITE models 

We compare six ID-level ITE estimators and two cohort-only estimators. The ID-level estimators 

are: (i) S-learner with logistic regression and explicit interaction terms; (ii) T-learner with separate 

logistic regressions for treated and control; (iii) X-learner using logistic regression outcome 

models and ridge regression effect models; (iv) DR-learner using an augmented inverse 

propensity weighted (AIPW) pseudo-outcome and ridge regression; (v) R-learner using 

residualized outcomes/treatments and ridge regression; and (vi) transformed-outcome regression, 
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which is unbiased under randomized treatment assignment. The cohort-only estimators are: (vii) 

cohort raw difference-in-means; and (viii) cohort Bayesian shrinkage using independent beta–

binomial posteriors per arm. 

J. Model details (ID-level) 

The S-learner fits a single outcome model μ(X,T) and then computes the uplift as μ(X,1)−μ(X,0). 

We implement μ using L2-regularized logistic regression and explicitly include interaction terms 

T×X, so that the linear model can capture heterogeneous treatment effects rather than only a 

global shift. The T-learner fits two separate logistic regressions, μ_1(X)=P(Y=1|T=1,X) and 

μ_0(X)=P(Y=1|T=0,X), and predicts uplift as μ_1(X)−μ_0(X). In randomized marketing data, T-

learners often perform well as baselines because they can capture different covariate–outcome 

relationships across arms without imposing additivity. 

The X-learner improves upon S- and T-learners under treatment imbalance by borrowing 

information across treatment arms through imputation (Künzel et al., 2019). We first estimate the 

outcome regressions 𝜇0(X)and 𝜇1(X), and subsequently construct imputed unit-level treatment 

effects. For treated units, the imputed effect is defined as 𝐷1 = 𝑌 − 𝜇0(X); for control units, 𝐷0 =

𝜇1(X) − 𝑌. Regression models are then fitted to approximate 𝜏1(X) ≈ 𝔼[𝐷1 ∣ X, 𝑇 = 1]and 

𝜏0(X) ≈ 𝔼[𝐷0 ∣ X, 𝑇 = 0], implemented using ridge regression. The final CATE estimator is 

obtained as 𝜏(X) = (1 − 𝑒)𝜏0(X) + 𝑒 𝜏1(X), where 𝑒denotes the (known) treatment propensity. 

In our setting, the binary treatment aggregates two treatment arms, yielding a propensity of 

approximately 2/3. Although the assignment is randomized, this moderate imbalance renders the 

X-learner particularly appropriate. 

K. Model details (robust learners) 

The DR-learner constructs a doubly robust pseudo-outcome based on the augmented inverse 

propensity weighting (AIPW) identity  (Bang & Robins, 2005). Given outcome models 𝜇𝑡(X)and 

propensity score 𝑒(𝐗), the corresponding pseudo-outcome is defined as shown in Equation (1). 

𝜙(X, 𝑇, 𝑌) = 𝜇1(X) − 𝜇0(X) +
𝑇

𝑒(X)
(𝑌 − 𝜇1(X)) −

1 − 𝑇

1 − 𝑒(X)
(𝑌 − 𝜇0(X)) (1) 

We regress 𝜙(X, 𝑇, 𝑌)on Xusing ridge regression to obtain a regularized CATE estimator. The R-

learner adopts a related orthogonalization strategy by residualizing both outcomes and treatment, 

and estimating 𝜏(X)through minimization of (Equation 2): 

∑(

𝑖

𝑌𝑖 − 𝜇(X𝑖) − (𝑇𝑖 − 𝑒(X𝑖)) 𝜏(X𝑖))2                                                                                    (2) 
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which, in our linear specification, reduces to a weighted regression problem (Nie & Wager, 2021). 

In randomized experiments, both DR- and R-learners exploit the known propensity score to 

improve statistical efficiency and mitigate bias. Importantly, these formulations extend naturally 

to observational settings in which treatment propensities vary due to selection mechanisms or 

reporting processes. 

L. Cookieless cohort estimators 

For cohort-level estimation, we restrict the analysis to aggregate statistics, namely counts 

(𝑛1
, 𝑦1)and (𝑛0

, 𝑦0)corresponding to treated and control units within each cohort. The naive 

cohort uplift is computed as 𝑦1/𝑛1 − 𝑦0/𝑛0. Because raw differences are unstable when sample 

sizes are small, we additionally implement a Bayesian shrinkage estimator based on independent 

beta–binomial posteriors for each treatment arm. Assuming a Beta(1,1)prior, the posterior 

distribution of the treated conversion rate is Beta(1 + 𝑦1, 1 + 𝑛1 − 𝑦1), with an analogous 

expression for the control group. Cohort uplift is estimated as the posterior mean difference, and 

95% credible intervals are obtained via posterior simulation (4,000 draws). 

Table 6. Experimental Setup and Model Hyperparameters 

Component Setting 

Train/test split 70% train / 30% test (stratified by treatment) 

Random seed 42 

Outcome conversion (binary) 

Treatment Any E-Mail vs No E-Mail 

Base outcome model (classification) LogisticRegression(solver='lbfgs', max_iter=1000) 

Outcome model regularization L2, C=1.0 

Ridge stages (X-/DR-/R-learners) Ridge(alpha=1.0) 

Propensity score Constant e = P(T=1) estimated from training split 

Cohort binning (recency) 5 quantile bins computed on training and reused on test 

Cohort binning (history) 5 quantile bins computed on training and reused on test 

Cohort prior Beta(1,1) per arm 

Cohort posterior MC draws 4000 samples 

Bootstrap resamples 200 

DP noise Laplace noise added to cohort counts; scale=1/epsilon 

k-anonymity thresholds k in {5,10,20,50} 

This framework reflects the constraints of privacy-preserving aggregate reporting systems, which 

typically disclose only noisy summary counts. Under such conditions, inference requires explicit 

regularization and uncertainty quantification, rather than reliance on high-capacity individual-

level predictive models. 

M. Evaluation metrics 

We report (a) the Qini coefficient and (b) the area under the uplift curve (AUUC) to evaluate 

ranking quality, following standard uplift practice (Radcliffe & Surry, 2011). We also estimate 

the policy value: the expected conversion rate if we treat only the top p fraction of customers 

ranked by predicted uplift, estimated on randomized test data using inverse propensity weighting. 
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Finally, we report train and scoring runtimes to capture computational feasibility. In applied 

settings, the absolute scale of Qini depends on the sample size and base conversion rate, so we 

interpret Qini differences primarily in relative terms and in conjunction with downstream policy 

value lifts and their uncertainty intervals (Table 7–Table 9). 

a. Ranking metrics (Qini/AUUC) 

Let 𝑖index test customers, and let 𝑦̂𝑖denote the predicted uplift score. Customers 

are ranked in descending order of 𝑦̂𝑖, yielding prefixes of size 𝑘. For each prefix, 

Radcliffe’s incremental conversions are computed as Equation 3. 

Inc(𝑘) = 𝑌1(𝑘) − 𝑌0(𝑘) ⋅
𝑁1(𝑘)

𝑁0(𝑘)
                  (3) 

where 𝑁𝑡(𝑘)denotes the number of treated (𝑡 = 1) or control (𝑡 = 0) customers within 

the prefix, and 𝑌𝑡(𝑘)is the corresponding number of observed conversions. The scaling 

factor 𝑁1(𝑘)/𝑁0(𝑘)adjusts for imbalance in treatment and control sample sizes. The Qini 

curve plots Inc(𝑘)against the population share 𝑘/𝑛. The Qini coefficient is defined as the 

area between the model-specific Qini curve and the random-targeting baseline, 

represented by the line segment from (0, 0)to (1, Inc(𝑛)). The area under the uplift curve 

(AUUC) corresponds to the unnormalized area under the Qini curve. In our 

implementation, the curve is evaluated at 100 equally spaced quantiles to stabilize 

numerical computation and to ensure consistency with standard uplift evaluation 

dashboards. 

b. Policy value estimation 

A ranking metric is meaningful only to the extent that it improves decision-

making. We therefore estimate the conversion rate achieved u, open paren dot, close 

paren that assigns treatment to the top p fraction of customers based on predicted uplift 

and withholds treatment from the remainder. For cohort-only estimators, individual 

customers inherit their cohort-level score, so the policy reduces to 𝜋𝑝(𝐶). Because the 

test data arise from randomized assignment with known propensity 𝑒 ≈ ℙ(𝑇 = 1), the 

counterfactual policy value can be estimated using inverse propensity scoring (IPS) 

(Equation 4): 

𝑉(𝜋𝑝) =
1

𝑛
∑ [

𝜋𝑝,𝑖𝑇𝑖𝑌𝑖

𝑒
+

(1 − 𝜋𝑝,𝑖)(1 − 𝑇𝑖)𝑌𝑖

1 − 𝑒
]

𝑖

          (4) 
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Under randomized assignment with positivity ( 0 < 𝑒 < 1) and standard consistency and 

no-interference assumptions, this estimator is unbiased and requires only that the 

propensity score is known (or consistently estimated). We report 𝑉(𝜋𝑝)for 𝑝 = 0.2and 

𝑝 = 0.5in Table 7, and present the full policy value curve as a function of 𝑝in Figure 4. 

IV. RESULT 

A. Main experimental results 

Table 7 reports the primary comparison across all models on the held-out test set. Figure 3 

visualizes the Qini curves, and Figure 4 shows the policy value curves over targeting fractions. 

Table 7. Main Model Comparison on the Hillstrom Test Split (Qini, AUUC, and Policy 

Values) 

model qini auuc 
policy_value_20p

ct 

policy_value_50p

ct 

train_secon

ds 

score_secon

ds 

T-learner 

(LR) 

6.67471

5 

35.59774

4 
0.008363 0.00961 3.178047 0.19722 

X-learner 

(LR+Ridge) 

5.99981

7 

34.92284

5 
0.007894 0.00961 5.394361 0.102158 

DR-learner 

(AIPW+Ridg

e) 

5.80673

4 

34.72976

3 
0.007816 0.009688 2.00346 0.002562 

R-learner 

(LR+Ridge) 

5.51330

9 

34.43633

7 
0.007973 0.009688 3.40293 0.002526 

S-learner 

(LR+int) 
4.72604 

33.64906

9 
0.008285 0.009297 2.402423 0.103157 

Transformed 

outcome 

(Ridge) 

4.55991

3 

33.48294

2 
0.007582 0.00961 0.079304 0.099448 

Random 
2.43751

8 

31.36054

7 
0.007582 0.009298 0 0 

Cohort-Bayes 

(k>=10) 

-

0.28664

6 

28.63638

3 
0.006488 0.009296 0 0 

Zero 

-

0.40746

2 

28.51556

6 
0.00727 0.008516 0 0 

Cohort-raw 

(diff-in-

means) 

-

2.84413

5 

26.07889

4 
0.006644 0.008672 0 0 
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Figure 3. Qini Curves on the Hillstrom Test Split 

 
Figure 4. Estimated Policy Conversion Rate as a Function of Targeting Fraction 

In our controlled experiment setting, ID-level ITE estimation clearly outperforms cohort-only 

estimation. The T-learner (logistic regression) achieves the highest Qini (6.675) and the highest 

AUUC (35.598). DR-learner and X-learner perform comparably (Qini 5.807 and 6.000, 

respectively) and provide strong policy values. The cohort-only estimators perform close to (and 

sometimes worse than) random ranking, reflecting information loss from aggregation and the 

variance of small cohorts. Bayesian shrinkage improves over raw cohort differences in both Qini 

and AUUC, highlighting the value of regularization when only aggregates are available. 
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Interpreting policy values (Sun et al., 2023), Table 7 shows that, beyond ranking metrics, the best-

performing models also increase the estimated conversion rate under targeted treatment. For 

example, targeting the top 20% of customers by predicted uplift yields an estimated policy 

conversion rate of 0.00836 for the T-learner and 0.00789 for the X-learner, compared with 

0.00573 when nobody is treated (the No E-Mail conversion rate in Table 3). For context, the ~0.87 

Qini gap between the T-learner and DR-learner corresponds to an absolute difference of about 

0.00055 in policy conversion rate at p=0.2 in this dataset (Table 7). The absolute gains are modest 

because baseline conversion rates are low; however, in large-scale advertising and CRM systems, 

even a 0.0005–0.0010 absolute improvement can translate into meaningful incremental revenue 

when applied to millions of users. Importantly, these policy values are evaluated out-of-sample 

on randomized data with IPS, so they reflect causal, not merely correlational, improvements. 

Why do some meta-learners perform better? The strong performance of the T-learner and the 

X/DR learners is consistent with the structure of the Hillstrom data. The experiment randomizes 

treatment but allows the outcome model to differ across arms, which favors approaches that model 

treated and control responses separately or that explicitly correct residual bias through propensity 

weighting. By contrast, the S-learner uses a single parametric model with interactions; with linear 

features and limited interaction capacity, it can underfit complex heterogeneity. Transformed-

outcome regression is unbiased in expectation, but it can be highly variable because it reduces the 

problem to a single noisy regression target. These observations align with prior uplift evaluations 

that emphasize the benefits of flexible modeling and robust estimation (Devriendt et al., 2018; 

Gutierrez & Gérardy, 2017; Künzel et al., 2019). 

Table 8. Training and Scoring Runtime (Seconds) by Model 
model train_seconds score_seconds 

T-learner (LR) 3.178047 0.19722 

X-learner (LR+Ridge) 5.394361 0.102158 

DR-learner (AIPW+Ridge) 2.00346 0.002562 

R-learner (LR+Ridge) 3.40293 0.002526 

S-learner (LR+int) 2.402423 0.103157 

Transformed outcome (Ridge) 0.079304 0.099448 

Random 0 0 

Cohort-Bayes (k>=10) 0 0 

Zero 0 0 

Cohort-raw (diff-in-means) 0 0 
 

B. Uncertainty quantification 

We quantify the variability of ranking and policy metrics by bootstrapping the test set 200 times. 

Table 9 summarizes bootstrap means and 95% percentile intervals for representative models. 

Because Qini and AUUC are high-variance, non-linear functionals of the induced ranking, their 

bootstrap intervals can be wide and may cross zero; we therefore caution against over-interpreting 

small Qini differences that fall within these intervals. 
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Table 9. Bootstrap Uncertainty for Selected Models (200 Resamples) 

model qini_mean qini_ci_low qini_ci_high v20_mean v20_ci_low v20_ci_high 

X-learner 

(LR+Ridge) 
5.811872 -3.865685 15.335766 0.007684 0.006055 0.009343 

DR-learner 

(AIPW+Ridge) 
5.609519 -4.154505 15.182892 0.007654 0.006014 0.009507 

Cohort-Bayes 

(k>=10) 
0.307838 -10.987316 10.86788 0.006405 0.004764 0.008209 

 

C. Privacy robustness experiments 

We evaluate how cookieless cohort estimation changes as privacy constraints intensify. Table 10 

and Figure 5 vary the minimum cell size k, while Table 11 and Figure 6 vary the differential 

privacy budget ε. 

Table 10. K-Anonymity Robustness for Cohort Bayesian Estimation 
k_min qini auuc 

5 -3.376921 25.546108 

10 -0.286646 28.636383 

20 -1.997854 26.925175 

50 -4.222149 24.700879 
 

 
Figure 5. AUUC versus K-Anonymity Threshold (Cohort Bayesian Method) 

 

Table 11. Differential Privacy Robustness for Cohort Bayesian Estimation 

epsilon qini auuc 

0.5 -4.794921 24.128107 

1 -7.252234 21.670795 

2 -7.336603 21.586426 

4 -1.455195 27.467833 

8 -0.054437 28.868591 
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Figure 6. AUUC versus Privacy Budget ε (Cohort Bayesian Method) 

The robustness results demonstrate an explicit accuracy–privacy trade-off. Increasing k 

suppresses more cohorts, reducing targeting resolution and eventually degrading AUUC. Adding 

stronger DP noise (smaller ε) also reduces AUUC; as ε increases, the noise decreases and 

performance approaches the baseline of the non-noised cohort. 

D. Cohort-level uncertainty intervals 

Beyond point estimates, the cohort Bayesian model produces posterior credible intervals for the 

uplift (difference in conversion rates). Figure 7 shows the top cohorts (by absolute estimated 

uplift) and their 95% posterior intervals. 

 



    
 

Journal of Technology Informatics and Engineering (JTIE) 
Vol. 5 No. 1 April 2026 

E-ISSN: 2961-9068; P-ISSN: 2961-8215, Pages 17-38 

Journal Link: https://jtie.stekom.ac.id/index.php/jtie/index  

 

Figure 7. Posterior Uplift Intervals for Top Cohorts (Training Aggregates) 

Table 12. Empirical Coverage and Average Width of 95% Cohort Uplift Intervals 

n_cohorts_evaluated coverage_95 avg_interval_width 

231 0.891775 0.1287 
 

E. Interval validation 

To validate whether the reported cohort intervals are calibrated, we compare each cohort’s 

training-posterior interval with an independent estimate of uplift computed on the test split. 

Across 231 evaluable cohorts, the nominal 95% interval covers the test uplift 0.892 of the time, 

with an average interval width of 0.129 (Table 12). This empirical coverage is below 0.95, 

indicating under-coverage (intervals that are too narrow), consistent with the fact that the simple 

beta–binomial model assumes independent Bernoulli outcomes and does not account for cohort 

definition selection, cohort-level overdispersion, or privacy noise. For monitoring dashboards, 

these intervals may still be useful as approximate uncertainty bands. However, for decision-

making or automated gating one should consider interval-widening strategies (e.g., more 

conservative or hierarchical/overdispersed models, posterior predictive checks, or empirical 

calibration/inflation of interval widths to achieve nominal coverage). 

V. CONCLUSION AND RECOMMENDATION 

This paper studied incrementality estimation in cookieless settings using uplift/ITE models under 

privacy constraints. Using the Hillstrom randomized e-mail experiment, we conducted full 

experimental evaluations of multiple ITE estimators and cohort-only cookieless estimators. The 

randomized design supports clear identification of incrementality: sending an e-mail campaign 

increases conversion by 0.00495 (95% CI [0.00355, 0.00636]). 

Among ID-level methods, meta-learners provide strong ranking quality, with the T-learner 

(logistic regression) achieving the best Qini and AUUC. Doubly robust learning performs 

competitively and scores extremely quickly, making it a strong default for production uplift 

scoring when model monitoring is in place. Cohort-only estimation—representing a cookieless 

measurement regime—shows a weaker signal and is sensitive to k-anonymity suppression and 

DP noise, but Bayesian shrinkage and explicit uncertainty reporting mitigate instability. 

Based on the results, we make three recommendations for practitioners operating in cookieless 

environments. First, prioritize experimental design and measurement infrastructure that preserves 

randomization whenever possible; without randomization, privacy-driven aggregation can 

substantially increase the risk of bias. Second, favor robust ITE estimators (e.g., doubly robust 

learners) and report uncertainty, not only point estimates. Bootstrap intervals for policy value and 
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Bayesian intervals for cohort lift provide complementary views of uncertainty and can be used as 

monitoring signals. Third, treat privacy parameters as first-class knobs in the measurement 

system: choose k thresholds and ε budgets based on explicit accuracy targets, and continuously 

validate downstream decisions against uncertainty-aware metrics. 
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