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ABSTRACT

This paper compares the performance of several established
causal inference estimators in measuring conversion related
metrics for advertising measurement applications. Conver-
sion lift measurement in advertising industry presents unique
challenges due to complex data collection process, potential
data losses, and complex customer behaviors leading up to
conversion. Case studies with both simulated and real-world
data demonstrated that doubly robust estimators outper-
form regression adjustment estimators in variance reduction
for ad measurement use-cases. To further understand the re-
sults, we examine the impact of data loss on variance reduc-
tion by the estimators and find that the relationship between
data loss and variance reduction performance varies by the
estimators. Doubly robust estimators could effectively man-
age complex relationships introduced by data loss, maintain-
ing superior performance over the difference-in-means and
regression adjustment estimator in terms of precision under
various circumstances. We provide computational cost per-
spectives as practical considerations for implementing dou-
bly robust estimators in advertising measurement business
solutions.

1 Introduction

Accurately measuring the impact of placing advertisement
in online platform industry, often referred to as advertising
measurement, is a challenging but one of the most impor-
tant tasks for customer behavior understanding. In partic-
ular, measurement reporting for conversion count and vol-
ume metrics provides critical guidance on business decisions
for optimizing marketing directions based on user under-
standing. Such measurement process encompasses multi-
ple phases of execution including holdout experiments, data
collection, and inferential analysis. Each of these stages
has potential to introduce unwanted uncertainty into the
data, thereby introducing challenges for the inference [12;
2]. Holdout experiments can suffer from compliance issues
meaning that customers may not actually impress the ads
even if they are assigned to treatment group. Customer be-
haviors related to conversions are inherently complex and
sparse since in general customers convert occasionally after
a number of non-linear interactions. For privacy concerns
and data sharing agreement limitations, data loss can oc-
cur limiting the observability of outcome metrics. These

factors increase the complexity of treatment effect estima-
tion and can potentially decrease the power of experiments.
Extending duration of the holdout experiments to account
for power incurs opportunity cost for advertisers, as holdout
experiments withhold advertisements to control users, lim-
iting the reach to high-potential customers within campaign
period.

This work aligns with a number of literature and researches
on ways to improve the power and sensitivity of controlled
randomized experiments [10; 3; 5; 9; 15]. Such effort is
commonly referred as variance reduction techniques, which
leverage covariates that explain the variability unrelated to
treatment from outcomes to reduce variance of the outcome
metrics of interest. This is the area of active investigation
and interests as it can decrease the costs of running ex-
periments and extract insights from otherwise inconclusive
experimental results. However, there is limited research on
variance reduction techniques under the context of adver-
tising measurement with causal inference estimators. Lit-
erature in advertising measurement mainly discusses causal
inference approach to measure impact of advertising with
observational data [4; 7; 13]. We apply causal estimators to
holdout experimental settings to evaluate their performance
in terms of precision within the unique context of the ad
measurement industry, which includes data loss. This work
extends existing variance reduction causal inference litera-
ture into advertising measurement domain by exploring the
opportunities at the intersection of variance reduction in ad
measurement research. It aims to inform practitioners in
advertising industry who want to improve the sensitivity of
their measurement reporting with practical considerations.

The remainder of the paper are organized as follows. Section
2 introduces four established estimators for inferential anal-
ysis on holdout experiments in ad measurement use-cases.
In section 3, we compare the performance of the estimators
with case studies and performs empirical analysis with both
real-world and simulated data. We conclude the paper with
the discussion on production adoption and business impact
considerations while implementing the method in practice.

2 Estimators for advertising measurement

This section introduces the formal definitions of estimators
that will be compared in case studies to empirically analyze
their performance in the context of conversion advertising
measurement. A randomized controlled trial (RCT), also
referred to as online randomized experiment, is an industry-
standard measure for measuring incrementality of advertis-



ing without confoundings. To formally denote the experi-
mental settings, we denote a treatment as T, outcome as
Y, covariate as X, and one instance of experimental data
points with . Historical data we observe provide scientists
with a set of data for each instance (73, Yi, X;), where
X is a set of covariate vectors that are presumed to be
closely related with Y according to empirical evidence. Un-
der controlled randomized experimentation, (Y;(0), Y;(1))
L T; holds. Sometimes experiment experiences opportunis-
tic imbalance due to experiment quality issues, but we can
assume (Y;(0), Y;(1)) L T3] X;.

2.1 Difference-in-Means estimator

The difference-in-means estimator (DIM) is a traditional
statistical approach that calculate delta between average
outcome of treatment and control groups. This provides
information on the significant differences between the teams
of two populations.
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, where Y goup is for users that belong to a particular group
(treatment or control) and defined as ﬁ Zj coroup Yi fOT

outcome of interest y for individuals from control and treat-
ment groups.

2.2 Regression adjustment estimator

Leveraging unit-level covariates in post-experiment inferen-
tial stage is known to enhance the precision and efficiency of
causal estimates. A traditional method for adjusting treat-
ment effect with covariates is ordinary least square (OLS)
regression adjustment (RA). This approach has been studied
in various literatures and known for its ability to asymptot-
ically improve the precision of estimators [15; 11; 9; 14; 17].
This work examines two model specifications for regression
adjustment estimators and the only difference between the
two models is the inclusion of interaction terms between the
treatment and covariates.
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The literature demonstrated that (3) yields better statistical
properties [15]. For both of model specifications, the average
treatment effect is estimated by solving the regular OLS
optimization process to determine model parameter 7.

2.3 Doubly Robust Estimator

Doubly robust (DR) estimator is a causal inference approach
to estimate the treatment effect in a doubly robust man-
ner [6; 1]. The robustness comes from incorporating two
modeling approaches in calculating estimators, which are
propensity score model and outcome model. DR estimators
have desirable statistical properties of consistency and effi-
ciency. As long as either of the propensity score model or
the outcome model is correctly specified, the doubly robust
estimator yields a consistent estimator. Thus, subtle mis-
specification of either of the outcome and propensity model
does not affect the treatment effect estimation. Such dou-
ble (or dual) robustness characteristics increase the chances
that the estimator has minimal population risk in practi-
cal applications. When both models are correctly speci-
fied, the doubly robust estimator can account for available

covariates’ into the model and achieves the resulting low-
est possible variance. As the methodology can accommo-
date various machine learning models with regularization,
it can handle high-dimensional covariates with both non-
parametric and parametric functions to account for complex
relationships among various factors. To formally introduce
DR estimator, the potential outcome under treatment as-
signment of ¢ for unit 4 is formulated with outcome model
fe(z) = E[Y(T = t)|]X = z] and propensity score model
p(t,x) = E[T =t|X = x] as
p(t, @)

With the provided potential outcome, treatment effect func-
tion ¢ can be estimated with the following minimization

process, which can be customized to account for effect het-
erogeneity as needed.

argming y_(Yi(1) = Yi(0) — ¢(X))* (5)
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To obtain ¢ through this optimization process, nuisance pa-
rameters such as f (outcome model) and p (propensity score
model) are estimated from the data using machine learning
techniques. For the analysis of empirical results, we selected
random forest models for both f and p, which is tuned us-
ing 4-fold cross validation processes on the entire dataset to
effectively capture sparse conversion data. As advertisers
are most interested in average impact of the advertisement,
we estimate average treatment effect assuming the effect ho-
mogeneity across population. Thus, for the analysis for the
following case studies, ¢(X) is reduced to a simple estima-
tion with a + 77; that measures homogeneous treatment
effects in this analysis.

To maintain the consistency of the inference process across
various estimators, we construct the analytical confidence
interval for all estimators with OLS parameter 7, coefficient
of treatment assignment variable T;. Based on the asymp-
totic normality of 7, we construct Wald 95% confidence in-
terval, which is a traditional approach for regression anal-
ysis. More detailed explanation of calculating confidence
interval from OLS optimization can be found in [16].

3 Empirical results with case studies

This section utilizes causal estimators introduced in pre-
vious section under the context of controlled randomized
experimentation to understand the variance reduction per-
formance of the estimators introduced. For this analysis,
both real-user data from pinterest conversion lift studies and
simulated data are used to understand the impact of various
environmental factors in variance reduction performance un-
der advertising measurement context. This analysis adopts
three evaluation metrics: the first assesses the level of vari-
ance reduction, the second measures the coverage proba-
bility of the confidence interval when ground truth value is
available, and the third quantifies the deviation between true
and estimated effects at point-estimate level. The second
and third metrics are calculated exclusively when ground
truth treatment effects are available, as in the case of sim-
ulated data. The level of variance reduction is measured
against the relative confidence interval ratio of 3 estimators
against of difference in means estimator, which is baseline
measurement solutions in industry. All confidence interval



is calculated at a 95% of significance level.
VRest = Clest/CIDII\/I (6)

The coverage percentage metrics indicate the proportion of
confidence intervals, each obtained from iteration of simu-
lated data, that includes the treatment effect within their
lower and upper bound.
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The mean squared error (MSE) metric represents the aver-
aged of squared error, which is the delta between ground
truth and calculated treatment effect from the estimators.

Cov%est =

N

MSEest = Z(fj - Tj)2 (8)

j=1

We assess the performance of four estimators AT Eprar (dif-
ference in mean), ATEga(s) (OLS adjustment without in-
teraction), ATEga (OLS adjustment with interaction),
ATEpr (doubly robust estimator) utilizing three perfor-
mance metrics in the remainder of sections.

3.1 Pinterest conversion lift (PCL) case studies

Pinterest conversion lift (PCL) study quantifies the value of
placing advertisements on the Pinterest platform for various
lower-funnel performance advertisements. This quantifica-
tion includes a wide range of customer conversion-related
engagement following exposure of performance ads in Pin-
terest, allowing advertisers to measure and optimize cam-
paign performance. One of the goals of PCL study is to
provide advertisers with sufficient statistical power, so that
the study delivers maximum value to advertisers with accu-
rate and actionable insights within their campaign budget
constraints. This aims to minimize the number of studies
yielding inconclusive results attributing from the high vari-
ability of outcome metrics. This case study compares the
estimators aiming to decrease variability of outcome met-
rics unrelated to the treatment of the holdout experiment
to increase statistical power of the experiment.

Table 1: Quantitative summary of the performance of the
estimators for outcome metrics from PCL studies. (‘Change
in stat sig rate’ column displays the difference in statistical
significance rate between the DIM estimator and the selected
estimator of interest.)

07
Outcome Avg % o
Reduction in Reduction in Reduction in . .angfe' §
Variance (DR) | Variance (RA(3)) | Variance (RA(4)) m sltjtte S8
Metric 1 7.6% 0.06% 0.06% 3.0%
Metric 2 9.8% 0.19% 0.21% 6.9%
Metric 3 13.1% 0.05% 0.06% 11.2%

To evaluate the variance reduction performance, we com-
pared the confidence interval using variance reduction met-
rics with difference-in-means estimator as the baseline model;
PCL currently utilizes difference in means estimators follow-
ing the holdout experiment data collection. Treatment effect
estimates yielded from various estimators based on selected
historical PCL’s experimental data. These experiments are
randomly selected from delivered studies to advertisers dat-
ing back as early as 2023 July. The advertisers selected for

this study represent a diverse set of industries, including but
not limited to online retail, telecom services, finance, etc.
Experiment data is collected from various regions, including
North and South America, as well as the EU.

For each of experiment, three types of outcome metrics are
considered, which are denoted as metric 1, 2, 3, anonymized
to maintain the confidentiality of sensitive internal data.
Due to the unkown ground truth treatment effect, we solely
focused on comparing variance reduction metrics and did not
calculate coverage probability or mean squared error (MSE)
metrics for the performance measurement. However, it is im-
portant to note that the estimated treatment effects across
different estimators are generally consistent, exhibiting mi-
nor variations and largely overlapping confidence intervals.
The performance metrics indicate relative measures to com-
pare the level of variance reduction relative to difference-
in-means estimator. Experimental outcome metric names
are anonymized and absolute values of performance metrics
are not shown to maintain the confidentiality of sensitive
internal data. For the estimation of the treatment effect
and confidence interval, we utilized holdout experiment data
from historical PCL studies and a number of covariates are
collected by summarizing various information of individual
user activities on Pinterest platform prior to the experiment
start date.
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Figure 1: Box plots for variance reduction performance com-
parisons. This plot compares the percentage of variance
reduction across metrics 1, 2, and 3 for the estimators in-
troduced in section 2. Each group of box plots represents
the performance of each estimator; within each group, three
boxes correspond to metrics 1, 2, and 3, respectively. The
vertical axis displays the percentage of reduction in vari-
ance, providing a visual representation of the distribution of
reduction across selected PCL studies.

For almost all experimental cases selected, DR estimator
consistently outperformed regression adjustment estimators
in Fig.1 and TABLE 1, demonstrating its effectiveness in
accounting for variability orthogonal to the experimental
treatment under complex data structures.

For the doubly robust estimator, the percentage reduction in
variance is consistently higher across all three metrics. This
indicates a reliable performance in reducing variance under
various circumstances, leading to the greatest increase in the
statistical significance rate. Subtle differences in the level of
percentage reduction are explained by metric types; metrics
involving volumes tend to have higher variance due to the
larger values associated with data. In contrast, metrics such
as counts, which involve smaller integer values, typically ex-
hibit lower variance. The doubly robust estimator is more



effective at reducing variability in metrics with larger vol-
umes and higher inherent variability compared to those with
lower activity and smaller numerical values. Interestingly,
regression adjustment was ineffective in reducing variance
and increasing the statistical significance rate. These esti-
mators utilize linear models, which may have limitations in
capturing the complex nature of user behaviors and advertis-
ing conversion data, leading to lower statistical significance
in measuring treatment effects. We deep dive into such dy-
namics with simulated data in the next subsection.

3.2 Simulated data case studies

To assess the performance of the estimators for the pur-
pose of advertising measurement, we generated simulated
data with constant and homogeneous treatment effect across
units of observation. Treatment assignment is randomized
without confounding, while outcomes are influenced by both
treatment effect based on assignment status and other ran-
domly generated covariates. For the simulated data, we
adopt a data generating process (DGP) in [8] to account
for complex non-linear relationship between outcome and
various factors as in real experimental set-up. This DGP
exhibits varying fluctuation and smoothness across multi-
dimensional variables included in the formulation. Each it-
eration of simulation randomly generates data of size N =
100, 000 units and this process is repeated 5,000 times to as-
sess their average performance. To account for unique data
collection process in ad measurement scenario, we randomly
mask outcome data under the scenario of varying level of
data loss. The following information describes the variables
used to generate simulated data and to estimate treatment
effects:

Table 2: Coverage %, Variance Ratio, and Mean Squared
Error for different estimators

DR | RA(3) | RA(4) | DIM
Cov % | 94.72% | 94.64% | 94.45% | 94.52%
VR 15.0 1.5 11.6 I
MSE | 0.024 | 0025 | 0.025 | 0.028
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Figure 2: Comparison of percentage variance reduction for
various estimators versus difference in means estimator

e Y;: denotes the outcome variable for the i-th instance.
Outcome, which is affected by both four covariates and
treatment.

e T;: denotes the treatment variable for the i-th in-
stance. Under holdout experimental set-up, treatment

assignment mechanism is randomized. Thus, treat-
ment is simulated with Bernoulli distribution as T; ~
Bernoulli(1/2)

e X;;: denotes the j-th covariates for the i-th instance.
All covariates follow independent and identically dis-
tributed normal distributions with mean zero and vari-
ance one. We generated 100 covariates and only 4 of
them are used for DGP process, while rest of 96 covari-
ates are unrelated to outcome. All of 100 covariates
are included in the treatment effect estimation process.

e 7;: represents the injected treatment effect which we
adjust to account for random data loss when calculat-
ing the ground truth effect that we aim to estimate
in this case study. For each of simulation data gen-
eration, 7; ~ Uniform(0.5,1.5) to validate the model
performance under various conditions.

e m,;: represents the observability rate for the outcome
Yi. Given the data loss is common in collecting conver-
sion labels in ad measurement industry, we randomly
mask some portion of data at a rate of 1 — m,;, where
m; ~ Uniform(0.7,0.95)

e [;: represents the indicator variable for each unit to
decide its outcome loss status. I; ~ Bernoulli(m;)
and I; is used to mask outcome Y; to be zero. I; =
0 induces the scenario of outcome data loss for i-th
instance.

e ¢ : represents normally distributed random noise with
mean zero and variance one ~ N(0,1)

With the notations defined, the outcome of interest is for-
mulated to reflect complex relationship adopted from [8]:

Yixl; = 7T+
exp (sin (0.9 (Xa + 0.48)10)) + (9)
(Xi2 - Xi3) + Xia+ €

Fig.2 compares the percentage of variance reduction for var-
ious estimators compared to difference-in-means estimator.
The vertical axis displays the percentage of reduction in
variance, informing the distribution of reduction achieved
by each estimator for simulated data under various data
loss. The simulation study confirmed again that DR esti-
mator consistently outperforms regression adjustment esti-
mator for variance reduction. Quantitative comparisons of
the performance of estimators are in TABLE 2. DR estima-
tor also enhances the precision of metrics decreasing mean
squared errors.

We further deep dive into the variance reduction perfor-
mance of each estimator by the observability rate, which
mimic various data loss scenario unique to ad measurement
data. The purpose is to understand the relation between
data loss and variance reduction performance to identify
more appropriate estimators under ad measurement use-
cases. The simulation analysis suggests that the regres-
sion adjustment models’ variance reduction performance de-
creases as data loss increases. This results explain the PCL
case study where we found that regression adjustment anal-
ysis was not able to further reduce the variance compared
to DIM estimator.
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Figure 3: Scatter plots that compare the confidence intervals
across estimators by outcome observability and treatment
effect size

Fig.3 compares the confidence interval calculated from four
different estimators by the various level of outcome observ-
ability and treatment effect size. Scatter plots from four esti-
mators show that as outcome observability grows, regression
adjustment based estimator’s confidence interval starting to
overlap with DIM estimator’s, while doubly robust estima-
tor maintains its relative advantage.

4 Conclusions

In this paper, we compared several established estimators in
the causal inference literature, particularly focusing on their
performance for advertising measurement purposes. Adver-
tising measurement presents unique challenges due to the
complexities involved in data collection, subsequent data
losses, and the intricate relationships across various fac-
tors within the data. Owur case studies, which included
both simulated and real-world data, demonstrated that dou-
bly robust estimators outperform regression adjustment es-
timators in variance reduction while maintaining coverage
probability and reducing the error in point estimates. We
also identified the impact of data loss on variance reduction
through simulation studies. By examining the relationship
between the proportion of data loss and relative variance
reduction performance, we observed that as the data loss
percentage increases, the regression adjustment model de-
crease its variance reduction performance trending toward
the level of difference in means estimator, while the doubly
robust estimator maintains its superiority in variance reduc-
tion. Machine learning models used in doubly robust esti-
mators could better handle unexpected intricate relation-
ships introduced into the data due to data loss, compared
to regression adjustment-based estimators. Doubly robust
estimators are also well-known for their ability to provide
robust estimates under mis-specifications of either outcome
or propensity score models. In complex non-linear datasets
with stochastic factors, the properties of doubly robust es-
timator improves the precision of inference results.

The inference process of online experiments often involves
massive data volumes and training machine learning models
on sizeable data can pose challenges due to computational
costs. While cross-fitting could further reduce bias, it may
introduce challenges due to massive data size, operational
costs, and data sparsity. By adopting cross-validation pro-
cess in model training, we prevent over-fitting of ML models
utilized for outcomes and propensity score models, thereby
minimizing potential bias issues due to over-fitting. To fur-
ther mitigate cost related challenges, one can also consider
a two-tiered services to leverage high variance reduction so-
lutions when necessary. With this approach, we offer the
practical perspectives of the measurement solution, balanc-
ing variance reduction performance against costs and scala-
bility considerations.
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