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Abstract
We present a production hierarchical Bayesian framework for esti-
mating heterogeneous treatment effects in large-scale online adver-
tising experiments. By jointly modeling campaign-level effects and
cross-campaign heterogeneity, it addresses a limitation of inverse-
variance weighting, the standard meta-analytic baseline, which
becomes unstable in such challenging regimes. Across simulations
spanning a range of effect sizes and heterogeneity levels, the ap-
proach delivers more reliable inference under high heterogeneity
while matching or improving estimation accuracy overall. We fur-
ther demonstrate its practical value in a production demand-side
platform handling over 5 million requests per second, integrating it
with sequential testing and evaluating it across three experiments
covering over 35,000 campaigns from 3,000 advertisers.
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• Information systems→ Online advertising; Recommender
systems; • Mathematics of computing → Bayesian computation.
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1 Introduction
Performance advertising has shifted from click-based to conversion-
based objectives, making conversion rate (CVR) and cost per acqui-
sition (CPA) central metrics in modern advertising systems [9]. Yet
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interpreting experiments built around these metrics is notoriously
difficult. Conversions are sparse and diverse, ranging from low-
intent page visits to high-value purchases. This diversity inflates
the variance of observed CPAs and introduces genuine heterogene-
ity in treatment effects across campaigns, driven by differences in
targeting, creatives, and auction dynamics [4].

Despite its practical importance, the academic literature on CPA
experimentation remains thin. Existing approaches typically treat
all conversions as equivalent or report results at coarse aggregation
levels such as advertiser vertical. A notable exception is the meta-
analytical framework of [12], which estimates the overall treatment
effect on return on investment (ROI) by treating each campaign as
an independent experimental unit—a natural choice, since goals
and targeting are defined at the campaign level. Campaign-level
effects are then aggregated using inverse-variance weighting (IVW)
to account for uncertainty and cross-campaign diversity.

We build on this line of work but focus on the count-based nature
of CPA rather than ROI. A well-known limitation of IVW in this
setting is its instability under high effect heterogeneity and sparse
conversion counts—precisely the regime in which conversion exper-
iments operate [2, 13]. That is why we turn to Hierarchical Bayesian
models, which naturally accommodate heterogeneity and remain
stable under sparse counts. Although such models and Bayesian
testing are well-established in statistics [3], to our knowledge, they
have not been combined for aggregating treatment effects in on-
line advertising experiments. We close this gap with a framework
designed for production-scale deployment:

• We adapt Bayesianmodeling to CPA experimentation, jointly
modeling campaign-level effects and cross-campaign vari-
ability through a hierarchical model that remains robust
under sparse conversions and strong effect heterogeneity.

• We operationalize the framework within a Bayesian sequen-
tial testing pipeline based on highest density intervals (HDIs)
and regions of practical equivalence (ROPE), enabling prac-
tical early-stopping decisions in production.

• The framework is running in production on a large-scale
demand-side platform (DSP) spanning over 35,000 campaigns
and more than 3,000 advertisers, driving high-stakes deci-
sions on platform-widemodel rollouts.We validate it through
calibrated simulations and demonstrate it on three case stud-
ies: an A/A validation, a CVR model rollout, and a creative
retrieval model rollout.
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2 Background and framework formulation
We introduce a statistical framework for analyzing online experi-
ments conducted across multiple advertising campaigns. The frame-
work formalizes how treatment effects are estimated at the cam-
paign level and subsequently aggregated using meta-analytic prin-
ciples, explicitly accounting for uncertainty and cross-campaign
heterogeneity.

2.1 Data and basic definitions
A typical dataset in our setup, D, obtained from A/B tests consists
of𝑚 advertisers running a total of 𝑛 campaigns. Each campaign 𝑖 is
evaluated under two variants: control ( 𝑗 = 0) and treatment ( 𝑗 = 1).
For each variant, we observe campaign spend, 𝑠𝑖 𝑗 , and the number
of conversions, 𝑐𝑖 𝑗 .

A commonly used performancemetric, indicating the campaign’s
success, is CPA, expressed as CPA𝑖 𝑗 = 𝑠𝑖 𝑗/𝑐𝑖 𝑗 . For statistical model-
ing, it is more convenient to work with its inverse, the conversion
intensity (CVI). Under a Poisson model with spend as an offset, its
maximum-likelihood estimate is CPA−1

𝑖 𝑗 = 𝑐𝑖 𝑗/𝑠𝑖 𝑗 .

2.2 Inverse-variance weighting
Following [12], we treat each campaign as an independent exper-
imental unit. For each campaign 𝑖 , the treatment effect is the log
rate ratio between treatment and control, with a continuity correc-
tion [5] of 0.5 added to each count to handle zeros:

𝜃𝑖 = log
(
(𝑐𝑖1 + 0.5)/𝑠𝑖1
(𝑐𝑖0 + 0.5)/𝑠𝑖0

)
, SE𝑖 =

√︂
1

𝑐𝑖0 + 0.5
+ 1
𝑐𝑖1 + 0.5

. (1)

The log transformation ensures symmetry between multiplicative
gains and losses, and stabilizes variance. The standard error follows
from the Poisson assumption with spend treated as a fixed offset.

As a baseline, we use IVW, a standard meta-analytic approach.
The global treatment effect is estimated as

𝜃 =

∑𝑛
𝑖=1𝑤𝑖 𝜃𝑖∑𝑛
𝑖=1𝑤𝑖

, 𝑤𝑖 =
1
SE2𝑖

, (2)

assigning greater influence to campaigns with lower estimation
uncertainty, which here corresponds to campaigns with higher
conversion counts.

To account for treatment effect heterogeneity, we adopt a random-
effects IVW formulation in which the campaign-level true effects
are drawn from a common distribution,

𝜃𝑖 ∼ Normal(𝜃, 𝜏2), 𝜃𝑖 | 𝜃𝑖 ∼ Normal(𝜃𝑖 , SE2𝑖 ), (3)

implying the marginal 𝜃𝑖 ∼ Normal(𝜃, SE2𝑖 + 𝜏2) and updated
weights

𝑤𝑖 =
1

SE2𝑖 + 𝜏2
, (4)

where 𝜏 is estimated using the Paule–Mandel method [10], a stan-
dard method-of-moments estimator for the between-study variance
in random-effects meta-analysis.

3 Methods
We propose a Bayesian alternative to IVW. Rather than aggregating
per-campaign point estimates, we fit a single hierarchical model
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Figure 1: Plate diagram of the HBM. Unshaded circles are
latent variables, shaded circles are observed, the diamond is
a deterministic node, and bare symbols are fixed constants.

jointly across all campaigns, and use the resulting posterior over
the global treatment effect for sequential testing.

3.1 Hierarchical Bayesian model
We model conversions across all campaigns jointly using a hierar-
chical Bayesian model (HBM) based on Poisson regression, summa-
rized as a plate diagram in Figure 1. The full specification proceeds
in three layers: a likelihood linking observed conversions to latent
rates, priors over campaign-level parameters, and hyperpriors over
the population-level parameters.

Likelihood. For each campaign 𝑖 and variant 𝑗 ∈ {0, 1}, the ob-
served conversion count 𝑐𝑖 𝑗 follows a Poisson distribution with
mean 𝜆𝑖 𝑗 , as in [1]:

𝑐𝑖 𝑗 ∼ Poisson(𝜆𝑖 𝑗 ), log(𝜆𝑖 𝑗 ) = 𝛼𝑖 + 𝜃𝑖𝑧𝑖 𝑗 + log(𝑠𝑖 𝑗 ), (5)

where 𝑧𝑖 𝑗 ∈ {0, 1} is the treatment indicator and log(𝑠𝑖 𝑗 ) is a Poisson
offset representing exposure. The campaign-level parameters have
a direct interpretation: 𝛼𝑖 is the log CVI on the control variant, and
𝜃𝑖 is the log rate ratio between treatment and control.

The model assumes conditionally Poisson conversion counts.
In practice, advertising conversions may exhibit overdispersion
or zero inflation due to unmodeled campaign dynamics. However,
modeling spend as an offset mitigates part of this variability by
normalizing conversion counts relative to campaign scale. The
Poisson likelihood is further justified empirically in Section 4.2.3.

Priors. Campaign-level parameters are drawn from population-
level distributions,

𝛼𝑖 ∼ Normal(𝜇, 𝜎2), 𝜃𝑖 ∼ Normal(𝜃, 𝜏2). (6)

Here 𝜇 is the average log CVI on the control variant across cam-
paigns, and 𝜃 is the average log rate ratio between treatment and
control—the global treatment effect. The scale parameters 𝜎 and 𝜏
govern between-campaign heterogeneity, with 𝜎 controlling the
spread of baseline CVIs and 𝜏 controlling the spread of treatment
effects. This induces partial pooling: campaigns with many con-
versions contribute precise information to the posteriors of the
population parameters, while low-volume campaigns are shrunk
toward the population mean by an amount that depends on their
individual uncertainty.
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Hyperpriors. The population-level parameters receive weakly
informative hyperpriors following [11]:

𝜇 ∼ Normal(𝑚𝜇 , 𝑠
2
𝜇), 𝜎 ∼ HalfNormal(ℎ𝜎 ),

𝜃 ∼ Normal(𝑚𝜃 , 𝑠
2
𝜃
), 𝜏 ∼ HalfNormal(ℎ𝜏 ),

(7)

where𝑚𝜇 , 𝑠𝜇 , ℎ𝜎 ,𝑚𝜃 , 𝑠𝜃 , ℎ𝜏 are fixed constants. This additional layer
lets the data determine both the global effect and the degree of
pooling, while the weakly informative form ensures the priors
do not dominate the posterior. The selection of the constants is
described in Section 4.1.5.

The hierarchical model differs qualitatively from IVW: while
IVW produces a weighted average of fixed per-campaign point
estimates 𝜃𝑖 , HBM jointly estimates the per-campaign effects and
the population distribution they are drawn from, with information
flowing in both directions. The global treatment effect 𝜃 and the
between-campaign heterogeneity 𝜏 are recovered directly from the
posterior. In particular, 𝜏 is a parameter of the model rather than a
fixed point estimate, so uncertainty in heterogeneity is propagated
into the posterior of 𝜃 .

3.2 Sequential testing
Sequential testing integrates naturally with Bayesian posterior up-
dating, allowing the treatment-effect posterior to be recomputed
incrementally as new data arrive. We adopt the decision procedure
from [8], based on the HDI of the posterior and a ROPE. The ROPE,
denoted [−𝛿, 𝛿], is a range of values of 𝜃 considered operationally
indistinguishable from the null hypothesis.

The choice of 𝛿 is domain-specific and discussed in Section 4.1.4.
Anchored to the aggregate A/A noise floor, 𝛿 is stable and largely
insensitive to campaign mix in large-scale experiments spanning
many advertisers, but for narrow breakdowns (e.g., a single adver-
tiser vertical) the noise floor differs, so 𝛿 must be recalibrated per
breakdown rather than borrowed across experiment types.

Unlike alternatives such as mSPRT [7] or Bayes factors [3], this
procedure expresses decisions in units of 𝜃 and separates statisti-
cal detection from practical significance. It lacks formal optional-
stopping guarantees, but Section 4.1.4 shows empirically that the
false-decision rate stays controlled under hourly monitoring over a
one-week horizon.

At each monitoring time (e.g., hourly), we compare the 1 − 𝛼

HDI of the posterior of 𝜃 against the ROPE and take one of three
actions, the first two of which are early-stopping criteria:

• Declare an effect if the HDI lies entirely outside the ROPE.
• Declare practical equivalence if the HDI lies entirely
within the ROPE.

• Continue if the HDI overlaps the ROPE boundary.

The monitoring procedure terminates as soon as the first or second
condition is met. To prevent indefinite running when the poste-
rior concentrates inside neither region, we additionally apply a
precision-stopping criterion: we stop when the HDI width falls be-
low a threshold𝑤max, whose selection is discussed in Section 5.1. At
that point, the interval is precise but overlaps the ROPE boundary,
so neither conclusion is justified, and further data are unlikely to
resolve the ambiguity.

Table 1: Data-generating process parameters and their values
used in offline experiments. Distribution families are indi-
cated in parentheses when not specified in the text.

Symbol Description Value

𝑚 Number of advertisers 3,000
𝜆𝑐 Campaigns per advertiser (1 + Poisson) 9
𝜇𝑐 , 𝜎𝑐 CPA mean, std. (LogNormal) 50, 20
𝜎𝑤 Within-advertiser CPA spread (Normal) 5
𝜇𝑠 , 𝜎𝑠 Spend mean, std. (LogNormal) 160, 200
𝜙 Dispersion parameter 120

𝜃★ Treatment effect mean 0 / 1.5𝛿 / 2𝛿 / 3𝛿
𝜏★ Treatment effect heterogeneity 1𝛿 / . . . / 10𝛿

4 Offline experiments
Our offline evaluation considers two representative scenarios de-
signed to reflect common challenges in practice: small effect sizes
and high effect heterogeneity.

4.1 Setup
4.1.1 Data-generating process and calibration. To benchmark meth-
ods against ground truth, we simulate datasets that mirror the
structure of production A/B tests and produce data with a known
global treatment effect 𝜃★ and treatment effect heterogeneity 𝜏★.
The data-generating process (DGP) draws advertisers, campaigns
within advertisers, and conversion counts within campaigns.

For each advertiser, we sample the number of campaigns and
an advertiser-level CPA. Then, within each campaign, we sample
campaign-level CPA𝑖 , spend 𝑠𝑖 (equal for control and treatment
variants), and treatment effect 𝜃★𝑖 ∼ Normal(𝜃★, 𝜏★2). The specific
distributions and values are listed in Table 1. Conversion counts
are then drawn as

𝑐𝑖 𝑗 ∼ NegBin2(𝜆𝑖 𝑗 , 𝜙), log(𝜆𝑖 𝑗 ) = 𝛼★𝑖 + 𝜃★𝑖 𝑧𝑖 𝑗 + log(𝑠𝑖 ), (8)

where 𝛼★𝑖 = −log(CPA𝑖 ) is the log baseline CVI and 𝑧𝑖 𝑗 ∈ {0, 1} is
the treatment indicator. We sample from NegBin2 to allow simu-
lated counts to exhibit overdispersion relative to the Poisson in-
ference model, with 𝜙 > 0 controlling overdispersion through the
variance relation Var(𝑐𝑖 𝑗 ) = 𝜆𝑖 𝑗 + 𝜆2𝑖 𝑗/𝜙 .

The advertiser–campaign hierarchy in the DGP also induces
within-advertiser dependence between campaigns, which the infer-
ence model does not explicitly account for. Together, the NegBin2
sampling and the advertiser hierarchy ensure that the DGP departs
from the inference model along practically relevant dimensions,
allowing us to assess robustness under realistic misspecification.
We calibrated the DGP to five days of production data; the resulting
parameters, slightly shifted to avoid disclosing production figures,
appear in Table 1.

4.1.2 Evaluation protocol. We compare HBM with IVW on type I
error, power, interval coverage, and point-estimate accuracy (bias
and RMSE of 𝜃 ), all at nominal 𝛼 = 5%.

To evaluate type I error and power consistently, each method
needs a decision rule for declaring a positive effect. For IVWwe use
a one-sided test based on the asymptotic normality of the estimator,
rejecting when the 𝑝-value falls below 𝛼 . For HBM we declare a
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positive effect when 𝑃 (𝜃 > 0 | D) > 1 − 𝛼 , the Bayesian one-sided
analogue at the same nominal level.

We benchmark against IVW because it is a standard production
baseline for aggregating campaign-level effects in online advertising
experimentation [12], making it the most natural point of compar-
ison for a hierarchical alternative like ours. More sophisticated
alternatives, including generalized linear mixed models (GLMMs),
are left for future work.

4.1.3 Implementation. All methods are implemented in Python.
We provide a custom package1 that covers the full experimental
pipeline—data simulation, model fitting, and evaluation—to ensure
reproducibility and to enable application to proprietary datasets.

For IVW, the between-campaign heterogeneity 𝜏 is estimated via
the Paule–Mandel method [10], using the meta-analysis utilities in
statsmodels. HBM is implemented in PyMC and fit using its built-in
No-U-Turn Sampler (NUTS) [6] with 4 chains, 5,000 warm-up itera-
tions, and 3,000 posterior samples per chain at a target acceptance
rate of 0.95. We chose these settings based on preliminary exper-
iments to ensure reliable convergence. All reported runs passed
standard convergence diagnostics for 𝜇, 𝜎 , 𝜃 , and 𝜏 .

Inference for a typical hourly snapshot involving approximately
30,000 campaigns completed within 7–9 minutes on 4 CPU cores.
Scaling is not strictly linear in the number of campaigns, but it
remains feasible; we observed 45–52 minutes at 100,000 campaigns
on the same hardware. At larger scales, variational inference or
stochastic-gradient HMC offer approximate alternatives.

4.1.4 Reference scale calibration. We report effects in units of a
reference scale 𝛿 , calibrated a priori from a set of historical week-
long A/A tests run on our production DSP prior to the experiments
analyzed in this paper. Specifically, 𝛿 is set to 1.2× the maximum
absolute 95% HDI endpoint observed across these A/A tests. We set
the 1.2 multiplier in consultation with product stakeholders, bal-
ancing conservativeness with the smallest practically meaningful
effect. Anchoring results to 𝛿 makes them directly interpretable for
experiment-design decisions.

We verified this choice empirically. Across 200 simulated week-
long runs with hourly monitoring, the rate of false effect declara-
tions was 0.0% under the strict null (𝜃★ = 0) and 3.7% under the
practical null (𝜃★ = 0.9𝛿), both below the nominal 5% level.

Expressing effects in units of 𝛿 also makes the methodology
portable: 𝛿 can be recalibrated from any platform’s A/A history,
leaving hyperprior scales and decision thresholds unchanged.

4.1.5 Hyperpriors. The HBM hyperpriors are chosen to be weakly
informative on the 𝛿-based scale, allowing the data to dominate
while ruling out implausibly large effects. For the control-variant
log CVI, we set𝑚𝜇 to the historical mean log CVI observed on our
platform and use 𝑠𝜇 = 10𝛿 . For the global treatment effect, we use
𝑚𝜃 = 0 and 𝑠𝜃 = 5𝛿 , centering the prior at the null while remaining
wide enough to accommodate any practically relevant effect. The
heterogeneity scales receive half-normal priors with ℎ𝜎 , ℎ𝜏 = 10𝛿 .

Sensitivity checks varying 𝑠𝜇 , 𝑠𝜃 ∈ {5𝛿, 7.5𝛿, 10𝛿} and ℎ𝜎 , ℎ𝜏 ∈
{5𝛿, 10𝛿, 15𝛿} shifted posterior means of 𝜃 by less than 0.02𝛿 and
HDI widths by less than 2% across simulation settings, confirming
that inferences are insensitive to reasonable hyperprior variations.
1https://github.com/outbrain-inc/ab-tea-lab
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Figure 2: Type I error (top, 𝜃★ = 0) and power (bottom, 𝜃★ = 2𝛿)
as a function of treatment effect heterogeneity 𝜏★, over 200
replications. Shaded bands show ±1 standard error. Black
diamonds mark the 𝜏★ = 5𝛿 slice reported in Table 2. Dashed
lines indicate the nominal 𝛼 = 5% and the 80% power target.

4.2 Results
4.2.1 Effect sizes. Table 2 reports empirical measures across vari-
ous effect sizes at fixed heterogeneity 𝜏★ = 5𝛿 , a level representative
of what we typically observe in our production data. Results are
averaged over 200 simulation runs. Under the null, HBM controls
type I error near the nominal level (5.9% vs. 𝛼 = 5%), while IVW is
anti-conservative at 9.1%. This reflects the difficulty of estimating
𝜏★ from a single experiment with moment-based estimators such as
Paule–Mandel, where underestimating 𝜏★ shrinks standard errors
and inflates rejections [13]. HBM avoids this by jointly inferring 𝜃
and 𝜏 and propagating uncertainty through the posterior.

Power differences are within±2.2% across non-null settings, with
HBM being slightly ahead at 𝜃★ = 2𝛿 and IVW at 𝜃★ = 3𝛿 . These
IVW figures should be read alongside its inflated type I error: part of
its apparent sensitivity comes from a more permissive rejection rule
rather than genuine efficiency. Coverage is similar: both methods
are close to the nominal 95%, with HBM closer under the null.

HBM achieves lower RMSE than IVW at all effect sizes except
𝜃★ = 3𝛿 , with the largest gains at small and moderate effects—the
regime in which A/B tests typically operate. Bias differences are
more pronounced: IVW shows a positive bias of 0.32𝛿 under the
null and 0.18𝛿 at 𝜃★ = 1.5𝛿 , while HBM remains nearly unbiased
(≤ 0.09𝛿) throughout.

4.2.2 Effect heterogeneity. Figure 2 shows the most consequential
difference between the methods. Under the null, HBM holds type I
error at the nominal 5% across the full range of 𝜏★, while IVW
is well-calibrated only for 𝜏★ ≤ 4𝛿 and then deteriorates rapidly,
exceeding 35% at 𝜏★ = 10𝛿 . While 𝜏★ ≈ 5𝛿 is typical across our
broader production data, smaller and more diverse advertiser sub-
populations routinely exhibit substantially higher heterogeneity,
well into the range where IVW becomes unreliable.

The power panel mirrors this pattern. Both methods are close to
the 80% design target at 𝜏★ = 5𝛿 (HBM 80.3%, IVW 78.5%), but as 𝜏★
grows HBM remains stable while IVW power climbs above 95%—an
artifact of its inflated rejection rate. At low heterogeneity (𝜏★ ≤ 2𝛿),
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Table 2: Simulation results comparing IVW and HBM across different true treatment effects 𝜃★, at fixed heterogeneity 𝜏★ = 5𝛿 .
Testing performance is reported in percent, and point estimation in units of 𝛿 .

𝜃★ = 0 𝜃★ = 1.5𝛿 𝜃★ = 2𝛿 𝜃★ = 3𝛿

Measure IVW HBM IVW HBM IVW HBM IVW HBM

Type I error 9.10 5.90 – – – – – –
Power – – 67.00 66.30 78.50 80.30 97.70 95.50
Coverage 93.50 95.20 97.00 96.00 98.20 96.30 95.70 94.20

RMSE 0.92 0.84 0.94 0.82 0.81 0.75 0.79 0.84
Bias 0.32 0.02 0.18 0.02 −0.04 −0.02 −0.19 −0.09

IVW is mildly under-powered, suggesting it is also conservative
when 𝜏★ is small. In short, HBM provides reliable inference across
the full range of heterogeneity, while IVW’s validity is restricted to
low values of 𝜏★.

4.2.3 Robustness to overdispersion. The Poisson likelihood in Eq. 5
is less sensitive to overdispersion than one might expect, since
the spend offset regulates variance. Although we observe mild
overdispersion in practice, switching to NegBin2 on our calibrated
simulations shifted posterior means of 𝜃 by less than 0.02𝛿 and HDI
widths by less than 2.5%, while raising inference time from ∼8 to
∼12 minutes per snapshot. We therefore retain Poisson, noting that
Eq. 5 can be swapped for NegBin2with a prior on𝜙 if overdispersion
becomes material elsewhere.

5 Online experiments
In this section, we present three online case studies demonstrating
the application of the proposed method in a production setting.
Results are summarized in Figure 3.

5.1 Common setup
Studies I and III are run on the full eligible inventory while Study II
is restricted to a smaller advertiser population (see Section 5.3).
All three experiments are conducted on our production DSP and
share the following protocol. Randomization is performed at the
auction (request) level via a spend-based allocation mechanism,
where each campaign distributes half of its budget to the control
variant and half to the treatment variant.We exclude internal testing
campaigns, whose objectives do not reflect real advertiser behavior,
and campaigns with cumulative spend below $1, as they provide
unreliable signals and violate the equal-spend assumption.

Each experiment runs for approximately five consecutive days,
with posterior means and 95% HDIs computed hourly and evaluated
against a fixed ROPE. Sequential testing begins six hours after
experiment launch, since earlier data is insufficient for reliable
posterior convergence under the hierarchical model. The ROPE
half-width 𝛿 is calibrated as described in Section 4.1.4, and the
precision-stopping threshold is set to 𝑤max = 𝛿 . This calibration
yielded stable operational behavior across repeated experiments.

5.2 Case study I: Validation via an A/A test
The hypothesis under test is equivalence between control and treat-
ment. The decision rule requires the HDI of the posterior effect to

fall entirely within the ROPE, validating both the correctness of the
hierarchical model and the proposed sequential testing procedure.

Figure 3a shows the sequential posterior of the treatment ef-
fect for CVI. The posterior mean converges toward zero and the
95% HDI falls entirely within the ROPE, correctly leading to an
equivalence decision. The HDI enters the ROPE at approximately
72 hours, with the precision criterion satisfied around 92 hours. An
analogous experiment on click intensity (defined as the inverse of
CPC) reached the equivalence decision within roughly 24 hours.

5.3 Case study II: New CVR prediction model
Approximately 500 advertisers running about 7,000 campaigns par-
ticipate in the experiment. This relatively small population also lets
us assess the robustness of the proposed approach under a limited
number of experimental units. The treatment variant uses a new
CVR model developed offline, with additional machine learning fea-
tures and hyperparameter optimization, while the control variant
uses the production model. We test for a performance lift, i.e., an
increase in CVI. The decision rule requires the HDI of the posterior
effect to lie entirely above the ROPE.

Figure 3b shows a clear and sustained lift in CVI for the treatment
variant. The posterior mean stabilizes around +2𝛿 , and the 95% HDI
clears the upper edge of the ROPE within approximately 32 hours,
triggering an early-stopping decision in favor of the treatment well
before the planned five-day horizon. The lift remains stable for the
remainder of the experiment, supporting the deployment of the
new CVR model. Notably, despite the relatively small advertiser
population, the large magnitude of the lift was sufficient for the
framework to reach a confident decision, consistent with the offline
results in Section 4.2.1.

5.4 Case study III: New creative retrieval model
The treatment variant deploys a new two-tower retrieval model
used in creative pre-ranking, obtained through hyperparameter
optimization of the production model. As in the previous case study,
we test for a practical lift in CVI, requiring the HDI of the posterior
effect to lie entirely above the ROPE.

Figure 3c shows a small positive effect for the treatment, with
the posterior mean stabilizing around +𝛿 . The 95% HDI overlaps
the upper boundary of the ROPE throughout the experiment, so the
early-stopping criterion is never triggered. The precision criterion
is met at approximately 72 hours, providing sufficient evidence that
the effect is too small to be practically significant. The decision is
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Figure 3: Sequential Bayesian testing for three case studies: (a) A/A test, (b) CVR model evaluation, and (c) retrieval model
evaluation. Posterior means (solid blue line) and 95% HDIs (blue band) are updated hourly against a fixed ROPE (red band). The
solid vertical line marks the earliest early-stopping point, and the dotted line indicates when the HDI width drops below𝑤max.

robust to 𝛿 : shrinking the ROPE half-width to 0.7𝛿 never lets the
HDI clear it, so the no-deployment recommendation holds across a
range far wider than the ±5% A/A-to-A/A drift in 𝛿 calibration.

Without the framework, the small positive posterior mean (+𝛿)
would have been interpreted as a directional win and released
to production. Both conventional decision paths reach statistical
significance well within the experiment: the 95% HDI lies entirely
above zero after approximately 30 hours (Figure 3c), and the IVW
one-sided test rejects the null after approximately 25 hours.

The HDI/ROPE rule separates statistical from practical signifi-
cance, recommending against deployment because the effect, even
if real, is too small to justify the operational costs. It thereby pre-
vented a low-value deployment that conventional significance tests
would have passed—the framework’s most consequential property.

6 Conclusions
We proposed a hierarchical Bayesian framework for estimating
heterogeneous treatment effects in online advertising experiments,
combined with a sequential testing procedure based on HDIs and a
ROPE that enables earlier decisions expressed in business-relevant
terms. We benchmarked it against IVW on calibrated simulations
and validated it in production.

Our results show that HBM is most beneficial when treatment-
effect heterogeneity is high. When heterogeneity is moderate, IVW
remains a competitive and computationally lighter alternative, so
the choice between the two methods should be guided by the ex-
pected effect heterogeneity regime. The benefit of the hierarchical
approach is therefore not raw sensitivity, but more robust and inter-
pretable inference under the sparse and heterogeneous conversion
regimes commonly encountered in online advertising.

This work has twomain limitations that motivate future research.
First, campaigns from the same advertiser are not independent.
Our model omits this dependence, and our simulations inherit it:
campaign effects are drawn from a single commonNormalmatching
the inference prior in Eq. 6, so the data-generating process and
inference model agree by construction and may understate real
heterogeneity. Advertiser-level variation and heavy-tailed effects
thus remain untested; an additional hierarchical level above the
campaign priors could address both. Second, the comparison should
extend beyond IVW to GLMMs, and time-to-decision could be
shortened with informative priors built from historical control data.
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