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SM1 Stratified Sampling and CUPED

Assume there exist K strata dividing the population Ω, where every stratum has mean

and variance (µk, σ
2
k), and each unit i falls into the kth strata with unknown probability

wk such that
∑K

k=1wk = 1. With data obtained via stratified sampling, it is well-known

that one may construct an unbiased, weighted estimator of τ that has smaller variance than

the standard difference-of-means estimator, presuming one has correctly estimated wk and

identified stratum that are correlated with Y (Acharya et al., 2013). As noted in Deng et al.

(2013) and Xie and Aurisset (2016), many organizations have access to large amounts of

data, which can simplify the process of identifying meaningful strata. However, estimating

wk is not straightforward, and the real-time nature of online experiments as well as the

physical infrastructure of experimentation platforms also hinder accurate implementation of

stratified random sampling. The primary challenge is to maintain equal representation of the

strata while users are randomized to treatment and control. Xie and Aurisset (2016) propose

a novel stratified sampling technique that involves defining one queue q for each strata k.

Each q consists of multiple segments of fixed length. Depending on their strata, users are first

assigned to a slot within a segment, then treatments are randomized within each segment.
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Consequently, balanced allocation is only guaranteed within a segment. Moreover, if multiple

machines each have their own q for strata k, as is the case in many large experimentation

platforms, balanced randomization is even more difficult to achieve. Deng et al. (2013)

show that CUPED is equivalent to stratified random sampling when the control variate is

categorical, and is considered a post-experiment workaround for the practical difficulties

of implementing stratified sampling in real-time. Xie and Aurisset (2016) compare their

stratified sampling technique to CUPED, finding that CUPED prevails in terms of variance

reduction. Practitioners continue to be interested in methods for stratified sampling with

the aim of variance reduction, as well as identifying such strata in order to detect bugs or

potential areas for targeted optimization.

SM2 Surrogate Outcomes for Long-term Treatment Ef-

fect Estimation

This literature generally begins with the following. Assume a potential outcomes setup

with two samples, nE (experimental) and nO (observational), with binary indicator Gi ∈

{E,O}. The tuple (Wi, Si, Xi) is observed in the experimental group and (Yi, Si, Xi)

in the observational group, where Si is an intermediate short-term outcome and Xi is a

pre-treatment covariate (Wi may also be included in the observational group, see Athey

et al. (2020a) and Imbens et al. (2022)). The goal is to estimate the average treatment

effect of Wi on Yi, which is nontrivial since Yi is not observed in the experimental sample.

The origins of this framework can be traced back to statistical literature regarding surrogate

outcomes, used largely in biostatistics and econometrics (Prentice, 1989; Begg and Leung,

2000; Frangakis and Rubin, 2002; Ensor et al., 2016). The work by Athey et al. (2019) is one

of the first papers that uses this framework for long-term effect estimation cited within the

OCE community. The authors derive estimators of τ using Si as driver metrics and assume

Wi is not observable in O. They employ the “surrogate criterion”, which requires that Yi
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be independent of Wi given the short-term outcomes. It is straightforward to see that the

approach in Hohnhold et al. (2015) is a special case of this approach, where Si is comprised

of the learned click-through-rates and short-term revenue, Yi is long-term revenue, and the

necessary conditions for estimating τ are unverified but implicitly assumed.

In practice, the surrogate criterion is notoriously tricky to satisfy. Athey et al. (2020b)

relax this assumption by only requiring that Yi is independent of Wi conditional on a set

of surrogates, rather than on each individual surrogate. In perhaps one of the earliest

publications using statistical surrogacy to estimate long-term effects specifically in OCEs,

Cheng et al. (2020) show that one can relax the surrogacy assumption by extending this

framework to incorporate sequential testing. There is also evidence that some tech companies

such as Facebook have used statistical surrogacy (Gupta et al., 2019), although it appears

that too many surrogates may severely hamper interpretability. Recent work has shifted

away from the surrogate criterion. Athey et al. (2020a) let Wi be seen in the observational

sample and estimate the treatment effect on Si in both samples, using the difference to adjust

the ATE estimates. Imbens et al. (2022) consider a similar context and demonstrate how to

account for unmeasured confounding variables that impact treatment, short-term, and long-

term outcomes. Van Goffrier et al. (2023) point out that surrogate methods that assume

there are no unobserved confounders in the observational data may not be a practically

useful. As an alternative they propose an instrumental variables approach to estimate a

long-term effect by combining regression residuals with short-term experimental outcomes.

Further exploration of combining short-term experimental data with observational data to

estimate long-term effects may show promise with respect to OCE applications.

SM3 Network A/B Tests

OCEs where the experimental units are subject to network exposure are known as network

A/B tests, where users and the connections among them are modeled by a network G, with
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n × n adjacency matrix A = [Aij]. In most OCE settings, A is assumed to be fixed and

observable, although situations where this is not the case are also considered (Egami, 2017).

The goal of estimating the ATE remains of primary interest. However, when SUTVA is

violated, standard randomization schemes and estimators tend to ignore the network effect,

which typically produces biased estimates of τ . Consider the following example: suppose the

response Yi = α + βWi + γSi + εi is linearly related to the treatment effect β and network

spillover effect γ, where Si is the proportion of i’s neighbors that received treatment. The

ATE is therefore β + γ, since E[Si|Wi = 1] = 1 and E[Si|Wi = 0] = 0. Under the usual

balanced randomization, however, E[Si] = 0.5 for both treatment and control groups, thus

the expected value of the usual difference of means estimator τ̂ is β, which has a bias of γ.

Generally, the exact form of the ATE depends on the assumed structure of G and definition

of Si; similarly for the form and bias of τ̂ . Thus, there are two major problems in network

A/B testing that current research aims to address: (1) modeling and estimating the network

spillover effect, and (2) optimal treatment allocation for producing unbiased estimates of τ

in the presence of network interference. Reviewing work in these areas is the focus of the

following subsection

A commonly proposed approach for dealing with network effects in OCEs is to randomize

treatments with graph cluster randomization (Karrer et al., 2021; Eckles et al., 2014; Gui

et al., 2015; Saveski et al., 2017; Sangho Yoon, 2018; Zhou et al., 2020; Ugander et al., 2013).

With cluster-based randomization, the network is partitioned into subgroups or clusters, such

that edge connectivity within clusters is higher than between clusters. Network partitioning,

also known as community detection in network science, is a well-researched area, with most

OCEs using established graph clustering algorithms as found in Newman (2006), Leskovec et

al. (2010), and Mucha et al. (2010) and Stanley et al. (2016). Treatments are then randomized

to users at the cluster level with the standard difference of means estimator, a common choice

for estimating the ATE. Eckles et al. (2014) explore several linear models for relating user

response to the network effect, and perform a suite of simulations that show graph cluster
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randomization reduces bias when compared to naive random allocation. They also provide

a theorem that shows the bias from network effects will always be less than or equal to the

bias from random allocation, assuming Yi = α+βWi +γSi + εi. Gui et al. (2015) draw from

this work, modeling the response as Yi = α+ βWi + γ
∑n

j=1AijWj + η
∑n

j=1AijYj/di, where

di is the degree of node i, γ is the spillover effect, and η describes how users tend to exhibit

behavior similar to their neighbors’. They showed that with a network sampled such that

clusters are “balanced”, where clusters are all equal in size, one can eliminate the bias in

τ̂ . Their new algorithm for balanced cluster-based randomization was empirically shown to

reduce bias, although theoretical justification was not provided. To address the question of

how to detect when the spillover effect is present, Saveski et al. (2017) develop a model-free

two stage cluster-randomization design for testing for the presence of SUTVA violations, and

Athey et al. (2018) derive exact p-values for nonsharp null hypotheses of no spillover effects.

Recent work by Karrer et al. (2021) utilizes imbalanced clusters with a regression-adjusted

estimator, along with a post-analysis framework that is also used to detect network effects.

While Gui et al. (2015) use a common framework for OCE applications, the linear model

assumption is known to be quite restrictive, particularly for network applications. Basse

and Airoldi (2018) specifically study the drawbacks of traditional parametric assumptions

for modeling network effects. Some practioners instead use network exposure models to

model the spillover effect (Backstrom and Kleinberg, 2011; Katzir et al., 2012). Network

exposure models define a set of conditions for each i under which the spillover effects from

i’s neighbors are the same. For example, the neighborhood exposure model from Backstrom

and Kleinberg (2011) and Gui et al. (2015) estimates τ with 1
|Nθ

1 |
∑

i∈Nθ
1
Yi − 1

|Nθ
0 |
∑

i∈Nθ
0
Yi,

where σi is the percent of neighbors of i that received treatment, N1 = {i : Wi = 1, σi ≥ θ},

N0 = {i : Wi = 0, σi ≤ 1− θ}, and θ ∈ [0, 1]. With network exposure models, one need not

make explicit assumptions about how the spillover effect relates to the response, although the

corresponding ATE estimators tend to be more complex. Ugander et al. (2013) catalogue

the various network exposure models that have been commonly adopted in the literature
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(Eckles et al., 2014; Gui et al., 2015; Saveski et al., 2017).

While cluster-based randomization approaches are commonly used in practice, the limi-

tations of this method are significant enough that researchers remain interested in alternative

approaches. First, because this approach uses clusters as the experimental units and cluster

counts typically are far smaller than the total number of users, experiments under this ap-

proach tend to lack adequate power. To mitigate this, Saint-Jacques et al. (2019) propose

sampling many “ego-networks”, which are small clusters comprised of a central user and a

carefully selected subset of their immediate neighbors. Second, the majority of online social

networks are highly dense, making it extremely difficult to obtain reasonably isolated clus-

ters that are representative of the true network. Nandy et al. (2020) avoid explicit model

assumptions by defining G as a directed network of producers j and consumers i. Treatment

intervention (r) is represented by rewiring edge probabilities by replacing the original pbaseij

with p
(r)
ij , where pij = Pr(Aij = 1). Nandy et al. (2020) use this setup to frame treatment

allocation as an optimization problem, where treatments are randomized such that the effect

from network exposure under the new treatment is as small as possible. Their method showed

an improvement over cluster-based randomization in terms of bias of the ATE, particularly

for highly dense networks. Note Nandy et al. (2020) and Saint-Jacques et al. (2019) and

Gui et al. (2015) all assume that the network is known, where in fact it is highly possible

there are unobserved covariates or network effects influencing network structure and user

response. Bajari et al. (2021) employ the producer-consumer marketplace set-up to address

interference without a network model. Rather, users are assumed to belong to a number

of different populations that serve as indices for the outcomes and treatment assignments.

Bajari et al. (2021) define a new class of experimental designs, Multiple Randomization De-

signs, that model the response as a tuple with elements corresponding to each population

and randomize treatments at the tuple-level.

Despite the drawbacks of defining a parametric model for Yi, there are inherit advantages

to this approach, such as analyzing heterogeneity in the form of interactions or applying
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conventional tools like censoring and stratification (Walker and Muchnik, 2014). Under this

framework, a natural solution to the question of treatment allocation is optimal design of

experiments theory. Optimal design refers to the general practice of choosing a design matrix

from the space of potential candidates, X ∈ X , according to various optimality criterion. In

Parker et al. (2017), the response is modelled as Yi = α + τt(i) +
∑n

j=1Aijγt(j) + εi, where

τt(i) represents the treatment applied to i, assuming k ∈ {1, ...K} treatments. A blocking

parameter bi can also be introduced to this model (Koutra, 2017). With this framework,

Parker et al. (2017) and Koutra (2017) provide some interesting insights into what optimal

designs for network A/B testing might look like, namely that unbalanced designs tend to be

better at reducing the variance of τ̂j than balanced allocation. However, these models are

rather unrealistic. Because they do not scale the spillover effect by the degree of node i, as

the number of neighbors of i grows,
∑n

j=1Aijγt(j) →∞ as well, meaning the spillover effect

completely dominates τt(i) for the large networks typically observed in OCEs. Parker et al.

(2017) and Koutra (2017) also do not optimize for the ATE, instead considering optimal

designs for only τj by minimizing the average variance of all pairwise treatment effects.

Additionally, these optimal designs are chosen with an exhaustive search algorithm, which

searches the entire space of X , or Kn potential designs, before selecting X. Indeed, some

of the designs obtained via search algorithm in Parker et al. (2017) were outperformed by

randomly generating X. Pokhiko et al. (2019) and Zhang and Kang (2020) alternatively

choose conditional auto-regressive models to mimic the network effect by correlating the

response error of i with that of its neighbors. A strong limitation of this approach is this

correlation is assumed to be the same across all nodes. Zhang and Kang (2020) address this

issue by using Bayesian priors via simulation, but do not leverage network information in

defining them.
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SM4 Beyond This Review

We have presented literature that generally assumes a single treatment and control under a

frequentist framework. While this setting describes an appreciable majority of OCEs, there

is also growing interest in methodologies that extend beyond the scope of this review. Re-

searchers aiming to circumvent limitations of the frequentist p-value have turned to Bayesian

methods (Stucchio, 2015; Letham et al., 2019; Deng et al., 2016; Deng et al., 2021; Kamal-

basha and Eugster, 2021; Hoffmann and Wagenmakers, 2021), including implementations

of Bayes factor hypothesis testing (Deng, 2015) and tests for practical significance (Stevens

and Hagar, 2022). Many practitioners have noted that the ATE itself is not a quantity of

interest in several applications, e.g., when optimizing tail performance, and have begun to

develop approaches using quantile metrics (Liu et al., 2019; Howard and Ramdas, 2019;

Lux, 2018). Multi-armed bandits have been used to handle multiple treatments in online

settings, with a focus on sequential decision-making and exposing more users to successful

variants to increase reward (Liu et al., 2014; Issa Mattos et al., 2019; Birkett, 2019; Amadio,

2020; Lomas et al., 2016). Thompson sampling (Scott, 2010; Scott, 2015; Dimakopoulou

et al., 2021) as well as contextual bandits (Li et al., 2010; Agarwal et al., 2016) have all

been used in industry. Novel experimental designs have also been developed for purposes of

increasing sensitivity in low-power settings; several of these were discussed in Section 6 in

the context of mitigating interference. Another commonly used design, particularly in the

context of experiments on search ranking algorithms, is interleaving (Radlinski and Craswell,

2013; Parks et al., 2017; Zhang et al., 2022). Rather than displaying results to a user from

either a treatment algorithm or a control algorithm, this design involves interleaving search

results from both the treatment and control algorithms. Thus, each user experiences both

the treatment and control simultaneously, thereby providing additional information, yielding

insights faster.

Although OCEs with multiple variants are reasonably common, full- and fractional-

factorial experiments that emphasize estimation of main and interaction effects are uncom-
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mon; Kohavi et al. (2009) and Georgiev (2019) argue that the added practical complexity of

such experiments hurts development agility and is not worth the additional effort when in-

teractions in practice are rare. They suggest that it is preferable to run multiple single-factor

experiments concurrently, , and validate that there are no significant interactions between

all pairs of experiments (Gupta et al., 2019). Multivariate tests (where the multiple variants

are defined by the factorial enumeration of multiple factors’ levels) do exist in this space

(McFarland, 2012; Wildman, 2019), but the goal of the analysis is primarily to identify the

optimal variant, not to estimate individual effects. Though multivariate tests are not as

common as A/B or A/B/n tests, research in this area carries on (Sadeghi et al., 2019), with

recent research in optimal design (Bhat et al., 2020; Basse et al., 2023; Bojinov et al., 2022),

nonparametric estimators for panel experiments (Bojinov et al., 2021), and factorial designs

for sequential testing (Haizler and Steinberg, 2020). How to avoid, identify, and estimate

interactions between multiple concurrent experiments is also of great interest (Kohavi et al.,

2009; Gupta et al., 2019; Chan, 2021).

Another important facet of OCEs outside the scope of this review is the issue of ethics

(Gupta et al., 2019; Kohavi et al., 2020). As noted, the experimental units in OCEs are often

people – human subjects – and so a salient concern is whether experiments involving them are

ethical. Many OCEs test harmless interface changes, but there exist A/B tests that through

code induce deception, thus named C/D tests (Benbunan-Fich, 2017; Kontotasiou, 2021).

One example is Facebook’s infamous emotional contagion experiment in which the sentiment

of content shown in nearly 700,000 users’ News Feeds was altered to determine whether this

impacted their own emotions (Kramer et al., 2014). Another example is OKCupid’s power

of suggestion experiment in which matched users were told their compatibility was higher

than what the matching algorithm predicted in order to investigate the impact of simply

telling couples they’re a good match (Rudder, 2014).

More recently, there were ethical questions (Singer, 2022) about a retrospective analysis

of experiments run by LinkedIn from 2015 to 2019 (Rajkumar et al., 2022) in order to
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understand the strength of weak ties social theory (Granovetter, 1973). These experiments

engaged 20 million users and tested changes designed to improve the algorithm underlying

the “People You May Know” (PYMK) feature. It is important to note that LinkedIn did not

intentionally vary the proportion of weak and strong contacts suggested by PYMK (Belanger,

2022) but that these variations were side effects of experiments optimizing for other criteria.

It is unknown if these changes have negatively or positively impacted users looking for job

opportunities. Another context in which OCEs may have unintended side effects is digital

labor platforms in today’s “gig” economy. In this setting, the experimental units are typically

the workers using the platform and researchers have found that continuous and concealed

experimentation diminishes worker autonomy and satisfaction (Rahman et al., 2023).

The primary concern in these settings is informed consent; users generally do not know

when they’re being experimented on, nor do they necessarily have a way to opt out of

such an experiment. They implicitly consent to such experimentation when they agree

to a service’s terms and conditions, however, whether such consent is informed is debatable

(Benbunan-Fich, 2017). Academics involved in human subjects research will be familiar with

institutional review boards (IRBs) and ethics clearance. Such formal oversight is generally

absent in the private sector. However, Kohavi et al. (2020) do advocate for the establishment

of processes that fulfill this purpose so that an experiment’s risks and benefits are carefully

considered, and transparent protocols for informed consent and drop-out are instated. The

authors also advocate for tools, infrastructure, and processes to ensure data security and

data privacy, another issue especially relevant in this day and age. See Kohavi et al. (2020)

and Bojinov and Gupta (2022) for expanded discussions of identified data, anonymous data,

re-identification, and differential privacy in the context of OCEs.

In contexts where a controlled experiment is unethical or infeasible, companies have

turned to observational causal inference methods. For instance, Mozilla is interested in the

impact of ad blocker installation on browser engagement (Miroglio et al., 2018); Netflix

wants to quantify the cumulative effect of in-device promotions and out-of-home marketing
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for a particular title (McFarland et al., 2018); Uber Eats is interested in understanding

how delivery delays influence a user’s future engagement with the platform, and Uber is

interested in how ride bookings are impacted by surge pricing rates (Harinen and Li, 2019).

In these cases, and others like them, a traditional OCE is not appropriate or not possible,

so companies estimate causal impacts using methods like matching, regression discontinuity,

interrupted time series, instrumental variables, and difference in differences, among others.

Like OCEs, this is a rapidly growing area that merits a literature review of its own.
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