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Abstract. Classical Randomized Controlled Trials (RCTs), or A/B tests, are
designed to draw causal inferences about a population of units, for example,
individuals, plots of land or visits to a website. A key assumption under-
lying a standard RCT is the absence of interactions between units, or the
stable unit treatment value assumption (Ann. Statist. 6 (1978) 34-58). Mod-
ern experimentation, however, is often conducted in settings characterized
by complex interactions between units. Such interactions can invalidate the
standard estimators and make classical experimental designs ineffective. Al-
though the presence of interference forces us to make untestable assumptions
on the nature of the interactions even under randomization, sophisticated ex-
perimental designs can ameliorate the dependence on such assumptions. In
this manuscript, we review the recent and rapidly growing literature on novel
experimental designs for these settings. One key feature common to many
of these designs is the presence of multiple layers of randomization within
the same experiment. We discuss a novel experimental design, called Multi-
ple Randomization Designs or MRDs, that provides a general framework for
such experiments. Through these complex designs, we can study questions
about causal effects in the presence of interference that cannot be answered
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by classical RCTs.

Key words and phrases: Experimental design, causal inference, online ex-
perimentation, multiple randomization designs, two-sided marketplaces.

1. INTRODUCTION

Randomized Controlled Trials (RCTs) have been an es-
sential tool to obtain credible causal estimates since the
seminal work of Neyman (1923/1990) and Fisher (1937).
Their ability to obtain unbiased estimates of causal effects
under weak assumptions, relative to those required for
nonexperimental, observational studies, has led to their
widespread adoption in a variety of fields. In biomedi-
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cal settings, RCTs are a critical component of the drug
approval process by the Food and Drug Administration.
In the last few decades, however, RCTs have expanded
far beyond biomedical settings. Rather, hundreds of thou-
sands of RCTs are performed in online settings every year
(Kohavi et al. (2009)), Gupta et al. (2019). The units of
these online experiments are often heterogenous agents
acting and interacting strategically to further their objec-
tives, rather than passive subjects. Interactions between
units that invalidate the few assumptions required for the
standard analysis of classical RCTs are intrinsic to these
cases. For example, in ride-share companies such as Uber
and Lyft, a driver picking up a particular rider affects
nearby drivers and riders in the same marketplace because
that driver is no longer available to pick up other riders in
the short term. In short-term rental marketplaces, a rental
choice made by one renter changes the choice set avail-
able to other renters. On Ebay, changing the auction for-
mat for one set of items can affect the desirability of other
items. As a result of these interactions, the standard analy-
ses of classical RCTs where the experimenter randomizes
units into a treatment and control group and compares av-
erage outcomes for the two groups are no longer valid.
Formally, the Stable Unit Treatment Value Assumption
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(or SUTVA (Rubin (1978))), which states that the treat-
ment assigned to one unit does not impact the outcomes
observed for other units, fails to hold. Moreover, not only
are many standard analyses no longer valid in that case,
but the data from such an experiment do not even allow
the experimenter to assess whether the no-interference as-
sumptions on which the analyses rely are violated.

A key challenge in the absence of SUTVA is that ran-
domization no longer frees researchers from the need to
make substantive, untestable, assumptions. In particular,
assumptions on the extent of the interference are neces-
sary for designs and estimation methods that allow us to
consistently estimate average effects of the interventions.

Motivated by settings in modern marketplaces where
the presence of interactions is unavoidable, but their mag-
nitude typically unknown, researchers have recently pro-
posed a number of novel experimental designs, some of
them building on older proposals in traditional experi-
mental settings, to answer three questions: first, how do
we test for the presence of interactions; second, how do
we estimate the magnitude of these interaction effects;
third, how do we estimate average treatment effects that
account for the presence of these effects. These designs
often exploit information on the structure on the interac-
tions implied by the particular marketplace to motivate
the key assumptions. For example, in some marketplaces
the interactions for a particular unit are mediated solely
by prices. In others, the interference may be mediated by
the fraction of units treated in a peer group of that given
unit.

In this paper, we review this new and rapidly grow-
ing literature, we discuss some of the open challenges
and we review a novel class of experimental designs in
the presence of interference, multiple randomization de-
signs [MRDs] (Bajari et al. (2021), Johari, Li and Wein-
traub (2020)). MRDs are intended for settings where the
treatment can be assigned to pairs (or tuples) of units
from different populations, for example, buyers and sell-
ers, drivers and riders or renters and rental properties.
These MRDs can be thought of as generalizing many of
the aforementioned new experimental designs for inter-
ference.

Another partially overlapping new class of experimen-
tal designs focuses on settings with a distinction between
the population of units to which the treatments are ap-
plied, and the population of units for which the outcome
is measured (Zigler and Papadogeorgou (2021)). In tra-
ditional experiments, these two populations are identical,
say individuals, or plots of land. In other settings, they
may be different. In Zigler and Papadogeorgou (2021), the
treatments are indicators for pollution abatement associ-
ated with power plants, and the outcomes are measures of
health associated with hospitals that are down wind.

2. RANDOMIZED EXPERIMENTS WITHOUT
INTERFERENCE

To set the stage, let us start by briefly recalling the
standard analysis of classical randomized controlled tri-
als (RCTs) or A/B tests without interference across ex-
perimental units. Consider a finite population of N units.
In traditional settings, these would be individuals, plots
of land or animals. They could also be firms, countries,
shopping trips or visits to a website. In a classical RCT,
or A/B test, we think of each unit i in the population as
being characterized by two potential outcomes, Y;(C) and
Y;(T), describing the outcomes that would be obtained
for unit i if it were exposed to the control or active treat-
ment, respectively. Here the notation, with the potential
outcomes for unit 7 only depending on the treatment for
that unit already captures the SUTVA condition (Rubin
(1978)). The outcomes may be, for example, an individ-
ual’s spending, or the crop yield of a plot of land. We start
by randomly assigning each unit i to a binary treatment
denoted by W; € {C, T}. The randomly selected subset
of the population of units with W; = T receives the ex-
perimental treatment, and the remainder of the population
(units assigned W; = C) receives the control treatment.
A benchmark estimand is the average effect of the treat-
ment on Y in the population, the average causal effect:

1Y _ _
T = Y (H(T) = Yi(C) =¥(T) ~¥(C).
i=1

where Y (w) = N, ¥;(w)/N for w € {C, T}. 7 is a pop-
ulation quantity, not directly measurable, because every
unit is either assigned to treatment or control, but not
both. Paul Holland refers to this as the “fundamental prob-
lem of causal inference” (p. 947, Holland (1986)). Under
SUTVA, assuming the number of treated and control units
is strictly positive, the difference in average outcome by
treatment group is an unbiased estimate of t:

t=Yr—Yc.
where N, is the number of units in treatment group
we{C, T}, Y, =Y, 1{W; =w}Y;/N,. The variance
of 7 (conditional on N¢, N7) is simple to characterize
(Neyman (1923/1990), Cochran (1977)):

S¢St Sér

" Ne Nr N

where for w € {C, T},

’

2 1 = N2
Sw =Y _ 7 Z(Yi(w) - Y(w)) )
i=1
and
pm i(Y(T) —Yi(C) —1)*
CT N —1 i i .

i=1
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The standard (although conservative) estimator for this
variance is

2 2
v=2c 5
Nc  Nr’

where, for w € {C, T},

1 _
sp=——— 3 (Yiw) =Yy
Nw —1 i:Wi=w
See Fisher (1937), Neyman (1923/1990), Holland (1986),
Wu and Hamada (2011), Imbens and Rubin (2015) for
general discussion of RCTs.

3. TYPES OF INTERFERENCE

In recent years, RCTs and generalizations thereof have
been widely adopted by online technology companies,
and have become the standard tool to test new features and
measure the effectiveness of new policies (Kohavi et al.
(2009)). Standard RCTs are designed for, and work well
in, settings where the “no-interference” assumption or
SUTVA holds, although some challenges remain (Gupta
et al. (2019)). However, in contrast to traditional biomed-
ical settings, in many such experiments it is likely that the
no-interference assumptions fails to hold and that inter-
ference is present. To account for the presence of inter-
ference in the potential outcomes framework, we let unit
i’s potential outcomes be indexed not only by the treat-
ment assignment for that unit, w;, but also by the assign-
ments of other units. In the most general case, the po-
tential outcomes are now indexed by the full N-vector
of assignments w = [wy, ..., w1, ¥i(w). Without any
restrictions on the extent of the interference, it is diffi-
cult to make progress because we have only observations
for a single treatment vector w. We therefore need to im-
pose some structure on the potential outcomes, or, in other
words, postulate some model, that limits the dependence
of the potential outcomes on the full assignment vector.
This is true even in experimental settings where we have
full control over the assignment and can choose the as-
signment distribution.

In the remainder of this section, we discuss some re-
strictions on interference that have received particular at-
tention in the literature so far. Later we discuss specific
experimental designs that can account for these types of
interference. We should note that the cases below do not
form an exhaustive list of types of interference.

The type of restrictions that have been analyzed can be
thought of as belonging to two classes. The first class as-
sumes that the potential outcomes for unit i depend only
on a subset of the elements of w, implicitly defining ex-
posure mappings (Aronow and Samii (2017)). Only treat-
ment assignments for a subset of units in the population

can affect the outcomes for unit ;. Ogburn and Vander-
Weele (2014) refer to this as direct interference. For ex-
ample, consider an experiment where customers are of-
fered free cancellations on some randomly selected rental
properties. The fact that one rental property in a particu-
lar town comes with a free cancellation offer may affect
rentals of other properties in the same town, but it is plau-
sible that it does not affect rentals in other towns. In edu-
cational experiments, it is often reasonable to assume that
interference is limited to students within the same class-
room or within the same school, but does not extend be-
yond that.

The second class of restrictions allows for the possibil-
ity that treatments for all other units affect the outcome for
unit ;. In this setting, the interference is typically assumed
to flow through the outcomes, rather than directly through
the treatments. For example, suppose that the treatment is
a vaccine. The outcome for individual i depends on the
treatment for a different individual j only if individual j
is affected by his or her own treatment. It does not matter
for individual i whether individual j is treated or not, un-
less that the treatment for individual j affects the disease
status of individual j. Ogburn and VanderWeele (2014)
refer to this type of interference as interference by conta-
gion. Identification given this type of interference requires
additional assumptions. For example, if the researcher has
a measure of the distance between unit i and j, it may be
reasonable to assume that the magnitude of the spillover
effects declines monotonically with the distance.

3.1 Cluster Interference

Cluster interference is the most commonly studied type
of interference (Hudgens and Halloran (2008), Manski
(1993), Rosenbaum (2007), Ugander et al. (2013),
VanderWeele, Tchetgen and Halloran (2014), Ogburn and
VanderWeele (2014), Papadogeorgou, Mealli and Zigler
(2019)). It is the leading example of the first class, di-
rect interference, where the dependence of the potential
outcomes is restricted to a subset of the assignment vec-
tor. In a clustered setting, the key assumption is that the
population of units can be partitioned ex ante in clusters,
groups or subpopulations, such that the outcome for a unit
in a specific cluster may be impacted only by the treat-
ment received by other units within the same cluster. In
other words, interference is unrestricted within each clus-
ter, but assumed absent between units in different clusters.
Common examples of settings in which these dynamics
are present include education (e.g., outcomes for a given
student may depend on treatments for other students in
the same class), or labor market interventions such as job
training programs (e.g., outcomes for a particular individ-
ual may be affected by training status for other individuals
in the same labor market segment).
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Formally, let B; € {1, ..., B} denote the cluster (block)
that unit i belongs to. The key assumption for cluster in-
terference is that

Yi(w) =Yi(W),

for all w and w’ such that w; = w} for all units j in the
same cluster as unit Z, that is for all j such that B; = B;.
Cluster interference rules out types of interference that go
viral, where seeding one, or a small number of units, can
lead to effects cascading throughout the whole popula-
tion.

3.2 Network Interference Through Treatments

A generalization of the cluster set up that still fits into
the first class of direct interference relies on the existence
of an underlying network in the population. Suppose a
symmetric binary adjacency matrix A € {0, }V*V en-
codes links between units, where unit j is a neighbor of
unit i if A;; = 1. We can use this graph structure to restrict
interference by imposing that the potential outcome for
unit  depends only on the treatment assignment of unit
i’s connections, in other words the treatments for units j
such that A;; = 1, see Aronow (2012), Athey, Eckles and
Imbens (2018), Basse, Feller and Toulis (2019). Formally,

Yi(w) =Yi(w'),

for all w and w’ such that w; = w’i for all units j linked
to unit i, that is, for all j such that A;; = 1. In the special
case where A has a block structure, where A;; = 1 and
Ajx = 1 implies Ay; = 1, this setting is identical to the
cluster setting.

In network settings, this type of first-order interference,
where only treatments of friends affect the outcomes for
a particular unit can be generalized to higher-order in-
terference. For example, one can allow that the outcome
for unit i may depend not only on the treatment assign-
ment for the units that unit { is connected to, but also to
the units they are connected to, the friends-of-friends. In
other words, the outcome for unit i can be affected by
treatment assignment for all units j who either are friends
with i, or who have friends in common with i, such that
> jrAijAjj = 1. See Bond et al. (2012) for an example
where allowing individual j to express whether they voted
or not can affect whether i votes, even if they are not di-
rectly connected. In practice, establishing the presence of
such higher order interference is challenging. Although
exact finite sample randomization tests are available (see
Athey, Eckles and Imbens (2018)), in practice their power
to detect such effects is limited because often the second-
order networks are so large that there is insufficient varia-
tion in average treatments in the set of friends-of-friends.

In this setting, it may be desirable to assign treatment
in such a way that there are (approximately) random sam-
ples of individuals for whom all of their neighbors in

the network are treated. Backstrom and Kleinberg (2011)
describe a treatment assignment method that they call
“bucket testing” that achieves this while minimizing the
total number of treated individuals.

3.3 Network Interference Through Outcomes

A third type of spillover assumption also uses networks
to restrict interference, but in a way that units far away
from unit { can still affect the potential outcomes for
that unit. This allows for cascading effects, or viral ef-
fects, also called contagion by Ogburn and VanderWeele
(2014). Differently from the earlier direct interference set-
ting discussed above, here the potential outcome for unit
i depends on neighbors’ realized outcomes, rather than
their treatment assignment. Indirectly this means that the
potential outcomes for unit i depend on the treatment sta-
tus for all units that unit i is connected though, whether
these connections are first order or of arbitrarily higher or-
der. Ogburn and VanderWeele (2014) present an example
of a vaccine in a single possibly large population of con-
nected individuals. Treating an individual j may affect the
outcome of individual i even if these two individuals are
far away if treating individual j affects their outcome, and
affects the outcomes for the individuals on a path between
j and i. The larger the distance between i and j, that is,
the larger the number of stops along the shortest path be-
tween i and j, the smaller the probability that treating unit
Jj has an effect on the outcome for unit i.

3.4 Decoupling Treatment Units and Outcome Units

In the discussion thus far, and in much of the tradi-
tional experimental design literature, the starting point is
a single set of N units, to which both treatments could be
applied and for which potential outcomes were defined.
This is the natural viewpoint when starting with a clas-
sical analysis that assumes SUTVA: individuals can each
separately be assigned to receive a new medical treatment
or not, and their health status can be measured, or plots
of land can be assigned to a particular fertilizer and crop
yields can be measured.

However, this set up is not always appropriate. When
SUTVA is relaxed, there is potentially a larger set of treat-
ments that can affect a given unit’s outcome, and thus
there is no longer a simple one-to-one correspondence be-
tween the units on which the treatments are defined and
the units on which the outcomes are measured. More gen-
erally, the set of treatable units and the set of outcomes
may even be entirely distinct and have different cardinal-
ity. Thus, for example, consider a study of the effect of
vaccinating parents on children, where the children are
ineligible to receive the vaccine. In another example, in
the spatial analysis in Pollmann (2020) treatments are the
presence of restaurants in particular locations, and the
outcomes are shopping trips associated with individuals.
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FIG. 1. Bipartite graph representation of a general causal model de-
sign with four treatments affecting six outcome units.

Similarly, treatments can be at the teacher level, with out-
comes measured at the student level, where each student
is taught by a number of teachers.

Zigler and Papadogeorgou (2021) introduce a formal
framework for describing a class of such settings, based
on bipartite graphs; see also Pouget-Abadie et al. (2019).
Specifically, consider a set of treatment units P, with
treatment indicators, {W;,i € P}, with possibly binary
treatments W; € {0, 1}, and a set of outcome units Q with
observed responses {Y;, j € Q}, together with a bipartite
graph with vertex sets P and Q.

There is an edge in the graph between treatment i and
outcome j if and only if the potential outcome for unit
J» Yj(w), where w is the |P|-vector of treatments, func-
tionally depends on its ith element, the assignment w; for
treatment unit /. Figure 1 illustrates this set up.

Zigler and Papadogeorgou (2021) consider an example
relating to air pollution. The treatment units are power sta-
tions, which may be fitted (W; = 1) or not (W; = 0) with
a device to reduce emissions of particulate matter. The
outcome units are hospitalization rates for cardiovascular
disease by zip codes. The outcome for zip code j may
be affected by the treatment at multiple power plants, but
not necessarily by all. Similarly, the treatment at power-
plant i may affect outcomes at multiple zip codes. A key
assumption, motivated by the physical processes, is that
a given power station j potentially affects only hospital-
ization rates in zip codes that are downwind and within a
given distance from that power station.

3.5 Equilibrium Interference

A fourth type of interference concerns anonymous in-
teractions through marketplaces. The outcome for unit i
may depend on the treatment assigned to unit i, but also
on a second variable p whose value is partly determined
by the set of potential outcomes and treatments for all
units. For example, suppose that the potential outcomes
are demand for a particular product. The treatment may
make the product more attractive to customers, for exam-
ple, through a discount or because it makes the product
more visible through placement. Treating some individ-
uals (giving them a discount) but not others may lead
to an increase in overall demand. That in turn may lead
to an increase in the price p of the product, which in

FI1G. 2.  Bipartite graph representation (I = 3) of a clustered experi-
ment. Clustersi e {1,..., 1} have cluster-specific treatment indicators
WE e{0,1}.

turn may affect the demand for individuals in the con-
trol group. Heckman, Lochner and Taber (1998) discusses
the possibilities of such equilibrium effects. Crépon et al.
(2013) illustrate empirically that these equilibrium effects
are present in an experimental evaluation of labor mar-
ket programs. In their experiment, there are two levels
of randomization. First, labor market segments (e.g., geo-
graphic areas) are randomly assigned to a share of treated
individuals. Second, the unemployed individuals in each
labor market segment are randomly assigned to a labor
market program given the preassigned fraction treated.
They find that in labor market segments where a larger
share of unemployed individuals is treated the average ef-
fect of the treatment is smaller. Recently, Wager and Xu
(2021), Munro, Wager and Xu (2021) have developed new
experimental designs intended to deal with equilibrium
effects.

4. CLUSTERED EXPERIMENTS

In contexts where cluster interference is assumed, a dis-
tinction is made between direct and indirect causal ef-
fects. A direct effect is the impact on unit i of unit i be-
ing treated versus untreated with the exposure of the other
units within the group held constant. An indirect effect
is the impact on an untreated unit i when the exposure
level to treatment changes for other units (e.g., 50% of
the other individuals are exposed versus 20%). Herd im-
munity, where unvaccinated individuals are less likely to
become infected if they are in a community with a high
vaccination rate, is a prominent example of an indirect ef-
fect.

In a setting with cluster interference, one natural ap-
proach is to do a clustered experiment where all units
within a cluster are assigned to the same treatment, and
to define all causal estimands at the cluster level. We can
illustrate this using the bipartite graph setup from Zigler
and Papadogeorgou (2021) as in Figure 2.

In the presence of cluster interference, effects within
groups are not in general identified without further as-
sumptions. Rosenbaum (2007) shows that if the expo-
sure level is constant across all groups, the null hypoth-
esis of “no effect” (both direct effect and indirect effects
are zero) and “no direct effect” are indistinguishable, for
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example, if every unit benefits equally, as long as some
units are treated. Rosenbaum (2007) generates confidence
statements for the total effect by inverting tests which are
valid under either null hypothesis. In this setup, there are
B > 2 blocks each containing / > 2 individuals. Further,
within each block J individuals, 1 < J < I, are selected
at random to receive treatment. The randomization assign-
ment W is now a matrix with B rows (one per block)
and / columns (one for each of the individuals in each
group), with W, indicating the treatment assignment (1
if assigned and O otherwise) of the ith unit in block b. It is
assumed that the outcome Yj; (W) for unit i in block b de-
pends on the random assignment W but only on the other
units within a given block (i.e., the assignments along the
same row).

Rosenbaum (2007) provides two approaches to produc-
ing valid confidence statements (i.e., tests which under ei-
ther the null hypothesis of no effect or of no direct ef-
fect maintain the desired « level). First, he considers the
Mann—Whitney/Wilcoxon statistic:

B
@41 E=)

b=1i

Wi (1 — Wpj) Ly, (w)y>v,; (w)-

1
= 1

1

Lj

Thus, E counts the number of pairs of units in the same
block for which a treated unit had a higher response than
a control; that is, E is the sum of B Mann—Whitney statis-
tics, one for each block, and E + BJ(J + 1)/2 is the
sum of B Wilcoxon rank sum statistics. Then consider the
same statistic & but in a uniformity trial (also called an
A/A test) where units are randomized to treatment groups
but no intervention is applied. Under either null hypothe-
sis, the distribution of & is known (in particular it is the
sum of B independent Mann—Whitney statistics under the
null). Thus one may construct a confidence statement for
F=E-C by showing thatpr(F > 82— Ky +1)=1—-«
where K is the appropriate critical value from the distri-
bution of & under the null. This implies the 1 — & confi-
dence statement that V > 2(E — K, + 1)/{BJ({ — J)}
where V =2F/{BJ(I — J)} so that V € [—2,2] and
takes on value 0 when the (sharp) null of no effect is true.

As a second approach, Rosenbaum applies the same
technique to the statistic of Mathisen (1943), Gart (1963),
Gastwirth (1968), which counts the number of responses
observed under treatment that exceed the median ob-
served under control. Define the function A(-, -) to count
the number of times a treated response in block b ex-
ceeds the kth-order statistic of control responses in block
b. Then write

B

H=> h(Wy, Yy(W)),
b=1

4.2)

so that H counts the total number of times across all
blocks that a treated response exceeded the kth-order

statistic of control responses in the same block. Define
H analogously except for a uniformity trial (i.e., an A/A
test) note that H is observable in the experiment and H
is unobservable but the distribution of H is known un-
der the null. For S= H — H , which is also unobservable,
Rosenbaum (2007) shows how to construct a confidence
statement by proving that pr(S > H — Dy +1)=1—«
thereby creating a 1 — o confidence statement about S us-
ing H and D,,, which is the appropriate critical value from
the (known) distribution of H.

In Hudgens and Halloran (2008), an additional level
of randomization is allowed: the groups (blocks) are as-
signed to two different regimes: a high-exposure regime,
parametrized by ¢, and a low-exposure regime paramet-
rized by ¥ (e.g., ¢ = 50% of the units in the group ex-
posed to treatment, and ¥ = 20% exposed). Thus, the
authors employ a two stage (or double) randomization
mechanism where first the group is randomized to be
within a specific regime and then the units within the
group are randomized according to that regime. See Imai,
Jiang and Malani (2021) for an example of such an exper-
imental design.

The main result of Hudgens and Halloran (2008) is
to provide, under few assumptions, unbiased estimates
and conservative variance estimators for indirect and the
direct effect, already considered in Rosenbaum (2007)
and Halloran and Struchiner (1991), as well as other ef-
fects (called total and overall effects). Analogously to
Rosenbaum (2007), the individual direct effect is defined
as the difference in potential outcomes for an individual
for a fixed regime ¢ between the individual being in treat-
ment (Wp; = 1) versus control (Wp; = 0). The indirect in-
dividual effect is defined to be the difference in poten-
tial outcomes for an individual in control (Wp; = 0) in the
high-treatment regime ¢ versus the low-treatment regime
Y. The total effect is then simply given by the sum of the
direct and indirect effects. Finally, the overall effect is de-
fined to be the difference between the average response
under regime ¢ and average response under a regime .

Specifically, for the overall effect, let Y3, (wp) be the po-
tential outcome for individual i in block b under random-
ization for the bth block, and let pr¢(Wb = wy) be the
probability of the particular randomization for the block
under regime ¢. Then define the individual average effect
under regime ¢ as

Ypi(d)= > Ypi(wp)pry(Wp=wp),

whean

where €2, is the space of possible randomization assign-
ments of the nj individuals in block b compatible with ¢.
Define the average of this over individuals in the block as
Yy () = Zl'.li | Yoi (¢)/np. Similarly, define the average
over blocks under regime ¢ tobe Y (¢) = 3 le Y, (¢)/B.
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EXPERIMENTAL DESIGN IN MARKETPLACES 7

Define the average outcomes under regime y similarly,
then the overall effect is obtained as

19 =Y(¢) - Y,

which is the difference in expected outcomes under the
two regimes, averaged over individuals in each block and
averaged over blocks. Corresponding definitions of 7%
(direct effect), T/ (indirect effect) and t7 (total effect) can
be obtained by replicating the procedure outlined above.
Hudgens and Halloran (2008) provide unbiased estima-
tors of these estimands. For brevity, we here outline the
approach to obtain an unbiased estimate of the overall

population average effect @0, but analogous results are
obtained for the indirect, direct and total effects. To esti-
mate @0, compute the average effect in each block, then
average over blocks assigned to the same regime, and fi-
nally take the difference between the estimates for the two
regimes. Formally, let S, =1 if block b was randomized
to regime ¥ and S, = O if block » was randomized to
regime ¢. Then, if Sp = 1, Y,(¥) = S Yii(wp)/np.
Taking the average across blocks, which were randomized
to ¥, gives

Y8 V() ls,=
Z[t)?:] 15/,:1

Defining similarly Y (¢), now summing over blocks with
Sj, =0, the following is an unbiased estimate of 7:
=Y () - Y.

The second theoretical contribution is to provide conser-
vative estimates of the variance of these quantities under
an additional assumption that the potential outcomes only
depend on the fraction of exposed individuals in the block
and not the specific individuals. For example, the outcome
for individual i in block b who receives the treatment is
the same regardless of which k — 1 other individuals are
selected for treatment. This reduces potential outcomes
per individual to np, rather than 2" in the complete inter-
ference case or 1 in the no-interference case. Under this
assumption, the variance estimator given by

Y(¥) =

~2 ~2
V(0 . 10) = 1+ DL,
with
B (¥, — Y(¥))2S
=y, T =TS,
h=1 v

Here, By = Y°B_, S}, is the number of blocks allocated to
regime ¥ and 81%,1 (¢) is defined analogously. Then

E[Var(2? (§,y))] = Var(z? (¢, ).
Equipped with an unbiased estimate and a conservative

variance estimator, we can construct confidence intervals
or perform hypothesis testing.

5. NETWORK EXPERIMENTS

The framework of Hudgens and Halloran (2008) is fur-
ther generalized in Ugander et al. (2013), where instead
of considering explicit disjoint clusters or groups (such
as classrooms or households) the authors encode rela-
tionships between randomization units through a graph
G = (V, E). Vertices V are the randomization units and
edges E between vertices indicate some relationship be-
tween the randomization units, which could cause viola-
tions of SUTVA. In the case that a graph can be com-
pletely decomposed into many connected components,
this may be seen as similar to the clustered experiments
of Rosenbaum (2007) and Hudgens and Halloran (2008).
When the graph does not decompose into connected com-
ponents, the authors propose an approach where exposure
probabilities are computed from the graph G and then the
treatment effect is estimated via application of the esti-
mator from Horvitz and Thompson (1952) (H-T). A clus-
tering approach where groups of nodes are collectively
randomly exposed (or not) to an intervention is then se-
lected to reduce the variance of the H-T estimator. More
formally, they define an exposure condition, which states
that there is an equivalence set 27 of random allocations
W for which the outcome for individual i, Y; (W) is the
same for all elements in the set. Namely, Q? is the set of
randomizations such that Y; (wg) = Y;(0) for all wg € Q?,
where 0 is the randomization where no one receives an
intervention. The set Q} is defined analogously.

To make progress, the authors describe different net-
work exposure conditions, which define these sets. The
two main examples are “Absolute k-neighborhood expo-
sure,” which states that the equivalence sets Q? and Qll
depend only on the individual unit i and the £ neighbors
receiving the treatment condition. That is, a fixed constant
k is assumed to exist and a unit i is considered treated as
long as its k neighbors are. “Fractional g-neighborhood
exposure,” states that Q? and Qll depend only on i and
q - d neighbors receiving the treatment condition with d
being the degree of the node i. That is, a fixed propor-
tion ¢g exists such that as long as g - d neighbors of i are
are exposed then i is considered exposed. Under both of
these assumptions, these exposure condition sets can be
defined precisely by the underlying graph. Consequently,
the exposure probabilities pr(W e Q?) and pr(W e Qil)
can be computed from the graph G given a randomization
distribution pr(W = w). Then it is possible to estimate an
unbiased average treatment effect by

i=1

1 & (Yi(W)IWeQ} Yi(W)lWeQ?)

pr(Wel)  pr(Weq)

In many of these examples of group or cluster random-
ized experiments, the cause of the spillover is some form
of secondary actor or agency, which creates the interfer-
ence. For example, in the schools case it could be the
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teacher whose behavior changes due to the intervention
on some students or in-class activities causing students
to interact with each other. In other cases, physical prox-
imity between units caused by being in a community is
responsible for the interactions. As Hudgens and Hallo-
ran (2008) demonstrated, taking advantage of the second
level of agency by double randomizing enables estimating
the indirect and direct effects, which were unidentifiable
in the case examined by Rosenbaum (2007). However,
the group randomized approach in Hudgens and Halloran
(2008) is still restrictive in design: each unit is assigned
to precisely one group, the exposure level for each group
cannot be 0% or 100%, and it is assumed that interfer-
ence only occurs within the group. There are many set-
tings, such as infectious diseases or marketplaces, where
the pattern of interaction connects all units, and thus pre-
cludes dividing the population into groups that do not in-
terfere.

6. CROSSOVER DESIGNS OR SWITCHBACK
EXPERIMENTS

Crossover or switchback designs are a prominent alter-
native to simple RCTs with a long history in the econo-
metric and statistical literature, including early applica-
tions in agricultural experiments. See Cochran (1939),
Cochran and Cox (1948) for early discussions and Brown
(1980), Cook and DeMets (2007) for a modern exposi-
tion. Traditionally, the main idea of switchback designs
is to expose sequentially the same physical unit (e.g., a
cow) to a random treatment (e.g., different types of feed).
By measuring the unit’s response to different treatments
over time, one can directly estimate an average (over time)
of the unit’s individual level causal effect. In cases with
substantial heterogeneity between units, this can lead to
large gains in precision. Although traditionally the pri-
mary goal of such designs is to improve precision over
standard RCTs where units receive the same treatment
over time by leveraging within-unit across-time compar-
isons, in modern settings these designs have been adopted
to reduce the effect of interference across units. Consider
a setting with a population of customers that can be par-
titioned into market segments. Treating some customers
(e.g., riders in an rideshare company) may affect other
customers in the same market segment. In that case, us-
ing the market segment as the unit of analysis may be
an attractive way to avoid biases arising from such inter-
actions. However, this may leave the researcher with too
few units (market segments) to do an experiment with suf-
ficient power. In that case, a crossover experiment where
the treatments change within a market segment over time
may be a much more effective way to get precise estimates
that are not contaminated by spillovers.

An important contribution in crossover designs that
goes in this direction is Bojinov, Simchi-Levi and Zhao
(2020).

The authors develop a framework for the optimal design
and analysis of switchback experiments that explicitly al-
lows for carryover effects. These are causal effects on
units’ future outcomes arising from past exposure to the
active treatment. For example, if in a rideshare application
there is a change in the matching algorithm it may take
riders and drivers some time to adjust to the new environ-
ment. Thus, comparing times when the market segment
is exposed to the new algorithm versus the old algorithm
may lead to different results if the algorithms are switched
every hour versus every week. Bojinov, Simchi-Levi and
Zhao (2020) consider a class of experiments where units
can be switched between treatment and control status at
various time points. The optimal design question is the
choice of the number and timing of these switch points.
On the one hand, increasing the number of switch points
can increase the bias from carryover effects. This suggests
having just a single switch point so that the researcher
can still exploit within unit comparison while minimiz-
ing carryover effects. However, in the absence of carry-
over effects, increasing the number of switch points so
that the researcher can compare outcomes for the same
physical unit at points in time that are close can improve
the variance of the estimators, if there are smooth changes
in the potential outcomes over time. The authors bal-
ance the possible bias arising from having many poten-
tial switch points so that carryover effects are prominent,
and the variance that increases if there are few potential
switch points. They establish formal results on the optimal
design of switchback experiments, and propose a data-
driven procedure for estimation and inference. Through
their proposal, they derive optimal designs for switch-
back experiments, leading to the lowest variance among
the most popular class assignment mechanisms. This is
crucial as causal estimators from switchback experiments
typically have large variances and can be impractical even
in medium-sized experiments.

A related design corresponds to the case where units
can only switch from the control group to the treatment
group, but not backwards, in staggered adoption designs
(Athey and Imbens (2022)) or stepped-wedge designs
(Hemming et al. (2015)). This restriction often arises from
context, where even short-term exposure to a new treat-
ment persistently changes subsequent behavior. Xiong et
al. (2019) study optimal designs in such settings, which
often involve complex dynamic treatment effects.

A third, related, design that has a long tradition, es-
pecially in agricultural and industrial settings, is the
split-plot design (Yates (1935), Brandt (1938), Jones and
Nachtsheim (2009)). In such designs, there are multiple
primary units (i.e., plots of land) that each consist of mul-
tiple units (subplots) that can separately be assigned to
a treatment and for whom we can measure the outcome.
Unlike in the crossover designs, there is no sequence to
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EXPERIMENTAL DESIGN IN MARKETPLACES 9

the units within the primary units. The concern is that
even in the absence of any treatment, the outcomes for
the units that are part of the same primary unit are cor-
related. Taking such correlations into account by balanc-
ing assignments within primary units can lead to more
effective experimental designs relative to completely ran-
domized designs. Note that in the split-plot designs the
concern is typically not about estimating spillovers and
interference for such effects, which are our primary con-
cerns. However, if there is concern regarding the presence
of spillovers within the primary units, such designs could
be helpful for inferring their magnitude. Again, these de-
signs can be viewed as special cases of the MRDs dis-
cussed below.

7. EQUILIBRIUM EXPERIMENTS

Another interesting recent line of work has adopted the
lens of equilibrium effects to address the problem of ex-
perimental design in the presence of cross-unit interfer-
ence in marketplaces (Wager and Xu (2021)), Munro, Wa-
ger and Xu (2021). In this setting, naive standard RCTs
can fail to provide unbiased estimates of causal effects of
interest. To illustrate this consider, for example, the ef-
fect of tuition subsidy on college attendance (Heckman,
Lochner and Taber (1998)). Suppose students choose to
enroll in college partially because of the college wage pre-
mium (the increase in earnings due to attending college).
An increase in the number of students attending college
may lead to increased competition for a limited number of
high wage jobs and, therefore, reduce the wage premium.
Thus, a tuition subsidy directly reduces college cost, but
may also indirectly reduce the incentives to attend college.
In this context, consider estimating the effect of subsidies
on college enrollment through a simple RCT that assumes
SUTVA, with a small fraction of treated individuals. In
such a setting, the equilibrium effects would be modest
because few individuals are treated. As a result, the RCT
would overestimate the actual effect of a uniform policy,
because the experimental design fails to incorporate the
overall equilibrium effects on the college wage premium
that would be present if all individuals received the tuition
subsidy.

Crépon et al. (2013) provide an empirical illustration of
this problem. They designed a set of experiments where
unemployed individuals were randomly assigned to labor
market programs intended to help them find jobs. In dif-
ferent labor market segments, different shares of unem-
ployed individuals were assigned to the treatment group.
They found that in labor market segments with a larger
fraction of treated individuals the treatment effect was
smaller, consistent with the notion that the program made
unemployed individuals more attractive to firms, but that
it did not change the number of vacancies available.

The strategy proposed to overcome this issue is to care-
fully analyze how interference affects agents’ behavior
when the market segment has reached equilibrium. In
turn, this analysis can guide experimental design and in-
form how estimation should be performed. The key as-
sumption made here is that the interference across units
can be captured via an intermediate outcome, such as a
price, whose value is determined by an equilibrium con-
dition.

In Wager and Xu (2021), the authors consider a central-
ized marketplace in which available demand is randomly
allocated to a set of available suppliers, and the goal is to
identify the optimal payment for the supply side (e.g., the
tuition subsidy), that is, the scheme that maximizes the
overall utility in the marketplace. Here, it is reasonable to
imagine that interference is at play: if the platform dou-
bles transaction payments for a random half of suppliers,
these suppliers will be more inclined to participate and
reduce the amount of demand available to the remaining
suppliers, and thus, reduce their incentives to participate.
To design an experiment that is able to capture this effect,
the idea is to leverage the structure of the marketplace and
selectively perturb the per-transaction payment available
to the ith supplier by means of random noise. In turn, this
informs the experimenter about the supplier’s sensitivity
to “local” changes in prices that marginally deviate from
the market equilibrium. This marginal response is not di-
rectly useful to inform optimal policy design, since it does
not take into account the shift in market equilibrium that
would be observed if all suppliers were to receive the
same payment change. The authors show, however, that
when the number of suppliers is large, under additional
mild assumptions, a simple mean-field model can be em-
ployed to propagate the findings of these “local perturba-
tions” and form an estimate of the gradient of the plat-
form’s utility with respect to the payment schemes. These
gradient estimates can then be used to optimize the pay-
ment scheme via generic stochastic first-order optimiza-
tion methods, such as stochastic gradient descent.

In Munro, Wager and Xu (2021), the authors consider a
similar setting, where agents in the market are character-
ized by an individual demand and supply curve that drives
their behavior. The experimenter is interested in assess-
ing the effect of some intervention (e.g., introduction of a
subsidy) on the agents’ preferences in equilibrium, when
cross-unit interference is present. The authors analyze
equilibrium effects assuming that this cross-unit interfer-
ence is “restricted,” in the sense that the agents’ behavior
only depends on whether they are exposed to treatment
or control (through a random assignment mechanism that
the experimenter gets to choose, for example, whether the
individual enjoys a subsidy or not), and the market equi-
librium prices, but not directly on other agents’ treatment
assignment. Under relatively mild assumptions, an exper-
imental design in which one jointly randomizes over (i)
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treatment assignments and (ii) equilibrium prices can be
used to consistently estimate causal effects in the presence
of interference in this setting.

8. MULTIPLE RANDOMIZATION DESIGNS

In this section, we review a novel class of experimen-
tal designs, Multiple Randomization Designs (MRDs), re-
cently introduced in Bajari et al. (2021) and Johari, Li and
Weintraub (2020). As we show, this is a rich class of de-
signs that can be thought of as a generalization of many
of the designs discussed in the previous sections.

Many experiments in modern settings involve multiple
populations, with both outcomes and treatment assign-
ments indexed by members of each population. For ex-
ample, in marketplaces outcomes may be indexed by buy-
ers and sellers, in rental marketplaces, outcomes may be
indexed by renters and properties, in social media they
may be indexed by content creators and subscribers, and
in other settings we may have services and customers,
movies and viewers, or market segments and time peri-
ods. In this paper, we use the terminology buyers and
sellers to make the discussion specific, but the applica-
tions are more general. These settings are challenging
for traditional experimental designs because members of
both populations often act strategically in their interac-
tions with each other. This leads to responses to the treat-
ment assignment that are characterized by interference or
spillovers between two different buyer—seller pairs. Here,
we discuss experimental designs, where, by letting the
buyer—seller pair be the experimental unit, and indexing
the treatment at the pair level, we are able to to assess
the presence and magnitude of such interference within a
single experiment. We discuss the design as well as the
analyses of such experiments.

To show the information content of such experiments,
consider a marketplace with eight sellers and five buyers.
We assign the pair corresponding to buyer i and seller
J to a binary treatment, W;; € {C, T}. This leads to the
assignment being a matrix, rather than a vector as in a
traditional experiment. An example of a MRD treatment
assignment matrix in this setting is shown in (8.1).

7 (Sellers)
—_——~

12345678
ccccecceccecceco
ccccececceccece
CCCCTTTT
CCCCTTTT
CCCCTTTT

(8.1)

(Buyers)

i

Tt = W N =

In comparison, a conventional buyer randomized exper-
iment where the buyer is the unit of analysis and as-
signment would have an assignment matrix W with all

columns identical and rows consisting of either all T
or all C. Symmetrically, a seller randomized experiment
would correspond to an assignment matrix with all rows
identical and columns consisting of either all 7 or all C.

There are two key advantages to allowing the exper-
imental design to be a choice for the distribution of a
matrix W jointly randomizing across buyers and sellers,
rather than a choice for the distribution of a vector, ran-
domizing only at the level of buyers or at the level of sell-
ers.

First, by allowing for a richer set of potential assign-
ment matrices W, MRDs can be more efficient than con-
ventional RCTs in answering standard questions. Specif-
ically, under some conditions, designs where the fraction
of treated buyer—seller pairs is the same in all columns and
all rows are more efficient than either a standard buyer or
a seller experiment. This insight is related to the moti-
vation underlying stratification, Latin squares and facto-
rial designs in agricultural experiments. An example of
the use of MRDs for this purpose is in crossover designs.
Here, the two populations that we can randomize over are
units and time-periods. By randomizing both over units
and time periods within the same experiment, one will in
general get more precise estimates of the average causal
effects than by randomizing only over units or only over
time periods if there is heterogeneity by units or by time
periods.

Second, and this is the more important of the two ad-
vantages, MRDs can generate information about spillo-
vers and interference that cannot be learned from sim-
ple, single randomization designs such as standard RCTs.
Specifically, MRDs allow for tests for the presence of
spillovers and estimation of their magnitude by generating
subpopulations of pairs of buyers and sellers that are ex
ante comparable because of the assignment mechanism,
but that ex post are different in their assignments, despite
all being exposed to the control treatment.

Consider the example treatment assignment matrix in
(8.1). There, the buyer—seller pairs, which receive the con-
trol treatment can be divided into three subsets. In the top
right, we have the blue C buyer-seller pairs (buyers 1-2,
and sellers 5-8). These pairs are exposed to the control
treatment, but these sellers are exposed to the active treat-
ment in their interactions with other buyers (buyers 3-5).
In the bottom left, we have the green C buyer-seller pairs
(buyers 3-5, and sellers 1-4). These pairs are again ex-
posed to the control treatment, but now the buyers are ex-
posed to the active treatment when interacting with other
sellers (sellers 5—-8). Finally, in the top left we have the red
C buyer-seller pairs (buyers 1-2, and sellers 1-4). This
set consist of pairs where both the buyers and the sell-
ers are always in the control group. Ex ante these three
sets of pairs are comparable because of the randomiza-
tion. However, ex post they differ systematically in terms
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of their general exposure. Comparing outcomes for these
three sets of controls pairs is informative about the ex-
tent and nature of spillovers, and allows us to correct for
spillovers under some assumptions on the structure of the
interference.

The general MRD framework allows for much richer
experiments than the simple one in (8.1). In principle, any
distribution of assignments for the matrix W is now an ex-
perimental design where a standard RCT corresponds to
cases where either the rows or columns of W are all iden-
tical. As an illustration, suppose we are concerned that
there are both direct effects of the treatment on buyer-
seller pair (i, j) from the treatment W;;, but also indi-
rect effects on the buyer—seller pair (7, j) from treatments
Wim for other pairs (k, m). Not necessarily indirect ef-
fects for a generic pair (k, m), but possibly for pairs with
either k =i or m = j. To assess the presence and mag-
nitude of, as well as disentangle, these direct and indi-
rect effects consider the following two-stage experimen-
tal design. We first randomize sellers into two groups
(X f € {B, §}), for all sellers j. For the first group of sell-

ers, those with XJS. = B, we conduct a buyer experiment

(with assignment for buyer i equal to Wl-B e {C,T}), and
conduct a seller experiment for the second set of sellers,
those with X ? = § (with assignment for seller j equal to

W]-S € {C,T}). An example of the assignment matrix un-
der such a design is given in (8.2). Interpreting and ana-
lyzing such experiments requires careful consideration of
the types and mechanisms for interference and spillovers.

Buyer Exp. Seller Exp. e

(Sellers)j — 123 45678 =

Lol @

Xj— BBB SSS5SS |~ b

W5 — TCTCC || |4

(8.2) ccc TCcTCCc\|lCc|1
ccce o TCcTCC|lC| 2

W= |TTT TCTCC]||T]|3

ccc o TCTCC|fc |4

TTT TCTCC/|T]|5

Another example of a MRD is important in the con-
text of clustering where it has been considered in Holtz
et al. (2020). Suppose we have a population of items, ei-
ther physical items, or listings, which may be purchased
by individuals. The researcher is interested in the effect
of some discount or informational treatment, but there is
concern that a simple randomized experiment may be sub-
ject to bias as a result of interference. One alternative to a
standard randomized experiment is a cluster-randomized
experiment described above. Another alternative is to con-
struct the clusters, but then randomly assign the clusters
to one of two sets of clusters. In the first set a standard

clustered experiment will be conducted, which by con-
struction will be free from bias arising from within-cluster
interference. In the second set of clusters a completely
randomized experiment will be conducted, which will be
subject to bias from spillovers within clusters. Like the
other MRDs, this will allow the researcher to assess the
presence and magnitude of within-cluster bias. An exam-
ple of an assignment matrix for such an experiment is
given below.

Individual
7L
4} ; —l
Cluster ) o
Listine 12345678
isting ———

1 1AfCccCcccCcCccCcC
i AlCccccceccececce
TTTTTTTT
TTTTTTTT
ccecceccececcec
TTTTTTTT
ccececcececec
TTTTTTTT
TTTTTTTT
ccccecceccecec

Do

(83) 41 A

There are I buyers, indexed by i € I :={1,...,1}.
There are J sellers, indexed by j € J:={1,..., J}. Both
I and J may be large, although under random assignment
it is possible to derive finite sample results that are valid
irrespective of the absolute and relative magnitude of /
and J.

Over a fixed period of time, say a week or a month,
there is for each buyer-seller pair a measure of engage-
ment, which we use as the outcome, denoted by Y;;. The
outcome could be the amount of money spent by a buyer
with a particular seller, or an indicator that buyer and
seller have interacted.

Formally, we consider a binary intervention that can be
assigned at the level of pair (7, j) of a buyer i and a seller
J,denoted by W;; € {C, T}, with W the I x J matrix with
element W;;. There may also be buyer, seller or buyer-
seller-specific characteristics that are correlated with the
outcomes. These characteristics can improve the precision
of the experiments, but we ignore their presence for the
moment.

An example assignment matrix is shown in Equation
(8.2), where the columns correspond to the J sellers, and
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the rows correspond to the / buyers.
(Sellers) 7

(Buyers) i —l Ll 29345678

lfcccccececece

CTTTCCTT
W: )

3lcrccrTrCccCcT

Il TCCTTCCT

5\TTCCTCCT

[N}

(8.4)

We refer to a distribution p : W [0, 1] as an experimen-
tal design, where W is the set of values that the matrix W
can take on. Many conventional RCTs impose substantial
restrictions on these assignment matrices. More specif-
ically, conventional designs restrict all elements within
rows (or within columns) of the matrix to be identical,
with variation only between rows (or columns). As dis-
cussed earlier, experimental designs that allow for varia-
tion in the treatment both within rows and columns can
be more efficient in answering questions that can already
be answered using conventional designs; and, more im-
portantly, they can be informative about the presence and
magnitude of spillover effects, thus answering questions
that conventional designs cannot address. (Whenever the
distinction matters and is not clear from context, we refer
to a draw of an assignment matrix from W as w, and to
W as a matrix-valued random variable.)

The buyer—seller pair (i, j) is the unit of observation
as well as the unit of analysis. In principle each poten-
tial outcome can depend on the full matrix W, Y;;(W),
with Y (W) denoting the full 7 x J matrix of potential
outcomes for a given I x J matrix of assignments W.
Particular interesting values for the assignment matrix are
W =T, with typical element 7;; =T for all i € I and
Jj € J, corresponding to all pairs/interactions being ex-
posed to the new treatment, and W = C, with typical ele-
ment C;; = Cforall i € Iand j € J, corresponding to all
pairs being exposed to the control treatment. The realized
outcomes correspond to the potential outcomes evaluated
at the actual assignment: ¥ = Y (W).

In a buyer (or seller) experiment, the potential outcomes
are typically the sum over all sellers (buyers) of the pair-
specific outcome:

J
YB(W)=>"Y;;(W), and
j=1

I
Y2 (W) =Y (W).
i=1
In conventional RCTs the unit that we randomize over is
the buyer (or the seller), and the standard estimand is in
that case the the effect of universal policies, that is, expos-
ing all interactions to the treatment versus exposing none

of the interactions, or the difference between the average
potential outcomes given treatment and control:

1t

B = 7 Y (YR - v ).
i=1

In a MRD set up the corresponding estimand is the aver-

age difference between Y;;(T) — Y;;(C),

I J

1
(8.5) T=17 DD (¥ (T) = Y35(C)).

i=1j=1

These estimands are not directly comparable because for
the buyer (seller) experiments we sum over all pairs, and
so the estimands are measured on a different scale. To
make the estimands identical, it is useful to focus on lifts,
the difference in average outcomes scaled by the average
control outcome. For MRD experiments, this would lead
to

_ ﬁ Zilzl ZJJ'=1(Yij(T) - Y;;(C))
77 i1 X0 Y3 (C)

which is identical to the corresponding estimand for a
conventional buyer (seller) experiment.

0

’

9. EXPERIMENTS IN DOUBLE-SIDED
MARKETPLACES

In this section, we discuss the benefits of adopt-
ing MRDs for the estimation of the direct and indirect
(spillover) causal effects in a specific context. We use an
example of an experiment in a video streaming service to
illustrate the role of modelling assumptions on the nature
of the interference. Key is that once we have interference,
even randomization cannot completely free us from the
need to make untestable assumptions.

9.1 Experimental Setup

Consider a video streaming service where viewers i =
1,..., 1 can choose to watch streaming content provided
by content creators (creators for short) j = 1,...,J.
When they choose to watch a video, viewers are shown
advertisements (ads). We are interested in estimating the
effect of doubling, for all viewers and for all content
creators, the number of ads shown before the content is
shown (Pre-Roll-Ads; from hereon, PRAs) on a metric
Y;;, measured at the viewer-creator level. For the sake
of concreteness, let Y;; denote the amount of time (e.g.,
the number of minutes) that viewer i spends watching
the content of creator j during a fixed period of time
(e.g., a week, or a month). Experimenters can expose
each viewer/creator pair (i, j) to either the default pol-
icy (a single PRA) or to the new policy (two PRAs). At
the discretion of the creators, additional ads can be dis-
played throughout a stream (Mid-Roll-Ads; from hereon,
MRAS).
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Creators observe, but do not control, how many PRAs
each viewer sees prior to seeing the content. In contrast,
creators do decide how many MRAs will be displayed
during the video. Each viewer watching the content in
principle sees the same number of MRAs, rolled out at
the exact same time for every viewer on the stream, that is,
120 seconds into the content, although viewers of course
may choose to stop watching the video at any moment in
time. A key feature of this set up is that although the cre-
ator has complete control over the timing and the num-
ber of MRASs, they are indirectly constrained by the fact
that viewers may not return if they are shown too many
MRAs. This is further complicated by the possibility that
the response of the viewer to the number and timing of the
MRAs may be affected by the number of PRAs, which are
not controlled by the content creator, and which may vary
by viewer.

9.1.1 Potential outcomes and estimands of interest.
Given the potential outcomes Y;;(w), we are interested
in the effect of switching all viewers from one to two
PRAs for content from any of the creators, T in Equa-
tion (8.5). To make progress in our analysis, we now con-
sider assumptions about the potential outcomes Y;;(T)
and Y;;(C) in Equation (8.5) that impose limits on the
structure of the spillovers.

ASSUMPTION 9.1. Assume that the entire population
gets to see only one PRA—that is, the service adopts C.
The time that viewers would spend watching creators’
contents is drawn i.i.d. across viewers and creators from a
“base” distribution Fy:

Yij(C)i’i\(“jFO,

9.1 E[Y;;(C)] = o €R, and

Var(Y;;(C)) = o¢ < oo.

While the results in Bajari et al. (2021) on which this
example builds do not require a distributional assump-
tion as in Equation (9.1), Assumption 9.1 is helpful for
the simulations discussed in Section 9.5. In practice, we
expect the distribution F{ to induce a very sparse matrix
Y (C): that is, most streams are watched by a few viewers,
and most viewers watch only a few streams. To capture
this behavior, many options are possible. The simplest is
to assume that Fj is a mixture distribution with a mass
point at zero, where for some 7 € (0, 1) and distribution
Fp,+ with support on R, so that for all y,

9.2) Fo(y) = (1 —m)1y=0y + 7 Fo,+ ().

Another generalization that may be important in practice
is to relax the i.i.d. assumption and allow for correla-
tion between outcomes for different creators for the same
viewer and for different viewers for the same creator.

9.1.2 Potential outcomes under treatment, full expo-
sure. We next posit assumptions to relate potential out-
comes Y;;(T) to potential outcomes Y;;(C)—i.e., to
model the relationship between what happens in the ab-
sence of experimentation to what would happen if the
treatment policy were rolled out where some viewers were
exposed to two PRAs for some creators.

In our setting, interference relates to the fact that by
exposing a viewer/creator pair (i, j) to assignment W;;
we might affect, directly or indirectly, the outcome Y;/
for some other viewer/creator pair (i’, j'). Here, we call
a direct effect a change in outcome for a viewer/creator
pair (i, j) caused directly by a change in exposure for
that pair, W;;. Conversely, an indirect effect (spillover)
is a change in the outcome for viewer/creator pair (i, j)
caused indirectly by the change in exposure for another
pair (', ) # (i, J)-

When full exposure T is implemented, so that the
new policy of showing two PRAs is rolled out to all
viewer/creator pairs, two things happen. First, a direct ef-
fect of the increased ad exposure. That is, the viewers’
experience is affected due to the increase in PRAs. We
expect this to cause fewer streams being watched over-
all. We capture this effect via a “dispersion” parameter,
6 > 0. In turn, this direct effect triggers a content creators
(indirect) reaction: as a consequence of the viewers’ dis-
persion, some content creators may choose to reduce their
MRAS, to reduce the impact of the increased PRAs on the
viewer behavior. We capture this effect via a “premium”
parameter o > 0.

ASSUMPTION 9.2. Conditionally on Y (C), potential
outcomes Y;; (T) are a stochastic function of Y;;(C):

(9.3) Yij (DY (C) ~ Yi; (C) (1 + Aij — Ajj),

. iid iid .
with A;; ~ Fa, Ajj ~ Fp, independent of Y;;(C), and
E[A;;] = a, E[A;;] = §. For both random variables we
assume finite second moments.

With these assumptions in place, it follows by the law of
large numbers that as I x J — 00, the average treatment
effect of switching all viewer/creator pairs from one to
two PRAs is

94

Given this model for the outcomes and the treatment ef-
fects, what can different experimental designs tell us?

t 5 w0l +a — 8) — o = pola — 6).

9.2 Viewer-Randomized Experiments

One option is for the experimenter to run a viewer-
randomized experiment. In the simplest case, let W/ ~
Bernoulli(p?) for some p* € (0, 1), and let W;; = W} for
all j. That is, regardless of the creator j, viewer i will
always see the same number of PRAs. We expect this in-
tervention to have a direct effect on viewers, causing dis-
persion: viewers who are randomly selected to always see
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two PRAs (viewers with i : W = 1) reduce their engage-
ment and they spend less time watching (any) content. In
turn, we expect two indirect effects to be triggered.

First, content creators will react: content creators see
that some of their viewers are exposed to more PRAs,
and they are aware of the risk of losing such viewers. As
a consequence, some content creators might strategically
reduce MRAs in response. The reason for this response
is that the higher number of PRAs seen on average will
increase the revenue-per-viewer of content creators, and
since more PRAs lead to viewers abandoning the content
creator, they might choose to be conservative and reduce
the MRAs (e.g., by targeting the same level of total av-
erage Ads-per-viewer before the experiment). This is a
negative externality for the creators. This effect will be
small if p? is small and there are few viewers with multi-
ple PRAs, but it will be increasing with p?, and might be
substantial if p? is large.

Second, if content creators adapt their behavior, all
viewers will see fewer MRAs. Crucially for the spillovers,
this includes viewers assigned to the control group, who
were not exposed to additional PRAs. This might lead
these viewers in the control group to enjoy the content
more, and not interrupt it mid-way—that is, spend more
time watching the stream. Therefore, the experience of the
control viewers is affected by the exposure of the treat-
ment viewers. This is a positive externality for the view-
ers.

As a result a comparison of average outcomes for
treated viewers and control viewers in a simple viewer
experiment will be biased for the average effect 7. In this
particular case, with p¥ < 1, the content creators will re-
duce the MRAs less than they would do if all viewers
were exposed to the PRAs. Consequently, both viewers in
treatment and control will be streaming with more inter-
ruptions than they would do if all viewers were exposed
to the treatment. In addition, because the control view-
ers find their average MRAs reduced by the creator re-
sponse, they will be streaming more than they would do if
none of the viewers were exposed to the treatment. Thus,
the comparison between treated and control viewers will
overestimate (in absolute value) the negative effect of the
treatment, and may suggest that the increase in PRAs has
a bigger effect on engagement than it actually will have.

9.2.1 Data generating mechanism. We next posit a
simple model for the effect of a viewer randomized exper-
iment on potential outcomes, when we expect interference
to act as we described above. Let W) be the (random)
matrix of random assignments in a viewer randomized ex-
periment.

ASSUMPTION 9.3.
viewer i is in control—Wg}’r) =0 for all j—then:

In a simple viewer experiment, if

Vi (W)Y (), W = 0} £ ¥55(C)(1 + Aij).

If viewer i is in treatment, ng;.’r) =1, then for all j:
Yi (W)Y (©), W™ =1}

LY+ Aij — Ay,
where Aij 1’1\('1 FA, A,‘j l’l\('i FA.

Notice that the notation in the simple model in Assump-
tion 9.3 does not capture that the indirect effect is likely
to be a function of p?, the fraction of treated viewers. A
simple way to incorporate this dependency would be to
let « = a(p?) depend on the randomization proportion
pV. For ease of exposition, we do not consider this depen-
dency here.

Consider the usual difference-in-means estimator: let-
ting 7y = {(i, j) : Wy = w),

Y (W)
~(vr) _ 1 _
T - Z |I(Vr) | Z
(i, j)ez”™ ! (i, j)eZy™

Then, by independence of Y;;(C), A;;, and A;;,

E[2V] = (1 + o = 8)puo — (14 @) o = =340,

which differs from the target T by ajt¢. This simple analy-
sis suggests a viewer-randomized experiment would cap-
ture the target ATE t only when o = 0 (19 = 0 is not an
interesting case if the outcome is a nonnegative variable).

Y (W)
1757

9.3 Content-Creator-Randomized Experiments

Another option is for the experimenter to run a content-
creator-randomized experiment. In the simplest case, let
Wj? ~ Bernoulli(p®) for some p© € (0, 1), and let W;; =
Wj‘-' for all i. That is, the content of creator j contains the
same number of PRAs for all viewers.

The direct effect of a creator-randomized experiment
is that creators assigned to display more PRAs (creators
with j : W¢ = 1) become comparatively less appealing.
As a result, after realizing that a content creator in the
treatment group displays more PRAs than other content
creators, viewers might get annoyed or bored, and might
switch to substitute streams from creators which are in
the control group, or reduce the amount of content they
stream.

As a consequence of these direct effects, the inter-
vention triggers two indirect effects. First, as a conse-
quence of viewers changing their preferences towards cre-
ators in the control group, some creators in the treatment
group may respond strategically and choose to reduce
their MRASs to make their content more appealing. Sec-
ond, content creators in the control group may increase
their MRAs in response to the increase in the number of
viewers they attract as a result of them having fewer PRAs
than the treatment group. The result of both these indirect
effects is that the decrease in engagement for the treated
content creators is partly offset via their response by re-
ducing MRAs.
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9.3.1 Data generating mechanism. Similarly to As-
sumption 9.3, we assume that we can capture the way
in which potential outcomes for the treated and con-
trol groups behave in a content-creator-randomized ex-
periment, where we model the interference as described
above. Let W(©c®) be the matrix of random assignments
in a content creator experiment.

ASSUMPTION 9.4.
if viewer/content pair (i, j) is in control —

In a content-creator exper iment,
(ccr)

Y,-,~(W<ccr>)|{w(“f> 0,Y(C)} £ Y, (C)(1 +n;)).
Here n;; = i S p( (F —a). §;; ~ Bernoulli(r) denotes
whether viewer i would switch over to view content j
if that content was in control due to other content being
treated. Here, 7 is assumed fixed across viewers, creators.
1f—;c(F,- — «) is the switchover “bonus” obtained by cre-
ators in control: for every viewer i, a fraction p¢ of the
J content creators are treated, and for every treated con-
tent creator (I'; — A;;) x 100% of the time viewer i will
switch over to a control content creator. This time gets
“distributed” across all the streams in control, on average
J(1 = p©).
If creator j is in treatment, Vi, Wf;cr) =1, then:

Yy (WED) (W = 1,7(0)}

LY ()L + Ayj — Ti — Ay,

with A;; i Fu, T i Fr with mean y, what we call
the switchover parameter. Here, I'; € (0, 1) is a random
fraction representing the “elasticity” of viewer i to the
policy change (from control to treatment) when watching
(any) streaming j quantifying the fraction of time they
would switch to content from other creators if stream j
was treated.

Letting, for w € {0, 1}, Zo° = {(i, j) : W;j = w}, the
usual difference-in-means estimator is

~(ccr) __ 2 _ 2
T = Z | (ccr)| Z |I(ccr) |
(. )ez 1 (i.))eT 10
Then
E[f(ccr)]

:[(1+a—y—5)—<1+]fc

(v~ @) o

1

=1 _pc(a — Yo — 8uo,

which differs from the target T = po(o — §) by

-(5)
— | o-
1 —p¢

E[f(ccr)] _

In this case, there are two sources for the bias. It depends
on the viewer elasticity with respect to the policy change
y and on the fraction of treated creators, p¢. Viewers pre-
fer streams that are not treated because of a switchover
option that would not be present if the service were to roll
out the intervention to everyone.

Assumption 9.3 and Assumption 9.4 are similar to the
restricted interference assumption of Bajari et al. (2021).
Their restriction implies that we can encode the inter-
ference via a distributional “shift” with respect to what
would have happened in the absence of an intervention,
that is, the case in which we would have applied a treat-
ment arm to the entire population. We emphasize that
while the simple Assumptions 9.3 and 9.4 might fail to
capture the full complexity of dynamics (e.g., switch-
overs might depend on randomization proportions p¢, or
treating viewers might change the sparsity pattern of the
observations, etc.), they provide a natural starting point to
model the presence of spillovers, and the pitfalls associ-
ated with conventional single randomization designs.

9.4 Double Randomized Experiments

A third option is for the experimenter to implement a
simple MRD, specifically, a double randomized experi-
ment, as discussed in Section 8. We randomly split the
viewers into two groups, W ~ Bernoulli(p") for some
p¥ € (0, 1), and we randomly split the creators into two
groups, WC ~ Bernoulli(p®) for some p¢ € (0,1). The
a531gnment for Vlewer/creator pair (i, j) is then W;; =
W/ W for all i, j (this nests the viewer experlment if
pl'= 1 and the content-creator experiment if p¢ =1). We
let W(®T) denote the corresponding binary assignment
matrix. See Figure 3 for a bipartite graph version of this
assignment mechanism.

In this case, remember from Section 8 that we partition
the space of outcomes into four (not two) groups:

e consistent controls (c): viewer-creator pairs (7, j) for
which only one PRA is displayed, and where viewer i
never experiences more than one PRA on other streams,
and other viewers watching the stream of creator j
never experience more than one PRA.

e inconsistent viewers (iv): pairs (i, j) for which only
one PRA is displayed, and other viewers watching the
stream of creator j never experience more than one
PRA. However, viewer i sees more than one PRA for
other creators’ streams.

e inconsistent creator (ic): pairs (i, j) for which only
one PRA is displayed, and other viewers watching
the stream of creator j never experience more than
one PRA. However, other viewers watching the same
stream of creator j see more than one PRA for that
same stream.

e treatment (t): pairs (i, j) for which two PRAs are dis-
played. By construction, viewer i does get to see only
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one PRA for other creators’ streams, and some other
viewer interested in watching the stream of creator j
only get to see one PRA.

Direct effects of a double randomized experiment mir-
ror previously discussed viewer and content-creator ran-
domized experiments. A viewer with W;” =0 will not ex-
perience any direct-effect from taking part in the experi-
ment. However, a viewer with W = 1 may reduce over-
all streaming and may partially switch toward content that
shows fewer PRAs.

Indirect effects of a double randomized experiment
also mirror previously discussed viewer and content-
creator randomized experiments. For content creator j
with WJ‘-' =1, some viewers i get to see substitute streams
j' with fewer PRAs. Hence, j might reduce their MRAs
to make their content more appealing to i. For all view-
ers, that is, either W = 0 or W = 1, if content creators j
for which Wj? = 1 reduce their MRAs as discussed above,
this will make viewer i more likely to watch that content
over content for which W¢ = 0—which do not update
their MRA policy.

To simplify analysis, we adopt the local interference as-
sumptions of Bajari et al. (2021). Let $‘*) be the matrix
of types induced by the double randomized experiment,

c ifWi”=0andW]‘7=O,

(9 5) S(dbr) _ if Wiv =1 and VVJC = O,
. ij I . v c __
ic if W' =0and W; =1,
t ifW/=1and W;=1.
ASSUMPTION 9.5. Under a simple double-

randomized experiment as described above, the follow-
ing holds:

Viewer treatments Content creator treatments

|4 'V
W) Wy

Potential outcomes

FIG. 3. Bipartite graph representation (I =3, J=2) of a sim-
ple double randomization design. Viewers i € {1,...,1} have treat-
ment indicators WI-V € {0, 1}. Content creators j € {1,...,J} have
treatment indicators W]-C € {0, 1}. Treatment assignment for each
(viewer, creator) pair (i, j) is W;; = Wl-V ch so that it is treated iff
both treatment indicators are 1. Potential outcome for pair (i, j) is

=Y (Sg.br) =Y (type(WiV, WJ.C)), where ‘type’ is given by
equation (9.5).

o if Sl.(jdbr) = c, the experience of the viewer/creator tuple
coincides with C:

Yij (W) (S5 = ¢, Y ()} £ ¥;;(C).

o if Sl.(}ibr) =iv (W' =1and WJ? = 0), the experience of
the tuple (ij) coincides with that of an untreated pair in
a content creator experiment:

r d
Yij (WD) S = iy, ¥ (C)} £ ¥;(C) + mij o

o if Sl.(fbr) =ic (W =0and W]‘f = 1), the experience of
the pair (ij) coincides with that of an untreated pair in
a viewer creator experiment:

. d
Y (WD) [S9 =ic, ¥ (O)} £ (1 + A;j)Yi;(C).
o if ST =t (W =1and W¢ = 1),

Yy (WD) {59 =1, ¥ (C))

£ (1= Ay =T = Aij + A Y, (O).
Notice that in Assumption 9.5 we ignore “second-
order” feedbacks, for example, the fact that an untreated
content j might become much more popular overall, and
that would impact via, for example, the search feed how
likely it is for viewer i to watch it.
Let 7% = {(i}) : Si(fbr) =s}. For types s, s/,

. Y;; (W3PD)
fw= D 7(@1)
(ij)ezs(dbr) | S I
Yij (W)

(ij)ezlf.:?br) 7]
We can make all the (‘2‘) binary comparisons for the types.
These are listed in Table 1.

The effects «, &, v, see Table 2 for their interpretation,
can be identified from pairwise comparisons. First, let

oA 1
Ao=Ye=1m > v (WEe),
IZc| (ij)ele
TABLE 1

Pairwise comparisons in the simple double randomized experiment

E [fs,s/] c ic
2 (v — o

ic oL %Mo

t (@=8—y)uo [—5 + %} ro (=8 =1)no
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FI1G. 4. Estimation of the ATE with standard and double randomized experiments.
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To identify «, we can use the fact that E[7ic ] = oo
and let & = Tic o/ [to. To identify y, we can use the esti-
mate & and simply solve for y in the equation defining
fi\,Ca that iS, ); = & + (‘Ei\,c)/( 1_;,0 /10)

With these two estimates in hand, § can be directly es-
timated using, for example, T jc.

Because we have six entrants in the set of treatment ef-
fects 74 v, we can actually test some of the modeling as-
sumptions, or relax some of the assumptions underlying
the model.

9.5 Quantifying Spillover Effects: A Simulation Study

To demonstrate our framework, we here run a simula-
tion study. We draw the potential outcomes in control,
Y (C) from a mixture distribution as in Equation (9.2),
with 7 = 0.10, I = 4000 viewers, J = 100 content cre-
ators. The distribution Fy t is a gamma distribution with

TABLE 2
Dynamics in multisided intervention

Parameter Interpretation

o Premium parameter: extra time viewers spend watching
a stream when MRAS are reduced

8 Dispersion parameter: decrease in time viewers spend
watching a stream when PRAs are increased

y Switchover parameter: fraction of time viewers spend
watching substitute streams with fewer PRAs

2501
2004
1504
1004

50+

04
0.10 0.15 —0.0250.000 0.025 0.050 0.075 0.100 0.125

Estimation of parameters o, y, §. In each subplot, the solid black line identifies the underlying true value of the parameter.

mean 300 minutes/month per active content, and standard
deviation 50.

To quantify the effectiveness of the different experi-
ments, we reran experiments by keeping potential out-
comes fixed, and re-allocating units (viewers in a viewer
experiment, creators in a creator experiment, or viewer-
creators pairs in a double randomized experiment) over
N = 1000 Monte Carlo reruns. In our simulation, we let
A;j beii.d. draws from a beta distribution with mean 0.02
and standard deviation 0.1. Similarly, A;; are i.i.d. draws
from a beta distribution with mean 0.05 and standard de-
viation 0.1. Last, I'; are i.i.d. draws from a beta distribu-
tion with mean 0.075 and standard deviation 0.1. Results
are shown in Figure 4. As expected, the simple random-
ization strategies fail to correctly identify the ATE, while
the double randomization scheme allows an unbiased es-
timate for the ATE to be obtained. As a byproduct of this,
we are also able to estimate the parameters «, y, 8, see
Figure 5.

10. CONCLUSIONS

We have discussed the recent literature on experimental
designs in the presence of interference. These designs in-
clude a new class of experimental designs that is intended
to allow the researcher to learn about spillovers in certain
settings. The key feature of the settings we consider is that
we have multiple populations and can assign treatments to
pairs (or tuples) with each tuple element corresponding to
the identity of a member of each population. This allows
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for much richer designs than the conventional designs. We
demonstrated how such designs can lead to more precise
inferences about standard estimands such as the overall
average effect of the intervention and that they can gener-
ate information about spillovers that conventional designs
cannot reveal. We also propose methods for estimation
and inference.
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