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1 Introduction: Statement of the Problem

Randomized experiments are seen as among the most rigorous methodology for testing
causal explanations for phenomena in the social sciences and are experiencing a resur-
gence in political science. The classic experimental design randomly assigns the popula-
tion of interest into two groups, treatment and control. Ex-ante these two groups should
have identical distributions in terms of their observed and unobserved characteristics.
Treatment is administered based upon assignment, and by the assumptions of the Rubin
Causal Model the effect of the treatment is calculated as the difference between the aver-
age outcome in the group assigned to treatment and the average outcome in the group
assigned to control.

Randomized experiments are often conducted within a multi-level setting. These set-
tings can be defined both at the level at which the randomization occurs as well as at the
level at which the treatment is both directly and indirectly administered. These indirect
effects most often occur as a result of social transmission of the treatment, which is partic-
ularly likely when the treatment consists of information. This essay will explore the im-
plications of these multi-level settings to highlight the importance of careful experimental
design with respect to random assignment of the population and the implementation of
the treatment. There are potential problems with analysis in this context and this essay
suggests strategies to accommodate multi-level settings. These problems are most likely
to occur in field settings where control is lacking although it can sometimes occur in other
settings as well.

There are two common environments where the standard experiment fails to adjust
for a multi-level structure and results in problematic estimates and both occur where the
assignment to treatment is at the individual level but the administration of treatment is
not. Both of these instances create problems for analysis. The first problem relates to the
selection of groups to receive treatment. Suppose the random assignment is conducted
at the individual level, but the implementation of the treatment is directly at the group

level and suppose that the selection of which groups to treat is not random but instead
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is selected by an organization where the selection is correlated with individual voting
probabilities. This produces bias in the inferences that result from this setup.! An example
of this type of experiment would be one in which the randomization assigns individuals
to treatment and control but administers treatment to particular ZIP codes. Inferences in
this context are problematic because of the selection of particular ZIP codes.

The second problem is in terms of social interactions — we could have possible spillover
effects from one individual to another within the same household for example, or fur-
thermore from one household to another within the same group. That is, the random
assignment is conducted at the individual level, but the implementation of the treatment
is indirectly at the group level. Again, an example of this type of experiment would be one
in which the randomization assigns individuals to treatment and control but administers
treatment to households. Inferences at the individual-level are then problematic because
the treatment can be socially transmitted within the household. Social science random-
ized experiments often rely upon treatments which can be socially transmitted. Social
transmission has the potential to result in violation of one of the fundamental assump-
tions in the analysis of these experiments, the Stable Unit Treatment Value Assumption
(SUTVA). SUTVA states that there is no interference between units, such that the assign-
ment of an individual to the treatment group should have no effect on outcomes for other
individuals. Many randomized field experiments take place in situations where interfer-
ence between individuals is likely, such as within social settings where social interaction
is expected. If ignored, SUTVA violations have the possibility of adding bias to estimated
treatment effects, and it is possible that these biases can go in either a positive or negative
direction.

Multi-level randomized experiments rely upon existing social structures, which have
the potential to provide solutions to the problems that arise from social transmission.
A multi-level randomized field experiment design allows both for the assurance of no

SUTVA violations as well as an explicit test for the degree to which social interactions take

! As oftentimes not all individuals who are assigned to receive the treatment will actually be treated,
there is also a loss of efficiency if the contact rates differ greatly across groups.
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place. Making SUTVA an object of study instead of an assumption has the benefit of pro-
viding new insights about interpersonal influence. Multi-level experiments provide an
opportunity to better understand social transmission of politics. While theories abound
about the structure of social environments, little empirical evidence exists to explicitly
validate that these structures influence an individual’s politics. Multi-level settings occur
when individuals are assigned to treatment but will communicate to each other within
different social levels, such as within households or within precincts. Multi-level settings
require specific experimental designs and analyses but allow us to estimate the effects of
interpersonal interactions. This essay describes both the advantages of a multi-level ran-
domized field experiment and provides recommendations for the implementation and

analysis of such experiments consistent with the current best practices in the literature.

2 Spillovers, Models of Diffusion, and the Reflection Prob-
lem

Multi-level contexts highlight the role that social interactions may play in political be-
havior. Turnout decisions may diffuse through a population in much the same way that
disease or trends are also transmitted across individuals who are socially connected. Dif-
fusion processes have been clearly seen in marketing effects (Coleman, Katz and Menzel
1966, Bhatia, Manchanda and Nair 2008) and are likely to also be present in political be-
havior. Formal models of spillover effects in political behavior suggest that the ways in
which individuals are socially connected are highly likely to determine their beliefs about
candidates (Sinclair and Rogers 2009, DeMarzo, Vayanos, Zwiebel 2003).

These models are difficult to estimate using observational data due to the reflection
problem (Manski 1993). This is an identification problem, where it is difficult to separate
the selection into group membership from the effect of the group itself. Thus observa-
tionally individuals appear to be correlated in terms of behavior with their peers when
the cause of this correlation could be either a factor of the impact of group members on

the individual, a common factor which affects all members of the group, or additionally
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affects characteristics which the members of the group are likely to share and which have
driven their selection into the group initially. Standard regression models set up to pro-
vide critical tests of these formal models are exposed to the reflection problem, as it is
impossible to determine whether or not the individual is having an effect on the group or
vice versa, for example. Alternative estimation strategies do exist, which include the use
of instrumental variables and the role of time (Brock and Durlauf 1999, Conley and Udry
2009). Yet observational strategies are not generally sufficient to identify causal effects of
social interaction.

By using randomized experiments, we are able to gain some leverage on the reflection
problem by providing a stimulus to one set of individuals and then observing the be-
havior of the group. In particular, by looking for empirical evidence of spillovers in this
setting, we are then more able to directly test to what extent models of diffusion are ap-
plicable to political behavior. By using a multi-level randomized experiment, we are able
to directly evaluate both the effect of the treatment and peer-effects. This occurs via the
identification of the appropriate multi-level context and is described in the next section.

With limited exceptions, random assignment is typically done at either the individual
or population level in randomized field experiments. There are many examples where
randomization occurs at the population level, ranging from assignment by neighborhood,
congressional district, or precinct, often because it is difficult to administer treatment by
individual (Arceneaux 2005, Imai King and Nall 2009, King et al 2007). For example, in ex-
periments on the effects of campaign advertising, randomization often occurs at the level
of the media market (Green and Vavreck 2008, Panagopoulos and Green 2006). Some ex-
periments have failed at the individual level — for example, in experiments on policy such
as antipoverty efforts (Adato, Coady and Ruel 2000) and reductions in class size (Krueger
1999) — because the subjects were able to change their own assignment category within a
particular group, thus some types of experiments must be conducted at the population
level. If randomization occurs at the population level, then without additional assump-

tions the administration of treatment and inferences about treatment efficacy will also be



done at the population level. One difficulty in evaluating the treatments in these contexts
is that individuals may have communicated to each other about the treatment, thus the
observed treatment effect may result from an interaction between the direct and indirect
administration of treatment. This has implications for both the external and internal va-
lidity of the experiment, as it is not possible to separate the direct and indirect treatment
effects.

Randomization occurs at the level of the individual as well, for example, in the bulk
of experiments on voter mobilization tactics (See Gerber and Green 2008 for a review of
the literature). The majority of this essay will address issues involving the estimation of
direct and indirect treatment effects when inferences are drawn about the behavior of the
individual. It is crucial to account for the level at which randomization occurs. Inferences
are generally drawn about the behavior of the individual and it is possible to create incon-
sistencies between the assignment of individuals to treatment and the implementation of
the treatment.

Implementation of the treatment may occur indirectly as the result of social inter-
action. Many randomized experiments administer treatments which could be socially
transmitted, such as political information, a heightened sense of political interest, or in-
creased social trust. Empirical work on social networks has suggested that many of these
treatments can be socially transmitted (Nickerson 2008, Cacioppo, Fowler and Christakis
2009, Fowler and Christakis 2008). Experiments where the treatment is subject to social

transmission are implicitly conducted within a multi-level setting.

3 The Stable Unit Treatment Value Assumption

Within a social setting it is possible that spillovers from individuals assigned to treatment
to individuals assigned to control could create biases in the estimation of treatment effects,
or vice versa. Here we consider the standard setup for a political interest experiment and
examine ways in which these biases can be eliminated. Here our narrative, consistent

with work by McConnell, Sinclair and Green (2009), considers an experimental popula-



tion where individuals are members of a three-level multi-level setting. Individuals are
residents in a household and each household resides within a social group. The collection
of groups form the population. This example could generalize to any number of levels or
different settings, so long as each sub-level is fully contained within the previous level.

Our primary concern with the assignment and implementation of randomized field
experiments within a multi-level population is violations of the stable unit treatment
value assumption (SUTVA, as labeled in Rubin 1980). Units here are defined as the unit
which is being evaluated (for example, if the treatment is being evaluated at the individ-
ual level, then the individual is the unit, whereas if the treatment was being evaluated at
the group level, then the group is the unit).

SUTVA states that the potential outcomes for any unit do not vary with the treatments
assigned to any other units, and there are no different versions of the treatment (Rubin
1990). The assumption of SUTVA is key to how we draw causal inferences about the
efficacy of the treatment. The first part of SUTVA assumes that there is no interference
between units; that is, it assumes that there are no spillover effects. The second part of
SUTVA assumes that the treatment is the same for each unit. Says Rubin, "SUTVA is vi-
olated when, for example there exist unrepresented versions of treatments or inference
between units” (Rubin 1986, p. 961). In this essay, we will focus exclusively on the prob-
lem of inference between units as a result of treatment, specifically treatment spillovers.

It is possible that the units do interfere with each other in the course of receiving treat-
ment. For example, suppose that some individuals are contacted and given additional
political information — it seems likely that they might then discuss this information with
the other individuals they know in their household or in their neighborhood. In this case
there would be interference between units. In this essay, we will investigate the extent
to which we can measure potential spillovers and also design experiments in order to
be able to correct for their potential effects. We contend that spillover effects could exist
within households or within groups.

We now look at an example where, in the presence of spillovers, it would not be pos-



sible to ascertain the exact treatment effect if the randomization is conducted at the in-
dividual level and there is communication between individuals within the experimental
population. We explore spillovers both within their households and within their groups.
That is, suppose we have a violation of SUTVA. We consider the violation in terms of the

intent-to-treat effect (ITT).

3.1 Intent-to-Treat Effect

In our population of n individuals, let each individual i be randomly assigned to treat-
ment ¢ = 1 or control ¢ = 0. We investigate the outcome for each individual Y;. We want
to know what the difference is between treatment and control — the treatment effect — and
ideally we would like to calculate Y; ;— —Y; ;—, yet it is not possible to observe both states
of the world at the individual level. However, due to the random assignment the group
of individuals who receive treatment are ex-ante identical in terms of their characteristics
to those who receive control, and we are able to look at the difference in terms of expected
outcomes. We define the intent-to-treat effect as /77T = E(Y;|t = 1) — E(Y;|t = 0). The as-
sumption of SUTVA allows us to consider only the assignment of individuals. However,
when individuals are communicating, we must then revise our statements to include the
assignments for the other individuals in our sample as well. That is, we must now revise
our statement to describe all » individual assignments.

To consider a case where individuals are communicating within their households, sup-
pose we consider a case where all individuals live in two-person households and the sec-
ond person in the household is identified as ;. When measuring the expected outcome we
have to consider the assignment to the second person in the household as well, E(Y;|t;, ;).
Thus in order to estimate the treatment effect, we need a particular group of individuals
who have been assigned to treatment where the other individuals in their household have
been assigned to control, so that I7TT = E(Y;|t; = 1,t; = 0) — E(Y;|t; = 0,¢; = 0). Yet the
standard inference would not have been written to incorporate the second person, so that

there is a chance that the inferences could have been made based upon a situation where



the second person was in fact assigned to treatment as well, resulting in a biased effect
due to communication between individuals. That is, suppose there are four individuals
where three are assigned to treatment and one is assigned to control, but that we do not
draw inferences based upon a multi-level structure. Then we could misestimate the treat-
ment effectas ITT = 1/6x(Yi|t; = 1,65 = 1)+1/6x(Ya|t; = 1,to = 1) +1/6%(Yy|ty = 1,13 =
0) —1/2 % (Y3]ts = 0,t4 = 1). For individuals 1 and 2, they may be more likely to change
their behavior because they both receive treatment, so this suggests that in fact we could
overestimate the treatment effect, yet individual 3 may also be more likely to change be-
havior since she shares a household with someone who was also in the treatment group,
so this suggests that we could in fact underestimate the treatment effect.

Extending this example to groups, we would then have an even more complicated
problem where there could be communication between many households within a group.
The true I7T'T would then need to be written based upon all the instances of communica-
tion.

The consequences of these spillovers are such that it is possible that the in the pres-
ence of communication, the estimated treatment effect can be either an overestimate or
an underestimate of the true effect. The direction of the bias will depend on the ways
in which communication occurs and the effect of communication on an individual’s de-
cision — it may be the case that additional communications between treated individuals,
for example, will heighten the probability that they change their behavior. Violations of
SUTVA may produce biased estimates in light of communication about treatment. It is
not possible to know whether or not the direction of the bias will be positive or negative

prior to conducting the experiment.

4 Identifying a Multi-level Context

We identify two types of multi-level contexts. First, multi-level contexts are likely to
exist where the randomization is conducted at at a different level from the level at which

treatment is administered. This type of multi-level context has the potential to generate



correlations within groups about the treatment. Experiments like these occur most often
when the experimenter is relying upon the multi-level structure in order to implement
the treatment. Examples include voter mobilization experiments conducted by precinct
or household. The design of these experiments must account for this structure. If it is the
case that there is likely to be any failure-to-treat — that is, if it is possible that not all the
groups are going to actually receive the treatment — then it is essential that the order of
the attempts to contact each group be randomized.? This randomization both allows for
valid causal inferences and makes it impossible for the selection of particular groups to
undermine the randomization. So long as all units will be treated, then the key in drawing
inferences in these cases is that if treatment is administered at a different level than that
of the randomization, the inferences must adjust for this correlation. This adjustment is
discussed in the next section.

The second area where multi-level contests are likely to exist are where the treatment
consists of something which can be communicated across social ties, such as information.
This type of randomized experiment need only be considered where individuals in the
population of study are members of the same social structure. That is, instances, where
for example, it is possible that an individual assigned to control and an individual as-
signed to treatment could be residents in the same household. This type of multi-level
context requires a very specific design as the treatment has the potential to be indirectly
administered at the group level.* This case has the potential to be extremely problem-
atic for drawing valid causal inferences without additional adjustment. This case has the
potential to violate SUTVA.

Empirically scholars have observed social spillover which could generate SUTVA vio-
lations in the classic experimental framework. For an example of within-household inter-

ference, Nickerson (2008) finds higher levels of turnout in two-person households when

ZFailure-to-treat problems present problems for analysis, some of much can be mitigated via random-
ization inference (Hansen and Bowers 2008).

3If we conduct both our randomization at the group level and our analysis on the group level, then
this case requires no additional shifts in experimental design and in fact is eligible for the block-group
randomization (King et al 2007).
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one of the individuals is contacted to get out to vote via door-to-door canvassing in a voter
mobilization experiment. In this instance, there is interference across within the house-
holds. Nickerson finds that 60% of the propensity to vote can be passed onto the other
member of the household — a precise measurement of treatment spillover. Green, Gerber
and Nickerson (2003) find within household spillover effects from door-to-door canvass-
ing: an increase of 5.7 percentage points for other household members among households
of younger voters. In one of the earliest mobilization experiments, the Erie County study
reported that while 8% of Elmira residents had been contacted, turnout increased by 10%,
suggesting that mobilization contact was socially transmitted (Berelson, Lazarsfeld and
McPhee 1954). Other scholars have examined spillover effects in contexts unrelated to po-
litical behavior (Duflo, Kremer and Robinson 2006, Munchi 2004, Besley and Case 1994,
Miguel and Kremer 2004). Each of these instances would generate a SUTVA violation.

In order to correctly identify instances where a multi-level structure exists to correct
the experimental design to adjust for potential SUTVA violations, it is necessary to have
additional information about the population of interest. There are several possibilities for
identifying multi-level social structures, whose pragmatism is highly dependent upon
the type of experiment being conducted. The first is to explicitly observe the level at
which social interactions occur. For example, for researchers conducting experiments
where they have clear and explicit knowledge of an individual’s full network (for exam-
ple, if the experiment was conducted via the social-networking website Facebook), then it
is possible to explicitly conduct randomizations across separate components of personal
networks so as to insure against spillover. However, most experimental frameworks do
not allow for this type of explicit specification of the full network structure. An alterna-
tive method for observation is for researchers to rely upon survey results where individ-
uals self-identify their social ties. Randomization can then occur within an individual’s
self-identified social relationships. Survey data which solicits an individual’s discussion
partners — people with whom they are likely to communicate with about the treatment

and thus where spillovers are likely to occur — has demonstrated that many of these dis-
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cussion partners are geographically proximate (McClurg 2006, Huckfeldt, Johnson and
Sprague 2004). Thus, the final method for observation of an individual’s social structure
is geography. Relying upon geography requires no additional acquisition of data and also
allows the researchers to investigate to what extent there is spillover within an individ-
ual’s physical context. The choice of each of these methods — explicit observation, survey,

and geography — should in large part be based upon the type of treatment administered.

5 Designing a Multi-level Experiment

The problem generated by communication of the treatment with participants in the ex-
periment enables us to generate an alternative experimental design which relies upon our
knowledge of an individual’s social structure. A multi-level experimental design is the
best approach for establishing causal inferences where experiments are conducted within
an individual’s social structure. Our proposed solution is to introduce additional ran-
domization, consistent with recommendations by McConnell, Sinclair and Green (2009).
With these additional randomizations, we are able to establish via the Rubin potential
outcomes framework a treatment framework which can identify both the spillovers and
the true treatment effect. These additional randomizations are key to designing a multi-
level experiment.

The first component of such a design is to identify all levels at which individuals will
indirectly interact. For purpose of example, we consider a population where individuals
are likely to interact with each other on two levels, household and group. We require
that these groups must be subsets of each other, so that each individual in the population
is part of exactly one group and one household. The social structure of our population
can be seen in Figure 1. Key to this analysis is to incorporate the full set of social struc-
tures, ranging from those where the most intimate interactions are likely to occur (in this
case, households) up to those where the most casual interactions are likely to occur. In
our example we model this as the group, but these group level interactions could truly

be at the neighborhood level, the school-district level, or the city level. There must ex-
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ist a group level at which individuals will not interact but levels where the experiment
will take place and furthermore each level must be distinct — that is, an individual cannot
belong to multiple groups. One way to ensure this is possible is to carefully select the
experimental population; if an individual shares a household with individuals who are
not part of the experiment, then it is not necessary to account for their presence in the
estimation of the treatment effect, so individuals should be eligible to participant in the
experimental population if their group memberships can be summarized by the appro-
priate randomization-levels. It is also possible to increase the number of randomizations
to include, as an additional category, those individuals who belong to multiple groups,
although this significantly increases the number of individuals necessary to incorporate
into the experiment. Identifying these social structures and identifying the relevant ex-
perimental population is key to the design of a successful mutli-level experiment.

If it is not possible to identify these social structures, or if it is not possible to conduct
an experiment which incorporates variation in these structures, then the researcher needs
to think carefully about the type of inference which is drawn from the analysis of this
data. Inferences drawn from experimental data which have not explicitly incorporated
spillovers but where contagion of the treatment is likely may have greater problems with
external validity — the same treatment, administered in a different social context, is un-
likely to generate the same effect. However, if inferences are presented at the group level
where the potential for spillovers is acknowledged but not incorporated into the experi-
mental design, then in other contexts where the social structures are similar the treatment
effects should be similar. Thus the caveat for the researcher should be to acknowledge the
potential concern with external validity and to present the group-level treatment effects

at the level above which the social interactions have occurred.
Figure 1 Goes Here

In our example, we randomly assign groups in the population to treatment and con-

trol. Within the groups assigned to treatment, we then again repeat the random assign-
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ment, randomly assigning households to treatment and control. Finally, within the house-
holds assigned to treatment, we again repeat the random assignment, randomly assigning
individuals to treatment and control. Treatment is administered at the individual level,
to all members of the third stage of the randomization who are assigned to treatment.
We conduct randomization at each level where we anticipate social interactions will take
place. McConnell, Sinclair and Green (2009) follow this recommendation for experimen-
tal analysis in Los Angeles and Chicago. This process allows for the identification of both
the spillover effects and the true treatment effect while removing the potential bias as-
sociated with the spillover. The SUTVA violations have become a quantity of interest,

allowing for inferences on interpersonal interactions.

6 Empirical Tests of Spillovers and Estimation of the Intent-
to-Treat Effect

Here we provide two sets of recommendations for estimation of the intent-to-treat effect
(ITT). The first set of recommendations are strategies for situations where there are incon-
sistencies between the random assignment and treatment. These are statistical corrections
in the absence of design approaches. The second set of recommendations are strategies
for situations where the experimental design has explicitly adjusted for spillover. Both
sets of strategies are simple to adopt and require minimal assumptions.

Under the first condition where there exist inconsistencies between the random assign-
ment and the administration of the treatment, we recommend two strategies for analysis.
Suppose that an experiment has been conducted where the randomization occurred at
the individual level but the treatment was administered at the group level. In this case,
we first recommend clustering the standard errors at the group level when estimating the
ITT. This clustering explicitly acknowledges the correlation that is likely to exist within
the group as a result of the administration of the treatment and adjusts for the lack of
independence of all observations within the group (Green and Vavreck 2008). Note, how-

ever, that this adjustment is not sufficient to account for the potential biases that have
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occurred as a result of social interactions. Correlation in the standard errors does not
account for the possibility that individuals who are assigned to treatment, for example,
may have been indirectly treated multiple times from other individuals assigned to treat-
ment nor the possibility that individuals assigned to control may have been indirectly
treated from individuals assigned to treatment. Our second recommendation, if there are
a sufficient number of group-level observations, is to conduct analysis either via a hier-
archical linear model or via meta-analysis. Meta-analysis, for example, does not require
homoskedasticity across groups, which is a necessary assumption with the inclusion of
group-level fixed-effects, which assumes that there is a group-specific effect (Gerber et al
2008, Sinclair, McConnell and Michelson 2009). While this is more often a concern when
there are failure-to-treat instances, there is still likely to be group-level variation which is
not properly accounted for via fixed-effects.

Under the second condition where the experiment has incorporated the multi-level
context into the experimental design, we again recommend two strategies for analysis.
The first allows us to identify the presence of any social spillovers within our explicitly
specified social contexts. We recommend using Hansen’s J-statistic to determine if there is
over-identification in the outcome behavior of the individuals in our sample when using
each of the levels of random assignment as instrumental variables. This allows us to
evaluate whether or not there is enough evidence to reject the null that, for example, both
the individual and group level assignment variables are valid instruments. If we can reject
this null hypothesis, then this suggests that in fact we do not have spillovers — a clear test
which then implies that we do not need to incorporate the multi-level structure in any
additional analyses. If we cannot reject this null, then we recommend a second strategy
for analysis. In the estimation of the ITT, it is then necessary to incorporate parameters
to separately estimate the effects of each level of assignment. A visual demonstration for

each of these estimates is included in Table 1.
Table 1 Goes Here
That is, consistent with our example, we then need to estimate the effect of having
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been assigned to group-level treatment but not household-level nor individual-level treat-
ment compared to the group-level control. We also estimate the effect of having been
assigned to household-level treatment but not individual-level treatment compared to
household-level control and finally the effect of having been assigned to individual-level
treatment compared to individual-level control. In Table 1, the difference between the
two columns produces the quantity of interest. If either of the first two rows produce
statistically significant effects, then the final row is likely to be biased. Thus, an estimate
of the true treatment effect would subtract each of these spillover effects from the final

row to estimate the true ITT.

6.1 Limitations and Best Practices

There are two limitations which emerge from conducting multi-level experiments. The
first is simply the challenge in identifying the levels at which social interactions are likely
to take place. Given that many experiments may take advantage of geography, how-
ever, within which to conduct the experiment, this may not be a large hurdle for many
types of experiments. The second limitation which emerges is that the construction of
a multi-level experiment may require a larger experimental population in order to have
sufficient statistical power to identify the spillover effects. Thus the additional limitation
is the loss of efficiency which emerges with the construction of multiple control groups.
In many populations this is not a concern, as there are sufficiently many individuals that
the addition of additional control group members does not limit the feasibility of the ex-
periment. Yet there may be contexts within which either it is difficult to locate additional
control group participants or where the requirement of additional control groups which
are geographically dispersed increases the cost of conducting the experiment.

The best practice when the experiment is limited by the potential size of the control
group and thus cannot be reasonably conducted on a multi-level scale is to present the
group-level effects and to acknowledge the potential presence of spillovers. Spillovers

can take on multiple forms; some individuals may be able to be treated multiple times,
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and it is possible that both individuals assigned to treatment and control may be subject
to spillovers. This makes it difficult to calculate the appropriate counterfactuals for how
large of a potential spillover effect could have been present with observed experimental
data. Given the lack of knowledge about the direction of the bias the spillovers could
take, it is impossible to ex-ante predict the effects of potential SUTVA violations. Under
certain kinds of spillovers, the estimates could in fact converge to the actual true value of
the treatment effect, for example.

One final limitation of the multilevel context, albeit more applicable where there are
failure-to-treat cases, is that the bias and loss of efficiency from using instrumental vari-
ables when the contacts are made uniformly across all groups is different than when the
contacts are concentrated in some groups, as is the potential case in the multi-level con-

text.

7 Conclusion: Recommendations for Experimental Design
and Future Research

We recommend that in multi-level contexts, that randomization take place not only at
the individual level but also at all appropriate social structure levels. If treatment is then
administered at the individual level, it is clear how to draw inferences about spillovers,
allowing us great insight into the way in which politics can be socially transmitted and the
role of interpersonal influence. In this sense, SUTVA violations have become a quantity
of interest.

Most importantly, however, is the role of transparency in multi-level contexts. To the
extent that it is possible, researchers must document whether their experimental treat-
ments are administered at a group level and acknowledge that these strategies require
shifts in their estimation procedures. Furthermore, if researchers believe that their exper-
iment is operating within a multi-level context, it is key that this be documented so that
future researchers can incorporate these facts into future experiments.

While most of this essay has been most applicable for field experiments, it is possible
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that the multi-level context is applicable for alternative situations as well. For example, in
laboratory settings, there may be existing social structures which complicate the analysis
if the participants do not interact in a way which preserves their anonymity. Undergrad-
uate university participants may belong to the same fraternity or sorority. Laboratory
experiments also need to be careful about inferences drawn after randomization, as while
ex-ante the groups are identical in terms of their covariate distributions, with small num-
bers it is increasingly likely to have differences in distributions in terms of either the
observed or unobserved characteristics.

There are many situations where experiments are conducted within multi-level set-
tings. Voter mobilization experiments, where treatment and randomization occur at the
level of the individual, are clearly prey to potential SUTVA violations. Within existing so-
cial and political organizations, there may be hierarchical or geographically-distributed
groups that are also subject to potential SUTVA violations, such as statewide organiza-
tions with local chapters and individual members. Clearly these concerns are relevant
for experiments conducted on college campuses, where individual participants may be
residents in the same dorm, for example.

Experimenters need to be sure to consider failure-to-treat situations and the ways in
which they may further complicate these analyses. This essay has not dealt explicitly with
failure-to-treat, but these instances require additional assumptions under which to draw
inferences. In particular, many kinds of analyses use the random assignment variable
as an instrumental variable in order to estimate the treatment-on-treated effect (TOT).
This approach is not appropriate in cases where there is social transmission of treatment
within the experimental population as the assignment variable fails to capture the indirect
treatment.

Multi-level experiments have the potential to yield great insights into the ways in
which humans interact; with careful experimental design, the SUTVA violations have the
potential to open up new avenues of research previously reliant upon heroic assumptions.

Each additional randomization does not add to the technical difficulty of implementing
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the experiment, as it is still possible for the experimental design to include the same num-
ber of participants assigned to be administered the treatment. It is the addition of the
new control groups that allows for the identification of the spillover effects. Researchers
should be aware of the statistical power necessary to test each of these spillover cate-
gories, however, and should follow recommendations in McConnell, Sinclair and Green
(2009) to adjust the size of their experimental population accordingly.

This methodological improvement has the potential to encourage different kinds of
inferences in randomized field experiments. This is also a technique that allows the dis-
covery of supportive evidence for individuals who study network analysis via survey
data to understand social structure. This method can also be extended to include ad-
ditional randomizations to study spillover in many directions — for example, we could
also include a category where we compared individuals assigned to treatment who were
paired with control to individuals assigned to treatment who were paired with treatment
to individuals assigned to control — this would allow us to see if in fact the pairing of
treated-with-treated would increase the effect of the treatment as well. SUTVA violations
have the potential to be extremely interesting quantities of interest. As we develop new
and interesting ways to measure spillovers, these quantities will allow us to inform which
types of theories are most applicable in the social transmission of politics. We do not yet
know whether or not the instigation of political behavior is due to generated conversa-
tions, heightened interest, or persuasion. The measurement of spillover will offer one set

of illustrations for where our theories should focus.
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9 Tables and Figures

Figure 1: Multi-level Experiment Design
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