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Abstract

In this paper, we demonstrate how to effectively design and analyze randomized experi-
ments, which are becoming increasingly common in political science research. Randomized
experiments provide researchers with an opportunity to obtain unbiased estimates of causal
effects because the randomization of treatment guarantees that the treatment and control
groups are on average equal in both observed and unobserved characteristics. Even in ran-
domized experiments, however, complications can arise. In political science experiments,
researchers often cannot force subjects to comply with treatment assignment or to provide
the information necessary for the estimation of causal effects. Building on the recent sta-
tistical literature, we show how to make statistical adjustments for these noncompliance
and nonresponse problems when analyzing randomized experiments. We also demonstrate
how to design randomized experiments so that the potential impact of such complications is

minimized.



1 Introduction

In this paper, we demonstrate how to effectively design and analyze randomized experiments,

which are becoming increasingly common in political science research (see e.g., [Kinder and Pal|

[frey}, [1993} [McDermott], 2002} for review). Indeed, the number of articles in major political science

journals that analyze randomized experiments has more than doubled during the last decade.ﬂ
Randomized experiments provide researchers with an opportunity to ascertain causal effects with-
out bias. This is possible because the randomization of treatment makes the treatment and control

groups equal on average in terms of both observed and unobserved characteristicsﬂ

Even in randomized experiments, however, complications can arise (Barnard, Frangakis, Hill

fand Rubinl [2003f [Imai, [2005). In political science experiments, researchers often cannot force

subjects to comply with treatment assignment or to provide the information necessary for the
estimation of causal effectsﬁ Since experimental subjects can choose not to comply and/or not to
respond, ignoring this selection process leads to invalid and inefficient causal inferences. Building
on the recent statistical literature, we show how to make statistical adjustments for noncompliance
and nonresponse when analyzing data from randomized experiments. We also illustrate how to
design randomized experiments in ways that minimize the potential impact of such complications.

This paper offers four general methodological recommendations for researchers who design

and analyze randomized experiments. First, researchers should obtain information about back-

"'We have examined all the articles that were published during the last decade in American Political Science
Review, American Journal of Political Science, and Journal of Politics. From 1994 to 1999, only 11 articles (eight
non-laboratory experiments) that use randomized experiments were published in these journals. However, this

number increased to 25 (15 non-laboratory experiments) during the next five years (from 2000 to 2004).

2Randomization also guarantees that the treatment is causally prior to the outcome (i.e., no post-treatment

bias and no simultaneity bias).

3While many studies simply ignore these problems, the studies that explicitly discuss the issues of noncompliance

and/or nonresponse include |Clinton and Lapinskil |2004|); |Iyengar and J ackmanl 1|2003|} and |Mutz| (|2002|).




ground characteristics of experimental subjects that can be used to predict their noncompliance,
nonresponse, and the outcome. With such information, researchers can increase the validity of
modeling assumptions that are necessary to obtain unbiased estimates of causal effects. Second,
researchers should conduct efficient randomization of treatments by using, for example, randomized
block and matched pair desz’gns.ﬂ These randomization schemes allow for more efficient estimation
than would be possible under the simple randomization design, especially when the sample size is
small. Third, researchers must make every effort to record the precise treatment status of each ex-
perimental subject. This information allows for greater accuracy in the interpretation of estimated
causal effects as well as sensitivity analyses about modeling assumptions. Whenever possible,
researchers should also check whether the administered treatment corresponds to the concept that
one is trying to evaluate. Finally, a valid statistical analysis of randomized experiments must

properly account for both noncompliance and nonresponse problems. We show that the Bayesian

framework of [[mbens and Rubin| (1997)) provides a flexible way to model such complications. We

also offer easy-to-use software that implements the statistical model used in this paper.

To illustrate our methodology, we designed and conducted an Internet survey-based randomized
experiment during Japan’s 2004 Upper House election where randomly selected eligible voters
were encouraged to view the specific policy information available at the designated official party
websites. We analyzed this experimental dataset to examine whether more information leads
to a higher voter turnout, as many political scientists have hypothesized. Our experiment is of
particular interest for two reasons. First, major political parties in Japan have recently begun to
prepare “manifestos” that explicitly state formal proposals for major policy issues. Second, the
party websites are becoming an increasingly important medium through which Japanese voters

access policy information. Our results indicate that voters are less likely to abstain when they

4Randomized block designs are implemented and discussed later in this paper. Matched-pair designs refer to
a randomization scheme where experimental subjects are paired based on their background characteristics. The

complete randomization of treatment is then conducted within each pair.



were exposed to the policy information on the websites of both both ruling and opposition parties.
We also find that the information effect is larger among those voters who were planning to vote
but were undecided about which party they were going to vote for in the election.

The rest of the paper is organized as follows. In Section [2| we briefly discuss the existing
literature on information and voter turnout as well as the advantages of randomized experiments
for testing the information hypothesis. In Section [3] we present the design of our Internet survey-
based randomized experiment and discuss general issues in designing randomized experiments. In
Section {4 we describe our statistical methods that account for noncompliance and nonresponse
in randomized experiments. The results of our statistical analysis are shown and discussed in

Section Bl Section [6] concludes.

2 Information Hypothesis and Randomized Experiments

We illustrate our methodologies by testing one of the most fundamental hypotheses about voting

behavior. Since the publication of Anthony Downs’ (1957)) influential book, political scientists have

emphasized information as a key determinant of voting behavior (e.g.,[Alvarez| [1998} [Ansolabehere|

[and Iyengarf {1995} [Ferejohn and Kuklinskil [1990; [Grotmanl {1993} [Huckteldt and Sprague| [1995]

[lyengar and Kinder] [1987)). In particular, Downs argued that the less information a voter has, the

more likely he is to abstain. This information hypothesis inspired studies by later scholars and

led to the development of various formal models that attempt to explain the causal mechanism of

the information effect on turnout (e.g., [Feddersen and Pesendorfer] (1999} |Ghirardato and Katz]

[2002} [Matsusakal [1995} [Palfrey and Rosenthall [1985)). The assumptions and logic of these formal

models are different, but their basic implications have been largely consistent with Downs’ original

conjecture]]

5We do not test the different causal mechanisms derived from these formal models. This limitation arises in
part because the key causal variables used in many formal models are difficult, if not impossible, to manipulate in

a real election (e.g., the number of voters of different types in an election).



Although randomized experiments have their own limitations, there is a significant advantage
when estimating the causal effect of information on voter turnout. Namely, an experimental study
allows us to manipulate the quantity and/or quality of additional information each respondent

receives during an actual election. Survey researchers have designed various questions to measure

the amount of information voters possess (e.g.,[Bartels| {1996} [Lupial, {1994} [Rosenstone and Hansen|

. Although the literature yielded considerable insight about the possible association between
voting and information, it faces a common methodological challenge that hinders the estimation
of the causal effect of information on voting behavior. The problem is that those voters who
have a strong intention to vote may be more likely to acquire the information. Our experimental

approach is designed to address this problem of endogenous information acquisition in real election

settings (see also [lyengar and Jackman) 2003} [Wantchekon| [2003]). Conducting experiments is a

powerful approach, but it is certainly not the only way to solve this problem. A careful analysis

of observational data with appropriate assumptions can also shed light on causal relationships

between information and voting behavior (e.g., [Sekhonl [2004f [Lassen] [2005]).

An important feature of our experiment is the use of the Internet. In many democracies

including Japan, the Internet has become an important source of information for voters and an

essential tool for parties and candidates to reach voters (e.g., [Dulio et alf [1999} |Gibson et al.

2003alb)). Our study contributes to the emerging literature on the question of how the Internet

affects voters’ political attitudes, opinions, and voting behavior (e.g., [Johnson and Kaye] [2003f

[Lupia and Philpot}| [Weber et al] [2003). We also hope that our experimental design and

analysis together serve as a template for researchers who are planning to design, conduct, and
analyze Internet survey-based randomized experiments.ﬁ

Finally, Japan is an interesting case when examining the causal effects of policy information.

6For example, Time-Sharing Experiments for the Social Sciences (TESS), funded by the Na-
tional Science Foundation, offers researchers opportunities to conduct Internet-based experiments. See

http://www.experimentcentral.org.


http://www.experimentcentral.org

In particular, the country recently underwent significant electoral and political reforms in order
to minimize the influence of personal politics and to promote policy-based electoral campaigns
and voter participation. As a part of this effort, major Japanese political parties have begun
to prepare “manifestos” that explicitly state their formal policy proposals on major issues. Can
these manifestos attract voters and revive the declining interest in politics? Does manifesto-based
electioneering encourage voters to cast their ballots based on party policies rather than on personal
connections to particular candidates? These questions are particularly important in the context

of Japanese politics.

3 Designing Randomized Experiments

In this section, we describe our design of the randomized experiment that we conducted through a
Japanese Internet survey firm, Nikkei Research, in June and July of 2004.[] This Japanese election
experiment illustrates how to incorporate three out of our four methodological recommendations
when designing randomized experiments; (1) to collect background characteristics that are key
predictors of noncompliance, nonresponse, and turnout, (2) to conduct efficient and accurate
randomization of treatments via randomized block designs, and (3) to record the treatment status
as precisely as possible. Although experiments with different goals often require different designs,
we believe that these methodological points are fairly general and can be incorporated into many
experimental studies. Our experiment consisted of three separate surveys, as depicted in Figure [I}-
a screening survey, a pre-election survey, and a post-election survey. In the following, we explain

the implementation of each survey and our experimental design in detail.

"The company has a sampling pool of roughly 40,000 Internet users throughout Japan who have agreed to receive
occasional electronic mails asking them to participate in online surveys. Those who fill out a survey questionnaire

have a chance to win a gift certificate in the amount of approximately five to ten dollars.



Sampling Pool
N= 40,000

Random Sampling

Screening Survey (June 24-29)

Collect information on background characteristics

N=6,000 (Respondents N=2,748)

Experimental Sample

N=2,000

Randomize Treatment Assignment

— Two—Party Treatment
Control Group One—Party Treatment G y
Group roup
— LDP/DPJ DPJ/LDP

Pre—election Survey (July 5-9)

Administer Treatments

N=1,600 (Compliers N=1,175)

Post—election Survey (July 12-16)

Collect information on voting behavior

N=2,000 (Respondents N=1,658)

Figure 1: The Design of the Japanese Election Experiment. The experiment uses three surveys.
The screening survey measures the pre-treatment covariates, and the pre-election survey adminis-
ters the randomized treatments. Finally, the post-election survey measures the outcome variable.
The election was held on July 11.

3.1 Screening Survey

Between June 24 and 29, two weeks prior to the election day (July 11), we conducted a screening

survey and asked 6,000 randomly sampled respondents to answer several questions about them-



selves and their voting intention in the upcoming electionﬁ The main purpose of the screening
survey was to collect the background characteristics of experimental subjects, which are important
predictors of noncompliance, nonresponse, and the outcome. Therefore, the first part of the survey
questionnaire asked for each respondent’s prefecture of residence, age, gender, and highest educa-
tion completed, which are known to be key demographic variables for Japanese voting behavior.
We also asked the respondents about their party preference,ﬂ and whether they were planning to
vote in the upcoming election (planning to vote, not planning to vote, or undecided) and, if so,
which party and/or candidate they were going to vote for, and how much confidence they had in
their voting plan (a four-point scale).H We measured these variables because they are powerful
predictors of the outcome variable, i.e., voter turnout. To avoid further statistical assumptions
at the data analysis stage, the survey was designed so that respondents had to answer all of the
questions in order to complete the survey.

Of 6,000 individuals who received an electronic mail asking them to fill out the screening survey;,
2,748 individuals completed the survey. From this group, we then randomly selected 2,000 eligible
voters as our experimental sample.ﬂ With a few exceptions of over-represented urban prefectures,
a comparison of the 2000 Census data and our sample shows no clear evidence of geographical
sampling bias. Yet, as is the case for many other experimental studies, our sample is not fully

representative of the Japanese electorate. First, the individuals in our sample were those who

8We asked Nikkei Research to select randomly an equal number of male and female Internet users, all of whom
were between ages 20 and 59. Note that Japan, unlike the United States, automatically registers every eligible voter
(20 years old and over). Furthermore, the wording of our survey questions closely followed the standard protocol

from large-scale Japanese national surveys, such as those from the Japan Election Study (JES) projects.

9For party preference, we first asked respondents to indicate whether they supported a particular party or a

candidate, and then asked them to rate their support for each of the five major parties on a four-point scale.

10Both the Upper and Lower House elections in Japan adopt a combination of plurality and proportional repre-

sentation systems, with each voter casting two ballots.

1 The sample size is reduced to 2,000 given the financial constraint.



had Internet access, voluntarily registered themselves for the survey firm, and agreed to fill out
the screening survey. The lack of representativeness and the unavailability of sampling weights
are clear weaknesses of the Japanese Internet survey company used in our experiment. We note,
however, that some Internet survey firms in other countries may provide researchers with a more
representative sample and/or sampling WeightsH

A lack of representativeness also means that our sample is likely to contain active Internet
users with some interest in politics. This may not necessarily be a negative factor if the research
goal is to examine the effectiveness of a party website among Internet users. Another consequence
is that, as seen later, the rates of noncompliance and nonresponse are much lower than typical
randomized experiments (see . Although one ideally wants a representative sample of a
target population, the high response and compliance rates bring their own advantages; the results
rely less on statistical assumptions than would be possible with a representative sample. These
issues reflect a usual trade-off between internal validity (i.e., validity of statistical assumptions)

and external validity (i.e., representativeness of sample) in empirical researChH

3.2 Pre-election Survey

From July 5 to 9, we conducted the pre-election survey. The main purpose of this survey was to
administer the treatments. The Upper House election was held on July 11, two days after the
closing of the survey. Before sending an electronic mail soliciting their participation in the survey,
we randomly assigned the treatments to the voters of our experimental sample. In particular,
we considered two types of treatments and randomly divided the sample into three groups, i.e.,
the two treatment groups and the control group. The voters in the one-party treatment group

were asked to visit the designated website of either the Liberal Democratic Party (LDP) or the

12For example, scholars of U.S. politics use Knowledge Networks (http://www.knowledgenetworks.coml), which

provides such information.

13Experimental studies typically gain internal validity at the cost of external validity of observational studies.


http://www.knowledgenetworks.com

Randomized blocks
I I1 11 v \Y VI
Planning to vote Not planning to vote Undecided
Male  Female Male Female Male Female | Total
One-party treatment group
DPJ website 194 151 24 33 36 62 200
LDP website 194 151 24 33 36 62 200
Two-party treatment group
DPJ/LDP websites 117 91 15 20 20 37 300
LDP/DPJ websites 117 91 15 20 20 37 300
Control group
no website 156 121 19 26 29 49 400
Block size 778 605 97 132 141 247 2000

Table 1: Randomized Block Design of the Japanese Election Experiment: Six randomized blocks
were formed on the basis of the two covariates, gender (male or female) and the answer to the
question, “Are you going to vote in the upcoming election?” (“planning to vote”, “not planning
to vote”, or “undecided”). Within each block, the complete random assignment of the treatments
is conducted so that the size of each treatment and control group is equal to the predetermined
number. The total sample size is 2,000.

Democratic Party of Japan (DPJ), while those in the two-party treatment group were asked to
visit the websites of both partiesllz] Our experimental design of two different treatment conditions
allows us to examine not only whether exposure to policy information influenced voter turnout,
but how different levels of exposure affected turnout. Finally, none of the individuals in the control
group were asked to participate in the pre-election survey. In general, a control group is essential
for causal inference that requires counterfactual analysis/”]

In order to randomly divide the sample into two treatment and control groups, we applied the

14The LDP has been in power since its foundation in 1955 (except during a short period from 1993 to 1994), and
the DPJ is the largest opposition party, formed by amalgamation of various parties. In this election, 82 percent of

seats were won by these two major parties.

15This is especially true and consequential when the problem of noncompliance exists. In such a situation, a
direct comparison of different treatment groups becomes difficult because compliers and noncompliers must be

identified separately for each treatment. This problem often occurs in field experiments 2005)).



randomized block design shown in Table [I[l We formed six blocks on the basis of the gender and
voting intention variables, which we obtained from the screening survey. We chose these variables

because they are expected to be important predictors of Japanese voters’ turnout decision (e.g.,

[Cox et all (1998} [Phart] [1981} pp.25-26). Within each of six randomized blocks, we conducted the

complete randomization of treatments such that the total number of voters is 1,000, 600, and 400
for the one-party and two-party treatment groups, and the control group, respectively. Within
the one-party treatment group, we randomly selected half of the voters and instructed them to
visit the DPJ website. The other half was instructed to visit the LDP website. Similarly, for the
two-party treatment group, a random half of the voters was instructed to visit the DPJ website
first before visiting the LDP website, while the order was reversed for the other half.

An important advantage of the randomized block design is that it effectively reduces random
as well as systematic differences (in a particular coordinate defined by selected pre-treatment

covariates) between the treatment and control groups. The resulting estimates are more efficient

than those obtained under a simple randomization design (e.g., [Cox and Reid| [2000]). Thus, it

is recommended to select the covariates that are good predictors of the outcome variable when
forming randomized blocks. Other types of experimental designs based on a similar idea are also
possible. For example, one can use matched-pair designs by creating pairs (groups) of observations

with similar characteristics (e.g., through a matching method based on the Mahalanobis distance

measure) and conduct complete randomization within such pairs (groups) (e.g., [Hill et al] {1999}

(Greevy et al) [2004)).

Both randomized blocks and matched-pair designs aim to ensure accurate and efficient ran-
domization of treatments. Table [4] in Appendix [A] illustrates the overall balance of the observed
covariates. Indeed, none of the t-statistics is significant at conventional levels, showing that as
expected, our randomized block design produced a good balance of observed covariates.m There

are only small differences between the treatment and control groups in terms of the observed

16We use t-statistics here, but more sophisticated measures of balance might be necessary in some situations.

10



covariates including age, education, party preferences, and so forth.

For both LDP and DPJ, we used the official website that shows their party platform. Specifi-
cally, we selected the particular section of the two parties’ official “manifesto” that describes their
formal policy proposals on pension reform.m Our focus on pension reform was motivated by the
fact that it was one of the two major issues in this election along with the government’s policy
towards Iraq.ﬂ The LDP website presented their pension reform policies by explaining in detail
the legislation that had been passed in the Diet approximately one month before the election.
This legislation was widely considered to constitute a set of minor changes to the then current
pension system. The LDP website gave little information about plans for further reforms, such as
the widely-debated future integration of various pension systems. It also did not mention other
unresolved and controversial issueSE In contrast, at the very beginning of its party manifesto,
the DPJ emphasized the need for national integration of pension systems and proposed the abol-
ishment of the special pension for Diet members. While the DPJ website proposed major reforms,
it did not specify the content of the reforms and did not explain how such proposals would be
implemented.

Before being instructed to visit the website in the pre-election survey, voters were presented

with a few brief questions about the pension reform. These were general questions that were

1"In Japan, parties and candidates are not allowed to change the contents of their websites during a campaign
period. This regulation is convenient for our experimental study, as we need not consider the possibility that

different voters within the same treatment group viewed different web contents.

18 According to a poll conducted by Asahi Shimbun and the University of Tokyo, 53 percent of candidates and
61 percent of voters regarded pension reform as one of the most important issues in this election (Asahi Shimbun,

evening edition, June 24, 2004).

These issues included the question of whether to abolish the special pension scheme available for Diet members,
the political scandal about the Diet members who had not been paying for their national pension premiums, and
the politically sensitive question of whether to raise the consumption tax to pay for the ever-increasing burden of

the pension system.

11



intended to prepare voters before being exposed to the policy information. After answering these
questions, voters were instructed to click a direct link which took them to the designated party
website. The instruction also included a friendly warning, which mentioned they would be asked
about their opinions on the website after visiting it. We designed the survey so that voters would
have to visit the website in order to go to the next question. In addition, we also obtained
information as to whether and how long voters actually opened the designated website in their
browser even when the voters decided not to go to the next question. Knowing the treatment status
of each subject as precise as possible is a very important consideration because the interpretation
of estimated causal effects is difficult without such information. The goal of our experiment is to
estimate the causal effect of being exposed to policy information through viewing a party website.
However, if one wishes to know why policy information increases/decreases turnout, it is equally
important to check whether the administered treatments actually correspond to the concepts of
underlying theoretical models that one is trying to evaluate@

Finally, to complete the survey, voters were asked to answer several brief questions about the
website they had just visited. For those voters who were assigned to the two party websites, the
same set of questions was presented after they visited each website. At the end of the survey,
voters were given a chance to write freely their opinions about the website. Although filling in this
open-ended question was optional, nearly 80 percent of those who participated in the pre-election
survey wrote some comments and/or opinions. The voters indicated a high level of interest in the

pension reform, the upcoming election, and/or the party websites.

3.3 Post-election Survey

The day after the July 11 election, we started a post-election survey, which closed on July 16. The

goal of this survey was to measure the outcome variable for all 2,000 experimental subjects. We

20This can be often done by asking respondents additional survey questions. However, this may introduce extra

complications and lead to higher nonresponse rate.

12



used the same questionnaire for everyone, asking whether they had voted in the election. We kept
the survey short in order to minimize the unit nonresponse, and as a result, more than 80 percent
of the respondents completed the survey. In the next section, we demonstrate how to adjust for
this nonresponse problem statistically when estimating causal effects in randomized experiments

with noncompliance.

4 Analyzing Randomized Experiments

In this section, we present the general statistical framework of Imbens and Rubin| (1997) that

can be used to analyze randomized experiments. As demonstrated by [Barnard et al| (2003) and

others, this framework provides flexible modeling strategies that account for noncompliance and
nonresponse. These two problems are absent in the ideal prototype of classical randomized experi-
ments, but nevertheless are common in non-laboratory experiments. Based on this framework, we
define the causal effects of information on voter turnout. We then develop our statistical model

and describe how to estimate the causal quantities of interest based on the model.

4.1 Randomized Experiments with Noncompliance and Nonresponse

In political science experiments, researchers often do not have full control over their human subjects
and are likely to face additional complications that call for statistical adjustments. In particular,
the problems of noncompliance and nonresponse frequently threaten the internal validity of ran-
domized experiments, especially when they are conducted outside the laboratory. In the context
of our Japanese election experiment, some voters did not visit the designated website even when
they were instructed to do so (i.e., noncompliance). Moreover, some voters did not fill out the
post-election survey, and therefore the outcome variables were not recoded for them (i.e., nonre-
sponse). Since these two problems typically do not occur completely at random, ignoring them in

estimation may severely bias causal inference.

13



To analyze randomized experiments with noncompliance and nonresponse, we begin by de-

scribing the formal statistical framework of [lmbens and Rubin| (1997). We use our Japanese

election experiment as a concrete example to illustrate the applicability of this general statistical
framework to the analysis of experimental data. We conduct three separate analyses with different

binary treatment variables. Although it is possible to define a multi-value treatment and conduct

appropriate analyses (see [Imai and van Dyk] [2004]), we analyze binary treatments for the sake

of simplicity. First, we examine the causal effect of browsing one party website and two party
websites, separately. In addition, we estimate the causal effects of visiting at least one desig-
nated party website for different subgroups in the sample that we select on the basis of observed
pre-treatment covariates.

Formally, let Z; be the treatment assignment indicator variable, which is equal to 1 if voter 7 is
instructed to visit a party website (or party websites) and is equal to 0 otherwise. Next, use T; to
represent the actual treatment indicator variable, which is equal to 1 if voter ¢ actually visits the
website (or the websites) and is equal to 0 otherwise. If a voter logs on to the pre-election survey
questionnaire website but does not visit the designated website, we set T; = 0 for the voter. There
were 133 such individuals, 63 of which belong to the one-party treatment group. This corresponds
to about 10 percent of the voters who logged onto the survey website. In the two-party treatment
group, there were 18 voters who visited only one designated website and did not complete the
pre-election survey. We set T; = 0 for these votersﬂ Because of such drop-outs, we conduct
sensitivity analyses using three different definitions of actual treatment status (logged on to the
survey website, visited the party websites, and completed the survey). The detailed information
about the treatment status we collect allows us to conduct such comprehensive sensitivity analyses.

We can now define two types of individuals in our experiment — compliers and noncompliers.
Compliers refer to the voters who visit the designated party website only when instructed to do

so (ie., (T; =1,Z; =1) and (T; = 0, Z; = 0)), while noncompliers are those who do not follow the

2Everyone who visited the two party websites completed the survey (i.e., no drop out after visiting both websites).

14



instructions. There are three types of noncompliers (Angrist et alf [1996); always-takers, who do

visit the party website regardless of whether they are instructed to do so (i.e., (7; = 1,7Z; = 1) and
(T; = 1,Z; = 0)), never-takers, who do not visit the party website regardless of the instruction
(ie, (1; =0,Z; = 1) and (17; = 0,Z; = 0)), and defiers, who visit the website only when they
are not instructed to do so (i.e., (T; = 0,Z; = 1) and (T; = 1,Z; = 0)). We use C; as the
complier indicator variable, which is equal to 1 if respondent ¢ is a complier and equal to 0 if he
is a noncomplier.

In our analysis, we assume that there are neither always-takers nor deﬁers@ Although these
assumptions are not testable from the observed dataﬂ they appear to be reasonable in our ex-
periment. Only a small number of voters would have looked at the party website spontaneously.
For example, one survey shows that only 3 percent of the respondents visited websites of parties
and candidates during the 2003 Lower House election.@ Moreover, it is also unlikely for ordinary
voters to obtain an official manifesto. Article 142 (2) of the Public Office Election Law (Koshoku
Senkyo Ho) allows only limited distribution of manifestos by political parties. Indeed, another
survey shows that even during the 2003 Lower House election, which was the first manifesto elec-
tion in Japan, only 6 percept of the respondents obtained a complete version of a manifesto while
10 percent saw an outline of one[”|

Figure[2]shows that from the observed data, i.e., treatment assignment Z; and actual treatment
T;, we can identify the compliance status of the voters in the treatment group (i.e., those in the

upper and lower left cells of the figure). However, for the voters in the control group (i.e., those in

22Tn the literature, the assumption of no defiers is called monotonicity.
23We were unable to obtain whether the individuals in the control group accessed these specific party websites.

24The survey is conducted by Asahi Shimbun and the University of Tokyo. http://politics.j.u-tokyo.ac.

jp/data/data0l.html| (accessed on 12 June 2005).

2The survey is conducted by Fuji Sogo Kenkyiijyo in November 2003. http://www.mizuho-ir.co.jp/

research/documents/manifesto031113_report.pdf| (accessed on 12 June 2005).
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Treatment Assignment

Z; =1 Z; =0
Complier
T,=1 Y;(1) is observed; C; =1
Actual
Treatment
Noncomplier Complier or Noncomplier
T,=0 Y;(0) is observed; C; = 0 Y;(0) is observed; C; =77

Figure 2: Compliers and Noncompliers in the Japanese Election Experiment. The figure classifies
compliers and noncompliers by treatment assignment, Z;, and actual treatment, 7;. We assume
that noncompliers solely consist of never-takers. From the observed data, Z; and T;, one can
identify compliers and noncompliers in all but one case where Z; = T; = 0. The upper right cell
is empty because we assume that always-takers and defiers do not exist in this experiment.

the lower right cell of the figure), we need to infer their compliance status using the observed com-
pliance pattern of the treatment group. As we shall see, randomization of treatment assignment Z;
makes such inference possible because it guarantees that voters in the control group are similar to
those in the treatment assignment group in terms of their observed and unobserved characteristics.
In our experimental sample, the proportion of compliers is estimated to be about 70 percent (see
Section , which is high when compared to typical field experiments in political science.ﬁ A high
compliance rate is crucial for successful statistical analyses of randomized experiments because it
reduces the degree to which estimated causal effects rely on modeling assumptions that are often

difficult to verify from observed data.

4.2 Definition of Causal Effects

Following [Rubin| (1974)) and [Holland| (1986)), we define two potential outcomes, Y;(1) = Y;(T; = 1)

and Y;(0) = Y;(T; = 0). We observe Y;(1) (i.e., a binary variable of turnout) for voter i if she
visits the designated website, while Y;(0) is observed if she does not visit the website. This means

we only observe one of the two potential outcomes, and the observed outcome variable can be

26For example, the compliance rate of Gerber and Green’s (2000) experiment is as low as 25 percent (Imail [2005)).
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defined as Y; = T;Y;(1) + (1 — T;)Y;(0) P7| Moreover, there exists the nonresponse problem because
some respondents do not fill out the post-election survey@ To introduce a formal notation, let R;
represent an indicator variable which is equal to 1 if Y; is observed and equal to 0 if it is missing.
In our data, 342 respondents out of 2,000 individuals did not fill out the post-election survey (75
of them belonged to the control group, 113 of them were members of the one-party treatment
group, and the others — 154 voters — belonged to the two-party treatment group).

Given this setup, we define a causal effect of information on turnout for voter 7 as the difference
between the two potential outcomes: Y;(1) — ¥;(0). A fundamental problem of causal inference

is that we can observe only one of two potential outcomes, but the calculation of a causal effect

requires both of them (Holland} [1986f). Furthermore, implicit in this formulation is the assumption

of no interference among units ((Cox} [1958 [Rubinf [1990]). That is, for all i # j, we assume that

voter i’s treatment assignment status Z;, does not affect voter j’s treatment status 7; (provided
that Z; is constant), and that the potential outcomes for voter j, Y;(1) and Y;(0), are not affected
by the treatment status of voter i, T;, or her treatment assignment status Z;. In our experiment,
this assumption seems reasonable because the voters in our sample are unlikely to communicate
with each other about the experiment

We also assume no direct effect of treatment assignment. That is, for voter i, the treatment

assignment status Z; is assumed to affect the voter’s potential outcomes, Y;(1) and Y;(0), only

2"More generally, the potential outcomes are defined as a function of both actual treatment and treatment

assignment i.e., Y;(T;, Z;) (see |Angrist et al} [1996). Under our assumptions, however, this is not necessary.

Therefore, we avoid the general formulation for the sake of notational simplicity.

28Note that our design of the screening survey guarantees that we do not have any missing values for the

covariates.

29We emphasize that this assumption is often implicitly invoked in both experimental and observational studies.
In principle, one can relax the assumption by directly modeling the dependence between the potential outcomes of
voter ¢ and the treatment status of voter j. Doing so, however, significantly complicates the analysis and requires

additional assumptions.
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through the actual treatment status, 7;. This means that the causal effect is zero for never-takers
because their treatment status is the same (7; = 0) regardless of their treatment assignment status
Zim In our experiment, the assumption is violated if a respondent changes her decision to vote
because she is instructed to visit a party website even though she does not actually complete the
pre-election survey. This scenario is a potential concern for 113 voters who logged onto the pre-
election survey but did not complete it. Therefore, as mentioned earlier, we conduct sensitivity
analyses by applying various definitions of actual treatment status. This point directly relates
to the third of our four methodological recommendations that we set forth in Section [ The
detailed information about the treatment status helps to clarify the interpretation of estimated
causal effects and to evaluate the plausibility of statistical assumptions.

Our quantities of interest are defined separately for these two types of voters (see also
, . By definition, noncompliers never receive treatment and so the effect of actual
treatment 7; cannot be inferred from the observed data for this subgroup. Moreover, under our
assumption, the effect of treatment assignment Z; is zero for noncompliers. Therefore, we may
focus on the causal effect of the treatment for compliers who are in the upper left and lower right
cells of Figure The estimand, the sample complier average causal effect or CACE is defined
asP

Zi\il C;

In our experiment, CACE defines the causal effect of information on voting behavior for those

who wvisit the website only when told to do so. It is important to note that CACE does not equal the
usual sample average treatment effect or ATE, + SOV [¥i(1) = Y;(0)], which is the causal effect
for the entire sample. From the perspective of policymakers who want to increase voter turnout

by using the Internet, CACE might be of greater interest than ATE because political parties can

30In the literature, this assumption is called exclusion restriction for never-takers. One can make a similar

assumption about always-takers if they exist.

31 Another estimand of interest is its population counterpart (see [[mbens} [2004).
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not force every voter to visit their party website. Hence, it is important to estimate the causal
effect for those voters who are likely to be exposed to policy information via the Internet.

Another quantity of interest is the intention-to-treat effect or I'TT effect, which represents the
average causal effect of treatment assignment, Z;, rather than the actual treatment, TZE In our
experiment, this is the causal effect of being asked to visit the party website rather than the effect
of actually visiting the website. Unlike CACE, the ITT effect does not directly correspond to the
effect of actual treatment. However, it represents the effectiveness of the treatment assignment
for the whole sample, rather than for a subsample. The I'TT is also typically easier to estimate in
randomized experiments because it does not involve the identification of unobserved compliance
status. Despite this important difference, CACE and the ITT effect are closely related because
CACE represents the ITT effect for compliers (this follows from the definition of compliers).
Furthermore, the ITT effect (for the whole sample) is the weighted average of ITT effects for
compliers and noncompliersﬂ The relationship implies that a low compliance probability leads
to a larger difference between CACE and the ITT effect. Since our assumption implies that the
causal effect for noncompliers is zero, CACE will be always larger than the ITT effect.

Earlier in this section, we argued that always-takers are unlikely to exist in our experiment.
Fortunately, we also know the direction of bias that arises even when ignoring their existence.
While the estimation of I'TT effect is not affected at all, the CACE will be underestimated. The
size of this bias depends on the proportion of always-takers in the sample. This illustrates the

danger of high noncompliance in randomized experiments.

321f one adopts the general formulation of potential outcomes in footnote then ITT effect can be defined as

SN Yil(T3, 1) — Yi(T;, 0)]/N.

33Under our assumptions, the ITT effect equals CACE multiplied by the fraction of compliers in the sample,
N
Zi:l Ci/N.
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4.3 Model, Estimation, and Inference

We now describe our model based on the assumptions explicitly stated above. Our model consists
of two parts. First, we model the conditional probability of being a complier given each voter’s

observed covariates. We use the following binary probit model with linear predictors,
Pr(C;=11X;,¢) = @(X/¢), (2)

where ®(-) denotes the cumulative distribution function of the standard normal distribution,
X, represents the observed pre-treatment covariates for respondent ¢, which includes indicator
variables for each of the randomized blocksﬂ and ¢ is the vector of coefficients. If noncompliers
include always-takers as well as never-takers, we model the compliance status as a multinomial

outcome with three categories using, for example, multinomial logit or probit models (e.g.,

[flmbens, Rubin, and Zhou} 2000} [Imai and van Dykl [2005]).

Second, we model voter turnout given the compliance status C; and the treatment status T;,

as well as the observed covariates X;. Again, we use a binary probit model,

where « and (3 are the intercepts specific to compliers with and without the treatment, respectively,
and v is a vector of coefficients for X;. The base category is noncompliers. Depending on the type
of the outcome variable, researchers can chose an appropriate model (e.g., a Normal linear model
for a continuous outcome variable).

Note that the value of the outcome variable, Y;, is missing for approximately 17% of the

experimental subjects. However, deleting the observations with nonresponses, as often done in

practice, results in bias and inefficiency of causal inferences (e.g., [Frangakis and Rubin} [1999)). The

bias emerges because the listwise deletion is based on an optimistic assumption that the data are

missing completely at random. The inefficiency problem arises from information loss due to the

341t is also possible to treat block effects as random rather than as fixed. See for example [Smith| (1973)).
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exclusion of some observations from the analysis.ﬁ More importantly, such an analysis completely
changes the qualitative interpretation of the estimated causal effects because the resulting inference
is limited to those voters who participated in the post-election survey.

Therefore, we address the nonresponse problem by modeling the missing data mechanism
concerning the outcome variable, Y;. In particular, we assume that the pattern of missing data

is conditionally independent of potential outcomes given the compliance status, the treatment

status, and the observed covariates (Frangakis and Rubin| [1999)),

R, L {Y(0),Y;(1)}|C;, T, X; for all i, (4)

where 1 denotes independence.ﬁ That is, by using C;, T;, and X;, we predict the missing values
of the outcome variable via the model specified in equation Jf¥"]

The key here is to include important predictors of the outcome variable in X; so that the above
assumption holds. Such variables also lead to an efficient estimation of causal effects because they
help to accurately predict the missing values of compliance status and outcome variable. This
yields the first of our four methodological recommendations made in Section[I} In our experiment,
along with many background characteristics that are known to be strongly associated with the
voting behavior of Japanese electorate, X; includes voting intention variables that are measured
two weeks prior to the election. Therefore, the assumption seems quite reasonable. In other
experiments, researchers might also measure the past values of the outcome variable. It is also

important to emphasize that our pre-election survey is designed to ensure that there is no missing

35These points apply more generally to any analysis with missing data (King, Honaker, Joseph, and Scheve]

36This assumption is called the latent ignorability because the missing mechanism depends on the partially

observed variable, C; (IFrangakis and Rubin} |1999I).

37In order to control for pre-treatment covariates, it is also possible to combine methods of matching and sub-

classification with the model-based approach presented here (see [Ho, Imai, King, and Stuart} [2004} [lmai and van|

P 3
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value among the pre-treatment variables. Although having a set of fully observed pre-treatment
covariates is useful, in general researchers may encounter missing values for both the pre-treatment

and response variables. The statistical framework and model we present in this section can be

extended to such situations (see e.g., [Barnard et all [2003]).

The two probit models in equations [2| and [3| are combined to form the following complete-data

likelihood function,

N

1 [& (79 @ (T +601 - T+ XT2)" {1 = @ (T + 51 - T + X))

Yi 1-Y;
{1-o(x/ye(x) {1-o(x/n} ™| . (5)
We cannot directly evaluate this likelihood function for two reasons. First, the compliance status,
C;, is not observed for the voters in the control group. Second, the value of the outcome variable,
Y;, is missing for some observations. In situations such as this, it is natural to consider the

method of data augmentation — a fundamental idea of Bayesian statistics — where missing data

are “imputed” based on statistical models (Tanner and Wong} [1987} [van Dyk and Meng} [2001)).

In our case, each iteration of our estimation procedure imputes the unobserved values of C; and Y;
using the probit models with estimated coefficients and the pre-treatment variables of respondent
1. Based on the imputed values, we then update the estimated coefficients. We repeat these steps
until a satisfactory degree of convergence is achieved.

To conduct the Bayesian analysis, we assign two independent conjugate prior distributions on
(e, B, 7v) and &, both of which are multivariate normal distributions with mean zero and large

variance. To estimate the model, we sample from the joint posterior distribution via a Gibbs

sampling algorithm. We use the marginal data augmentation algorithm of [Imai and van Dyk]

(2005) to exploit the latent variable structure and speed up the convergence. The details of the
algorithm appear in Appendix The Gibbs sampling algorithm produces Monte Carlo samples
from the joint posterior distribution of the unobserved compliance status, the missing values of the

outcome variable, and the model parameters. Given these posterior draws, the estimates of CACE
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and the I'TT effect can be easily calculated, as can estimates of the uncertainty in those estimates.

Our convergence diagnostics are based on multiple independent Markov chains initiated at over-

dispersed starting values (Gelman and Rubin} [1992)). The sampling algorithm is implemented by

our own C code, which we make publicly available with an easy-to-use R interface.

5 Estimated Causal Effects of Information on Voter Turnout

In this section, we present the results of our statistical analysis. We use independent and diffuse
prior distributions; i.e., normal distribution with a mean of zero and a variance of 100 for each
of the coefficients of both the compliance and outcome models. Our inference is based on Monte
Carlo samples from three independent Markov chains, each of which has the length of 20,000 and
is initiated at different sets of over-dispersed starting valuesP¥ We find that all the parameters
have the values of the Gelman-Rubin convergence statistic that are less than 1.01, which suggests
that a satisfactory degree of convergence has been achieved. We retain the last 10,000 draws from

each chain and base our inference on a combined total of 30,000 posterior draws.

5.1 Omne-party versus Two-party Treatment Effects

First, Table [2| compares the estimated causal effect of one-party treatment with that of two-party
treatment by presenting the posterior summaries of quantities of interest; the ITT effect, CACE,
and proportion of compliers in the sample. Also, the estimated turnout rates for the control
group are shown separately for compliers, noncompliers, and the entire sample. They serve as

the baseline turnout of no exposure to the designated party WebsiteSFE] Note that compliers

38For the first chain, we use zero as the starting value for all the model parameters. For the second chain, we
use 5 for all the coefficients of the compliance model and —5 for all the coefficients of the outcome model. For the

third chain, we use —5 for the compliance model and 5 for the outcome model.

39These turnout rates for the control group need to be estimated because we do not observe the outcome variable

for some voters and the compliance status is not known for every voter in the control group. As a result, the model
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Summary of posterior distributions

Mean s.d. 25%  97.5%
One-party treatment
Intention-to-treat (ITT) effect 0.010 0.022 —0.033 0.052
Complier average causal effect (CACE) 0.013 0.029 —0.044 0.070
Fraction of compliers 0.751 0.007 0.736 0.764
Turnout for the control group
Compliers 0.705 0.023 0.661 0.750
Noncompliers 0.678 0.057 0.563 0.785
All 0.698 0.009 0.680 0.715
Two-party treatment
Intention-to-treat (ITT) effect 0.033 0.023  —0.012 0.077
Complier average causal effect (CACE) 0.047 0.032  —0.017 0.110
Fraction of compliers 0.703 0.012 0.680 0.726
Turnout for the control group
Compliers 0.683 0.027 0.631 0.737
Noncompliers 0.730 0.054 0.620 0.829
All 0.697 0.009 0.678 0.715

Table 2: Estimated Causal Effects of Policy Information on Voter Turnout for One-party and
Two-party Treatments. The figures represent the numerical summaries of posterior distributions
for each quantity of interest separately for the one-party treatment and two-party treatment
conditions: standard deviation, and 95 percent credible interval. The estimated turnout rates
for the control group are shown separately for compliers, noncompliers, and the entire sample,
as the baseline turnout of no exposure to the designated party websites. Each model produces
slightly different estimates of turnout rates for the control group. Moreover, compliers are defined
separately for each treatment.

are defined separately for each treatment; i.e., compliers for the one-party treatment are not
necessarily the same as compliers for the two-party treatment. The estimated baseline turnout
rate is about 70 percent, which is almost 15 percentage points higher than the official turnout rate
of the 2004 Upper House election. This gap arises because our sample is not representative of the

Japanese electorate["’] The estimated model parameters for the two-party treatment effect appear

for one-party treatment produces the estimates of turnout rates for the control group that are slightly different

from the model for two-party treatment.

40 Tt is also possible that the self-reported turnout is biased (e.g., [Burdenl [2000} [Campbell et al.} [1960f |Silver

1986)). The magnitude of self-reporting bias is minimal unless the degree of misreporting is affected by the

actual treatment or the treatment assignment.
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Figure 3: Histograms of Posterior Simulation Draws for the Estimated Complier Average Causal
Effects (CACE) on Turnout. The left panel compares the one-party treatment effect (shaded
histogram) with the two-party treatment effect (unshaded histogram). The middle panel compares
CACE using two subgroups — those voters who were planning to vote (unshaded) and those who
were not (shaded). The right panel compares the causal effects for another set of two subgroups
— those who knew which party they were going to vote for (shaded) and those who did not
(unshaded). The vertical lines represent the zero causal effect. The posterior probability that
CACE exceeds zero is also shown for each subgroup.

in Appendix [C]

As expected from the hypothesis, the posterior means of CACE and the ITT effect are all
positive. The estimated causal effects of one-party treatment are small and there is relatively
large uncertainty. The estimated probability of voting increases (from 70.5 percent) by only 1.3
percentage points on average among those voters who actually visited one party website (CACE),
and the estimated increase is on average one percentage point (from 69.8 percent) among those who
were asked to visit one website (the ITT effect).ErI Since the estimated proportion of compliers is
quite high (75.1 percent in the one-party treatment and 70.3 percent in the two-party treatment),
the estimated I'TT effects and CACE are somewhat similar in our study. Large posterior standard

deviations mean that one cannot statistically distinguish these small positive estimates from zero.

1 The estimated CACE for visiting the LDP website is somewhat larger than that of viewing the DPJ website

though the uncertainty estimates become even larger.
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In contrast, the estimated causal effects of the two-party treatment are larger. The estimated
turnout probability increases (from 69.7 percent) by 3.3 percentage points on average if a voter
is asked to visit the websites of both the LDP and the DPJ. The estimated causal effect among
compliers is even larger, showing that those who actually visited the two party websites were on
average 4.7 percentage points more likely to vote than those who did not. Although the 95 percent
Bayesian credible intervals include zero for both I'TT effect and CACE, approximately 93 percent
of posterior draws take positive values. This suggests that exposing voters to the websites of both
parties has a positive effect on their turnout. The left panel of Figure 3| presents the histograms
of posterior simulation draws for one-party and two-party treatments, and graphically illustrates
the difference between the two.

We note that the comparison of the two CACE estimates requires some caution because the
compliers of different treatments might differ in their characteristics@ Nevertheless, our findings
offer support for the hypothesis that additional information increases voter turnout, especially
when voters are exposed to the policy information of both ruling and opposition parties (as opposed
to just one party). One possible explanation is that voters can better understand policy differences
of the two parties when they compare their actual policy proposals, and this makes them more
likely to vote. Future research should theoretically examine and empirically investigate different
causal mechanisms that explain this difference between one-party and two-party treatment effects.

One may argue that the estimated positive effects merely reflect the participation in the survey
and are not attributable to the exposure to policy information. To investigate this possibility, we
conduct a sensitivity analysis by redefining those voters who have logged onto the pre-election
survey as the treated units. This definition includes the additional 133 voters who started the
survey but did not visit the designated website. As expected, we find that the resulting estimated

causal effects are smaller by approximately 25 percent. For the two-party treatment effect, for

42This problem is severe when the number of noncompliers is large. The comparison of two estimated ITT effects,

on the other hand, is straightforward.
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example, we estimate 2.7 percentage points for the ITT effect (posterior standard deviation 2.2)
and 3.5 percentage points for CACE (posterior standard deviation 2.8) on average. This suggests
that visiting the designated party websites, rather than participating in the survey, increases
turnout. Moreover, regardless of definitions of actual treatment status, the estimated effect of
one-party treatment is smaller than that of two-party treatment. This indicates that different
quantities of policy information yield varying degrees of increase in voter turnout. We emphasize
that our ability to conduct this kind of detailed analysis depends on the precise measurement of
actual treatment status we obtained in our pre-election survey. This point is explicitly made in

our third methodological recommendation in Section [I}

5.2 Voting Intention and Causal Effects of Policy Information

Next, we examine whether the size of causal effects differs across certain types of voters. Using
some of the pre-treatment variables measured in the screening survey, we estimate causal effects
separately for different subgroups that are defined by voting intention. Table|3| presents the results
of our analysis for four subgroups of interest. Because of the limited sample sizes, we estimate the
effect of visiting at least one party’s website by pooling the one-party and two-party treatment
groups. We compare those voters who said they were planning to vote with those who said they
were undecided or not planning to vote, using one of the pre-treatment variables used to define
randomized blocks[| The results indicate that visiting at least one designated website increases
turnout by 3.5 percentage points (from 86.0 percent) on average among those who said they were
planning to vote. However, we find very little effect for those who said they were undecided or
not planning to vote. While the small sample size makes the finding somewhat inconclusive, our
treatment had little effect on those who did not have a strong intention to vote in the first place.

We consider the effect size quite large for those voters who were planning to vote given that the

43We pool undecided voters and those who were not planning to vote because of limited sample sizes for these

two groups.
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Summary of posterior distributions

Mean s.d. 2.5% 97.5%
Planning to vote
Intention-to-treat (ITT) effect 0.026 0.023 —0.018 0.072
Complier average causal effect (CACE) 0.035 0.031 —0.024 0.096
Fraction of compliers 0.750 0.006 0.738 0.761
Turnout for the control group
Compliers 0.860 0.022 0.819 0.904
Noncompliers 0.850 0.052 0.741 0.941
All 0.858 0.009 0.838 0.874
Undecided /Not planning to vote
Intention-to-treat (ITT) effect 0.004 0.049 —0.095 0.099
Complier average causal effect (CACE) 0.006 0.072 —0.138 0.143
Fraction of compliers 0.694 0.009 0.674 0.712
Turnout for the control group
Compliers 0.315 0.056 0.205 0.424
Noncompliers 0.369 0.090 0.200 0.550
All 0.333 0.022 0.293 0.374
Knew which party they were going to vote for
Intention-to-treat (ITT) effect —0.025 0.026  —0.070 0.030
Complier average causal effect (CACE)  —0.033 0.034 —0.092 0.039
Fraction of compliers 0.768 0.008 0.753 0.783
Turnout for the control group
Compliers 0.931 0.025 0.883 0.974
Noncompliers 0.885 0.064 0.757 1.000
All 0.920 0.010 0.897 0.938
Didn’t know which party they were going to vote for
Intention-to-treat (ITT) effect 0.042 0.030 —0.017 0.101
Complier average causal effect (CACE) 0.059 0.043 —0.024 0.142
Fraction of compliers 0.713 0.006 0.700 0.725
Turnout for the control group
Compliers 0.555 0.033 0.491 0.621
Noncompliers 0.605 0.065 0.475 0.728
All 0.570 0.013 0.543 0.594

Table 3: Voting Intention and Estimated Causal Effects of Policy Information on Voter Turnout.
The figures represent the numerical summaries of posterior distributions for each quantity of
interest separately for the one-party treatment and two-party treatment conditions: standard
deviation, and 95 percent credible interval. The estimated turnout rates for the control group
within each subsample are shown separately for compliers, noncompliers, and the entire subsample,
as the baseline turnout of no exposure to the designated party websites.
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baseline turnout without exposure to the party websites is estimated to be greater than 85 percent.
The middle panel of Figure |3| shows the histograms of posterior distributions of CACE for the two
subgroups. Approximately 88 percent of posterior draws take positive values for the subgroup of
those who said they were planning to vote.

We also compare the group of voters who knew which party they were going to vote for and
those who did not know two weeks prior to the election[”] The results indicate that visiting at
least one designated party website has a slightly negative effect on the former group. In fact, 83
percent of posterior draws for CACE take negative values. In contrast, the policy information
raises turnout by 5.9 percentage points on average among those who did not know which party
they were going to vote for in the election. Again, although a relatively large posterior standard
deviation prevents us from drawing a definitive conclusion, the right panel of Figure |3| shows that
91 percent of posterior draws are positive for this subgroup. While our experimental sample is
too small to conduct a direct test and draw a definitive conclusion, the independent analyses of
these subgroups suggest that policy information may have a large positive impact on the turnout
of those who are planning to vote, and yet are undecided about which party to vote for in the

election.

6 Concluding Remarks

In this paper, we show how to effectively design and analyze randomized experiments using our
Japanese election experiment as an example. First, in order to ensure efficient randomization,
we recommend the use of randomization schemes such as randomized block and matched-pair
designs. Second, the Bayesian statistical method used in this paper can overcome the problems

of noncompliance and nonresponse, which are frequently encountered in randomized experiments.

44 For this analysis, the convergence of three chains is slower. Therefore, we run the chains longer (50,000 draws

instead of 20,000) and keep the last 10,000 draws from each chain.
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Third, by measuring a number of important pre-treatment covariates and minimizing the number
of noncompliers and nonresponses, researchers can make modeling assumptions more plausible
and therefore enhance the validity of causal inference. Fourth, precise measurement of treatment
status is essential for accurate interpretation of estimated causal effects. We believe that our
methodological recommendations are widely applicable to other experimental studies. We also
hope that our Japanese election experiment serves as a methodological template for future causal
inquiry with Internet survey-based randomized experiments.

The development of statistical methods for causal inference with experimental data is an active
area of research. Here, we identify some of the important remaining methodological challenges
for future research. First, while this paper dealt with binary treatment variables, the methods

need to extend to situations where the treatment variable is ordered categorical, multinomial or

even continuous (e.g., [lmai and van Dyk] [2004)). Second, the model used in this paper essentially

relies on the constant treatment effect assumption. However, causal effects are likely to vary

across individuals. More sophisticated statistical models must be developed in order to address

the heterogeneity of treatment effects (e.g., 2004)). Finally, it is important to consider

methods that use the estimated causal effects from a specific and nonrandom sample to predict

the outcomes in different samples (e.g., [Hotz, Imbens, and Mortimer] [2005)). Such methods are of

great interest to practitioners deciding future policies based on program evaluations. They are also
useful for researchers who wish to draw conclusions about a relevant population using experiments

conducted with a somewhat unrepresentative sample.
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Appendices

A Balance of Observed Covariates After Randomization

The figures in Table [4] represent t-statistics testing mean differences for each pretreatment variable
across six randomized blocks. Each of the four columns shows the overall balance of the variables
separately for each treatment group compared with the control group. No t-statistic indicates
statistically significant mean differences at the 0.05 level, implying that the pretreatment variables

are well balanced for all treatment assignments.

B Computational Details

This appendix gives details of the Gibbs sampling algorithm that we use to fit the model proposed
in Section . We begin the algorithm with the starting value for parameters (a(?), 30, 4(0) ¢(0))
and missing data (C©,Y (). The compliance status for the units in the treatment assignment

(0)

group is known; i.e., C’Z-(O) = (; = T; for units with Z; = 1. Similarly, we set Y,/ =Y, for units

with R; = 1. We then proceed via the following three steps at iteration ¢,

Step 1: Sample the binary compliance status CZ-(t) independently for each ¢ with Z; = 0

from the Bernoulli distribution with probability,

AilYiwi + (1 =Y)(1 —w)]
Ai[Yiwi + (1 =Y (1 —w)] + (1= X) [Yim + (1 = Y) (1 = m)]

where \; = (X, ¢0Y) 7, = &(X, ) and w; = (B + X.T4¢D). For units with

Zi =1, set C’i(t) =,

7

Step 2: Impute the missing values of the outcome variable for each ¢ with R; = 0 by sampling
from the Bernoulli distribution with probability ®(at=DC T4 a¢-DCH (1-T;) 4 X, D).

For units with R; = 1, set Y;(t) =y,

2
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Step 3: Given the updated compliance status CZ-(t), perform the Bayesian probit regression

for the compliance model using the marginal data augmentation scheme in Section 3.3 of

[[mai and van Dyk| (2005). This gives the new draws of the model parameter, &),

)

Step 4: Given the updated outcome variable Y;(t , perform the Bayesian probit regression

for the outcome model again using the marginal data augmentation scheme in Section 3.3 of

[lmai and van Dyk| (2005). This gives the new draws of the model parameters, (a®, 3 y®).

C Estimated Model Parameters

Table |5 shows the posterior summaries for each of the estimated parameters of compliance and
outcome models in our Bayesian model with the two-party treatment. The covariates used in the
estimation include each respondent’s age and its square, whether her highest education completed
is college or above, whether she knew which party they were going to vote for in the 2004 Upper
House election (four point scale), and whether she thought the LDP, New Komeito, JCP (Japan
Communist Party), or SDP (Social Democratic Party) was her preferred party (four point scale).
These variables are taken from the screening survey. We also added the aggregate voter turnout

rate in the prefecture of the respondent’s residence in the previous Upper House election in 2001.
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One party treatment

Two party treatment

LDP DpJ LDP/DPJ DPJ/LDP
Age —0.27 0.09 —0.97 —1.11
Age? —0.19 0.09 —0.89 —1.04
Gender (Male=1, Female=2) 0.06 0.06 0.09 0.09
Highest education
Junior highschool —0.27 —0.68 —0.13 0.35
Highschool 0.39 —0.47 0.46 0.57
Vocational school —1.21 —0.12 0.44 —0.39
Two-year college —0.44 0.47 —0.09 0.85
College 1.27 0.43 —0.20 —1.00
Graduate school —1.09 —0.43 —0.85 0.09
Four point scale variables about voter preferences
Preferred party or candidate 0.14 —0.27 —0.32 —0.28
LDP is the preferred party —0.77 0.26 0.24 0.39
DPJ is the preferred party —0.24 0.90 —0.30 —0.18
Komeito is the preferred party —0.21 0.64 0.77 0.50
JCP is the preferred party —0.27 1.00 —0.30 0.83
SDP is the preferred party 0.37 1.23 —0.78 —0.46
Planning to vote —0.08 —0.08 0.02 0.02
Proportional representation: Planning to vote for
LDP 0.24 0.49 —1.31 —0.79
DPJ —0.08 —1.16 —0.14 —0.70
Komeito 0.35 0.32 0.61 0.87
JCP 0.93 1.57 0.81 0.46
SDP —0.26 —0.95 0.36 0.66
Other party —1.23 0.19 0.75 0.83
Confidence (four point scale) —0.60 0.04 0.19 0.17
Electoral district: Planning to vote for
LDP candidate 0.99 0.89 —1.35 —0.06
DPJ candidate —0.22 —0.46 —0.08 —0.46
Komeito candidate —0.62 —0.29 0.15 —0.51
JCP candidate 0.11 0.66 0.64 —0.85
SDP candidate —1.49 —1.80 —0.34 —1.08
Independent candidate —0.70 —0.31 0.38 1.29
Other candidate 1.66 0.80 1.81 1.35
Confidence (four point scale) 0.68 0.08 0.20 0.44
Not planning to vote 0.07 0.07 0.17 0.17
Undecided 0.04 0.04 —-0.17 —0.17
Table 4: Overall Balance of Pretreatment Variables Across Randomized Blocks. The figures

represent t-statistics for all pre-treatment covariates that compare each treatment group with the

control group.
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Summary of posterior distributions

Mean s.d.  Mean s.d.

Compliance model Outcome model

Compliers receiving the treatment —0.203 0.188
Compliers not receiving the treatment —0.416 0.270
Intercept for Block I 2.132 1.313  0.323 1.363
Intercept for Block IT 2.013 1.315 0.005 1.357
Intercept for Block III 2.224 1.329 —-1.670 1.363
Intercept for Block IV 1.884 1.310 —1.676 1.356
Intercept for Block V 1.585 1.318 —1.009 1.346
Intercept for Block VI 2.107 1.323 —-0.907 1.363
Age/10 —0.673 0.439 —0.018 0.479
Age? /100 0.087 0.058  0.035 0.065
Highest education completed: college or above  0.022 0.116  0.029 0.121
Knew which party they were going to vote for 0.144 0.131 0.548 0.146
LDP is the preferred party —0.029 0.133 —0.193 0.138
DPJ is the preferred party 0.016 0.142 0.163 0.148
New Komeito is the preferred party 0.107 0.162 —0.097 0.165
JCP is the preferred party —0.295 0.165 —0.211 0.168
SDP is the preferred party 0.173 0.165 0.199 0.174
Aggregate turnout in 2001 —0.006 0.017 0.010 0.018

Table 5: Posterior Summaries for Each of the Estimated Parameters in the Two-Party Effect
Model. The columns show the mean and standard deviation of the posterior distributions.
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