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Appendices

Appendix E
This appendix first outlines relative pros and cons of various matching
procedures and then applies them, as well as a first difference model, as
robustness checks for the findings of this paper. It also explores more fully how
explicitly modelling selection effects through CBPS within a SEM panel model
is superior to the more traditional approach of using lagged (in)dependent
variables as controls.
Comparing Matching Approaches
The first matching procedure considered here is propensity score matching
(Rosenbaum & Rubin, 1983). It consists of two stages. First, a model is developed
to predict the likelihood for each individual to be exposed to the treatment.
This “propensity score” is than used as a control in the regression analysis. If
conducted properly this ensures that the effect of the estimated effect of the
treatment is no longer related to the propensity of getting the treatment.62 In
addition, this allows for the possibility of controlling for differences in the size/
direction of the effect of the treatment at different values of the propensity
score, by including the interaction between the propensity score and the
treatment as a covariate in the regression equation. Less formally: if those who
are more likely to see polls (and turnout) are also more sensitive to get even
more interested and turnout when they do see polls compared to those who
are less likely to see polls, this would lead regular regression to overestimate
the effect of polls on turnout. The interaction between poll exposure and the
propensity score allows evaluating whether this is the case, and controlling for
its possible bias in the main effect estimate of poll exposure on turnout.
While intuitively appealing and some studies showing strong support
(Dehejia & Wahba, 1999), propensity score matching is criticized for failing to
consistently produce better quality estimates compared to regression analysis.
Like all matching methods estimates of the treatment effect will depend on
the covariates included. If an important covariate is omitted, this biases the
estimates. Matching methods only control for observable differences between
the treatment groups. More specifically with respect to propensity score

62	Many variations of propensity score matching exist, many do not use the propensity score as a
control, but rather as a sample weight. See Imbens (2004) for an overview of weighting procedures.
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matching, Angrist and Pischke (2008) argue that the assumptions underlying it
are quite similar to those for regression, so there is not much gain there.
The success of matching depends on the degree to which it ensures that
the treated and untreated group are equal or “balanced” (Ho, Imai, King &
Stuart, 2007). As the procedure to arrive at the propensity score is ad hoc and
inferential it is unlikely to produce perfect balance. To remedy this problem
Hainmueller (2011) developed entropy balancing (EB). EB is based on a
computer algorithm that computes a set of weights to achieve optimal balance
for the covariates entered by the researcher. A researcher can set the desired
balance for each covariate in terms of means, variance and skewness. As it is
not possible to balance an infinite number of covariates to an infinite degree
for any unlimited sample, a researcher needs to choose, which covariates
should be balanced to what degree. In the sample yielded by using EB weights
the treated and untreated groups are not just equal in their propensity to see
polls, but in each of the separate variables used in the EB procedure. In addition
Imai and Ratkovic (2014) proposed the Covariate Balancing Propensity Score,
which uses a similar procedure to arrive at optimal balance, but also produces a
propensity score which can be used to explicitly model selection effects.
Both propensity score matching and EB thus compute a linear score/
weight for each individual and thus assume that the relevant differences
between treated and untreated individuals can be expressed in linear terms.
Matching was originally designed exactly because this might not be the case
and various forms of matching exists which create pairs of individuals which
are exactly equal on the values/categories rather than the means of a set of
covariates. Exact matching procedures tends to results in a loss of cases, as not
all individuals will be an exact match on the covariates with someone in the
other group. From the various approaches to arrive at pairs of individuals with
the most alike covariate scores, this paper uses “Coarsened Exact Matching”
(CEM). In CEM the covariates are divided into categories as requested by the
researcher and exact matches are selected based on these categories (Iacus,
King & Porro, 2009). The advantage of using categories instead of all exact
values/categories is that it will result in more matches, so fewer cases need to
be dropped and more covariates can be used to match on. Dropping too many
cases can be dangerous as it might give the impression of good balance, but at
the cost of variance (Ho, Imai, King & Stuart, 2007).

E
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Robustness Checks Using Matching
Reporting various tests can help to get a better idea of the influence of selection
effects. For example, Levendusky (2011) used CEM to evaluate the influence
of exposure to political information on political behavior and finds that crosssectional studies tend to strongly overstate the causal effect of such exposure.
He compares the CEM results to panel data analysis of the effect within and
between individuals to support his results. Still, he warns that CEM is no golden
standard for causal inference as it is still based on observed differences between
those exposed and not exposed. Only experiments with random selection of
those exposed and not exposed can fully eliminate the possibility that any
unmeasured differences between people drive both exposure to political
information and political behavior, but at the cost of decreased external validity
compared to field studies.
Table 1 Logistic regression of poll exposure on turnout.
Logit

Poll exposure

turnout
1.25***
(3.50)

Propensity to see
polls

Multivariate CBPS Logit Logit, CBPS
Logit
interaction
turnout
turnout
turnout
0.69**
0.57**
0.87*
(1.99)
(1.77)
(2.39)
1.98**
2.35***
(7.22)

Propensity*poll
exposure
Constant
Covariates included
Pseudo R2
N

-0.82***
NO
0.07
747

0.85
YES
0.28
747

-1.35***
NO
0.10
747

EB Logit

CEM Logit

turnout
0.71***
(2.03)

turnout
0.52**
(1.68)

0.30**
NO
0.02
747

-0.30**
NO
0.01
485

(10.52)
-0.70
(0.49)
-1.46***
NO
0.10
747

Note. Logistic regression on turnout, odds ratios in brackets * p<0.05; ** p<0.01; *** p<0.001. Logit =
regular logit model; EB = weighted by EB weights; CEM = weighted by CEM weights. The covariates used
are: age, education, gender, income, interest in opinion polls (wave 3), amount of TV exposure (wave
1,2,3,4), amount of newspaper exposure (wave 1,2,3,4), amount of internet exposure (wave 1,2,3,4),
interest in the election campaign (wave 1,2,3), political efficacy (wave 1,2,3), political cynicism (wave
1,2,3), seen polls or not (wave 3), turnout intention (wave 1,2,3) and attention to campaign news (wave
3). Pseudo R2 of the base model including only poll exposure is 6.57%.

As matching methods, such as EB or CEM require a (nearly) exact balance
of each covariate in the exposed and not exposed groups, using too many
covariates makes it more difficult to achieve this goal. Therefore the list
of covariates for EB is restricted to those variables which have a (nearly)
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significant influence on seeing polls or not.63 To keep the list as inclusive as
possible each covariate is only matched to the first degree (means). This means
that the mean of each covariate after EB weighing is exactly the same in the
exposed and not exposed groups. CEM is even stricter and requires that each
score on each variable which occurs in one group should also occur in the same
amount in the other group. If a participant has a score on a variable that does
not occur with another participant in the other group, this participant will be
dropped from the analysis. To maintain a representative sample of the original
participants, the list of CEM covariates is, thus, even smaller than that used
here for EB. It includes only turnout intention (wave 3), poll exposure (wave
3), interest in the campaign (wave 3) and interest in opinion polls (wave 3), as
these variables are most directly related to the independent and dependent
variables included in the hypotheses for this study.
The second column of Table 1 shows the estimate that would usually be
reported: that of a multivariate regression with control variables. More precise
approaches for correcting sample composition yield estimates which are a little
lower, both when correcting for linear sample differences through entropy
balancing or CBPS and when correcting for possible non-linear differences
through coarsened exact matching. The various approaches to control for
these selection effects all show that seeing polls makes a young voter around
two times as likely to turn out. The interaction term, in the fourth column,
between the propensity to see polls (CBPS) and poll exposure is negative and
not significant. The effect of poll exposure on turnout is not larger for those
more likely to see them, on the contrary the effect appears largest for those
least likely to see them, although not significantly so. The EB and CEM models
in the fifth and sixth column show that controlling for selection effects, poll
exposure still explains between one and two percent of the variance in turnout.
Given how modest poll coverage was, this can be considered a substantial
effect.

E

63	The covariates used to calculate EB weights are: vote intention for PvdA, VVD, PVV, D66, SP (wave 3),
seen polls or not (wave 3), education (wave 1), interest in the election campaign (wave 1,3), political
participation (wave 3), knowledge about politics and the EU (wave 3), age, gender, income (wave 1),
amount of anxiety about parties (wave 3), turnout intention (wave 3), interest in opinion polls (wave
3), political cynicism (wave 3), amount of talking about politics (wave 3), amount of talking about
the EU (wave 3), amount of exposure to TV, newpapers and internet combined (wave 3), attention to
campaign news (wave 3).
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Robustness Check Using a First Difference Model
Although matching procedures allow for a stronger causal test compared to
regular regression, they are just as susceptible to omitted variable bias (i.e. that
unmeasured variables from before the campaign cause differences between
the expected outcome in terms of wave 4 campaign interest and turnout of the
exposed and not exposed groups). When such omitted variables are constant,
fixed effects regression is a good way to deal with them. As fixed effects models
only look at effects within individuals, the differences between individuals
in their likelihood of seeing polls are kept out of the analysis. Using a fixed
effects model in this study is difficult though, as turnout only takes place once
and previous waves measure likelihood to turnout rather than turnout itself.
Likewise, polls mainly featured in the media between wave three and four, and
no measure of poll exposure is available for waves one and two. Therefore, a first
difference model is constructed, by transforming the self-reported likelihood of
turnout (in wave three) to a zero to one range and subtracting this score from
the actual turnout (did vote = 1; did not vote = 0) in wave four (N =747, M =
-0.03, SD = 0.44, range [-1; 1]). Similarly, seeing polls or not as measured in wave
three is subtracted from seeing polls or not in wave four (N =747, M = 0.15, SD
= 0.52, range [-1; 1]). In this way, the model compares changes in turnout to
changes in poll exposure, which takes care of constant unobserved variables.
The results of this model should be interpreted with care and in combination
with those from the other tests, as this particular model especially faces the
limitations of poll coverage increasing towards the election date, as well as
notorious over reporting of turnout intention (see Hillygus, 2005).
Table 2 First difference regression of change in poll exposure on change in turnout.
∆ Poll exposure
Constant
Covariates included
∆ R2
N

∆ turnout
0.08**
(0.03)
0.60
(0.45)
YES
0.01**
747

Note. Standard error in brackets * p<0.05; ** p<0.01; *** p<0.001. The covariates used are: age, education,
gender, income, interest in opinion polls (wave 3), amount of TV exposure (wave 1,2,3,4), amount of
newspaper exposure (wave 1,2,3,4), amount of internet exposure (wave 1,2,3,4), interest in the election
campaign (wave 1,2,3), political efficacy (wave 1,2,3), political cynicism (wave 1,2,3), seen polls or not
(wave 3), turnout intention (wave 1,2,3). ∆ R2 indicates the change in R2 due to adding ∆ Poll exposure
to the list of covariates.
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The results of the first difference model are shown in Table 2. The within effect
of poll exposure appears smaller than the effects found in Table 1, but these
coefficients cannot be directly compared. The models in Table 1 predict the log
odds of turnout, while those in Table 2 predict the difference between turnout
and the self-reported likelihood of turnout in wave three on a fourteen point
scale. Changes in poll exposure explains about one percent in the change
score of turnout. As changes in turnout are measured on a fourteen point scale
ranging from minus one to one, someone who did not see a poll before wave
3, but did see them after wave 3, increases a little over one point (1/12 of the
range of the scale) in likelihood to turn out.
Comparing CBPS versus Traditional Controls for Selection in Panel Models
The paper describes three SEM models to test the mediating role of campaign
interest. Here a fourth model is estimated, which again is a variant of the full
SEM model (Model 4). This model shows more directly how controlling for
CBPS is superior to only using control variables. In this model CBPS is only used
as a control for the effect of poll exposure on turnout, but not for the effect of
the mediators. The total effect of poll exposure on turnout found in this way is
comparable to that found when all covariates used in calculating CBPS would
have been included as controls in the full SEM model. The last column of Table
3 shows that the total effect of CBPS on turnout is now nearly zero, illustrating
that the control variables included in the model adequately take care of the
selection effects for the relation of poll exposure on turnout, and are indeed
representative for all the covariates used in calculating CBPS. However, in this
model, the total effect of poll exposure on turnout is almost twice as large (0.23
vs 0.13) as when properly controlling for CBPS (Model 2). This increase of 0.10
in total effect appears to be due to the increase of the indirect effect of poll
exposure via the various mediators on turnout from 0.07 to 0.15. In addition,
the indirect effect of CBPS on turnout is now equal to the total effect of poll
exposure on turnout, and much smaller than in the full model (0.23 vs 0.42).
Apparently, selection effects mainly influenced the effect of poll exposure
on turnout via its mediators: these mediators were already more likely to
increase/decrease for those more likely to see polls before the campaign, even
after controlling for their wave 3 antecedents. CBPS doesn’t only model the
pre-campaign propensity to see polls, but also the pre-campaign propensity to
be affected by polls in terms of the various potential mediators. CBPS models

E
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the baseline anticipated turnout based on pre-campaign characteristics, as
well as the anticipated change in mediator scores based on pre-campaign
characteristics. Those more likely to see polls are also more likely to become
more interested. A failure to properly control for this part of its effect, as is
common in most two-wave panel survey models, thus leads to overestimation.
Table 3 Specific indirect and total effects of CBPS and poll exposure on turnout.

CBPS
Poll exposure

Model 3
Model 3
Model 4
Model 4
Indirect effect
Total effect on
Indirect effect on
Total effect on
on turnout, poll
turnout, poll
turnout, CBPS only turnout, CBPS only
exposure only
exposure only
via poll exposure via poll exposure
mediated via
mediated via
campaign interest campaign interest
0.35
0.11
0.23
-0.02
0.07
0.14
0.15
0.23

Note. N = 747, SEM model 3 estimated with only the path through campaign interest as a potential
mediator and removing covariances between campaign interest and other potential mediators, but
still including all other possible mediators as controls; SEM model 4 estimated with only the path
through poll exposure as a potential mediator of CBPS on other mediators/turnout, but still including
all effects of poll exposure on all potential mediators and the covariances between those mediators
where applicable.
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