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Abstract
Influential models and studies of public opinion formation identify party elite cues as
prominent drivers of public policy opinion. However, there is substantial variation in effect
sizes across studies, and this variation is a barrier to the generalizability, theoretical
development and practical utility of party elite cues research. In this paper, I estimate the
variation in party elite cue effects that is caused simply by heterogeneity in the policy issues
studied. I analyze three datasets from party elite cue experiments that contain between 10 and
34 U.S. policy issues each. I estimate the variance across the unobserved population of policy
issues in both (i) the basic party elite cue effect and (ii) its relationship with the putative
moderators of political sophistication and need for cognition. My estimates of between-issue
variation in the basic and moderator effects equate to somewhere between one-third and twothirds of the between-study variation previously observed in the literature. This highlights
that a majority of existing between-study variation in party elite cue effects could simply be
caused by the studies’ limited sampling of policy issues. I conclude that sampling a larger
number of policy issues would substantially improve the generalizability of studies’ estimates
of party elite cue effects, thereby providing a firmer empirical foundation for theory building,
testing, and for applying the results to predict future cases of party elite influence.
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Estimating the between-issue variation in party elite cue effects

Understanding the causes of the public’s policy opinions is a long-standing goal of political
science. An influential model of public opinion formation identifies political party elites as
important causes of public policy opinion (Lenz 2009, 2012; Zaller 1992), and a vast body of
research underscores this model—dozens of studies have documented evidence of the
influence of “party elite cues” on the political opinions of the public (Agadjanian 2020;
Bakker and Lelkes 2018; Barber and Pope 2019; Berinsky 2009; Bisgaard and Slothuus
2018; Boudreau and MacKenzie 2014; Brader and Tucker 2009, 2012; Broockman and
Butler 2017; Bullock 2011; Cohen 2003; Druckman 2001; Druckman, Peterson, and Slothuus
2013; Ehret, Van Boven, and Sherman 2018; Kam 2005; Kreps and Kriner 2020; Levendusky
2010; Merkley and Stecula 2020; Nicholson 2011, 2012; Pannico 2020; Samuels and Zucco
2014; Slothuus 2010; Slothuus and de Vreese 2010; Stoeckel and Kuhn 2018; Tesler 2018;
Toff and Suhay 2019; Van Boven, Ehret, and Sherman 2018; Yeyati, Moscovich, and Abuin
2020)2. Taken together, this research has firmly established the basic phenomenon that
learning whether political party elites endorse (or repudiate) a particular policy often causes
people aligned with the party to become more supportive of (or more opposed to) the policy,
on average; and vice versa for people aligned with a rival party (Bullock 2019).
Beyond establishing this basic phenomenon, however, there remains a great deal we
still do not understand about the influence of party elite cues on public policy opinion. Chief
among these is the magnitude of their influence: there exists enormous variation in the
estimated size of party elite cue effects across studies. For example, in an influential review
of a subset of the literature, Bullock (2011) identified that across studies, the effect of party
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This list of relevant papers is not exhaustive. While many studies of party elite cue influence use nonexperimental designs, those listed here mostly use experimental designs.
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elite cues on policy opinion ranged from as small as 3% to as large as 43% of the policy
opinion outcome scale; and this variation does not appear to have diminished appreciably in
the ensuing decade of party elite cues research (Bullock 2019). Variation this massive
undermines any serious attempt to generalize results from one context to another—even in
the case of tightly-controlled survey experiments, let alone the messier context of real-world
public opinion. The consequence is a stifling of both the theoretical development and
practical utility of party elite cues research.
An important question to ask is thus: What explains this enormous variation in party
elite cue effects? Unfortunately, empirical research on potential moderating variables has to
date yielded a comparable degree of variance in its findings. Two of the foremost-studied
moderators are political sophistication and “need for cognition” (Bullock 2019); the former
variable referring to the “breadth, depth and integration of people’s political thoughts” (p. 4)
and the latter variable “the extent to which people like to think” (p. 5). Some studies estimate
that higher values of these moderators are associated with stronger party elite cue effects
(Bakker and Lelkes 2018; Bakker, Lelkes, and Malka 2020; Slothuus and de Vreese 2010);
other studies estimate that higher values are associated with weaker effects (Anduiza,
Gallego, and Muñoz 2013; Barber and Pope 2019; Boudreau and MacKenzie 2014; Kam
2005; Pannico 2020); while still other studies observe little or no evidence of any consistent
moderating relationship (Bullock 2011; Ehret, Van Boven, and Sherman 2018; Gilens and
Murakawa 2002; Kam 2005; Mérola and Hitt 2016; Petersen et al. 2013; Slothuus 2010).
There are many possible explanations for the substantial between-study variation that
is observed in both the size of the basic party elite cue effect and the direction of its
association with putative moderators such as political sophistication and need for cognition.
This is because the relevant studies tend to differ along a very large number of dimensions,
many of which plausibly influence both of these quantities. Here, I consider a particular
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dimension of between-study heterogeneity that plausibly constitutes a major source of the
observed variation in party elite cue effects and their relationship with moderators.

Heterogeneity along the policy issue dimension
Most studies of party elite cue effects sample a very limited number of policy issues from the
total “population” of policy issues available; typically, between one and four policy issues,
and rarely more than this. In addition, these policy issue stimuli necessarily tend to be highly
specific, in the sense that they capture respondents’ reactions to party elite cues concerning
very particular policy proposals—not holistic policy agendas or domains.
This combination of limited issue-sampling and high issue-specificity has two
consequences. First, any given study covers a very small region of the policy issue “space”
(owing to limited sampling); and, second, this space is potentially very large (owing to high
specificity). A more observable consequence is that the magnitude of between-study
heterogeneity in policy issue stimuli is large; seemingly larger than the between-study
heterogeneity along any of the dimensions I alluded to in the previous section. For example,
in contrast to the observation that some studies operationalize the party elite cue in
approximately the same way3, it is extremely rare for studies of party elite cue influence to
focus on the same (or even similar) policy issue stimulus as any other study 4. The upshot is
that if there exists even moderate between-issue variation in the basic party elite cue effect,
and its relationship with putative moderators, then it is possible that a large share of the
between-study variation in these quantities is due to heterogeneity in policy issues alone.

For example, numerous studies operationalize the elite cue as giving people information that “95% of
Democrats/Republicans in Congress” support/oppose the policy in question. I will consider this and other
dimensions of between-study heterogeneity in greater detail later in the paper.
4
The three exceptions of which I am aware are Bakker and Lelkes (2018), who conduct a direct replication of
Kam (2005); Nicholson (2011), who conducts a direct replication of Cohen (2003); and Coppock (2019), who
conducts a direct replication of Nicholson (2012).
3
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Importantly, there are various reasons to expect at least moderate between-issue
variation in the basic effect and its relationship with putative moderators. Three of the most
plausible reasons are: likelihood of pretreatment, the public salience (e.g., media coverage) of
the issue, and the general character of the issue.
Likelihood of pretreatment simply refers to the fact that the likelihood of study
respondents knowing where different parties stand on the issue is not uniformly distributed
across policy issues: either because people have already learned where the parties stand on
particular issues (and not others) prior to entering the study, or because on some issues
(versus others) it is easier for people to infer the positions of party elites from their prior
knowledge of the parties’ policy reputations (Slothuus 2016). In either case, the result is a
dilution of the party elite cue effect in the study, meaning that policy issues with a higher
likelihood of pretreatment will evince weaker party elite cue effects, all else equal.
Second is the salience of the policy issue: some issues are more personally important
to members of the public than others (on average), and/or are more intensely covered by the
media (Bullock 2019). To the extent that this means that higher (versus lower) salience issues
are associated with stronger prior opinions, party elite cues will have less of an impact on
people’s policy opinion in the study, all else equal. While this source of variation is related to
the likelihood of pretreatment, the two are conceptually distinct—as is the case when, for
example, an issue is intensely reported on in the media but the major political parties do not
have well-defined positions on the issues, at least in the eyes of the public. A recent case in
point is the issue of Britain leaving the European Union; it was widely reported that the
position of the UK Labour Party was unclear to voters both during and after the vote to leave
the EU, perhaps due to internal party disagreement and an inconsistent messaging strategy.
A third plausible source of between-issue variation is the general character of the
policy issue (Broockman and Butler 2017). For example, whether the issue is one that relates
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to people’s core values—such as policies on abortion, versus, say, a highly technical or “dry”
issue that is relatively disconnected from many people’s core values—such as aspects of
foreign policy, or policies related to the development and maintenance of domestic
infrastructure. It is intuitively plausible that the latter types of issue would be more amenable
to influence by party elite cues, perhaps because people are more likely to recognize and
defer to the perceived expertise of political elites on such issues. That said, there is a paucity
of empirical work on this question of domain-general differences in party elite cue effects.5
It is clear to see how the three aforementioned factors could drive between-issue
variation in estimates of the basic party elite cue effect. Perhaps less clear is that they can
also drive between-issue variation in the relationship between the basic effect and the
putative moderators of political sophistication and need for cognition. For example, as well as
the likelihood of pretreatment being non-uniform over policy issues, it is also non-uniform
over people. Specifically, those people who are more politically sophisticated tend to have a
higher likelihood of pretreatment—and, thus, the basic party elite cue effect estimated in the
study is potentially even more strongly diluted for these individuals (Slothuus 2016).
There are likely other causes of between-issue variation in the basic effect and its
association with moderators, in addition to those outlined above. But the key point is that
there exist compelling grounds to expect that the between-issue variation in these quantities is
at least moderate, and, thus, that a substantial share of between-study variation in the
quantities could be due to heterogeneity in policy issues alone.
One approach for determining the extent to which between-study variation in the
basic and moderator effects is due to heterogeneity in policy issue stimuli is to note all
relevant studies’ sample of policy issues; record their estimates of the basic and moderator
effects where possible; and then reach a subjective judgment about the likely contribution of
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the policy issue dimension to the observed heterogeneity in these quantities. Unfortunately,
this approach faces numerous difficulties—most clearly, the studies often differ over many
other potentially relevant dimensions at the same time as differing over the policy issue
dimension. If choices along these other dimensions are correlated with the choice of policy
issues, this approach becomes almost impossible to execute with any reasonable hope of
confidence in the answer. I thus adopt an empirical approach in this paper, outlined below.

This paper
My goal in this paper is to quantitatively estimate the extent to which the between-study
variation in party elite cue effects observed in the existing literature could be explained by
between-study heterogeneity in policy issues alone.
To that end, the paper is split into four sections. In the first, I reanalyze existing
datasets from two prior studies of party elite cue effects, both of which included greater than
a handful of policy issues (>=10) within the same experiment. In the second, I conduct a
novel party elite cues experiment comprising a much larger number of contemporary U.S.
policy issues—34 in total. My quantity of interest is the variance in both (i) the basic party
elite cue effect, and (ii) the relationship between the basic effect and its putative moderators,
across the different policy issues examined in the study. I fit multilevel regression models to
obtain estimates of these variance parameters, and use these estimates to infer the range in
both (i) and (ii) across the unobserved “population” of policy issues.
In the third section of the paper, I compare these estimates of the between-issue range
in effect sizes against benchmarks of the between-study range in effect sizes derived from the
existing literature. Notably, my estimation strategy is conservative with respect to the
estimates in the existing literature, because the multilevel models induce “shrinkage” in the
individual-issue estimates—dragging them closer to the grand mean estimate and thus
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compressing the between-issue range. However, this guards against over-fitting the data for
individual policy issue stimuli, improving out-of-sample predictive accuracy on average
(McElreath 2020). In the fourth section of the paper, I use the data from my novel experiment
with 34 policy issues to explore potential causes of between-issue variation; for example, I
estimate domain-general differences in elite cue effects, identifying which domains of policy
issue (e.g., foreign policy, healthcare) exhibit the largest effects, and which the smallest.
In the following subsections, I briefly describe and reanalyze in turn the two prior
studies of party elite cue effects, as mentioned above. After that, I describe and report the
results from the novel party elite cues experiment comprising 34 U.S. policy issues.

Previous studies
Broockman and Butler 2017, AJPS
In this paper, the authors conducted two field experiments in collaboration with Democratic
state legislators in the U.S., in which they sent their constituents official letters with randomly
assigned content—in particular, staking out their positions on a variety of different policy
issues (in the treatment group) versus not (in the control group). Ostensibly unrelated
telephone surveys were used to measure the constituents’ post-treatment policy opinions.
Here I limit my focus to the second experiment reported in the paper, since it contained many
more policy issues (17) than the first experiment (4), meeting my criteria for reanalysis.
The key details of the experiment are as follows. Working with 7 state legislators, the
authors identified four salient policy issues per legislator on which the legislator was actively
supporting or opposing a position. There were 17 issues in total, and there was some overlap
between legislators and issues (on overlapping issues, all legislators were of the same
position). The issues ranged from decriminalizing marijuana to implementing additional
workplace protections for pregnant women, and are reported in full in the Appendix.
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The authors then carried out baseline surveys of registered voters in each legislator’s
district—querying their positions on each of the legislator’s four issues. Voters who
disagreed with the legislator on one or more of the issues were eligible for the experiment
and were thus randomly assigned to receive one of three letters: (i) a “control” letter in which
the legislator introduced themselves and provided information about their services and some
locally-oriented achievements; (ii) a “basic justification” policy letter, in which the legislator
additionally took a policy position that the recipient had not agreed with previously but
offered scant justification for their position; or (iii) an “extensive justification” policy letter,
in which the legislator elaborated on the reasons why they held their position.
The issue included in the treatment letters was randomly chosen from the legislator’s
set of four issues, and was restricted to those issues on which the voter had previously
disagreed with the legislator’s position. While some voters in the treatment groups were
eligible to receive the legislator’s position on more than one issue, only one issue was
included in each letter. Ostensibly unrelated phone surveys were conducted one week after
the letters were received, probing voters’ opinions on the legislator’s four issues. A total of
1,140 voters6 answered the post-treatment survey, corresponding to 2,528 voter-issue
observations for analysis.
I began by downloading the main replication dataset from the Harvard Dataverse. 7
The authors’ main outcome variable took a value of 1 if the voter agreed with the legislator’s
position; a value of 0.5 if the voter was unsure on the issue; and a value of 0 if the voter
disagreed with the legislator’s position. I adopt this outcome variable for my analysis. The
authors’ primary model specification was an OLS regression model with dummy variables

The number of individual voters in the final sample differs from that reported in Broockman and Butler’s
(2017) paper (p. 17), but the number of voter-issue observations is identical. I assume the number of voters they
report on page 17 is a typo, since their Table 7 (p. 20) reports the same number of voters as I do here (1,140).
7
Study2_data.RData
6
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indicating treatment assignment and standard errors clustered at the voter level. They also
included voters’ policy opinions from the baseline survey as a covariate, and dummy
variables for the number of issues the voter was eligible for receiving a position on—to
account for the fact that the probability of receiving each issue treatment depended on the
number of issues where the voter was eligible for treatment.
I follow the spirit of these specification decisions in my analysis. The key difference
is that I fit a Bayesian multilevel regression model, allowing the average treatment effect
(ATE) of the basic justification and extensive justification letters to vary across policy issue. 8
I specify prior distributions on the model parameters that are vague and weakly-regularizing,
allowing the data to “speak for itself” but placing low probability on extreme or impossible
values. For example, the ATE cannot exceed a value of 1 given the scale of the outcome and
treatment dummy variables, and thus ATE values greater than 1 receive low probability in the
prior.9 The full model is written formally in the Appendix.
The key parameter of interest is the variance in the ATE across the unobserved
population of policy issues, operationalized as the standard deviation of a Gaussian
distribution. Because there are relatively few units in the policy issue sample (17), the model
has relatively little data with which to estimate this standard deviation parameter.
Accordingly, special attention must be given to the prior distribution on this parameter so that
it does not unduly influence the posterior distribution and thus inference.
I use a half-normal distribution with mean = 0 and SD = 0.05, which assigns the
majority of probability mass to parameter values that lie between 0 and 0.05—with values
closer to 0 being most plausible—while allowing for larger values if the data demand it. To

8

I also allow the ATEs to vary across legislators to improve the estimates.
If it appears strange to leave any prior probability mass over such values, recall that OLS essentially treats all
parameter values as equally likely a priori—even those that are extreme or impossible. This is stranger still, yet
it is commonplace. Telling the model that these values are less likely a priori both improves estimation and
regularizes the model estimate (moving it closer toward zero), reducing the risk of overfitting (McElreath 2020).
9
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put this prior into context, a standard deviation of 0.05 would imply that the most plausible
ATEs across the population of policy issues fall within an interval of width 0.20 (i.e., the
mean  2 SD); that is, 20% of the outcome scale. This is akin to saying: across the entire
(unobserved) population of policy issues, most ATEs would be between 5 and 25% of the
outcome scale, assuming the mean ATE was 15%. Given the significantly larger range in
party elite cue effect sizes observed in the literature, for example the 3 to 43% reported in
Bullock (2011), this prior is reasonably skeptical. Especially since SD values closest to zero
are considered more plausible than 0.05; and SD values greater than 0.1 as implausible.
The key results from my primary model specification are shown in Figure 1.10 Plots
of this type will appear throughout the paper, so I will spend some time describing what they
show. The panels in the left-hand column (A, C) show the ATE for each policy issue as
estimated by the model, which are indexed on the y-axis and ordered by size. The solid black
vertical line shows the overall (average) ATE across policy issues. Recall that the outcome
variable is scaled to lie between 0 and 1, and so the x-axis values can be interpreted as
percentage change on the outcome scale—with positive values indicating movement toward
the legislator’s position. The panel title indicates the treatment letter the voters received.
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Model diagnostics are reported in the Appendix.
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Figure 1. Key model results from the reanalysis of Broockman and Butler (2017). Panels A
and C show the elite cue ATE estimated for each issue in the sample. Panels B and D show
the estimated distribution of ATEs across the unobserved population of policy issues.
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Moving on, the panels in the right-hand column (B, D) show the distribution of ATEs
across the entire (unobserved) population of policy issues, as estimated by the model. The
solid pink line is the average distribution estimated by the model; whereas, the faded pink
lines show ten distributions drawn randomly from the posterior of the model, to communicate
the model’s uncertainty in the location and scale of the distribution. The y-axis is the density.
The mean and SD of the average distribution are shown in the upper-right, with 95% lower
and upper intervals inside the brackets. 11 The mean is equivalent to the overall (average) ATE
across policy issues. Notably, these overall ATE values correspond closely with the ATEs
reported by Broockman and Butler (2017) for the two letter treatments.
The SD is my main quantity of interest; it governs the width of the distribution, and,
thus, it governs the estimated range of ATEs across the population of policy issues. The range
estimate is shown at the base of the average (solid pink) distribution, with corresponding
black horizontal line and 95% intervals. I compute the range estimate to cover 99% of the
probability mass of the distribution, meaning that only 1 in 100 ATEs across the entire
population of policy issues is expected to fall outside this range (according to the data and
model).12 This is akin to saying: it would be highly unlikely to observe a difference between
two elite cue ATEs that exceeds this range due to a difference in policy issues alone.
The point-estimate of the ATE range for both the basic and extensive justification
treatment letters is 0.13. As per above, this implies that different policy issues alone could
plausibly account for observed variation in elite cue ATEs to the tune of ~13% of the
outcome scale. However, the model is highly uncertain regarding these values, as indicated

All intervals in this paper are highest posterior density intervals. The “population mean” point-estimate is
computed as the mean of the model’s full posterior distribution over the population-level ATE. In contrast, the
“population SD” is computed as the median of the model’s full posterior distribution over the between-issue
ATE standard deviation parameter. This is because the SD parameter is necessarily bounded below by zero and
so tends to be skewed, rendering the mean a misleading summary statistic (i.e., biased upward).
12
For the same reason as the population SD point-estimate (i.e., skew), the point-estimate of the ATE range is
also computed as the median of the model’s full posterior distribution over the range.
11
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by the wide intervals that span from ~0.00 to ~0.36 for both range estimates. This uncertainty
is a joint consequence of both a relatively small policy issue sample (17) and the low
numbers of observations for many of the issues—for example, six of the issues had fewer
than 100 observations in total across both treatment groups and the control group.
Before I move onto my reanalysis of a different paper, it is worth noting that the
foregoing analysis does not condition on the partisanship (e.g., party identification) of the
voters—as is typical in studies of party elite cue effects. The reason for this is two-fold. First,
Broockman and Butler (2017) did not collect the party ID of voters; but, second, and perhaps
more importantly, it is unclear whether any of the voters even knew their legislator was a
Democrat (this was not signalled in the letters sent to voters); rendering the interpretation of
an analysis that conditioned on voter party ID somewhat ambiguous. Nevertheless, for
interest sake, in the Appendix I fit separate models for voters who reported a favorable versus
unfavorable impression of former president Barack Obama (current president at the time).

Barber and Pope 2019, APSR
In this paper, the authors conducted a survey experiment in which U.S. adults answered 10
questions related to public policy—indicating whether they supported or opposed each policy
(or that they didn’t know). The policy issues covered a variety of different domains, from a
proposed increase in the minimum wage to the introduction of penalties against women who
obtain abortions. The full list of questions is provided in the Appendix. Before answering the
questions, the respondents were randomly assigned to one of 4 conditions in which each
policy question was accompanied by an endorsement from Donald Trump in a liberal
direction (N = 200); an endorsement from Donald Trump in a conservative direction (N =
200); the position of Republicans in Congress (N = 400); or a control condition (no
endorsements) (N = 500). Respondents were assigned to one and the same condition for all
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10 questions. There were 1,300 respondents, for a total of 13,000 observations, recruited via
YouGov in 2017.
I began by downloading the main replication dataset from the Harvard Dataverse.13
The authors’ main outcome variable, Support, took a value of 1 if the respondent gave a
liberal response and 0 if they gave a conservative response to the policy question. For each
treatment-control comparison, I recoded this outcome variable so that a value of 1 indicated a
response in the theoretically-expected “direction”, and a value of 0 otherwise. For example, if
a Republican respondent gave a liberal (conservative) response in the liberal Trump-control
comparison this was coded as 1 (0); if a Democrat respondent gave a liberal (conservative)
response in the liberal Trump-control comparison this was coded as 0 (1). This recoding
scheme reflects the expectation that cues from in-party elites cause updating towards the cue,
while cues from out-party elites cause updating away from the cue. Accordingly, the
expected sign of the elite cue treatment effect is positive for all partisan respondents in each
of the three treatment-control comparisons (Independents were not included in the recoding
scheme, nor in the main analysis). I thus ignore respondent party identification in my analysis
below because potential differences between party supporters are ancillary to my primary
interest (models separated by party are reported in the Appendix).
The authors’ primary model specification was a linear probability model with dummy
variables indicating treatment assignment. I follow that specification here, fitting separate
models for each treatment-control comparison to simplify estimation. In particular, I fit a
Bayesian multilevel regression model for each treatment-control comparison, and, in each
model, allow the ATE of the party elite cue to vary across the policy issue questions. As
before, I specify prior distributions on the model parameters that are vague and weaklyregularizing, allowing the data to “speak for itself” but placing low probability on extreme
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values. Similarly, I specify a half-normal distribution with mean = 0 and SD = 0.05 on the
key standard deviation parameter. The full model is written formally in the Appendix.
The key results from my primary model specification are shown in Figure 2. 14 The
format of these plots is the same as in the previous reanalysis: each pair of panels on the
horizontal (e.g., A and B) shows the model-estimated (i) ATEs for the individual policy
issues and (ii) distribution of ATEs across the entire (unobserved) population of policy issues
for a particular treatment, respectively. The treatment is indicated by the panel title as before.
Examining first the left-hand column, the consequence of the greater number of
observations per issue (1300) relative to the reanalysis of Broockman and Butler (2017) is
abundantly clear: across all three elite cue treatments, the individual-issue ATEs are
estimated with greater precision. This has the knock-on effect that the model is relatively
more certain about the range of ATEs across the unobserved population of policy issues. For
example, in panel F, the point-estimate of the range is 0.14—similar to the previous
reanalysis—but the interval is much narrower.
Nevertheless, unlike the previous reanalysis, there is considerable disagreement
among the three treatments shown in Figure 2 regarding the likely range in the ATEs across
the population. The point-estimated range in the Conservative Trump treatment (panel D), for
example, is 0.26, or 26% of the outcome scale, and the lower-bound interval (0.13) is itself
twice the size of the point-estimate of the range in the Liberal Trump treatment (panel B)
(0.06). This indicates that the extent of between-issue variation in the effect of party elite
cues may depend on various features of the cue—such as its source, direction, and so on.

The results in this section appear to differ from those reported in Barber and Pope’s (2019) paper because
those authors report models separated by party ID. The results of my models separated by party ID, reported in
the Appendix, closely reproduce theirs.
14

16

Figure 2. Key model results from the reanalysis of Barber and Pope (2019). Panels A, C and
E show the elite cue ATE estimated for each issue in the sample. Panels B, D and F show the
estimated distribution of ATEs across the unobserved population of policy issues.
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To sum up, the results in Figure 2 imply that different policy issues alone could
plausibly account for observed variation in elite cue ATEs to the tune of ~6%, ~14%, or
~26% of the outcome scale, depending upon the particular elite cue treatment. Though, as
before, there is considerable uncertainty in these point-estimates.
Barber and Pope (2019) also measured the political knowledge of their respondents,
via an 8-item battery of factual questions about politics. I am thus also able to estimate the
between-issue variation in how political knowledge moderates the influence of the party elite
cue on policy opinions. To do so, I estimate a similar model as previously, but now I
additionally interact (linearly) the treatment dummy in each model with a sum score of the
number of knowledge questions the respondent answered correctly. The sum score is
standardized, and I allow the interaction parameter, as well as the two “main effects”, to vary
across the policy issues. As usual, the full model is written formally in the Appendix.
The results are shown in Figure 3. The plots look the same as always, but the
interpretation is slightly different because now the estimates are of the linear interaction
between the treatment and the standardized knowledge variable. Positive (negative) values
thus indicate that the ATE is larger (smaller) among the politically knowledgeable. Owing to
the scales of the relevant variables, the values on the x-axis can be interpreted as the
estimated change in the ATE that is associated with a one standard deviation increase in
knowledge. Take the minimum wage estimate in panel A (~0.1) as an illustration. This
estimate implies that a one standard deviation increase in knowledge is associated with an
increase in the Liberal Trump ATE of roughly 10% of the outcome scale. By contrast, there
is essentially no such association estimated for the immigration issue. The corresponding
population distribution of linear interaction effects estimated by the model (panel B) implies
substantial between-issue variation. The estimated between-issue variation in the linear
interaction effects for the other two treatments (panels C-D and E-F) is much smaller.
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That concludes my reanalysis of existing studies in the literature. While these
reanalyses provide new insight into the extent of variation in party elite cue effects that may
be due to heterogeneity in policy issues alone, they are necessarily limited by the small
numbers of policy issues included in the original experiments. This manifests as considerable
uncertainty (wide intervals) in the model-estimated range of effect sizes across the
unobserved population of policy issues. Accordingly, I conducted a novel party elite cues
survey experiment comprising a larger number of contemporary U.S. policy issues—34.
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Figure 3. Key model results from the reanalysis of Barber and Pope (2019). Panels A, C and
E show the linear interaction effect estimated for each issue in the sample. Panels B, D and F
show the estimated distribution of linear interaction effects across the unobserved population
of policy issues.
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Novel experiment
To source the policy issues for this survey experiment, I used the website iSideWith, an
online encyclopedia (https://www.isidewith.com/) that provides Americans with information
about the policy positions of dozens of U.S. political candidates and leaders. The
encyclopedia is reportedly non-partisan and is not affiliated with any candidate, political
party, corporate sponsors, investors, or interest groups. I searched the database and recorded
the policy positions of president Donald Trump and former president Barack Obama 15, whom
I judged to be the two-most prominent Republican and Democratic party “elites”
(respectively) at the time of conducting the experiment (summer 2020); and, thus, those for
whom the most information regarding their policy positions would presumably be available.
My initial search yielded 74 distinct policy questions for which the two elites had
positions as documented by the website. In my initial search, I included only those policy
questions on which the listed source for the elites’ position was their “public statements” or
“voting record,” excluding those policy questions for which the source was simply listed as
the elites’ “voter base.” This seemed reasonable to me, insofar as the former two sources are
more in keeping with the policy positions being elite cues, rather than cues about what the
mass public think. Perhaps surprisingly, of the 74 policy questions in the initial search set,
Trump and Obama ostensibly took the same position on 37 of them. This left an equal
number of questions (37) on which the two elites disagreed; and it is these questions that I
selected for use in the experiment. 16 Finally, of these 37 selected policy questions, I dropped
two which referred to issues that were no longer of relevance—for example, the question
“Should the U.S. send ground troops into Syria to fight ISIS?”—and one on which the listed

15

The URLs to the relevant webpages are https://www.isidewith.com/candidates/barack-obama/policies and
https://www.isidewith.com/candidates/donald-trump/policies.
16
Like many studies in the existing literature, I elected to use “double-sided” elite cue treatments in my
experiment—communicating the positions of both Trump and Obama on each policy issue—hence my selection
of those issues on which the elites disagreed.
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positions of Trump and Obama were not in clear disagreement. This left 34 policy questions
for my experiment, listed in full in the Appendix, covering a diversity of issues. The list also
includes the ostensible positions of Donald Trump and Barack Obama on the questions.
In the experiment procedure, respondents were shown a randomized subset of these
policy questions in a randomized order, and asked to give their opinion on each before
moving onto the next. All opinions were given on 1-7 Likert scales, anchored with respect to
the question that was posed. For example, the large majority of the questions were yes/no
answer format—such as “Should the U.S. remain in NATO?”—and the corresponding scale
anchors were “Definitely Not” – “No” – “Probably No” – “Not sure / Need more
information” – “Probably Yes” – “Yes” – “Definitely Yes”. On each question, respondents
were randomly assigned to either the treatment group, in which they learned the positions of
Trump and Obama, or the control group in which no such information was given. Each
respondent was shown 8 policy questions selected at random.
While the risk of demand effects biasing treatment estimates appears low in designs
like that which I use here (Clifford, Sheagley, and Piston 2020; Mummolo and Peterson
2019), to mitigate any risk of demand effects due to the within-subjects design, I
supplemented the list of 34 policy questions with 11 of the aforementioned questions on
which Trump and Obama took the same position. Accordingly, there were 45 policy
questions in total, from which 8 were drawn randomly to be shown to each respondent;
meaning that, in expectation, respondents would see approximately 6 of the “target” 34
policy questions (i.e., 34/45  0.75 and 6/8 = 0.75). The 11 supplemental questions are not
included in my analyses below, serving merely as foils in the experimental procedure.17

To minimize dropouts during the policy rating task, I additionally included a “practice” policy question and
elite cue which all respondents saw prior to starting the task proper (responses to this question were also not
analyzed). Furthermore, respondents were given the chance to opt-out of the survey prior to beginning the
policy rating task, if they felt they may not be able to complete the survey. Despite these safeguards, in total 9
out of 1730 respondents still dropped out after starting the policy rating task (~0.5%). It is thus responsible to
consider whether these dropouts were differential by treatment and control group, due to the risk of bias this
17
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Prior to the policy rating task, respondents answered a demographic questionnaire,
and, after the policy rating task, they answered two question batteries intended to measure
their (i) political knowledge and (ii) need for cognition18, identified as two of the key
moderators of party elite cue effects in the existing literature (Bullock 2019). There were 7
questions in battery (i) and 10 in battery (ii); the questions are reported in the Appendix. The
survey was fielded in August 2020 to approximately 1,700 U.S. adults recruited via Lucid
(Coppock and McClellan 2019).
As with my reanalysis of Barber and Pope (2019), I coded the respondents’ answers
to the policy questions so that the expected sign of the party elite cue treatment effect is
positive for all partisan-question combinations (Independents were not included in the
recoding scheme, nor in the main analysis). Concretely, this entailed reverse-coding the
answers for a subset of partisan-question combinations. For example, if a Republican
respondent selected “Definitely Not” to the question “Should the U.S. remain in NATO?”,
this was coded as a value of 7 (rather than 1) to indicate their alignment with the position of
Donald Trump. As before, I thus ignore respondent party identification in my analysis below
because potential differences between party supporters are ancillary to my primary interest
(but models separated by party are reported in the Appendix). After this recoding procedure,
all answers to the policy questions were scaled to lie between 0 and 1. There was a total of
1,240 respondents corresponding to 7,460 observations for analysis.

poses to the ATE. Four of the respondents dropped out on one of the 11 supplemental policy questions, posing
no risk of bias because responses to these questions were not analyzed. Of the remaining five dropouts, one
respondent dropped out prior to seeing the survey page that displayed the policy question—meaning their
dropout cannot be due to their assigned condition and thus doesn’t pose a risk of bias to the ATE. This leaves
me with 4 dropouts who may have dropped out as a direct result of their assigned condition, but also who may
have dropped out for reasons unrelated to their treatment/control group assignment. Due to this uncertainty, and
the negligible magnitude of bias that could be caused by such small numbers of differential dropout in my
design, I am comfortable concluding that differential dropout poses negligible risk to the ATE here.
18
While I was aware of the risk of post-treatment bias by measuring the moderators after the policy rating task,
in this case I judged the risk to be outweighed by the risk of respondent inattention and fatigue come the policy
rating task (the most important segment) if the moderator question batteries were front-loaded in the survey.
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I proceed to implement the now-familiar analysis pipeline. I first fit a Bayesian
multilevel regression model for the basic party elite cue effect, allowing the ATE of the party
elite cue to vary across the policy issue questions. The prior distributions on the model
parameters are vague and weakly-regularizing as always. The full model is written formally
in the Appendix (as before). I make one addition to the usual analysis pipeline owing to the
sampling population of my experiment (Lucid). Recent evidence suggests that rates of
attention have been decreasing among respondents on Lucid, with attendant decreases in the
quality of provided data (Aronow et al. 2020). Thus, I fit two models—one including all
respondents, and one sub-setting on those respondents who passed a fairly stringent
pretreatment attention check embedded in the survey.19
The key results from my primary model specification are shown in Figure 4. The 34
distinct policy questions are indexed by numbers on the y-axes of panels A and C; the
indexes are attached to the full list of policy questions provided in the Appendix for
reference. Notably, both models—the one fit on all respondents and the one fit on attentive
respondents—estimate that policy question “15” has the largest party elite cue ATE,
approximately 0.15, or 15% of the outcome scale; whereas, policy question “3” has the
smallest ATE at approximately 4% and 1% of the outcome scale, respectively. Question 15 is
“Should the Federal Reserve Bank be audited by Congress?” and question 3 is “Should police
officers be required to wear body cameras?”.

19

The attention check question appeared at the beginning of the survey, and showed respondents an image of
the word “hello”. Respondents were asked to write the letters in the image in alphabetical order (i.e., ehllo). Of
the 1,240 respondents included in the analyses, 384 (~31%) passed this attention check—resulting in a total of
2,297 observations for the model fit with attentive respondents.
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Figure 4. Key model results from my novel experiment. Panels A and C show the elite cue
ATE estimated for each issue in the sample. Panels B and D show the estimated distribution
of ATEs across the unobserved population of policy issues.
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As shown in the upper-right of panels B and D, both models estimate a similar overall
(average) ATE across the policy issues; 8-9% of the outcome scale. However, the pointestimates for the SD parameter are considerably different—also indicated by the visibly
wider variation in ATEs between issues in panel C versus A in Figure 4. As a result, the
point-estimates of the range in the ATE across the unobserved population of policy issues are
also different; and, in particular, the point-estimate is considerably larger according to the
model fit on the attentive respondents. The estimates imply that different policy issues alone
could plausibly account for observed variation in elite cue ATEs to the tune of ~17% or
~27% of the outcome scale, depending upon the model. (But, of course, there is still
uncertainty in both of these point-estimates.) The disparity between models seems consistent
with the data of Aronow and colleagues (2020) on differences between individuals who fail
versus pass attention checks on Lucid. Given their recent findings regarding lower data
quality among individuals who fail attention checks on Lucid, I am inclined to put greater
weight on the estimates from the model fit on the attentive respondents (i.e., panels C and D).
Next, I estimate the between-issue variation in the moderation of the party elite cue
effect by the putative moderators of political knowledge and need for cognition (NFC). I take
the sum score of correct answers to the 7 knowledge questions (Mean = 3.19, SD = 2.16),
and, after reverse-scoring the relevant items so that higher values equate to greater “need for
cognition”, take the mean across the 10 NFC items (all scored on 1-5 Likert scales, Mean =
3.34, SD = 0.71). I fit separate models for each of these moderating variables, linearly
interacting them with the elite cue treatment dummy, allowing the interaction parameter and
two “main effects” to vary across policy questions. Both moderating variables are
standardized prior to fitting, and the full models are written formally in the Appendix. The
key results are reported in Figures 5 (political knowledge) and 6 (need for cognition).
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Figure 5. Key model results from my novel experiment. Panels A and C show the linear
interaction effect estimated for each issue in the sample. Panels B and D show the estimated
distribution of linear interaction effects across the unobserved population of policy issues.
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Figure 6. Key model results from my novel experiment. Panels A and C show the linear
interaction effect estimated for each issue in the sample. Panels B and D show the estimated
distribution of linear interaction effects across the unobserved population of policy issues.
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Recall that the values on the x-axis can be interpreted as the estimated change in the
ATE that is associated with a one standard deviation increase in knowledge (Figure 5) or
need for cognition (Figure 6). Overall, I observe a lack of evidence for an interaction between
either of the putative moderating variables and the party elite cue treatment. As per panels B
and D in Figures 5 and 6, the population mean estimate is close to zero and the 95% intervals
contain zero in all cases. Furthermore, these aggregate zeroes do not appear to be
underpinned by substantial between-issue variation that is centered on zero. Rather, the
between-issue variation in the putative moderating effect appears relatively modest; and,
accordingly, the implied population distributions of linear interaction effects are quite
narrow, similar in width to that which I observed in my estimation of the moderation (by
political knowledge) of the “Conservative Trump” and “Republicans in Congress” elite cue
treatments in Barber and Pope (2019) (Figure 3, panels D and F).
To put the width of the range estimates in Figures 5 and 6 in more concrete terms,
consider the following scenario. Suppose that, on hypothetical policy issue A, we estimate a
linear interaction between political knowledge and an elite cue treatment—the estimate is
0.025. We do the same for policy issue B, but observe an estimate of -0.025. The difference
between these estimates is 0.05; similar to the point-estimates of the population range in
Figures 5 and 6 (panels B and D). Assume that for both issue A and B the elite cue ATE is
0.10—that is, 10% of the outcome scale. Therefore, on issue A, among those individuals high
on political knowledge (1 SD above its mean) the ATE is estimated to be 0.10 + 0.025 =
0.125; whereas, among those individuals low on political knowledge (1 SD below its mean)
the ATE is estimated to be 0.10 – 0.025 = 0.075. On issue B, the reverse is true: among those
high on political knowledge the ATE is estimated to be 0.10 + (-0.025) = 0.075; among those
low on political knowledge it is estimated to be 0.10 – (-0.025) = 0.125.
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Consequently, the estimates of the range in Figures 5 and 6 could plausibly account
for some variation in the moderation of party elite cue effects by appeal to a difference in
policy issues alone—such as flips in the sign of the coefficient among relatively small linear
interaction effects. They would face a harder time doing so if the sign flips were observed
among larger interaction effects, or if one estimate was zero and the other was very large.
This concludes my reporting of the key results from the novel experiment. In the next
section, I situate and compare all of the foregoing estimates of the between-issue range in
both (i) the basic party elite cue effect and (ii) its relationship with key moderators against
benchmarks of the between-study range in (i) and (ii) observed in the existing literature.

Comparison against benchmarks from the literature
Table 1 summarizes the key empirical results of this paper. In particular, it shows the pointestimates (and uncertainties) of the range in effect sizes across the unobserved population of
policy issues, computed from the preceding empirical analyses.
Taken together, the estimates for the basic party elite cue effect suggest that
heterogeneity in policy issues alone could plausibly account for observed variation in party
elite cue ATEs of somewhere between ~0.13 and 0.27—that is, between ~13 and 27% of the
policy opinion outcome scale. Most estimates for the relationship between the ATE and the
key moderating variables of political knowledge and need for cognition imply a range of
approximately 0.05—that is, enough to attribute flips in the sign of the coefficient among
small linear interaction effects to heterogeneity in policy issues alone, as illustrated above.20

20

The notable outlier is moderation of the Liberal Trump treatment in the reanalysis of Barber and Pope (2019).
I hesitate to make much of this, however, given the clear agreement among the other estimates. Another thing
that stands out more generally from the summary in Table 1 is how the estimates of between-issue variation in
the ATE vary across models, treatment types, and studies; implying that the extent of between-issue variation in
the ATE is itself likely to depend upon various study features, such as the direction and source of the elite cue,
the respondent sampling population, and so on. I leave deeper exploration of this point to future work.
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Table 1. Summary of the key results of this paper.
Basic party elite cue effect
Analysis

Range in effect sizes across
population of policy issues
Point0.95
0.95
estimate
lower
upper

Model/treatment

Broockman &
Butler 2017
Basic letter
Extensive letter

0.13
0.13

0.00
0.00

0.35
0.36

Liberal Trump
Conservative Trump
Republicans in Congress

0.06
0.26
0.14

0.00
0.13
0.02

0.18
0.43
0.28

All respondents
Attentive respondents

0.17
0.27

0.05
0.05

0.28
0.44

Barber & Pope
2019

Novel
experiment

Moderator relationship
Analysis

Range in effect sizes across
population of policy issues
Point0.95
0.95
estimate
lower
upper

Model/treatment

Barber & Pope
2019
Liberal Trump x PK
Conservative Trump x PK
Republicans in Congress x PK

0.20
0.07
0.05

0.00
0.00
0.00

0.37
0.20
0.16

Cue x PK, all respondents
Cue x PK, attentive respondents
Cue x NFC, all respondents
Cue x NFC, attentive respondents

0.06
0.05
0.04
0.06

0.00
0.00
0.00
0.00

0.16
0.15
0.12
0.16

Novel
experiment

Note. PK = political knowledge; NFC = need for cognition. Lower and upper limits are
highest posterior density intervals.
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How do the aforementioned estimates of between-issue variation compare with the
between-study variation observed in the literature? To my knowledge, Bullock (2011) offers
the most well-known estimate of between-study variation in the basic party elite cue effect.
He conducted a targeted review of the literature, focusing on studies that randomized both
exposure to the elite cue and policy information, and noted substantial variation in the elite
cue ATE: the widely-cited range of between “3% and 43%” of the outcome scale (p. 7). In
his Appendix, Bullock (2011) reviews additional studies which slightly expand this range; he
notes that Druckman (2001) observes an elite cue ATE of ~46% of the outcome scale.
Because his review was conducted a decade ago, and focused on a subset of studies
with particular designs, I supplement Bullock’s (2011) range estimate with an additional 23
papers that report party elite cue ATEs and for which I am able to derive the ATE as
percentage movement on the outcome scale. These papers were mostly published between
2011 and 2020, many in top political science journals, and, together with the papers reviewed
by Bullock (2011), have amassed over ~7200 citations combined.21 Thus, although they
constitute a non-random and non-exhaustive sample of studies of party elite cue effects, they
have a claim to representing the more prominent and influential such studies. I record the
largest ATE I could identify from each paper, and, including the ATEs reviewed by Bullock
(2011), plot the distribution in Figure 7. I adopt this approach because my aim is simply to
establish an updated upper-bound estimate of the between-study range in party elite cue
ATEs. I assume an ATE of 0% on the outcome scale (i.e., a precise null) as the lower-bound.
The papers and ATEs are listed in full in the Appendix.

21

Citation count according to Google Scholar 9/27/2020.
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Figure 7. Distribution of maximum party elite cue ATEs from 33 papers in the published
literature.
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While I recovered some large party elite cue ATEs from the newly-added papers,
none exceeded the substantial ATE reported in Druckman (2001)—46% of the outcome
scale. I thus assume a between-study range in the party elite cue ATE of 46% as the
benchmark against which to compare my estimate of the between-issue range in the ATE.
Recall that my estimate was between 13 and 27% of the outcome scale. Accordingly, I
conclude that heterogeneity in policy issues alone could well explain somewhere between
one-third and two-thirds of the observed between-study variation in the literature.
Moving on, quantitatively comparing the between-issue and between-study range in
the moderating effects of political knowledge and need for cognition is more challenging.
This is because, for many existing studies that report moderation effects, the designs, variable
coding, model specifications, and so on vary widely and sometimes obscurely between
studies; it is thus difficult to derive (or even usefully approximate) the moderation estimates
onto the same metric for comparison with my estimate. Fortunately, there are two relevant
existing studies for which the common-metric problem is tractable, and which report
oppositely-signed moderating relationships (Bakker and Lelkes 2018; Barber and Pope
2019). This provides for a first-approximation of the between-study range in the moderation
of the ATE by the putative moderators of political knowledge and need for cognition—with
some assumptions, and the important caveat that the true range may well be wider.
The common metric that I seek is the estimated change in the party elite cue ATE that
is (linearly) associated with a one standard deviation increase in the moderator. To derive this
metric from the aforementioned studies, I consult both (i) the marginal effects plots provided
by the authors to illustrate their interaction effects, and (ii) the reported mean and SD of the
moderating variable. It is then a relatively simple case of reading off the marginal effects plot
to approximate the ATE at the mean ± 1 standard deviation of the moderator.
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In study 1 of Bakker and Lelkes (2018), the authors estimate that higher scores on an
18-item need for cognition (NFC) scale are associated with a larger party elite cue ATE.
Consulting the mean and SD of their NFC scale and the relevant marginal effects plot, I
estimate the common-metric interaction coefficient to be approximately 0.04.22 That is, a one
standard deviation increase in the NFC scale score was associated with an increase in the
party elite cue ATE of approximately 4% of the outcome scale. In the study reported by
Barber and Pope (2019), the authors estimate that, among Republicans in the “Liberal
Trump” elite cue treatment, higher scores on an 8-item political knowledge quiz are
associated with a smaller ATE. I estimate the common-metric coefficient to be approximately
-0.0523: a one standard deviation increase in the quiz score was associated with a decrease in
the party elite cue ATE of approximately 5% of the outcome scale.
The difference between these two estimates, ~0.09, may be considered a firstapproximation of the between-study range in the moderation of the ATE by the putative
moderators of political knowledge and need for cognition—given a few assumptions. For
example, one assumption is that the moderators are interchangeable in their effect sizes; that
is, the derived estimate of 0.04 for the NFC-treatment interaction is also a reasonable
estimate of the (here underived) positive interactions between political knowledge and elite
cue treatments that exist in the literature. (And vice versa for the derived negative estimate of
-0.05 for the knowledge-treatment interaction.) Another assumption is that the moderating
relationships are approximately linear, or, at least, not markedly different in their (non-)
linearity between the relevant studies. Holding these assumptions lightly, and given my
estimate of the between-issue range in moderator effects (0.05), I tentatively conclude that

22

I consult the 18-item NFC panel in Figure 1 of their paper, as well as the mean and SD of the 18-item NFC
scale reported in Table A1 in their appendix. The outcome variable was already scaled to lie between 0 and 1.
23
I consult the left-panel in Figure A12 in their appendix for the marginal effects plot, and footnote 19 on page
45 of their main text for the knowledge quiz mean and SD in their sample. The outcome variable was already
scaled to lie between 0 and 1.

35

heterogeneity in policy issues alone could explain perhaps half of the between-study variation
in the moderating effects of political knowledge and need for cognition. A key caveat is that
“half” is likely to be an upper-bound, and leans heavily on the above assumptions. I am more
confident drawing the qualitative conclusion that the between-issue range in moderator
effects estimated here (0.05) can explain flips in the signs of small moderator effects—and
that, notably, numerous sign-flips are observed among studies in the relevant literature.

Causes of between-issue variation
Given the substantial magnitude of between-issue variation estimated thus far, a natural
question to ask is why there is such variation; what causes it? I mentioned several possibilities
in the introduction, dubbed (1) the likelihood of pretreatment, (2) the public salience of the
issue, and (3) the general character of the issue. None of the studies in this paper can provide
evidence to cleanly distinguish these different possibilities. However, I am able to offer some
relevant, and, to my knowledge, new descriptive evidence regarding (3).
In particular, the website from which I drew the policy issues for my novel
experiment (iSideWith) categorizes the issues into higher-order policy domains, such as
“foreign policy”, “healthcare”, “economy”, and so on. There are 10 such higher-order policy
domain categories in the data. 24 The data from the novel experiment thus allow me to
estimate party elite cue effects by general policy domain. If, as some researchers have
suggested (Broockman and Butler 2017), particular policy issues are more amenable to elite
influence owing to their general character or domain, we might expect discernible differences
between the higher-order policy domain categories in the size of their party elite cue effects.
To investigate this idea, I augment the primary model specification from my previous
analysis of the novel experiment data, specifying another dimension along which the party

24

These are listed with respect to the individual policy issues in the Appendix.
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elite cue ATE is allowed to vary: the policy domain, as defined by the analysts at iSideWith.
All other model specifications (prior distributions, etc.) are kept the same, including the
fitting of two models—one for all respondents and one for attentive respondents only.25
Figure 8 shows the model-estimated party elite cue ATEs for each of the 10 policy
issue domains from the two models. The estimates suggest nontrivial differences in the ATE
between issue domains. For example, in the attentive-respondents model, the ATE estimate
for domestic policy issues is ~0.12, or 12% of the outcome scale; whereas, the estimate for
policy issues falling within the crime category is ~0.04, a third of the size. Both models
estimate the weakest ATEs among policy issues in the environment and crime categories;
while the estimates for the foreign policy and healthcare issues are among the strongest.
While these estimates offer initial evidence of domain-general differences in party
elite cue effects, the particular rank-ordering should be considered preliminary for a couple of
reasons. First, there are surely reasonable alternative criteria for issue domain categorization
given the individual policy issues in my sample, and different domain categorizations could
change the rank-ordering. Second, with a sample of only 34 policy issues, none of the
domains categories here contain a large number of individual policy issues. This means there
is not much data with which to determine precise differences between domains if they exist;
and, accordingly, the model will have considerably regularized the estimates—shrinking
them toward the overall average to minimize overfitting risk—with the smallest-n domains
being most aggressively regularized. Nevertheless, it is notable that there still appear to be
some substantive differences in magnitude despite the regularization. Future work can build
on these estimates of domain-general differences in party elite cue effects. 26

25

As usual, the model is written formally in the Appendix.
Another, possibly less substantively interesting, explanation for between-issue variation is ceiling effects in
the outcome space. If opinions in the no-cue control group are sufficiently skewed, the ceiling of the scale
mechanistically reduces the “space” for the cue to exert its influence in the treatment group. I explore this
possibility in the Appendix, and find a lack of evidence of ceiling effects in the outcome space here.
26
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Figure 8. Model-estimated party elite cue ATEs for each of 10 policy issue domains. Data
are from the novel experiment.
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Implications and conclusion
It has long been recognized that between-study variation in party elite cue effects is
substantial, and that this variation is a key barrier to the generalizability, theoretical
development and practical utility of party elite cues research (Bullock 2011, 2019). The
clearest implication of my results is that a majority share of this variation may well be caused
by the studies’ specific and limited sampling of policy issues. The practical upshot of this is
that, where possible, future studies of party elite cue influence would be greatly served by
both (i) defining and (ii) sampling a much larger set of policy issue stimuli. On the basis of
my findings, this would considerably improve the generalizability of the estimates; and, thus,
provide a firmer empirical foundation for theory building, testing, and for applying the results
to predict future, as-yet-unobserved cases of party elite influence.
Of course, the policy issue dimension is just one of many dimensions along which
studies of party elite cue influence differ; and heterogeneity along these other dimensions is
also a plausible contributor to the observed between-study variation in party elite cue effects.
I alluded to the many dimensions of between-study heterogeneity in the introduction of this
paper. Below, I explicitly consider these additional dimensions of heterogeneity.
One such dimension is the extent or type of baseline information provided about the
policy in question. Across existing studies, this dimension ranges from the provision of scant
background information—one or two sentences, or less—about the policy issue (Barber and
Pope 2019; Druckman 2001; Nicholson 2012; Stoeckel and Kuhn 2018); through detailed
information comprising several paragraphs or bullet-point lists of implications and arguments
for/against the policy (Cohen 2003; Nicholson 2011; Toff and Suhay 2019; Van Boven,
Ehret, and Sherman 2018); to the provision of full newspaper-style articles to the same effect
(Bakker and Lelkes 2018; Bullock 2011; Kam 2005; Slothuus and de Vreese 2010). Insofar
as the influence of party elite cues is attenuated when detailed policy information is available,
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as some evidence suggests (Boudreau and MacKenzie 2014)27, between-study heterogeneity
in policy information could well explain some of the between-study variation in the basic
party elite cue effect. Such heterogeneity could also explain variation in the relationship with
putative moderators political sophistication and need for cognition—insofar as these
variables “interact” with information to moderate the influence of elite cues (Bullock 2019).
Another dimension is the operationalization of the party elite cue. While some studies
operationalize the party elite cue as the policy stance of a well-known party leader, such as
Donald Trump or Barack Obama (Agadjanian 2020; Barber and Pope 2019; Nicholson 2012;
Yeyati, Moscovich, and Abuin 2020); others use the stance of “generic” party elites, such as
non-specific Democratic and Republican Party politicians in Congress (Bullock 2011; Cohen
2003; Druckman 2001; Nicholson 2011; Tesler 2018; Toff and Suhay 2019; Van Boven,
Ehret, and Sherman 2018); while still other studies operationalize the cue as the stance of
particular non-party-leader individuals or “local community” elites (Broockman and Butler
2017; Ehret, Van Boven, and Sherman 2018; Kam 2005). Insofar as cues from well-known
party leaders induce stronger influence on people’s policy opinions than other types of cue, as
some evidence suggests (Agadjanian 2020; Nicholson 2012), this heterogeneity could explain
between-study variation in the party elite cue ATE.
Moreover, even with the same general type of cue, such as generic party elites, the
precise format of the cue differs across studies. Cohen (2003), Nicholson (2011) and Van
Boven et al. (2018), for example, cite that “95%” of Republicans and/or Democrats in
Congress endorse or repudiate the policy in question; whereas, other studies using the same
type of cue use weaker distributional splits, such as ~90% or ~60% (Bullock 2011; Toff and
Suhay 2019), or do not specify distributional information at all—leaving the extent of the
party elite consensus or disagreement to the respondent’s subjective interpretation (Bisgaard

27

But see also Agadjanian (2020).
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and Slothuus 2018; Druckman 2001; Druckman, Peterson, and Slothuus 2013; Slothuus and
de Vreese 2010; Stoeckel and Kuhn 2018; Tesler 2018; Yeyati, Moscovich, and Abuin 2020).
Insofar as these differences affect the impact of the cue on people’s policy opinions
(Levendusky 2010), this could also contribute to between-study variation in the ATE.
Another common between-study difference along the dimension of the elite cue
format is whether the cue is one-sided, consisting in one leader’s or one party elites’ stance;
or two-sided, consisting in two, typically opposed, leader or party elites’ stances. For
example, the former would be a cue that communicates that Democratic Party elites support a
policy; whereas, the latter would be one that communicates that Democratic Party elites
support and Republican Party elites oppose the policy.
There appears to exist a fairly equal balance of one-sided and two-sided party elite
cues across relevant studies in the literature; with many studies implementing one-sided elite
cues (Agadjanian 2020; Barber and Pope 2019; Bisgaard and Slothuus 2018; Broockman and
Butler 2017; Nicholson 2012; Pannico 2020; Slothuus and de Vreese 2010; Stoeckel and
Kuhn 2018; Tesler 2018; Yeyati, Moscovich, and Abuin 2020), but many others
implementing two-sided elite cues (Berinsky 2009; Bullock 2011; Cohen 2003; Druckman
2001; Druckman, Peterson, and Slothuus 2013; Ehret, Van Boven, and Sherman 2018; Kam
2005; Merkley and Stecula 2020; Nicholson 2011; Toff and Suhay 2019; Van Boven, Ehret,
and Sherman 2018). Insofar as in- and out-party elites do not have equivalent influence on
people’s policy opinions—for example, if, as evidence suggests, out-party elites have
stronger influence (Goren, Federico, and Kittilson 2009; Nicholson 2012)—then two-sided
cues plausibly induce stronger party elite cue effects. Furthermore, even if in- and out-party
elites had equivalent effects, it is possible that these effects are additive—again translating
into two-sided cues having greater influence. Between-study heterogeneity in the use of oneversus two-sided cues could thus help explain between-study variation in the ATE.
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Perhaps less substantively interesting, but no less important, is the dimension of
measurement error in the key variables. For example, the extremity of the outcome scales
used to measure people’s policy opinions could work to either compress or enhance the size
of the basic party elite cue effect. Concretely, outcome scales with more extreme labels at the
bounds of the scale may compress the effect, relative to outcome scales with less extreme
labels on the scale-ends. On the other hand, if there is a high probability of ceiling or floor
effects in the outcome space, more extreme scale-ends might instead enhance the effect—by
“moving” people away from the scale-ends in the no-cues control group, thereby leaving
more room for people to move in the direction of the cue.
There is abundant evidence of heterogeneity along this dimension in the literature:
some studies use binary outcome scales (e.g., “support” versus “oppose”) (Barber and Pope
2019; Broockman and Butler 2017; Druckman 2001; Nicholson 2012; Samuels and Zucco
2014), while other studies use 4, 5, 6, 7, or 11-point Likert scales, with scale-ends prefixed by
a diversity of labels such as “strongly”, “very strongly”, “extremely”, or “totally”, and
suffixes ranging across support, agree, in favor, approve; and their counterparts oppose,
disagree, against, disapprove (Agadjanian 2020; Bisgaard and Slothuus 2018; Bullock 2011;
Cohen 2003; Kam 2005; Nicholson 2011; Pannico 2020; Slothuus 2010).
Measurement error has also been identified as a plausible source of between-study
variation in results pertaining to the putative moderators political sophistication and need for
cognition specifically (Bakker and Lelkes 2018; Bullock 2011, 2019). For example, Bakker
and Lelkes (2018) replicate the party elite cues study design of Kam (2005) and find that
measuring need for cognition with significantly more items—thereby reducing measurement
error—results in a more reliable moderating effect on the influence of the party elite cue.
Often our goal as researchers is to be able to generalize over all these various
“nuisance” dimensions when testing substantive hypotheses about the influence of party
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elites on public opinion. For example, we’d like to know whether party elite influence
diminishes in the presence of policy information (Agadjanian 2020; Boudreau and
MacKenzie 2014), the mechanisms by which party elite cues exert their influence (Ehret, Van
Boven, and Sherman 2018; Petersen et al. 2013; Van Boven, Ehret, and Sherman 2018),
which types of individuals are most susceptible (Bakker, Lelkes, and Malka 2020), and to
investigate cross-cultural similarities and differences in these and other quantities of interest
(Brader and Tucker 2012). In these and many other cases, all the aforementioned dimensions
of heterogeneity (plus numerous others) will be uninteresting to us, but may nevertheless
inject substantial variation into our estimates, thereby diminishing their generalizability.
One strategy for improving generalizability in the face of these many potential
sources of variation is “radical” randomization: define a population for each dimension of
design elements that plausibly influences the size of party elite cue effects, and randomly
sample from each dimension in the study implementation. Combined with an appropriate
statistical model—for example, multilevel models with varying effects by dimension, like
that used here—the resulting estimates of interest will be yet further generalizable (Yarkoni
2019). Of course, there are practical limits to the number of potentially relevant design
dimensions that can be defined and whose elements can be randomized in any given study. It
is thus useful to ask which design dimensions are likely to contribute the highest amounts of
variation in the estimates that we care about, such as the party elite cue ATE or its
relationship with key moderators. This paper was partly motivated by this question, and my
results imply that a large share of variation can be attributed to the policy issue dimension.
Keenly illustrating this point, the aggregate (across-policy) party elite cue ATEs
estimated from the studies in this paper are quite comparable: ranging from 0.03 to 0.09, or
between 3 and 9% of the outcome scale (shown by the population mean estimates in the
right-hand panels of Figures 1, 2 and 4). This is despite the fact that the two reanalyzed
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studies and my novel experiment differ along many of the aforementioned dimensions. For
example, the Broockman and Butler (2017) study is a field experiment, while the other two
studies are survey experiments; my novel experiment utilized a “two-sided” cue, while the
other two studies used “one-sided” cues only; the particular source of the cues varied across
all three studies (i.e., Trump, Obama, state legislators, Republicans in Congress); all three
studies utilized different outcome variables (binary, Likert scales); and were conducted in
different times (2014, 2017, 2020) against the backdrop of very different political contexts.
Yet, their aggregate estimates of party elite cue influence are comparable. This is a testament
to the generalizability gains that are possible by expanding the sample of policy issues.
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