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ABSTRACT

I describe a Bayesian model of social learning where citizens must simultaneously
learn information about political issues and the reliability of their information
sources. One prediction of this model is that citizens will form beliefs about
the political positions of others based on a function of priors, projection of own
beliefs, correlated sources (e.g. co-partisans), and the truth. If this formal model
is capturing the inferential process used by citizens, previous empirical analyses
of citizens’ beliefs about representatives’ votes and candidates’ positions have
been misspecified. I use the formal model to guide an empirical evaluation of
the origins of citizens’ beliefs about several high profile congressional votes in the
early 1990s.

! This paper was prepared for the New Faces in Political Methodology Conference hosted by the Quanti-
tative Social Science Initiative and Penn State University on May 3, 2008. The author is indebted to Chris
Achen, Scott Ashworth, Larry Bartels for their advising on this and other parts of my dissertation project,
as well as to Nick Carnes, Chris Chapp, Sarah Goff, and Aaron Strauss for helpful comments.
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1. INTRODUCTION

Untangling the complicated relationships between citizens beliefs and behaviors is a central

problem in the study of public opinion and behavior. In addition to their theoretical import,

such interconnections render problematic the application of simple techniques for the anal-

ysis of survey data, making it impossible to separate substantive theory from methodology.

Authors have long recognized that making any directional claims about the relationships

among beliefs and actions is difficult at best (for early example, see Brody and Page, 1972).1

The use of empirical specifications that build in reciprocal relationships between citizens’

opinions and behaviors begins with an influential paper on the relationship between issues,

partisanship and voting behavior by Jackson (1975). Page and Jones (1979) argue that

voting studies based on single-equation models almost universally suffer simultaneity bias.

They suggest that simultaneous/structural equation models (SEMs) provide a solution, but

acknowledge that the appropriate specification of such models depends critically both on

debatable theoretical arguments and untestable assumptions about exogenous instruments

necessary to identify such models. A variety of authors in the 1980s followed this approach

of applying new methodological techniques to describing the relationships between citizens’

votes, partisanship, and issue positions, attacking the problem with varyingly specified SEMs

(Page and Jones, 1979; Markus and Converse, 1979; Jackson, 1983; Howell, 1986), Granger

Causality models (Whiteley, 1988), and 2 Stage Least Squares (Conover and Feldman, 1989).

All of these models suffer from the limitations imposed by the requirements of identifying

causal effects, especially untestable and often implausible exogeneity assumptions. More-

over, such models provide no guidance about which relationships ought to be included, with

the desire to make fewer restrictions offset by increasingly stiff identification requirements.

1Social psychologists have provided considerable evidence of bidirectional relationships both between
multiple beliefs and between actions and beliefs (Festinger, 1957; Aronson, 1968).
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Given these problems, simpler specifications motivated by formal theory have garnered

renewed attention (Achen, 2002b), though simultaneous equations have hardly disappeared

from the literature (Bailey, Sigelman and Wilcox, 2003). Bayesian learning models (Achen,

1992; Gerber and Green, 1998; Achen, 2002a; Grynaviski, 2006; Achen and Bartels, 2006;

Strauss, 2007; Lauderdale, 2008) provide an alternative—I argue more useful—theoretical

framework for analyzing the simultaneous relationships that underly public opinion and be-

havior. Simultaneous relationships between multiple beliefs arise naturally from multivariate

learning models when new information provides information about the joint distributions

of multiple beliefs, but does not necessarily identify each independently. Beliefs update

in such models, but often without asymptotically reducing disagreements between citizens

(Acemoglu, Chernozhukov and Yildiz, 2008; Lauderdale, 2008). Treating citizens beliefs as

described by joint distributions eliminates the misleading language of causation from dis-

cussions of the relationship between different beliefs. Unless scholars of behavior wish to be

metaphysicists or biophysicists, imputing causal relationships to internal processes in citi-

zens’ minds ought to be avoided. In the Bayesian framework we can still talk about new

information causing a change in a citizen’s beliefs, just not about one of a citizen’s beliefs

causing a change in another. Instead, we worry about the relative precision of beliefs and the

likelihood model that best approximates how citizens are updating their system of beliefs

in response to new information. Even when they cannot be directly applied to the analysis

of data, such formal learning models provide guidance about which variables belong in em-

pirical specifications, providing a direct connection between substantive theory and model

specification (Achen, 2002b).

In this paper, I briefly describe a Bayesian Social Learning model of how individuals

process information about many issues learned from many sources of uncertain quality (for

more extensive discussion, see Lauderdale, 2008). This model is quite general, describing

generic situations where an individual must reconcile their evaluations of issues and their
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evaluations of other people. I then examine the predictions of the model with respect to

a simple question: how does an individual form beliefs about the views on a single issue

of another person, absent unambiguous direct information? The model makes a prediction

about how a citizen will combine their ambiguous signals, their own beliefs, their evaluations

of the other person, and other relevant information to fill in the gap in their knowledge about

the other person. The predictions about each of these components are then compared to the

political psychology literature describing how citizens do form such inferences.

Using the formal model as guidance, I turn to the methodological question of how citizen

responses to questions about candidate positions and legislator’s votes ought to be analyzed.

I reanalyze polling questions that ask how a citizen’s representative voted on particular

bills in Congress: the 1991 Iraq War Authorization (Alvarez and Gronke, 1996), the 1991

confirmation of Clarence Thomas (Hutchings, 2001), and the 1994 Crime Bill (Wilson and

Gronke, 2000). These questions are especially interesting because while they are factual—

there is an indisputably correct answer—citizens are sufficiently unlikely to know the answer

that most must infer the likely answer using the various sources of information that hint at

how their representative might have acted. This creates a terrific opportunity for isolating the

inferential process being used by citizens. Unfortunately, previous research on these questions

has employed a variety of under-theorized specifications for analyzing these data, which

inadvertently make implausible assumptions about how citizens generate their responses.

Alvarez and Gronke (1996) examine citizen’s ability to recall (or if pressed, guess) their

representative’s vote on the first Iraq War use of force authorization in 1991. They code

their outcome as binary: 1 for a correct response and 0 for an incorrect one. As the authors

note, false negatives and false positives are not equally frequent. But if there is some general

tendency to infer that the representative voted yes then the identity of the correct answer

is a highly consequential omitted variable.2 If there is a general tendency to answer that a

2Since the resulting war happened before the survey and consumed most of the media’s attention, the
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representative voted yes, then it is in some sense “harder” for a citizen to respond correctly

if their representative voted no. If having a representative that voted no is correlated with

any of the other variables in the model—of which there are many—there will be bias in

the estimated coefficients for those variables. Similarly, Hutchings (2001) examines citizen’s

ability to recall their Senators’ votes on the Clarence Thomas’s appointment to the Supreme

Court as well as the 1991 use of force resolution. As with Alvarez and Gronke’s analysis,

the outcome variable is correct identification of the vote, which again will cause problems in

the analysis because the identity of the correct answer is not taken into account.

Wilson and Gronke (2000) test for projection of citizen’s own views onto their repre-

sentatives by examining only those individuals who gave incorrect answers about how their

representatives voted on the 1994 Crime Bill. They code their outcome as a binary variable:

1 for a false positive and 0 for a false negative. They then use the respondent’s own view as

a predictor in a probit model for this outcome, showing a positive association between own

views and the direction of error. There are several reasons to be worried about this type

of analysis. First, everyone who got the answer right—many of whom must have “guessed”

given the low overall success rates (Stokes and Miller, 1962)—is not included in the test.

Second, there is not a plausible model of the survey response that leads to the specification

employed. In fact, the counterfactual implied by the probit model for each unit is impossi-

ble: no individual in the data set can actually shift from a false negative to a false positive

because one of the two is not false! An individual changing their response would instead

enter or exit the censored part of the data set (those who gave the right answer).3

bill’s passage ought to have been evident to nearly all respondents.
3This specification can lead to misleading parameter estimates. If citizens own views are correlated with

the votes of their representatives—even if they do not use their own views in constructing their beliefs about
their representatives—this type of analysis will find evidence of a relationship between a citizen’s own views
and their chance of correctly guessing their representative’s views if any of the citizen’s actually know their
representative’s vote and provide it. The direction of this spurious relationship depends on the direction of
the relationship between citizen’s views and their representative’s true votes. If the relationship between
citizen’s views and representative’s votes is positive, then the bias is towards finding less projection. If the
relationship between citizen’s views and representative’s votes is negative, then the bias is towards finding
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Conover and Feldman (1989) explore projection effects in data collected on citizen’s beliefs

about Carter or Ford’s issue positions over the course of 1976. While candidate positions

are not exactly the same representative votes, because they both involve inference about the

positions of a political actor on a particular issue, they exhibit similar inferential patterns

(especially projection effects). The authors model the citizen’s beliefs about the candidate’s

position in survey wave t as a linear function of the citizen’s beliefs about the candidate’s

position in t−1, the citizen’s own belief’s in t−1, interactions of the citizen’s own beliefs with

approval and disapproval of the candidate in t−1, the citizen’s beliefs about the candidate’s

party’s position in t − 1, the citizen’s beliefs about the candidate’s ideology in t − 1 and

a few other controls. They interpret the coefficient on the citizen’s own beliefs in t − 1 as

a false consensus effect and the interaction of that variable with approval and disapproval

as projection.4 The use of lagged independent variables suggests projection is a long-term

process of reconciliation, rather than the inferential technique that Conover and Feldman

suggest in their discussion. Why would it take a citizen two months between waves to figure

out that their own views combined with their affective views about a candidate imply a

different candidate issue position? The authors do not justify this choice substantively, it

appears to be more motivated by concerns about simultaneity as an estimation problem than

by any justification that the model is measuring the theoretically interesting quantity.

These existing articles on how citizens form beliefs about candidates’ positions and legis-

lators’ votes would be easier to interpret if the authors were more explicit about what they

think citizens are doing. The advantage of starting with a model for how citizens are pro-

cessing and reporting information is that we ask the most direct question possible: how are

more projection. In the Wilson and Gronke data set, there is positive correlation between citizen’s own
views and representative’s true votes, so they may underestimate the effect of projection.

4This distinction is debatable. If a citizen is unable to offer a positive or negative evaluation, presumably
the projection of their own view on their beliefs about the candidate’s view will be in between the effect in
the other two cases, but there is no particular reason to assume it ought to be zero, only that it ought to be
between the effects of own views when citizens approve and when they disapprove.
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citizens generating their responses? This is a more fundamental question than asking which

citizens are correct or which citizens make false positives as opposed to false negatives. Both

of the latter questions cannot be reliably evaluated without already having a story of how

citizens generate their responses.5

2. A MODEL OF BAYESIAN SOCIAL LEARNING

The motivation for the general theoretical model described in this section is detailed more

fully elsewhere (Lauderdale, 2008). Here, I present first a simplification of the learning envi-

ronment that citizens face and then a model of how citizens process information in response

to that environment. In the next section, I use that general model to derive predictions

about a single quantity in a larger system of beliefs: a citizen’s beliefs about the position of

one other person on a single issue.

Each citizen has a number of sources that give them pieces of information about various

facts and processes (issues) in the world. I will describe this as a matrix of data Y , with a

row j for each issue and a column k for each source:

Y =

!

"
"
"
"
"
"
"
#

y11 y12 · · · y1K

y21 y21 · · · y2K

...
...

...

yJ1 yJ2 · · · yJK

$

%
%
%
%
%
%
%
&

(1)

The citizen must make some implicit assumptions about the data generating process to learn

5Powell (1989) describes an estimation strategy which aims to do this sort of accounting, though on can-
didate placements rather than representative’s votes. Her model divides up citizen responses into knowledge
and guessing, and examines how the relative weight of both in citizen’s beliefs about candidate issue place-
ment varies. However, as she notes, because her model treats knowledge as getting the answer correct, it does
not distinguish between the various forms of inference that might lead to more accurate beliefs. Similarly, if
reasonable inferences based on party or other factors happen lead the citizen astray, Powell’s model chalks
that up to guessing.
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anything. The first assumption is that there is some common “truth” about each issue that

they are trying to uncover: each of the sources on a given issue are revealing information

about the same underlying quantity. This truth can be viewed either as a column vector x

of length J with elements xj or as a matrix X with K identical columns x :

X =

'

x x · · · x

(
=

!

"
"
"
"
"
"
"
#

x1 x1 · · · x1

x2 x2 · · · x2

...
...

...

xJ xJ · · · xJ

$

%
%
%
%
%
%
%
&

(2)

Thus, individuals want to learn X , but they only observe Y .

If the citizens are Bayesians, they still need a model of the error process that disturbs

the observed source positions yjk around the truth xj that they are interested in learning.6

It seems unlikely that all sources are going to make errors of comparable magnitude. For

example, political information learned from the evening news is probably more reliable than

information learned from casual conversation. It would also be convenient for the citizen

trying to learn if they could assume as much independence as possible: all sources provide

information independently, all issues are also independent, and sources reveal unbiased indi-

cations of the truth. With this data generating process, the posterior distribution—assuming

continuous dimensions and known normally distributed errors by the sources—is a precision-

weighted average of the received signals from each source on an issue. However, since the

errors made by each source are generally not going to be of known magnitude, the citizen

must learn the magnitude of the errors made by each source through comparing the data

they receive from that source to their other sources of information on the same issues. This

6I will simply assume that the signals are unconditionally unbiased. This is a simplifying assumption, but
it is really the only one available to someone trying to learn. It could be that all sources are systematically
biased on an issue, but without knowing the direction of the bias on a particular issue, there is little an
individual learning in this way can do if all their sources have some unknown bias.
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is possible, but adds another K source variance (evaluation) parameters to the J issue pa-

rameters in x . I discuss the theoretical implications of the resulting parameter proliferation

elsewhere (Lauderdale, 2008).

But surely independence of source errors is too strong an assumption: different sources

will tend to make correlated errors. While different error magnitudes correspond to different

quality sources (one might more heavily weigh information about foreign affairs received on

the evening news than received from one’s auto mechanic) errors might be correlated because

sources share information with each other (your auto mechanic might regularly watch your

favorite news program). If you hear the same view expressed twice about a proposed bill in

Congress because both of your sources read the same editorial, one has not learned twice

as much about the likely quality of the bill. Failure to build this into a learning model

leaves an individual susceptible to following herds of other individuals with the same lousy

information.7

To capture both the varying quality and possible correlation of sources, I treat the vector

of source signals y j on a single issue as having a multivariate normal distribution around the

correct information xj. In such a setup, beliefs about sources are captured by a k×k variance

matrix ! : the diagonal components of this matrix ω2
k capture the quality of the source and

the off-diagonal components capture correlations across sources. The citizen recognizes that

different sources are closer (small ω2
k) or farther (large ω2

k) from the truth across all issues

and that some sources might make correlated errors.

To capture the fact that source positions are not always perfectly observable—citizens

often receive only fragments of the information available from a source—I assume that the

citizen receives noisy signals zijk about source k’s position on an issue j. The citizen can then

use this noisy signal to update their beliefs about the source’s true position (yjk), which is

7Of course, susceptibility to large numbers of sources making correlated errors might be descriptively
accurate, perhaps in part because of the difficulty of uncovering such covariance relationships on the fly from
observed data.
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itself a noisy signal about the truth (xj). Adding this level of hierarchy to the model captures

limitations on the clarity of information received from casual conversation, mass media and

political actors. The citizen observes statements zijk by the source on each issue which have

known variance around the source’s true position σ2
ijk.

8

Thus, the citizen’s model for the data they receive is:

zijk ∼ N
)
yjk, σ

2
ijk

*
(3)

y j ∼ N (xj1, ! ) (4)

Citizens have informative priors over the correct issue positions xj and the components

of the covariance matrix of source imprecisions ! . Citizens would incorporate group-level

information about sources by a hierarchical stage that models the source error magnitude and

correlations as a function of source attributes (e.g. partisanship), which I do not explicitly

specify here.

3. INFERRING THE POSITIONS OF SOURCES

Citizens will not have direct, unambiguous (σ2
ijk = 0) information about every source’s po-

sition on every issue. Thus, if asked about what a particular source k’s position is on a

particular issue j, they will often need to infer that position yjk from other relevant informa-

tion. While analyzing the full posterior is difficult, the conditional probability distribution

of yjk is relatively easy to analyze and yields the sorts of directional comparative statics that

can be assessed in available data.

The citizen’s conditional posterior beliefs about yjk depend on several factors. First, any

prior information about yjk. Second, direct data about the source position zijk that comes

8The assumption of known variance reflects an assumption that the ambiguity of a factual or issue position
statement is apparent in the statement itself.
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from the normal distribution described in the previous section:

zijk ∼ N(yjk, σijk)

This contributes to the posterior beliefs about yjk, but it is not the only influential source

of information unless the information is entirely unambiguous (σijk = 0).

The remaining contributions to beliefs about yjk arise from the multivariate normal por-

tion of the model. The source k whose position is in question is not the only source that

matters. Beliefs about any source that is believed to be correlated with source k are also

relevant because they will provide an indication about where source k is likely to be on

an issue. We are interested in the distribution of yjk|yj,k! !=k given that y j ∼ N (xj1, ! ).

Conveniently, the distribution of a single component of a multivariate normal conditional on

other components is normal (Kotz, Balakrishnan and Johnson, 2000, 111-112). We partition

y j into the unknown source position of interest yjk and y j,k′ !=k and partition the covariance

matrix ! into a 1×1 variance Ωk,k = ω2
k, a covariance matrix for the other sources ! k! !=k,k! !=k,

and a K × 1 matrix Ωk,k! !=k that describes the relationships between source k and the other

sources. It can then be shown that the distribution of yjk conditional on known yj,k! !=k is

normal with mean and variance:

µk|k! !=k = xj + ! k,k! !=k! −1
k! !=k,k! !=k (y j,k′ !=k − xj1) (5)

ω2
k|k! !=k = ω2

k − ! k,k! !=k! −1
k! !=k,k! !=k! k! !=k,k (6)

In the special case when the source k is not believed to be correlated with any other source,

! k,k! !=k = 0, and only the first components of the two expressions are relevant. The first

component of the mean of distribution of the source’s position is the individual’s own belief

about the truth on issue j and the first component of the variance expression is the citizen’s
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evaluation of the source k.

When sources are believed to be correlated with the unknown source, ! k,k! !=k %= 0, the

projection effect remains, but there is an additional influence from the known signals from

other sources. The deviation from the citizen’s own beliefs xj are the deviations of those

other sources positions from the citizen’s beliefs (y j,k′ !=k − xj1) weighted by the “regression

coefficients” ! k,k! !=k! −1
k! !=k,k! !=k. Note that when the covariances in ! k,k! !=k are positive, the

deviations influence the posterior in the direction of the deviation: if an alternate source tends

to have similar positions to the source whose position is unknown, the former’s position will

be useful in determining the likely position of the latter.

We can combine this expression with the influence of direction information zijk and a

normal prior p(yjk) = N(yjk0, σ2
jk0) to form an expression for the citizen’s beliefs:

p(yjk|zijk,, y j,k′ !=k) ∝ N(zijk, σ
2
ijk)N(µk|k! !=k, ω

2
k|k! !=k)N(yjk0, σ

2
jk0) (7)

∝ N(
zijk

σ2
ijk

+
xj + ! k,k! !=k! −1

k! !=k,k! !=k (y j,k′ !=k − xj1)

ω2
k − ! k,k! !=k! −1

k! !=k,k! !=k! k! !=k,k

+
yjk0

σ2
jk0

, · · · ) (8)

We can use this final expression for posterior mean of yjk to quickly derive four proposi-

tions describing citizen’s beliefs about the missing source position.

• P1: Citizen’s beliefs about source k’s position will be positively responsive to direct

information about the truth ( ∂yj k

∂zij k
> 0), but less so as their direct information becomes

less precise ( ∂yj k

∂zij k ∂σ2
ij k

< 0).

• P2: Citizen’s beliefs about source k’s position will be positively responsive to their

own beliefs about the truth (∂yj k

∂xj
> 0), but less so as their evaluation of the source

declines ( ∂yj k

∂xj ∂ωk2 < 0).

• P3: Citizen’s beliefs about source k’s position will be more positively (negatively) re-

sponsive to known positions of sources that are more positively (negatively) correlated
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with the unknown source (! k,k! !=k! −1
k! !=k,k! !=k

∂∂yj k

∂yj,k′ "=k
> 0).

• P4: Citizen’s beliefs about source k’s position will be positively responsive to prior

beliefs about yjk (∂∂yj k

∂yjk0
> 0).

Thus the learning model predicts four types of information will influence citizen’s beliefs

about the positions of others: prior information, direct information weighted by its clarity,

own beliefs weighted by beliefs about source quality, and behavior of correlated sources

weighted by the degree of correlation.9 It is important to remember that these relationships

were based on analysis of the conditional probability distribution of the unknown source

position, which neglected uncertainty in the other relevant beliefs. To the extent that a

citizen has uncertain beliefs about source quality or the truth, the relationships identified

above will be weaker. This means that we should also expect that a citizen’s general level of

political knowledge will be an important predictor of the closeness of these relationships, since

more attentive citizens will form relatively precise beliefs about all the relevant quantities.

4. PARTISAN INFERENCE, PROJECTION, AND TRUTH IN CITIZEN’S BELIEFS

ABOUT THEIR REPRESENTATIVE’S VOTES

What evidence is there that the theoretically identified sources of auxiliary information are

used by citizens in the ways predicted by the model? Looking at the individual propositions,

P1 predicts that the citizen should be positively responsive to direct information about a

source, and when it is unambiguous, it should fully determine their beliefs about what the

source’s position is. While some tests have found little evidence of responsiveness (Kuklinski

and Quirk, 2000), such results may simply reflect information perceived to be very ambiguous

9Conover and Feldman (1989) come to very similar conclusions based on their reading of the literature,
“We focus on how three types of information-the voter’s own issue positions and party and ideology cues-
structure inferences about candidates’ issue positions.”

13



with respect to the relevant issue. In the face of evidence designed to be truly unambiguous,

citizens are indeed responsive in the appropriate direction (Kuklinski and Quirk, 2000).

The second contributor to a citizen’s beliefs about a source’s position is the citizen’s own

belief about the right position (P2), with the weight on this information increasing with

the citizen’s current evaluation of the source. This is projection (among others, see Page

and Brody, 1972; Markus and Converse, 1979; Conover and Feldman, 1989; Popkin, 1991).

Numerous authors have observed that citizens, when they lack data about a source’s position

(usually a candidate’s position), sometimes assume that the source thinks what they think.

Wilson and Gronke (2000) similarly argue that citizens are more likely to assume that their

legislators roll call votes match rather than oppose their own views when they do not know

how the representative voted. Under the Bayesian social learning model, projection arises

because without any information about the issue-specific deviation of the source from the

truth, the best guess is simply the citizen’s own beliefs about the truth. When a citizen does

have some ambiguous direct information zijk, a strong belief about the issue combined with

a very positive view of the source (small ωk) may still lead a citizen to not budge her views

about what the source “really” thinks (Lodge and Taber, 2000), which is what yjk captures

in the model.

The third contribution to citizen’s beliefs about sources—correlated sources (P3)—also

has a simple intuition. If sources that are believed to have correlated signals to the unknown

source have given the citizen information on a topic already already, then the citizen will

assume that the unknown source will give a similar signal. Such source correlation might

arise from a politically salient group affiliation such as race or party. In the latter case, a

position of one partisan can be informative about what their co-partisans believe. If I know

what some Republicans say about the Iraq war, I can guess with higher confidence what

the others will say. This effect is sometimes thought of as a source heuristic. Wilson and

Gronke (2000) observe evidence of this effect when they find that a representative’s party is
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a significant predictor of a citizen’s beliefs about how their representative voted on the 1994

Omnibus Crime Bill.

I focus my quantitative analysis on the 1994 Crime Bill data.10 This is an especially

appealing case to look at in great detail because all the predicted effects are distinguishable,

but I also analyze other available in less detail later in the paper. The question wording on

the 1994 NES question asking about the crime bill vote strongly hints that the bill passed,

providing some information that representatives are more likely to have voted yes: “One of

the main parts of President Clinton’s program this year was his crime bill. Did Representative

X vote for or against the crime bill?” Citizens are also asked about their own positions on

the bill and their views about their representatives, permitting examination of projection

effects.11 Voting on the bill split imperfectly along partisan lines—with non-trivial fractions

of each party defecting—so citizen inference based on party and true information about the

individual legislator’s vote are empirically distinguishable.

The question in the NES survey was asked in two rounds: citizens were asked to guess if

they initially said they did not know their representative’s vote.12 The selection mechanism

by which people choose to answer the first question or the second question is not modeled

in any of the analysis to follow, so I discuss individuals who respond initially and those that

need to be pressed to guess separately.13

The first model-predicted signal is any information the citizen has about the truth. Un-

fortunately, direct measures of what citizens know are unavailable, the true vote is the only

available data. While inference from this source of information is obviously correct 100% of

10I thank Matthew Wilson and Paul Gronke for sharing their data with me.
11Representative evaluation is asked first, then about ten other questions precede the question about the

representative’s vote, then several sections of the NES including most of the issue position battery precede
the question about the citizen’s own view about the bill.

12About 1/3 answered the initial prompt, 1/3 the second prompt, and 1/3 refused to answer.
13It is clear from the results that citizens are selecting on the precision of their knowledge to some degree,

so building a selection model that explicitly describes this mechanism is an interesting area for further
exploration, it just is not particularly relevant to the questions under examination here.
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the time, employing this information requires actually knowing the representative’s vote on

a particular bill.

The second signal available to a citizen is the correlated source information contained

in the party of the representative, which—because the NES did not test whether the re-

spondent actually knew their representative’s party—is measured by the true party of the

representative. The bill is identified as “Clinton’s”, identifying a likely partisan alignment to

all but the most ill-informed respondents. Pure party inference only yields a correct response

for 70.7% of respondents in the NES sample and requires knowledge of the representative’s

party. However, this is still clearly less difficult than knowing the representative’s actual

vote on the bill.

The third signal is from projection of the citizen’s own beliefs. This is measured by the

citizen’s reported views about the bill and their reported approval of their representative.

Following previous authors (Conover and Feldman, 1989; Wilson and Gronke, 2000), I con-

sider the interaction of own views and approval, with a projection effect corresponding to

reporting own views when the representative is approved of and the opposite of own views

when the representative is disapproved of.14 Inference from projection would yield correct

responses for 53.6% of those who answered the relevant question.

The final source of information is the fact that the bill passed, information strongly

suggested by the phrasing of the question. This is effectively an intercept term, since all

citizens have the same information, pointing towards a positive vote by their (or any other)

representative. In fact, only 51.1% of respondents had a representative that voted for the

Crime Bill because the bill passed narrowly, so this information was about as useful as

random guessing.

14Taken literally as a latent variable, the theoretical model implies that disapproval should simply lead
to little or no influence of own views rather than assuming the representative takes the opposite position. I
adopt the latter approach because a more direct treatment of social learning of binary quantities would lead
to such a prediction.
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Prompt 1 Prompt 2
Truth Party Proj. = Y Proj. = N Proj. = Y Proj.= N
Y Y 0.95 0.90 0.93 0.86

(obs.) (165) (59) (35) (37)
Y N 0.77 0.86 0.89 0.50

(obs.) (30) (14) (62) (14)
N Y 0.91 0.66 0.89 0.73

(obs.) (77) (32) (62) (15)
N N 0.67 0.24 0.67 0.44

(obs.) (72) (76) (90) (36)

Table 1: The fraction of respondents saying that their representative voted yes is provided
for each combination of true vote, representative party, and implied projection effect.

5. NON-PARAMETRIC TESTS

The most straightforward way to test for the influence of each source of information is to

treat each source of information as an quasi-experimental treatment. For example, to test

for projection under this framework, we compare those whose own views and representative

evaluations indicate a positive response to those whose indicate a negative response. Of

course we have nothing like random assignment of these beliefs. The learning model indicates

that we need to take account of two other important sources of variation in citizen’s responses:

the truth and partisan inference. Because these are simply binary quantities, there are only

four relevant groups forming the intersections of positive votes and negative votes on the bill

and Democratic and Republican representatives. The proportions of individuals giving each

response to the question about their representative’s vote are provided in Table 1.

We can apply Fisher’s exact test (Fisher, 1935) within each of these groups, testing for

the independence of beliefs about the representative vote and the direction of the projection

effect. We are not concerned about the direction of causality in this context. It certainly is

possible that citizen’s beliefs about how their representative voted motivated their responses

to the questions in which they were asked to evaluate the bill and the representative. In-

17



Prompt 1 Prompt 2
Truth Party Proj. Odds Ratio 95% CI p-value Odds Ratio 95% CI p-value

Y Y 1.96 0.55-6.50 0.23 2.20 0.50-7.88 0.31
Y N 0.55 0.05-3.57 0.70 7.34 1.42-44.9 7e-3
N Y 5.14 1.59-17.8 3e-3 2.81 0.51-13.5 0.21
N N 6.35 2.96-14.2 2e-7 2.48 1.05-5.95 0.03
Y Y 5.21 1.49-17.5 4e-3 1.73 0.36-7.01 0.47
Y N 1.46 0.13-9.61 0.64 6.11 1.26-33.1 0.01
N Y 4.95 1.87-14.7 5e-4 3.89 1.51-11.4 2e-3
N N 6.03 2.29-16.8 6e-5 3.35 0.80-17.3 0.07

Y Y 1.73 0.52-5.46 0.28 1.71 0.50-5.72 0.40
Y N 4.54 1.34-17.0 0.01 2.29 0.38-12.9 0.42
N Y 1.63 0.57-5.17 0.36 3.84 1.20-16.3 0.01
N N 18.6 3.65-185 2e-5 1.24 0.30-5.16 0.76

Table 2: Fisher’s exact tests of the independence of citizen’s guesses about their represen-
tative’s votes from each of the three theoretically motivated sources, holding the other two
sources constant. 23 of 24 sample odds ratios are greater than 1 and 12 of 24 are significantly
different from 1 under the 95% exact test.

deed, if the learning model is right, the relationship between these quantities is intrinsically

simultaneous. Fisher’s exact test is useful here because it simply tests a null hypothesis of

independence.

As indicated in Table 2, the sample odds ratio15 for the representative vote question and

any single quasi-treatment—true representative vote, representative party, and projection—

is greater than 1 for all but one of the 24 quasi-experimental groups.16 Fisher’s exact test of

independence rejects the null in 12 of 24 groups. Three additional patterns in the data are

evident in this tabulation. First, there is a strong bias towards guessing that a representative

voted yes, which yields much lower accuracy rates among citizens who happen to have a

representative who voted no. Second, the marginal effects of the variables are not constant,

which is consistent with scalings similar to probit. Third, the weakest evidence for non-

15The interpretation of the odds ratios in this context is the ratio of the odds p
1" p of guessing the repre-

sentative voted yes when quasi-treatment theoretically suggests a yes to when it implies no.
16The lone case involves a very small sample and can be reversed by changing the responses of just 2

individuals.
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indepencence is for the influence of the truth on citizen’s responses to the second prompt.

This makes a great deal of sense, since citizens who actually knew their representative’s vote

would probably be most likely to respond to the first prompt. Inference based on the truth,

inference based on party, and inference based on projection all appear to be systematically

related to a citizen’s response in the theoretically predicted direction. While it is possible that

these results are due to an omitted factor that is correlated with each source of information

that itself contributes to citizens’ beliefs about their representative’s vote on this bill, it is

very hard to imagine what such a factor would be.17

6. PARAMETRIC MODELING OF INFERENCE BY KNOWLEDGE LEVEL

The non-parametric analysis tested only for independence, which was easily rejected. Mov-

ing to a parametric model requires a bit more attentiveness to the relationship between the

survey responses on the representative’s vote, the evaluation of the representative, and the

citizen’s beliefs about the bill. The learning model implies a simultaneous relationship be-

tween these three variables. As a consequence, we know that any coefficients from single

equation estimators are going to be biased. This bias is not particularly important though,

because the designation of the response to the representative vote question as the dependent

variable is arbitrary with respect to the learning model. The comparisons of interest—across

general knowledge levels—are primarily about the tightness of the relationship between the

citizens’ different beliefs. We expect them to be more closely related among those who have

developed more certain beliefs about the relevant quantities, primarily among individuals

with higher general levels of political information. Using a straightforward estimation strat-

egy such as probit will yield coefficients that can be compared to each other. The fact that

17If we were sufficiently concerned, there are techniques for determining how influential the omitted factor
would have to have to yield the observed results (Quinn, 2008).
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they are not consistent estimators of any underlying causal model is not particularly relevant

to assessing variation in the closeness of the relationship across the variables of interest.18 All

of this said, citizens are less likely to have strong beliefs about the representative’s vote than

they are to have strong beliefs about the highly publicized bill or about their representative

generally, because the former is a much more specific kind of information.

We expect to see the influence of each type of information depend on how politically

informed a citizen is generally. I use the five-point interviewer assessment from the NES,

renormalized to run −1,−0.5, 0, 0.5, 1, as a proxy for general levels of political knowledge.19

As discussed earlier in introducing the data, the use of projection, partisan inference, and the

truth require knowledge not necessarily available to all citizens. These more difficult types of

inference should become more influential in the responses of respondents with higher general

levels of political knowledge.

I report results from a probit analysis in which interactions between knowledge category

(pooling the two lowest) and each source of information are used as predictors of response

(coded −1, 1, with 0 for missing data). This yields estimates of the relative influence of

each information source within each stratum of political knowledge. The posteriors from the

probit analysis are reported graphically in Figure 1.20

The left panel plots precision of each contributor to a citizen’s beliefs as a function of

citizen information for those who answered the question immediately and the right panel

shows the responses of individuals who had to be pressed to provide a guess. The least

demanding form of inference—the presumptive yea vote from knowledge of passage—is most

18Iif one were to take the Bayesian Social Learning model literally as a latent variable model, it would
lead to a specification similar to a probit.

19There are many problems with this scale; however, it is at least correlated with knowledge levels measured
by more objective criteria, which is good enough for present purposes.

20These results are based on improper uniform priors and are consequently equivalent to reporting the
likelihood. Simulations performed using the Gibbs sampler implemented through the MCMCprobit function
of the MCMCpack package (Martin and Quinn, 2007) in R, with 1,000 iteration burn-in and 10,000 iteration
sample. MLE/GLM estimates and confidence intervals are indistinguishable.
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Use of Sources by General Information Level

Posterior Distribution of Information Weights

Prompt 1

0.0 0.5 1.0 1.5

Reality

Party

Projection

Passage

Low InfoModerate Info
High InfoVery High Info

Use of Sources by General Information Level

Posterior Distribution of Information Weights

Prompt 2

0.0 0.5 1.0 1.5

Reality

Party

Projection

Passage

Low InfoModerate Info
High InfoVery High Info

Figure 1: Contributors to a citizen’s beliefs about how their representative voted on the 1994
Crime Bill. Interquartile range is depicted with a thicker line than the 95% interval.

prevalent, but declines in influence as general political information increases. This is hardly

surprising given the overall distribution of responses: over 75% of respondents (on both

prompts) think their representative voted for the legislation, even though the bill passed

only narrowly and only 51.1% actually had representatives who voted for the bill.

All of the more difficult forms of information are used more frequently by citizens with

higher general knowledge, with projection and partisan inference becoming consequential for

all but the least informed citizens. The truth is influential only for the most knowledgable

citizens answering the initial prompt. Among the highest knowledge individuals answering

the first prompt, the legislator’s true party and vote are more influential in the aggregate

than either passage or projection. Those who refuse to answer the initial question appear

to be doing so because they know less.21 On the second prompt, even among the most

informed, the the average influence of the legislator’s true vote on beliefs is small. This is

21There does appear to be a meaningful uptick in projection in the second prompt among the most
knowledgeable, suggesting that they use this inferential strategy only once they have decided they do not
know the answer based on more reliable information sources.
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Figure 2: 1,000 draws from the joint posterior distribution of the party and truth coefficients,
with 95% ellipses. Only the very high knowledge individuals answering the first prompt (left
panels) show unambiguous evidence of actually knowing their representative’s vote, whereas
use of partisan inference is evident for all but the the lowest information individuals.

reassuring, since we would hope that anyone who actually had any information about the

true vote would probably respond to the initial prompt. The effect of inference from the

legislator’s party is also weaker in the second prompt. Across both prompts, the legislator’s

party provides more information than the truth, across all knowledge levels. This is hardly

surprising: it is far more likely that a citizen will know their representative’s party than that

they will know the representative’s vote on a specific bill.

An important question to ask is the extent to which we are identifying the influence of

partisan inference independent of inference based on the truth. For each level of political

knowledge, I plot the joint posterior distribution of the party and truth coefficients in Figure

2. As we can see from these plots, there is the expected negative correlation in the coefficients

due to the positive correlation between the truth and the implications of party inference.

We can be much more confident about the extent to which citizens are using the two sources

of information collectively than we can be about their relative use. Only the very high
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knowledge individuals answering the initial prompt are unambiguously using the truth as a

source. In all other groups, the posterior density overlaps the vertical axis to some degree

even as we can be relatively confident that partisan inference is occurring. In the case of very

high information individuals answering the final prompt, there is strong evidence of some use

of one of the two sources of information—the fraction of the density in the lower left quadrant

is negligible—but there is insufficient data to distinguish which source of information is being

used.

7. ADDITIONAL CASES

The 1994 crime bill was a powerful test case because the large number of partisan defectors

helps identify the relative extent of inference based on the truth and inference based on rep-

resentative’s party; however, a single case can only tell us so much about citizen’s inferential

processes. Fortunately, questions about representative’s votes on particular bills have been

asked several times in NES studies. Unfortunately, the format is different each time and

cross-sample comparisons of measures like the interviewer-assessed political knowledge are

highly dubious. What can be demonstrated in spite of these limitations is that, at least to

some degree, the same sources of information are guiding citizens in each case.

In Table 3 I provide the results of a probit analysis of the already discussed question

about the 1994 Crime Bill, questions about both House and Senate votes on the 1991 Iraq

War Authorization from the 1991 NES Pilot Study, and a question about the Senate’s 1991

vote to confirm Clarence Thomas from the 1992 Senate Election Study. The results are for a

simple three variable probit regression: response regarding the legislator’s vote as a function

of the truth, of legislator party, and of projection (again formed using self-reported views

on the bill and the legislator). The intercept picks up the effects of any presumption of a

positive vote due to the knowledge of passage (unfortunately existing surveys have tended
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1994 Crime 1991 Iraq 1991 Iraq 1991 Thomas
Chamber House House Senate Senate
Question Format Serial Branching Branching Branching
Question Number Q1 Q2 Q1 Q2 Q1 Q2 Q1 Q2

Truth 0.28 0.12 0.66 0.21 0.52 0.19 0.21 0.04
(0.07) (0.07) (0.10) (0.06) (0.06) (0.04) (0.06) (0.04)

Accuracy 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00

Party 0.48 0.32 0.17 0.05 0.16 0.08 0.18 0.12
(0.07) (0.07) (0.11) (0.06) (0.06) (0.04) (0.07) (0.04)

Accuracy 0.71 0.70 0.79 0.79 0.79 0.81 0.86 0.87

Projection 0.37 0.29 0.28 0.39 0.38 0.28 0.50 0.29
(0.07) (0.08) (0.09) (0.06) (0.06) (0.04) (0.06) (0.04)

Accuracy 0.58 0.50 0.57 0.56 0.58 0.52 0.55 0.54

Passage 0.71 0.73 0.06 0.19 0.33 0.31 0.40 0.41
(0.07) (0.07) (0.10) (0.05) (0.05) (0.03) (0.05) (0.03)

Accuracy 0.50 0.50 0.51 0.59 0.48 0.49 0.55 0.52

Observations 648 622 335 878 787 1581 899 2585
Fraction Correct 0.63 0.57 0.78 0.61 0.72 0.59 0.64 0.56

Table 3: Influence of information sources on responses across different bills.

not to ask about votes on bills that failed). The table provides separate analyses for the

first and second prompts; however, these vary in format. In the crime bill, they are serial:

if a citizen says they do not know to the initial prompt, they are invited to guess. The

other cases involve a branching structure: a citizen is initially asked if they know how their

legislator voted, if they say yes they are asked how, if they say no, they are invited to guess.

These lead to different rates of response on the two prompts, and guaranteeing comparability

is impossible.

The results again show consistent evidence of the use of each type of information, with all

32 coefficients positive and 26 significantly different from zero at the 95% level. Projection

is consistently influential across prompts and samples, though it is seldom the strongest

predictor of response. Citizen’s awareness of their legislators’ actual votes were highest on

the Iraq War Authorization (slightly higher for representatives than for senators) and lower
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on the Crime Bill and the Clarence Thomas confirmation. In every case, the truth and

partisan inference are less influential in responses to the second prompt, whereas inference

from projection and passage are equally so. Citizens who know the right answer, or at least

can infer it from relatively reliable partisan inference, are consistently more likely to say

they “know” the answer and respond to the first prompt. Even so, on the first prompt many

citizens provide the wrong answer.

8. CONCLUSION

In this paper, I have applied a general Bayesian Social Learning model that describes how

citizens learn about a large number of issues from a large number of unreliable sources to

the particular problem of how citizens fill in gaps in their knowledge about the positions of

others. I have focused specifically on questions about representatives’ votes. Projection of

own beliefs onto others is shown to be rational under a general learning model and present

across several different data sets.

In future work I will add a similar analysis of how citizens form beliefs about candidate

positions (Patterson, 1980; Powell, 1989; Conover and Feldman, 1989). As in the case of

representative’s votes, the formal model provides considerable guidance about what variables

do and do not belong in analysis of such data.22

Embracing the simultaneity of citizens’ beliefs rather than attempting to impute causal-

ity to equilibrium cognitive processes helps avoid some of the methodological problems in

previous work. Writing down a model that explicitly describes how citizens might put their

22There are some problems that arise in the quantitative analysis of placement responses that do not for
legislator votes. First, it is difficult to distinguish effects like projection from heterogenous scale use. Second,
it is difficult to identify appropriate proxies for the “true” data a citizen might have received or similarly to
identify the influence of partisan inference. These problems are hardly intractable, both Powell (1989) and
Conover and Feldman (1989) identify and respond to them, but they do make analyzing placement responses
more challenging than analyzing beliefs about legislators’ votes.
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different sources of information together to answer polling questions allows us to make more

substantively meaningful statements about their process of inference. Moreover, by writ-

ing down a model for the response itself—rather than for transformations such as correct

responses, false positives, etc—we make our substantive assumptions explicit. Formal model-

ing helps us isolate the presence of projection effects by identifying two other critical sources

of variation in responses, increasing our confidence that we have not omitted important pre-

dictors from our analysis even as we apply simple specifications with well-known statistical

properties.
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