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Abstract

Achen’s (1978) famous critique of Miller and Stokes (1963) shows that correlations between
the policy stances taken by legislators and the policy stances taken by constituents do not
establish whether or not these policy stances are proximate to one another. In general,
proximity cannot be established when the two measures are not on the same scale. The
recent literature on joint scaling proposes a solution to this problem. Indeed, the proposed
solution is general enough that it has been applied to a variety of contexts, comparing the
political positions of everyone from interest groups (Bonica, 2013) to twitter users (Barberá,
2015). We show that joint scaling works well in contexts where the underlying assumptions
are correct. However, it fails in some of its most well-known applications. In particular, we
show that methods for jointly scaling between media outlets and legislators, and between
legislators and constituents, are problematic.

∗Prepared for the 2015 Conference on Ideal Point Models at MIT. We thank participants in the Vanderbilt
Center for the Study of Democratic Institution’s Conference on Political Representation Fifty Years After Miller
and Stokes. We would like to extend our thanks to Joseph Bafumi, Matthew Gentzkow, Tim Groseclose, Michael
Herron, Stephen Jessee, Jeffrey Milyo, and Jessee M. Shapiro for sharing the data on which this paper is based.
The authors benefited greatly from a draft of a paper by Stephen Jessee that shares some of the insights of the
current paper.
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The combination of some data and an aching desire for an answer does not ensure that

a reasonable answer can be extracted from a given body of data.

— John Tukey

1 Introduction

Preferences are one of the most important primitives in political science. As a discipline, political

science is about understanding preferences and how groups of people can solve the problems that

arise when preferences conflict. The measurement of preferences has taken its place as an important

and vital subfield of the discipline. Some of the most interesting applications in this young subfield

arise when the political preferences of very different political actors are at stake. For example, the

study of representation is about how the preferences of citizens affect the actions of representatives.

To take another example, a central question in the study of government institutions is who gets

their way when different branches of government disagree. All of these questions suffer from a

key problem: it is difficult to measure preferences in a comparable fashion across diverse political

settings.

A second problem arises from the simple matter of measuring preferences for any one group.

Political scientists have long been attuned to the nuances of individual preferences. Choices are

made with error and bias. While economics hews closely to the notion of ”revealed preferences,”

political science recognizes that sometimes preferences are revealed in only a trivial sense (Zaller,

1992). When an individual faces the same choice a large number of times, we may learn on average

what they prefer. However, if this choice is a narrow one, we can only make use of this measure

in a limited number of political situations. Understanding which choice is preferred in a single

situation is far less useful than understanding the basis of a wide variety of choices.

The method of joint scaling was developed to solve these twin problems. Creating preference

scales by reducing the dimensionality of a large choice space allows scholars to apply these measures

with a high degree of generality. The fact that multiple indicators are used reduces the degree

of error in the resulting measure (Ansolabehere, Rodden and Snyder, 2008). Finally, if disparate
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groups face some of the same choices, then these preference spaces can be bound together. For

instance, if voters from two different states respond to the same survey questions, then their

preferences can plausibly be compared. Joint scaling solves the measurement problem and the

comparability problem.

Creative and innovative applications abound among top scholars in political science. The

method of joint scaling has been used to study members of different chambers of Congress across

years (Poole and Rosenthal, 1997), the ideologies of government agencies (Clinton et al., 2012),

the ideologies of presidents (Clinton, Jackman and Jackman, 2013; Treier, 2009), the preferences

of judges (Bailey, 2007), state legislators (Kousser, Lewis and Masket, 2007; Shor and McCarty,

2011), Twitter users (Barberá, 2015), Facebook users (Bond and Messing, 2015), campaign donors

(Bonica, 2013), voters (Jessee, 2009; Bafumi and Herron, 2010), voters across history and across

different survey instruments (Hill and Tausanovitch, 2014; Tausanovitch and Warshaw, 2013), the

media (Groseclose and Milyo, 2005; Gentzkow and Shapiro, 2010), and even legislators and the

electorates of disparate countries (Lo, Proksch and Gschwend, 2014).

While applications of joint scaling abound, tests of the underlying assumptions have been

rare (but for an exception, see Jessee (2015)). In particular, the assumption that allows for

comparability across groups is that these groups face the very same choices. This is rarely true

in a literal sense. When a voter expresses a preference on an issue, and a newspaper editorial

board writes an editorial expressing a similar preference, this is quite a different act. The voter

expresses this view in a low-stakes and most likely low-information environment. The newspaper

editorial board carefully researches their view, and understands that expressing their view publicly

could have a broad impact. It may or may not be the case, in such circumstances, that the act

of expressing this particular view has the same relationship with the underlying preferences or

ideology of the voter and the editorial board as a group. Assuming that this is the same choice is a

strong assumption. This “constant item” (or “constant behavior”) assumption is the underpinning

of joint scaling exercises. The purpose of this paper is to demonstrate how this assumption can be

tested using existing tools, and to provide some intuition for the severity of the problem when the

assumption fails.
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As test cases we use two of the most well-known and important applications. The first case is

that of jointly scaling media outlets and legislators or their constituents. We test these assumptions

in two highly cited papers that use somewhat different data and methods: Groseclose and Milyo

(2005) and Gentzkow and Shapiro (2010). Our second case is that of jointly scaling legislators and

citizens. Jessee (2009) jointly scale legislators and citizens in order to understand spatial voting.

Bafumi and Herron (2010) jointly scale legislators and citizens in order to examine questions of

representation. These are highly cited papers asking fundamental questions. We find that the

joint scaling assumptions fall short in all four of these papers, to such a degree that the primary

conclusions are in doubt.

Simple hypothesis tests can be too stringent when parsimonious models deviate in small ways

from actual data generating processes. In order to show that our results are substantively im-

portant, we compare the magnitude of the problems from the joint scaling assumptions to other

model constraints. We demonstrate how the severity of violations of the joint scaling assumptions

can be evaluated in the context of the comparisons the researcher desires to make.

We start by reviewing the literature on scaling and joint scaling. In the following sections we

explain the models and methods used in the media and representation applications. We show that

the underlying assumptions fail in the context of jointly scaling legislators and the media as well as

legislators and citizens, respectively. Then we confirm that there are contexts where joint scaling

works. We conclude with some remarks about the generality of these results and speculation about

what can be done about them.

2 Literature

Joint scaling is not really a method at all, but an application of scaling methods to sparse datasets.

In common usage, “joint” scaling (Poole, 2007), “bridging” (Shor, Berry and McCarty, 2010) or

“gluing” (Poole and Rosenthal, 2001) consists of applying scaling to populations that would not

normally encounter the same types of choice situations. Most commonly, the scale itself is based off

of explicit statements of preference. When a legislator votes on a bill, she has to state whether she

is for or against (or wishes to abstain). However, in some cases the scale is based on a behavior. For



Joint Scaling 5

instance, it may be assumed that whether and to whom one gives political donations is motivated

by political preferences (Bonica, 2013), or that what words a party uses in their manifesto is

similarly motivated (Gabel and Huber, 2000). A distinguishing feature of these methods is that

the scales are estimated via an explicit model of choice. It is still common for researchers to simply

combine measurements using their own judgement (e.g. Abramowitz and Saunders, 2008; Volden,

Wiseman and Wittmer, 2013) but in these cases underlying assumptions cannot be tested.

Although a voluminous literature has spawned in recent years, the joint scaling approach is not

new. Two famous examples are that of Poole and Rosenthal (1984), who joined multiple years of

congressional preferences using legislators that remain in their respective chambers, and Aldrich

and McKelvey (1977) , who use the fact that legislators are an object of voter choice to jointly scale

voters and candidates. These seminal works differ from much of the current scholarship (including

a few of our own papers) in being self-consciously circumspect about the joint scaling assumptions.

In more recent work, Poole and Rosenthal (1997) heap caution on comparisons over long stretches

of time. As far back as Aldrich and McKelvey (1977), these authors explicitly model the possibility

of differential scale use across individuals.

The necessity of joint scaling arose from the study of political representation.Miller and Stokes

(1963) is the paper that arguably began the era of large-scale, empirical studies of ideological

representation in political science. Miller and Stokes were the first to collect data on the political

positions of both legislators and their constituents and to reduce that data into a set of scales

that could be compared. Although few doubted the extent of Miller and Stokes’ innovation, it was

criticized on methodological grounds. Many of these problems, such as the critique that the sample

sizes used were too small (Erikson, 1978), have been overcome in more recent work. However,

Achen (1977) posed a challenge that has lasted until the present day. Miller and Stokes’ analysis

rests upon correlations between the positions of legislators and the positions of constituents. Achen

(1977) pointed out that these correlations do not imply that legislators are actually taking positions

that are proximate to the positions of their constituents, even if the correlations are very high. His

1978 paper proposes an alternative measure which he calls centrism: the squared distance between

the legislator’s position and the mean position of their constituents. This measure represents the
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extent to which legislators take positions that are close to the center of the distribution of their

constituents’ positions.

To see why correlations are poor measures of representation, consider a linear regression of a

measure of legislator preferences, xl on an equivalent measure of mean (or median) voter prefer-

ences, xm, where i indexes districts. Assume that the true relationship between these variables is

as follows, where ε is a normally distributed error term:

xli = γ1 + γ2x
m
i + ε

Now consider a different measure of mean voter preferences, xm∗, such that xm∗ = δ1 + δ2x
m

and the values of δ1 and δ2 are unknown. The relationship between these measures is:

xli = γ∗1 + γ∗2x
m∗
i + ε

where γ∗2 = γ2/δ2 and γ∗1 = γ1 − γ2δ1/δ2. If δ2 is less than 1, then the slope of this relationship

will be increased even though the underlying behavior has not changed. If δ2 is greater than 1,

then the slope will be reduced. Using an estimate of γ∗2 as a measure of representation will conflate

the scale of the measurement with the strength of the relationship. In fact, the only meaningful

hypothesis that can be tested with such an estimate is the hypothesis that γ∗2 = 0, in which case

it must also be the case that γ2 = 0.

Even if the common scale values of xl and xm were known it is difficult in practice to distinguish

between representation of the median or mean and representation of other quantiles of the distri-

bution of constituents by fitting regressions of the form above. Romer and Rosenthal (1979) show

that it is very hard to statistically differentiate between the correlation of legislators positions with

the median and the correlation of legislator positions with arbitrary quantiles of the constituent

distribution. The cause of this problem is that medians and other quantiles of the distribution of

constituent preferences are themselves highly correlated.

If researchers had a common measure for both legislators and constituents, then we could use

Achen’s proposed “centrism score.” Computing the centrism score would be simple: just take the
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squared of absolute value difference between the two measures of preferences. Indeed, Miller and

Stokes attempt to use a common measure insofar as they use similar instruments to measure the

preferences of legislators and constituents. If we believed that the questions Miller and Stokes

achieve a common scale then we could stop there and use Achen’s centrism score to measure

representation. However, the public opinion literature has pointed out some problems with using

a single measure of constituent opinion. Scholars since Converse (1964) have pointed out that

individual preferences are much more prone to error than legislator preferences, and may have a

different structure altogether. Ansolabehere, Rodden and Snyder (2008) note that scales of voter

ideology based on multiple measures demonstrate much more ideological behavior than measures

based on only one measure, such as those used by Miller and Stokes. If even similar instruments do

not yield a common measure when applied to different groups, then proximity comparisons using

these measures are not valid.

More than 30 years after Achen’s papers, joint scaling has become the reigning solution to

the problem of comparing legislators to constituents, and a host of other similar problems. The

first paper to apply this method to representation was Bafumi and Herron (2010). Bafumi and

Herron linked the responses of legislators and constituents by asking survey respondents to take

positions on items that legislators had voted on. By assuming that these responses are equivalent

to roll call votes, they link the two populations, and made proximity comparisons between them.

This work drew from Jessee’s (2009) elegant solution to the problem of spatial voting using similar

data. However, the reservations expressed by past works in this genre (Aldrich and McKelvey,

1977; Poole and Rosenthal, 1997) was notably absent from these papers.

The promise of joint scaling is evident, and it is only natural that it should be extended to a

wide variety of fields, as it has been. The innovation in many of these examples is to recognize

that preferences can be revealed by a wide variety of behaviors, not just binary choices between

clearly defined options. However, the joint scaling assumption is even bolder, and the degree of

circumspection has often been less.

We begin by demonstrating that joint scaling has very apparent problems in the case of scaling

media outlets and legislators. Then we move to the more complicated case of legislators and
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citizens.

3 Joint Scaling Media Outlets and Legislators or Districts

A question of enduring interest in the study of journalism is whether and to what degree to news

reports contain an ideological bias or “slant.” Are news stories simply presentations of fact or do

they contain an (implicit) ideological point of view? If they have a viewpoint, what is it and how

does it compare to that of the public? And, to what degree can variation in slant across news

outlets be attributed to variation in consumers’ tastes within the markets that the media outlets

serve. Answers to these questions require a reliable measure of slant on an ideological or partisan

scale that is comparable to similar measurements for voters or other political actors.

Recent papers by Groseclose and Milyo (2005) and Gentzkow and Shapiro (2010) provide

similar and ingenious strategies for making slant measurements in a rigorous and objective way.

Both approaches begin by positing stable mappings between ideology and the use specific words

or terms in speech or writing. In the case of Groseclose and Milyo, the choice of authority (think

tank or interest group) to cite is modeled by a standard random utility formulation in which

the utilities associated with citing each think tank or group are taken to be a linear functions of

the speaker’s (or writer’s) ideology. In Gentzkow and Shapiro, the relative frequency with which

speakers employ partisan-charged phrases, such as “death tax” or “oil companies,” are modeled in

a reduced form as linear functions of a speaker’s ideology plus a stochastic shock. In both cases,

the parameters of the mappings between ideology and speech are identified through observations

of the citations made or phrases used in the speeches of members of Congress.

Because the ideologies of members of Congress can be directly measured by their roll call

voting (as in Groseclose and Milyo) or the support in their districts for the Republican presidential

candidate (as in Gentzkow and Shapiro), the mapping between members’ ideologies and their use

of citations or partisan phrases can be inferred. Armed with a means of establishing a mapping

from ideology to speech and assuming that this mapping is similar for media outlets and legislators,

the ideologies of news outlets (which are not otherwise observable) can be backed out from their

(observable) use of citations and partisan phrases.
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The assumption of a common mapping allows these authors to build bridges between the known

ideologies of legislators and the ideologies of the news outlets that they wish to infer. This is a

strong assumption that goes untested by both Groseclose and Milyo and Gentzkow and Shapiro.

Gentzkow and Shapiro explicitly describe their slant estimates in terms of this assumption in an as-

if way writing that their estimates answer the question “if a given newspaper were a congressperson,

how Republican would that newspaper’s district be?” (2010, p. 46). They focus on the ordering of

the newspapers from left to right describing their estimates as “index[ing] newspapers by the extent

to which the use of politically charged phrases in their news coverage resembles the use of the same

phrases in the speech of a congressional Democrat or Republican” (2010, p. 36). Here and in their

subsequent analyses, they do not assert direct comparability of the legislator and media positions

and rely on the bridging assumption only as a means of arraying the media outlets. Groseclose

and Milyo lean more heavily on the bridging assumption by directly comparing estimated media

ideologies to those of members of Congress in both interval and ordinal terms. They find that

“Our results show a strong liberal bias: all of the news outlets we examine, except Fox News’

Special Report and the Washington Times, received scores to the left of the average member of

Congress.” (2005, p. 1191). The difference is subtle, but important and conceptual. In one case,

the bridge is taken as providing a way to identify which legislator a newspaper most sounds like

and in the other the estimates reveal which legislator a newspaper is most ideologically similar to.

In either case, however, the bridging assumption is central and it can be explored empirically.

The bridging assumption is equivalent to the assumption that the legislative data and the media

data can be pooled and are governed by the same parameter values. In the alternative, the sets

of observations do not pool in which case a distinct set of parameter values govern each data set.

These two alternatives are nested allowing the validity of the pooling assumption to be measured

by the loss of fit associated with restricting the model parameters to be common across the two

groups. Interestingly, as we will see, this fit comparison can be made despite the fact that the

unpooled alternative estimates of media ideology lie on an arbitrary scale and are, therefore, not

directly comparable to the observable ideologies of the legislators.

In order to examine the admissibility of the bridging assumptions in Groseclose and Milyo
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and Gentzkow and Shapiro, we first lay out the underlying models and their estimators and then

explore their data in turn. We begin with some definitions. Let i index a set of speakers (I)

that include both legislators (Ic) and media outlets (Im). Let j index a set of J think tanks in

Groseclose and Milyo or partisan-phrases in Gentzkow and Shapiro. The number of times that

the ith speaker mentions the j think tank or phrase is cij =
∑

ik yijk where yijk = 1 if member i

mentions think tank or phrase j at her kth opportunity and 0 otherwise. The range of the citation

opportunity index, k, depends on i and is equal to i = 1, . . . , Ki where Ki is the total number

of mentions or citations made by the ith speaker. Finally, let xi be the observed ideology (ADA

score or 2004 two-party vote share for George W. Bush in the district) for i ∈ Ic (legislators) or

the latent ideology that we seek to estimate for i ∈ Im (media outlets or newspapers).

Groseclose and Milyo develop a simple structural model of citation choice. In their model, the

utility that legislator i receives from citing the jth think tank at her kth opportunity is

aj + bjxi + eijk

implying that the utility associated with citing each think tank is a think-tank specific linear

function of ideology. The random utility components, e, are assumed to be i.i.d. and Weibull

implying the well-known multinomial logistical (MNL) choice model of McFadden (1974) in which

the outcome of each citation choice yik = (yi1k, . . . , yiJk),

yik ∼ Multinomial(πi)

and the elements of the vector of choice probabilities πi are

πij =
exp(aj + bjxi)∑J

j′=1 exp(aj′ + bj′xi)
.

For the legislators, the as and bs can be estimated by the multinomial logit regression of y on x. In

order to identify the underlying utility scale, Groseclose and Milyo follow convention in normalizing

a1 an b1 (corresponding to the Heritage Foundation) to 0. Because the media xs are parameters
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to be estimated, Groseclose and Milyo cannot apply canned MNL estimation routines. Rather,

they program the likelihood as a function of the full parameter vector (a2, . . . , aJ , b2, . . . , bj, and

xi for i ∈ I) which they then directly maximize by numerical optimization. With 50 think thanks

and 20 media outlets and over 22 thousand observed citation choices, maximizing the likelihood

directly in this way is computationally intensive and time consuming.1 In probing the admissibility

of the bridging assumption, we will need to refit the model many times and require a more efficient

estimation approach. Fortunately, the estimation problem can be reformulated in a way that is

equivalent, less computationally intensive, and makes clear that the model is much more similar

to the approach of Gentzkow and Shapiro and others that have scaled ideology based on text (e.g.,

Slapin and Proksch, 2008) than is otherwise apparent.

Using the multinomial Poisson transformation that is often used to estimate multinomial models

(see Baker, 1994), the Groseclose and Milyo model can be rewritten in terms of citation counts:

cij ∼ Poisson(λij)

where

λij = exp(µi + aj + bjxi).

The Poisson and MNL formulations are equivalent in the sense that the parameter estimates and

associated uncertainty estimates of the as, bs, and xs are identical. If x is observed, the other

parameters can be estimated by a panel Poisson regression. The additional parameters, µi for

each speaker, account for differences in the total number of citations (Ki) made across speakers.

Interestingly, the random utility model of individual citation choices leads to citation counts that

can be treated as a linear function of ideology and a Poisson link. The connection between the

MNL and Poisson formulation usefully provides a compelling behavioral foundation for those who

have modelled counts of words as linear functions of ideology with a Poisson link (e.g., Slapin and

Proksch 2008 or Bonica 2013).

Estimates of the model can be found iteratively via the following steps:

1Groseclose and Milyo report that finding estimates and calculating standard errors by inverting the numerically-
approximated Hessian required nearly 24 hours [replication materials]).
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Step 0: Initialize unobserved media ideologies (xi for i ∈ Im) as missing values.

Step 1: Fit a panel Poisson regression of c on x to recover µ̂s, âs, and b̂s omitted observa-

tions with missing values of x.

Step 2: Estimate media xs via Poisson regressions of of ci· on b̂ including a as an offset

for each media outlet, i ∈ Im.

Step 3: Set xi = x̂i for i ∈ Im and repeat from (1) until convergence.

A single pass through the steps provides consistent estimates of all model parameters (as the

number of legislators and groups being cited grows large). Iterating until convergence provides

the maximum likelihood estimates reported by Groseclose and Milyo. In the ML approach the

media observations contribute to the estimation of the think tank parameters (as and the bs). In

a simpler, two-step approach they do not.

Rather than motivate the mapping between ideology and the frequency which various words

are used via a utility model, Gentkow and Shapiro simply assert the linear reduced form,

f̃ij = aj + bjxi + eij

where f̃ij is the frequency with which speaker i uses phrase j relative to other phrases (f̃ij =

cij/
∑

j′ cij′ for all i ∈ I). Normalizing the word counts to fractions that sum to one for each

speaker accounts for differences in the amount speech each speaker engages in thus no speaker

effects are included in the model. Gentzkow and Shapiro make no specific assumption about the

form of the es other than they are mean independent of the xs.

They estimate their model via least squares using a two-step procedure:

Step 1: Regress f̃·j on x for each phrase j ∈ {1, . . . , J} to recover âs and b̂s.

Step 2: Regress f̃i·− a on b̂ (with no intercept) for each newspaper, i ∈ Im, to recover x̂s.

If the (“missing”) newspaper xs are replaced by x̂s from (2), the algorithm can be iterated to

convergence. If we further assume that the es are independent and distributed normally with

constant variance then this iterated solution is also ML.
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Two differences between the models of Gentzkow and Shapiro and Groseclose and Milyo are now

clear: the link (Poisson versus linear) and the decision to iterate a two-step estimation algorithm

to convergence. Of these, the second is perhaps more consequential. Under the assumption that

the speech of legislators and media outlets pool, the decision to iterate to convergence is not

consequential and Groseclose and Milyo, who bring information from the media observations to

bear on the estimation of the as and bs, more efficiently use the information available in the data.

However, if the two data sources do not pool then Gentzkow and Shapiro still provide what they

promise, an imputation of which sort of legislator each newspaper reads like (that is, an imputation

that employs the mapping between ideology and speech that is estimated to hold for legislators).

If the pooling fails, Groseclose and Milyo’s full ML solution generates estimates force a common

mapping set of parameters that average between those holding for the legislators and those that

hold for the media and estimated ideologies of the media and the legislature are not directly

comparable. They cannot be interpreted in an as-if way.

4 Media Slant Data

As discussed above, the Groseclose and Milyo (2005) data consists of citation made by both leg-

islators and media outlets to think tanks. The legislator citations are made during floor speeches,

and the media citations are made in news articles (not editorials, letters or reviews). Legislators

speeches are drawn from the years 1993 through 2002, and citations from media outlets are drawn

from varying lengths of time needed to generate at least 300 citations per outlet. Scores from

Americans fo Democratic Action (ADA), adjusted for overtime comparability, are taken as mea-

sures of legislator ideology. These scores are based on the percentage of times a member votes on

the liberal side of a set of votes selected by the ADA each year.

The dataset that results includes 22,170 citations to 168 think tanks made by roughly 800

legislators and 20 media outlets. As shown above, these think tank citations can be thought of

much as words are thought of in Gentzkow and Shapiro (2010): each think tank is an indicator of

ideological affiliation. Groseclose and Milyo (2005) attempt to capture the universe of influential

think tanks rather than subsetting beforehand to ones that are cited more often for ideological
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reasons.

In contrast, Gentzkow and Shapiro (2010) limit the phrases they use to the 1,000 that show

the most partisan patterns of use. The full set of potential phrases is also limited to two-word

phrases that appear in newspaper headlines between 200 and 15,000 times and three-word phrases

that appear between 5 and 1,000 times. All newspaper data comes from the period from 2000 to

2005. The two-party presidential vote share going to George Bush in a politicians’ district in 2004

is used as the measure of congressional ideology.

4.1 Assessing the bridging assumptions in Groseclose and Milyo and

Gentkow and Shapiro

The above discussion hints at related ways in which bridging assumption can be tested. First, we

see that in either case, we could fit the media and legislative data sets separately and compare

the fit using a likelihood ratio test or information criterion such as AIC. Alternatively, one could

construct a Hausman-like test in which the less efficient two-step estimates are compared to the

full ML estimates. However, given the large amount of data employed in these studies, we might

be prone to reject bridging even in cases in which the substantive effect of the violation is trivial.

Accordingly, we suggest several related approaches to assessing the admissibility of the bridging

assumption that do not rely on formal hypothesis testing.

We begin with a simple visualization that allows direct comparison of the structure of the

media and legislator data. Figures 1, 2, and 3 present heat-map representations of the Groseclose

and Milyo data with only the ordering of the rows an columns differing across the figures. In

each figure, each row represents the data from a media outlet or from a grouping of legislators.

Legislators are grouped by ADA score ranges. Each column represents the data for a think tank.

To create the chart, the (aggregated) count data are converted into relative row frequencies (so

that each row sums to one), then each column is z-scored. Darker colors reflect greater z scores.2

In Figure 1 the rows and columns are organized to emphasize the structure of the legislator

data. In particular, we order the rows by the estimated ideology value when only legislator data

2The color ranges are truncated such that scores below -1 are white and scores above 1 are the darkest blue.
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are used to estimate the mapping from ideology to think tank citations. The think tank columns

are similarly ordered by the value of the slope (b) parameters in that estimation. The structure

of the assumed model implies there should be a diagonal strip of blue from the bottom left to the

top right of the plot within both the legislator data (placed at the top of the plot) and the media

data (placed at the bottom of the plot). Figure 1 reveals a cluster of dark blue in the lower left

and upper right corners of the legislator data, but a much weaker patter in the media data. While

the lower left and upper right corners of the media data are darker than the upper left and lower

right corners, the pattern is less pronounced. There is also a great deal of blue in the middle of

the media map that is not found in the legislator map. While the less pronounced corners could

reflect a set of media outlet ideologies with much narrower range than is found in the legislature,

we also see that the concentration of blue in the middle of the media outlet data is not found for

any range of ADA values in the legislator distribution.

Figure 2 reorganizes the rows and columns of the matrix to best highlight the structure of

the media outlets’ citations. Note that the shading of each cell has remained the same only the

positions of the cells have been altered. Now we see a much stronger band of blue moving from

the lower left to the upper right of the rows that present the media data and a much weaker,

though still apparent, pattern in legislator data. Many of the rows and columns have been shift

substantially. For example, People for the American Way (PAW), NARAL, PETA and NOW are

more cited by conservative media outlets than by conservative legislators (ceteris paribus) as is

revealed by the positions of their columns father to the left in Figure 2 than in Figure 1. Similarly

IEI and the Stimson Center are much more commonly cited by liberal media outlets than by liberal

legislators (ceteris paribus). We also observe substantial changes in the ordering of rows between

Figure 1 and 2.

Under the assumption that the legislator and media data pool, we would expect these two

figures to be very similar, but we see substantial differences. Beyond difference in the mapping

from ideology to citations, we also note that there numerous think tanks that legislators are much

more likely or much less likely to cite than is the media across the ideological spectrum. For

example, the National Taxpayers Union (NTU) is more likely to be cited by legislators and the
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ACLU is much more likely to be cited by the media across the board. Taken together these plots

raise doubt about the bridging assumption in this case.

Figure 3 presents the same map with the rows and columns organized to highlight the structure

of the overall data under the pooling assumption (i.e., the columns and rows are sorted by the b

and x estimates presented by Groseclose and Milyo). This figure reveals a compromise between

the patterns presented in the first two. The degree to which the legislator or media observations

dominate this compromise is a function of how sensitive the fit of the media and legislator data are

to the model parameters and the relative amount of legislator and media data. Under the pooling

assumption used to bridge the legislator and media ideology estimates, the relative amount of

data collected for each group should have no systematic effect on the estimates, but if the data

are governed by different parameter values, increasing the amount of legislator data will pull the

estimates toward the legislator parameter values and increasing the amount of media data will pull

the estimates towards the media parameter values.

Figures4, 5 and 6, show similar data plots for the Gentzkow and Shapiro data. Here the full

data matrix has 970 rows (including 536 legislators and 434 newspapers) and one thousand columns

(partisan phrases). In the heat maps, the legislators rows are aggregated by similar district vote

for Bush in 2004 and the columns are first sorted by their value of b and then collapsed into

adjacent groups of 25 phrases. While the large number of phrases and media outlets make it

difficult to assess how particular phrases and media outlets are organized across the three plots,

it is very striking that the patterns of phrase use are quite different for the legislators and the

newspapers. Figure 4 shows a very strong ideological sorting of the legislators use of the phrases,

but little similar pattern is apparent in the newspaper rows of the figure. When the data are

reorganized to maximize the amount of structure in the newspaper data in Figure 5 a stronger

band of dark shading can be seen from the lower left to the upper right of the newspaper rows of

the figure, but the apparent structure of the legislator rows has been largely lost. When the plot

is organized to highlight the ideological structure across both the legislator and the newspaper

data, the manifest structure is largely to separate the phrases into those used (relatively) more

commonly by legislators and those used more commonly by newspapers. Here we see little to
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support the assumption that the legislator and newspaper responses are generated by the same

model.

While looking at the heat maps provides a direct visual assessment of the apparent degree of

pooling, the interpretation is some to some extent in the eye of the beholder. Showing that the

optimal structure for each dataset is visually dissimilar is not quite the same as showing that they

are incompatible with a particular model. In the next section we engage with the actual models

used in each of these papers to recover estimates of slant. We show that pooling the data reduces

the fit of the model for both groups.

As noted above, if the critical bridging assumptions hold then the estimates of the parameters

that link ideology to the manifest indicators (citations or partisan phrases) should not systemati-

cally vary as a function of the balance of legislator and media data used to recover them. Similar

results and fit should obtain if the as and bs are obtained exclusively from the legislator data (as

in Gentzkow and Shapiro) or if the as and bs are informed by both the legislator and media data

(as in Groseclose and Milyo). Similarly, the estimates should not systematically differ if we add

more media outlets or legislators to the analysis. This suggests a simple way to probe the pooling

assumption that can be assessed directly in terms of the parameter values that we seek to infer.

We can consider counterfactually how the ML estimates of the model would vary as the balance

of legislator and media data used in the estimation is manipulated. We do this by applying what

amount to survey weights to the data. At one extreme, we downweight the media observations to

the point that the as and bs are determined almost exclusively by the legislator observations (ap-

proximating the two-step estimation approach of Gentzkow and Shapiro). At the other extreme,

we up weight the media observations so that the as and bs are almost exclusively determined by the

media observations. We also fit intermediate values including unity which produces the unweighted

ML estimates. We then plot key model quantities as a function of the degree to which the media

data are up or downweighted. The more systematic variation is observed the less tenable is the

pooling assumption.

In Figure 7, we plot the unweighted log likelihood of the Groseclose and Milyo data as a

function of the degree to which the media observations were up- or downweighted in the estimation.
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In addition to showing the total log likelihood, we also show the log likelihood of the media

and legislator data separately. The x-axis is the degree to which the media data were up- or

downweighted on an exponential scale (so 100 is 1:1, 101 is 10:1, 102 is 100:1, 10−2 is 1:100 and

so on). The y-axis shows the value of the unweighted likelihood. As the weight placed on the

media increases, the likelihood of the fitted media observations increases and the likelihood of the

legislator observations decrease by construction. Similarly, the maximum for the total likelihood

must be achieved when equal weight is applied to the legislators and media because the maximum

of the unweighted likelihood is precisely the objective when the media and legislator are given equal

weight in the estimation. What is unexpected if the bridging assumption holds is the magnitude

of the variation in the likelihood across the range of values. The media data is fitted dramatically

better when the model is weighted towards the media data. If it were the case that the joint scaling

assumptions were true, then setting parameter values that fit both groups would not constrain the

media data from achieving close to its maximum. Giving more weight to the media data also

has a severe negative effect on the likelihood of the legislator data. Similarly, we can consider

the standard likelihood ratio test of the unconstrained model in which the media and legislator

data are fit separately to the alternative in which the bridging assumption is enforced by summing

the largest log likelihood achieved by the media observations (when media weight equals 100) and

the largest log likelihood achieved by the legislator observations (when media weight equals 0.01)

to the largest total log likelihood (when media weight equals 1), here we see a huge loss of fit

associated with pooling the media and legislative observations.

This large change in likelihood suggests that the model would choose very different parameters

if it were fitting the media data only rather than the media and legislators jointly, because different

parameter values are leading to different likelihood values for the two groups. However, given that

these are large datasets the substantive difference in the parameter estimates may be rather modest.

In particular, we would not want to reject the opportunity to make the powerful substantive

inferences that the pooling assumption allows us to make simply because it is unlikely that the

models governing the legislators and media are not identical. Rather, we should consider how

different the two data-generating processess are and how misleading the result of the pooling
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Figure 7: Log likelihood by weight on media data in Groseclose-Milyo

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

−12000

−9000

−6000

10−2 10−1 100 101 102

Weight on Media Observations

Lo
g 

lik
el

ih
oo

d Log likelihood

●

●

●

All

Media

Legislators

Note:

estimation might be. Because the relative amount of legislator and media data used is arbitrary

and should not systematically alter the estimates, we should have little confidence in estimates

that vary widely as function of relative weight given to the media observations.

Figure 8 shows the instability in the interest group discrimination parameters (the bjs) as the

weight on the media observations is varied. If the joint scaling assumption were true, these discrim-

ination parameters should be close to the same for both groups, and therefore the weighting should

not affect the discrimination. Instead, the discrimination varies substantially. Some think tanks

that were positively discriminating (wherein a citation indicates conservatism) become negatively

discriminating (wherein a citation indicates liberalism), and some think tanks that were negatively

discriminating become positively discriminating. Others parameters vary greatly in magnitude.

Just as the weight on each group affects the think tank parameters, it also affects the slant

estimates for media outlets. Figure 9 shows the variation in slant parameters over the set of weights.

Conclusions about the relative location of the media outlets as well as their dispersion depend

greatly on whether we choose the structure indicated by media observations or by legislators. If

great weight is put on the legislators, then the media appears to be more conservative on average,

with relatively little dispersion in the space of ADA scores. As the weight on the media observations

increases, the ordering changes as well as the dispersion and location of the mean.

Figure 10 presents two different scenarios: one where the weight is 100:1 on legislators, and
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Figure 8: Groseclose-Milyo: Discrimination parameters by weight on media data
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Figure 9: Groseclose-Milyo: Slant estimates by weight on media data

●

●

●

●●

●

●
●●

●

●

●

●

●
●

●

●

●

●
●

●

●

●

●●

●

●
●●

●

●

●

●

●
●

●

●

●

●
●

●

●

●

●●

●

●
●●

●

●

●

●

●
●

●

●

●

●
●

●

●

●

●●

●

●
●●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●●

●

●
●●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●●

●

●
●●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●●

●

●
●●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●●

●

●●●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●●

●

●●●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●●

●

●●
●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●●

●

●●
●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●●

●

●●
●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●●

●

●●

●

●

●

●

●

●

●

●
●

●

●
●

●

●

●

●●

●

●●

●

●

●

●

●

●

●

●
●

●

●●

●

●

●

●
●

●

●●

●

●

●

●

●

●

●

●
●

●

●●

●

●

●

●

●

●

●●

●

●

●

●

●

●

●

●

●

●

●●

●

●

●

●

●

●

●●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

●

●

20

40

60

80

100

10−2 10−1 100 101 102

Weight on Media Observations

S
la

nt

Note:



Joint Scaling 27

Figure 10: Media Ideal Points Under Two Different Weighting Assumptions (Groseclose Milyo)

(a) 100:1 Weight to Legislators (b) 100:1 Weight to Media
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intervals.

another where the weight is 100:1 on media outlets. The resulting ADA scores for media outlets,

and their 80% confidence bounds, are shown. The conclusions that can be drawn about the relative

position of the media outlets vary dramatically depending on which set of weights are chosen.

Figure 11 shows the effect on the likelihood for the Gentzkow and Shapiro data when the

weights are varied. This graph shows the same pattern as Figure 7: when the weight on the

media is increased, the model fits the media observation much better, but fits worse the legislators

substantially worse, particularly as the weight on the media gets large.

Figure 12 shows how varying the weight affects the slant parameters. Due to the very odd

pattern on the ride side of the range of weights, this graph is divided into two parts, where the

right panel has a truncated x-axis. This graph helps explain why the likelihood for the legislators

drops off more rapidly as the weight on the media observations is increased. In the right panel, we

can see that the slant locations are changing as we go from weighting the legislators very heavily to

only weighting them somewhat heavily. However, this trend is dwarfed by the what occurs when

we the media observations get the lion’s share of the weight. Suddenly, the location of the slant

estimates are reflected over 0. This is because the model no longer attempts to fit the legislators:

fitting the media better involves abandoning the constraints imposed by fitting the legislators.

This is made clearer in Figure 13, showing the discrimination parameters, once again divided
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Figure 11: Log likelihood by weight on media data in Gentzkow-Shapiro

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●
●

●

●
●

●

●
●

●

●
●

●

●●

●

●●

●

●
●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

1e+06

2e+06

3e+06

10−2 10−1 100 101 102

Weight on Media Observations

Lo
g 

lik
el

ih
oo

d Log likelihood

●

●

●

All

Media

Legislators

Note:

Figure 12: Gentzkow-Shapiro: Slant estimates by weight on media data

(a) Full weight range (b) Truncated weight range
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Figure 13: Gentzkow-Shapiro: Discrimination parameters by weight on media data

(a) Full weight range (b) Truncated weight range
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Note:

into two panels. As the weight on the media observations increases, the discrimination collapses

towards 0.. The slant estimates become more dispersed, but the legislator estimates remain close

to 0. The maximum likelihood estimates reflect a situation where legislators choose words almost

randomly, and media outlets choose them systematically according to the model.

Figure 14 shows the affect of two different weighting regimes on the media idealpoints. As in

Figure 12 above, the recovered locations are dramatically different—so much so that in the second

panel the estimates are for the most part outside the range of the x-axis.

In the Appendix, we show that the log likelihood, discrimination parameters, and slant esti-

mates are relatively constant if we weight by random subsets of the data rather than selecting the

two groups we know to be dissimilar. This provides further evidence that the changes we observe

when we vary the weights of each group are not the product of uncertainty or heterogeneity, but

of specific differences between the structures of responses for these two groups.

5 Joint Scaling Legislators and Constituents

Assuming constant parameter values across groups is a strong assumption in many contexts. How-

ever, in the context of comparing legislators and constituents, this assumption seems particularly

strong. Survey respondents make snap judgements in a low-information, low-stakes environments
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Figure 14: Media Ideal Points Under Two Different Weighting Assumptions (Gentzkow Shapiro)

(a) 100:1 Weight to Legislators (b) 100:1 Weight to Media
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Note: Each point represents the ideological score (on the scale of Bush 2004 vote) for each media
outlet given the associated weighting assumption. The grey lines are 80% credible intervals.

(Zaller, 1992). Legislators face a situation that is almost entirely the opposite. They are carefully

and painstakingly informed by trained staff about the consequences of their choices, as well as be-

ing inundated by information from other legislators, outside groups, and the media. These choices

often have important features that even careful outside observers could be forgiven for missing. A

bill is not a simple representation of a policy view, but a collection of disparate policies and signals.

A bill that appears to be on environmentalism may be about distribution of energy spending across

districts; another bill that appears to be about emergency relief may be about a signal of support

for a particular legislator.

Existing work that scales legislators and constituents jointly assumes that the response func-

tions to particular survey questions and corresponding bills unders consideration in Congress are

not just similar but exactly the same. As Jessee (2012) puts it: “respondents are treated as ‘guest

senators,’ stopping in to vote on a small number of Senate votes.” Luckily it is possible to test

the assumption that these response functions are the same, and to examine the sensitivity of the

results to alternative assumptions. In particular, models of preferences for each group seperately

should not drastically outperform models that restrict both groups to have the same response

functions for particular items. Unlike the context of the media, it is not as simple to change the

weight of each group, however it is simple to “unbridge” the groups entirely.
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Much of the scaling literature that uses simple choice (rather than behavior) data uses an item

response model akin to that familiar to political science from Clinton, Jackman and Rivers (2004)3.

Responses to items (either survey questions, roll call votes, or codes for known political positions)

are a function of each individual’s latent political preferences. Let xi denote the latent political

preferences of person i = 1, . . . , N , and yij denote person i’s response to question j = 1, . . . ,M ,

where yij = 1 indicates a “yes” response and yij = 0 indicates a “no” response.4 The probability

of person i answering “yes” to question j is taken to be

Pr(yij = 1) = Φ(βjxi − αj)

where αj and βj are parameters, and Φ is the standard normal cumulative distribution function. In

the educational testing literature, αj is referred to as the “difficulty parameter” because a higher

value of α indicates a lower probability of a “correct” answer (in our case, a yes answer), ceteris

paribus. It is easier to think in terms of the “cut point” αj/βj, which is the value of xi at which

the probability of answering “yes” equals the probability of answering “no.” βj is referred to as

the “discrimination” parameter because it captures the degree to which the latent trait affects

the probability of a yes answer. If β is 0, then question j tells us nothing about an individual’s

preferences (xi). We would expect β to be close to 0 if we ask question that which ideology or

policy is irrelevant; for instance, a question about the respondent’s favorite flavor of ice cream.

The complete log-likelihood is simply the sum of all of the individual log-likelihoods for each

vote choice:

`(θ; y, I,J ) =
∑
i∈I

∑
j∈J(i)

yij ln(Φ(βjxi − αj)) + (1− yij) ln(1− Φ(βjxi − αj))

where θ = (x1, . . . , xN , α1, . . . , αM , β1, . . . , βM) is a vector of model parameters, I is the set of all

people, J is the set of all items, and J (i) is the set of items responded to by the ith person.

Following Jessee (2010) and Bafumi and Herron (2010), we assume that all non-responses are

3Poole and Rosenthal’s (1997) W-NOMINATE and DW-NOMINATE are similar and also in wide use.
4Most of the questions used are dichotomous. Where they are not dichotomous, we use the rules given by the

providers of the data in order to dichotomize them. Typically this involves choosing a sensible cut off point in an
ordered question, and coding all prior items as “yes” and all later items as “no.”
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missing at random.5 In this sense, we treat items upon which an individual did not have an

opportunity to respond and items upon which they abstained or answered “Don’t Know” similarly.

Although the parameters are identified relative to one another, they lack a scale. We establish an

arbitrary scale by normalizing the xs to have mean zero and standard deviation one.

Item response models allow us to estimate comparable measures of latent traits for each person

because we assume homogeneous response functions.6 That is, we assume that αj and βj do not

vary by respondent (i) for any j ∈ J . The systematic differences in patterns of responses across

individuals are only due to differences in their political preferences, (xs). For many applications,

the assumption of homogeneous response may seem innocuous. For instance, there is an extensive

literature which shows that a one-dimensional item response model that assumes homogeneous

response can account for much of the roll call voting in the US Congress. Joint scaling applications

call this assumption in to question.

To characterize the identification challenge presented by joint scaling, we consider two groups

of individuals: survey respondents (r) and senators (s). Let Ik and Jk be the sets of individuals

and response items for groups k ∈ {r, s}.7 Now we can rewrite the log-likelihood above as

`(θ; y, I,J ) = `(θ; y, Ir,Jr) + `(θ; y, Is,Js).

That is, the total log-likelihood is the sum of the contributions made by the respondents’ responses

and the senators’ responses.

Figure 5 shows examples of four types of N ×M response matrices, [yij]ij. Each matrix has a

column for each item in J and a row for the each individual in I. The matrices are organized so

that all members of the first group (say respondents) are listed before all members of the second

group (say senators). Individuals belonging to both groups (if any) are listed in between those

who are only senators and those that are only respondents. Similarly, all of the items responded to

only by the second group are listed before items answered only by the first group. Items answered

5Almost all of the work we are aware of makes this assumption, but for some counterexamples see Poole and
Rosenthal (1997), Lo (2013), and Powell (2015)

6While, as discussed below, homogeneous response is sufficient to establish scale comparability it is not strictly
necessary see Carroll et al. (2013).

7An item j is a member of Jk if j ∈ J (i) for at least one i ∈ Ik. That is, Jk = ∪i∈IkJ (i).
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by members of both groups are placed in between those answered by only one of the two groups.

This arrangement reveals four basic types of joint data matrices: ones in which there is no overlap

between the individuals or the items (type I); ones in which their are common items, but no overlap

in group membership (type II): ones in which there is common group membership, but no common

items (type III); and, ones in which there is both common group membership and items across the

two groups (type IV).

We begin with a consideration of data matrices of Type I. Here items and individuals are

distinct across groups (Is ∩ Ir = ∅ and Js ∩ Jr = ∅) and it is immediately clear that there is

nothing “connecting” the respondent and senator estimation problems. The parameters associ-

ated with respondents only depend on the responses of respondents and the parameters associated

with senators only depend upon the responses of senators. Consequently, the total likelihood can

be maximized by maximizing the senator likelihood and the respondent likelihood separately. Sim-

ilarly, the posterior distribution over each groups’ ideal points are only functions of the responses

observed within each group.

Because there is nothing linking the senator and respondent problems, the resulting ideology

or policy scales are not comparable across groups. To see this, suppose that senators ideal points

are placed on an arbitrary scale with ideal points x∗i for all i ∈ Is. Suppose that those ideal points

can be transformed back to a common scale as

xi = δ1 + δ2x
∗
i

where δ1 and δ2 are fixed constants and δ2 6= 0. Substituting x∗ for x, the log-likelihood for

senators’ responses can be written as

`(θ∗; y, Is,Js) =
∑
i∈Is

∑
j∈Js(i)

yij(Φ(β∗jx
∗
i − α∗j )) + (1− yij)(1− Φ(β∗jx

∗
i − α∗j ))

where α∗j = αj − δ1βj and β∗j = δ2βj. Thus, the same likelihood values can be achieved for the

senators’ responses under any choice of scale without knowledge of, or possibility of learning, the

values of the transformation parameters δ1 and δ2. This is, of course, nothing more than the
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(a) Type I: No overlap
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(b) Type II: Common items
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(c) Type III: Common people
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(d) Type IV: Common people and items

Figure 15: Possible joint-scaling data matrices. Each panel shows a matrix of responses with
columns equal to the number of items and rows equal to the total number of individuals across the
two groups (senators and respondents). Dots in the matrices represent missing values. In panel
(a) senators and respondents are disjoint as are the items on which each of the two groups vote. In
panel (b), there are some individuals who are both senators and respondents. In panel (c), there are
some items in common between senators and respondents. And, in panel (d), there are is overlap
in items and membership between the two groups.
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usual problem of establishing the scale of any latent measurement. However, in the case of joint

scaling with no overlap in items or individuals, any choice of scale for the senators can be fully

accommodated by offsetting shifts in the item parameters that have no effect on the likelihood

of the respondents’ responses (because the two groups respond to different items). Because, the

transformation of the senators’ scale has no effect on the likelihood of the respondent data, the

choice of senators’ scale can be made independently of the choice of the respondents’ scale. Thus,

while senators can be located relative to one another and respondents can be located relative to

one another, we cannot identify where senators are located relative to respondents if the sets of

respondents and senators are disjoint and the set of items answered by respondents and senators

are disjoint.

In order to place different groups on the same scale, there must be overlap either in the items

that each group responds to or in group membership (data matrices of types II, III, or IV). That is,

the data matrices containing responses of the two groups must be “glued” or “stitched” together

through common rows and/or common columns.

In the context of an IRT model, overlap in group membership means not simply that the same

individual i was a member of both groups (i ∈ Ir and i ∈ Is), but that she expressed the same

preference (xi) when a member of each group. Similarly, for two items to be common to each of

two groups, it is not sufficient (or even necessary) that the same question was posed to each group,

rather it is the manner in which members of each group translate their underlying ideology into a

response to that item that must be the same (that is, a common item’s α and β must be the same

for members of each group).

These requirements are restrictive and are often an impediment to answering central research

questions. For example, in order to establish comparable estimates of legislator ideologies across

time, researchers often assume that the ideal points of individual legislators do not change over

time (creating data matrices with common rows). However, if we are interested in studying how

members of Congress might alter their ideological positions following a midterm landslide, we

cannot identify the magnitude of each member’s ideological shift without first assuming that some

specified members’ positions remained unchanged after the landslide.
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In studying representation and it is, of course, unlikely that we could ever identify survey

respondents who are also elected representatives. Thus, in order to stitch together respondent and

senator data matrices, we require common items. Bafumi and Herron (2010) and Jessee (2010)

work hard to construct survey items that probe how the public would vote on particular roll call

votes.8 However, one might wish to ask how and if voters translate their underlying ideological

dispositions into opinions about specific votes and, in particular, if they do this a way that differs

from how legislators make the same translation. For example, opinions offered in a survey might

be poor substitutes for the counter-factual in which a respondent actually becomes a senator who

has to cast roll call votes on the same questions. However, such a comparison requires that the

commonly-posed items are allowed to have response parameters that differ between respondents

and senators ripping loose our identifying stitches. Once again, we have to assume (at least some

part of) the answer that we are seeking in order to pose the question.

As will be shown shortly, while we cannot identify a common scale for respondents and senators

without at least as single common item, if we have more than one (possibly) common item, we can

test hypotheses and form posterior-beliefs about the whether those (over)identifying assumptions

are correct. While this approach can also be taken when the data matrix is of type II, III, of IV,

we will focus here on the case of (possibly) common items (data of type II).

Continuing the notation developed above, we can now partition the set of items, J into three

subsets: senate-only items, Js; respondent-only items, Jr; and items that “bridge” both senators

and respondents, Jb. The log-likelihood can then be broken into three parts,

`(θ; y, I,J ) = `(θ; y, Ir,Jr) + `(θ; y, Is,Js) + `(θ; y, I,Jb).

Because of the existence of the “bridging” items, we can no longer arbitrarily alter, for example,

the scale of the senators ideal points, without affecting the likelihood. The log-likelihood of the

8[Bafumi and Herron also stitch these population together with the President by using public position taking
data, and they stitch together the two chambers of Congress by using common votes on conference reports.
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bridged items can be written as

`(θ∗, θ; y, I,Jb) =
∑

i∈Ir
∑

j∈Jr(i) yij(Φ(βjxi − αj)) + (1− yij)(1− Φ(βjxi − αj))+∑
i∈Is

∑
j∈Js(i) yij(Φ(βj(δ1 + δ2x

∗
i )− αj) + (1− yij)(1− Φ(βj(δ1 + δ2x

∗
i )− αj))

.

Now if we arbitrarily set the scale of the senate ideal points, we can estimate the δ1 and δ2 required

to place respondents even if we only have a single bridged item. In the case of the single bridging

item, δ1 and δ2 are exactly identified. That is, the respondent and senator estimation problems

could be solved separately with each group’s members being located on their own arbitrary scale

(for example, both senators’ x∗’s and respondents’ x’s could be normalized to have mean zero and

standard deviation one). The transformation parameters δ1 and δ2 could then be recovered by

noting that the item parameters for the common item on the scale used for the senators are by

definition, α∗b = αb − δ1βb and β∗b = δ2βb where αa and βb are the values of those parameters on

the scale used for the respondents. After rearranging, we see that δ1 =
α∗b−αb

βb
and δ2 = βb

βb
. Thus,

the likelihood of the responses for senators and the responses for respondents can be calculated

separately and then the values of δ1 and δ2 needed to place senators and respondents on the

same scale can be found using these formulas. Note that the maximum log likelihood of the

joint estimation is simply the sum the maximum log likelihood over the senators’ choices and the

maximum log-likelihood over the respondents’ choices.

Because, we can always choose a δ1 and a δ2 that will equate any αb and α∗b and any βb and β∗b ,

we are not able to test the assumption that senators and respondents react in the same way to the

common item: We can always transform the senators (or the respondents) scale such that their

item parameters are on the common item are equivalent to those of the respondents (or senators)

with no effect on the fit of the model.

If instead of a single bridging item, we have several bridging items, the model becomes overi-

dentified. For every b ∈ Jb, the ratio of β∗b to βb and α∗ − αb to βb must be constant (and equal

to δ1 and δ2 respectively). Now we can no longer calculate maximum likelihood estimators or

posterior distributions for the senators’ and respondents’ data sets separately. The restrictions on

the common item parameters cause the senator data to affect all of the respondent parameters
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and vice versa.

Because assuming that the common items function in the same way for respondents and senators

places constraints on the log-likelihood function, we can in the usual way compare the fit of a model

that relaxes these constraints to one that imposes them. If the common items function similarly

across the two groups, imposing the constraints will have little effect on model fit. If, however, the

parameters associated with the common items differ substantially between the two groups then

the model that allows for different common item parameters will fit the data substantially better

and we will be able to reject the assumption that the common items can be used to identify the

senators and the respondents on a common scale.

Each of our models is estimated using common Bayesian Markov Chain Monte Carlo methods,

as implemented in the software package JAGS (Clinton, Jackman and Rivers, 2004; Plummer et al.,

2003).

6 Legislator and Constituent Scaling Data

We use two datasets as cases to evaluate the joint scaling of survey respondents and legislators.

The first comes from Jessee (2009). Jessee’s paper is the first prominent paper to apply joint

scaling to legislators and voters. Our second dataset is from Bafumi and Herron (2010). Bafumi

and Herron’s paper is the most widely read example to date of the use of joint scaling to examine

the relative positions of voters and their representatives in Congress.

These data sets link responses to particular survey questions to roll call votes or other positions

taken by elected officials. Jessee’s data has a very simple structure. It consists of responses to a

single national survey and roll call votes taken by Senators in a single session. Respondents answer

a subset of 27 questions, each of which was meant to simulate a roll call vote taken in the Senate.

The respondents were presented with a description of an actual bill voted on in the Senate, and

asked how they would vote on that bill. For instance, here is the description that was used for a

bill to require child safety locks on guns:

S AMDT 1626 to S 397: Child Safety Locks Amendment
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• Requires gun manufacturers and sellers to include child safety locks on all guns

sold or transferred.

For more complex bills, the question might provide three or four bullet points of description.

The responses to these roll call questions are the only survey responses included in the data

set. Respondents received a random subset of the 27 questions that were asked. The average

respondents answered “yes” or “no” to 11 questions. The legislators data includes 582 roll calls,

of which the average legislator responded to 506, including 23 of the 27 roll calls that respondents

were asked about.

In the resulting matrix of responses, legislator votes on roll calls and the survey respondent

answers to the corresponding roll call questions are included in the same column. A “yay” vote

is given the same code as a “yes” to the question and a “nay” vote is given the same code as a

“no.” The 582 roll calls that the respondents were not asked about are treated as missing for the

respondents. Jessee’s data resembles the type II example from Figure 5. The only difference is that

there are no items on which respondents take a position but legislators do not have a corresponding

roll call vote.

The data from Bafumi and Herron (2010) has a more complex structure. It includes members

of the House and the Senate over two sessions of Congress (the 109th and the 110th), the President,

and respondents to three different public opinion surveys (although all had a shared component).

Most of the items used to link the respondents to members of Congress were asked on one of the

three public opinion surveys, the Dartmouth module of the Cooperative Congressional Election

Study. The questions that link the public opinion surveys to legislative roll call votes are primarily

linked to votes taken in either the House or the Senate. In one case, an item is linked directly

to the assumed position of the President. The public opinions surveys were linked to each other

by common questions, and the House was linked to the Senate by conference committee votes,

which are identical in both chambers (at least in subject matter). The political preferences of four

members who graduated from the House to the Senate are assumed fixed, further linking the two

chambers.

This “spiderweb” or “swiss cheese” structure links groups to each other by many different
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avenues. For instance, if the common item assumptions were justified then the fact that survey

respondents take positions on both House and Senate roll calls would ensure that the estimated

positions of Senators and Members of the House were comparable in the same policy space. It

would be difficult to examine all of these relationships, so we focus on the assumptions underlying

the questions which link survey respondents to legislators. We will take as granted that all other

assumptions about common item or person parameters are correct. In other words, even though

Bafumi and Herron’s data has the structure that appears as type IV in Figure 5, we treat it as

type II, ignoring links other than the items that link respondents to legislators.

Bafumi and Herron’s data includes 8219 survey respondents and 629 elected officials. In order

to save computing time, we keep 1100 roll call votes (including all of the ones that are linked

to survey respondents) and discard the rest. There are 64 unique questions asked to survey

respondents, although the average respondent only answers 33. There are 17 questions that are

linked to legislator responses, of which the average survey respondent answers 8. These responses

are concentrated among the respondents to the Dartmouth survey.

It is important to look at both of these examples, because any joint scaling exercise will be

affected by the choices of that particular researcher. If questions are poorly phrased, or roll calls

are wrongly portrayed, this will affect the results, as it should. By using both of these data sets, we

examine two independent sets of assumptions about which choices by respondents are appropriate

to equate with votes cast or positions taken by elected officials.

7 Legislator and Constituent Scaling Results

For each dataset, we estimated two different models with different assumptions. In the first “joint”

model, we preserve the common-item structure of the data and estimate the model on the type

II matrix, as in Figure 5. In the second “not joint” model, we sever the connection between the

two groups, estimating them seperately. This is equivalent to the type I matrix in Figure 5. Table

1 shows the fit statistics for the constrained and unconstrained models estimated using the data

from Jessee (2009). For the “not joint” or unbridged model, we can calculate our fit statistics

by summing across two seperate analyses. The total number of responses is the same as in the
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“joint” or bridged case, and so we can compare these likelihoods even though one is the sum of

two essentially seperate analyses.

Table 1 contains four different measures of fit. Two of these are widely-used statistics for model

selection: the Deviance Information Criterion (DIC) and the Bayesian Information Criterion (BIC).

Models with lower BIC and DIC are preferred. The Deviance Information Criterion is readily

calculated based on our Bayesian estimation. To calculate the Bayesian Information Criterion,

we require the values of the parameters that maximize the likelihood function. We use a simple

expectation-maximization algorithm to calculate this quantity. The other two are measures of out

of sample predictive accuracy. We withold 10% of the data at random from all of our analyses

and classify the percent of these outcomes that are correctly predicted in each case. In particular,

we focus on the percent of the bridged items that are correctly predicted for voters and legislators

respectively.

For three out of our four statistics, we focus only on the “bridging” items, even in the “un-

bridged” case where there are twice as many items in this set, but the same number of responses.

The reason for this is simple. Due to the arbitrary scale of the items and estimated preferences,

both the bridged and unbridged models may estimate similar relative locations for the non-bridged

items. In fact, in the case where bridging is entirely untenable, the bridging items will simply have

0 discrimination, and the model will fit each group as if they were estimated seperately. Alterna-

tively, the bridging items may fit well for one group but the other group may be scaled such that

discrimination is very low. This is analogous to what we observed in the case of the media scaling

for the Gentzkow and Shapiro (2010) data.

Table 1 shows exactly this. First, both the DIC and BIC are substantially higher for the bridged

model than the unbridged model. We should keep in mind that for a less constrained model, in

this case the unbridged version, the likelihood will always be higher. However, both the DIC and

BIC contain penalty terms to account for the large number of additional parameters that are used

in the unbridged model. A difference in the BIC of 10 is considered “very strong” evidence in favor

of the superior model (Kass and Raftery, 1995). In this case, the unbridged model is preferred by

a difference of 502.
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We can see from this table where the difference in fit comes from. For voters, the difference

in model hardly changes the fit, which is just above 66% in both cases. However, for legislators,

the fit degrades substantially. Recall that classifying all choices as the more popular response

will classify choices at a rate greater than 50%. Joint scaling reduces the out-of-sample accuracy

for legislators by 13 percentage points. This is at least a 46% reduction in the portion of the fit

explained by the model, rather than a naive “always yes” or “always no” classification. The reason

for this reduction is that choosing item parameters for these items that fit voters is not compatible

with choosing parameters for these items that fit legislators. The structure of decision making on

these items is fundamentally different in these two groups.

DIC BIC9 CV:voters CV:leg
Bridged 84,540 133,305 66.3% 73.1%

Unbridged 83,062 132,803 66.5% 86.1%
Difference 1,478 502 -0.2% -13.0%

Table 1: Fit Statistics for Data from Jessee (2009)

We replicate all of the above analyses using the data from Bafumi and Herron. As explained

above, the “unbridged” model maintains the constant item parameter assumption for all items

except the ones that are shared by legislators and survey respondents. Table 2 shows the results

when we calculate the fit statistics for the Bafumi and Herron data. Once again, both the DIC

and BIC strongly prefer the unbridged model. This time the difference in the BIC is 1,538. Once

again, this difference comes from a severly reduced ability to predict legislator choices on the

bridged items. The accuracy is reduced by 9.3 percentage points.

DIC BIC10 CV:voters CV:leg
Bridged 286,656 193,154 75.2% 73.3%

Unbridged 284,629 191,616 75.5% 82.6%
Difference 2,028 1,538 -0.3% -9.3%

Table 2: Fit Statistics for Data from Bafumi and Herron (2010)

In both of these cases, bridging legislators and constituents degrades the fit according to con-

ventional model selection statistics. Further, it reduces the classification for legislators on the

bridged items substantially. The exercise of comparing the location and spread of the ideal points

of legislators to those of survey respondents is now in doubt. However, suppose that despite the
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large difference in likelihood between the joint and not joint models, we still wish to procede with

our joint scaling. How certain should we be about the relative position and spread of the two

groups?

We approach this question in two ways. First, we re-bridge the items in a manner that is

clearly incorrect. For simplicity, we will focus on the Jessee (2009) data. Rather than assuming

that the item parameters are constant for each of the “bridged” items provided, we instead connect

the voter responses to arbitrary legislative votes, chosen at random. We assume that these item

parameters are the same for legislators and citizens, even though we know that they are in no way

related except by random chance. Table 3 shows the DIC that results (in this context it makes

no sens to compute statistics for the bridging items only, because they differ). Although the DIC

prefers Jessee’s bridging scheme to our completely random one, the difference is less than half of

the difference between the bridged and unbridged model. In other words, if the difference in DIC

between the unbridged and bridged models in Table 1 is not enough to support the unbridged

model over the bridged model, then it is not enough to support the bridged model over one where

the bridges are made completely at random.

DIC
Randomly Bridged 85,273

Bridged 84,540
Difference 733

Table 3: Comparison of random bridging scheme to the one in Jessee (2009)

We demonstrate the extent of this problem in another way as well. We compare the bridged

model to one where the estimates are further constrained — in this case, constrained to a different

location. Recall our notation for the shift and spread of one group relative to the other, δ1 and

δ2, respectively. We can alter these quantities, and hence the location of the voters relative to the

legislators. Then we can re-estimate optimal locations for the items, and compare the effect that

this has on the likelihood.

Using a grid of values for δ1 and δ2, we re-estimate a restricted version of our model using

an Expectation Maximization (EM) algorithm to find the optimal item parameters for a given δ1

and δ2. Starting from the parameters of the joint model, we apply the given adjustments and
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re-estimate the parameters of the items to achieve the best possible fit. Each cell in table 4

corresponds to an increase in the BIC relative to the bridged model resulting from a given change

to δ1, δ2 or both. The rows correspond to changes in δ1 (shift) and the columns correspond to

changes in δ2 (stretch). When δ1 = 0 the parameters are not shifted, and when δ2 = 1 they are

not stretched, so the top left cell corresponds to 0 change in BIC. As these parameters change, the

BIC increases. Interestingly, the more that citizens are shifted, the less harm is done by stretching

them, and in fact this can reduce the degradation in the fit by increasing the overlap between the

two groups and the items that are meant to fit them both.

The main takeaway from Table 4 is that even substantial shifts and stretches of relative position

do less harm to the BIC than the increase of 502 that is achieved by going from the unbridged

model to the bridged model. If this were not sufficient to reject the bridged model, then we also

cannot reject large moves in the relative positions of the two groups.

“Stretch”
1 1.1 1.5 2

“Shift”

0 0 35 239 578
0.5 72 79 213 514

1 423 373 351 556
1.5 1065 948 687 719

2 1915 1749 1252 1031

Table 4: Artificial changes in BIC

In order to visualize these differences, Figure 16 shows graphs of three different hypothetical

changes in the distribution of citizens relative to legislators. Each of these changes would cause

an increase in the BIC over the bridged model that is close to 502 (they are 578, 423, and 351,

respectively). The solid black line in each panel is the estimated distribution of positions of the

legislators, and the solid blue line is the estimated distribution of positions of the voters. The

dotted blue line in each panel is the hypothetical alternative set of positions of the voters. If each

of these cases is a plausible alternative, then we can say very little about the representativeness of

the legislators, or whether voters are choosing legislators who are close to them in terms of policy

positions.

So far, in every example we have analyzed, including the media examples, the joint scaling
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has failed. In order to show that this is not necessarily the case, we present two cases where it

succeeds. In the most trivial case, if we simulate data from a data generating process where the

common item assumption is true, the bridged model is preferred to the unbridged model. We also

demonstrate this is true in the case of a single session of congress, where we “unbridge” legislators

by seperating them into two groups at random and disconnecting their votes on shared roll calls.

For the simulation, we draw 300 ideal points, and 60 sets of item parameters, each from

a standard normal distribution. We simulate responses where all people respond to all items

according to the quadratic item response model shown above. In the “unbridged” model we

seperate people into two groups at random and seperate their responses to each item. Table 5

shows the results. The BIC and DIC are lower for the bridged model than the unbridged model,

showing a clear preference for pooling. In terms of out-of-sample prediction, the two models are

virtually identical.

DIC BIC11 CV:group 1 CV:group 2
Bridged 15,201 18,384 69.1% 63.6%

Unbridged 15,285 19,401 69.5% 63.9%
Difference -84 -1,017 -0.4% -0.3%

Table 5: Fit Statistics for Data from Simulations

Rather than relying completely on data from a Monte Carlo simulation, we test a case where

the bridging assumption is widely believed: bridging between legislators in the United States

Congress. We take the members of the 112th House of Representatives and randomly divide them

into two groups. We estimate a one-dimensional model where roll call votes are either bridged or

not bridged. Table 6 shows the fits statistics for the two respective models. Once again, the bridged

model is preferred by both the BIC and DIC and the out of sample fit is practically identical.

DIC BIC12 CV:group 1 CV:group 2
Bridged 74,009 89,098 88.7% 88.3%

Unbridged 74,521 100,534 88.8% 88.5%
Difference -512 -11,437 -0.1% -0.2%

Table 6: Fit Statistics for Data from Random Unbridging of the 112th House of
Representatives

For those datasets where the bridging assumptions do not hold, solutions to this problem are
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not immediately apparent. The fact that errors are concentrated in the legislator choices on the

bridged items does not mean that data should be dropped in order to avoid this problem. Fit

could possibly be improved by dropping legislator-only items, because the model would be less

constrained in the positions of the legislators. However, this is precisely why the common item

parameter assumption does not hold. If these assumptions were justified, then additional data

would only decrease uncertainty over the parameter values.

8 Conclusion

Overcoming the comparability challenge in preference data is one of the most important tasks

for those of us seeking to understand how and to what extent the preferences of different groups

relate to one another. Unfortunately, the method of joint scaling has not yet achieved this goal in

every context. The common item parameter assumption is a strong constraint that does not pass

empirical tests in the context of joint scaling of voters and legislators or comparing media slant to

legislator or constituent ideology.

It is tempting to overlook the problems of joint scaling when the results seem to confirm our

intuition. Unfortunately, to do this would be to turn these empirical projects on their heads. Until

we have provided a model resting on convincing assumptions, we cannot draw firm conclusions

about the proximity of the preferences of disparate groups.

However, just because joint scaling has not yet succeeded does not mean it will not be the

foundation for methods that will succeed. Some possible avenues include using more general models

or coming up with theoretically motivated reasons for item selection that beget items that pass

the sort of tests presented here. The psychometrics and measurement theory literatures are rich

with alternative models which include higher dimensional spaces, varying errors and hierarchical

structures.

There are also some alternatives. Joint scaling is often undertaken under the assumption

that, for instance, political representation or media slant can be thought of as a mapping from

a space of preferences onto itself. It is no doubt the case that for some groups the preference

spaces are distinct, and we should think of the relationships between these groups as mappings
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between two different spaces. In the context of media slant, we should recognize that the editorial

and journalistic decisions have a complex relationship with political values. In the context of

representation, it is worth revisiting the proposals of Achen (1978) and broadening our conception

of how accountability might work.
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