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Abstract
This dissertation examines the application of elicited priors in political science through

three related essays. The first essay introduces a method for aggregating elicited

priors that bridges the qualitative/quantitative divide, while the second and third

essays apply this method, illustrating how it can facilitate broadening the notion of

“expertise” used in prior elicitation, thereby accessing different formats and venues

of elicitation, overcoming practical modeling challenges by increasing prior preci-

sion, and expanding the use of prior elicitation.

The first essay examines the use of elicited priors in scientific literature and

evaluates their limited social science applications. A core challenge to the adop-

tion of elicited-priors approaches in social science is the divergence of opinions

that elicitation and analysis must incorporate. Current methods for aggregating

elicited priors from multiple experts—pooling and averaging—do not adequately

incorporate diverse expert perspectives. This essay proposes a Dirichlet Process

clustering method to overcome this challenge and illustrates its effectiveness using

data from Jackman and Western (1994).

The second essay, co-authored with Alexander Tahk, explores and interro-

gates the notion of “expertise” in prior elicitation. Using the 2016 U.S. national elec-

tion results for validation, this essay presents evidence that “elite” and represen-

tative expert samples can perform comparably in a roulette elicitation framework.

Results from both samples, separately and delineated by demographics, show that

while more educated and knowledgeable respondents provide more accurate esti-

mates of 2016 vote share, the Dirichlet clustering approach applied in this chapter

aggregates divergent assessments to provide an accurate overall estimate.

The final essay applies the Dirichlet clustering technique to legislative par-

ticipation data from Myanmar. This application addresses a practical problem of
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quasi-perfect separation arising from sparse data in a zero-inflated negative bino-

mial model, but also illustrates the novel use of text-based elicitation from news-

paper sources. Just as the second essay demonstrated that educational credentials

need not imply expertise for elicitation, this essay also broadens the basis for elic-

iting and applying previous knowledge to current scholarship.
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Chapter 1

Introduction

Hayek describes the main threat to establishing economic order as “the fact that

knowledge of the circumstances of which we must make use never exists in con-

centrated or integrated form, but solely as the dispersed bits of incomplete and

frequently contradictory knowledge which all the separate individuals possess”

(Hayek 1945, 519). Indeed, the diffusion and divergence of knowledge presents a

problem not just for economic systems, but for political ones, and for their study in

a social scientific framework. Broadly, this dissertation explores ways of collecting,

organizing, and aggregating diffuse information to improve the study of political

questions. More specifically, it investigates the incorporation of prior information

from experts into Bayesian analyses of political phenomena through an elicited pri-

ors framework.

1.1 Elicited Priors & Bayesian Analysis
This dissertation examines the use of elicited priors across disciplines and proposes

methods to increase the applicability of elicited-priors approaches, particularly in

social science. In Bayesian analyses, prior probability distributions reflect beliefs

about quantities or processes of interest that, together with observed data and the
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likelihood function, inform posterior estimates of quantities. Elicited priors are a

subset of prior distributions that specifically seek to include information, substan-

tive knowledge, or area expertise into statistical analyses. These prior probability

distributions, rather than reflecting the individual researcher’s prior beliefs or re-

flecting more general prior probability distributions chosen for the convenience of

conjugacy, attempt to accurately reflect the state of knowledge on a given quantity

of interest. To do so, these prior probability distributions are elicited from “experts”

either in person through interviews, focus groups, or surveys, or via assessments

based on previously published work. Broadly speaking, the elicitation process at-

tempts to instantiate the area knowledge of experts about some quantity or vari-

able about which a researcher has uncertainty in a fully specified probability dis-

tribution. The specificity of elicited priors can often address practical estimation

challenges while also providing a theoretically satisfying connection between past,

current, and future research agendas. More practically, as O’Hagan et al. (2006)

note, elicitation is a common practice in engineering and business projects, where

the “uniqueness” of a given endeavor requires drawing on expert assessments in

order to leverage their analogous expertise and quantify uncertainty (9). Likewise,

in addition to Bayesian applications, experimental design is another area in which

elicitation from experts in order to improve design (9).

Elicitation targets epistemic uncertainty—uncertainty due to imperfect knowl-

edge—rather than aleatory uncertainty—uncertainty arising from randomness in a

process (10). Unlike frequency probabilities, epistemic uncertainty refers to unre-

peatable quantities or events, and therefore requires assessment based on personal

or subjective probability that reflects a “degree of belief” (11). Criticisms of this

type of approach tend to take one of two forms, either practically or theoretically

based. As a practical matter, psychological literature gives reason for concern about
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the accuracy of elicitation procedures and the resulting quality of elicited priors.

Psychological heuristics such as “anchoring” as well as limitations in the precise

expression of probabilities mean that elicitation, as with many measurement exer-

cises, also has some degree of error. As O’Hagan et al. describe, “[it] is also impor-

tant to recognise [sic] that experts construct probability judgments in response to

the stimulus of questioning: their probabilities are not pre-formed values simply

waiting to be expressed” (O’Hagan et al. 2006, 20). On the theoretical side, more-

over, skepticism of the “subjectivity” of elicited priors threatens their widespread

application, at least in part because of the derision with which “subjectivity” is

viewed in scientific circles. In Bayesian applications, informative priors, of which

elicited priors are a subset, are often seen as overly “influential” with respect to

the data under examination, whereas some view uninformative/less informative

or reference priors to have a more “objective” characteristic.

1.2 A Theory of Scientific Progress
A Kuhnian framework for scientific progress highlights the potential advantages of

elicited-priors approaches. Kuhn’s characterization of scientific progress, as well as

his questioning of the objectivity of scientific truth, align well with the notion that

elicited priors can document and directly incorporate past discoveries into contem-

porary analyses (Kuhn 1996). In particular, the perspective adopted in this disser-

tation is one in which elicited-priors approaches should seek not just to serve as

an echo-chamber of a few established opinions, but rather to include a variety of

diverse perspectives characteristic of social science research—much like the com-

peting paradigms Kuhn describes. Alongside the transparency that elicited-priors
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approaches afford to the benefit of scientific progress,1 this dissertation seeks to

articulate technologies for aggregating and incorporating diverse perspectives into

statistical analyses through the use of priors. Enabling elicited priors to encompass

several competing or overlapping perspectives of a single phenomenon, in partic-

ular, should aid in the advancement of knowledge accumulation.

Still, competing philosophies of science remain skeptical of approaches like

the use of elicited priors, which include beliefs that may not be “falsifiable.” As

Deborah Mayo and Aris Spanos describe,

... for the most part, scientists wish to resist relativistic, fuzzy, or post-
modern turns; should they find themselves needing to reflect in a gen-
eral way on how to distinguish science from pseudoscience, genuine
tests from ad hoc methods, or objective from subjective standards in in-
quiry, they are likely to look to some of the classical philosophical rep-
resentatives.... Notably, the Popperian requirement that our theories
and hypotheses be testable and falsifiable is widely regarded to contain
important insights about responsible science and objectivity; indeed,
discussions of genuine versus ad hoc methods seem invariably to come
back to Popper’s requirement.... However, limiting scientific inference
to deductive falsification without any positive account for warranting
the reliability of data and hypotheses is too distant from day-to-day
progress in science. (Mayo and Spanos 2010, 2)

Even “subjective” approaches like the use of elicited priors, then, may aid re-

searchers in overcoming practical challenges in the investigation of social scientific

questions.

1.3 Objectivity vs. Subjectivity
A key advantage of Bayesian analysis is the ability to transparently and concretely

incorporate prior information into inference, so that the understanding of phenom-
1Gelman (2009) argues that Bayesian inference and Bayesian model-checking themselves act as

both normal science and scientific revolutions in Kuhn’s definition.
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ena changes through a process of continually including new information (Moses

and Knutsen 2012, 274-275). Precisely how and whether specific prior information

is incorporated, however, is a matter of subjective judgment.

At a fundamental level, apart from a frequentist/Bayesian divide or an objec-

tive/subjective divide, statistical modeling engages humans in a process of decision-

making about what factors are relevant and to what degree, and this process must

be, to some extent, subjective. In the realm of Bayesian statistics, furthermore, many

varieties of objective and subjective approaches to the use of priors exist. Objective,

or minimally informative, priors can take a variety of forms: Jeffreys priors (Jef-

freys 1961), reference priors (Bernardo 1979; Berger and Bernardo 1992), maximum

entropy priors, minimal description or message length priors (Wallace and Dowe

1999), invariance priors, matching priors (Datta and Mukerjee 2004), admissible

priors, etc. (Berger 2004). Indeed, objectivist Bayes is often considered a remaining

hope to better integrate Bayesian and frequentist approaches (Bayarri and Berger

2004). Subjective priors, conversely, broadly describe a set of priors incorporat-

ing specific beliefs from experts, previous studies, or other sources of information.

While Bayesian statistics is broadly considered “subjective” in its interpretation or

probabilities as degrees of belief, therefore, significant variation exists along an

objective–subjective spectrum in terms of the types of priors one might leverage in

a statistical analysis. As a catch-all phrase, weakly informative priors describe those

priors that simultaneously foreground the data while also placing sufficient restric-

tions on analysis as to produce reasonable results. By contrast, the intention behind

eliciting priors is often to incorporate positive beliefs alongside data with minimal

restraint because these beliefs are considered reflective of the state of information

during which an analysis is conducted.

Taken to an extreme, a subjective Bayesian approach applied here might sug-



www.manaraa.com

6

gest that there cannot be a “best” way to proceed in the use of prior elicitation or

aggregation. Even without assuming an overly extreme position, however, there

are several risks, to adopting a subjective approach. Specifically, as Berger (2004)

notes, “[one] only has limited time to elicit models and priors from the experts in a

problem, and usually it is most efficient to use the available expert time for model-

ing, not for prior elicitation” (7). Likewise, there is a danger, he says, that “with the

subjective Bayes approach, the already scarce time must be used to train [experts] in

elicitation, for otherwise the priors obtained can be quite bad” (7). Moreover, elic-

itation can include “systemic” bias—“the almost universal tendency to underesti-

mate the actual amount of uncertainty about unknowns”—while only providing

a few characterizing moments of a prior distribution, rather than its full specifica-

tion (8). These criticisms, however, pertain mostly to the practical considerations

of eliciting priors in an effective manner, rather than to the theoretical concern for

whether elicitation improves or detracts from statistical analyses. In a sense, then,

to the extent that this project endeavors to increase the transparency and rigor with

which priors are elicited, it can be considered an attempt to generate some degree

of “objectivity” in the use of subjective priors (Gelman and Hennig 2017).

1.4 Dissertation Overview
This dissertation evaluates the use of elicited priors, and proposes methods for in-

creasing their applicability, through three essays. Broadly, the dissertation seeks to

interrogate how best to apply elicited priors in the social sciences, and, having ar-

gued for a method that facilitates their application, to detail new understandings of

“expertise” as well as new elicitation techniques that can expand the use of elicited

priors. In Chapter 2, I provide a critical examination of the literature currently

implementing elicited-priors approaches. The assumption of an elicited-priors ap-
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proach as applied in the sciences is that an “expert” has specific training and cre-

dentials, whereas in social science settings an ”expert” may have lived experience

or access to preferential information. As a result, priors elicited in these settings

may be very diverse. I argue that the currently dominant aggregation method for

expert priors—averaging—does a disservice to the diversity of perspectives present

in social science research. To ameliorate this problem and improve the prospects

of applying elicited-priors approaches in future research, I propose a method for

aggregating priors based upon Dirichlet Process clustering. I illustrate this method

using data from Jackman and Western (1994) and a series of simulated “divergent”

priors regarding real data on unionization and comparative political economy.

Chapter 3, co-authored with Alexander Tahk, proceeds from Chapter 2 to in-

vestigate the distinction of “expert” and the nature of “expertise,” using the out-

come of the 2016 U.S. national election to validate survey-based roulette elicitation

from both a “mass” (nationally representative) sample of U.S. individuals and from

an “elite” (Ph.D. students in political science) sample. This paper evaluates the ten-

sion in psychological and political science literature on forecasting, between the

“wisdom of crowds” approach that seeks to capitalize on the accuracy of forecast-

ing given large samples of beliefs, and the push to identify “superforecasters,” or

individuals or modeling frameworks that provide better-than-average predictions

by allocating greater weight to more “accurate” individuals. Applying the clus-

tering technique introduced in Chapter 2, and evaluating it against averaging for

both the mass and elite survey samples, Chapter 3 seeks to provide an alternative

theoretical and practical framework for approaching “expertise.” Rather than the

atomistic perspective espoused in the psychological literature, in which individu-

als with particular skills or credentials have better-than-average predictive capac-

ities, the theoretical basis for this chapter instead considers that knowledge is in-
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terdependent across individuals, and that while some individuals may have more

information than others, in general a better and fuller perspective of social phe-

nomena is achieved when aggregating the differing perspectives of individuals or

groups. Practically, this distinction is implemented using the Dirichlet clustering

framework, and considering the mass and elite samples both as separate groups,

as a pooled set, and according to demographic subgroups.

In Chapter 4, I apply the clustering technique introduced in Chapter 2 to a

substantive question in comparative politics: what explains variation in legislative

behavior in autocracies? Specifically, I investigate variation in legislative partici-

pation in Myanmar’s lower house of parliament, the Pyithu Hluttaw. The paper

adopts a zero-inflated negative binomial (ZINB) modeling framework to capture

the high incidence of non-participation (“zeros”) in Myanmar’s parliament, and

disaggregates “always zeros” from “sometimes zeros” while measuring differen-

tial incentives arising from career objectives and policy preferences. Chapter 4 also

builds upon the analysis of expertise in Chapter 3 by introducing a novel method

for text-based elicitation and evaluating it against survey-based roulette elicitation

from three Myanmar experts. Accessing diverse expertise, particularly in challeng-

ing developing or authoritarian contexts, requires expanding the pool of “experts”

and leveraging information not just in interview contexts but also through written

works as a way to systematically apply previous knowledge to current modeling

challenges. Priors are elicited from a variety of newspaper sources covering Myan-

mar’s parliament. These priors are applied within the ZINB modeling strategy

in order to add information in a sparse data context, and specifically to overcome

challenges related to quasi-perfect separation. Chapter 4 illustrates that not only

does cluster-based aggregation aid in incorporating elicited priors into complex

modeling designs, text-based elicitation can expand the notion of “expertise” and
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broaden the set of questions for which elicited priors are a valid approach.

I conclude in Chapter 5 by reviewing the main arguments of the dissertation,

and by discussing extensions to each of the three essays that can improve and refine

their results. In addition, I discuss several other domains for expansion in the study

of elicited priors, and the implications for these additional studies on the use of

elicited-priors approaches in future social science research.
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Chapter 2

Engaging Experts:
Dealing with Divergent Elicited Priors in Po-
litical Science

2.1 Introduction & Motivation
Priors over parameters constitute one of the most visible manifestations of the the-

oretical distinctions between Bayesian and frequentist statistics. The information

contained within the specified prior, however, will depend upon the knowledge

available to a given researcher. An elicited prior seeks to leverage the substantive

knowledge of area experts, whether through interviews or published research, in

order to improve the accuracy of posterior estimates. Elicited priors as a concept

have been detailed since the early work of Savage (1971), Shuford and Brown (1975),

Kadane and Wolfson (1998), and Garthwaite, Kadane, and O’Hagan (2005). For-

mally, Gill and Walker (2005, 841) discusses the elicited prior “as a means of draw-

ing information from subject-area experts with the goal of constructing a probabil-

ity structure that reflects their specific qualitative knowledge, and perhaps experi-

ential intuition, about the studied effects.” These aims and applications for elicited

priors seem both reasonable and desirable, yet the 10 years since the publication of
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Gill and Walker’s article have seen few instances of researchers, especially in polit-

ical science, adopting elicited priors as a way to incorporate qualitative knowledge

into quantitative research.

This paper argues that the limited application of elicited priors is due to both

an unclear prescription for implementing the method and a limited vision for its

application. The following sections seek to explore the range of studies from other

disciplines that use elicited priors in order to understand both how they are used in

practice and how they might be better used to realize the vision of qualitative and

quantitative synergy that Gill and Walker present. An empirical section also out-

lines a specific process for undertaking work using elicited priors. This is illustrated

with reference to applications that expand Gill and Walker’s scope to encompass

data-poor contexts in particular, where the limitations on quantitative data espe-

cially benefit from an elicited priors approach.

The concept of elicited priors shows particular promise in combining qualita-

tive and quantitative analytical approaches. A typical modeling approach would

rely only on the researcher’s assessment of the appropriate array of variables, model

type and structure, and method. Eliciting priors from those with expertise in an

area offers an opportunity to gather more input for each of these choices from

those who have substantive knowledge but are not directly involved in the anal-

ysis. This approach has the added benefit, therefore, of maintaining transparency

about assumptions in the modeling process. An elicited prior requires documen-

tation of at least the qualifications of the source, whether in-person or published,

and can therefore ease the process of replication and progression in similar veins

of research.

Despite these advantages, the current work on elicited priors lacks guidance

on how to elicit said priors, how to reconcile diverging beliefs, and under what cir-
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cumstances or for what purposes they would be most useful. These omissions limit

the use of elicited priors in the social sciences, and especially in political science. In

particular, while the prospect of eliciting priors from experts with both experiential

and scholarly insights adds to the appeal of the method, it is exactly the process of

identifying “experts,” eliciting their views in ways that accurately represent their

assessments while being useful in the modeling process, and reconciling the di-

verging opinions of experts that makes elicited priors difficult to apply. This is

especially true in data-poor contexts, where the prior is simultaneously of greater

importance to the modeling process and more contentious to construct as a result

of the constrained data environment environment. For example, when soliciting

input from government-sponsored and opposition-sponsored experts in authori-

tarian settings, there are no guidelines inherent to using elicited priors as presented

by Gill et al. that would allow a researcher to adjudicate between strongly diverg-

ing opinions or assess their credibility. Likewise, no guidance is given regarding

precisely how to elicit a prior—a process that could greatly influence outcomes.

This paper seeks to address these omissions and suggest ways in which elicited

priors could be usefully applied. The following section culls techniques from the

literature using elicited priors to create suggestions for their broader application in

social science. An empirical section follows, discussing strategies for implement-

ing elicited priors and their implications. This section illustrates a new method

for aggregating divergent priors using data about unionization, and later demon-

strates the promise and limitations of this approach using simulated data. Finally,

the conclusions section will offer some next steps for refining these approaches and

for broader application of elicited priors to a wider array of social scientific prob-

lems.
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2.1.1 Priors in Bayesian Analysis

Often, researchers seeking to remain agnostic in statistical analysis employ rela-

tively diffuse priors. These “uninformative” priors are, however, literally infor-

mative in at least two senses. First, they directly influence the conclusions to be

drawn from the modeling process. This is especially true in cases of low data

quality or quantity: diffuse priors limit the ability of the researcher to leverage

the model structure in order to draw inferences about empirical phenomena. As

Andrew Gelman writes, “[with] well-identified parameters and large sample sizes,

reasonable choices of prior distributions will have minor effects on posterior infer-

ences. ... If the sample size is small, or available data provide only indirect in-

formation about the parameters of interest, the prior distribution becomes more

important” (Gelman 2002, 1634). While other approaches (e.g., clustering and es-

timating hierarchical models) often seek to address these issues, these statements

still justify overarching concern with specifying reasonable priors where possible,

with special consideration for instances with poor data. Specifying uninformative

priors, furthermore, threatens the trajectory of scientific inquiry as studies build on

each other, as Gill and Witko note: “It is also important to observe that the over-

whelming proportion of prior distributions specified in published Bayesian social

science work still avoids using reasonably informed priors, which unfortunately

hurts the steady accumulation and progression of scientific knowledge” (Gill and

Witko 2013, 462).

Second, these priors represent a strong positive claim that no useable infor-

mation about a given parameter θ exists with which to specify a more appropriate

or precise prior. More generally, this approach reflects a normative position that

favors the omission rather than the careful specification of assumptions throughout

the modeling process.
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An alternative approach would instead seek to take advantage of the signifi-

cant knowledge accumulated across fields of study in order to select appropriate,

informed priors. From the perspective of the researcher, this approach could repre-

sent an alternative agnosticism that does not require reliance on their own knowl-

edge or opinions, but rather documents the acquisition of information from expert

sources. This notion effectively underlies the method of “eliciting” priors: whether

through interviews with area experts or reference to published works, a researcher

can develop appropriate priors for an unknown θ that improve the prospects for

modeling in a Bayesian framework.

2.2 Literature Review: Elicited Priors across Disciplines
The notion of elicited priors is not new, yet scholarship examining or employing

the technique remains limited. Searching for “elicited prior” in the Web of Science

database yields fewer than 50 relevant articles, most of which have substantive foci

in biology or psychology rather than political science. In defining the origins of

elicited priors, Gill and Walker (2005) reference previous terms such as “commu-

nity of priors”—which incorporate opinions of both affirming and skeptical ex-

perts—and delineate elicited priors into a variety of types, including clinical pri-

ors, skeptical and enthusiastic priors, reference priors, etc. (843). Gill and Walker

(2005, 844) summarize the three phases of research using elicited priors explained

by Spetzler and Staël von Holstein (1975) as the deterministic, probabilistic, and

informational phases. The deterministic phase, encompassing variable and expert

selection, has costs, but is generally perceived as less challenging than the proba-

bilistic phase, during which priors are actually elicited. Aside from determining

data sources, the primary question addressed in the first stage is instead from how

many experts one should elicit priors (Gill and Walker 2005, 844).
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The informational phase follows, in which elicited responses are tested, eval-

uated, and scaled for consistency. Gill and Walker (2005) concur with Spetzler and

Staël von Holstein (1975) that the methods of eliciting priors (“p-methods,” “v-

methods,” “pv-methods,” etc.) present the greatest challenge, but concerns about

how best to elicit priors from experts do not explain the very limited uptake of

elicited prior methods overall in the social sciences. Rather, I suggest that more

careful attention to the selection of “experts” and the calibration of responses opens

possibilities for applying this method to new areas of research, specifically in au-

thoritarian and data-poor settings. For example, rather than focusing on the purely

statistical problem of how many experts should be selected, emphasizing the ques-

tion of who is considered an expert and in what way opens new possibilities for

identifying expertise and knowledge from which to generate priors.

2.2.1 Theoretical Contributions to Elicited Priors

While the use of elicited priors in scientific fields far surpasses its use in social

science domains, its application remains somewhat limited by remaining skepti-

cism of the “subjectivity” of the Bayesian approach more generally (Lele and Das

2000; Wang and Zhou 2009). Elicited priors, rather than overly diffuse or bench-

mark “objective” priors, have the potential to provide leverage in low-data circum-

stances and challenging modeling contexts, but also to substantively impact the

quality of estimation in a positive way. In fact, Datta and Ghosh (1991) suggest

that the elicited prior represents the “true” prior—presumably that, if sufficient

expertise were available and applied, the resulting prior would be accurate. Still,

problems remain with processes for engaging even trained individuals in statisti-

cal assessments. As Lin, Lin, and Raghubir (2004) note, people are susceptible to

biases resulting from self-positivity, controllability of negative events, and espe-



www.manaraa.com

16

cially order of elicitation—where previous questions are used to form assessments

for later ones. Likewise, practically speaking, prior elicitation confronts the same

issues as typical Bayesian analysis, where, for example, specifying priors for con-

tinuous parameters proves difficult since “[doing] so would require infinitely many

prior probability judgments” (Dey and Birmiwal 1994).

In a sense, the lack of identifiable expertise in low-data settings, rather than

giving rise to the implementation of diffuse priors, should give rise to a concerted

effort to model our ignorance—a task Zaffalon (2005) identifies as a persistent chal-

lenge in Bayesian analysis. Accounting for prior ignorance and incomplete data, as

Zaffalon explains, means that the true model of ignorance requires accounting for

“all possible states of knowledge” (1005). One of the key related areas of inquiry

in elicited priors is how to handle uncertainty or error within the prior itself. In

general, studies posit an elicited prior π0 in which there may be some “ϵ contami-

nation” or error (Sivaganesan 1993).

Among these scientific papers, however, opinions about how best to elicit

priors vary. Lele and Das (2000), for example, argue in favor of directly soliciting

guess values:

It is important to recognize that the concept of a prior probability distri-
bution on the parameters of a statistical model is a statistical construct
that is hard for most scientists to visualize. It is more natural for an ex-
pert to think in terms of the process under study and not in terms of
statistical distributions over a parameter space. The sensible approach,
then is to ask the expert to provide guess values for observable data,
not a prior probability distribution. (466)

In Lele and Das (2000)’s case, this suggests a hierarchical modeling strategy to com-

bine experts’ insights with the observed data under study.
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The problem confronted by Lele and Das (2000)—sparse data in a spatial con-

text but the potential for “soft” data in the form of expert opinion—mirrors the

difficulty of conducting analyses in authoritarian or low-data situations. Lele and

Das (2000) provide an analytical framework for addressing precisely this problem

of “misleading” expert priors in their paper examining spatial hierarchical models

with elicited priors. In particular, the authors want to account for the dependence

between observed data values and elicited prior values when experts are asked for

value estimates rather than providing complete prior distributions (468). “This de-

pendence reflects the credibility of the expert,” they argue, while noting that “[in]

this way, even a misleading expert opinion can be informative” because “if we find

that data elicited from an expert are negatively correlated with real data, this is

useful information that can be used to suitably adjust our inferences” (468). To do

this, Lele and Das imagine that an expert gives an opinion Ē about ̄Y drawn from

the distribution f(ȳ; θ) where the θ parameters are unknown. This opinion Ē is it-

self distributed g( ̄e ∣ y; η), with η indicating the dependence between ̄Y and Ē. This

leads Lele and Das to call η an “honesty parameter,” measuring the “credibility” of

an expert. In principle, however, such a parameter captures both the ability of the

expert to think and express opinions statistically as well as the potential strategic

misrepresentation of information and expertise.

2.2.2 Empirical Applications of Elicited Priors

A variety of disciplines, although primarily within the natural and biological sci-

ences, have utilized elicited priors techniques for research. These studies offer a

multitude of insights about how to implement an elicited priors approach, but also

highlight the ways in which current practice in other disciplines is not currently

well-suited to the study of authoritarian or low-data contexts.
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Morris et al. (2013), for example, investigate the effects of vesicoamniotic shunts

on lower urinary tract issues for fetuses where they have only 31 female subjects

with singleton pregnancies and leverage elicited priors from 52 pediatric nephrolo-

gists, pediatric urologists, and fetal medicine specialists (1500). The experts polled

in the study largely agreed on the potential effects of treatment, although the au-

thors note that it is “problematic” that these experts’ opinions did not align with

what is current common clinical practice. Their responses were pooled and aver-

aged to create a prior distribution (1501). This study provides one of several exam-

ples in which expert opinions are equally weighted in the implementation of the

prior. For social science purposes, however, two issues remain:

(1) How should expert opinions be weighted or aggregated if disagreement oc-

curs?

(2) How should expertise coming from practical experience be reconciled, either

with differing experience or with educated or credentialed expertise?

While studies like Morris et al. (2013) illustrate the disjuncture between expert opin-

ion and practice, they do not resolve the concerns facing researchers who wish to

use these methods in other social scientific settings.

The procedure for eliciting priors from experts also dialogues with these con-

cerns for how expert priors might be adequately reconciled and combined. As

Wheeler et al. (2014) describes, there are many possible ways of “eliciting” prior

information. This can be done with previously published work or historical data

as well as with interviews of living experts; the primary binding constraint is that

the expert has not directly observed the data under current study (678). If the ex-

pert has directly observed the data in question, their prior is likely to reproduce

these data rather than providing additional information that can aid in inference
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and analysis. Despite this constraint, there are still many options for how to im-

plement prior elicitation, including eliciting priors about regression coefficients;

the distribution of the dependent variable conditioned on fixed values of covari-

ates; quantiles of the predicted dependent variable distribution, etc. (Wheeler et

al. 2014, 678).

Some of these methods present greater challenges than others in implemen-

tation. For example, eliciting beliefs regarding regression coefficients and their

variance can prove difficult even for educated experts (Gill and Witko 2013, 462), as

providing accurate estimates of statistical uncertainty of one’s beliefs is a particular

challenge (Albert et al. 2012, 504). A variety of methods also exist for quantile based

direct elicitation of priors (Dey and Liu 2007). Regardless, as Wheeler et al. (2014)

notes, “the incorporation of such information into the Bayesian modelling frame-

work aligns with the philosophy of the scientific method, where knowledge that is

available before collective data (prior) is used along with the observed current data

(likelihood) to inform what we know now (posterior)” (678).

The example offered by Daponte, Kadane, and Wolfson (1997) underscores

this point. The authors use elicited priors to project the Iraqi Kurdish popula-

tion from 1977–1990, and describe three critical advantages to conducting their de-

mographic study in a Bayesian framework. First and foremost, they note that a

Bayesian approach can promote communication among demographic researchers:

“Making one’s beliefs explicit using probability distributions allows other demog-

raphers to observe exactly how one views the sources of uncertainty in the phe-

nomenon. Others can then know on what they agree or disagree. The reasons

given for particular probability distributions can be an important source of insight”

(1256). The authors also note that making these projects explicit in the form of prob-

ability distributions enhances their usability in a variety of applications. Finally,
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they distinguish the Bayesian approach and its advantages from more traditional

methods: “Classical models either include or exclude a parameter about which

no prior is expressed, which is often equivalent to expressing certainty about its

value. Using probability distributions permits one to express states of knowledge

in between these two alternatives” (Daponte, Kadane, and Wolfson 1997, 1256).

Much like other social scientific applications, as the authors describe, this study

of the Iraqi Kurds “lacks high-quality data” and reflects incomplete information

—conditions that align it in particular with the study of authoritarian regimes or

other low-information environments in political science (1257). Each of these di-

mensions highlights the critical applicability of an elicited priors approach in an

authoritarian or low-data context, and the significance of elicited priors as a source

of information to adapt and improve statistical inference. How to integrate the pri-

ors offered by experts as part of a study, however, remains unaddressed by this

work.

Albert et al. (2012), on the other hand, tackle the issue of how best to aggre-

gate elicited priors directly, proposing a hierarchical modeling approach to account

for multiple sources of variation and the potential lack of independence between

experts’ assessments (503). For illustrative purposes, the authors define a sam-

pling model containing observation X ∼ Pθ where θ is an unknown parameter with

prior π that is an “elaboration on a parametric family” such that π ∈ {πγ, γ ∈ Γ}.

γ is then estimated from the elicited priors (504). It is plausibly the case, as the

authors note, that each expert polled provides a different γ, necessitating a pro-

cedure to combine these divergent priors. In the authors’ review, pooling and

averaging predominate as methods for combining these differing priors, where

averaging “emphasizes the consensus on elicited quantities” and is advantageous

in its “simplicity,” but at the same time can “understate variation by ignoring un-
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certainty” and/or “mis-represent [sic] multiple modes” (Albert et al. 2012, 504).

Pooling methods—whether linear or logarithmic—attempt to overcome some of

these deficiencies by encompassing all values in a way that can be construed as an

additive or multiplicative mixture (504). These divergent priors can then be com-

bined using weights wℓ, such as by ∑L
ℓ=1wℓπγℓ where ℓ indexes the individual ex-

pert whose prior πγ is being combined with others (504). Devising these weights,

however, as the authors report, has primarily been based on “p-values for evalu-

ating how well expert assessments on seed variables align with empirical results”

(504). This has the disadvantage, as the authors note, of embracing the “diversity”

among the elicited priors without offering a notion of consensus or how individ-

ual experts might diverge from that consensus. More directly related to the study

of authoritarian regimes and experts, however, this method of weighting expert

opinions is intended to resolve discrepancies in experts’ ability to offer statistical

assessments or measures of uncertainty. In a situation of incomplete information

both within the data and among the experts, assessing an individual expert’s prior

in alignment with the data may less appropriately capture their insights into the

underlying data-generating process or motivations of actors captured within the

data. Weighting expert opinions in this way, rather than understanding as well

their potential incentives to offer misleading information or ability to only offer

insights into one part of the “truth,” means that existing methods for combining

expert opinions are not well suited to use in low-data contexts or the study of au-

thoritarianism in particular.

The method that Albert et al. (2012) propose essentially establishes a hyper-

prior on the unknown parameter θ. This process treats elicited information as

“data” in the construction of a prior for the eventual analysis of interest. The prior
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probability distribution on θ, given by Delicit gives rise to the following:

π(γ ∣ Delicit) ∝ f(Delicit ∣ γ)π0(γ)

The construction of the distribution of π(γ ∣ Delicit) from pooling requires a joint

likelihood of expert opinions in order to account for dependence. The resulting

model of the expert priors treats prior opinions as being sorted into classes Jwhere

members of the same class have the same distribution (Albert et al. 2012, 508).

In this the authors acknowledge that smaller groups may represent the divergent

opinion of a set of experts who are less represented in the population, for exam-

ple, or who are less reliable, and the solution they propose is to assume a higher

variance parameter for the distribution of a group jwith those characteristics. This

approach, while including important information or knowledge about the experts

into the modeling exercise, relies on assumptions about the validity of the state-

ments made by members of smaller groups of experts, which may not reflect a

priori knowledge of experts in authoritarian settings. Likewise, this conception of

groups of expert opinions is predicated on an implicit notion that some of these

elicitations are accurate whereas others are flawed, rather than a conception that

each contains some aspect of the true information.

O’Leary et al. (2009) reinforce that the elicitation method itself should reflect

knowledge about the experts who might provide information; that is, it should

take into account difficulties in engaging with experts as well as difficulties with

experts providing accurate information. “Selection of an elicitation method,” they

write, “is determined by several issues. These include the expert’s knowledge of

statistics, their mapping skills, time available, access to experts and funding. The

chosen elicitation method should balance the expert’s knowledge of statistics and
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mapping with the output required” (O’Leary et al. 2009, 396). These considera-

tions serve as the basis for three different elicitation methods the article discusses,

each with respect to a dataset concerning rock wallaby population estimates. The

choice of elicitation tool, the type of elicitation (e.g., indirect P-method, direct, etc.),

and the distribution form of the β coefficient primarily distinguish between these

methods (388). This distinction is useful in highlighting that many methodological

choices already exist in terms of adapting an elicted priors approach to a particular

research question and context, but none specifically address the problem of how to

aggregate priors across experts beyond the method of weighting with p-values for

alignment between the elicited prior and the data that were discussed previously.

These problems notwithstanding, a precedent does already exist within po-

litical science for engaging “experts” beyond the credentialed class often sought

after by scientists. Kendall, Nannicini, and Trebbi (2015) elicit multivariate distri-

butions from voters reflecting their beliefs about incumbents’ valence and ideol-

ogy. This engagement of “experts” from a more general populous can allow the

ultimate prior distribution used in the analysis of interest to reflect the diversity of

information about the subject. Likewise, Small (2008) acknowledges that “it may

be appropriate in many cases to elicit probabilities from different experts for dif-

ferent parts of the model” (1302). Likewise, Bakker (2009) utilizes elicited priors

to enable experts to refine political party placements on a left–right spectrum. The

broader application of an elicited priors approach to important problems in polit-

ical science, however, rides on the ability of the approach to be adapted to other

contexts and questions. The next section discusses how in particular this approach

should be beneficial for the study of authoritarian political processes, and where

its current practice falls short in offering clear signs of applicability.
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2.3 Empirical Applications to Authoritarian and Low-
Data Contexts

The aforementioned studies often engage expert opinion for priors in order to lever-

age the greater precision this lends to the analysis. An analogous application in po-

litical science relates to questions concerning authoritarian regimes or developing

country contexts where low data and data manipulation/falsification are present.

Bayesian analysis is often most appropriate for small-n studies, and more infor-

mative priors from elicitation can aid in resolving pathological problems arising

from small data or complex modeling structures. This area therefore seems like a

straightforward one in which to apply an elicited priors approach, but the current

literature has several shortcomings that prevent the direct importation of elicited

priors into a social science domain—especially where the study of authoritarian

regimes or low-data contexts is concerned.

First, while some of the above studies offer more detailed accounts of how

to elicit priors for scientific applications, these accounts have not been translated

to a social science setting. This would be particularly important when expand-

ing the notion of “expertise.” Elicited priors are commonly thought to come from

“experts” in a given field. While this may be a sufficient distinction in fields like

medicine, where credentials come through schooling and certification, it is less

clear for social science applications. When trying to understand regime behavior

under authoritarianism, for example, one could conceivably ask professors who

study the subject, bureaucrats who work under those conditions, activists who op-

pose such a system, or average citizens who live under authoritarian rule. Each of

these groups has some degree of “expertise” to offer, but each would likely also

have varying levels of statistical literacy to align with the protocols developed for

eliciting priors in scientific contexts.
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A second, and related, problem is the issue of diverging priors. The common

procedure in the scientific literature, although not often discussed in detail, is to

average elicited priors or to use a “consensus prior” after having elicited informa-

tion from a series of experts. These aggregation rules intentionally eliminate or

deemphasize information that diverges from the most common or popular prior.

This may make sense for a panel of credentialed experts in a scientific field: for

example, a researcher may be interested in the “state of the field” where the effect

of a medication on prognosis is concerned. This rule makes less sense, however,

in a circumstance like the one described previously, where the notion of expertise

has been expanded to encompass several valid sources of information from a social

scientific perspective. Particularly in authoritarian regimes, these different individ-

uals may have widely varying perspectives on the issue at hand. These differing

perspectives could be a result of different experiences, different relationships to the

ruling regime or party (co-opted or oppositional), or different access to information

in what is likely to be an environment rife with incomplete information.

A comprehensive analysis seeking to leverage this expertise nonetheless needs

more guidance on how to incorporate and assess these divergent priors. Averag-

ing the priors would discard potentially significant information, and arriving at

a “consensus” could prove theoretically problematic. For example, imagine there

are two individuals whose priors roughly overlap or correspond, but a third whose

prior is significantly distinct. Should the researcher treat the two that correspond as

the “consensus” or should the researcher be skeptical that those individuals have

reproduced some sort of “party line” that intentionally obscures the underlying

statistical relationship, whereas the third individual is telling the “truth”? A more

ecumenical approach would seek to incorporate each of these, with the understand-

ing that each potentially contains some part of an overall “truth.”
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Particularly when discussing social and political phenomena, “experts” may

have strongly divergent opinions about the relationship between covariates and

outcomes that, unlike in some scientific fields, cannot be resolved immediately by

appealing to the data. Some of these experts may be more reliable than others in the

sense of being able to provide statistical assessments, but in authoritarian contexts

in particular, situations may arise in which experts have differing but not appar-

ently false assessments of statistical likelihood as a function of either their desire to

selectively provide (or misrepresent) information or their differing perceptions of

truth caused by skewed information environments in authoritarian regimes.

In the following sections, I present an approach for addressing these concerns

by providing an aggregation tool that can synthesize divergent expert opinions for

Bayesian analysis. This approach does not seek to improve on methods for provid-

ing internal, statistical consistency of elicited priors, but rather seeks to deal with

the divergence in potential elicited priors and the possible propensity for experts

in authoritarian contexts to misrepresent the relationship between covariates and

outcomes.

2.3.1 A Dirichlet-Based Method for Elicited Priors

In this section, I propose an approach for resolving the dilemma of prior elicitation

and aggregation in social scientific contexts, and especially in studies of authori-

tarianism. Following this discussion, I provide examples of other uses for Dirichlet

approaches as well as an example of an empirical circumstance where the approach

could be applied with respect to elicited priors.

The method proposed in this paper adapts a Dirichlet process in order to

resolve the issue of aggregating divergent elicited priors before implementing a

Bayesian analysis. This Dirichlet-based method allows for multiple possible ag-
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gregation rules for elicited priors, enabling each of the priors to be “mixed” in a

single distribution, and varying the concentration parameter of the Dirichlet dis-

tribution to seek a final prior that emphasizes greater consensus, equally weights all

opinions, averages over opinions, etc. As Neal (2000) describes, “[mixtures] with a

countably infinite number of components can reasonably be handled in a Bayesian

framework by employing a prior distribution for mixing proportions, such as a

Dirichlet process, that leads to a few of these components dominating” (249). This

flexible framework for establishing prior distributions that carry substantial sig-

nificance in a low data context is aimed to improve the integration of qualitative

knowledge into quantitative assessments of particularly challenging contexts and

questions. This approach facilitates a greater number of “new” kinds of experts

serving as subjects for prior elicitation. Incorporating these differing kinds of ex-

pertise both enables better use of the information and expertise that already exists

in authoritarian and other low-data contexts, as well as offers an opportunity for

better engagement with qualitative researchers, who have long utilized this type of

expertise in their own work.

The Dirichlet distribution is defined as

1
B(α)∏K

i=1 xαi−1i

where α specifies a concentration parameter for the K “clusters” of the distribution.

The Dirichlet as a mixture model of mixtures can be thought to play a “partition-

ing” role for clusters of observations. In the Chinese restaurant process example

illustrating a Dirichlet, a customer entering the restaurant can be seated at a table

already occupied by some diners, or at a new table. The probability of being seated

at a given table corresponds to the distribution of occupants at one table relative to
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the others.

Applying this process to the elicited priors case, each elicited prior is sepa-

rated into its constituent components: the proposed value for the dependent vari-

able y as well as the values of independent variables x that corresponded to the

y value. These proto “distributions” are treated as data for the purposes of the

Dirichlet process. The Dirichlet will dynamically create clusters of observations,

essentially finding moments of consensus since the population of these clusters is

weighted by the existence of other data to occupy the cluster. Through an updat-

ing process to create these clusters, the Dirichlet process will eventually provide

posteriors corresponding to each expert from whom a prior was elicited. These

posteriors can then be used to create a prior distribution for the eventual analysis

of the data of interest.

This framework is flexible, however, in terms of the specification and in terms

of how input is weighted. An explicitly symmetric Dirichlet, which can be ex-

pressed as:
Γ(αK)
Γ(α)K

K
∏
i=1

xα−1i

would denote that all components of α are of equal value (equal weighting). Like-

wise, how the posterior information from the Dirichlet process is transformed for

use as a prior in the data analysis leaves room for defining different aggregation

rules: averaging, deemphasizing extreme values, deemphasizing consensus, etc.

This process of influencing the aggregation itself reflects an implicit hyperprior by

the researcher placed on the priors, and the aggregated prior, from the experts used

for elicitation, specifying how much weight to place on different experts’ opinions

or on different components of the aggregation. Note, however, that while this flex-

ibility is an advantage for extending this method, the initial application assumes



www.manaraa.com

29

that the researcher operates from a position of ignorance. That is, this method can

work in circumstances when the researcher does not have their own beliefs about

the relative credibility of experts’ opinions but instead wishes to incorporate a vari-

ety of perspectives. The approach as applied in this paper is agnostic with respect

to how much weight certain types of prior beliefs should have; the ability to ap-

ply a hyperprior would be most useful in circumstances under which a researcher

learned new information about the statistical relationship in question after having

elicited priors from experts, but did not elicit priors from additional experts that

could be incorporated into the Dirichlet clustering process itself. For example, one

could suppose that the researcher discovered an older reference text with a com-

pelling argument to be included in the analysis, or a newly published work on the

subject under study became available, but its author could not be reached for prior

elicitation. The researcher could potentially leverage this new information in the

form of a hyperprior on the aggregated elicited priors while documenting their rea-

sons for doing so. At the same time, the assumption that the researcher operates

from a position of ignorance in the initial application discussed here bears repeat-

ing: without having previously identified what types of sources would be more or

less credible, the researcher cannot and does not unfairly “place their finger on the

scale” of the analysis by using the proposed Dirichlet clustering method. Rather,

the researcher potentially stands to learn from this method as it highlights whether

a diverse pool of experts have been targeted for elicitation (i.e., whether a large or

small number of clusters exist that reflect differences of opinion). This transparency

about the diversity of beliefs present in the analysis following the clustering pro-

cess is a distinct advantage of this approach to aggregation. Not only does it benefit

the current research by illustrating potential biases, it also improves the ability of

future researchers to build upon this work by way of identifying additional or more
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diverse beliefs or sources of data to incorporate.

This proposed method of aggregation adds significant value relative to the

existing methods of pooling or averaging. In addition to being better equipped

to deal with the potentially divergent priors elicited in political contexts relative

to medical or biological fields of study, this method provides a formal and trans-

parent way to incorporate the researchers’ beliefs about the credibility of a source,

and to weigh the credibility of sources against each other and incorporate them

into the final prior. This method also has the distinct potential to engage scholars

across the qualitative-quantitative divide, as it does not resolve issues of expert se-

lection but instead requires relying on the experience and knowledge of qualitative

scholars who have previous familiarity with the case at hand to identify “expert”

individuals and to evaluate their credibility.

2.3.2 Example: Latent Dirichlet Allocation

A common application of Dirichlet processes is in Latent Dirichlet Allocation (LDA).

This process provides a model of a corpus, or body of textual works, where each

document comprises a random mixture of latent “topics” and topics are distribu-

tions of words (Blei, Ng, and Jordan 2003, 996). For the basic LDA model with

documents w in corpus D, as described by Blei, Ng, and Jordan, you select N ∼

Poisson(ξ), θ ∼ Dirichlet(α), and for each N words in wn, you choose a topic

zn ∼ Multinomial(θ) and a word wn from p(wn ∣ zn, β) (996). In this case the mix

over latent topics θ is given with a Dirichlet having a concentration parameter of α.

The ultimate allocation process seeks to understand how documents, which vary

according to their words, can be sorted into a variety of topics. This is analogous

to the mixture and allocation process that would occur in the elicited priors appli-

cation of the Dirichlet process, where latent states correspond to experts’ hidden
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dimensions of consensus. That is, the elicited priors are analogous to documents

in the LDA example, which are comprised of components used to elicit them (e.g.,

across coefficients, according to quantiles, etc.). Experts offering these priors may

have been subject to the same kinds of constraints (e.g., career or family concerns)

or had access to or limitations from the same kinds of information (e.g., censorship,

governing versus governed classes) that would shape the prior they gave. Allocat-

ing these into latent classes using the Dirichlet allows the researcher to examine the

groupings present in the elicitations in order to better weight and incorporate the

contributions of each individual expert.

2.4 Dirichlet Clustering Visualized
One of the key contributions of this method is to allow researchers seeking to uti-

lize expertise from a diverse and perhaps divided set of individuals to be able to

aggregate and incorporate that divergent expertise into their prior distributions.

The Dirichlet-based approach allows for substantively similar elicited priors to be

clustered for more efficient estimation and a more representative final prior. Ade-

quately capturing this diversity within the Dirichlet, however, depends on several

parameters that ultimately come from the initial research design, including how

many experts to engage and how many questions to ask and/or datapoints to col-

lect for each covariate used in the final analysis.

The figures that follow illustrate how well the Dirichlet approach identifies

clusters among priors as a function of the number of covariates and the number of

questions asked. As these figures illustrate, the clustering process performs best

when receiving enough, but not too much, information about experts’ priors. For

example, it performs equally well in returning the true clustering with 20 experts

versus 10, as long as there were 10 questions for 10 covariates. Slightly greater
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uncertainty is introduced, however, when a larger number of questions are asked

relative to fewer covariates, and even more uncertainty appears when fewer ques-

tions are asked relative to the number of covariates. In general, maintaining the

shape and scale parameters throughout the sampling process provides approxi-

mately 80% accuracy regardless of the number of experts, questions, and covariates

input.

Clustering samples are visualized in the following figures (see Appendix for

further discussion of these visualizations). The square on the left-hand side of each

pair indicates the “true” membership of experts to clusters, while the square on

the right-hand side indicates the estimated probability that experts share a cluster.

Green squares indicate that experts share a cluster, whereas purple squares indi-

cate that experts do not share a cluster. Shades in between indicate uncertainty.

In each square figure, reading from the bottom left corner to the top right corner

indicates into how many total clusters the “experts” are allocated. For example, in

Figure 2.4, 20 experts are allocated into 4 unique clusters, each of which is a dis-

tinct green square as seen in the right-hand side plot. In the right-hand side plot,

for example, cell (1,1) is shaded green because expert 1 shares a cluster with her-

self. Figure 1 illustrates that experts 1 and 20 are each in their own clusters, while

experts 2–11 share a cluster and experts 12–19 share a cluster. The same general pat-

tern of clustering is evident in the left-hand side plot of Figure 1, although there is

greater uncertainty about which experts share the larger two “true” clusters, while

the estimation remains fairly certain about experts 1 and 20.

In Figure 2.4, meanwhile, 10 experts are more neatly allocated into two clus-

ters where a relatively large number of questions are asked about a smaller number

of covariates. As before, the plot on the right-hand side indicates that experts are

“truly” in two clusters: one containing experts 1–7 and the other containing experts
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8–10. The estimated probabilities are less certain: they accurately capture the clus-

ter with experts 8–10, but assign some probability to experts 2 and 7 each having

their own clusters, while expert 1 would share a cluster with experts 3, 4, 5, and 6.

Because the Dirichlet Process allocates experts to clusters using a “rich get

richer” principle—that each new expert is more likely to be assigned to an extant

cluster than to initiate a new cluster—the amount of information distinguishing

the opinions of experts plays a critical role in cluster differentiation. Too many

questions relative to covariates may generate artificial uncertainty because of the

perceived distinction between opinions arising from small differences in answers,

while too few questions or covariates may not provide sufficient information to

definitively allocate an expert.
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Figure 2.1: Cluster Allocation with 20 experts, 10 questions, 10 covariates
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Figure 2.2: Cluster Allocation with 10 experts, 20 questions, 5 covariates
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2.5 Dirichlet Process Aggregation Applied: Western
and Jackman (1994)

In order to illustrate the flexibility of this approach in incorporating multiple diver-

gent priors, I take up the analysis conducted by Bruce Western and Simon Jackman

in their 1994 paper, “Bayesian Inference for Comparative Research.” In the paper,

the authors highlight the many benefits of Bayesian analysis for comparative pol-

itics research. In particular, they emphasize that the use of priors to encapsulate

differing ideas about the state of the world and combine them with data to draw in-

ferences formalizes a process already undertaken in comparative politics research,

albeit less transparently and with less ability to directly adjudicate between com-

peting views. The authors illustrate this argument by drawing on a then-recent

debate between Michael Wallerstein and John Stephens concerning the most im-

portant factors giving rise to unionization in advanced industrialized democracies.

Western and Jackman’s aim is very similar to my project in this paper: namely,

to emphasize the importance of priors as instantiations of knowledge, and to high-

light the challenge of dealing with differing perspectives even within a prior prob-

ability framework. In the context of the Wallerstein/Stephens debate, this con-

cern is applied to the study of union density—union members as a percent of the

labor force. While Wallerstein argued for the size of the labor force as the most

critical determinant, Stephens favored industrial concentration as an explanation.

As Western and Jackman note, these two variables are nearly perfectly negatively

correlated (Jackman and Western 1994, 416). Furthermore, the sample of interest

—20 industrialized nations in a single year—both suggests against a frequentist

approach and increases the challenge of the collinearity between the favored ex-

planatory variables. Drawing on this debate, and with reference to outside sources,

Western and Jackman construct plausible prior means and variances for Stephens
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and Wallerstein for each of three explanatory variables relative to unionization: left

government, log labor force size, and economic concentration. Each of these prior

means and the corresponding precisions are represented in Figure 2.3 below.

Intercept Left Govt Log Labor Econ Concentration
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Prior Mean and Precision

Ex
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rt

Figure 2.3: Wallerstein and Stephens’ Priors and Precisions as shown in Jackman
and Western (1994)

The most notable difference, as suggested by their written works, is that Waller-

stein believes log labor force should have a strong negative effect on unionization

(Stephens believes it has no effect) and that in turn Stephens believes economic con-

centration has a strong positive effect on unionization, whereas Wallerstein believes

it has none.

In the subsequent analysis, Jackman and Western use each of these priors

respectively to conduct a simple Bayesian linear regression, where unionization

serves as the dependent variable, with left government, log labor force, and eco-



www.manaraa.com

38

nomic concentration as predictor variables.

Unionizationi = α + β1 ⋅ Leftgovti + β2 ⋅ LogLabori + β3 ⋅ EconConcenti + ϵi

Their analysis uses 20 observations of country-level data on unionization and each

of the explanatory variables. They first estimate the regression with uninformative

priors to find a baseline result, and then apply Wallerstein’s prior and Stephens’

prior separately in turn to compare the results. Their findings illustrate both the

power of priors to shape the conclusions we draw from our data analyses, and

the need for better techniques to incorporate what might be divergent priors into

analyses. While their paper emphasizes each of these priors separately to illustrate

the divergent results, experts such as Wallerstein and Stephens may have equally

valid insights into the research problem, or may have pieces of the same picture.

How should these differing views then be reconciled?

2.5.1 Extending Western and Jackman

To illustrate the efficacy of the Dirichlet-process-based method I propose for ag-

gregating priors, I reassess the data used by Western and Jackman using a slightly

larger body of hypothetical priors. Rather than simply using the two paradigmatic

examples of Stephens and Wallerstein, I construct hypothetical priors for “experts”

who may favor any of the explanatory variables identified by Western and Jackman,

as reasonable scholars of the literature may have a diverse set of beliefs about key

explanatory factors. For example, while Western and Jackman treat “left govern-

ment” as simply a control variable, my analysis assumes that some experts might

consider left governments to play a significant role in determining unionization.

Fewer studies evaluate unionization as an outcome, but among correlational stud-
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ies that also investigate union activity in conjunction with economic and political

institutions, several discuss the possible influence of political orientation (Hall and

Soskice 2001; Borrel 2004; Lipset and Katchanovski, n.d.; Behrens, Hamann, and

Hurd 2004), even where these effects may be indirect via regulatory and labor mo-

bility policy (Farber and Western 2001; Lee 2005). To reflect this diversity of possible

perspectives, I construct priors for 10 hypothetical experts, including Wallerstein

and Stephens. In addition to these two iconic scholars, I suppose that there is some-

one skeptical of economic explanations—one who believes that government poli-

cies solely determine unionization; two different camps of communist views, one

governmentalist that believes a liberal state can support unionization and another

more classical, believing that only a large labor force could solidify the aims of the

proletariat and lead to organization; a neoliberal who believes that the competition

arising from economic concentration (industrialization) should decrease unioniza-

tion; two labor-supporting experts who believe that the labor force is most strongly

determining but who disagree about the magnitude; and two “uncertain” experts,

who can agree on the same explanatory variables as the other experts but who be-

lieve the magnitude of effects is small. These perspectives, while hypothetical and

diverse, are reflective of some key disjunctures in the literature on unionization

—notably, whether institutional factors influencing labor union organization (e.g.,

union governance and incentives, networks, firms) or structural factors (e.g., de-

mographics, industry characteristics) are more determinative (Western 1994, 2002).

For example, the “uncertain” experts may prefer explanations internal to union or-

ganization, which are not reflected in the covariates under examination here, and

therefore appear less certain about the effects of our variables of interest. By con-

trast, the governmentalist, communist, and neoliberal experts fall broadly into the

category of those favoring more “structural” explanations for unionization. These
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positions are, however, abstractions based on work that was published after the

original Western and Jackman analysis; as others have noted, yet further research

remains to be done on unionization that may identify additional perspectives as

well (Ahlquist 2017).

This selection of hypothetical priors for fictitious experts indicates at least one

scope condition, and one key distinction, of the Dirichlet process clustering ap-

proach to aggregation. The addition of experts to this analysis illustrates that a

clustering methodology is less necessary when an analysis includes only a very

small number of experts. While a research could change priors governing the con-

centration parameter of the Dirichlet in order to incorporate their own information

about the possibility of a given number of clusters—that is, a higher concentration

parameter may be chosen if the researcher believes each expert is likely to repre-

sent their own perspective on a topic, while a lower concentration parameter corre-

sponds to more aggregation of experts into clusters—a reasonable assumption, and

the one used here, is that experts begin the simulation process effectively in their

own clusters, and can be aggregated into a cluster with other experts when suffi-

cient similarity in elicited parameters exists. Adopting this approach means that

using Western and Jackman’s original example with only two experts—Wallerstein

and Stephens—would likely result in each expert being their own cluster, elim-

inating a benefit to aggregation. More broadly, however, the proposed approach

will be less distinguishable from averaging as the concentration parameter becomes

higher (that is, as experts are increasingly in their own clusters), or when no appar-

ent underlying pattern of clustering exists. In general, clustering where consensus

exists (that is, coherent clusters) will be more informative in the analysis than clus-

ters that are very loosely defined or have high variance; under conditions of loosely

defined clustering, then, the advantages relative to averaging also diminish.
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Aside from this general scope condition, this vignette with hypothetical ex-

perts also demonstrates a critical distinction between this Dirichlet approach and

other clustering approaches, notably k-means. Generating hypothetical experts

and justifying their priors for the sake of this example means that the possible

“schools of thought” at work with respect to this question are to some extent known.

This characteristic corresponds more closely to a k-means clustering approach, where

the number of clusters is specified in advance of the estimation. As even this exam-

ple will show, however, having a sense of the ideological positions of a given set of

experts need not correctly identify the perhaps more general “schools of thought”

to which those experts’ positions belong, nor does it suggest a way to aggregate

those positions. The Dirichlet-based approach has an advantage, therefore, in not

requiring a pre-specification of the number of clusters that exist among elicited pri-

ors, and these clusters can also update as more experts’ opinions are added to the

data. Researchers can therefore use the clustering process to inform them, to some

extent, about the type and diversity of perspectives they gather through elicitation

by looking at the clusters and cluster members that result from the Dirichlet Pro-

cess. By the same token, however, this characteristic suggests that care should be

taken when interpreting the results of the Dirichlet clustering, as the clusters them-

selves are artificial categories not necessarily identified with known “schools of

thought.” That is, much like the analogy to Latent Dirichlet Allocation articulated

previously, a researcher may be able to identify a coherent “school of thought” with

a given cluster as a benefit of this approach, but the membership of the clusters may

also not be easily or directly interpretable and should be approached cautiously.

The prior means and precisions chosen for each of these hypothetical experts

is reflected in Figure 2.4 below. The variances selected in the original Jackman

and Western (1994) are often quite large, and others are quite small, and I follow
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this convention in choosing variances corresponding to the priors of the new hy-

pothetical experts. Precisions ( 1σ2 ) are shown for visual clarity. As is evidenced in

the figure, these prior means and precisions all seem like reasonable positions that

experts on the issue of unionization might hold, but at the same time they reflect

considerable diversity.

Left Government Log Labor Force Economic Concentration
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Figure 2.4: Hypothetical Expert Priors and Precisions

One approach to estimating a model with such diverse opinions of experts

would generate separate estimates, with each expert’s prior used in succession,

and then compare results. This framework is reasonable if we believe that while

each prior is legitimate, only one provides the “true” answer. As is especially true

in studies of authoritarianism, where the information environment is incredibly

fragmented, however, one can also imagine a circumstance in which each of these

expert’s priors contains some element of the truth, but having an aggregate picture

would be preferable.
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Current research in elicited priors recognizes this tradeoff to some extent. Be-

cause expert priors are often elicited in focus group settings, rather than in separate

sessions, however, this problem is addressed by attempting to achieve a consensus

prior, or trying to pool or average the priors of the attending experts. This ap-

proach, I argue, loses considerable information, and a Dirichlet-based method of

aggregation should perform better, particularly when expert opinions are diver-

gent. To illustrate this with the Jackman and Western (1994) data, I estimate the

model from the original paper, and demonstrate the resulting posterior means and

credible intervals when the 10 hypothetical priors are averaged versus when they

are clustered in a Dirichlet process. I omit a comparison to pooling because the

result would depend upon researcher-chosen weights for expert opinions.

Figure 2.5 illustrates the clustering of these 10 experts, real and hypothetical,

through a Dirichlet process. Experts are allocated into six clusters that can be seen

in the green squares across the diagonal of the plot, each suggestive of a “school of

thought” to which these experts might belong. Wallerstein, the neoliberal expert,

and the first uncertain expert each occupy their own clusters. Stephens shares a

cluster with the second uncertain expert as well as with the labor-oriented expert

whose opinion about the magnitude of the effect of the labor force is more moder-

ate (“Labor 1”). The expert skeptical of economic forces shares a cluster with the

second labor expert, whose assessment of the effect of labor is more pronounced.

Notably, both labor-oriented experts’ assessments of the effect of log labor force

have low precision, and the low precision of their opinions as well as those of the

uncertain experts should make them more “flexible” in terms of their cluster alloca-

tion given a fixed amount of information. The communist experts share a cluster,

with slight uncertainty about whether Wallerstein may also be a member of that

cluster. This clustering will influence the ultimate regression analysis: because
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expert priors are considered in clusters, rather than individually, each expert shar-

ing a cluster will have relatively less influence on the results than if expert opinions

were simply averaged, taken at equal and face value. Rather, opinions have greater

weight when dispersed across clusters, where in this setup each cluster (“school of

thought”) is given equal weight, but the constitutive priors within each cluster are

tempered. Furthermore, where latent “schools of thought” may not be apparent at

the elicitation stage, the clustering process itself provides information about how

many and what types of different perspectives exist among the experts polled—a

characterization that may drastically change depending upon the pool of experts a

researcher selects.
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Figure 2.5: Jackman & Western Experts in Clusters

The results in Figure 2.6 demonstrate the ability of the Dirichlet process ag-

gregation to better incorporate a series of divergent priors into a common analysis

of unionization, relative to averaging priors. In estimating an effect for left gov-
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Figure 2.6: Averaging vs. Dirichlet Process Prior Results

ernments, the Dirichlet process model recovers a coefficient similar to the high-

precision prior means supplied by Wallerstein, Stephens, and the Economic Skep-

tic, each of whom occupy separate clusters, whereas the model that averages pri-

ors gives slightly more weight to the views of the “Communist 2” and neoliberal

experts by equally aggregating across individuals. In particular, because the com-

munist experts share a cluster in the Dirichlet setup, their assessments of left gov-

ernment carry less weight than in the averaging model. A similar dynamic appears

in the log labor force coefficients, which in both models reflect the prior means that

were near zero in most cases, but which differ in that greater weight is assigned to

the “Labor 1,” “Labor 2,” and “Communist 2” experts in the Dirichlet process, who

are spread across clusters.

These results indicate that the Dirichlet process effectively handles the di-

versity of perspectives that experts may bring to an empirical analysis and reflect
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in their prior distributions. At the same time, its results appear less volatile than

those of the averaging model because the Dirichlet process clustering is able to in-

corporate extreme views while identifying latent credibility in the data structure

that serves to diffuse less informative extreme perspectives. Even so, the Dirichlet

framework is very flexible: the standard setup treats clusters as having equal value,

but a researcher themselves may have priors about the credibility or reliability of

experts. The researcher’s priors in turn can be instantiated as a hyperior, providing

different weights for the clusters created through the Dirichlet process. In this way,

even with as few as 20 observations, the information held by experts in the field, as

well as researchers investigating current questions, can be effectively leveraged to

conduct data analyses.

2.5.2 Implicit Weighting of Clusters

Researcher hyperpriors to affect the relative “weight” that clusters carry in an anal-

ysis should be applied with care and adequately justified given the aims of the re-

search. A researcher may choose, on the basis of new information pertinent to the

research question or the experts from whom priors were elicited, to influence the

elicited priors with their own, but the assumption throughout this paper is that

the researcher operates from a position of ignorance; if not, the researcher need not

expend time and energy on complex elicitation. That is, the researcher is assumed

not to have a notion of whose beliefs might be “right” or “wrong” at the time of

elicitation, and therefore treats all elicited information as having equal value.

Even so, the researcher must understand how the proposed modeling frame-

work handles different distributions of experts across clusters. While as a baseline

clusters are “treated equally” in terms of their validity or credibility, the clustering

process itself applies an implicit weighting with respect to the size of cluster mem-
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bership. A greater number of members in a cluster provides more information,

implicitly making cluster parameters more precise and lending greater influence

over results. Consider the following example for the purposes of illustration. Sup-

pose that only two schools of thought existed with respect to unionization, one

reflecting Wallerstein’s prior beliefs and the other Stephens’. Suppose then that the

researcher elicited priors from a large number of experts—1000 total—across these

two schools of thought, yet 990 of those experts had beliefs analogous to Waller-

stein while only 10 had beliefs analogous to Stephens. This is simulated here using

draws from a normal distribution centered on the prior mean or prior variance

values of Wallerstein’s and Stephens’ priors (with σ = 1), as in figures 2.7 and 2.8

below.
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Figure 2.7: Simulated Prior Means for Implicit Weighting
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Figure 2.8: Simulated Prior Variances for Implicit Weighting

These two “clusters” of experts are then used to generate prior means and

variances in the same modeling framework as the previous section. The results

are reflected in Figure 2.9 in comparison to results where these priors are averaged

across all 1000 experts—analogous to having elicited priors from experts equally

distributed across two clusters. The results demonstrate that the posterior means

for the model using clustering reflect greater “weight” toward Wallerstein’s priors

(refer to Figure 2.3) in comparison to the averaging case as a result of the larger

membership of the cluster reflecting Wallerstein’s beliefs.

Recognizing this implicit weighting is one plausible reason that a researcher

may choose to apply a hyperprior of their own in the course of the analysis. For



www.manaraa.com

49

Intercept Left Govt Log Labor Econ Concentration

0 10 20 30 40 0.0 0.1 0.2 0.3 -4e-04 -3e-04 -2e-04 -1e-04 0e+00 0 2 4 6

Average

DP

Posterior Mean and 95% Credible Interval

M
od
el

Figure 2.9: Model Comparison: Implicit Weighting of Clusters vs. Averaging

example, particularly in challenging modeling contexts, a researcher may not have

equal access to experts across schools of thought, even if the researcher would like

to elicit priors from all of them in good faith. In this case, the researcher may find

that their clusters are unbalanced, with many more members in one cluster reflect-

ing one school of thought and fewer representing the other. The researcher could,

then, attempt to compensate for this implicit weighting via their own hyperprior.

While this example provides one reasonable case in which a researcher may choose

to modify the clustering framework proposed here, further research is necessary to

examine the indications and implications for applying a weighting scheme across

clusters, including under what conditions it is most reasonable and according to

what protocol.
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2.6 Conclusions and Next Steps
An elicited priors approach, as the literature discussed above demonstrates, pro-

vides incredibly useful additional insight in Bayesian analysis across a wide array

of disciplines. In applying the method within political science, however, examples

are much more limited. As I have argued, this is likely due to the fact that the cur-

rent body of literature does not provide adequate guidance for adapting elicited

priors to social science settings. In particular, because “expertise” can be a much

broader and more nebulous concept in social scientific contexts, researchers are

likely to encounter greater diversity in the priors they elicit. Current techniques

do not adequately justify methods for aggregating these divergent opinions, nor

do they offer concrete methods for adjudicating the value of some priors versus

others beyond the statistical accuracy of the statements.

For researchers in the social sciences, and particularly political science, more

work is needed to be able to adapt an elicited priors approach to relevant research

questions. This is particularly the case for work that addresses authoritarian regimes

or takes place in low-data environments. These settings, often synonymous with

small-n work and poor data or information quality, are precisely the types of set-

tings where a Bayesian approach should predominate because of its ability to more

easily handle modestly sized data. In these settings, however, “experts” are likely

to diverge more significantly in their opinions due to differing access to informa-

tion and biases resulting from political status. Accounting for these differences in

an elicited priors framework requires moving beyond the most common aggrega-

tion methods currently available (pooling and averaging).

In this paper, I have proposed a Dirichlet-based framework for addressing

these diverging priors, borrowing a technology commonly applied in text-as-data

type analyses. This method has greater flexibility and transparency, and can allow
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the researcher to aggregate priors according to different latent categories of consen-

sus without only relying on the priors’ statistical validity in reference to the data.

This method stands to be particularly useful in settings where small-n and/or a

complex modeling structure require informative priors, and where in principle ex-

perts exist to offer prior information but they are an as-yet untapped resource. As

the example with the Jackman and Western (1994) data demonstrates, the Dirichlet-

based approach competently deals with the diversity of potential expert opinions,

and facilitates estimating a model even with sparse data.

The approach suggested here and the emphasis on eliciting priors may have

its own downsides. In particular, elicitation of priors and the documentation of

the research process in low-data contexts is likely to be difficult and more time

consuming than other approaches. The aim, however, is to generate an approach

that would both facilitate the use of elicited priors more broadly, while also partic-

ularly championing elicited priors as a tool for use in challenging research contexts

where the lack of data or absence of identifiable expertise are particularly problem-

atic. This goal is especially well-suited to closing part of the quantitative/qualita-

tive divide that has emerged in some areas of political science, since the elicited

priors approach would allow quantitative scholars to still conduct analyses while

partnering with qualitative scholars whose deep contextual knowledge could aid

in the identification of experts and the elicitation process as well.

2.6.1 Additions and Extensions

To further the analysis included in this paper, I aim to conduct a series of simula-

tions that will illustrate the applications of the proposed method, and its perfor-

mance relative to current methods such as pooling and averaging. In particular,

this will involve simulating both continuous and discrete models/data with a se-
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ries of generated priors “elicited from experts.” The simulation will show how

differing distributions of experts’ information (e.g., divergent versus convergent,

large versus small numbers of experts, large versus small number of data points

elicited, etc.) contribute to the estimation process with each of these methods for

prior elicitation.

To guide this empirical assessment of the proposed model, however, I also

aim to provide a formal model of information elicitation. A general model of in-

formation elicitation is useful as a baseline for developing expectations about the

type of information we as researchers receive when using an elicited priors ap-

proach, especially in an authoritarian setting. In particular, the authoritarian con-

text for elicitation means that the information environment is constrained: indi-

viduals have limited access to information and their understanding of situations

and consequences may be biased as a result. Whether and what information an

“expert” offers during elicitation is a product of this constrained information en-

vironment, and this condition in particular should shape how information from

different “experts” is and can be combined to better understand social processes

at work. Constructing a formal model of why, whether, and what information in-

dividuals are likely to offer during elicitation given authoritarian constraints can

provide more rigorous expectations for what methodology to employ when elicit-

ing and aggregating these priors.
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2.7 Appendix
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Figure 2.10: Example Clustering Square Plots

Figure 2.10 above illustrates several possible clustering outcomes in a series

of square plots. For the sake of simplicity, in each of these example plots, suppose

that the researcher has elicited priors from only four experts. Each of these experts

is represented by a cell in the square plot, as indicated by the x and y axis labels,

which number the experts from 1–4. In plot (a), all four experts are allocated to the

same cluster. This is indicated by the fact that each cell in the plot is shaded green,
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which means that in 100% of samples, each expert shared a cluster with every other

expert. The unique number of clusters across a set of samples are given by the

number of green square across the anti-diagonal of the square. In plot (a), there is

only one green square, corresponding to a single cluster. In plot (b), however, there

are two green-shaded squares on the anti-diagonal, indicating that experts have

been allocated into two distinct clusters. In plot (b), experts 1 and 2 are allocated

into the same cluster, while experts 3 and 4 are allocated into a separate cluster.

The green shading in cells (1,1), (1,2), (2,1), and (2,2), where coordinates indicate

expert numbers, visualize the fact that expert 1 shares a cluster with themselves,

expert 2 shares a cluster with themselves, and experts 1 and 2 share a cluster with

each other, because the cells (1,2) and (2,1) are also shaded green. The dark purple

shaded squares indicate that the corresponding experts shared a cluster in 0% of

samples. Hence, experts 3 and 4 in plot (b) never share a cluster with experts 1 and

2.

The same logic applies to plots (c) and (d), which illustrate the experts being

allocated into three and four distinct clusters, respectively. In plot (c), experts 1

and 2 share a cluster while expert 3 is in a cluster alone and expert 4 is also in a

cluster alone. In plot (d), by contrast, each expert is allocated to their own cluster.

While the elicited priors in plot (a) indicate limited differences among the opinions

of experts surveyed, in plot (d), these opinions differ sufficiently that each expert’s

beliefs constitute a distinct “school of thought.”

Plots (e) and (f) illustrate uncertainty in the clustering process. Because clus-

ters are assigned in a sampling procedure, the clustering outcome may reflect un-

certainty as to the cluster assignment for a given expert. This uncertainty is repre-

sented in the shades between green and purple, where darker shades indicate that

an expert was allocated to a cluster in fewer samples, and lighter shades indicate
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that an expert was allocated to a cluster in more samples. In plot (e), for example,

expert 4 is always in a cluster alone, and experts 1 and 2 are always in a cluster

together. Expert 3, however, is sometimes assigned to a cluster by themselves, and

is sometimes (but more rarely) assigned to share a cluster with experts 1 and 2.

Plot (f), by contrast, illustrates differing levels of uncertainty. Every expert, by def-

inition, must share a cluster with themselves, so this plot indicates with certainty

that each expert is in a cluster with themselves (green on the anti-diagonal). The

shading in plot (f) also indicates that, to the extent that experts are in fewer than

four distinct clusters, experts 1 and 2 would share a cluster and experts 3 and 4

would share a separate cluster. Whether there are two, three, or four distinct clus-

ters is a matter of uncertainty, however: experts 1 and 2 more often are in distinct

clusters (20% of samples have them sharing a cluster as indicated by the dark blue

squares in cells (2,1) and (1,2)), while experts 3 and 4 are more often in the same

cluster (80% of samples have them sharing a cluster, as indicated by the darker

green in cells (4,3) and (3,4)). When computing the cluster values for priors, cluster

assignments are averaged across samples in order to incorporate this uncertainty.
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Chapter 3

Collective Wisdom:
Rethinking Expertise in Elicited Priors

3.1 Introduction
What is “expertise” and who is an “expert?” Expertise is central for informing

priors in Bayesian analysis, whether directly through elicitation or indirectly by

influencing the beliefs of researchers. The benefits of eliciting priors diminish as

those surveyed are less informed, both because vague priors add less information

to the data and because elicitation can be costly to conduct. Effective elicitation,

therefore, depends to some extent on identifying which sources have “expertise”

on which an analysis can draw, but what type of expertise should inform social sci-

entific research is an open question. Invocation of the term “expert” in the course

of elicitation, in fact, serves to instill trust in the research process by indicating

that only those with particular knowledge had potential influence over the empir-

ical analysis. Likewise, because technologies for aggregating expert opinions into

coherent priors for Bayesian analysis have been fairly limited, keeping the set of

sources for elicitation constrained eases practical problems in conducting research

with informed priors. Nevertheless, expanding the definition of “expert” is critical
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to obtaining informed priors that fit a social science research agenda—especially

with respect to contexts where differential access to information and/or underde-

velopment systematically undermine traditional institutions (e.g., education sys-

tems) through which researchers could identify and select experts.

This paper interrogates the distinction between “experts” and “the masses,”

evaluating and validating what divided “expertise” provides when eliciting priors

from groups with differing perspectives. In particular, we leverage the November

2016 Presidential election in the United States to assess the predictive capacities of

two groups—a “mass” sample and an “elite” sample—of individuals. Using on-

line surveys conducted in October 2016, we elicited priors on vote share for the

presidential election as well as hypothetical U.S. House elections. We implement

a Dirichlet Process clustering method to aggregate these priors, allowing us to in-

corporate very diverse perspectives across both samples of respondents while also

grouping respondents’ opinions into latent “schools of thought.” Using the real

election outcomes, then, we are able to validate both (a) what “types” of experts

are able to provide more accurate predictions of these electoral outcomes and (b)

whether and under what conditions the proposed clustering method improves pre-

dictions relative to averaging.

3.1.1 Expanding Expertise

Tom Nichols’ recent book, The Death of Expertise, decries current trends toward

anti-intellectualism and substituting away from education-based knowledge to-

ward social media and information technologies (Nichols 2017). While Nichols

views the anti-elitism inherent in skepticism of experts to be a celebration of ig-

norance (aligned with the Dunning-Kruger effect), the tension between expertise

arising from a system of “gatekeepers” to knowledge and experiential expertise is
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not resolved by these types of polemical claims (Nichols). In particular, perhaps

shoring up credentialed expertise is important in scientific contexts like the one

Nichols mentions—who do you trust more: a doctor versus your Aunt Ginny—or

traditional settings for elicitation, but this is far less clear for social science research

(Nichols). First, the broadening or “democratizing” of the information environ-

ment likely has differing effects in contexts like the United States relative to devel-

oping or authoritarian systems. Differential access to information is not norma-

tively neutral: systems of inequality mean that formal education is often available

to only a small subset of society, even in developed contexts. This type of inequity

is only implicitly addressed in Nichols’ work, but it highlights the fact that identi-

fying an expert pool on the basis of formal educational credentials could generate

bias in the information elicited.

Second, and even without a claim to bias, the perspective that expertise re-

sides primarily in those with formal education neglects the kind of experiential

expertise that might better inform certain research questions.1 This discrepancy

also highlights at least one way in which limiting the selection of experts . For ex-

ample, the Women Also Know Stuff project within political science has undertaken

the creation of a database of women experts in various subfields of the discipline

after recognizing that many media reports and conference panels featured an all-

male cast of “experts,” supposedly for lack of ability to identify any non-males who

worked on a particular topic (Boydstun et al. 2017). This project, and the attendant

Twitter hashtag #WomenAlsoKnow, underscore the fact that a given researcher,

selecting a small pool of experts for prior elicitation, likely selects for expertise

given their own biases about what constitutes knowledge or who qualifies as an

“expert.” The practical ability to incorporate more and diverse opinions through
1Succinctly, in the words of Jethro Tull, “your wise men don’t know how it feels/ to be thick as

a brick.”
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the clustering methodology discussed in this paper should lessen this constraint

by facilitating the inclusion of more voices in a given research project.

Third, this distinction between types of expertise or knowledge itself under-

girds a very all-or-nothing notion of understanding social scientific phenomena.

Rather, and more likely, even “experts” on a particular subject of study have only

partial information about the underlying variables and mechanisms, and aggre-

gating across differing perspectives would provide a fuller picture of the processes

at work than soliciting opinions only from those with the same perspective. Tak-

ing this to an extreme, Sloman and Fernbach (2017) argue from a psychological

perspective that humans create a “community of knowledge” for themselves that

allows for the functioning of society, and that suggesting that knowledge and ex-

pertise are atomistic instead reinforces a problem by which individuals are less

willing or able to identify the limitations of their own expertise.

Each of these dimensions of the debate over expertise suggests that more work

is necessary to interrogate the category of “expert,” and in particular to evaluate

what constitutes an “expert” when eliciting priors for social science research. In

the sections that follow, we provide an overview of current research on the nature

of expertise in elicitation, as well as particular examples from election forecasting.

Following this discussion of the literature, we describe our survey methodology for

eliciting priors related to the 2016 U.S. national elections, as well as the clustering

methodology used to aggregate these priors.
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3.2 Literature: Expertise, Elicitation, and Forecasting

3.2.1 Expertise & Good Judgment

While utilizing expert opinion has traditionally formed the basis of elicited-priors

approaches, relatively little attention has been paid to defining and refining a no-

tion of “expertise” that best serves Bayesian analysis. Literature in psychology and

management science has sought to understand both how best to identify individ-

uals who inherently perform better in statistical tasks, and utilize their knowledge

and/or abilities to improve estimates, and how best to leverage the “wisdom of

crowds,” while being cognisant of the limitations of any single individual within a

group.

For example, it has long been recognized—even as early as Aristotle—that an

aggregate assessment of probability is preferable to individual assessments alone

(termed the “wisdom of crowds”). At the same time, however, researchers have

sought to improve upon this aggregate, not least because ensuring a large sample

of respondents for a given question can prove practically challenging. Budescu

and Chen (2014) specifically designed a model to more heavily weight the con-

tributions of individual forecasters (“judges”) who perform better than the group

average, and test this model on economic forecasts with respect to the European

Central Bank to show its efficacy. Similar approaches have been undertaken in

other management and psychology research in an attempt to shift weight toward

better-performing forecasters (Karvetski et al. 2013; Satopaa et al. 2014). These ap-

proaches are intuitively appealing because they can help to address issues in sur-

vey sampling: it is not clear how many individuals one needs to sample in order to

encounter diminishing marginal returns in forecast accuracy.

Likewise, from a psychological perspective, not only are some individuals
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presumed to simply be better in forecasting tasks, but some of the additional ac-

curacy in particular individuals’ responses is attributable to abilities to overcome

common human fallacies in understanding statistical statements. Specifically, the

way in which uncertainty is expressed has a significant impact on individuals’ abil-

ity to respond with an accurate assessment of their own (Dhami et al. 2015, 754).

These observations from the literature underlie the forecasting process im-

plemented in the Good Judgment Project, founded by Philip Tetlock, wherein in-

dividuals provide forecasts for political events of relevance to the intelligence com-

munity in a tournament style, and the project identifies “superforecasters” with

greater-than-average accuracy to improve future estimates (Tetlock 2017). While

in principle this approach seems both sensible and simple, a few challenges arise.

First, as Tetlock himself acknowledges, defining and measuring “accuracy” of pre-

dictions is fraught (Tetlock and Mellers 2014). Furthermore, the task of identi-

fying “superforecasters” requires the assumption that good performance on one

prediction task can translate to good performance on another: “superforecasters”

are designated through a process of iterative validation but are not seen as having

any particular domain-area expertise that might allow them to be identified prior

to undertaking forecasting tasks. Superforecasters in Tetlock’s framework are as-

signed to work in teams to provide forecasts, but posthoc analysis of superfore-

caster accuracy rendered four seemingly vague distinctions thought to give rise to

their success: “(a) cognitive abilities and styles, (b) task-specific skills, (c) motiva-

tion and commitment, and (d) enriched environments” (Mellers et al. 2015). Aside

from the “enriched environment” condition that arises from team activity, these

characteristics might generally describe someone with some higher-than-average

level of education who was interested in the underlying question for an elicitation

project, since these characteristics might provide the basis for cognitive abilities,
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skills in statistical reasoning, and motivation.

While the psychological literature pertaining to forecasting recognizes a “wis-

dom of crowds” principle, then, the countervailing effort to identify “superfore-

casters” whose predictions surpass those of their peers, in order to improve the

general accuracy of forecasting, has currency. This approach faces practical chal-

lenges, but also conflicts with a notion of expertise or understanding of social sci-

entific phenomena in which knowledge is interdependent (that is, a fuller picture

can be constructed across individuals’ understanding) and one of expertise that

pertains to a specific domain area per se. Likewise, the process for selection em-

phasizes characteristics that are challenging to identify prima facie. The clustering

approach proposed in this paper, by contrast, acknowledges that different types

of information are best drawn from across a broader set of individuals, while also

recognizing that some individuals or groups of individuals may perform better in

statistical reasoning tasks, or in forecasting specifically.

3.2.2 Forecasting Literature: Representativeness & Aggregation
Challenges

“As long as there have been elections,” writes Hillygus (2011), “people have tried

to predict the outcomes” (964). Beginning with predictions based upon elite ob-

servations and the opinions of “knowledgeable observers” or “political insiders,”

election forecasting has evolved to incorporate increasingly diverse sets of polls

and models (964). Now that technologies for estimating elections outcomes have

improved significantly (Lewis-Beck and Stegmaier 2014), even greater weight is

placed on accurate measurement and inclusion of variables known to matter (e.g.,

economic conditions and incumbency effects), and on incorporating more data over

time (Lewis-Beck and Tien 1996; Evans and Ivaldi 2010; Linzer 2014). Bayesian
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approaches in particular have explicitly taken into account prior data (e.g., pre-

vious electoral outcomes and polls) when generating estimates for national elec-

tions (Rigdon et al. 2009; Lock and Gelman 2010; Linzer 2013). Making correct

design decisions significantly impacts the accuracy of modern forecasting relative

to more traditional expert-based assessments. The type of validation undertaken

in this paper mirrors this ongoing, if implicit, concern in the forecasting literature.

While some skepticism remains as to the usefulness of generating general evalua-

tions of forecasting algorithms (Campbell 2008), improving forecasting estimates

necessarily requires transparency in method, attention to measurement, and ac-

commodations for time-varying effects (Campbell 2014). Specifically, in addition

to considering which variables are best suited to forecasting models, researchers

investigating forecasting methods contend with

(a) which individuals (via polls) or information sources to draw from, and

(b) how best to aggregate estimates across models or samples.

Greene (1993), writing about the challenge of producing a forecasting model that

performs better than “pundits,” describes an alternative method as follows:

...I organized an election pool in my department, in which contestants
had to select the winner of the presidential race, the Democratic per-
centage of the two-party popular vote, and the winner in each state.
Nineteen people entered, mostly graduate students in fields other than
U.S. politics. The competitors were certainly not experts in U.S. elec-
tions, but could best be described as informed observers. Predictions
were submitted in mid-September, admittedly a little later than the mod-
els, but still well before the election. The election pool performed as well
as any of the models.... Sixteen of the nineteen contestants (84%) picked
Clinton as the winner. The mean prediction for the Democratic per-
centage of the two-party vote was 52.4%, only one point off the 53.4%
that Clinton actually received. But most importantly, the 95% confi-
dence interval for the pool’s average was only 4%, compared to 5% for
Abramowitz’ model and 8% for Fair’s. (20)
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This anecdote highlights a question similar to the one addressed in this paper: un-

der what conditions will informed respondents perform better in predictions than

alternative data sources and models? Relatedly, in what ways might “experts”

provide more accurate assessments than the masses, or than “pundits”? Litera-

ture evaluating later elections details the advantages and disadvantages of some of

these alternatives, including futures markets, campaign polls, and regression mod-

els (Jones 2008), noting that at least with respect to the U.S. 2004 election, futures

markets outperformed other forecasting methods. In general, futures markets are

known to have better estimates over longer time horizons (Berg, Nelson, and Rietz

2008; Atanasov et al. 2016). Why exactly futures markets provided better forecasts

than other methods is left unexamined, but the underlying logic runs somewhat

counter to proposals such as Greene’s: with a large enough group of participants

(and with market incentives in place), predictions increase in accuracy.

By the same token, the theory of opinion polling largely rests on representa-

tive sampling methods, yet the choices of polling firms when conducting these sur-

veys—choices related not just to the sampling frame but also to wording and mea-

surement—has significant potential to induce non-random error in measurements

(Campbell and Lewis-Beck 2008, 191). As Gelman and King (1993) note, polls vary

significantly and do not reflect “rational” responses over the entire course of the

campaign, even when arriving at relatively accurate conclusions. Furthermore,

particularly with decreasing rates of telephone survey response, and although al-

ternatives such as mail surveys have been considered to increase response rates

(Visser et al. 1996), Wang et al. (2015) show that even an unrepresentative sam-

ple of individuals (in this case polled through the Xbox gaming platform) can pro-

vide accurate election forecasts. That said, the accuracy of these non-representative

sample results depends to some extent on correct weighting; other attempts to use
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nontraditional venues for eliciting forecasting information, such as Twitter, have

been less successful (Huberty 2015).

Micro approaches to forecasting featuring individual vote expectations also

show promise in accurate forecasting ability, irrespective of reported political in-

volvement or campaign interest (Lewis-Beck and Tien 1999). Rather, in addition to

complications such as the closeness of the political contest and the timing of the sur-

vey, individual variables such as education play a meaningful role in the accuracy

of individual forecasts (181). That is, while in general large groups of individuals

can provide accurate election forecasts, with a micro-level approach, some indi-

viduals will provide more accurate forecasts than others, and overall accuracy is

improved when weighting the responses of more “competent” respondents more

heavily (Andreas Erwin Murr 2011; Andreas E. Murr 2015).

Furthermore, concerns for aggregation across models are also prevalent in the

forecasting literature. In general, research demonstrates that combining (usually

averaging) across forecasts produces more accurate results than any single compo-

nent forecast (Graefe et al. 2014; Graefe 2015). Attempts to further refine from av-

eraging, using Ensemble Bayesian Model Averaging, for example, have performed

less well (Graefe et al. 2015). In part, this discrepancy reflects the fact that alter-

natives to averaging require information about which components may be more

accurate in order to increase the overall accuracy of the combined estimate. In that

sense, then, a tension exists whereby, at both the individual and the aggregate fore-

casting level, aggregation with attention toward more accurate micro-level predic-

tions improves accuracy, but determining what conditions correlate with improved

accuracy at the micro-level presents challenges.

Taken together, these observations from the forecasting literature provide a

few questions that this paper further investigates:
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(1) Can individual-level predictions from a representative sample provide more

accurate estimates than those from an “elite” sample?

(2) Can aggregating elicited predictions from “experts,” whether mass or elite,

in a Dirichlet clustering process provide more accurate estimates than aver-

aging?

(3) What subgroup conditions correlate with greater accuracy in predictions,

and how can these be favored in the aggregation process?

3.3 Survey Methodology
For this project, we utilize web-based surveys to access a broader set of “experts”

than would otherwise be accessible via traditional focus group or interview meth-

ods of elicitation. In order to elicit prior probability distributions, we conducted

two separate surveys: one for a nationally representative “mass” sample of individ-

uals, and one for an “elite” sample composed of Ph.D. students in political science

at top 20 graduate programs in the United States. The mass survey sample consists

of 408 American individuals identified and solicited for participation by Qualtrics.

Participants in the elite survey, also conducted within Qualtrics, were identified

for participation via their public profiles and email addresses on graduate pro-

gram websites, and received emails asking for their participation. The elite sample

consists of 57 completed responses of 205 who began the survey.2 The mass sur-

vey participants were compensated for their participation, while the elite sample

participants were not. Both surveys collected demographic data, including race/
2One completed response was dropped from this set, for a final total of 56 responses, due to in-

appropriate responses. This individual completed the survey in 5.28 minutes (faster than any other
completed survey response in the elite set), answered every question with 10 chips in a single bin
irrespective of covariate values, and provided insincere answers to demographic questions. These
factors in conjunction suggest that the responses were not reflective of true beliefs.
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ethnicity, sex/gender, highest level of education, region of residence, and age. Fig-

ures 3.1, 3.2, 3.3, 3.4, and 3.5 below summarize demographic characteristics for each

sample, as well as party identification in Figure 3.6.
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Figure 3.1: Age of Survey Samples

While the mass sample were selected through Qualtrics to provide a nation-

ally representative sample on the basis of key demographic characteristics (age,

sex, race, region, etc.), the elite sample is more skewed in several characteristics.

Notably, the elite sample consists of a much larger set of individuals who identify

as “Strong Democrat,” and many more males than non-males. Education differ-

ences are expected and intended. In particular, the “elite” sample reflects what is

more typically sought in a standard elicitation routine: individuals with significant

academic training and credentials related to the subject matter. While Ph.D. stu-

dents were targeted irrespective of subfield, their academic training could provide

more insights into the ways that our chosen covariates might influence electoral
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Figure 3.2: Race/Ethnicity of Survey Samples
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outcomes, and they may provide more specific (less vague) priors than those in

the mass sample. Likewise, while the mass sample received compensation for their

participation, the elite sample would self-select into participation and completion,

which should bias the sample toward individuals who at least believe themselves

to be more knowledgeable about the subject matter.

Respondents in both surveys were randomized to receive questions that ad-

dressed either Hillary Clinton or Donald Trump’s vote share in the November 2016

Presidential election. Subjects answered questions in a “roulette” elicitation for-

mat as articulated in the Sheffield Elicitation Framework (SHELF) (O’Hagan and

Oakley 2016). Subjects received 10 “chips” for each question, which they could use

to “bet” in each bin of vote share probabilities, forming a probability density. Re-

spondents were presented with 6 bins per question that encompassed vote ranges

between 40 and 60% (i.e., < 40%, 40 − 45%, etc.). With 10 chips, each chip repre-
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sented a 10% probability. That is, if a respondent believed that Hillary Clinton had

a 50% chance of receiving a vote share in the 51−55% range, that respondent would

place 5 chips in that bin. Question validation ensured that each respondent used

all 10 chips for each question. An example question is shown in Figure 3.7 below.

Figure 3.7: US Elicitation Survey Question Example

Respondents first answered what proportion of the national vote would go

to a candidate (either Clinton or Trump), then what proportion that candidate

would receive in each of three swing states: Florida, Ohio, and North Carolina.

Following these raw predictions, respondents were presented with a random selec-

tion of questions for their given candidate across five swing states: Florida, North

Carolina, Ohio, Pennsylvania, and Wisconsin. For each of these state questions,

prompts varied to reflect how much considerations such as the economy, national

security, and campaign advertising might impact vote share. In every question,

the state unemployment rate varied (either 4% or 6%) in comparison to the na-
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tional unemployment rate, set at 5%. Questions also specified whether, globally,

there had been 1 terrorist attack or 3 terrorist attacks in the previous month. Fi-

nally, each question specified whether the given candidate (Clinton or Trump) had

equally as many, or 20% more, campaign ads as the other. The mass sample sur-

vey included a timed validation, where subjects whose survey durations lasted less

than 170 seconds were dropped from the final sample in order to ensure sufficient

consideration for each answer.

In addition to the questions in the mass survey, respondents in the elite sur-

vey also received a selection of questions regarding 2016 U.S. House of Represen-

tatives races in hypothetical districts, asking them to use their chips to evaluate the

proportion of the vote an incumbent would receive. Each question characterized

the district by the vote share Obama received in the 2012 election (45%, 50%, or

55%). The question specified the incumbent’s NOMINATE score in relation to oth-

ers within their party (15th or 30th most conservative of 46 Republicans, or 19th

or 38th most liberal of 57 Democrats) (Carroll et al. 2015), reflecting the first and

second tertiles for NOMINATE scores. Questions also indicated whether the chal-

lenger had ever held elected office (yes/no).3 Each question also included the state

unemployment rate, varying between 4% and 6% relative to the national rate of 5%,

as in the general survey questions. In total, mass survey respondents answered 35

questions, and elite survey respondents answered 47 questions.

Beyond demographic data and substantive elicitation questions, subjects an-

swered five political knowledge questions adapted from the American National

Election Survey in order to assess their general familiarity with American politics

(ANES 2015). The questions respondents answered were:
3As a result of a technical error, one blank prompt appeared in a random selection of surveys.

Respondents were instructed to answer this question with their chips in order to satisfy validation
and complete the survey, but responses for this question were dropped from the final sample.
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1. Which party has a majority in the U.S. House of Representatives, as of August

2016?

2. Do you happen to know how many times an individual can be elected Presi-

dent of the United States under current laws?

3. For how many years is a United States Senator elected—that is, how many

years are there in one full term of office for a U.S. Senator?

4. Is the U.S. federal budget deficit—the amount by which the government’s

spending exceeds the amount of money it collects—now bigger, about the

same, or smaller than it was during most of the 1990s?

5. On which of the following does the U.S. federal government currently spend

the least? (Foreign Aid, Medicare, National Defense, Social Security)

The relative rates of correct answers to these political knowledge questions

are visualized in Figure 3.8 below. These results illustrate that, as expected, the

elite sample has, in general, more correct answers to these measures of political

knowledge.

Our preliminary analysis includes responses irrespective of respondents’ scored

political knowledge. The answers to these questions can, however, serve two po-

tential purposes. First, responses could be used to discount the contributions to

cluster estimates of those whose political knowledge is less than a threshold level

(e.g., the sample average). Second, by contrast, these questions may serve to high-

light the disjuncture between political knowledge as typically measured and “ex-

pertise” regarding potential outcomes for the 2016 election. That is, perhaps some

individuals have less knowledge of the formal structure of American politics but
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are more aligned with sources of information that correlate strongly with the elec-

tion outcome.

3.4 Clustering Methodology
The survey responses for both samples of experts provide bin counts of chips,

which can be used to characterize each respondent’s prior distribution for the influ-

ence of a particular covariate (economy, security, campaign advertising, state) on

the ultimate election outcome in terms of vote share. While one could average over

these elicited distributions in order to obtain a single, unified prior distribution

(either for each sample or across samples of respondents), as is standard practice

in focus-group elicitation settings, averaging would allow outlying responses to

inordinately influence the ultimate distribution. This paper instead uses a Dirich-

let Process clustering framework in order to identify latent “schools of thought”
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within the elicited prior distributions and aggregate the clusters of “schools of

thought” rather than the individual distributions themselves.

Undertaking this clustering process, however, requires care to specify the

sources and types of uncertainty present in the data collection process itself. Not

only is the phenomenon under study uncertain, but the process of elicitation itself

introduces measurement uncertainty with respect to experts’ beliefs about the phe-

nomenon under study. In order to simplify the elicitation procedure and conduct

it in a survey framework, rather than in a traditional focus group setting with sig-

nificant feedback from a facilitator, the analysis must account for the uncertainty

experts experience in placing chips into bins to reflect their beliefs. Likewise, be-

cause of the desire to aggregate these elicited beliefs across clusters, uncertainty in

terms of the clustering process must be accounted for. Uncertainty in this analysis

thus arises in each of four levels across the elicitation:

1. Underlying probabilities: Some underlying probability determines the vote

share of either the Presidential or Congressional candidates in the elicitation

survey. Elicitation attempts to provide an estimate of these probabilities, sub-

ject to question structure and the correct specification of relevant covariates.

2. Cluster probabilities: The elicitation framework adopted here assumes that

there are several possible “schools of thought” governing which variables im-

pact vote share and to what degree. These clusters arise from the underlying

probability governing the phenomenon itself. Implementing a basic Dirich-

let Process to allocate experts to clusters with a prior on the concentration

parameter suggesting that each expert may form their own cluster produces

a large number of clusters, implicitly suggesting that the chip allocation for a

given expert must be exactly the same in order for experts to share a cluster.
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This assumption is implausible for reasons discussed below related to chip

allocation. Instead, we relax this assumption to allow more uncertainty in

cluster parameters. This in turn induces uncertainty in expert allocation to

clusters.

3. Expert probabilities: Just as the clusters reflect differing perspectives on the

underlying distribution, experts are considered “draws” from given clusters.

The definition of clusters is a result of an iterative sampling process and is

thus probabilistic; that is, an expert may be in one “school of thought” 80%

of the time and in another 20% of the time depending on their chip allocation

relative to others in the sample.

4. Chip probabilities: Likewise, chips effectively represent “draws” from the

prior distribution each expert has in mind to describe the underlying prob-

ability process. Chips placed in the roulette bins in our survey are therefore

also subject to uncertainty. We assumes chips are drawn from a multino-

mial distribution according to the bin segmentation we defined in the survey.

That is, the bins provide arbitrary cutpoints in a continuous distribution be-

tween 0% and 100% vote share, and the probability of a chip being allocated

to a particular bin reflects some uncertainty about the probability mass. For

example, a given respondent may have believed that the vote share Hillary

Clinton would receive in Florida was closest to 50%. Because our bin labels

are 46–50% and 51–55%, however, this respondent may feel that allocating

chips to the higher (51–55%) bin is more reflective of their assessment of 50%

because they believe 46% is unlikely. This type of logic suggests a correlation

between neighboring bins that we later account for using a Gaussian Process

on a logistic scale. This approach has several advantages in addition to main-
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taining conjugacy. While a Dirichlet Process would generate a “clumpy” dis-

tribution of bin allocations, the Gaussian Process provides some smoothing

that can reflect correlation between neighboring bins, and the logistic scale

accommodates the fact that the Gaussian is technically continuous, whereas

our probabilities cannot be negative.

Procedurally, then, while the distribution of clusters is modeled with a Dirich-

let, we model the difference between cluster distributions and expert distributions

as Gaussian, and the difference between expert distributions and chip distribu-

tions as Gaussian as well in order to take advantage of conjugacy. The likelihood

of a given number of chips in a bin is considered proportional to a multinomial

distribution. Including a normalizing constant, if the underlying distribution of

probabilities for the bins is given by π, and clusters are given by ρ, then

ρikq =
πikqeϵikq

∑j πjkqeϵjkq

where i indexes bins (for j in 1 to J, where J is total bins), k indexes clusters, and ℓ

indexes experts. g(ℓ) in turn provides the group (cluster) assignment for expert ℓ,

and errors ϵi ∼ N(0, Σ).

Experts, in turn, are given by ν so that

νiℓq =
ρig(ℓ)qeξiℓq

∑j ρjg(ℓ)qeξjℓq

where errors ξi ∼ N(0, 𝒯). In this initial analysisΣ and 𝒯 are treated as non-correlated

diagonal matrices, where 𝒯 is fixed so that experts irrespective of cluster give con-

sistent responses. Inducing correlation between Σ and 𝒯 later will generate more

correlation in the errors across bins. In addition, while these values are currently
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considered fixed, later extensions will update them dynamically in the sampling

process to provide a more realistic outcome. Still, this framework allows cluster

variance to differ from error variance, and allows both to vary by cluster as well as

question in the analysis. That is, cluster variance captures the differences in pri-

ors across clusters, while error variance captures the differences or inconsistencies

in answers within clusters. The separate cluster variance and error variance in the

model in future analyses can provide useful heuristics for refining aggregation and

validating cluster predictions, as discussed in the conclusions.

Implementing this approach requires modeling the multinomial probabilities

in our data with a Pólya-gamma sampler as described in Polson, Scott, and Win-

dle (n.d.). A Dirichlet-multinomial approach does not model dependency between

draws, as we have in our data, whereas a Pólya-gamma augmentation reframes

the multinomial distribution in terms of random auxiliary variables whose likeli-

hoods are Gaussian (Linderman, Johnson, and Adams 2015), and this allows us to

maintain conjugacy.4

To incorporate covariate conditions, furthermore, constants are added to the

estimation process to distinguish the underlying distribution for each individual

(one that does not depend on covariates), as well as the individual and cluster vari-

ances, before including covariate conditions.

3.5 Results
In order to validate the clustering process for elicited priors across both sets of ex-

perts, prior bin counts from each survey are incorporated into the Gaussian and

Dirichlet processes. The output of this process includes two parameters for a beta

distribution corresponding to each question asked in the survey. The preliminary
4Additional description of this method to be included in a future extended Appendix.
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analysis, reported here includes the first eight survey questions asking about elec-

toral outcomes at the national and state level for 3 swing states (Florida, Ohio, and

North Carolina), as well as a battery of questions including hypothetical covariate

values (state, unemployment, campaign ads, terrorist attacks, etc.). Parameters are

averaged over 4000 samples each. Future analysis will include not only questions

with these covariates applied to the presidential election across both the mass and

elite surveys, but also the U.S. House hypothetical conditions in the elite sample.

The figures below show the clustered priors for the mass and elite survey

samples in comparison, for questions with and without covariates. These priors are

compared to the 2016 electoral outcomes at the national level and by state, including

both the true vote proportion as well as the two-party vote proportion (New York

Times 2017; Wasserman). As the figures illustrate, in general both the mass and

elite samples, aggregated with this clustering process, perform fairly well.

3.5.1 Overall Mass vs. Elite Results

Figure 3.9 provides an overall comparison of the mass and elite samples in state

and national contexts without additional covariates (that is, for questions where

terrorism, campaign ads, and unemployment levels are not specified). The point

for each mass or elite line segment represents the mean of 4000 samples, while the

line segments represent the 95% bounds across samples. This figure provides ini-

tial evidence that the elite sample need not outperform even a small representative

population sample, potentially indicating that “expertise” need not perfectly cor-

relate with educational credentials. Furthermore, that the mean prediction across

samples aligns well with eventual vote share suggests three promising conclusions:

that elicitation has value for recovering accurate information about quantities of

interest; that the clustering method proposed in Chapter 2 aggregates sometimes



www.manaraa.com

80

disparate individual assessments from survey respondents into a reasonable pre-

diction of vote share; and that the elicitation protocol (roulette, via online survey)

does not significantly compromise estimates.

Figure 3.10 refines this preliminary view, providing more nuance to distin-

guish between samples by including covariate values. For these questions in the

survey, respondents in each sample were presented with hypothetical conditions

that might influence vote share, such as the number of terror attacks occurring

globally in the month before the election; the state unemployment rate; and the

advertising margin of the candidate in the question. These questions provide im-

plicit information that cues respondents to weigh the relative impact of security,

economic policy, and campaign strategy in the eventual vote margin of the candi-

date. One immediately evident trend in these results is that the elite sample out-

performs mass respondents with respect to Donald Trump’s vote share, while the

samples perform comparably in their assessments of Clinton’s prospects.

Figures 3.11 through 3.15, furthermore, demonstrate that the elite sample con-

sistently has lower variance in their estimates than the mass sample, with the range

much more narrow around the true and two-party electoral outcomes. This trend

is more evident in the prior distribution plots in the next section and the appendix.

Even so, results from Ohio and Wisconsin, with covariates, illustrate circumstances

under which the mass sample can either outperform or achieve parity with the

elite sample, particularly in evaluating Clinton’s potential vote share. In the case of

Ohio, the mass sample mean is often more accurate even as the range is wider. In

the case of Wisconsin, some distinctions across covariate conditions suggest how

mass and elite samples may have weighed economic and security conditions dif-

ferently. For example, the October 2016 unemployment rate was closest to the 4%

covariate condition (Bureau of Labor Statistics 2016), and Clinton had a consis-
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tently greater ad margin than Trump throughout the entire campaign (Associated

Press 2016). At least in the case of Clinton’s vote share, the mass sample mean is

consistently closer to a true value under the 4% unemployment covariate condi-

tion, while the elite sample means do not differ very significantly across all covari-

ate conditions. The unemployment condition plausibly reflects a lived experience

from which experts may be able to offer more accurate assessments, whereas the

terrorism levels and ad margin may have been interpreted more hypothetically,

or have the potential to distinguish respondents on the basis of their access to or

consumption of news media. Despite this fungibility in how respondents might

interpret covariate conditions, the more implausible a condition or set of condi-

tions, the greater the variation in responses to elicitation one should expect. This

uncertainty is more evident in the figures in the next two sections.
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Figure 3.11: Mass vs. Elite Survey FL with Covariates
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Figure 3.12: Mass vs. Elite Survey NC with Covariates
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Figure 3.13: Mass vs. Elite Survey OH with Covariates
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Figure 3.14: Mass vs. Elite Survey PA with Covariates
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Figure 3.15: Mass vs. Elite Survey WI with Covariates
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3.5.2 Overall Results: No Covariates

The range of responses and uncertainty in estimates across mass and elite sam-

ples is better illustrated through the plots of the clustered prior distributions in the

figures that follow. As with the difference plots previously discussed, the results

without covariates demonstrate few differences between the mass and elite sam-

ples across candidates and states; in fact, both samples appear to reflect the same

biases with respect to the true vote share outcomes.
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Figure 3.16: Overall: Elite overall without Covariates
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3.5.3 Overall Results: With Covariates

In the following figures reflecting prior distributions under covariate conditions,

however, the relative certainty of the elite versus mass samples becomes clearer. Ir-

respective of state or covariate conditions, the elite sample reflects greater certainty,

with a narrower distribution of estimates, than the mass sample. Notably, the mass

sample appears further from the true values in their assessments of Trump across

states (always underestimating his vote share), although skew in the distribution

means that the mean across samples is not as inaccurate as the density suggests.

Despite having more diffuse priors than the elite sample, the mass and elite priors

regarding Clinton often coincide with the true values, as previously discussed. At

the same time, the difference in dispersion between the overall mass and elite pri-

ors is only truly evident when introducing covariate conditions, which potentially

arises from greater difficulty or discomfort with hypothetical conditions or prob-

abilistic assessments among respondents in the mass sample, particularly because

questions with covariates followed more generic questions without. This suppo-

sition does not, however, explain the greater uncertainty with respect to Trump’s

electoral performance. Moreover, this explanation suggests that more educated

members of the mass subset, or perhaps those with greater political knowledge,

should perform better and/or have greater certainty in their expected outcomes.

The plots in the following section provide evidence to evaluate this claim, delin-

eating each sample according to demographic characteristics.
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Figure 3.23: Overall: Mass with Covariates FL
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Figure 3.24: Overall: Mass with Covariates NC
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Figure 3.25: Overall: Mass with Covariates OH
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Figure 3.26: Overall: Mass with Covariates PA
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Figure 3.27: Overall: Mass with Covariates WI
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3.5.4 Difference Plots: Without Covariates

Implicit in the notion that elicitation should target “experts” is the assumption that

education or experience will confer particular area knowledge. This knowledge,

in turn, should improve estimates in empirical analyses in ways that justify the

costs of elicitation. Targeting distinct mass and elite samples for this project en-

gages with this assumption, but does not directly demonstrate the mechanism that

either education or pertinent knowledge translate to better elicited estimates; after

all, PhD students differ from the general population on a variety of dimensions,

including age, race, and party identification. The following difference plots com-

pare estimates across the mass and elite samples broken down according to their

demographic characteristics, both with and without covariates. While some cate-

gories do not allow for comparison (e.g., there are no members of the elite sample

who are over age 55 or who answered 0 political knowledge questions correctly,

and there are no members of the mass sample with a Ph.D.), these figures allow for

direct comparison along dimensions such as education and knowledge that are of-

ten thought to correlate with expertise. Throughout these plots by state, mass and

elite samples have extremely similar estimates within demographic categories.
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Figure 3.29: Differences without covariates: Florida
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Figure 3.30: Differences without covariates: North Carolina
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Figure 3.31: Differences without covariates: Ohio
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3.5.5 Difference Plots: With Covariates

As with the pooled results for mass and elite samples, the performance of each

group differs more when including covariates. Elite subsets have much less vari-

ation across samples in their estimates, although means are not always nearer to

true outcome values. Dispersion in the full prior distributions of elite and mass

subgroups are visualized in figures in the Appendix. Within the difference plots

in this section, however, the aim is to evaluate whether particular demographic

subsets provide more accurate predictions, and under which covariate conditions

they do so. In general, these results can provide a preliminary indication of what

kinds of individuals might be more likely to offer accurate assessments through

elicitation. In particular, if experts with more educational credentials or a higher

score on political knowledge questions provide mean estimates nearer to the true

values, these results would serve as evidence that “expertise” does indeed reside

with “experts” as conventionally defined.

As before, missing estimates across these plots suggest that no respondents of

that demographic characteristic received a particular question (e.g., no individu-

als in the mass sample evaluating Clinton’s performance in Florida also, following

the survey, answered 0 political knowledge questions correctly). First and fore-

most, the results according to education and, to a lesser extent, political knowl-

edge, demonstrate some preliminary evidence that expertise can or does reside

with “experts” as traditionally defined. That said, it is important to note that no

direct comparison between those in the political science PhD programs and those

in the general population who may have a PhD either in political science or another

field is possible. Current PhD students may benefit from being directly and con-

temporaneously engaged in educational endeavors related to politics in ways that

those with just a general higher level of education may not. The set of experts in the
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elite sample identifying as having a PhD level of education is also small, lending

to greater precision in their estimates.

Likewise, while elite responses are often more precise, and often more accu-

rate, they are not always closer to true values even when they are more certain of

their answers. That is, higher levels of education or political knowledge need not

imply the absence of bias. Subsetting the covariate results by party identification

demonstrates how strong party affiliation can and often does correlate with pro-

viding a biased assessment of each candidate’s potential vote share. Biases appear

in the expected directions, with “Strong Republican” respondents in either sample

overestimating Trump’s vote share and underestimating Clinton’s, while “Strong

Democrat” respondents tend to overestimate Clinton’s vote share (although not al-

ways to the same extent, particularly in the Florida results) while underestimating

Trump’s.

These results offer evidence in support of elicitation along several dimen-

sions. First, when not using covariate combinations in elicitation questions, mass

and elite samples perform relatively similarly and answers are usually centered

near or around true values. This indicates that elicitation may not need to be so

costly as is often assumed, depending on research aims. If the goal of eliciting pri-

ors is to provide bounds for extreme values or address concerns of quasi-perfect

separation (as will be further discussed in the next chapter), for example, elicita-

tion from either a small convenience sample of identified “experts” or a relatively

small representative sample can perform similarly, and elicitation perhaps need

not require extremely time-intensive elicitation frameworks. Where more preci-

sion is desirable, a non-random “elite” sample can still be relatively modest in size

and perform admirably. In circumstances where identifying individuals or sources

with the correct “expertise” is challenging or impossible, however, a representative
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population sample could be used instead. Conversely, in particularly challenging

contexts such as authoritarian or developing country settings where representative

sampling is difficult or impossible, or for very specific research questions, a small,

non-random set of “experts” may be sufficient. This observation has the immediate

implication that restricting the definition of “expert” to those with more education

or professional expertise may not be preferred; on the other hand, a modestly sized

representative sample may be more costly to contact, and these results suggest that

a smaller, non-random sample may perform just as well. By the same token, how-

ever, these results are conditional on the elicitation framework used. That is, with

an elicitation tool other than roulette, or with a survey or focus group structure

other than the online model used in this study, differences resulting from educa-

tion or underlying knowledge could be more evident.

Second, as the bias in the responses delineated by party identification demon-

strate, even assessments from modestly sized samples of respondents, and even

where those samples, as in the elite case, are relatively homogenous on other di-

mensions (e.g., race and education), can have significant variation. Visualizing vote

share estimates by party identification appears to reify a concern of scholars skep-

tical of “subjective” research designs involving elicitation, that eliciting priors even

from so-called “experts” has the potential to introduce significant bias. Attempt-

ing to identify and recruit “experts” without bias is likely an impossible goal, but

the overall group responses of both the mass and the elite samples, whether with

or without covariates, demonstrate that the Dirichlet-based clustering proposed in

the previous chapter and applied here provides a solution. Clustering can help

to incorporate divergent assessments, and the overall estimates provided by each

sample provide consistently accurate results.
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Figure 3.39: Differences with covariates: North Carolina Age



www.manaraa.com

118

●

●

●
●

●
●

●

●

●
●

●
●

●

●

●

●
●

●
●

●

●

●

●
●

●
●

●

●

●
●

●
●

●

●

●

●
●

●
●

●

●

●

●
●

●
●

●

●

●

●
●

●
●

●

●

●

●
●

●
●

●

●

●

●

●
●

●
●

●

●

●

●
●

●
●

●

●

●

●
●

●
●

●

●

●

●
●

●
●

●

●

●

●
●

●
●

●

●

●

●

●
●

●
●

●

●

●

●

●
●

●
●

●

Donald Trump Hillary Clinton

4%
 unem

pl.

0%
 ad m

argin

1 attacks

6%
 unem

pl.

0%
 ad m

argin

1 attacks

4%
 unem

pl.

20%
 ad m

argin

1 attacks

6%
 unem

pl.

20%
 ad m

argin

1 attacks

4%
 unem

pl.

0%
 ad m

argin

3 attacks

6%
 unem

pl.

0%
 ad m

argin

3 attacks

4%
 unem

pl.

20%
 ad m

argin

3 attacks

6%
 unem

pl.

20%
 ad m

argin

3 attacks

0.00 0.25 0.50 0.75 1.00 0.2 0.4 0.6

Less than High School/HS  Diploma

Some College/Associate's degree

Bachelor's degree

Master's degree

Professional degree (JD, MD, etc.)

PhD

Less than High School/HS  Diploma

Some College/Associate's degree

Bachelor's degree

Master's degree

Professional degree (JD, MD, etc.)

PhD

Less than High School/HS  Diploma

Some College/Associate's degree

Bachelor's degree

Master's degree

Professional degree (JD, MD, etc.)

PhD

Less than High School/HS  Diploma

Some College/Associate's degree

Bachelor's degree

Master's degree

Professional degree (JD, MD, etc.)

PhD

Less than High School/HS  Diploma

Some College/Associate's degree

Bachelor's degree

Master's degree

Professional degree (JD, MD, etc.)

PhD

Less than High School/HS  Diploma

Some College/Associate's degree

Bachelor's degree

Master's degree

Professional degree (JD, MD, etc.)

PhD

Less than High School/HS  Diploma

Some College/Associate's degree

Bachelor's degree

Master's degree

Professional degree (JD, MD, etc.)

PhD

Less than High School/HS  Diploma

Some College/Associate's degree

Bachelor's degree

Master's degree

Professional degree (JD, MD, etc.)

PhD

Vote Share

True Values

True Value

True 2−Party

Survey
●

●

Mass

Elite

North Carolina : Experts by Education
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Figure 3.41: Differences with covariates: North Carolina Party Identification
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Figure 3.46: Differences with covariates: Ohio Age
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Figure 3.47: Differences with covariates: Ohio Education
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Figure 3.48: Differences with covariates: Ohio Party Identification
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Figure 3.49: Differences with covariates: Ohio Political Knowledge
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Figure 3.54: Differences with covariates: Pennsylvania Education
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Figure 3.58: Differences with covariates: Pennsylvania Region
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Figure 3.59: Differences with covariates: Pennsylvania Sex
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Figure 3.60: Differences with covariates: Wisconsin Age
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Figure 3.61: Differences with covariates: Wisconsin Education
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Figure 3.65: Differences with covariates: Wisconsin Region
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3.6 Conclusion & Next Steps
The preceding analysis examines elicited priors concerning outcomes from the

2016 U.S. national election, evaluating the impact of “expertise” across mass and

elite samples as well as the role of clustering aggregation in improving predictions.

The results evaluated here reflect not only respondents’ raw predictions for the na-

tional election and returns in Florida, North Carolina, and Ohio, but also incorpo-

rate assessments of these returns, in addition to those in Pennsylvania and Wis-

consin, in conjunction with relevant covariates proxying for economic and security

conditions as well as campaign characteristics. The results incorporating covariate

conditions, and those across demographic characteristics of respondents in each of

the mass and elite samples, suggest that while education and knowledge may con-

fer the type of “expertise” often assumed in elicitation exercises, this need not be

the case. In particular, the modestly sized representative “mass” sample performs

comparably to the elite sample in tasks without covariates, and both are relatively

accurate, suggesting that “expertise” per se may not overly influence estimates in

relatively simple elicitation designs. Likewise, these results demonstrate that the

Dirichlet-based clustering proposed in the previous chapter adequately incorpo-

rates sometimes disparate estimates to provide an overall accurate evaluation of

potential vote share. These results in combination indicate that the selection of

“experts” may be flexible to the circumstances; that recruiting experts on the basis

of educational credentials may not be necessary where it proves too difficult, but

also that a small, non-random “elite” sample of experts can still provide accurate

estimates.

A more general question, of course, is the extent to which the abilities of ex-

perts in one task, such as this one, correlate with their ability to accurately provide

priors related to other questions. Specifically related to election forecasting, for ex-
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ample, research has demonstrated that economic voting may not be as prevalent

in contexts outside the United States (Lewis-Beck 2010; Jackman and Marks 1994).

This paper seeks to demonstrate that (a) “expertise” for elicitation can reside in

those beyond credentialed “experts” and (b) Dirichlet-based clustering of elicited

priors is an effective method for aggregating diverse priors to provide useful esti-

mates. Even so, the scope of contexts to which this method most usefully applies

requires further definition and specification.

3.6.1 Additional Analysis

The results in this paper will be complemented with several extensions to further

interrogate the “expertise” of respondents in each sample. In particular, the fol-

lowing extensions will provide additional insights about how best to identify and

construct a pool of “experts” for elicitation:

(1) In addition to including the clustering and analysis for the national election

results for the elite sample, the outcomes for U.S. House of Representatives

questions for the elite data will be matched against clustered estimates on

the basis of covariates (i.e., NOMINATE score, incumbency, unemployment,

Obama’s vote share).

(2) Further analysis will present results both with the mass and elite samples

clustered separately and while combining both samples into a single cluster-

ing process.

(3) Clustering results will be evaluated against simple averages for both samples.

(4) The mass survey was conducted from 24–28 October, 2016. The elite survey,

by contrast, remained open from 28 October through election day. Because

the elite sample had the ability to answer questions through election night, a
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further analysis will include groupings by time-stamp to assess whether pre-

dictions improve as the election is closer. Literature demonstrates that pre-

election polls conducted closer to the election produce more accurate results

(Linzer 2013).

(5) Beyond these additions, two extensions to the current analysis can provide a

basis for validation of the clustering process itself.

(a) Both across-cluster variance and error variance can vary by question

and can update in the course of the sampling process. Cluster-specific

(rather than question-specific) variance can provide some insight into

which clusters have more consensus, whether or not this correlates with

other measures (e.g., demographic characteristics or political knowledge),

and less coherent clusters could be down-weighted.

(b) In order to implement analyses incorporating the error variance, a prior

needs to be applied in order to prevent extreme values (potentially in a

hierarchical framework to use a common distribution).

3.6.2 A Note About Expertise & Self-Selection

The elite survey in this project highlights two interesting aspects of expertise-based

research that future studies should consider and further interrogate. First, although

the elite sample survey required approximately 10–20 minutes to answer, the par-

ticipation rate remained at 27% of those solicited. Why or under what conditions

individuals are willing to engage in research leveraging their expertise requires fu-

ture investigation in order to understand self-selection into “expert” pools. This ob-

servation intersects with the second interesting outcome of the elite survey, which

is that although the sample of students solicited was roughly equal in terms of sex,
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the final set of respondents self-identified as 71% men and only 29% women. This

imbalance suggests a difference in what types of individuals might self-identify as

“experts” in a given domain, while also reflecting potential differences in oppor-

tunity costs for solicited experts that future research should compensate. Distinct

from the concern that researchers conducting elicited-priors analyses may select

unbalanced samples of experts, this outcome indicates that even a good-faith ef-

fort to generate an inclusive sample may not always yield ideal results. Rather,

the clustering process articulated in this paper contributes to ameliorating these

types of discrepancies in at least two possible ways. First, the clustering process

itself may make transparent whether an analysis incorporates only an inordinately

small number of “schools of thought”—suggesting that further elicitation may be

necessary. Second, to the extent that women or minorities’ perspectives diverge

from majority perspectives in ways that distinguish them in separate clusters, the

clustering process provides greater weight to their opinions and can compensate

for under-sampling.
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3.7 Appendix

3.7.1 Prior Plots: Without Covariates
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Figure 3.67: Priors without covariates: Elite Age 18-29
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Figure 3.68: Priors without covariates: Elite Age 30-54
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Figure 3.69: Priors without covariates: Elite Education Bachelor’s degree
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Figure 3.70: Priors without covariates: Elite Education Master’s degree
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Figure 3.71: Priors without covariates: Elite Education PhD
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Figure 3.72: Priors without covariates: Elite Education Professional degree JD MD
etc
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Figure 3.73: Priors without covariates: Elite Party Identification Independent
Democrat
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Figure 3.74: Priors without covariates: Elite Party Identification Independent Re-
publican
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Figure 3.75: Priors without covariates: Elite Party Identification Independent



www.manaraa.com

158

Donald Trump Hillary Clinton

F
lorida

N
ational

N
orth C

arolina
O

hio

0.00 0.25 0.50 0.75 1.00 0.00 0.25 0.50 0.75 1.00

0

1

2

3

4

0

1

2

3

4

0

1

2

3

4

0

1

2

3

4

Vote Share

Actual Share

True Value

True 2−Party

Elite Survey: Respondents with Party
Identification − Strong Democrat

Figure 3.76: Priors without covariates: Elite Party Identification Strong Democrat
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Figure 3.77: Priors without covariates: Elite Party Identification Strong Republican
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Figure 3.78: Priors without covariates: Elite Party Identification Weak Democrat
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Figure 3.79: Priors without covariates: Elite Party Identification Weak Republican
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Figure 3.80: Priors without covariates: Elite Political Knowledge 1-2
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Figure 3.81: Priors without covariates: Elite Political Knowledge 3-4
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Figure 3.82: Priors without covariates: Elite Political Knowledge 5
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Figure 3.83: Priors without covariates: Elite Race Asian
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Figure 3.84: Priors without covariates: Elite Race Black
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Figure 3.85: Priors without covariates: Elite Race Latinx or Hispanic
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Figure 3.86: Priors without covariates: Elite Race Other
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Elite Survey: Respondents with Race − White/Caucasian

Figure 3.87: Priors without covariates: Elite Race White Caucasian
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Elite Survey: Respondents with Region − Midwest

Figure 3.88: Priors without covariates: Elite Region Midwest
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Elite Survey: Respondents with Region − Northeast

Figure 3.89: Priors without covariates: Elite Region Northeast



www.manaraa.com

172

Donald Trump Hillary Clinton

F
lorida

N
ational

N
orth C

arolina
O

hio

0.00 0.25 0.50 0.75 1.00 0.00 0.25 0.50 0.75 1.00

0

1

2

3

4

0

1

2

3

4

0

1

2

3

4

0

1

2

3

4

Vote Share

Actual Share

True Value

True 2−Party

Elite Survey: Respondents with Region − South

Figure 3.90: Priors without covariates: Elite Region South
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Elite Survey: Respondents with Region − West

Figure 3.91: Priors without covariates: Elite Region West
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Figure 3.92: Priors without covariates: Elite Sex Female
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Elite Survey: Respondents with Sex − Male

Figure 3.93: Priors without covariates: Elite Sex Male
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Mass Survey: Respondents with Age − 18−29

Figure 3.94: Priors without covariates: Mass Age 18-29
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Mass Survey: Respondents with Age − 30−54

Figure 3.95: Priors without covariates: Mass Age 30-54
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Mass Survey: Respondents with Age − 55+

Figure 3.96: Priors without covariates: Mass Age 55+
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Mass Survey: Respondents with Education − Bachelor's degree

Figure 3.97: Priors without covariates: Mass Education Bachelor’s degree
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Figure 3.98: Priors without covariates: Mass Education Less than High School HS
Diploma
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Mass Survey: Respondents with Education − Master's degree

Figure 3.99: Priors without covariates: Mass Education Master’s degree
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Figure 3.100: Priors without covariates: Mass Education Some College Associate’s
degree
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Mass Survey: Respondents with Party
Identification − Independent Democrat

Figure 3.101: Priors without covariates: Mass Party Identification Independent
Democrat
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Identification − Independent Republican

Figure 3.102: Priors without covariates: Mass Party Identification Independent Re-
publican
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Identification − Independent

Figure 3.103: Priors without covariates: Mass Party Identification Independent
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Figure 3.104: Priors without covariates: Mass Party Identification Strong Democrat
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Identification − Strong Republican

Figure 3.105: Priors without covariates: Mass Party Identification Strong Republi-
can
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Figure 3.106: Priors without covariates: Mass Party Identification Weak Democrat
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Figure 3.107: Priors without covariates: Mass Party Identification Weak Republican
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Knowledge − 0

Figure 3.108: Priors without covariates: Mass Political Knowledge 0
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Figure 3.109: Priors without covariates: Mass Political Knowledge 1-2
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Knowledge − 3−4

Figure 3.110: Priors without covariates: Mass Political Knowledge 3-4
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Knowledge − 5

Figure 3.111: Priors without covariates: Mass Political Knowledge 5
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Figure 3.112: Priors without covariates: Mass Race Black
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Figure 3.113: Priors without covariates: Mass Race Latinx or Hispanic
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Figure 3.114: Priors without covariates: Mass Race Other
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Figure 3.115: Priors without covariates: Mass Race White Caucasian
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Figure 3.116: Priors without covariates: Mass Region Midwest
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Mass Survey: Respondents with Region − Northeast

Figure 3.117: Priors without covariates: Mass Region Northeast
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Mass Survey: Respondents with Region − South

Figure 3.118: Priors without covariates: Mass Region South
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Figure 3.119: Priors without covariates: Mass Region West
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Figure 3.120: Priors without covariates: Mass Sex Female
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Figure 3.121: Priors without covariates: Mass Sex Male
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Figure 3.122: Priors with covariates: Elite Florida Age 18-29
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Figure 3.123: Priors with covariates: Elite Florida Age 30-54
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Figure 3.124: Priors with covariates: Elite Florida Education Bachelor’s degree
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Elite Survey: Respondents with Education − Master's degree for Florida

Figure 3.125: Priors with covariates: Elite Florida Education Master’s degree
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Figure 3.126: Priors with covariates: Elite Florida Education PhD
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Figure 3.127: Priors with covariates: Elite Florida Education Professional degree
JD MD etc
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Figure 3.128: Priors with covariates: Elite Florida Party Identification Independent
Democrat
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Figure 3.129: Priors with covariates: Elite Florida Party Identification Independent
Republican
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Identification − Independent for Florida

Figure 3.130: Priors with covariates: Elite Florida Party Identification Independent
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Figure 3.131: Priors with covariates: Elite Florida Party Identification Strong Demo-
crat
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Figure 3.132: Priors with covariates: Elite Florida Party Identification Strong Re-
publican
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Figure 3.133: Priors with covariates: Elite Florida Party Identification Weak Demo-
crat
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Figure 3.134: Priors with covariates: Elite Florida Party Identification Weak Repub-
lican
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Figure 3.135: Priors with covariates: Elite Florida Political Knowledge 1-2
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Figure 3.136: Priors with covariates: Elite Florida Political Knowledge 3-4
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Figure 3.137: Priors with covariates: Elite Florida Political Knowledge 5
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Figure 3.138: Priors with covariates: Elite Florida Race Asian
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Figure 3.139: Priors with covariates: Elite Florida Race Black
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Figure 3.140: Priors with covariates: Elite Florida Race Latinx or Hispanic
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Figure 3.141: Priors with covariates: Elite Florida Race Other
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Figure 3.142: Priors with covariates: Elite Florida Race White Caucasian
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Figure 3.143: Priors with covariates: Elite Florida Region Midwest
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Figure 3.144: Priors with covariates: Elite Florida Region Northeast
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Figure 3.145: Priors with covariates: Elite Florida Region South
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Figure 3.146: Priors with covariates: Elite Florida Region West
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Figure 3.147: Priors with covariates: Elite Florida Sex Female
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Figure 3.148: Priors with covariates: Elite Florida Sex Male



www.manaraa.com

232

Donald Trump Hillary Clinton

4%
 unem

pl.

0%
 ad m

argin

1 attacks

6%
 unem

pl.

0%
 ad m

argin

1 attacks

4%
 unem

pl.

20%
 ad m

argin

1 attacks

6%
 unem

pl.

20%
 ad m

argin

1 attacks

4%
 unem

pl.

0%
 ad m

argin

3 attacks

6%
 unem

pl.

0%
 ad m

argin

3 attacks

4%
 unem

pl.

20%
 ad m

argin

3 attacks

6%
 unem

pl.

20%
 ad m

argin

3 attacks

0.00 0.25 0.50 0.75 1.00 0.00 0.25 0.50 0.75 1.00

0

3

6

9

0

3

6

9

0

3

6

9

0

3

6

9

0

3

6

9

0

3

6

9

0

3

6

9

0

3

6

9

Vote Share

Actual Share

True Value

True 2−Party

Elite Survey: Respondents with Age − 18−29 for North Carolina

Figure 3.149: Priors with covariates: Elite North Carolina Age 18-29
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Figure 3.150: Priors with covariates: Elite North Carolina Age 30-54
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Figure 3.151: Priors with covariates: Elite North Carolina Education Bachelor’s de-
gree
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Figure 3.152: Priors with covariates: Elite North Carolina Education Master’s de-
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Figure 3.153: Priors with covariates: Elite North Carolina Education PhD
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Figure 3.154: Priors with covariates: Elite North Carolina Education Professional
degree JD MD etc
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Figure 3.155: Priors with covariates: Elite North Carolina Party Identification In-
dependent Democrat
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Figure 3.156: Priors with covariates: Elite North Carolina Party Identification In-
dependent Republican
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Figure 3.157: Priors with covariates: Elite North Carolina Party Identification In-
dependent
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Figure 3.158: Priors with covariates: Elite North Carolina Party Identification
Strong Democrat
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Strong Republican
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Figure 3.160: Priors with covariates: Elite North Carolina Party Identification Weak
Democrat
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www.manaraa.com

246

Donald Trump Hillary Clinton

4%
 unem

pl.

0%
 ad m

argin

1 attacks

6%
 unem

pl.

0%
 ad m

argin

1 attacks

4%
 unem

pl.

20%
 ad m

argin

1 attacks

6%
 unem

pl.

20%
 ad m

argin

1 attacks

4%
 unem

pl.

0%
 ad m

argin

3 attacks

6%
 unem

pl.

0%
 ad m

argin

3 attacks

4%
 unem

pl.

20%
 ad m

argin

3 attacks

6%
 unem

pl.

20%
 ad m

argin

3 attacks

0.00 0.25 0.50 0.75 1.00 0.00 0.25 0.50 0.75 1.00

0

3

6

9

12

0

3

6

9

12

0

3

6

9

12

0

3

6

9

12

0

3

6

9

12

0

3

6

9

12

0

3

6

9

12

0

3

6

9

12

Vote Share

Actual Share

True Value

True 2−Party

Elite Survey: Respondents with Political
Knowledge − 3−4 for North Carolina

Figure 3.163: Priors with covariates: Elite North Carolina Political Knowledge 3-4
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Figure 3.164: Priors with covariates: Elite North Carolina Political Knowledge 5
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Figure 3.165: Priors with covariates: Elite North Carolina Race Asian
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Figure 3.166: Priors with covariates: Elite North Carolina Race Black
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Figure 3.167: Priors with covariates: Elite North Carolina Race Latinx or Hispanic
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Figure 3.168: Priors with covariates: Elite North Carolina Race Other



www.manaraa.com

252

Donald Trump Hillary Clinton

4%
 unem

pl.

0%
 ad m

argin

1 attacks

6%
 unem

pl.

0%
 ad m

argin

1 attacks

4%
 unem

pl.

20%
 ad m

argin

1 attacks

6%
 unem

pl.

20%
 ad m

argin

1 attacks

4%
 unem

pl.

0%
 ad m

argin

3 attacks

6%
 unem

pl.

0%
 ad m

argin

3 attacks

4%
 unem

pl.

20%
 ad m

argin

3 attacks

6%
 unem

pl.

20%
 ad m

argin

3 attacks

0.00 0.25 0.50 0.75 1.00 0.00 0.25 0.50 0.75 1.00

0

3

6

9

0

3

6

9

0

3

6

9

0

3

6

9

0

3

6

9

0

3

6

9

0

3

6

9

0

3

6

9

Vote Share

Actual Share

True Value

True 2−Party

Elite Survey: Respondents with Race − White/Caucasian for North Carolina

Figure 3.169: Priors with covariates: Elite North Carolina Race White Caucasian
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Figure 3.170: Priors with covariates: Elite North Carolina Region Midwest
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Figure 3.171: Priors with covariates: Elite North Carolina Region Northeast
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Figure 3.172: Priors with covariates: Elite North Carolina Region South
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Figure 3.173: Priors with covariates: Elite North Carolina Region West
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Figure 3.174: Priors with covariates: Elite North Carolina Sex Female
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Figure 3.175: Priors with covariates: Elite North Carolina Sex Male
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Elite Survey: Respondents with Age − 18−29 for Ohio

Figure 3.176: Priors with covariates: Elite Ohio Age 18-29
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Figure 3.177: Priors with covariates: Elite Ohio Age 30-54
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Figure 3.178: Priors with covariates: Elite Ohio Education Bachelor’s degree
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Figure 3.179: Priors with covariates: Elite Ohio Education Master’s degree
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Figure 3.180: Priors with covariates: Elite Ohio Education PhD
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Figure 3.181: Priors with covariates: Elite Ohio Education Professional degree JD
MD etc
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Figure 3.182: Priors with covariates: Elite Ohio Party Identification Independent
Democrat
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Figure 3.183: Priors with covariates: Elite Ohio Party Identification Independent
Republican
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Figure 3.184: Priors with covariates: Elite Ohio Party Identification Independent
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Figure 3.185: Priors with covariates: Elite Ohio Party Identification Strong Demo-
crat
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Figure 3.186: Priors with covariates: Elite Ohio Party Identification Strong Repub-
lican
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Figure 3.187: Priors with covariates: Elite Ohio Party Identification Weak Democrat
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Figure 3.188: Priors with covariates: Elite Ohio Party Identification Weak Republi-
can
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Figure 3.189: Priors with covariates: Elite Ohio Political Knowledge 1-2
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Figure 3.190: Priors with covariates: Elite Ohio Political Knowledge 3-4
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Figure 3.191: Priors with covariates: Elite Ohio Political Knowledge 5
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Figure 3.192: Priors with covariates: Elite Ohio Race Asian
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Figure 3.193: Priors with covariates: Elite Ohio Race Black
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Figure 3.194: Priors with covariates: Elite Ohio Race Latinx or Hispanic
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Figure 3.195: Priors with covariates: Elite Ohio Race Other
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Figure 3.196: Priors with covariates: Elite Ohio Race White Caucasian
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Figure 3.197: Priors with covariates: Elite Ohio Region Midwest
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Figure 3.198: Priors with covariates: Elite Ohio Region Northeast



www.manaraa.com

282

Donald Trump Hillary Clinton

4%
 unem

pl.

0%
 ad m

argin

1 attacks

6%
 unem

pl.

0%
 ad m

argin

1 attacks

4%
 unem

pl.

20%
 ad m

argin

1 attacks

6%
 unem

pl.

20%
 ad m

argin

1 attacks

4%
 unem

pl.

0%
 ad m

argin

3 attacks

6%
 unem

pl.

0%
 ad m

argin

3 attacks

4%
 unem

pl.

20%
 ad m

argin

3 attacks

6%
 unem

pl.

20%
 ad m

argin

3 attacks

0.00 0.25 0.50 0.75 1.00 0.00 0.25 0.50 0.75 1.00

0

5

10

15

0

5

10

15

0

5

10

15

0

5

10

15

0

5

10

15

0

5

10

15

0

5

10

15

0

5

10

15

Vote Share

Actual Share

True Value

True 2−Party

Elite Survey: Respondents with Region − South for Ohio

Figure 3.199: Priors with covariates: Elite Ohio Region South
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Figure 3.200: Priors with covariates: Elite Ohio Region West
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Figure 3.201: Priors with covariates: Elite Ohio Sex Female
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Figure 3.202: Priors with covariates: Elite Ohio Sex Male
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Figure 3.203: Priors with covariates: Elite Pennsylvania Age 18-29
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Figure 3.204: Priors with covariates: Elite Pennsylvania Age 30-54
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Figure 3.205: Priors with covariates: Elite Pennsylvania Education Bachelor’s de-
gree
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Figure 3.206: Priors with covariates: Elite Pennsylvania Education Master’s degree



www.manaraa.com

290

Donald Trump Hillary Clinton

4%
 unem

pl.

0%
 ad m

argin

1 attacks

6%
 unem

pl.

0%
 ad m

argin

1 attacks

4%
 unem

pl.

20%
 ad m

argin

1 attacks

6%
 unem

pl.

20%
 ad m

argin

1 attacks

4%
 unem

pl.

0%
 ad m

argin

3 attacks

6%
 unem

pl.

0%
 ad m

argin

3 attacks

4%
 unem

pl.

20%
 ad m

argin

3 attacks

6%
 unem

pl.

20%
 ad m

argin

3 attacks

0.00 0.25 0.50 0.75 1.00 0.00 0.25 0.50 0.75 1.00

0

3

6

9

0

3

6

9

0

3

6

9

0

3

6

9

0

3

6

9

0

3

6

9

0

3

6

9

0

3

6

9

Vote Share

Actual Share

True Value

True 2−Party

Elite Survey: Respondents with Education − PhD for Pennsylvania

Figure 3.207: Priors with covariates: Elite Pennsylvania Education PhD
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Figure 3.208: Priors with covariates: Elite Pennsylvania Education Professional de-
gree JD MD etc
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Figure 3.209: Priors with covariates: Elite Pennsylvania Party Identification Inde-
pendent Democrat
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Figure 3.210: Priors with covariates: Elite Pennsylvania Party Identification Inde-
pendent Republican
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Figure 3.211: Priors with covariates: Elite Pennsylvania Party Identification Inde-
pendent
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Figure 3.212: Priors with covariates: Elite Pennsylvania Party Identification Strong
Democrat
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Figure 3.213: Priors with covariates: Elite Pennsylvania Party Identification Strong
Republican
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Figure 3.214: Priors with covariates: Elite Pennsylvania Party Identification Weak
Democrat
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Figure 3.215: Priors with covariates: Elite Pennsylvania Party Identification Weak
Republican
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Figure 3.216: Priors with covariates: Elite Pennsylvania Political Knowledge 1-2
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Figure 3.217: Priors with covariates: Elite Pennsylvania Political Knowledge 3-4
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Figure 3.218: Priors with covariates: Elite Pennsylvania Political Knowledge 5
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Figure 3.219: Priors with covariates: Elite Pennsylvania Race Asian
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Figure 3.220: Priors with covariates: Elite Pennsylvania Race Black
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Figure 3.221: Priors with covariates: Elite Pennsylvania Race Latinx or Hispanic
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Figure 3.222: Priors with covariates: Elite Pennsylvania Race Other
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Figure 3.223: Priors with covariates: Elite Pennsylvania Race White Caucasian
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Figure 3.224: Priors with covariates: Elite Pennsylvania Region Midwest
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Figure 3.225: Priors with covariates: Elite Pennsylvania Region Northeast
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Figure 3.226: Priors with covariates: Elite Pennsylvania Region South
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Figure 3.227: Priors with covariates: Elite Pennsylvania Region West
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Figure 3.228: Priors with covariates: Elite Pennsylvania Sex Female
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Figure 3.229: Priors with covariates: Elite Pennsylvania Sex Male
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Figure 3.230: Priors with covariates: Elite Wisconsin Age 18-29
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Figure 3.231: Priors with covariates: Elite Wisconsin Age 30-54
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Figure 3.232: Priors with covariates: Elite Wisconsin Education Bachelor’s degree
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Figure 3.233: Priors with covariates: Elite Wisconsin Education Master’s degree
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Figure 3.234: Priors with covariates: Elite Wisconsin Education PhD
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Figure 3.235: Priors with covariates: Elite Wisconsin Education Professional degree
JD MD etc
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Figure 3.236: Priors with covariates: Elite Wisconsin Party Identification Indepen-
dent Democrat
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Figure 3.237: Priors with covariates: Elite Wisconsin Party Identification Indepen-
dent Republican
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Figure 3.238: Priors with covariates: Elite Wisconsin Party Identification Indepen-
dent
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Figure 3.239: Priors with covariates: Elite Wisconsin Party Identification Strong
Democrat
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Figure 3.240: Priors with covariates: Elite Wisconsin Party Identification Strong
Republican



www.manaraa.com

324

Donald Trump Hillary Clinton

4%
 unem

pl.

0%
 ad m

argin

1 attacks

6%
 unem

pl.

0%
 ad m

argin

1 attacks

4%
 unem

pl.

20%
 ad m

argin

1 attacks

6%
 unem

pl.

20%
 ad m

argin

1 attacks

4%
 unem

pl.

0%
 ad m

argin

3 attacks

6%
 unem

pl.

0%
 ad m

argin

3 attacks

4%
 unem

pl.

20%
 ad m

argin

3 attacks

6%
 unem

pl.

20%
 ad m

argin

3 attacks

0.00 0.25 0.50 0.75 1.00 0.00 0.25 0.50 0.75 1.00

0

5

10

15

0

5

10

15

0

5

10

15

0

5

10

15

0

5

10

15

0

5

10

15

0

5

10

15

0

5

10

15

Vote Share

Actual Share

True Value

True 2−Party

Elite Survey: Respondents with Party
Identification − Weak Democrat for Wisconsin

Figure 3.241: Priors with covariates: Elite Wisconsin Party Identification Weak
Democrat
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Figure 3.242: Priors with covariates: Elite Wisconsin Party Identification Weak Re-
publican
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Figure 3.243: Priors with covariates: Elite Wisconsin Political Knowledge 1-2
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Figure 3.244: Priors with covariates: Elite Wisconsin Political Knowledge 3-4
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Figure 3.245: Priors with covariates: Elite Wisconsin Political Knowledge 5
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Figure 3.246: Priors with covariates: Elite Wisconsin Race Asian
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Figure 3.247: Priors with covariates: Elite Wisconsin Race Black
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Figure 3.248: Priors with covariates: Elite Wisconsin Race Latinx or Hispanic
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Figure 3.249: Priors with covariates: Elite Wisconsin Race Other
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Figure 3.250: Priors with covariates: Elite Wisconsin Race White Caucasian
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Figure 3.251: Priors with covariates: Elite Wisconsin Region Midwest
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Figure 3.252: Priors with covariates: Elite Wisconsin Region Northeast
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Figure 3.253: Priors with covariates: Elite Wisconsin Region South
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Figure 3.254: Priors with covariates: Elite Wisconsin Region West
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Figure 3.257: Priors with covariates: Mass Florida Age 18-29
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Figure 3.260: Priors with covariates: Mass Florida Education Bachelor’s degree
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Figure 3.262: Priors with covariates: Mass Florida Education Master’s degree
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Figure 3.264: Priors with covariates: Mass Florida Party Identification Independent
Democrat
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Figure 3.265: Priors with covariates: Mass Florida Party Identification Independent
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Figure 3.266: Priors with covariates: Mass Florida Party Identification Independent
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Figure 3.267: Priors with covariates: Mass Florida Party Identification Strong
Democrat
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Figure 3.271: Priors with covariates: Mass Florida Political Knowledge 0



www.manaraa.com

355

Donald Trump Hillary Clinton

4%
 unem

pl.

0%
 ad m

argin

1 attacks

6%
 unem

pl.

0%
 ad m

argin

1 attacks

4%
 unem

pl.

20%
 ad m

argin

1 attacks

6%
 unem

pl.

20%
 ad m

argin

1 attacks

4%
 unem

pl.

0%
 ad m

argin

3 attacks

6%
 unem

pl.

0%
 ad m

argin

3 attacks

4%
 unem

pl.

20%
 ad m

argin

3 attacks

6%
 unem

pl.

20%
 ad m

argin

3 attacks

0.00 0.25 0.50 0.75 1.00 0.00 0.25 0.50 0.75 1.00

0

3

6

9

0

3

6

9

0

3

6

9

0

3

6

9

0

3

6

9

0

3

6

9

0

3

6

9

0

3

6

9

Vote Share

Actual Share

True Value

True 2−Party

Mass Survey: Respondents with Political
Knowledge − 1−2 for Florida

Figure 3.272: Priors with covariates: Mass Florida Political Knowledge 1-2
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Figure 3.273: Priors with covariates: Mass Florida Political Knowledge 3-4
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Figure 3.274: Priors with covariates: Mass Florida Political Knowledge 5
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Figure 3.275: Priors with covariates: Mass Florida Race Black
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Figure 3.276: Priors with covariates: Mass Florida Race Latinx or Hispanic
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Figure 3.277: Priors with covariates: Mass Florida Race Other
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Figure 3.278: Priors with covariates: Mass Florida Race White Caucasian
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Figure 3.279: Priors with covariates: Mass Florida Region Midwest
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Figure 3.280: Priors with covariates: Mass Florida Region Northeast
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Figure 3.281: Priors with covariates: Mass Florida Region South
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Figure 3.282: Priors with covariates: Mass Florida Region West



www.manaraa.com

366

Donald Trump Hillary Clinton

4%
 unem

pl.

0%
 ad m

argin

1 attacks

6%
 unem

pl.

0%
 ad m

argin

1 attacks

4%
 unem

pl.

20%
 ad m

argin

1 attacks

6%
 unem

pl.

20%
 ad m

argin

1 attacks

4%
 unem

pl.

0%
 ad m

argin

3 attacks

6%
 unem

pl.

0%
 ad m

argin

3 attacks

4%
 unem

pl.

20%
 ad m

argin

3 attacks

6%
 unem

pl.

20%
 ad m

argin

3 attacks

0.00 0.25 0.50 0.75 1.00 0.00 0.25 0.50 0.75 1.00

0

1

2

3

4

0

1

2

3

4

0

1

2

3

4

0

1

2

3

4

0

1

2

3

4

0

1

2

3

4

0

1

2

3

4

0

1

2

3

4

Vote Share

Actual Share

True Value

True 2−Party

Mass Survey: Respondents with Sex − Female for Florida

Figure 3.283: Priors with covariates: Mass Florida Sex Female
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Figure 3.284: Priors with covariates: Mass Florida Sex Male
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Figure 3.285: Priors with covariates: Mass North Carolina Age 18-29
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Figure 3.286: Priors with covariates: Mass North Carolina Age 30-54
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Figure 3.287: Priors with covariates: Mass North Carolina Age 55+
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Figure 3.288: Priors with covariates: Mass North Carolina Education Bachelor’s
degree
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Figure 3.289: Priors with covariates: Mass North Carolina Education Less than
High School HS Diploma
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Figure 3.290: Priors with covariates: Mass North Carolina Education Master’s de-
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Figure 3.291: Priors with covariates: Mass North Carolina Education Some College
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Figure 3.292: Priors with covariates: Mass North Carolina Party Identification In-
dependent Democrat
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Figure 3.301: Priors with covariates: Mass North Carolina Political Knowledge 3-4
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Figure 3.303: Priors with covariates: Mass North Carolina Race Black



www.manaraa.com

387

Donald Trump Hillary Clinton

4%
 unem

pl.

0%
 ad m

argin

1 attacks

6%
 unem

pl.

0%
 ad m

argin

1 attacks

4%
 unem

pl.

20%
 ad m

argin

1 attacks

6%
 unem

pl.

20%
 ad m

argin

1 attacks

4%
 unem

pl.

0%
 ad m

argin

3 attacks

6%
 unem

pl.

0%
 ad m

argin

3 attacks

4%
 unem

pl.

20%
 ad m

argin

3 attacks

6%
 unem

pl.

20%
 ad m

argin

3 attacks

0.00 0.25 0.50 0.75 1.00 0.00 0.25 0.50 0.75 1.00

0

2

4

6

0

2

4

6

0

2

4

6

0

2

4

6

0

2

4

6

0

2

4

6

0

2

4

6

0

2

4

6

Vote Share

Actual Share

True Value

True 2−Party

Mass Survey: Respondents with Race − Latinx or Hispanic for North Carolina

Figure 3.304: Priors with covariates: Mass North Carolina Race Latinx or Hispanic
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Figure 3.308: Priors with covariates: Mass North Carolina Region Northeast
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Figure 3.309: Priors with covariates: Mass North Carolina Region South
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Figure 3.310: Priors with covariates: Mass North Carolina Region West
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Figure 3.311: Priors with covariates: Mass North Carolina Sex Female
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Figure 3.312: Priors with covariates: Mass North Carolina Sex Male
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Figure 3.313: Priors with covariates: Mass Ohio Age 18-29
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Figure 3.314: Priors with covariates: Mass Ohio Age 30-54
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Figure 3.315: Priors with covariates: Mass Ohio Age 55+
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Figure 3.316: Priors with covariates: Mass Ohio Education Bachelor’s degree
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Figure 3.317: Priors with covariates: Mass Ohio Education Less than High School
HS Diploma
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Figure 3.318: Priors with covariates: Mass Ohio Education Master’s degree
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Figure 3.319: Priors with covariates: Mass Ohio Education Some College Asso-
ciate’s degree
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Figure 3.320: Priors with covariates: Mass Ohio Party Identification Independent
Democrat
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Figure 3.321: Priors with covariates: Mass Ohio Party Identification Independent
Republican
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Figure 3.322: Priors with covariates: Mass Ohio Party Identification Independent
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Figure 3.323: Priors with covariates: Mass Ohio Party Identification Strong Demo-
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Figure 3.324: Priors with covariates: Mass Ohio Party Identification Strong Repub-
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Figure 3.325: Priors with covariates: Mass Ohio Party Identification Weak Demo-
crat
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Figure 3.326: Priors with covariates: Mass Ohio Party Identification Weak Repub-
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Figure 3.327: Priors with covariates: Mass Ohio Political Knowledge 0
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Figure 3.328: Priors with covariates: Mass Ohio Political Knowledge 1-2
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Figure 3.329: Priors with covariates: Mass Ohio Political Knowledge 3-4
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Figure 3.330: Priors with covariates: Mass Ohio Political Knowledge 5
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Figure 3.331: Priors with covariates: Mass Ohio Race Black



www.manaraa.com

415

Donald Trump Hillary Clinton

4%
 unem

pl.

0%
 ad m

argin

1 attacks

6%
 unem

pl.

0%
 ad m

argin

1 attacks

4%
 unem

pl.

20%
 ad m

argin

1 attacks

6%
 unem

pl.

20%
 ad m

argin

1 attacks

4%
 unem

pl.

0%
 ad m

argin

3 attacks

6%
 unem

pl.

0%
 ad m

argin

3 attacks

4%
 unem

pl.

20%
 ad m

argin

3 attacks

6%
 unem

pl.

20%
 ad m

argin

3 attacks

0.00 0.25 0.50 0.75 1.00 0.00 0.25 0.50 0.75 1.00

0

2

4

6

0

2

4

6

0

2

4

6

0

2

4

6

0

2

4

6

0

2

4

6

0

2

4

6

0

2

4

6

Vote Share

Actual Share

True Value

True 2−Party

Mass Survey: Respondents with Race − Latinx or Hispanic for Ohio

Figure 3.332: Priors with covariates: Mass Ohio Race Latinx or Hispanic
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Figure 3.333: Priors with covariates: Mass Ohio Race Other



www.manaraa.com

417

Donald Trump Hillary Clinton

4%
 unem

pl.

0%
 ad m

argin

1 attacks

6%
 unem

pl.

0%
 ad m

argin

1 attacks

4%
 unem

pl.

20%
 ad m

argin

1 attacks

6%
 unem

pl.

20%
 ad m

argin

1 attacks

4%
 unem

pl.

0%
 ad m

argin

3 attacks

6%
 unem

pl.

0%
 ad m

argin

3 attacks

4%
 unem

pl.

20%
 ad m

argin

3 attacks

6%
 unem

pl.

20%
 ad m

argin

3 attacks

0.00 0.25 0.50 0.75 1.00 0.00 0.25 0.50 0.75 1.00

0

1

2

3

4

0

1

2

3

4

0

1

2

3

4

0

1

2

3

4

0

1

2

3

4

0

1

2

3

4

0

1

2

3

4

0

1

2

3

4

Vote Share

Actual Share

True Value

True 2−Party

Mass Survey: Respondents with Race − White/Caucasian for Ohio

Figure 3.334: Priors with covariates: Mass Ohio Race White Caucasian
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Figure 3.335: Priors with covariates: Mass Ohio Region Midwest
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Figure 3.336: Priors with covariates: Mass Ohio Region Northeast
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Figure 3.337: Priors with covariates: Mass Ohio Region South
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Figure 3.338: Priors with covariates: Mass Ohio Region West
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Figure 3.339: Priors with covariates: Mass Ohio Sex Female
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Figure 3.340: Priors with covariates: Mass Ohio Sex Male
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Figure 3.341: Priors with covariates: Mass Pennsylvania Age 18-29
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Figure 3.342: Priors with covariates: Mass Pennsylvania Age 30-54
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Figure 3.343: Priors with covariates: Mass Pennsylvania Age 55+
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Figure 3.344: Priors with covariates: Mass Pennsylvania Education Bachelor’s de-
gree
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Figure 3.345: Priors with covariates: Mass Pennsylvania Education Less than High
School HS Diploma
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Figure 3.346: Priors with covariates: Mass Pennsylvania Education Master’s degree
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Figure 3.347: Priors with covariates: Mass Pennsylvania Education Some College
Associate’s degree
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Figure 3.348: Priors with covariates: Mass Pennsylvania Party Identification Inde-
pendent Democrat
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Figure 3.349: Priors with covariates: Mass Pennsylvania Party Identification Inde-
pendent Republican
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Figure 3.350: Priors with covariates: Mass Pennsylvania Party Identification Inde-
pendent
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Figure 3.351: Priors with covariates: Mass Pennsylvania Party Identification Strong
Democrat
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Figure 3.352: Priors with covariates: Mass Pennsylvania Party Identification Strong
Republican
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Figure 3.353: Priors with covariates: Mass Pennsylvania Party Identification Weak
Democrat
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Figure 3.354: Priors with covariates: Mass Pennsylvania Party Identification Weak
Republican
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Figure 3.355: Priors with covariates: Mass Pennsylvania Political Knowledge 0
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Figure 3.356: Priors with covariates: Mass Pennsylvania Political Knowledge 1-2
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Figure 3.357: Priors with covariates: Mass Pennsylvania Political Knowledge 3-4
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Figure 3.358: Priors with covariates: Mass Pennsylvania Political Knowledge 5



www.manaraa.com

442

Donald Trump Hillary Clinton

4%
 unem

pl.

0%
 ad m

argin

1 attacks

6%
 unem

pl.

0%
 ad m

argin

1 attacks

4%
 unem

pl.

20%
 ad m

argin

1 attacks

6%
 unem

pl.

20%
 ad m

argin

1 attacks

4%
 unem

pl.

0%
 ad m

argin

3 attacks

6%
 unem

pl.

0%
 ad m

argin

3 attacks

4%
 unem

pl.

20%
 ad m

argin

3 attacks

6%
 unem

pl.

20%
 ad m

argin

3 attacks

0.00 0.25 0.50 0.75 1.00 0.00 0.25 0.50 0.75 1.00

0

2

4

0

2

4

0

2

4

0

2

4

0

2

4

0

2

4

0

2

4

0

2

4

Vote Share

Actual Share

True Value

True 2−Party

Mass Survey: Respondents with Race − Black for Pennsylvania

Figure 3.359: Priors with covariates: Mass Pennsylvania Race Black
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Figure 3.360: Priors with covariates: Mass Pennsylvania Race Latinx or Hispanic
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Figure 3.361: Priors with covariates: Mass Pennsylvania Race Other
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Figure 3.362: Priors with covariates: Mass Pennsylvania Race White Caucasian
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Figure 3.363: Priors with covariates: Mass Pennsylvania Region Midwest
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Figure 3.364: Priors with covariates: Mass Pennsylvania Region Northeast
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Figure 3.365: Priors with covariates: Mass Pennsylvania Region South
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Figure 3.366: Priors with covariates: Mass Pennsylvania Region West
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Figure 3.367: Priors with covariates: Mass Pennsylvania Sex Female
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Figure 3.368: Priors with covariates: Mass Pennsylvania Sex Male
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Figure 3.369: Priors with covariates: Mass Wisconsin Age 18-29



www.manaraa.com

453

Donald Trump Hillary Clinton

4%
 unem

pl.

0%
 ad m

argin

1 attacks

6%
 unem

pl.

0%
 ad m

argin

1 attacks

4%
 unem

pl.

20%
 ad m

argin

1 attacks

6%
 unem

pl.

20%
 ad m

argin

1 attacks

4%
 unem

pl.

0%
 ad m

argin

3 attacks

6%
 unem

pl.

0%
 ad m

argin

3 attacks

4%
 unem

pl.

20%
 ad m

argin

3 attacks

6%
 unem

pl.

20%
 ad m

argin

3 attacks

0.00 0.25 0.50 0.75 1.00 0.00 0.25 0.50 0.75 1.00

0

1

2

3

4

0

1

2

3

4

0

1

2

3

4

0

1

2

3

4

0

1

2

3

4

0

1

2

3

4

0

1

2

3

4

0

1

2

3

4

Vote Share

Actual Share

True Value

True 2−Party

Mass Survey: Respondents with Age − 30−54 for Wisconsin

Figure 3.370: Priors with covariates: Mass Wisconsin Age 30-54
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Figure 3.371: Priors with covariates: Mass Wisconsin Age 55+
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Figure 3.372: Priors with covariates: Mass Wisconsin Education Bachelor’s degree
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Figure 3.373: Priors with covariates: Mass Wisconsin Education Less than High
School HS Diploma
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Figure 3.374: Priors with covariates: Mass Wisconsin Education Master’s degree
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Figure 3.375: Priors with covariates: Mass Wisconsin Education Some College As-
sociate’s degree
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Figure 3.376: Priors with covariates: Mass Wisconsin Party Identification Indepen-
dent Democrat



www.manaraa.com

460

Donald Trump Hillary Clinton

4%
 unem

pl.

0%
 ad m

argin

1 attacks

6%
 unem

pl.

0%
 ad m

argin

1 attacks

4%
 unem

pl.

20%
 ad m

argin

1 attacks

6%
 unem

pl.

20%
 ad m

argin

1 attacks

4%
 unem

pl.

0%
 ad m

argin

3 attacks

6%
 unem

pl.

0%
 ad m

argin

3 attacks

4%
 unem

pl.

20%
 ad m

argin

3 attacks

6%
 unem

pl.

20%
 ad m

argin

3 attacks

0.00 0.25 0.50 0.75 1.00 0.00 0.25 0.50 0.75 1.00

0

2

4

6

8

0

2

4

6

8

0

2

4

6

8

0

2

4

6

8

0

2

4

6

8

0

2

4

6

8

0

2

4

6

8

0

2

4

6

8

Vote Share

Actual Share

True Value

True 2−Party

Mass Survey: Respondents with Party
Identification − Independent Republican for Wisconsin

Figure 3.377: Priors with covariates: Mass Wisconsin Party Identification Indepen-
dent Republican
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Figure 3.378: Priors with covariates: Mass Wisconsin Party Identification Indepen-
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Figure 3.379: Priors with covariates: Mass Wisconsin Party Identification Strong
Democrat
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Figure 3.380: Priors with covariates: Mass Wisconsin Party Identification Strong
Republican
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Figure 3.381: Priors with covariates: Mass Wisconsin Party Identification Weak
Democrat
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Figure 3.382: Priors with covariates: Mass Wisconsin Party Identification Weak
Republican
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Figure 3.383: Priors with covariates: Mass Wisconsin Political Knowledge 0
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Figure 3.384: Priors with covariates: Mass Wisconsin Political Knowledge 1-2
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Figure 3.385: Priors with covariates: Mass Wisconsin Political Knowledge 3-4
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Figure 3.386: Priors with covariates: Mass Wisconsin Political Knowledge 5
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Figure 3.387: Priors with covariates: Mass Wisconsin Race Black
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Figure 3.388: Priors with covariates: Mass Wisconsin Race Latinx or Hispanic
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Chapter 4

Careers & Causes in Authoritarian Legislatures:
Clustering Text-Based Elicited Priors

4.1 Question & Motivation
What motivates participation in authoritarian legislatures? The proliferation of

formal political institutions in autocratic contexts has spawned various academic

attempts to explain the emergence, function, and persistence of these institutions.

Yet even the most careful accounts of authoritarian legislatures, in particular, fail

to provide micro-foundations for the participation of lawmakers in floor debates,

roll-call votes, or query sessions. If authoritarian institutions serve a purpose other

than mere “window dressing,” that function is contingent on the active participa-

tion—or compliant nonparticipation—of individuals selected into the institution.

This paper seeks to understand how individual legislators participate in an

authoritarian context, and to introduce a text-based prior elicitation method in or-

der to empirically examine this phenomenon in a Bayesian framework. Method-

ologically, this project introduces a novel way to incorporate “expert” knowledge

into the analysis of a political context with sparse data: culling the perspectives of

observers, specifically through newspapers, to theoretically inform empirical anal-
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ysis and to practically overcome estimation challenges.

Substantively, this examination is motivated in part by observed empirical

variation in the level and type of participation in which legislators in authoritar-

ian systems engage. Current scholarship fails to adequately explain this variation.

Present theories suggest that legislatures allow dictators to provide policy conces-

sions, or serve as a venue through which hegemonic parties co-opt. For example,

Svolik suggests a broad strategy of co-optation within authoritarian parties, but

does not indicate how co-optation could or should govern the behavior of party

members as they function within political roles and institutions. Just as litera-

ture on democratic contexts anticipates that parties will govern legislative coali-

tions, one might expect that authoritarian party co-optation should govern behav-

ior within an authoritarian legislature.

Yet this narrative provides too blunt and too remote a picture of how co-

optation should influence behavior. If an authoritarian party plays a significant

role in selecting participants to a legislature, what would explain variation in co-

optedness? Even if variation in behavioral indications of co-optation is relatively

small, should participation be taken as evidence of co-optation, or should nonpar-

ticipation? Should we expect a race to participate first and frequently in a laudatory

fashion, constantly praising and supporting regime policies, or an encompassing

silence punctuated by occasional objections? Current empirical scholarship can-

not adequately address these types of questions because it considers the motiva-

tions of legislators only in a very limited fashion; rather, these types of questions

suggest a benefit to formalizing the incentives and preferences of legislators that

might explain their behavior within autocratic institutions. While intuitively, for

instance, laudatory behavior requires even minimal effort compared to nonpar-

ticipation, and therefore coordination on nonparticipation is easier and more effi-
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cient, this type of coordination should increase the signaling value of any defector’s

laudatory participation. Exploring exactly what produces either a participation or

nonparticipation equilibrium would provide insight into exactly the mechanisms

through which career incentives (through a party, for example) might relate to leg-

islative behavior in ways that the present empirical analysis cannot.

In this paper, I address these substantive considerations through two separate

questions:

(1) Under what conditions do legislators participate at all in parliament?

(2) Having participated, what leads some legislators to participate more than

others?

I adopt an empirical approach that allows me to disaggregate motivations for

each of these questions while maintaining the inclusion of key explanatory vari-

ables from the literature. In particular, this project evaluates the extent to which

career concerns weigh against policy preferences in MPs’ choice to participate by

examining the role that their past experience and commitments, their party af-

filiation, and their demographic characteristics play in their participation. More-

over, departing from previous work in this vein that has investigated entrenched,

dominant-party autocratic systems, this project examines legislative participation

in the authoritarian context of Myanmar. Myanmar’s parliament, newly estab-

lished in 2011, incorporates a diverse set of competing interests vying for power

—members of the former military junta, the new ruling party, the traditional and

widely popular democratic opposition, ethnic minority parties—and includes MPs

with a wide range of experience apart from government bureaucracy. This diver-

sity lends itself well to interrogating both career- and policy-related dimensions of

legislative participation in an authoritarian context.
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More broadly, articulating the microfoundations of behavior in authoritar-

ian legislatures is necessary to understand the ways in which these authoritarian

institutions sustain themselves or evolve endogenously. To the extent that author-

itarian rulers delegate some control over policy to legislative bodies, or allow for

substantive changes to policy regime in consultation with legislators, these insti-

tutions are a potential site for retrenchment or democratization. Specifically, how

legislators balance their career objectives within an authoritarian system relative to

their policy preferences has implications for what types of policy obtain in author-

itarian systems in the short term, as well as how citizen constituencies can achieve

substantive representation in the long term. This paper aims to address this ques-

tion initially through legislative participation, since without any participation or

contention over policy positions, the sole policy-making apparatus of the state is

the ruling coalition.

The paper proceeds by addressing some of the key literatures that offer the-

oretical and empirical insights into legislatures in autocracies. I draw these liter-

atures into dialogue with an empirical case, that of Myanmar’s Pyithu Hluttaw

(lower house of parliament), in order to identify independent variables that plausi-

bly explain variation in legislative participation. Following the empirical analysis, I

discuss additional extensions, both theoretical and empirical, and offer initial con-

clusions.

4.2 Literature & Case
The question this paper engages several subliteratures that investigate the role of

institutions, and particularly legislatures, under autocracy.
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4.2.1 Institutions & Legislatures under Autocracy

Jennifer Gandhi argues that institutions in autocratic contexts are established to

solve particular political problems (Gandhi 2008), ideally with the aim of increasing

the odds of regime survival (Gandhi and Przeworski 2007). Institutions in Gandhi’s

narrative allow dictators to co-opt and offer concessions to potential opposition.

Bruce Bueno de Mesquita et al. echo this argument in their articulation of the

“selectorate theory,” in which the population determining a leader’s prospects for

survival (the winning coalition) is targeted for particular concessions because they

enable the dictator to remain in power (Bueno de Mesquita et al. 2003). Autocrats

can thus use institutions to gather information (Manion 2013) and distribute rents

or provide policy concessions as a means of achieving continued tenure in office,

particularly when repression is costly (Magaloni and Kricheli 2010, 126, 129-130).

Given this, the question remains how legislatures in particular function to dispense

concessions, as well as how individual legislators within that venue might go about

maximizing the concessions they receive or the payoffs they obtain.

Wright and Escribà-Folch (2011) emphasize that although legislatures them-

selves may contribute to authoritarian stability, parties within those legislatures

can serve a destabilizing function. This assertion aligns with the notion that leg-

islatures can serve as a locus of negotiation with elites, or at a minimum provide

for monitoring of whether authoritarians fulfill obligations (i.e., payments or con-

cessions) (Boix and Svolik 2013; Jensen, Malesky, and Weymouth 2013; Gehlbach,

Sonin, and Svolik 2016). Wright and Escribà-Folch (2011) focus on the threat of

democratization in particular as a potential outcome of destabilization, but their

disaggregation of the function of legislatures relative to parties provides impor-

tant insights for evaluating the significance of parliamentary participation under

autocracy. Specifically, while legislatures can provide a credible commitment by
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authoritarians to power-sharing or resource distribution (Magaloni 2008), parties

are an overlapping institution that can destabilize authoritarian rule by influencing

this process of allocation (Wright and Escribà-Folch 2011, 308). That is, how indi-

viduals aggregate their interests and act within the legislative context in the form

of parties has significant implications for regime survival and stability in authori-

tarian systems. Going beyond the observation of much early work on authoritarian

systems—that institutions matter—requires investigating not just how these institu-

tions matter for regime outcomes, but also the ways in which electoral institutions,

parties, and legislatures serve overlapping and competing functions in particular

contexts (Art 2012; Morse 2012; Reuter and Robertson 2014).

Core to a structural-functional evaluation of authoritarian institutions, fur-

thermore, is an assessment of the incentives that individuals have and how they

act accordingly. As Reuter and Robertson (2014, 237) note, the narrative of coop-

tation in authoritarian legislatures put forth by the literature does not adequately

address not just the need to assuage the authoritarian elite but also the imperative

to counter broader unrest through pork or concessions (minimal “representation”).

Under what conditions opposition or other members of parliament comply with

expectations merely to provide spoils to constitutents, rather than more compre-

hensively impacting the policy-making process, is left unexamined (245-246). The

distinction in these types of behaviors, rather, would be most evident in legislative

participation, whether through floor speeches, bill authorship or sponsorship, or

questioning of the authoritarian elite.

The primary empirical paper that provides both theoretical discussion of the

issue of participation in authoritarian legislatures and evidence of its variation is

Malesky and Schuler’s 2010 paper, “Nodding or Needling: Analyzing Delegate Re-

sponsiveness in an Authoritarian Parliament.” Their paper utilizes data on legis-
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lator behavior from biannual query sessions of the Vietnamese National Assembly

from 2007–2012 to evaluate the assertion of the authoritarian institutions literature

that autocratic regimes establish parliaments to “co-opt” opposition and negotiate

policy concessions that allow for regime stability and longevity. The paper notes a

tension in the key assumption of this authoritarian institutions literature: the par-

liament must facilitate discussion, but not so much as to jeopardize regime stability

and the authority of the ruling party (Malesky and Schuler 2010, 482). Malesky and

Schuler appeal to empirical evidence to assess how one authoritarian regime might

strike this balance.

The paper draws on transcripts from all query sessions in the 12th VNA, be-

ginning in 2007 (four sessions). These query sessions include 776 questions put

to 13 ministers by 162 out of a total 493 delegates (483). The authors conducted a

content analysis of these transcripts, coding questions according to whether they

were “critical” of the minister, addressed local issues, or referenced the provincial

constituency (483). The authors then paired these data with their 2009 dataset of

delegate biographies to assess delegates’ behavior as it relates to their individual

characteristics. They also integrated province-level information to evaluate dele-

gate behavior in the context of the constituency the delegate “represents” (492).

The authors estimate the effects of delegate and province-level characteris-

tics on two dependent variables—number of times spoken and number of ques-

tions asked—using a negative binomial specification, and on three further log-

transformed dependent variables—percentage of critical questions, percentage men-

tions of local issues, and percentage uses of the word “constituency”—using OLS.

In particular, they are interested in investigating co-optation and delegate behav-

ior through three mechanisms. First, delegates nominated by central authorities

rather than provincial commissions should exhibit greater upward accountability
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in their behavior. There were 876 total candidates nominated for 493 seats in the

VNA. The data includes 165 delegates who were nominated by the central VCP in

Hanoi, while 711 were nominated by provincial electoral commissions (Malesky

and Schuler 2010, 488). Despite this apparent variation, however, the authors also

note that “the Central Election Board makes it clear that it expects the centrally

nominated candidates to prevail” and mention evidence that “they resort to some

level of electoral engineering to achieve this result...” (488). In general, this in-

volves sending central nominees to less competitive districts. Relatedly, delegates

from competitive districts are more critical than those elected in safe seats. Finally,

full-time delegates, who also sit on legislative committees or manage provincial leg-

islative offices, exhibit more participation, particularly concerning local issues, and

more critical behavior (483). Full-time delegates—a relatively new status adopted

as 30% of all delegates after the 2002 term—conduct research for and draft legis-

lation, which gives them greater influence on policy (489). The authors argue that

the influence of these factors on delegate behavior provides evidence in favor of

the co-optation thesis: delegates respond to incentives and limitations imposed by

Vietnamese leaders.

While providing a very thorough treatment of the actions of VNA members,

the investigation of mechanisms of cooptation in Malesky and Schuler (2010) is

limited by context. In particular, Vietnam’s dominant-party system makes claims

about the incentives actors face and the path for advancement they would likely

pursue very clear. While this is advantageous for offering interpretations of VNA

members’ behavior, it lacks external validity to authoritarian contexts where mul-

tiple parties contend for power and resources in a less stable environment. In such

a context, co-optation may appear more multi-faceted, and interpreting nonpartic-

ipation as acquiescence is at best more complicated.
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4.2.2 Parties within Legislatures

Magaloni and Kricheli reiterate some of the arguments made by authors evaluating

legislatures as they more deeply examine the continued prevalence of single-party

authoritarian regimes worldwide (Magaloni and Kricheli 2010). Party institution-

alization under autocracy, they argue, can allow the dictator to bargain over pol-

icy and mobilize support (124–125). While other institutions enable more effective

monitoring of this distribution of spoils, parties can serve both to mobilize mass

support and to engage and co-opt elites. As Milan Svolik notes, citing Geddes,

“parties are the vehicles through which the regime rewards its supporters” (Svolik

2012, 163). Much like parties in democratic systems, which leverage organizational

characteristics to provide benefits to political entrepreneurs seeking office (Aldrich

1995), parties in authoritarian systems, Svolik argues, work by hierarchically as-

signing tasks and benefits, controlling appointments, and selectively recruiting and

repressing (Svolik 2012, 163). These “incentive structures” encourage participation

and “sunk political investment” by members that engenders co-opted behavior and

participation (163). Applying this theoretical argument to the conclusions drawn

from the empirical evidence in the previous section, then, becoming a delegate is

just one further step in a series that the VCP has designed in order to encourage

sunk investment.

Svolik particularly discusses career appointments as an inducement for in-

dividuals to join parties (165). The hierarchical distribution of benefits then ob-

tains upon joining the party, which generates an endogenously reinforcing set of

incentives to continue to cooperate with and invest in the party (172). Co-optation

emerging from the party, therefore, also involves party influence over other areas

of the state and economy that influence the set of options available in contrast to

membership, while also influencing perceptions of the party’s longevity that are
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necessary for investing in the first place (Svolik 2012, 179, 182).

These arguments need not mean, however, that party institutions precede or

supercede legislative institutions. In principle, for example, the party should se-

lect and co-opt those who are ideologically similar, and repress those whose pref-

erences are more distant, since “party-based co-optation exploits natural creed as-

pirations within the general population to marginalize actual, ideological opposi-

tion” (183–184). Given this, co-optation could actually occur after election or selec-

tion to a legislative body like the VNA, where instead the VCP has preliminarily

chosen potential political operatives but uses the legislative venue to further as-

sess their policy preferences or ideological proclivities in order to further select

candidates for advancement. In this context, as mentioned previously, active par-

ticipation rather than nonparticipation would be a critical signal of compliance and

co-optation.

4.2.3 Selection: Individual Characteristics & Types

In contrast to these institution-level narratives about behavior under authoritarian-

ism, Besley’s emphasis on the role of “good types” in positions of political decision-

making power further highlights potential for individual MPs to vary in their leg-

islative participation (Besley 2006). Besley demonstrates that inefficiencies and

“government failure” can result from the ignorance of politicians, undue influence,

or variations in the quality of leadership (48–53, 59–70). In contrast to the preced-

ing discussions of institutional influences, Besley’s key contribution is his inclu-

sion of individual capacity and quality factors alongside an analysis of structural

constraints. Besley argues that “some individuals can implement policies more

cheaply or may even have more insight into what works” and furthermore, “some

policy makers may be better at carrying out the citizens’ wishes” (69). The question,



www.manaraa.com

490

then, revolves not only around how to establish institutions that effectively con-

strain policy actors, but how to develop incentives and parallel institutions (such

as electoral institutions) that enable the selection of better types of policy makers,

and can thereby also influence the quality of policy.

While Besley’s work might appear to have only limited applications to auto-

cratic legislatures because it assumes strong electoral institutions, his emphasis on

the types of individuals, their competencies, and preferences within institutions

bears further investigation even in autocratic contexts. Meritocratic selection insti-

tutions, selection for human capital, and the availability of educational opportu-

nities might explain at least part of the variation in legislative participation even

under autocracy, as these kinds of characteristics indicate more firmly held policy

preferences and beliefs.

4.3 Empirical Analysis

4.3.1 Data Description

In this paper, I use data concerning the participation of the 508 delegates in Myan-

mar’s Pyithu Hluttaw (People’s Parliament, or lower house). Applying the theo-

retical insights from each of these literatures to the Myanmar case offers several

benefits. In particular, it allows for greater variation in ethnic identification, party,

and career experience than the Vietnam data afford. Because legislators are more

diverse in their characteristics, they also plausibly differ to a greater extent in their

co-optedness and policy preferences, providing a stronger test of the theories ex-

plored above. Likewise, Myanmar’s parliament includes a greater diversity of par-

ties than the VNA, which will facilitate conclusions that would apply to other mul-

tiparty authoritarian contexts more easily.
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Following Malesky and Schuler’s approach, I evaluate participation using the

number of questions asked of ministers on particular policy areas. Question counts

for the first 5 sessions of parliament (2011–2013) were gathered from AltSEAN (the

Alternative ASEAN Network), while biographical data were synthesized from sev-

eral sources, including the Open Myanmar Institute’s database of MPs and the

database available through the Pyithu Hluttaw itself.

Figure 4.1 below represents the type of data available through the Pyithu

Hluttaw. While the analysis that follows leverages many of the variables provided

in MP profiles such as the one presented below, several others will require inclusion

in later analysis. Specifically, each MP profile provides information about the MP’s

name (and any aliases), ethnicity, religion, date of birth, place of birth, education

(level of education by degrees earned, as well as subject of focus), current occupa-

tion, parents’ names and occupation(s), spouse’s name and occupation, children

(number, sex, current occupation), permanent address, party, and constituency.

While a focus on question counts not only aligns the analysis in this paper

with the investigation undertaken by Malesky and Schuler and allows for compar-

ison between results, the theoretical justification for focusing on questions remains

strong on its own. As mentioned previously, participation in an authoritarian legis-

lature has the potential to either facilitate endogenous change by increasing policy

concessions, or shore up authoritarian power by playing into co-optation. Ques-

tions asked of ministers allow for more specificity in identifying relevant policy

areas, and are more aligned with the project of evaluating micro-foundations for

participation since they represent the actions of single MPs with respect to minis-

ters (unlike bill proposals) and can later be evaluated for content, whether critical

or laudatory (unlike roll-call voting).

For example, during the initial parliamentary session in 2011, representative
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Figure 4.1: MP Profile of U Win Than, USDP representative to the Pyithu Hluttaw
for Thabaung constituency
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U Soe Thein from Kalewa in Sagaing asked the following question:

ေကျာက်မီးေသွးသံုးစက်ရံူများနုိင်ငံတစ်ဝှမ်းတွင်တည်ေဆာက်၍နုိင်ငံသားများအားအဖုိးနှုန်း
ချ ိုသာေသာလျှပ်စစ်မာတ်အားြဖန်ြ့ဖူေရာင်းချေပးမည့်အစီအစဥ်ရိှ၊မရိှ။

“Do you have plans to make available/extend relatively cheap electrical
power to citizens located in areas throughout the country where coal
processing plants are built?”

This type of question illustrates the potential to raise critical concerns about regime

policies: the USDP and its related military entities have forged relationships with

foreign firms to establish industrial plants, like coal-processing plants, that pose

significant health and environmental risks to citizens. At the same time, however,

representative U Soe Thein is not from a traditional opposition party like the Na-

tional League for Democracy (NLD), which might be interested in constituent ser-

vice for reasons of principle or commitment to democratic ideals. Rather, U Soe

Thein is a representative from the National Unity Party—a party created to sup-

port General U Ne Win that competed against the NLD in the infamous 1990 elec-

tions, after which NLD party members were rounded up for arrest and never al-

lowed to take power. While further analysis of the content of questions like these,

asked in parliament, is critical to understanding the true nature of representation

in Myanmar’s authoritarian legislature, this example indicates that the questions

themselves have the potential to signal meaningful participation.

4.3.2 Negative Binomial vs. Zero-Inflated Negative Binomial: The-
oretical Justifications

In addition to using parliamentary data from Myanmar, I diverge from the mod-

eling choices adopted in Malesky and Schuler’s initial analysis of the VNA data.

Malesky and Schuler note that “the NBREG [negative binomial regression] is prefer-
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able to a Poisson distribution for capturing the count nature of the data because the

high number of delegates with zero speeches leads to over dispersion in the data. In

both cases, the unconditional variance is higher than the mean, which violates the

Poisson assumption that they are equal...” (Malesky and Schuler 2010, 494). Beyond

this statistical point, however, they also seek to make inferences from the number

of “zeros” in their data, saying that “the decision not to speak implies an individual

choice by delegates” where “the high number of nonspeakers provides important

insights into how a regime such as Vietnam might use its Assembly for co-optation

but still maintain control over the proceedings” (493). This paper endeavors to

more rigorously investigate the role of “zeros” in legislative participation and the

story they tell about co-optation in authoritarian parliaments. I find that there are

strong theoretical reasons and preliminary empirical evidence to consider a zero-

inflated model.

While the negative binomial specification addresses apparent overdispersion

in models like Malesky and Schuler’s, the overdispersion evident in participation

in authoritarian parliaments is caused by “excess” zeros in the dependent variable,

which instead support a zero-inflated negative binomial. The zero-inflated esti-

mation strategy posits a dual data-generating process for zeros arising in the data,

where some observations are “always zeros” and some are merely “sometimes ze-

ros.” In terms of Malesky and Schuler’s data, co-optation may cause some delegates

to be “always zeros”—individuals who never speak because their presence in the

legislature is contingent on the support of the Vietnamese Communist Party. Oth-

ers, meanwhile, may simply not speak due to lack of interest, expertise, or informa-

tion in a policy area during a particular query session. This is consistent with some

trends in the data, such as the fact that the Minister of Agriculture and Rural De-

velopment and the Minister of Industry and Commerce received many questions
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—119 and 105 respectively—whereas other ministers (Transportation, Home Af-

fairs) received very few (Malesky and Schuler 2010, 493). This disparity supports

the notion that there are some areas of governance that are relevant to delegates

and/or some in which they feel they have expertise and can participate in query-

ing. This should be no less true for my data from the Myanmar legislature.

A zero-inflated negative binomial allows for this potential diversity among

the “zeros” in the data. Likewise, the zero-inflated negative binomial more reason-

ably models a “hurdle” that delegates confront when choosing to speak or abstain.

Unlike the negative binomial, which posits a single process governing the number

of times a delegate speaks, the zero-inflated negative binomial allows for a logistic

process governing the probability that a delegate speaks at all, and a separate non-

truncated negative binomial governing the number of times that a delegate speaks,

given that s/he has spoken.

Specifically, the zero-inflated negative binomial (ZINB) distribution is defined

as:

P(Y = yi) =
⎧⎪⎪
⎨⎪⎪
⎩

pi + (1 − pi)(1 + λτ )−τ, if yi = 0

(1 − pi)Γ(yi+τ)yi!Γ(τ) (1 + λτ )−τ(1 + τ
λ)−yi , if yi > 0

where the negative binomial segment approximates a Poisson as τ → ∞.

The regression model therefore takes the form:

log(λi) = x⊤i β and logit(pi) = z⊤i γ, (i = 1, 2, ..., n)

Theoretically, these elements of the zero-inflated negative binomial align well

with the expected behavior of MPs in authoritarian legislatures. Their behavior
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should be the result of a utility maximization calculation where minimal participa-

tion is bounded at zero, but this need not imply that only one “type” of individual

does not speak. Malesky and Schuler rely on an assumption that the speakers and

non-speakers in their data are different delegates, whereas there is no reason to as-

sume that even “responsive” delegates who are not co-opted by the ruling always

speak in every session. In particular, a zero-inflated model that distinguishes the

“sometimes zero” delegates is better suited to indicate the factors that explain why

certain delegates speak more and are more “responsive,” given that they have spo-

ken. Using a negative binomial alone constrains the analysis of responsiveness

versus co-optation to a single measure—the number of times a delegates speak—

rather than allowing for co-optation to function both as a depressant on the proba-

bility that a delegate speaks at all and a constraint on how many times they speak

when they choose to do so, as the zero-inflated model does. Furthermore, the vari-

ables that Malesky and Schuler’s work identifies as indicating co-optation (being

nominated by the VCP Central Committee, for example) do not suggest “elasticity”

in the concept of co-optation that a negative binomial specification implies. In that

formulation, either co-optation is less “binding” on some delegates who do choose

to speak or co-optation merely indicates whether a delegate speaks at all, in which

case a logistic model would suffice. A zero-inflated negative binomial provides a

more flexible and robust way to investigate how cooptation functions relative to

policy preferences in authoritarian legislatures.

These types of results may not be consistent with a story in which co-optation

does not operate through or exclusively within the legislature per se, but rather

within the party structure itself. For example, if Svolik’s theory of party co-optation

under autocracy is correct, party members who are nominated by the ruling party

or dictator should be more co-opted than those who are actively engaged in politics
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but not beholden to the party structure for nomination to run for a legislative seat.

The Myanmar legislative data are ideally suited to address this theoretical concern,

however, since both the ruling Union Solidarity and Development Party (USDP)

and the former military have credible claims on power. Further extensions on the

work in this paper will allow for a more thorough examination of this dynamic.

4.3.3 Negative Binomial vs. Zero-Inflated Negative Binomial: Em-
pirical Justifications

Empirically, furthermore, finding overdispersion when using count data does not

suffice to justify a negative binomial specification, as multiple processes may re-

sult in overdispersion. As Zorn (1996) indicates, positive contagion (in which some

values values of yi are not independent), particularly where a larger than expected

number of zeros occur, may resemble overdispersion. In particular, “excess zeros

caused by a two-part data generating process ‘trick’ [tests for overdispersion] into

indicating the presence of overdispersion when, controlling on the transition stage,

little or none is present” (13). More pointedly, as Zorn describes, “because they rely

on the initial estimation of a (misspecified) Poisson model and fail to take account

of the conditional nature of the count variable, these tests are of no value when the

data generating process takes a dual regime form” (13). While the zero-inflated

negative binomial allows for overdispersion in the count portion of the model as

well (because it does not assume zero-truncation), it fundamentally accounts for

this possible dual-data-generating process. A zero-inflated model distinguishes

between zeros arising because of the dual-data-generating process relative to con-

tagion (12). In Malesky and Schuler’s analysis, therefore, estimating a zero-inflated

negative binomial should better account for distinctions between co-opted dele-

gates and those who simply do not have much to say.
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Visualizing the data on participation in the Myanmar Pyithu Hluttaw pro-

vides further support for a model accounting for a “hurdle” or “transition.” As

Figure 4.2 below indicates, a logged version of the dependent variable, questions

(including a small constant), shows bimodality. This suggests that the rate of de-

cline in counts of the dependent variables are not as steep or steady as a Poisson

process would indicate.

0.00

0.05

0.10

0.15

0.20

-10 -5 0 5
Log Question Count

D
en
si
ty

Logged Question Count + .001

Figure 4.2: Logged Dependent Variable Shows Bimodality in Participation Data

4.3.4 Estimation Strategy

In accordance with these results, I estimate a zero-inflated negative binomial model

of participation in Myanmar’s Pyithu Hluttaw (lower house), using the number of

questions asked of ministers in the 2011–2013 parliamentary sessions as a depen-

dent variable. I maintain many of the same demographic explanatory variables

that existed in the Malesky and Schuler analysis in order to assess how explanatory
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factors might differ across model specifications. In particular, I utilize indicators of

age, sex, party affiliation, ethnicity, and prior career sector. Because the ZINB spec-

ification is much more computationally intensive, however, I combine several cat-

egories within the explanatory factor variables. Specifically, for the party variable,

I combine ethnic and opposition parties, aside from the main opposition party (the

NLD), and allow the military to be a separate category. I reduce ethnicity to merely

Burman vs. non-Burman, combining nearly 30 ethnic groups each with relatively

few corresponding representatives. Finally, careers are reduced to 4 sectors—civil

service, educated professionals, agriculture, and others (arts, media, tourism, etc.)

—where military is the omitted category. I omit region control variables because

they generate issues with separation but do not contribute much to the analysis

otherwise. Furthermore, in accordance with the recommendation in Gelman et

al. (2008), variables are demeaned and rescaled to ease computation. In addition,

pursuing this estimation in a Bayesian framework allows for the specification of rel-

atively more informative prior distributions for these covariates, which can work to

control issues of quasi-perfect separation. That is, with a series of factor variables

on the right-hand side in the analysis, and with so few MPs who do participate in

the parliamentary sessions, the model often “assumes” it can perfectly predict par-

ticipation for some categories of individuals, leading to unrealistic estimates. For

example, in this analysis, MPs with a prior career in agriculture are few, and many

of them participate, leading to an overestimation in the model of how often such

a hypothetical MP would speak. Utilizing more informative priors can effectively

“bound” the estimates to avoid these unrealistic outcomes.

Theoretically, the ZINB specification allows for a distinction between the pre-

dictors of MPs speaking at all, relative to the predictors of actors speaking a certain

number of times given that they speak. In specifying priors for each of these parts,
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I use the weakly informative priors suggested in Gelman et al. (2008) for the “zero”

or logistic part of the model (Cauchy(0, 2.5), with Cauchy(0, 10) for the intercept),

and weakly informative (N(0, 10)) priors for the rescaled variables on the count side

of the model. Distinguishing these two parts or sides of the model should allow for

a more nuanced investigation of co-optation. For example, in Malesky and Schuler

(2010), the assumption is that non-speaking representatives are co-opted into si-

lence. Distinguishing between “always zeroes” who never speak and “sometimes

zeroes” who speak only on particular issues or at particular times can help identify

those who, perhaps, are driven by policy interests. Again, in Malesky and Schuler’s

analysis, desires to move up in or be part of the regime party drive co-optation be-

havior. Yet if co-optation is best aligned with silence, we should observe regime

party as a major driver of whether to speak or not, in the negative direction. One

could also imagine a logic of co-optation, however, whereby a desire to please party

elites leads to more speaking in order to “pander” or demonstrate alignment with

party ideals. In this case, party could positively influence both the probability of

speaking, and the probability of speaking more frequently. Yet if instead MPs do at-

tempt to effect policy change from within an authoritarian parliament, prior career

background in particular policy areas or sectors could positively predict speaking.

Because these policy areas correspond to a limited number of ministers, it would

also likely not positively predict speaking a large number of times.

4.3.5 Weakly Informative Priors Results

The following graphs provide the posterior distributions for each factor level of the

covariates. To compensate for the complexity of the model and the number of pa-

rameters relative to the number of observations in covariate categories, I estimate

this initial model with weakly informative priors using Stan, with 200,000 itera-
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tions and a burn-in period of 50,000. The densities for many coefficients center on

or near 0. Particularly on the zero side of the model, there are many “long tails” in

the posterior distributions evidencing the effects of partial separation. For exam-

ple, because there are so few women in the dataset and the excluded category is

male, the sex variable reflects uncertainty in a long tail from the separation process.

Likewise, the covariate for having a prior career in agriculture has the most pro-

nounced separation as a result of few individuals in that category and most of them

having spoken multiple times. This leads to the model concluding, effectively, that

someone with a past career in agriculture will always speak, even though this does

not align with reasonable expectations.

From the zero side of the model, we can primarily see that all included ca-

reer categories positively predict speaking. This could indicate, as previously dis-

cussed, that MPs are motivated to speak out of policy concern. Because former civil

service members also are more likely to speak, however, these motivations could

be disaggregated by prior career; that is, former civil service members may indeed

be speaking out of career concern, wishing to show party loyalty or alignment in

order to move up in political ranks. Furthermore, the category encompassing edu-

cated professionals in business, law, industry, education, etc., have a very positive

association with speaking. This could indicate that those with greater expertise in

policy areas, or greater education overall, are more likely to speak.

On the count side of the model, the effects are reversed. Career variables are

weakly negatively associated with speaking a greater number of times. That is,

while those in the career categories are more likely to speak, they are less likely to

speak a large number of times. This is consistent with the notion that these indi-

viduals are policy motivated, and will likely eventually speak, but only to the few

ministers responsible for the policy areas of interest. Furthermore, surprisingly,
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party is not a strong predictor of increased speaking behavior, or of complete si-

lence. Members of the military are not likely to speak at all, or speak regularly if

they do, but party only weakly supports the probability to speak, with the mean

near 0, especially with respect to the regime party, the USDP. On the count side of

the model, however, USDP and especially the main opposition party, the NLD, are

associated with speaking significantly less, even having spoken. While these pre-

liminary results suggest interesting outcomes at odds with prior theoretical expec-

tations, drawing conclusions is challenging because of the quasi-perfect separation

issue.
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Intercept

Age

Sex

Career: Civil Service

Career: Educated Professional

Career: Other

Career: Agriculture

Ethnic Minority

Party: USDP

Party: NLD

Party: Minority

Party: Military

−50 0 50 100
Estimate

Figure 4.3: Zero Coefficient Posteriors with 80% Credible Intervals
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Intercept

Age

Sex

Career: Civil Service

Career: Educated Professional

Career: Other

Career: Agriculture

Ethnic Minority

Party: USDP

Party: NLD

Party: Minority

Party: Military

−8 −6 −4 −2 0
Estimate

Figure 4.4: Count Coefficient Posteriors with 80% Credible Intervals
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4.4 Refining Priors: Text-Based Elicitation
The approach in the previous preliminary analysis utilizes only minimally informa-

tive priors that are taken from standard statistical approaches, rather than tailored

priors that reflect the state of knowledge about how these MP characteristics should

influence participation in the legislature. In order to generate more principled and

refined priors for this analysis, I pursue a novel elicited-priors approach leverag-

ing data from text sources, specifically news outlets with coverage of Myanmar

politics. These divergent priors from several different sources will then be com-

bined using a Dirichlet Process method in order to identify the various “schools

of thought” that exist among the news sources, and apply all of these perspectives

to evaluate MP participation (see Appendix for further discussion of this method).

Rather than using an interview or focus group method for eliciting priors in this

case, this news-based approach represents an opportunity to incorporate a wider

array of perspectives without concerns for obfuscation or self-censorship dynam-

ics in interpersonal elicitation. That is, because these priors are collected post hoc,

without interacting with newspaper reporters or editorial boards, the “experts” in

question do not have the opportunity to directly evade questioning in an elicitation

setting. As will be discussed in later sections, this text-based approach can later be

evaluated against and supplemented with the results of a survey-based elicitation

technique. Preliminary validation with elicited priors from three experts via online

survey are included.

Elicited priors utilize the knowledge of “experts” to generate refine and im-

prove posterior estimates in Bayesian analyses. In authoritarian regimes, in par-

ticular, however, relying on individuals who have preferential access to politics or

whose credentials would typically qualify them as “experts” might generate sig-

nificantly biased expectations. Likewise, because the information environments in
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authoritarian regimes are so restrictive, equally plausible but differing perspectives

might arise that would suggest expanding the pool of possible “experts” in order to

generate the most informed perspective. This is analogous to a situation in which

individual in authoritarian regimes are receiving correlated signals about the true

state of the world—while none are necessarily complete perspectives, each indi-

vidual has some component of the “truth.” In the service of expanding this pool of

“experts,” this paper incorporated elicited priors from news sources. In mapping

these sources onto the more traditional methods of elicitation, one can imagine a

news source’s editorial board as the subject of elicitation, and the published infor-

mation in the paper as the set of information that would be used to generate a prior

probability distribution. In this case, because the published articles represent more

diffuse information than what might be elicited in an interview, elicitation will fo-

cus on identifying prior means and variances for each covariate factor level, rather

than fully specifying a prior probability distribution.

4.4.1 Text Sources for Elicitation

For this analysis, I scraped text from 4,126 articles related to Myanmar’s parliament.

To do this, I first identified important Myanmar sources, such as The Irrawaddy and

Democratic Voice of Burma, and scraped articles directly from their website with the

search “parliament AND (Myanmar or Burma)” for the time period 2010–2013.

This time period encompasses the same time period as the question count data,

and also includes the period from 2010–2011 before Myanmar’s parliament was

newly established, which could encompass articles that express expectations for

behavior in the parliament. Second, I scraped archived articles from aggregators

(such as East View Information Services) using the same search conditions, and se-

lected sources that had the greatest amount of coverage of Myanmar’s parliament.
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In addition, to ensure that a diversity of sources were included, I added coverage

from New Light of Myanmar, the English-language version of the main Myanmar

government news source Myanmar Alinn, even though only 8 articles had coverage

of the parliament. Once all of these articles were scraped, I did further validation

to ensure that all articles did pertain to Myanmar’s parliament. For non-Myanmar

sources, I included only articles that contained “Myanmar,” “Burma,” and relevant

terms for parliament in their titles. This brings the total number of articles to 4,042.

The number of articles by source and source type are reflected in Table 4.4.1 below.

Articles captures through this search range in topic from announcements about

NLD party reorganization to the candid thoughts of an Indian diplomat, Mitra

Vashishta, about the prospects for democratization and the shortcomings of the

NLD that were caught in a Wikileaks release. Two articles discussing these top-

ics, both from 2010 and featured in the Democratic Voice of Burma illustrate the

ways in which observers may have formed prospective opinions about behavior

in parliament: the NLD had boycotted the initial elections into the 2011 session

of parliament as a result of legal restrictions, and if the general sentiment were

that they were in a weakened position relative to newly institutionalizing auto-

crats, one might expect that NLD members later elected to the Pyithu Hluttaw via

by-elections would participate less, for example. Likewise, publications like Thai-

land’s The Nation published articles about injuries induced by police at an anti-

mining protest in northwestern Myanmar in 2012. This type of article might sup-

port a number of conjectures concerning participation: perhaps MPs with past ca-

reers in the police force are more vocal in parliament in line with their enforcement

of anti-protest regulations,1 or perhaps some educated professionals who are part
1The police have traditionally operated separately from Myanmar’s powerful military, so their

enforcement of regulations against group congregation could be interpreted as alignment with mil-
itary objectives, or co-optation.
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News Source Country Type Num. Articles

Agence France Presse France International wire service 219
Associated Press USA International wire service 31
Bangkok Post Thailand Independent 32
Democratic Voice of Burma Myanmar Opposition, Exiled 1,860
The Hindu India Independent 16
Irrawaddy Myanmar Opposition, Exiled 1,235
Mizzima Myanmar Opposition, Exiled 354
Narinjara Myanmar Ethnic (Rakhine) 127
The Nation Thailand Independent/Anti-Thaksin 52
New Light of Myanmar Myanmar Government 8
Shan Herald Myanmar Ethnic (Shan) 50
Xinhua China Government 57

Table 4.1: Newspaper Sources and Article Counts

of the business community participate more in an effort to protect their economic

interests. The elicitation process described in the following section presents one ap-

proach to evaluating these types of relationships between socio-political dynamics

and legislative behavior.

In addition, all included articles are in English, whether natively or by trans-

lation (as in the case of Xinhua, which includes articles both from Xinhua’s China

coverage and their English-language Hong Kong coverage). Including only articles

in English both increases the number and diversity of news sources and ensures

that the target audience for the sources is more comparable. A further extension of

this elicitation approach could conduct text analysis in Burmese, although signifi-

cant difficulties with natural language processing (NLP) in the Burmese language

present challenges. These challenges are further discussed in the Appendix.
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Covariate Search Terms

Party: None independent, independent member, independent candidate
Party: USDP USDP, Union Solidarity and Development Party, Union Solidarity
Party: NLD NLD, opposition party, democratic opposition, national league, Suu Kyi
Party: Ethnic/Minority ethnic party, opposition party, minority party
Party: Military military member, military MP
Ethnicity: Burman Burman, Barmar, Bamar
Ethnicity: Minority ethnic, minority, race, ethnicity
Career: Military military, armed forces, army, generals
Career: Civil Service civil service, civil servant, government worker, government employee
Career: Edu. Professional business, industry, economics, lawyer, doctor, engineer, education,

teacher, educated, medicine, law, legal, educated professional
Career: Other art, media, tourism, artist, travel, tourist, police
Career: Agriculture agriculture, agricultural, crop, farm, farmer, farming
Sex female, women, sex, woman, gender, daw, woman MP, female member

Table 4.2: Article Search Terms

4.4.2 Eliciting Prior Moments: Sentiment and Word Count

In order to elicit prior information from these news sources, I focus on eliciting prior

means and variances related to each covariate level. To conduct this elicitation, for

each covariate level, I restrict the text corpus to include only articles that contain

words or phrases related to that covariate level. These search terms are reflected in

Table 4.4.2 below.

To identify means and variances that reflect each source’s prior opinion on the

effect of each covariate on the propensity of MPs to ask questions in parliament, I

use both sentiment analysis and direct word counts. Sentiment analysis forms the

basis for prior means and variances on the logit part of the ZINB model. For the

sentiment analysis, I evaluate the positive or negative sentiment of each word in an

article by matching the words to Bing Liu’s sentiment dictionary (Liu 2004), then

calculating net sentiment for each article using (number of positive words minus

the number of negative words). The prior mean for the logit side of the model is

then the sample mean of sentiment across all articles for a given source that relate to
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a particular covariate level. Because sentiment can range from negative to positive,

it encompasses both situations that encourage participation and those that would

depress it. For example, if a source indicates overwhelmingly positive sentiment for

articles relating to the NLD party, we might imagine that the environment is more

open for NLD participation and those representatives are more likely to speak. The

prior variances for each “expert” on the logit side of the model simply take sample

variance of sentiment across all articles for each “expert” source as well.

As can be seen in the plot of overall sentiment by news source below, which

illustrates sentiment (y-axis) by article (x-axis) for each source, sentiment varies

significantly across articles and across sources in directions that align with ex-

pectations. Opposition/independent sources like Democratic Voice of Burma (DVB)

and The Irrawaddy have mixed positive and negative coverage of the parliament,

whereas, for example, New Light of Myanmar coverage is overwhelmingly positive.

Likewise, viewing sentiment regarding the NLD, for example, demonstrates

variation in coverage across sources. While coverage of the main democratic op-

position party is overwhelmingly positive in sources like The Bangkok Post and The

Hindu, it is much more mixed in opposition sources and international sources. New

Light of Myanmar does not cover the NLD at all in their articles about parliament.

Aligning these measures of sentiment with expectations of each source, this would

indicate that neighboring country sources might anticipate NLD members to par-

ticipate more in parliament, whereas other international and opposition sources

would have more mixed expectations.

On the count side of the model, word count is used to measure mean and vari-

ance. Inclusion in the limited corpus related to a particular covariate level means

that at least one word from the search must be included in each article. Once an

article is included, the number of words or 2-grams relevant to the covariate level
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Figure 4.5: Overall Sentiment by News Source

are counted in that article. Prior mean for a covariate level for a given source is

given by the sample mean for the number of words or 2-grams across all articles

by that source. Prior variance is the variance of word count across all articles for

that source. As on the logit side of the model, sources vary in the word counts that

they allocate to each covariate, as can be seen in the figure below which represents

word count related to NLD for each source.

For both the logit and count sides of the model, sentiment and word count

values are rescaled to be in the appropriate range (e.g., a set of articles may contain

1,529 mentions of “NLD” but the maximum number of questions asked is 14, so
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Figure 4.6: Sentiment by News Source, party = “NLD”

this word count value would be rescaled to match the range of question counts).

Once these values are rescaled, a prior mean and prior variance is generated for

each covariate level on both the logit and count sides of the model. The figure be-

low illustrates these differing prior means and variances for each source, on both

sides of the ZINB model, related to NLD. This example illustrates the significant

variation that occurs in particular on the logit (zero) side of the model where prior

means differ by source and variances do not overlap for the most part. These dif-

ferences will be leveraged through their aggregation in the Dirichlet Process and

will be useful in disentangling the “always zeros” from the “sometimes zeros.”
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Figure 4.7: Word Count by News Source, party = “NLD”

4.4.3 Dirichlet Process Approach with ZINB Model

Having elicited these prior means and variances from each news source related to

the data, I then aggregate priors using a Dirichlet Process approach (as discussed

in the Appendix), and as represented in the formulation below. From the perspec-

tive of the Dirichlet Process, the elicited means and variances from each expert j,

μ∗j and Σ∗j, are part of an underlying normal-inverse-Wishart data-generating pro-

cess,2 and the concentration parameter α for the Dirichlet Process is initially set to

1 to reflect a prior that all “expert” sources are at first their own cluster, or repre-
2This is the conjugate prior for a multivariate normal distribution where mean and variance are

unknown.
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Figure 4.8: Example Prior Means and Variances: party = “NLD”

sent their own school of thought, and only to aggregate when their perspectives

are sufficiently similar. These elicited means and variances serve as the basis for

the coefficients β for both the zero (logit) and count sides of the ZINB model. The

Dirichlet Process, as previously discussed, will facilitate the inclusion of the diver-

gent perspectives reflected in each of these news sources while allowing the priors

used in the ultimate analysis to be more precise and overcome technical challenges

related to quasi-perfect separation.
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yi =
⎧⎪⎪
⎨⎪⎪
⎩

y∗i if zi = 1

0 if zi = 0

y∗i = NegBinom(r, ηi)

Λ−1 (ηi) = β⊤countx(count)i

zi ∼ Bernoulli (pi)

Λ−1 (pi) = β⊤zerox(zero)i

⎛⎜
⎝

βzero

βcount

⎞⎟
⎠
∼ N(μ0, Σ0)

μ0, Σ0 ∼ 𝒩ℐ𝒲(θ, λ, Ψ, ν)

μj ∼ N(μ
∗
j, T)

Σj ∼ ℐ𝒲(ϕΣ
∗
j, ϕ)

(μ
∗
j, Σ∗j) ∼ 𝒟𝒫 (𝒩ℐ𝒲(θ, λ, Ψ, ν) , α)

Figure 4.9 and Figure 4.10 illustrate the cluster assignment for each of the in-

cluded newspapers in the analysis. Clustering was performed separately on each

side of the model to overcome poor mixing; as is evident in these figures, sources

are assigned to quite different clusters depending on whether the zero or count

side model parameters are considered. To the extent that this elicitation process

accurately reflects the beliefs of these newspaper sources with respect to legislative

participation in this period, the Dirichlet clustering is useful in aggregating the

zero-side priors in particular because leveraging these effectively will be especially

important in overcoming quasi-perfect separation. In both instances of clustering,

government-owned New Light of Myanmar is relegated to a cluster by itself. Within
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the zero-side clustering, the particular nature of ethnic media from Myanmar sup-

ports Narinjara and Shan Herald being allocated to clusters unto themselves, while

the potential shared beliefs of Shan Herald and Xinhua may reflect the shared consid-

erations of Shan State (which borders Yunnan Province) and China. Likewise, the

common clustering of various opposition and foreign news sources makes sense

given their shared English-language audience and the general preference of the in-

ternational community for the opposition National League for Democracy.

The difference in clustering between the zero and count sides of the model

may reflect differing practices with respect to sentiment versus word count. Sen-

timent is likely more distinct across news sources given word choice and editorial

position, whereas word counts for a given topic may not have as much variation

conditional on the mentioning of words to constitute a topic. That is, news sources,

when choosing to cover, for example, the role of ethnic minority parties, may use

relatively similar rates of words pertaining to that topic in order to define their ar-

ticles within that topic, while the other words used in the articles that more clearly

indicate sentiment may vary significantly.

Figure 4.11 below shows the clustered prior means and variances for each

covariate level in the analysis, for each side of the model. Note that the log variance

is displayed for ease of presentation, and that because no news sources contained

words relevant to the base category for ethnicity (Burman), a default prior is used

for that covariate level (with a mean of 0 and a variance of 10).
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Figure 4.9: Source Clustering: Logit (Zero) Side
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4.5 Revised Results: Elicited Priors
Using priors elicited through this text-as-data approach and clustered using a Dirich-

let Process, I reanalyze the ZINB model with the Myanmar parliamentary data. For

computational reasons, clusters are assigned separately on the logit and count sides

of the model (that is, theoretically, sources might align with differing “schools of

thought” about the what leads MPs to ask questions versus what leads them to

ask a certain number of questions). Notably, the revised priors used reflect equal

weighting of each cluster or school of thought. Later analyses could include a hy-

perprior that weights sources differently depending on the perspective of the re-

searcher. The revised results are presented in the figures below.

The logit side results reflect the most pronounced change as a result of us-

ing more specific priors relative to the weakly informative ones used in the initial

analysis. Without the interference of quasi-perfect separation, the effect of each co-

variate is more evident. In particular, and as before, those with a prior career in

civil service or in an educated profession are much more likely to ask questions, as

are those with a prior career in agriculture. Whereas those with careers in educated

professions and agriculture may be reflecting their strong policy preferences, those

with past careers in civil service may be reflecting their career ambitions within the

new regime via participation. Ethnic minority representatives are also more likely

to speak, which aligns with the very recent observations of Myanmar researchers

who suggest that because ethnic minority parties are smaller and more cohesive,

party discipline and policy positions are clearer and more influential. This is more

weakly demonstrated by the posterior distribution for ethnic parties. By contrast,

being from the then-ruling USDP or the NLD does not make you more or less likely

to ask questions, contrary to expectations that those representatives would be mo-

tivated by career ambitions or policy, respectively.
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Intercept
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Figure 4.12: Logit Side Posterior Distributions with Revised Priors

The count side of the model demonstrates far fewer changes, which does sug-

gest that these more informative priors do not interfere too extensively with the

trends evident in the data itself. This is also expected because variance in word

count is much greater than variance in sentiment across articles by source. Remov-

ing the interference from quasi-perfect separation, however, does allow us to more

confidently conclude that, having spoken, members of the NLD are much less likely

to ask a greater number of questions. This has significant implications for whether

the main opposition party could hope to meaningfully represent their constituen-
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Figure 4.13: Count Side Posterior Distributions with Revised Priors

cies. Likewise, while ethnic minorities are more likely to speak, they are also less

likely to ask many questions having asked one at all, which raises concerns about

the openness of the forum to participation by minority legislators.

These results provide evidence that MPs in Myanmar’s Pyithu Hluttaw do

not necessarily participate because of their career ambitions with respect to the

ruling party; ethnic minority party members demonstrate a higher probability of

participation after all, while both USDP and NLD members largely remain silent.

These results, as well as the greater probability of participation from those in edu-
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cated professions and agriculture instead suggests that policy incentives may un-

dergird participation motives. This is consistent with a lower volume of question-

ing even among these subsets, because not every minister visiting the parliament

has a purview pertaining to policies of interest. That NLD, USDP, and military

membership indicate both a lower probability of participation and a lower volume

of participation contingent on having participated is not consistent with the no-

tion that regime party-based co-optation dominates parliamentary participation in

the case of Myanmar. That is, it does not necessarily appear that USDP MPs are

clambering to draw the attention of the USDP leadership by, for example, dispro-

portionately participating. It also does not appear from these results that only those

MPs with a vested interest in moving up within the regime (again, perhaps USDP-

affiliated MPs or those in the civil service) disproportionately silenced themselves

to demonstrate loyalty.

Recent coverage of Myanmar’s parliament since the NLD assumed political

leadership underscores this point. Rather, while the USDP-led parliament made

significant headway on legal reforms and featured relatively robust participation

during sessions, the parliament under the NLD has seen significantly less engage-

ment and has been marred by NLD-imposed constraints on member activities (The

Economist 2017). As The Economist reported, “[Current MPs’] silence is not the re-

sult of intimidation by the representatives of the armed forces, who occupy a quar-

ter of the seats in the Hluttaw under the constitution drafted by the military regime.

... Rather, NLD lawmakers are muzzled by their own leaders. No NLD parliamen-

tarian has ever voted against the party line. Members only ask questions that have

been vetted by NLD bosses” (The Economist 2017). This democratically elected

parliament under the leadership of the democratic “opposition,” then, appears in

many ways much more authoritarian than its predecessor. Party-based co-optation
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need not be limited to nondemocratic institutional settings, certainly, but the theo-

retical expectation that silence in an authoritarian parliament arises primarily from

a concern with pleasing the authoritarian elite appears less applicable to an NLD-

led set of institutions.

4.6 Validation: Survey-Based Elicitation
To provide a preliminary validation of the text-based elicited priors used in this

study, I also conducted an “elite” survey using a roulette elicitation technique as

described by the Sheffield Elicitation Framework (SHELF). In this framework, re-

spondents are asked to construct a prior distribution using ten “chips” that each

represent a 10% probability value (O’Hagan and Oakley 2016). Respondents in this

survey evaluated a series of descriptions of hypothetical members of parliament

with that vary MP characteristics (ethnicity, party, occupation), and place chips in

“bins” corresponding to the number of times they expect this hypothetical type of

MP would have asked a question in the course of the 2-year parliamentary term.

An example prompt is presented below. For this survey, a group of 56 experts

were hand-chosen based upon their scholarship on Myanmar politics, participa-

tion in international conferences (such as the biannual Burma Update hosted at

Australian National University), and their publication record. These experts com-

prise scholars and practitioners from a number of countries, most of whom have

attained some level of higher education. This survey was conducted exclusively in

English, and all responses are anonymous. Experts 1 and 2, as labeled in the figures

below, are both male and white, while expert 3 identifies as female and Asian. All

three experts are between the ages of 30–39. Both male experts hold a Ph.D., while

the female expert holds a master’s degree.

While approximately one-third of potential respondents attempted the sur-



www.manaraa.com

524

Figure 4.14: Elicitation Survey Preview

vey, only three experts completed the full battery of questions. Figures 4.15, 4.16,

and 4.17 below illustrate the chip allocations of each of these experts with respect

to each covariate level, forming their prior distributions.

As is evident from each of these figures, expert 2’s priors are fairly diffuse,

while experts 1 and 3 in general have more concentrated priors. Most critically,

these elicited priors illustrate the diversity of opinions that can arise when con-

ducting elicitation in general. While the more narrow priors place significant em-

phasis on non-speaking (i.e., a large number of chips in bins corresponding to “0”

times speaking or a small number of times speaking), the priors for party identi-

fication in particular demonstrate some degree of bimodality, as indicated by the

ZINB process.
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Figure 4.15: Validation: Survey-Based Expert Elicitation for Career Covariates

Figures 4.18, 4.19, and 4.20 compare these survey-based priors from three ex-

perts with the priors elicited through the newspaper process. In order to visualize

this comparison, I transformed the binned chip counts from the survey elicitation

process into means and variances for the zero and count sides of the model. Specif-

ically, the reported means and variances for each covariate level in the zero side of

the model reflect the mean proportion of chips in the zero bin versus any of the

count bins. Means are taken across all combinations of covariate levels in the sur-

vey questions. That is, chip counts for each bin are averaged across all questions

that include a particular covariate level. For example, Figure 4.14 asks about a

member of parliament who is not a member of any party, but also includes other

characteristics (ethnic minority, educated professional). The chip counts in each of

the bins for this question would be averaged with the other questions about mem-

bers of parliament who are not members of any party (i.e., who are Burman, who

have careers in the civil service, etc.).
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Figure 4.16: Validation: Survey-Based Expert Elicitation for Ethnicity Covariates

The means and variances for the count side of the model reflect this mean of

all bin counts with the relevant characteristics as well, and reflect the mean of the

untruncated overall distribution (that is, including the zero bin). The inclusion of

the zero bin (zero questions asked) in the overall proportions of chips on the count

side of the model reflects the untruncated nature of the ZINB model, where “some-

times” zeros exist alongside “always zeros.” This process to construct means and

variances for the count side of the model, however, provides different results than

the means and variances measured with a truncated (only> 0 counts) distribution.

In general, the process of collapsing the distribution provided by the surveyed ex-

perts as bin counts into a set of means and variances reflective of two separate sides
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Figure 4.17: Validation: Survey-Based Expert Elicitation for Party Covariates

of the model should be evaluated loosely.

The comparison of the three sets of survey-based elicitation means and vari-

ances with the clustered means and variances elicited from newspapers shows that

while the priors elicited from newspapers do differ from these survey-based pri-

ors, in general they tend not to be more extreme than any given individual sur-

veyed expert’s opinion. A few aberrations bear mentioning, however. First, note

that although “other” careers were described within the question text as “less well-

represented careers” including media and the arts, expert 2 reported in survey feed-

back that they interpreted the career value “Other” to mean “former political pris-

oner.” This presumably differs from how the other experts interpreted this prompt,
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and certainly differs from the newspaper-based elicitation process. Second, note

again that the means and variances for the “Burman” ethnicity as elicited through

the newspaper process reflect a default prior (mean 0, variance 10) because no

elicited information was available. Finally, note that where the newspaper-based

elicitation means and variances differ significantly from those of the three surveyed

experts, the reported values tend to be lower, particularly for the count side of the

model. This may indicate that refinements to the word count basis for elicitation in

that side of the model could improve estimates. That said, evaluating the newspa-

per elicitation on the basis of these three surveyed experts privileges the expert’s

responses, which as noted can vary significantly. This raises additional questions

concerning prior validation to be considered elsewhere, but a different approach to

these differing priors would be to incorporate the three survey-based elicited pri-

ors into the clustering process with the newspaper-based experts and observe both

whether the three single experts share “schools of thought” with those reported in

the newspaper sample, as well as whether their inclusion meaningfully alters the

posterior estimates.
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Figure 4.18: Survey vs. Newspaper Elicitation for Career Covariates
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Figure 4.19: Survey vs. Newspaper Elicitation for Ethnicity Covariates
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Figure 4.20: Survey vs. Newspaper Elicitation for Party Covariates
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4.7 Extensions & Refinements
This empirical analysis aims to serve as the basis for more complete models and

understandings of legislative behavior under autocracy. As previously indicated,

a complete picture of legislative participation and its implications requires fur-

ther analysis of participation by issue area, an evaluation of question content as

well as count, the inclusion of or accounting for behavior of multiple legislators si-

multaneously, the inclusion of additional controls for legislator characteristics, and

the direct measurement of co-optation and policy preference strength, potentially

through an instrumental variables analysis. Below I discuss future directions and

extensions for this project to take, in order to provide a full account of legislative

participation in authoritarian settings.

4.7.1 Theoretical Extensions

A first clear avenue for extension is in the conception of timing and independence

of behavior. Currently because observations are treated independently, all legis-

lators are implicitly thought to adopt a position simultaneously. This is useful for

understanding some sorts of legislative behavior more than others. For example, if

voting is secret or simultaneous, this timing would give a sense of how individuals

with a given distribution of preferences would act independently. A more accurate

to life extension of this model would attempt to treat the participation of legislators

as sequential. That is, it would evaluate how and at what point certain kinds of leg-

islators are likely to enter given that someone else has entered before them at some

particular policy point. This might also allow for coordination between legislators

that is currently excluded by empirical accounts of participation.

Alternatively, this participation could be interpreted and analyzed in a net-

worked pattern rather than interpreted sequentially. With network considerations



www.manaraa.com

533

in place, the analysis could focus more directly on which individuals signaled the

preferences of parties or the regime for either participation or silence. Likewise, an

MP with expertise in the field of education might defer to a colleague with more

years of experience, and choose not to speak precisely because their colleague spoke

on the issue of most importance to them. These issues are currently not accounted

for in the model, but a network analysis could at least offer insights about whether

nodes cluster according only to party, or also correspond to career history or other

characteristics.

4.7.2 Empirical Extension: Survey Validation

This paper has so far presented one new approach—text-based analysis—to gen-

erating more specific and informative priors. Eliciting priors from experts or those

knowledgeable about Myanmar politics provides a principled basis for choosing

the informative prior to use, and text analysis broadens the set of “experts” who

could be consulted. Still, there are several avenues for improving this elicitation

procedure. To supplement the text-based elicitation procedure and also to validate

its contributions in the previous analysis, I am conducting surveys to directly elicit

priors from Myanmar “experts.” The “elite” survey that served as the basis for the

validation above represents one possible avenue for further extension and valida-

tion of this text-based work: additional experts could be identified and provide

answers in a roulette-based framework. The low response rate in the validation

survey, however, indicates that future surveys require more specific targeting and

a design that lends itself to more expedient completion.
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4.7.3 Extensions to Text-Based Elicitation

In addition to pursuing survey-based validation of the text-based elicitation ap-

proach undertaken here, there are multiple ways in which the current text-based

elicitation technique could be refined. First, the corpus could be expanded and

refined, either by including more news sources or by consulting alternative tex-

tual sources such as published ethnographies. Second, the variance measure could

be further refined, either by developing a dictionary of probability or uncertainty

terms (e.g., “likely,” “uncertain,” “probable,” “definitely,” etc.) in order to evaluate

certainty directly and calibrate the variance measure, or by mapping uncertainty

terms onto coverage of regular, probabilistic events in these news sources, such as

weather (where, e.g., a 30% chance of rain described as “likely” provides a clear

mapping from words to an uncertainty measure). Finally, alternatives or supple-

ments to sentiment analysis could improve the accuracy of the prior mean mea-

sure. For example, word counts could be used on the sentiment as well as count

sides of the model, or sentiment analysis could be changed to incorporate a dif-

ferent tokenization that would evaluate phrases or sentences for sentiment rather

than words. Likewise, a topic analysis could provide insights into the relation-

ships among words that contribute to particular sentiment levels, and alternative

sentiment dictionaries besides Bing Liu’s could be used to test the sensitivity of the

current logit-side measures.

Additional data and disaggregation of categories could also add to this anal-

ysis. Further extensions of this project will seek to incorporate each house of par-

liament (Amyotha Hluttaw, Pyithu Hluttaw, Pyidaungsu Hluttaw, and regional

and state parliaments) as well as a greater amount of biographical data about the

MPs (including number of children and their careers, parents’ education and ca-

reer experience, educational background, etc.). Likewise, the data from the Open
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Myanmar Institute (OMI) includes both questions and proposals for each of the

10 sessions of parliament held since 2011. Incorporating these additional sessions

might allow for the factor categories to be separated further without cost to separa-

tion, and could encompass textual analysis of the content of questions in addition to

their counts. In addition, these data might include participation by military MPs

that would facilitate the investigation of yet another source of variation. Specifi-

cally, this model in conjunction with these data could be used to assess the balance

of power in civil-military relations and treat the military both as a self-interested

actor or set of actors and as a politically pivotal player, rather than simply a tool

at the autocratic regime’s disposal (Acemoglu, Ticchi, and Vindigni 2010, 4). In

particular, this balance could be more rigorously assessed, comparing legislative

participation in circumstances with the military as a veto player, and further dove-

tailing to examine conditions under which the military assumes that role (e.g., if

the civilian government strongly relies on the military for repression as in Svolik

(2012, 124–125)).

Finally, future extensions will also seek to disaggregate participation by pol-

icy area in order to allow for greater variation in policy preferences by individual

and even within parties. These additions should offer better insights into the bar-

gaining processes and co-optation at work in authoritarian legislatures, while also

providing some better evidence of how parties are differentiated, and how the role

of the military in the legislature differs from elected members of parties.

4.8 Conclusion
This project provides both substantive and methodological contributions. Investi-

gating legislative behavior under autocracy in the case of Myanmar, I have argued

for a more nuanced perspective on the condition of co-optation, disaggregating be-
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tween co-opted members of parliament who might participate subject to career or

policy considerations. This substantive intervention refines the observations of pre-

vious work to suggest that non-participation is a multi-faceted behavioral choice,

distinct from the magnitude of participation. Although further extensions of this

work are necessary to fully specify the sources of co-optation (whether via parties

or networks) and its multiple manifestations, the evidence presented here from

Myanmar indicates that defining non- or low participation in an authoritarian in-

stitution as equivalent to acquiescence is at best a limited assessment.

Methodologically, this project puts forth a novel way of incorporated elicited

prior information from textual sources, which addresses both a practical problem

of quasi-perfect separation in sparse data contexts, as well as a theoretical concern

about how best to incorporate additional sources of knowledge and information

into the study of authoritarian regimes. The use of newspaper sources as “ex-

perts” for elicitation in this project, furthermore, is suggestive of the possibilities

for opening the sphere of expertise beyond academics—a process that is facilitated

in particular by the Dirichlet clustering application that allows for a diverse array

of perspectives to be aggregated for statistical analysis.
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4.9 Appendix

4.9.1 Natural Language Processing in Burmese

Text analysis in this paper is conducted in English in part because of the signifi-

cant challenges that arise in natural language processing for the Burmese language.

Burmese is more synthetic than a typical analytical language like English, which

means that significant and different meanings can reside in smaller phrases or mor-

phemes (word particles) that might otherwise need to be communicated with full

sentences. This raises concerns in attempting, for example, to assign sentiment

to particular word particles. Likewise, written text can be either literary or col-

loquial, which increases the challenges to identifying words with a limited dic-

tionary. Burmese also lacks spaces between words, which creates computational

challenges for natural language processing, which typically leverages space delim-

iters to ease word identification. Finally, Burmese also has no agreed-upon input

method (some sources using unicode text and others not), which makes text anal-

ysis font-specific. For example, depending on the input method, characters could

be read either as ◌ိ ◌ု ခ င ◌် or concatenated as ခုိင်. While international consor-

tia for natural language processing for less privileged languages are attempting to

resolve some of these challenges for languages like Burmese, these efforts are still

very preliminary.
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Chapter 5

Conclusion

5.1 Arguments & Contributions
This dissertation explores the benefits of elicited-priors approaches to quantitative

analysis, and refinements to methods to implement elicited priors, through three

related essays. Chapter 2 examines literature, primarily from scientific fields, im-

plementing elicited-priors approaches and details the ways in which the common

routine for aggregating elicited priors in these works—averaging—does not lend it-

self well to Bayesian applications in the social sciences. This chapter proposes a new

method of aggregation for elicited priors based upon a Dirichlet Process. Dirichlet

clustering allows for the identification of latent “schools of thought” among elicited

priors from several experts who have differing points of view, and aggregates these

schools of thought accordingly. As the chapter shows, this approach better incor-

porates divergent viewpoints without allowing extreme positions to overly skew

prior distributions. Chapter 2 focuses primarily on a technology to utilize and ag-

gregate priors once they have been elicited, whether this takes place via reading

previous literature, or via interviews or focus groups with experts, as is traditional.

Chapter 3 builds on this expansion of the sources from which to elicit, ques-
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tioning the underlying concept of “expertise” that supposedly defines ideal sources

for priors. After examining the psychology and management science literature re-

lated to expertise, and the companion literature on election forecasting from politi-

cal science, Chapter 3 utilizes the 2016 U.S. national election as a form of validation

for the Dirichlet clustering approach proposed in Chapter 2. This project interro-

gates the distinction of “expert” in order to better understand the conditions under

which elicitation would produce more accurate results with a large sample of re-

spondents relative to a smaller sample with domain expertise or experience. The

results offer hope that elicitation need not be uniformly costly because even elici-

tation without additional information via covariates is sufficiently accurate to, for

example, provide adequate bounds for overcoming practical challenges like quasi-

perfect separation. Likewise, the results demonstrate that despite divergence in

estimates across subgroups of experts in each of the mass and elite samples, the

Dirichlet clustering process proposed in Chapter 2 provides an accurate overall as-

sessment of potential vote share.

Chapter 4 extends the clustering approach of Chapter 2, and the emphasis on

expanding the notion of expertise from Chapter 3, with an application to sparse

data from an authoritarian context: legislative participation in Myanmar. This

chapter not only uses the Dirichlet clustering aggregation of elicited priors intro-

duced in Chapter 2, it also demonstrates their application in a more complex mod-

eling context, using a zero-inflated negative binomial. In addition, although priors

are elicited from human experts via an online survey for the purposes of valida-

tion, Chapter 4 introduces a text-based method of elicitation focusing on newspa-

per sources covering Myanmar’s politics. Beyond providing substantive insights

into the nature of participation in Myanmar’s lower house of parliament, this paper

expands the notion of valid sources from which to elicit priors.
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Each of these contributions—articulating an aggregation technique for elicited

priors, illustrating a text-based approach to elicitation and clustering, and evalu-

ating and validating expertise within elicited priors—requires further refinement

and extension in future projects. The following section details several possible

next steps in each of these domains, and more broadly related to elicited-priors

approaches.

5.2 Extensions & Next Steps
For each of the projects undertaken in this dissertation, several extensions can im-

prove their accuracy and applicability. In this section, I detail a series of possible

steps to improve these chapters, and conclude with a discussion of additional di-

rections for research on elicited priors in political science.

5.2.1 Chapter 2 Extensions

While the application of the Dirichlet Process clustering approach to Jackman and

Western (1994) in Chapter 2 serves to illustrate the method with a tangible and ac-

cessible example in which data constraints are binding, additional vignettes will

better illustrate the applicability of this method to a wide range of social science

problems. First and foremost, a series of simulations using both OLS and probit

will demonstrate the efficacy of the Dirichlet clustering process for both continuous

and discrete modeling cases. Another vignette featuring a contemporary question

of general interest in political science can further underscore the flexibility of the

approach. For example, an application to civil war or nuclear conflict could lever-

age the fact that data are often sparse or incomplete in these settings, but significant

expertise exists from which to derive elicited priors to bound analysis. In general,

incorporating additional applications might provide an opportunity to underscore
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the broader philosophical point that elicited priors can support the progression of

science and acquisition of knowledge by showing how previously published results

can concretely and transparently influence future analyses.

In addition to illustrating further applications of the approach, a more com-

prehensive articulation of the scope conditions and limitations of the Dirichlet-

based approach would improve its applicability by researchers. Some of the scope

conditions will become clear in the course of simulations and further comparing the

clustering method with pooling in addition to averaging. While in general ques-

tions with adequate data suggest fewer benefits to a labor-intensive elicited-priors

approach, better understanding the distinction between when an elicited-priors ap-

proach might be beneficial or necessary and when it might have only a marginal

impact also requires further discussion of the process of selecting experts. The

quality and quantity of experts from whom one can elicit priors impacts the clus-

tering process as well as the ultimate priors. The method articulated in Chapter 2

assumes a good-faith effort by the researcher to cull citations from relevant litera-

ture or identify plausible, relevant channels through which to identify and include

experts for elicitation. Like any methodology, there is no guarantee that its imple-

mentation will always reflect good-faith intentions, but laying out specific princi-

ples for practice with this approach in particular would be useful for guiding the

expert selection process. In addition to generating a set of “best practices” in that

domain, describing the outcome in terms of the clustering process when good-faith

practices have not been used will allow for more transparent and critical research.

Furthermore, developing a formalization of the clustering process would aid

in better articulating the incentives of experts and researchers in the elicitation

process, and evaluating the quality of information a researcher is likely to receive

through elicitation, and how that might differ across experts and clusters. Formal-
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ization would reinforce the process of identifying the aforementioned indications

of a flawed expert-selection process as well by offering insights into how this might

change the nature of the information elicited.

Finally, as previously mentioned, the analysis in Chapter 2 assumes a preex-

isting elicitation protocol and focuses instead on how best to aggregate priors once

elicited. Additional work should evaluate whether particular elicitation methods

improve the performance of aggregated priors in later analysis.

5.2.2 Chapter 3 Extensions

Chapter 3 seeks to more critically evaluate who counts as an “expert” and what

types of “expertise” are best incorporated into elicited-priors analysis. While this

chapter usefully employs the 2016 U.S. election to validate elicited priors in an effort

to interrogate the distinction between elites and masses, the extent to which these

findings apply in non-U.S. or non-developed contexts is unclear. In general, further

work is needed to investigate whether and to what extent a definition of “expert”

developed with respect to one set of data usefully applies when investigating other

questions.

In addition to including results about the U.S. House of Representatives elec-

tion, Chapter 3 can be refined in several ways, such as comparing and pooling

both mass and elite samples within the clustering framework; evaluating samples

against averaged or pooled estimates; better accounting for contagion across bins in

the roulette setup; and dynamically updating errors and error variance. The results

of these additional analyses may provide useful insights into screening procedures,

for example, that could help to identify better “experts” from whom to elicit priors

in advance and thereby decrease the costs of elicitation. Beyond providing an in-

dication about the impact of sample size when using survey-based techniques, for
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example, learning that in general more educated individuals perform better would

allow for the more effective selection of respondents up front. Learning that survey

response time or political knowledge strongly correlates with more accurate priors,

on the other hand, might indicate additional considerations for survey design even

beyond the U.S. context.

Likewise, Chapter 3 highlights a tradeoff or a tension between area-specific

domain expertise and more general theoretical information that a given expert or

group of experts might bring to bear on a particular question. For example, one

issue with the idea of identifying “superforecasters” is that their accuracy related

to one question or set of questions may not imply accuracy related to other ques-

tions. In the realm of comparative politics or international relations, this problem

develops an additional facet. Suppose one wants to evaluate factors influencing

economic growth in Southeast Asia. Should the group of experts one recruits be

those with knowledge particular to, say, the Singaporean experience, or the eco-

nomic history of Southeast Asia; with knowledge of economic processes in general

but not necessarily area expertise; or some mix of the two? Similarly, while the

surveys used in Chapter 3 identify individuals in a nationally representative sam-

ple and individuals with academic credentials, one could also imagine targeting

those with experiential expertise—pollsters, political operatives, elected officials,

etc. Additional work to understand these overlapping, intersecting, and divergent

areas of expertise is critical to expert recruitment and elicitation.

5.2.3 Chapter 4 Extensions

Unlike the more illustrative approach in Chapter 2, Chapter 4 seeks to make both

substantive and methodological contributions. First, the chapter applies the Dirich-

let clustering process in the complex modeling context of a zero-inflated negative
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binomial. Moreover, this process is not only undertaken to illustrate the capacity

of a clustering approach for elicited priors to overcome technical challenges such as

quasi-perfect separation, but rather is meant to investigate a question of substantive

importance: what generates variation in legislative participation under autocracy?

On this substantive dimension, the paper offers a few preliminary insights

that would benefit from extension. Co-optation in the Myanmar context appears

more nuanced than simply participation or non-participation, and incorporating

additional information—more data about recent parliamentary sessions, bill spon-

sorship and committee membership, question content in addition to count—would

better illustrate the ways in which party institutions, career incentives, or policy

preferences govern legislative behavior.

Second, Chapter 4 seeks to provide at least a preliminary approach to princi-

pled text-based elicitation. Whereas the prior “elicitation” undertaken in Jackman

and Western (1994) involves the specification of prior means and variances on the

basis of previous literature, it does not use the textual structure of that literature or

its explicit specification of prior parameters in order to conduct elicitation. At the

same time, however, the text-based approach discussed in Chapter 3 is specific to

the newspaper sources and nature of the legislative participation project. Future

extensions should seek to generalize on this approach and interrogate how it might

work for other types of textual sources, such as ethnographies, memoirs, first-hand

accounts, academic publications, etc.

Third, Chapter 4 includes a brief section on validation tailored to the news-

paper sources used. This validation reflects the priors of only three “elite” experts

who responded to an online survey, but incorporating additional expertise would

facilitate comparing clustered human expert priors, for example, with those from

the newspaper elicitation process. I have already initiated the process of conduct-
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ing a “mass” elicitation survey, to be launched in 2017–2018, for the Burmese con-

text accordingly. To increase accessibility for those with less formal education and

regardless of language ability (the survey will be available in both English and

Burmese), the mass survey adopts a conjoint analysis technique from Hainmueller,

Hopkins, and Yamamoto (2014). Respondents will evaluate pairs of hypothetical

MPs, where characteristics vary on the same dimensions as in the elite survey dis-

cussed in Chapter 3 (ethnicity, party, occupation). In response to these example

MP profiles, respondents will answer

1. with what probability (%) they believe MP 1 asked any questions,

2. with what probability (%) they believe MP 2 asked any questions,

3. if both MPs were to ask questions, who would ask more questions, and

4. how much more, in percent terms, would that MP ask.

To construct MP profiles for this survey, I began with prompts based on all

possible combinations of all possible levels of each MP characteristic factor vari-

able, as was used in the elite survey in Chapter 4. That is, party (none, USDP, NLD,

minority party, military), ethnicity (Burman, minority), and career (military, civil

service, educated professional, agriculture, less commonly represented career (e.g.,

arts, tourism, media)) each vary. After creating an exhaustive set of combinations,

I eliminated any combinations that did not occur in the 2011–2013 MP participation

data, creating 34 total possible variations. Respondents to the elite survey evalu-

ated each of these 34 possibilities. Respondents to the mass survey will evaluate a

random subset.

In order to increase response rate relative to the elite elicitation survey and

previous attempts at mass elicitation for the Burmese context, I intend to leverage
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the high Facebook user presence in Myanmar society, advertising the survey as a

promoted link in Facebook feeds of Myanmar profiles through Facebook ads. This

broader base for survey response will provide a design somewhat analogous to

that pursued in Chapter 3, and will provide a wider array of priors against which

to validate the text-based approach in Chapter 4.

5.2.4 Additional Projects

In addition to each of these extensions to the specific interventions made through-

out Chapters 2, 3, and 4, there are several areas of inquiry within the domain of

elicited priors that build on the work of this dissertation. Beyond simply concern

for aggregating elicited priors, these pertain to prior validation and alternative elic-

itation frameworks.

Alternative methods for validation beyond using mass survey responses as

in Chapter 4 will provide a more solid basis for adapting an elicited-priors ap-

proach to a variety of social science questions. For example, one might evaluate

text-based elicited priors from academic sources or previously published works

against survey- or focus-group-based elicitation with the authors directly. Alterna-

tively, subjects in a survey-based design could be randomized into a roulette style

elicitation or a group directed to write a narrative on a particular topic, in order to

refine the process for eliciting prior moments from text sources.

These alternative validation methods dovetail with a second broad domain

for further investigation: elicitation framework design. Even the roulette design

for elicitation implemented in this dissertation was designed primarily for use in

focus-group settings, rather than in survey settings, let alone online surveys. Eval-

uating whether answers are more consistent in each of these elicitation contexts, us-

ing the same elicitation instrument, is a crucial first step toward understanding how
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to make elicitation a more useful and accessible method. While survey techniques

for elicitation might broaden the set of “experts” from whom one can elicit priors

and the set of contexts or questions in which elicitation can occur, additional care is

required to design appropriate tools for sensitive contexts. For example, while the

analysis in Chapter 4 effectively utilizes text-based elicitation to circumvent some

of the challenges with identifying and eliciting priors from experts in an authori-

tarian context, authoritarian and less developed countries are those that often have

sparse data, for which an elicited-priors approach is particularly useful. Further ar-

ticulating whether having even a select group of experts, non-randomly chosen or

non-representative in nature, is preferable to no expertise, or how one might com-

pensate for non-ideal survey design will facilitate the application of elicited-priors

approaches in these difficult contexts.
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