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Abstract

How should we deal with abstentions in roll-call data analysis? Abstentions are very
common in decision-making bodies around the world, and very often obey to a strategic
rationale. Methods to recover ideal points from roll-call datasets—such as Nominate
and MCMC IRT—are based on assumptions about the ignorability of the abstention-
generating mechanism. However, the strategic character of abstentions makes the as-
sumption of ignorability difficult to meet in practice. We discuss different abstention-
generating mechanisms to understand the conditions under which they may be deemed
ignorable, and extend the MCMC IRT model so as to incorporate information from
abstention patterns into inference about legislators’ ideal points.

Politicians are constantly called upon to make collective decisions in committees of all shapes
and sizes by voting on a series of bills or proposals, usually in the form of binary choices.
Political scientists use the observed pattern of YEAs and NAYs to infer the ideological lean-
ings of committee members, either through non-parametric optimal classification schemes
(Poole 2005), likelihood-based inference methods (Londregan 2000; Poole and Rosenthal
1997), or Bayesian MCMC methods (Clinton, Jackman and Rivers 2004; Martin and Quinn
2002). In many instances, however, committee members fail to express a straightforward
preference through a YEA or NAY vote, and instead abstain from voting. When this hap-
pens, assumptions about the process that generates abstentions become relevant in arriving
at inferences about the ideological leanings of politicians.

The last decade has witnessed an increase in the use of roll-call votes in comparative
politics (Desposato 2001; 2003; Haspel, Remmington and Smith 1998; Hix, Noury and
Roland 2005; Morgenstern 2004). Mimicking widespread practice in studies of the US
Congress, analysts of other national or supra-national legislatures exploit voting data to
examine the influence of competing principals on legislators’ behavior (Carey 2007; Hix 2001;
Hix, Noury and Roland 2005), the dimensionality of the political spectrum (Hix, Noury
and Roland 2005), or simply the ideological leanings of politicians in different latitudes.
However, borrowing techniques from American politics in order to analyze decision-making
institutions elsewhere forces us to rethink the assumptions that underlie techniques such as
Nominate or MCMC item-response theory models.!

*We are grateful to Eric Magar, Jeff Gill, and Andrew Martin for entertaining our many questions and
providing solid advice. None of these individuals bear responsibility for our errors.

1For example, Carrubba, Gabel, Murrah, Clough, Montgomery and Schambach (2006) emphasize the
selection bias that exists in roll-call data in the European Parliament. Similarly, Hug (2006) presents
evidence for selection bias in roll-calls in the Swiss lower house (1995-2003).



One assumption that may not travel well outside the American context is ignorability
of empty roll-call votes. Current models treat abstentions as missing values and either
drop them from the analysis (Nominate), stipulate that they are tantamount to Nay votes
(Jones and Hwang 2005), that they occupy a distinct middle ground between Yea and
Nay positions (Desposato 2001), or treat them as parameters to be estimated based on
information from observed votes (Clinton, Jackman and Rivers 2004). Though these are
reasonable assumptions—and may indeed be informed by substantive knowledge about the
process that generates abstentions in a given decision-making committee—our hunch is
that comparativist scholars generally have more accurate information about the reasons
why politicians abstain in particular contexts. This additional information could well be
irrelevant, in which case inference based on incomplete roll-call datasets may be as good
as inference based on information about the abstention-generating process. In other cases,
however, discarding information about the process that generates abstentions may lead to
poorer inference about underlying ideological positions.

We begin by summarizing previous arguments regarding abstentions (Section 1) and
by reviewing the Bayesian MCMC item response theory (IRT) model of Clinton, Jackman
and Rivers (2004) (Section 2). We then review the conditions under which the abstention-
generating process can be ignored without loss of information (Section 3). These “ignor-
ability” conditions were explored by Rubin in the context of appropriate inference in the
face of missing data (Rubin 1976), but are constantly redefined in the applied literature.
We are careful to define explicitly the assumptions of missing at random (MAR), missing
completely at random (MCAR) and, above all, parameter distinctness (D), as Rubin does.
We should note that though Rubin’s conditions also apply to likelihood-based inference, we
limit our inquiry to Bayesian inference, and particularly to the context of the MCMC IRT
model. We illustrate Rubin’s conditions through the analysis of simulated data in Sections 4
and 5.

1 What do we know about abstenti ons?

Our concern with abstentions would be trivial if decision-making bodies around the world
showed consistently low rates of missing values. Unfortunately, a cursory review of available
roll-call data from several decision-making institutions dispels this notion. Table 1 shows
aggregate data for thirteen such bodies. In each case, the percent of missing values is
calculated as the ratio of empty to total cells in a legislator-by-item matrix.

Many of these abstentions are, undoubtedly, nothing more than the product of the ran-
dom physical absence of a legislator from the voting floor. However, many other instances
of abstentions are of a strategic nature, i.e., they are the product of an intentional omission.
Indeed, several scholars have looked into abstentions in roll-call voting to elucidate the rea-
sons why legislators might choose not to vote, and commonly suggest that abstentions are
intentional acts. For example, Fiorina (1974) argues that legislators that represent hetero-
geneous constituencies should be more likely to abstain, based on the logic that abstentions
may be strategically palatable to a legislator torn apart by “competing principals” (cf.
Carey 2007; Desposato 2006). Along these lines, Haspel, Remmington and Smith (1998)
effectively assume that abstentions in the Russian Duma are strategic. Fiorina also suggests
that legislators may avoid paying the opportunity cost of voting whenever they engage in
other electorally-related activities (home style).

Based on different sets of assumptions about legislative behavior, Noury (2004) hypothe-



Table 1: Rates of missing votes in a sample of decision-making bodies

%
Legislature Years missing
Argentina 1989-1991 40.3
Argentina 1991-1993 48.6
Argentina 1993-1995 36.1
Brazil 1995-1998 37.6
US House 1933-1934 9.7
US House 1965-1966 13.5
US House 1995-1996 3.8
France IV 1946-1958 2.5

European Parliament  1989-1994 32.1
European Parliament  1994-1999 20.3

Mexico IFE 1994-1996 16.2
UN General Assembly 1946-2005 14.9
Israel 2002 52.0

sizes that the probability of abstaining should decrease as the perceived probability of being
a pivotal voter increases, and that abstentions should be more frequent among legislators
representing the position preferred by the majority and in larger legislatures. Lastly, in
accordance to the swing voter’s curse theory, abstentions should be positively related to ex-
pected closeness of the vote. Noury uses roll-call data from the third and fourth European
Parliaments (1989-1999) and finds that closeness is an important determinant of absten-
tion, that being in the majority decreases the likelihood for abstaining, and that increases
in fixed costs (such as vote timing and the physical place where sessions take place) increase
abstentions. Except for the latter effect, the inescapable conclusion is that abstentions are
indeed purposeful acts.

In line with arguments about the strategic nature of abstention, there have been at-
tempts to jointly model participation and vote choice decisions and examine whether the
two are linked, using two-stage estimation (Cohen and Noll 1991) or simultaneous equations
models (for example, Poole and Rosenthal (1997) use multinomial logit and so do Rothen-
berg and Sanders (1999)). Cohen and Noll (1991) examine vote choice and abstention on
a series of roll-call votes on the Clinch River Reactor, assuming that voting behavior is
geared towards improving a legislator’s re-election chances. They use nested logit models
and provide support for the argument that participation decision and vote choice are linked.
The authors discover (among other things) that indifference has a conditional effect on a
legislator’s probability of abstention. Specifically, the authors find evidence that indifferent
legislators are more likely to participate in a vote when the vote is close and the outcome
is uncertain, whereas they are less likely to participate when the outcome can clearly be
predicted.

Contrary to Cohen and Noll, whose model rests on the assumption that legislators care
about re-election, Poole and Rosenthal’s model stems from spatial voting motivations for
abstention, mainly the likelihood that legislators will be pivotal on any given vote. The
authors use multinomial logit and thus regard abstentions as merely an additional alter-



native to be chosen by legislators. In contrast, Rothenberg and Sanders (1999; 2002) have
argued that abstention and vote choice should be considered as jointly determined. They
inspect the 73rd (1933-1934), 89th (1965-1966) and 104th (1995-1996) US Congresses, and
find support for the assertion that abstention is not random and that non-randomness is
particularly obvious in the 104th Congress. They do so in a model that simultaneously
considers participation decision and vote choice. This unified model defines a participation
threshold for each legislator (which is related to the cost of voting), and presents legislators
preferences over voting Yea, voting Nay, and abstaining as a function of the utility differen-
tials and the participation threshold. Paradoxically, Rothenberg and Sanders (1999; 2002)
base their analysis of abstentions on W-Nominate estimates of ideology, thus employing
a technique that drops abstentions under the strict assumption that they are missing at
random to make inferences about abstentions that are presumably non-random. Finally,
Desposato (2006) discusses several realistic scenarios in which abstentions should be con-
sidered strategic and proposes a model that takes into consideration the strategic nature of
abstention. In order to correct for bias introduced by non-random abstentions, he estimates
a mixture model with vote choice as well as an underlying latent variable which determines
whether a legislator registers a vote or not.

Outside the realm of political science, the literature on educational testing—which con-
fronts problems of missingness that are somewhat similar to the ones faced in the analysis
of roll-call votes in comparative politics—concludes as well that missingness produced by
intentional omission is not in general ignorable, and that better inference can be achieved
both about latent ability and item parameters when an effort is made to model the omission-
generating mechanism properly (Glas 2006; Mislevy and Wu 1996).

To sum up, it is common to assume that abstentions are purposeful acts, and yet in
applied analysis of roll-call votes the information provided by the mere fact of not seeing
a vote is commonly thrown away. Thus, the failure to model the process that leads to
abstentions deprives scholars of information that they could use to improve inferences about
ideal points.

2 The Clinton-Jac kman-Ri vers IRT model

We focus our analysis of abstentions in roll-call data on Bayesian inference about legislators’
ideal-points, though our conclusions on ignorability of abstentions also hold for likelihood-
based inference. An extremely useful framework to arrive at Bayesian inferences about ideal
points is the probit analog of the Rasch two-parameter logit model commonly employed in
item-response theory (IRT). Clinton, Jackman and Rivers (2004) show how this statistical
model follows naturally from microfoundations about the behavior of legislators that con-
front an up-or-down vote on an item that might change the statu quo in policy space, and
provide several examples of the flexibility and amenability of this model to accommodate
extensions. Following Clinton, Jackman and Rivers (2004), we consider z;, (j, ¢ € R! as
the ideological position of legislator i € {1...n}, and the YEA and NAY locations, respec-
tively, of bill j € {1...m} in a one-dimensional ideological space. Legislators derive utility
from the spatial distance between their own ideal point z; and the locations ¢; and v; of
bills. In a one-dimensional setting, it is common to represent the utilities of voting YEA
and NAY as:



Ui((5) = —(zi — ) + i (1)
Ui(vy) = — (i — ¢5)* + vij

where 7;; and v;; are spherical disturbances. The utility differential y;; = U;(¢;) — Ui(¥;)
determines whether a legislator will vote for or against proposal j:

1 if yjj >0
R = 9
Yis {0 otherwise 2)

For the purpose of statistical estimation, one can model the probability that legislator
i will vote in favor of proposal j as P(y;; = 1) = P(y;; > 0) = ®(8z; — a;), where
Bj =2(¢j —y) /o4, o = (¢J2 + CJZ)/O']', o is the standard deviation of the difference of the
disturbance terms in Equation 1 (i.e., 032- = var(n;; —vi;)), and ® is the CDF of the standard
normal distribution (a probit link). Based on the CJR specification, the likelihood function
is:

Lo B.x1Y) = [TTT @0 + By (1= ®lay + )" g
j=1i=1

In this setup, we observe a matrix Y of 1s and 0Os corresponding to YEAs and NAYs,
along with abstentions—i.e., missing values—on some cells of Y. Bayesian analysis proceeds
by stipulating priors on parameters a, 3, and x, sampling from the posterior distribution
of these parameters and the missing data, and presenting summaries of these samples. In
a nutshell, the iterative MCMC algorithm samples missing 7;; conditional on estimated
parameters «, 3, and x, and then samples a, B, and x based on observed votes and
previously imputed values of missing yij? This procedure guarantees reasonable estimates
of x under the assumption that the abstention-generating mechanism is ignorable. But
if this assumption does not hold, Bayesian (and likelihood-based) inference methods are
in fact ignoring information that could well be used to estimate ideology parameters with
greater precision.?

3 Non-i gnor able abstenti ons

In some legislatures and committees, it is not reasonable to ignore the process that gen-
erates abstentions. As mentioned before, abstentions may be purposeful political acts. In
this section, we summarize Rubin’s conditions for ignorability. We then study three simu-
lated sets of voting records, to illustrate the conditions under which we would expect that
modeling the abstention-generating mechanism may lead to better inferences.

2This is a loose description, as the Gibbs sampler draws a continuous latent variable y* (data augmen-
tation), rather than a dichotomous y, subject to constraints implied by observed votes: y* > 0 if y = 1 and
y* < 0if y =0. If y is missing, then y* is drawn from an unconstrained normal distribution. Moreover,
a and 3, on the one hand, and X, on the other, are sampled in successive steps, not simultaneously. See
Albert and Chib (1993); Clinton, Jackman and Rivers (2004).

3 Aside from the assumption of ignorability, the CJR IRT model assumes local independence and strict
monotonicity. Indeed, the one-dimensional specialization of the CJR model is part of a family of models
characterized by the acronym SMURFLI(2), since they are based on the following assumptions: Strict
m onotonicity, unidimensional response function, local independence, and two possible responses (YEA or
NAY in our case) (Mislevy and Wu 1996).



3.1 Rubi n® conditi ons

To summarize Rubin’s conditions for ignorability, we formulate the problem of abstentions
in roll-call analysis while staying close to his own notation (see also Gelman, Carlin, Stern
and Rubin 2004, Ch. 7). Thus, we assume that roll-calls are realizations of a random
variable Y = (Y1,...,Y,), where Y; = (Yj1,...,Y;,) is the sequence of votes of legislator
i on items 1 through m, regardless of whether these votes are observed or not. We assume
that elements of Y are independent and identically distributed with probability density
function f(Y|0), or simply fp(Y), and we seek to make inferences about parameter 6. In
the CJR model, 6§ is a vector that includes parameters x, a, and 3.

Roll-call votes are seldom recorded entirely. In many instances, a subset of legislators
will not register a vote on a particular item. Thus, aside from Y, roll-call votes usually
yield a second random variable of missing-data indicators, M = (My, ..., My), with typical
element m;; = 1 if we observe legislator i’s decision on item j and m;; = 0 otherwise. We
define the conditional probability that M takes on values m = (mj,...,m,) given that Y
has taken values y = (y1,...,yn) as g(mly, ¢), or simply as g4(m|y). Again, ¢ may be
vector-valued and may include both legislator-specific and item-specific parameters, as well
as elements of §. The probability density function g4 captures the process that produces
abstentions.

We characterize the complete-data likelihood of votes and abstentions as follows:

L(0, ¢ly, m) = fo(y)gs(mly)

Similarly, the complete-data joint posterior distribution of 6 and ¢ is

(0, ¢ly, m) o< fo(y)ge(mly)p(0)p(9[0) (4)

where we factor the joint posterior distribution of 6 and ¢ explicitly as the product of
the marginal distribution of 6 and the conditional distribution of ¢ given 6 to admit the
possibility that the parameters that drive the missingness process are not “distinct” from
the parameters that drive the voting mechanism.

Whenever we encounter abstentions, we only observe a subset y(q) of realizations of
Y (that is, Y can be partitioned into observed votes y(;) and unobserved votes y(g)). In
this case, it is common to drop missing observations and proceed to make likelihood-based
inferences about 6 from the observed-data likelihood:

L(0,8lyw)) = fo(ya))

Similarly, Bayesian inference seeks to summarize the observed-data posterior distribu-
tion, which reduces to:

(0, 9ly)) < fo(y())p(0) (5)

Note that the observed-data likelihood and posterior distribution ignore the process
that generates abstentions as captured by g4(mly), i.e., they purposefully drop potentially
valuable information contained in the indicator matrix m. Under certain circumstances,
inferences about 6 based on (5) will be appropriate—i.e., modeling the process that generates
abstentions will not improve inference about the parameters that produce YEA /NAY votes.
Another way of saying this is that the abstention-generating mechanism is ignorable for
inference about @ if inference based on the complete-data posterior in Equation 4 coincides



with inference based exclusively on the observed-data posterior in Equation 5 (Lu and Copas
2004). Based on Rubin’s theorems, the abstention-generating mechanism is ignorable under
Bayesian inference under two sets of conditions:

1. Abstentions are ignorable if (a) the missing data are missing at random (MAR) and
(b) parameters @ and ¢ are distinct (D).%?

2. Abstentions are ignorable if and only if the probability of the observed pattern of
missingness m given the observed votes y ;) is the same for all values of 6.6

The second is a necessary and sufficient condition. It says that even if MAR does
not hold, ignorability may still hold, but this rests on some extremely unlikely balancing
condition linking 6 to ¢.” Thus, in practice, we require that the missingness process is
MAR and that the parameters that drive the abstention process and the parameters that
drive vote choice are distinct. In Bayesian inference, distinctness requires defending the
assumption that the prior distribution of 6 and ¢ should be factored as p(0)p(¢) rather
than as p(0)p(4|0).® Indeed, when we assume MAR + D, abstentions become ignorable and
we do not even bother to place a prior on ¢ or model the abstention-generating process
gs(mly).

We cannot refrain from adding some clarification regarding the concepts of MAR,
MCAR and distinctness as they appear in the literature. Rubin originally defines MAR
as gy(mly) = gy(mly(1)) and defines distinctness (D) separately. In Rubin (1976), MAR is
not implied by, nor does it imply, D; these are separate assumptions. In a good segment of
the literature on missingness, however, it seems customary to use the term MAR loosely to
refer both to Rubin’s MAR condition and Rubin’s D condition. Consider Holman and Glas’s
definition of MAR, which is typical of the more recent literature: “If g, (mly o),y (1)) does
not depend on the unobserved data y(g) and the parameter of the missing-data process, ¢,
is distinct from the parameter 6 of the distribution of y ) and y;), then the data are MAR”
(Holman and Glas 2005, p. 1; we employ our notation for consistency). To avoid confusion,
we refer to MAR + D as MAR*. Holman and Glas go on to define MCAR as MAR* plus
observed at random (OAR). Since MAR* already includes D, these authors in fact define
MCAR as also including distinctness. We refer to MCAR + D as MCAR*. Some other
texts define MAR and D separately, but then assume D throughout (cf. Schaffer 1997). It
is therefore not uncommon to read that MAR suffices to ignore the abstention-generating
mechanism under Bayesian inference; what these authors mean is that MAR* suffices to
ignore the abstention-generating mechanism under Bayesian inference.

“Missing data are MAR if for each value of ¢, gs(M|y) = go(M|y @) ). Missing data are MCAR if for each
value of ¢, go(M]y) = gs(m).

SParameters 0 and ¢ are said to be distinct “if there are no a priori ties, via parameter space restrictions
or prior distributions” between them. Technically, from Rubin’s Definition 3, “[t]he parameter ¢ is distinct
from @ if their joint parameter space factorizes into a ¢-space and a 6-space, and when prior distributions
are specified for 6 and ¢, these are independent” (Rubin 1976, 585).

®In Rubin’s words, (5) equals (4) “if and only if Es.y0) {9s(M[y)Im,y @), 0} takes on a constant positive
value” (Rubin 1976, 587).

"Namely, as {gs(m|y)|m,ya),60} changes under different values of 6, fa(y) changes correspondingly in
such a way that the product foges remains unaltered (cf. Mislevy and Wu 1996).

8Rubin’s theorems do not suggest that MCAR is a necessary and sufficient condition to justify ignorability,
as is often argued in applied literature. But since MCAR implies MAR, MCAR plus the assumption of
distinctness suffices to justify ignorability.



4 |l lustr ati ons

To illustrate Rubin’s conditions, we consider three simple abstention-generating mecha-
nisms. The first two mechanisms produce abstentions at random (MAR), and therefore
satisfy Rubin’s first sufficient condition, but in none of these can parameters ¢ and 6 be
assumed to be distinct. Modeling the abstention-generating mechanism yields more ap-
propriate inferences about ideal points in both cases, even when abstentions are MAR.
This suggests that we ought to make a special effort to model the abstention-generating
mechanism whenever we have information about it, even if we can legitimately assume
that abstentions are MAR. The third mechanism produces abstentions that are not missing
at random (MNAR), but distinctness can be legitimately assumed to hold. Modeling the
abstention-generating mechanism also leads to more appropriate inference.

Figure 1 displays identical segments of four different roll-call datasets. The north-
west plot displays fully-observed vote choices of ten legislators (rows) on ten different bills
(columns), which are a subset of a small decision-making body of thirty legislators voting
on 100 bills. We created this decision-making body in the following way: Legislators’ ideal
points x were independently drawn from identical N'(0,5%) distributions, and YEA and
NAY positions of each bill from N(0,32). Legislators’ vote choices were then generated
according to the quadratic utility model that underlies the CJR model. The remaining
plots display different observed roll-calls; abstentions in each of these sets were generated
according to different mechanisms, as we explain in the following paragraphs.®

4.1 Non-ignorable abstentions I: Indi ler ence about proposals

Legislators may conceivably decide not to register a preference if they believe that the
difference between the YEA and NAY locations of a particular vote is trivial.!? In this
case, we can conceive of the abstention mechanism as one where the legislator will abstain
from voting if the distance between status quo and bill proposal is so minute that ({; — wj)z
drops below a certain individual-specific threshold +;. The vote choice itself remains as
specified in Equation 2. The legislator’s decision to vote (m;; = 1) or abstain (m;; = 0) is
modeled in Equation 6:

{1 if i — (G —¥)* +€; <0

Mij = . (6)

0 otherwise

where €;; ~ N (O,Tj2) is a disturbance term. Note that vote choice is a function of 8 =
(xi,Cj, 1), whereas the decision to abstain is a function of ¢ = (74, (j, ;).

To illustrate the argument, we drew legislator-specific indifference parameters v from
an exponential distribution and generated abstentions according to the process depicted in
Equation 7:

: 2
Loify — (G —4y)* <
— : 2
yij = 0 if v — (G — ¥5)* < e and Ui () < Ui(¥;) (7)
w df i — (G —¥5)? > €
®The plots show incomplete roll-calls with average abstention rates around 45%. In our simulations, we
explore roll-call datasets with abstention rates around 15%, 30%, and 45%.

10 This mechanism is identical to a rationale that appears in Desposato (2006), where legislators do not
bother to register a vote if the utility differential between status quo and alternative is small.




Figure 1: A subset of a full roll-call dataset as it would appear under three different non-
ignorable abstention mechanisms
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Figure 2: Scatterplots of abstention rates vs. ideal points under three different abstention-
generating mechanisms

Indifference Alienated rightists Faulty switches
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Since v and x are orthogonal, there is no correlation between ideology and the resulting
individual-specific abstention rates (i.e., the proportion of votes missed by a legislator), as
displayed in Plot (a) in Figure 2.

As we know the exact process by which data were generated, we can easily recover the
complete-data likelihood. We start piecemeal, by representing the abstention-generating
mechanism as a probability model. Thus, from our observation that the probability of
observing an actual vote equals the probability that the squared distance between proposals
is larger than the legislator-specific threshold v, we write:

Pr(mi; = 1) = Pr(v; — (¢ — 1;)° < €55) (8)
= ®(d;v —ny)

where we stipulate a probit link, and §; = 1/7 and n; = ({; —v;)?/7.1! In this case, the as-
sumed abstention-generating mechanism can be captured statistically by a 2-parameter IRT
model. The abstention-generating mechanism is MAR because the probability of observing
a vote given that the vote choice is NAY equals the probability of observing a vote given that
the vote choice is YEA, for any fixed value of ¢. The logic is transparent: Legislators are ab-
staining because they do not consider it worth their time to vote on a bill that might change
the status quo ever so slightly, without regard for how they would have voted had they chosen
to take the time to consider the options carefully. As a further check on the MAR character
of the abstention process, consider the sample distributions of abstentions conditional on Y
for our dataset with a heavy abstention rate: Pr(m = 0]y, y(0)) = Pr(m = Oly(1)) ~ 0.43.

The complete-data likelihood function can now be constructed based on the process
depicted in Equation 7:

11n our statistical model, we actually assume & = 0, as this quantity simply rescales ~ trivially.

10
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Note that the parameters that characterize the vote choice and abstention processes
are, respectively, 8 = (x, a,3) and ¢ = (v, n). Since the abstention-generating mechanism
is MAR, we could easily ignore information contained in M under a model that assumes
distinct prior distributions. Rather than using the likelihood function in (9), we could
use the likelihood function of the CJR model (Equation 3), with suitable independent
priors on «, 3, and x, to find the posterior distribution of these parameters. In this case,
however, the assumption of distinctness is not warranted. This may not be apparent at
first sight, as the individual-specific ideology and abstention propensity parameters x and
~ are certainly independent. However, the difficulty parameter for the abstention process
(n) and the discrimination parameter for the vote choice process (8) are related. Recall
that 3; = 2(¢; — ¢;)/o; and n; = (¢; — vj)?/7j; thus, these parameters can be expressed
as a function of “proposal distance” d = (; — ;. Alternatively, we note that n can be
expressed as a function of 8%, and therefore stipulate a joint prior distribution on these
parameters of the form p(n|3)p(B). Given the assumption that priors are non-distinct, the
abstention-generating process is no longer ignorable, and inference should proceed from the
complete-data posterior distribution in Equation 10:

(8, ¢y, m) o< L(0, plm, y)p(x)p(¥)p(a)p(n|B)p(B) (10)

Modeling the abstention mechanism allows us to incorporate all available information
to arrive at better inferences about parameters. In practice, however, we have not found
an efficient way of modeling p(n|3). As a consequence, we actually use independent priors
p(n)p(B) in our models. As it turns out, even this prior structure yields better estimates of
ideal points.

4.2 Non-ignorable abstentions I1: Alienated righti sts

A more interesting mechanism is inspired by an argument in the study of elections accord-
ing to which citizens abstain if they feel alienated from parties’ proposed policy positions
(Downs 1957; Plane and Gershtenson 2004; Riker and Ordeshook 1968). To generate a
MAR abstention mechanism, we assume that legislators with ideal points on the right of
the ideological spectrum are more likely to abstain, regardless of the YEA and NAY posi-
tions of bills.!2. Plot (b) in Figure 2 displays the relationship between observed abstention
rates and ideal points.

This abstention process is still MAR, because though the propensity to abstain now
depends indirectly on ideal point z; through ~ (recall that v is a function of x), it still
does not depend on y;;. Thus, for any given value of v, the probability of actually seeing a

12To generate legislator-specific abstention propensities ; that remain within plausible values, we rescaled
ideal points so that they would be non-negative and mapped them into the unit-range using a probit-like
transformation. We then drew each element of M from a Bernoulli distribution with parameter ;. To
maintain comparability, we tweaked parameters of the normal CDF so that the average abstention rate
would remain around 45%
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vote will be identical regardless of the value of y;;. Recall that legislators abstain based on
individual-specific propensities, regardless of the direction of their vote had they bothered to
register one. The probability of not observing a vote is driven exclusively by parameter -,
not by values of Y. As a further check on the MAR character of the abstention process, the
sample distributions of abstentions conditional on Y for our heavy abstention rate dataset
are: Pr(m = Oly1),y(0)) = Pr(m = 0]y(;)) ~ 0.44.

Given our knowledge that the probability of abstainining is an increasing function of an
individual-specific parameter, we can build a probability model of the following sort:

Pr(mij =1) = f(7) (11)

where f(-) is any increasing function mapping R! into the unit range. Under the assumption
of local independence, the complete-data likelihood function is:

m n

£, ¢lm.y) = [T [T # (B + ) f ()"

j=1i=1

X (1= @(Bjmi + o) f () 7V 5 (1= f(a)' ™™ (12)

Note that the parameters that characterize the vote choice and abstention processes are,
respectively, @ = (o, 3,x) and ¢ = . Again, we have in this example more information
about the abstention-generating mechanism, namely, that 4 is a non-decreasing function of
x. Once we admit that parameters may not be distinct, the MAR assumption is no longer
sufficient to justify ignorability of the abstention-generating mechanism. Indeed, knowing
that a legislator missed a heavy proportion of votes already tells us that her ideal point was
more likely to be on the right of the ideological spectrum. We incorporate this additional
a priori information into a prior structure of the form p(x;)p(vy;|x;), and the complete-data
posterior distribution would then be as in Equation 13:

(0, ¢lm,y) oc L(0, ¢|m,y)p(c)p(B)p(v|x)p(x) (13)

The assumption of non-distinct priors allows us to base our inferences on additional
information contained in matrix M to better estimate the ideal points of right-off center
legislators who are, in this case, much more likely to abstain.

4.3 Non-ignorable abstentions I11: Faulty switches in voting machinery

We present a final example to illustrate the potential advantages of explicitly modeling
abstentions when data are not missing at random (MNAR), even if distinctness can still be
assumed to hold. To motivate this example, consider an electronic device with two switches
corresponding to YEA and NAY. The switches fail to register a vote with probabilities
¢4 for the YEA switch and ¢y for the NAY switch, with ¢4 > ¢n. Since ¢4 and oy
are characteristics of the electronic device rather than the individual, it is reasonable to
assume parameter distinctness. However, the process that generates abstentions is not
MAR, because abstentions depend explicitly on the value of the vote that would have been
observed. In practical terms, this means that the failure to observe a YEA/NAY vote
already provides us with the additional information that the legislator was more likely to
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have voted YEA.!3 If we could combine this additional information with estimates of item
parameters (say, with the last iteration of 3 and & in an iterative sampling algorithm) we
could arrive at more efficient inferences about ideal points.

To generate abstentions, we draw each element of M from a Bernoulli distribution with
parameter ¢4 = 0.7 if y;; = 1 and ¢y = 0.2 if y;; = 0. The process that generates the
roll-call data can be summarized by the following conditions:

1 if Ui(¢) > Us(¢;) and m =1
yij =0 if Ui(¢j) < Ui(yj) and m =1 (14)

* fm=0

Plot (c) in Figure 2 displays the relationship between observed abstention rates and
ideal points. As further check on the MNAR character of this roll-call dataset, consider
the conditional probabilities of observing a vote in this simulated legislature: Pr(m =
1‘y(1),y(0)) ~ 045, Pr(m = Hy(l)) ~ 0.96.

Rather than trying to estimate two different parameters ¢4 and ¢p, we build a prob-
ability model for the abstention mechanism where we simply assume that an abstention is
more likely when the legislator’s utility differential is positive. By this logic, we can use the
same functional form of the 2-parameter MCMC IRT model for matrix M:

Pr(m = 1) = Pr(Ui((j) > UZLZJ]) = (I)((szi + )\j) (15)

In Equation 15, z; can be interpreted as an alternative estimate of legislator i’s ideology
that we derive exclusively from information about her pattern of abstentions. Note that
parameters d and A are functional equivalents of the discrimination and difficulty parameters
B and a of the CJR model, but are not identical to them. The complete-data posterior
distribution for this model is:

7'('(337 Zy aaﬁv 5’ )“yvm) X H H (I)(,BJCCZ + Oéj)(I)((SjZi + )\j)yijmij
j=li=1
X (1= ®(Bjmi + o)) D (82 + Aj)LT¥)™i0 5 (1 — B(62; + Aj))L ™
x pley, B;)p(85, Aj)p(zi)p(z:)  (16)

5 Results

We have presented three different abstention-generating mechanisms, none of which can be
assumed to be ignorable. Admittedly, the additional information that can be extracted
from conditioning our inferences explicitly on matrix M may be minute, and hardly worth
the trouble of estimating a more complex model. However, we find that this additional
information allows better inference about relevant parameters—sometimes in ways that

13 Trivial as this sounds, this example yields a mechanism of abstentions essentially identical to the one
assumed by Jones and Hwang (2005) for the Argentine Congress. In fact, their assumption is that ¢n >
¢4 = 0, and therefore they treat every single missing value as a NAY vote. In their case, abstentions are not
the result of failing switches, but of pressure put by party leaders on representatives, i.e., they assume that
having to represent “competing principals” (party leaders and constituents) sometimes puts representatives
in a tight spot.
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Figure 3: Nlustration of Rubin’s conditions
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change substantive conclusions about the ideological makeup of a decision-making body—
in simulated datasets with average abstention rates of 15%, 30%, and 45%. Bear in mind
as well that we compare inferences from a more complex model against inferences based on
the CJR model of Equation 3. This model will perform well given that our datasets are
built on the very assumptions that underlie the CJR model. Moreover, we stipulate in all
models relatively stringent restrictions on the ideal points of the two “known” extremists;
these priors already provide some information on the expected order of legislators’ positions
along the ideological continuum.

Our more complex models condition on the matrix M of 1s and 0Os that can be built from
roll-call sets with incomplete data. These models are the ones we identify as complete-data
posterior distributions in Equations 10, 13, and 16. For purposes of estimation, we follow
the same general strategy in the three cases. As a matter of fact, we incorporate information
from both matrices Y and M by expanding on the data augmentation method of Albert and
Chib (1993), which is also employed in the CJR MCMC IRT model (see fn. 2). The method
proceeds by sampling from a continuous latent variable y* that represents the propensity
to vote in favor of a proposal. In analogous fashion, we sample from a continuous latent
variable m* corresponding to the propensity to register a vote choice. In each iteration, we
draw a pair (y*,m”) iteratively from a truncated bivariate normal distribution with location
parameter = (6, ¢,) and precision matrix X! = Iy. When y;; = 1, we truncate this
distribution to the set (yE‘Jr), mz‘ﬂ), where (+) refers to the positive orthant; when y;; = 0,
we sample from (yE"_), m’(‘+)); finally, when y;; = NA, we sample from (y*,m;_,).

Figure 3 displays this method graphically for three different cases: A case where MAR
+ D can be assumed and abstentions are therefore ignorable; a case where MAR can be
assumed, but not D; and a case where D can be assumed, but not MAR. These plots also
illustrate graphically the implications of Rubin’s sufficient conditions. We read each plot
as a loose representation of the process of sampling the " _draw of (y*,m*) for a single
legislator /item pair 4, j. The horizontal axis is the locus of 6, which is the last iteration
of the location parameter of the distribution of latent variable y*. Conversely, parameter
¢m (the last iteration of the location parameter of the distribution of latent variable m™*)
is represented along the vertical axis. We use the notation 0,, ¢,, to remind the reader
that these are the parameters that drive the vote choice and abstention mechanisms, but
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Table 2: Comparison of results of models based on the observed- (O) and complete-data
(C) posterior distributions for three different abstention-generating mechanisms at three
different average abstention rates (15%, 30%, and 45%).

Indifference Alienated rightists Failing switches

Rate Pivots O C (0] C O C
Median 1 0.820 0.980 0.684 0.821 0.703 0.953
15% Median 2 0.985 1.000 0.954 0.996 0.940 1.000
°  Low pivot 0.085 0.350 0.168 0.465 0.123 0.223
High pivot 0.695 0.954 0.772 0.931 0.645 0.953
Median 1 0.530 0.542 0.692 0.820 0.861 0.940
30% Median 2 0.610 0.967 0.904 0.985 0.996 0.998
®  Low pivot 0.180  0.275  0.146 0.380 0.112 0.227
High pivot 0.745 0.958 0.724 0.815 0.498 0.892
Median 1 0.810 0.938 0.475 0.450 0.845 0.942
A5 Median 2 0.950 1.000 0.975 0.995 0.915 0.990
°  Low pivot 0.045 0.341 0.140 0.195 0.125 0.124
High pivot 0.480 0.963 0.250 0.380 0.420 0.679

we identify them with subscripts to suggest that we impose a particular functional form.
Thus, 6 = (4, «, ), but 5 stands here for 5;‘%‘ +aj. What varies across models is precisely
the functional form of parameters 9 and ¢m, as per Equatlons 10, 13, and 16.

We depict the prior distribution of parameters 9 and qu as a light grey contour in each
plot. The center of the contour corresponds to the point with highest probability density.
Distinct priors are represented as circular contours, suggesting that the prior distributions
of these parameters are independent. Elliptical contours convey information about the
association among parameters that is captured in the structure of priors. In the second
plot, for example, the probability that draw ¢m takes on a high positive value is higher if 9
is also high. This would be the case, for example, in the “alienated rightists” mechamsm
i.e., upon drawing a high value from the prior distribution of z, it is more likely that we
would observe a high value of 4. Similarly, information provided by the data likelihood
is represented by dark grey contours. In the rightmost plot, for example, we capture the
third abstention-generating mechanism (“failing switches”): If the t*" sampled value of y*
is high, it is more likely that the t** draw of m* will be low, which is consistent with the
notion that YEA votes are reported less often than NAY votes.

Consider then the data augmentation step performed by the Gibbs sampler. If the t™*
draw from the prior distribution yields the estimate é\y, $m7 then point (y,,,my ;) will
be sampled from some truncated region of the bivariate normal, represented by the dark
grey contour. If y = 1, this region will be the darkest region of the contour plot that lies
in the first quadrant, as in the leftmost plot. If y = 0, the draw will be from the second
quadrant, as in the center plot. Finally, if m = 0, the draw will be from the third and
fourth quadrants, as in the rightmost plot.

For each of our three roll-call datasets, we estimate the CJR model and the expanded
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model described above. We use WinBugs to estimate all models. As identifying restric-
tions, we place N (0,4) priors on « and 3, and N(0,1) priors on x. To solve rotational
invariance, we place prior restrictions N(2,0.25) and A (—2,0.25) on known extremists.!
We report in Table 2 statistics to compare inferences about x from models based on the
observed- and the complete-data posterior distributions. More principled tools for model
comparison—in particular the deviance information criterion (DIC)—are not available to us
due to limitations in WinBugs.We consider what are objects of real interest in the Bayesian
framework, namely, the probability of correctly identifying different legislators as occupy-
ing positions of theoretical interest. In this case, we consider the probability of correctly
identifying the median voter (two median voters, since the number of legislators is even),
and the high (0.66) and low (0.33) pivots, since in many legislatures these are individuals
with the capacity to veto policy.!> Plot (a) in Figure 4 shows this procedure graphically
for the high pivot in the “failing switches” scenario (15% abstention rate). Based on the
complete-data posterior distribution, the probability that legislator #20 will indeed appear
ranked in the 20" place is close to 1. Based on the observed-data posterior distribution,
this probability is only about 0.65, and there is non-negligible mass on the probability that
another legislator (#19) is the actual high pivot.

The statistics reported in Table 2 support the conclusion that modeling abstentions
has potentially high payoff. The models based on the complete-data posterior distribution
are more likely to correctly identify the two medians, and what we call the low and high
veto pivots. Only in our second scenario—alienated rightists, 45% abstention rate—do
we observe slightly worse results for the complete model, and that only when it comes to
identifying Median 1. In contrast, gains from conditioning on the matrix of observed and
unobserved votes are large in our first scenario (indifference). In this case, the probabilities
of correctly identifying legislators, particularly the low and high pivots, increase noticeably.
Indeed, the median percent improvement across all four pivots in each of the three datasets
is 0.329 in the “indifference” scenario. The median percent improvement in the “alienated
rightists” and “failing switches” examples are 0.193 and 0.235, respectively.

We know of no formal result that shows that gains from modeling the abstention mech-
anism increase as the average abstention rate becomes larger. However, we expected to
see increasing gains as we moved from datasets with 15% to 30% to 45% abstention rates.
Instead, we find no clear pattern in median percent improvement statistics across our three
scenarios. In our “indifference” example, median percent improvement statistics increase
as we move from 15% to 45% abstention rates. In our other examples, median percent
improvement statistics remain about equal (alienated rightists) or first increase and then
decrease as we move from 15% to 45% (failing switches). Finally, we do find consistently
that gains in detecting pivots correctly come also with increased efficiency. We show this
graphically in Plot (b) in Figure 4, which displays 95% credible intervals for estimated ideal
points in the indifference model with 45% abstentions. In this example, as is true in all other
instances, we find that 95% credible intervals based on the complete-data posterior distri-

¥ Due to the small size of datasets, we typically burn in two chains started at different initial values for
1,000 to 3,000 iterations and base our inferences on 2,000 to 5,000 further iterations (thinned every 20th
or 50th iteration for effective sample sizes of 100). For the more complex mixture models, we have had to
run our chains fj}r longer until apparent convergence, sometimes upwards of 10,000 iterations. We use the
Gelman-Rubin R statistic to assess convergence.

B These statistics represent the proportion of times out of 200+ draws from the posterior distribution
that legislators 15 and 16 appeared rank-ordered in 15" place (Median 1) or in 16" place (Median 2). The
pivots correspond to how often legislators 11 and 20 appeared rank-ordered in the 11™ and 20" places (low
and high pivots, respectively).
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Figure 4: Differences in inference about ideal points from models based on the observed- and
complete-data posterior distributions (blue and red, respectively), for the first abstention
mechanism (indifference)
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bution are on average tighter than the corresponding statistics based on the observed-data
posterior distribution.

6 Conclusion

We have sought to clarify the conditions under which we might gain better understanding
about legislator ideal points in roll-call datasets from explicitly modeling abstentions. We
conclude that by modeling abstentions explicitly we can pinpoint the rank-order of ideologi-
cal positions with greater accuracy. Naturally, our conclusions are premised on the fact that
we know that exact abstention-generating mechanism in our simulated roll-call datasets. In
practice, we do not know what drives abstentions in legislatures or committees. However,
we hope to have shown that thinking about the process that generates abstentions should
be part and parcel of any effort to study legislatures. Simply stipulating that abstentions
are ignorable is no substitute for careful theorizing about the reasons why legislators may
purposefully abstain.

Despite this caveat, we also see the possibility of building a general estimation proce-
dure that could help us identify non-ignorable abstention-generating processes. To see this,
consider that the data likelihood of all our complex models can be written as draws from
bivariate normals with precision matrix I,, and location parameter pu = [I'O], where ©
is a two-element vector of ideology and abstention-propensity parameters and I is a four-
element vector of discrimination and difficulty parameters. One could place non-informative
multivariate normal priors on ®, on the one hand, and I', on the other, and update covari-
ances of these distributions based on complete data (i.e., matrices M and Y). This is, in
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essence, the method proposed by Holman and Glas (2005) (see also Glas 2006; Mislevy and
Wu 1996; O’Muircheartaigh and Moustaki 1999). Building such a model would necessitate
a dedicated algorithm, as WinBugs cannot simultaneously handle several multivariate dis-
tributions, nor does it allow updating parameters of a Wishart distribution. We see this as
a valuable extension in future work.

App endix. Wi nbugs code

model{ for(i in 1:I){ for(j in 1:J){
# Data augmentation
y.bis[i,j] ~ dbern(pili,jl)
m.bis[i,j] = dbern(p2[i,jl)
plli,j] <- phi(zstar[i,j,1])
p2[i,j] <- phi(zstar[i,j,2])
zstar[i,j,1:2] ~ dmnorm(muli,j,1:2], Taul,])I(loli,j,1:2],hili,j,1:2])
# Linear predictors of (ystar, mstar)
# For alienated rightists
muli,j,1] <- beta[jl*theta[i]l + alphal[j]
muli,j,2] <- deltaxthetali]}}
For indifference
muli,j,1] <- betaljl*thetal[i]l + alphaljl
muli,j,2] <- gammal[i]-eta[j]}}
For failing switches
muli,j,1] <- betal[jl*thetali] + alphalj]
muli,j,2] <- deltal[jl*gamma[i] + lambda[jl}}
# Priors
Taul[1:2,1:2] ~ dwish(R[,]1,2)
delta ~ dnorm (1, 0.01)
for (j in 1:J3){ alphaljl ~ dnorm (0, 0.25)
betal[jl ~ dnorm (0, 0.25)
etaljl] ~ dnorm (0, 0.25) }
for(i in 1:(I-2)){ thetal[i] ~ dnorm( O, 1) }
thetal[I-1]"~ dnorm( 2, 4)
thetal[I] ~ dnorm(-2, 4) }

H H H OH R
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