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The idea that policy makers in different states or countries may learn from one another has fascinated scholars for a
long time, but little systematic evidence has been produced so far. This article improves our understanding of this elusive
argument by distinguishing between the policy and political consequences of reforms and by emphasizing the conditional
nature of learning processes. Using a directed dyadic approach and multilevel methods, the analysis of unemployment
benefits retrenchment in OECD countries demonstrates that policy makers learn selectively from the experience of others.
Right governments tend to be more sensitive to information on the electoral consequences of reforms, while left governments
are more likely to be influenced by their policy effects.

Interdependence is a defining feature of politics. Fun-
damental political phenomena such as conflict, co-
operation, collective action, and decision making are

characterized by the fact that the goals, strategies, and de-
cisions of political actors are shaped by the goals, strate-
gies, and decisions of other political actors. This idea is
also the cornerstone of game-theoretical accounts of pol-
itics, which are constructed on the premise that actors are
engaged in strategic behavior.

This article addresses this basic question by studying
how policy makers in one country are influenced by prior
choices in other countries or, in other words, how policies
diffuse from one country to another. This classic argu-
ment, known in comparative research as “Galton’s prob-
lem” (Ross and Homer 1976), has attracted considerable
interest in recent years. Policy diffusion has been a major
topic in the study of American federalism for a long time,1

but a new wave of studies has made significant theoretical
and empirical advancements (see, e.g., Shipan and Volden
2006, 2008; Volden 2006). In parallel, this question has
been addressed at the cross-national level, where scholars
have examined the spread of economic and social policies
in particular (Brooks 2007; Elkins, Guzman, and Sim-
mons 2006; Franzese and Hays 2008; Gilardi, Füglister,
and Luyet 2009; Lee and Strang 2006; Meseguer 2009;
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Meseguer and Gilardi 2009; Simmons, Dobbin, and Gar-
rett 2006, 2008; Simmons and Elkins 2004; Swank 2006).
These two streams of research have improved significantly
our understanding of diffusion processes. They have en-
hanced the conceptualization and operationalization of
diffusion mechanisms, they have raised the standards
of empirical analyses, and above all, they have provided
strong evidence that policies do diffuse within and across
countries.

On the other hand, the literature has been less suc-
cessful in unpacking diffusion empirically, that is, in iden-
tifying specific diffusion mechanisms. Policies diffuse,
but why? There is agreement that competition, learn-
ing, and social emulation are the main drivers of diffu-
sion, but empirical evidence usually is ambiguous and
unable to discriminate convincingly among these differ-
ent explanations. Learning has been a particularly elu-
sive hypothesis. In a recent article, Volden, Ting, and
Carpenter affirmed that “[d]espite decades of study,
systematic evidence that governments learn from one
another has been limited” (2008, 319). While this as-
sessment may be excessively gloomy, it is true that the
literature, notwithstanding several promising works (see
in particular Elkins, Guzman, and Simmons 2006; Lee
and Strang 2006; Meseguer 2009; Volden 2006), has
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fallen short of providing compelling support for learning
hypotheses.

I argue that findings have been mixed because most
studies assume that the object of learning is the policy con-
sequences of policy change, although the political effects
are likely to be as important, if not more so. In addition,
most studies assume that learning matters in the same
way in all countries (or states), while in fact, learning
processes are likely to be conditional: all policy makers
need not be equally sensitive to the experience of others.
In other words, who learns, and from what?

Building on recent theoretical work on learning and
diffusion, I show that ideological positions and prior be-
liefs regarding the likely consequences of reforms are a
powerful prism introducing significant variations in how
policy makers take into account the experience of others.
Depending on their preferences and prior beliefs, policy
makers may be more or less sensitive to the cues coming
from other countries. Furthermore, information about
the policy and political consequences of policy change also
may be taken into consideration differently by different
policy makers.

Empirically, this article focuses on retrenchment in
unemployment benefits in 18 OECD countries. This pol-
icy area is characterized by relatively clear partisan differ-
ences, which help us study the relationship between ide-
ology and learning, and is an electorally salient domain,
which is useful in investigating the political dimensions
of learning. Unemployment policy also has a relatively
straightforward goal, namely the reduction of unem-
ployment, which makes it easier to identify and measure
policy outcomes and thus to examine the policy side of
learning.

The results of the analysis, which uses a dyadic ap-
proach (Volden 2006) and multilevel methods, show that
information on the political and policy consequences of
curtailing unemployment benefits is taken into account
differently by different governments. Indications that a
cut in benefits is compatible with electoral success makes
the imitation of this policy more likely if the government
is controlled by right parties, while signs that it leads
to lower unemployment rates increases the probability
of imitation if left parties are in power. Further, right
governments are more likely than left governments to
imitate cuts in unemployment benefits if the experience
of other countries suggests that they are compatible with
reelection, while left governments are less likely than right
governments to imitate a reduction in benefits if it ap-
pears that this policy is associated with an increase in the
unemployment rate. In sum, the analysis demonstrates
that all policy makers do not learn equally and that there
are significant differences between learning from policy

and from political outcomes. This helps explain why pre-
vious studies have failed to provide strong evidence of
learning and opens new questions for future diffusion
research.

The rest of this article is structured as follows. The
second section discusses how ideology and prior beliefs
shape the influence of learning on policy choices in gen-
eral, while the following section applies these ideas to
the specific case of unemployment benefits retrenchment.
The fourth section discusses data and methods, the fifth
presents the results of the statistical analysis, and the con-
clusion sums up the main arguments and discusses its
broader implications.

Who Learns, and from What?

Learning can be defined as a process whereby policy mak-
ers change their beliefs about the effects of policies (Dob-
bin, Simmons, and Garrett 2007, 460). When these be-
liefs are adapted by taking into account the experience
of others, learning can be understood as a mechanism of
diffusion, that is, an explanation of why and how policy
choices in one country (or other relevant unit) are influ-
enced by prior decisions in other countries (or other rele-
vant units). However, do all policy makers learn equally?
While this is the implicit assumption of most empirical
analyses, recent theoretical work has suggested instead
that ideology and prior beliefs constrain the influence of
new information on policy change.

The Bayesian analogy frequently has been used in
the study of learning (see, e.g., Meseguer 2006a, 2009;
Simmons, Dobbin, and Garrett 2006) and is useful to un-
derstand why the experience of others is likely to have
differential effects across countries. In the Bayesian ac-
count, policy makers have prior beliefs regarding the ef-
fects of policies, which are updated after observing their
consequences in other countries. This leads to posterior
beliefs, which determine the choices of policy makers.
However, the weight of new information depends on
prior beliefs. This logic is illustrated in Figure 1 , which
shows how the beliefs of three policy makers (A, B, and
C) change after taking into account new evidence.2 The
three actors hold different prior beliefs on the effects of a
given policy. Tax policy is a case in point: some think that
lower tax rates increase revenue collection, while others
are more skeptical (Basinger and Hallerberg 2004; Swank
2006). Following this illustration, Figure 1 shows that

2The figure has been computed on the basis of Gelman et al. (2004,
78–80).



652 FABRIZIO GILARDI

FIGURE 1 Bayesian Learning
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Note: The left panel shows the prior beliefs of three actors on
the effects of a policy; the middle panel shows 10 data points
constituting new information on these effects (the horizontal line
is the mean); the right panel shows the posterior beliefs of the
same actors.

A is quite sure that tax cuts reduce revenue, B is con-
fident that they increase it, and C’s views are not well
defined.

When new information (in the example, 10 data
points) reveals that the effect of tax cuts is likely to be
markedly positive, the three actors update their beliefs.
The information is identical for all actors, but their pos-
teriors are quite different. A is still of the view that the
effect is negative, albeit smaller than previously thought;
B finds that its standpoint is comforted by the evidence
and corrects it only marginally; and C now tends to think
that tax cuts increase revenue, but only slightly and with-
out much conviction. Thus, on the basis of these posterior
beliefs, B would be much more likely than A to cut tax
rates, and C would be more likely to do so than in the
previous period, but still significantly less likely than B.
These differences exist despite the fact that all actors were
exposed to exactly the same information about the likely
consequences of the policy. This result is interesting be-
cause the model assumes perfect rationality; even actors
who make the best possible use of new information will
not reach the same conclusion if they have different prior
beliefs. Intuitively, this makes sense. In light of new ev-
idence, policy makers who strongly believe that tax cuts
have negative (or positive) consequences on revenue col-
lection will change their minds less easily than those who
hold less clear-cut opinions, and at the same time, the
former will be keener to incorporate new evidence if it is
consistent with their views and it does not require a sharp
departure from entrenched beliefs.

Complementary insights on the conditional impact
of learning come from the formal model developed by
Volden, Ting, and Carpenter (2008). The model assumes
that policy makers’ utility is a function of both the per-
ceived effectiveness of a policy and its proximity to pol-
icy makers’ ideal points. This means that policy mak-
ers evaluate the attractiveness of, say, the death penalty
on the basis of both the estimated consequences on
a relevant outcome such as the crime rate (“effective-
ness”) and broader considerations such as the compati-
bility of this punishment with respect for human rights
(“ideology”).

As in the Bayesian approach, learning means that
policy makers update their beliefs about the likely con-
sequences of policies. They can learn either through ex-
perimentation or by observing the experience of others.
The model predicts that the impact of effectiveness—and,
therefore, learning—on policy change varies as a function
of ideology. Policy makers with extreme ideal points will
change policy (or, conversely, keep the status quo) regard-
less of the relative effectiveness of the alternatives, which,
by contrast, will have a decisive impact on policy makers
with more moderate positions. The experience of oth-
ers does not affect all policy makers equally not because
they have different prior beliefs—by assumption, in this
model all actors share the same priors (Volden, Ting, and
Carpenter 2008, 321)—but because ideology may offset
evidence that an alternative policy is more effective. Again,
this makes intuitive sense: some conservative policy mak-
ers would not be willing to regulate access to firearms
strictly even if there were conclusive evidence that gun
control saves lives, and some liberal policy makers would
not support the death penalty even if it were proved that
it helps reduce crime.

Therefore, recent theoretical work on learning sug-
gests that ideological positions and prior beliefs on the
effectiveness of policy alternatives limit the influence of
new information and tie policy makers more or less firmly
to their original policy stance. However, what is this new
information about? In other words, what do policy mak-
ers learn from?

The literature assumes that the relevant effects of
policies are those on policy outcomes. For instance, schol-
ars have asked whether countries are more likely to sign
bilateral investment treaties if these appear to increase
investment flows (Elkins, Guzman, and Simmons 2006),
whether public-sector downsizing (Lee and Strang 2006)
and other market-oriented reforms (Meseguer 2006a,
2009) are more likely to be adopted if they seem to be
linked to higher economic growth, and whether specific
Children’s Health Insurance Programs are more likely to
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spread if they are successful in reducing the uninsured
rate among poor children (Volden 2006). Such policy
outcomes are undoubtedly important. However, political
outcomes also are likely to matter. If a given policy is
passed, what will be the political fallout? Will it help or
hurt electoral prospects? Policy makers care about these
questions, and one way for them to find answers is to look
at the experience of others, which can help them assess
the political feasibility of a given policy change. Despite
its plausibility, this point has not been addressed in the
literature so far.

These arguments suggest an account of learning pro-
cesses in which prior beliefs and ideology shape the impact
of the policy and political consequences of reforms, as in-
ferred from the experience of others, on policy change.
Thus, the general hypothesis is that new information on
the likely consequences of a policy matters more if it is
not at odds with the preferences and prior beliefs of pol-
icy makers. Conversely, policy makers favoring a given
policy will be more likely to adopt it if the experience of
others indicates that it does lead to the desired policy and
political outcomes. The next section discusses how these
arguments play out in the specific case of unemployment
benefits retrenchment.

Learning and Unemployment Policy

Unemployment policy is a particularly interesting area
for the empirical analysis of learning for three reasons.
First, there are fairly clear partisan differences that per-
mit study of the interplay between ideology and learning.
Second, unemployment reform is highly politicized and
constitutes electorally dangerous ground, which is useful
for investigating the political dimensions of learning. Fi-
nally, in comparison to other domains, the identification
and measurement of relevant policy outcomes is relatively
simple.

I focus on a specific aspect of unemployment policy,
namely replacement rates, which indicate what share of
the salary workers receive through unemployment insur-
ance when they lose their jobs. Allan and Scruggs (2004)
have developed a measure that does not rely simply on
spending and which, therefore, is both more relevant
for the study of unemployment policy and more directly
linked to explicit policy choices than traditional spending
measures. Using this indicator, Allan and Scruggs (2004)
have documented substantial retrenchment in unemploy-
ment benefits. With respect to their post-1975 peak, re-
placement rates have decreased in 15 of the 18 OECD

countries covered by their study,3 and among these 15
countries, seven cut replacement rates by more than 10
points, and four others cut them by more than five points
(Allan and Scruggs 2004, 499–500). These authors also
demonstrated that partisan politics has been a signifi-
cant driver of retrenchment: governments controlled by
right parties have been more likely to cut replacement
rates and, when cuts have occurred, they have been larger
under right governments.

At the same time, cutting benefits is dangerous. A
cross-national survey carried out by the International So-
cial Survey Program in 1996 (ISSP 1999) showed that in
all the 13 OECD countries covered by the study, a major-
ity of respondents opposed reductions in unemployment
benefit spending. On average, only 22.5% answered that
the state should spend “less” or “much less” on these pro-
grams. This is a well-known fact: voters tend to oppose
cuts in social policies. Therefore, unemployment benefits
retrenchment lends itself well to an investigation of how
political outcomes matter in learning processes.

This area also has desirable characteristics for the
study of learning from policy outcomes. In some cases,
the empirical analysis of learning is unfeasible because
the identification and measurement of the relevant ef-
fects of policies is extremely difficult, while in many oth-
ers researchers have to rely on rough proxies. For in-
stance, in their study of public-sector reforms, Lee and
Strang (2006) used economic growth, budgetary health,
and trade balance as relevant outcomes. While these in-
dicators are plausible, whether they are the main goals of
public-sector reforms is debatable. By contrast, although
unemployment policy does not have a single objective, re-
ducing the unemployment rate is certainly a major goal.4

Data on unemployment are widely available and are reg-
ularly reported in the media, often in the context of in-
ternational comparisons. Policy makers and indeed the
general public are aware not only of the unemployment
rate in their own country but also abroad, and they have

3Australia, Austria, Belgium, Canada, Denmark, Finland, France,
Germany, Ireland, Italy, Japan, Netherlands, New Zealand, Norway,
Sweden, Switzerland, United Kingdom, United States.

4The reduction of budget deficits can be another objective of cuts
in unemployment policy. As Swank (2002) has shown, fiscal stress,
in conjunction with international capital mobility, is linked to wel-
fare state retrenchment. However, deficits are not a very relevant
dimension for the study of learning because their connection with
retrenchment is mechanical: all else being equal, if spending goes
down, deficits also go down. This is straightforward, and the ex-
perience of others does not supply much additional information.
By contrast, the link between the generosity of unemployment pol-
icy and the unemployment rate is much more uncertain, and the
experience of others can help estimate it.
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some sense of where their country stands in comparison
to other countries.

What hypotheses can be developed regarding learn-
ing and unemployment benefits retrenchment? I start
from the assumption, supported by empirical evidence
(Allan and Scruggs 2004), that right governments prefer
greater cuts than left governments. I also consider that
policy makers have prior beliefs on the effects of cuts on
both unemployment and reelection prospects and that
they update them by looking at the experience of other
countries. Because I am unable to measure priors em-
pirically, I assume that they are correlated with ideol-
ogy, especially with respect to policy outcomes. In other
words, the assumption is that right governments tend to
think that reducing unemployment benefits helps reduce
the unemployment rate, while left governments are more
skeptical. By contrast, the correlation between ideology
and prior beliefs on political outcomes could be weaker:
all policy makers have clear incentives to pay close atten-
tion to the electoral consequences of their choices, and
they are less likely to be in denial about them than about
policy consequences.

Building on the arguments developed in the second
section, then, the first hypothesis is that right govern-
ments are more likely to imitate a reduction in benefits
if the experience of others suggests that the reform is
associated with a decrease in the unemployment rate,
while left governments are less likely to imitate a cut in
benefits if information coming from other countries sug-
gests that it does not help to curb unemployment. The
same hypothesis can be formulated also for political out-
comes, although the difference between right and left
governments is expected to be smaller than for policy
outcomes. The second hypothesis stems from the other
side of the reasoning, namely that evidence that cutting
unemployment benefits leads to the desired policy and
political outcomes should make imitation more likely,
but the effect should vary with the partisan composition
of governments. These hypotheses are different facets of
the same argument, namely that learning is conditional
on the prior beliefs and ideological positions of policy
makers.

Methods and Data

The analysis adopts a directed dyadic setup in which each
country is in turn the potential “receiver” and the poten-
tial “sender” of policy changes. This approach is common
in the international relations literature, where dependent
variables are often dyadic—for instance, conflicts (e.g.,

Gartzke 2007; Maoz and Russett 1993), trade flows (e.g.,
Morrow, Siverson, and Tabares 1998), and bilateral in-
vestment treaties (Elkins, Guzman, and Simmons 2006).
Recently, Volden (2006) has suggested that the dyadic ap-
proach can be employed usefully also for the study of pol-
icy diffusion (see also Gilardi and Füglister 2008). Using
this framework, this author has studied the diffusion of
Children’s Health Insurance Programs across U.S. states
and has shown that policies that are successful in one
state are more likely to be adopted in other states. In this
case, the dependent variable cannot be measured at the
dyadic level because the phenomenon of interest (mutual
influence) is unobservable. Thus, Volden (2006) defined
the dependent variable in terms of increased similarity.
The detection of systematic patterns of increased similar-
ity permits us to make inferences about the underlying
diffusion process.5

In this article, the dependent variable is coded 1 if,
in a given year, countryi cuts the unemployment replace-
ment rate and countryj did the same in the previous pe-
riod,6 and 0 otherwise. Plainly, if the dependent variable is
coded 1, it means that “countryi does what countryj has
already done,” where the action of interest is retrench-
ment, namely a reduction in unemployment replacement
rates. As a shortcut, in the rest of the article I refer to the
dependent variable as “imitation.” However, it is impor-
tant to stress that a positive outcome for the dependent
variable merely indicates potential imitation. Imitation it-
self is essentially unobservable: what we can do is simply
try to detect systematic patterns in potential imitation,
which then allow us to draw inferences on the existence
and nature of interdependence.7 The main analysis takes
all reductions into account (that is, all negative changes),
but I consider also other thresholds, namely cuts greater
than 0.25, 0.5, 0.75, and 1 point, bearing in mind that the
distribution is highly skewed toward smaller changes (see
Appendix A1).

5An alternative way to model policy diffusion is a monadic event-
history analysis where interdependence is taken into account
through spatial lags. This would solve some of the complications of
the dyadic approach discussed below, but it also would open a whole
new series of methodological complications, as recent research has
shown (Franzese and Hays 2009).

6The relevant “previous period” corresponds to the latest com-
pleted electoral term. This is because one of the key independent
variables, namely the electoral performance of the incumbent party
in countryj , is of course not measured yearly but only when an elec-
tion is held (details shortly).

7To clarify further, this approach does not require the assumption
that any policy adoption after the first is an imitation event. The
only assumption is that the dependent variable defined in these
terms (that is, countryi adopts a policy which countryj has already
adopted) is a meaningful quantity that allows one to make infer-
ences about the diffusion process (or absence thereof).
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The dyadic approach has come under intense scrutiny
in the international relations literature. A first problem is
that cross-sectional heterogeneity cannot be dealt with
through fixed effects if the dependent variable is bi-
nary and the event is relatively rare, since in this con-
text many country or dyad dummies perfectly predict
nonoccurence, and these cases must be dropped (Beck
and Katz 2001; Bennett and Stam 2000; Green, Kim, and
Yoon 2001; King 2001; Oneal and Russett 2001). A re-
lated issue is the complex dependencies that exist among
observations. A given country appears multiple times in
the dataset on both sides of the dyad. Therefore, dyads
sharing the same country are by construction not inde-
pendent. Bennett and Stam acknowledged the complica-
tion but concluded that “there is no obvious fix for the
problem” (2000, 660). De facto, virtually all studies deal
with this problem by computing robust standard errors
for clustering on dyads (that is, by treating observations
as independent across, but not within, dyads). However,
observations are clustered not only on dyads but also on
countryi (the first country in the dyad) and on countryj

(the second country in the dyad). In other words, it is
certainly not the case that, say, France–Germany is inde-
pendent from France–Italy and from Britain–Germany,
but this is what is usually assumed.

In this article, I adopt a better approach. The starting
point is to recognize that dyadic datasets have a nonnested
multilevel structure; observations are at the dyad-year
level and grouped by year, countryi, and countryj . Ex-
tending the multilevel time-series cross-section model
developed by Shor et al. (2007), I write the multilevel
dyadic model as follows (see also Gelman and Hill 2007,
279–98):

yi j t ∼ Bern(�i + � j + �t + X�)

�i ∼ N(��i , �2
�i

)

� j ∼ N(�� j , �2
� j

)

�t ∼ N(��t , �2
�t

)

The dependent variable is a probability, and the
stochastic component at the first level is therefore as-
sumed to follow a Bernoulli distribution. The systematic
component includes a set of predictors as well as three
intercepts—at the countryi, countryj , and year levels—
that are themselves modeled as being drawn from a
normal distribution. These random effects permit us to
model cross-sectional and longitudinal heterogeneity, as
well as the complex dependencies among observations,
reasonably well.8 In any case, this setup is superior to the

8I acknowledge that the interdependencies that characterize dyadic
datasets are almost certainly more complex than assumed here and

default approach found in the literature of simply cor-
recting the standard errors for clustering on dyads or, as
in Volden (2006), on countryi. As a robustness check, I
substitute the random effects for years (�t) with t, t2, and
t3, which is a convenient and reliable way to account for
time dependence (Carter and Signorino 2009). I also es-
timate a standard logit model, which can serve as a point
of reference for the multilevel model.

Another complication of dyadic analyses, which is
specific to their application to policy diffusion, is that, by
construction, countryj can be imitated only to the extent
that it already has adopted the policy (Boehmke 2009). In
our case, countryj can be imitated only if its unemploy-
ment replacement rate was cut in the previous period. If
it was not, the probability of imitation is exactly 0. Thus,
including such dyads merely inflates the number of nega-
tive cases without adding any information; it is analogous
to keeping observations not in the risk set in a standard
event history analysis (Boehmke 2009, 12). Accordingly,
the analysis excludes dyad-years where, by construction,
imitation is impossible.9 However, as a robustness check,
one model comprises all observations.

The three main independent variables are partisan-
ship in countryi and political and policy outcomes in
countryj . First, partisanship is measured as the differ-
ence between right party and left party cabinet portfolios
as a percent of all cabinet portfolios, with data taken from
Swank (2003). The advantage of this measure is that it
permits one to capture simultaneously the strength of
both right and left parties in government: a value of −100
means that all portfolios are controlled by left parties, a
value of 100 means that they all are controlled by right
parties, and intermediate values reflect different mixes
of left and right parties. On the other hand, a simpler
measure (percent of right or percent of left party cabi-
net portfolios) necessarily captures only one of the two.
For instance, if right parties control 60% of portfolios,
the left can control any share between 40% and 0%. The
two scenarios are obviously very different with respect to

that the multilevel model, while it is an improvement, may not be
fully adequate. Unfortunately, no better solutions exist. In a recent
article, Plümper and Neumayer (2010) developed several specifica-
tions for spatial dependence in dyadic data, but they assumed that
the dependent variable is truly dyadic (as is the case in many ap-
plications in international relations), which makes their approach
inapplicable in this project. Network analysis might lead to supe-
rior solutions, but its application to the study of diffusion is still in
its infancy (see Hays, Kachi, and Franzese 2009).

9That is, P r (yi,t = 1|p j,t−1 = 0) = 0, where y is imitation as de-
fined earlier, and p is the policy to be imitated. Again, this occurs
because of how the dependent variable is constructed. The claim is
empirically verifiable and, in this dataset, it is indeed verified, as it
should be.
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the balance of power in government, but the difference
would not be captured in the partisanship measure. I take
centrist parties into account in two alternative measures.
The first adds the share of centrist party cabinet portfolios
to that of right parties, while the second subtracts it.10 In
addition, I also consider the share of governing party seats
as a percent of all legislative seats (instead of the share of
portfolios).

Second, for political outcomes, I focus on electoral
performance. I have constructed four versions of this vari-
able. The first is the difference in the share of votes received
by the incumbent head of the government’s party between
the current and previous elections; the second computes
the difference in the share of votes as a percent of the share
in the previous election; and the third and fourth weigh
the first two measures by the distance from the latest elec-
tion, the idea being that closer successes or failures may
carry greater weight than more distant ones.11 Data come
from Hellwig and Samuels (2007, 2008).

Third, for policy outcomes, I focus on the evolution
of the unemployment rate in countryj . For comparability
with political outcomes, I look at changes during electoral
terms. This variable is computed as the difference between
the rate at the end and at the beginning of the term. I also
construct three alternative measures following the same
logic as for political outcomes.

The analysis includes a series of controls. We could
expect that policy makers are more likely to follow the
example of others if they share similar partisan affilia-
tions; therefore, I control for the difference in government
partisanship between countryi and countryj (for the lat-
ter, measured during the relevant electoral term). Policy
makers also may pay more attention to countries whose
replacement rates are closer to their own; accordingly, I
control for the difference in replacement rates between
countryi and countryj (for the latter, again considering
the relevant electoral term). Because policy makers in
countries with higher replacement rates may be more
likely to cut them, I include the lagged unemployment
replacement rate for countryi. The unemployment rate
in countryi also may influence the decision to cut benefits
and is controlled for. Since countries that have already cut
replacement rates several times may be less likely to do it
again, I include the number of previous cuts in countryi.
As a general measure of the institutional context, I use the
“political constraints” index developed by Henisz (2000).

10In analyses not shown but available upon request, I also use the
share of centrist parties and the share of centrist minus that of
right and left parties to see whether learning has stronger effects
for policy makers with less extreme positions. I find that it is not
the case. See also the discussion in the fifth section.

11The weight is 1/n, where n is the number of years since the last
election.

Finally, I control the difference in population between
countryi and countryj and whether the two countries are
in the same region (Europe, North America, Oceania).

Statistical Analysis

The results of the statistical analysis are displayed in
Table 1. The first model includes only the main variables
of interest, namely government partisanship in countryi

and policy and political outcomes in countryj . Right gov-
ernments are more likely to imitate cuts in benefits, while
policy and political outcomes in other countries do not
appear to matter. The second model adds interactions be-
tween partisanship and outcomes, and we see that their
standard errors are small; the effect of partisanship seems
to depend on policy and political outcomes in other coun-
tries and, conversely, the effects of these outcomes on the
probability that cuts are imitated are conditional on par-
tisanship. The third model adds the controls discussed in
the fourth section, which do not affect the main coeffi-
cients significantly, nor their standard errors. The positive
coefficient of political constraints (with a small standard
error) is puzzling, but it is actually not very stable across
specifications.12 We also can notice that the coefficient for
the previous number of cuts is negative and its standard
error is very small, which indicates that, as expected, the
probability of cutting benefits decreases as the number
of prior reductions increases. The fourth model controls
for time dependence in a different way (namely, by in-
cluding t, t2, and t3—rescaled to avoid computational
problems—instead of random effects for years), which
does not affect the results. The fifth model takes all ob-
servations into account, including those for which imi-
tation is impossible, given how the dependent variable is
constructed (see the fourth section). The results do not
change, although, as one would expect, the coefficients
tend to be smaller because of the addition of many ob-
servations for which the dependent variable must be 0.
Finally, the sixth model is a common logit, with standard
errors corrected for clustering on countryi and again with
time dependence modeled by t, t2, and t3. The key coeffi-
cients remain very similar to those estimated in the other
models.

Given that, so far, the standard logit has been the
model of choice for dyadic analyses, it is useful to
consider how it compares with the multilevel approach.

12However, one explanation for the positive coefficient could be that
countries with few veto players are the first to adopt the reform,
which makes them less likely to imitate others and, conversely,
increases the share of countries with many veto players in the
“imitators” set (Gilardi, Füglister, and Luyet 2009).
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TABLE 1 Determinants of the Probability of Imitating Unemployment Benefits Cuts

(1) (2) (3) (4) (5) (6)

Partisanshipi 0.180∗∗∗ 0.238∗∗∗ 0.207∗∗∗ 0.136∗ 0.110∗∗ 0.129
(0.063) (0.066) (0.072) (0.069) (0.054) (0.132)

Unempl. changej −1.722 −2.113 −1.779 −4.094∗ −2.301 −4.310
(2.268 (2.295) (2.396) (2.094) (1.900) (2.716)

Vote changej −0.240 −0.361 −0.223 −0.398 0.175 −0.734
(0.715) (0.720) (0.743) (0.687) (0.617) (0.721)

Unempl. change j × Part.i – 7.579∗∗∗ 8.053∗∗∗ 8.696∗∗∗ 5.944∗∗∗ 7.477∗∗

– (2.724) (2.854) (2.750) (2.287) (3.750)
Vote change j × Part.i – 3.058∗∗∗ 2.817∗∗∗ 2.849∗∗∗ 1.624∗∗ 2.640∗∗∗

– (0.941) (0.969) (0.941) (0.766) (1.004)

|Part.i,t− Part. j | – – −0.097 −0.095 0.038 −0.068∗

– – (0.065) (0.063) (0.051) (0.040)
Repl. ratei,t−1 – – 0.006 0.004 0.013∗∗ 0.015∗∗∗

– – (0.007) (0.007) (0.005) (0.005)
|Repl. ratei,t−1− repl. rate j | – – 0.000 (0.001) 0.003 0.001

– – (0.003) (0.003) (0.003) (0.002)
Same region – – −0.048 −0.031 0.068 0.254

– – (0.135) (0.131) (0.130) (0.178)
Populationi −Populationj – – −0.000 0.000 −0.001 −0.000

– – (0.001) (0.001) (0.001) (0.001)
Unemploymenti – – −1.250 −4.900∗∗ 0.103 −0.319

– – (2.101) (1.915) (1.536) (2.932)
Political constraintsi – – 1.657∗∗ 0.882 0.642 −1.775∗

– – (0.803) (0.770) (0.592) (0.931)
Number of prior cutsi – – −0.391∗∗∗ −0.465∗∗∗ −0.152∗∗∗ 0.030

– – (0.040) (0.043) (0.027) (0.054)
Time/10 – – – 0.352 – −1.622

– – – (0.720) – (1.911)
Time2/102 – – – 2.481∗∗∗ – 1.843

– – – (0.642) – (1.666)
Time3/105 – – – −6.995∗∗∗ – −5.311

– – – (1.719) – (4.394)
Intercept 0.206 0.197 2.216∗∗ 0.768 −1.114∗ −0.005

(0.186) (0.187) (0.899) (0.731) (0.602) (0.739)

�2
�i

0.295 0.295 1.571 1.758 0.746 –
�2

� j
0.000 0.000 0.000 0.000 0.266 –

�2
�t

0.384 0.388 2.955 – 0.746 –

Deviance 4,255 4,241 4,150 4,268 7,189 4,480
N 3,332 3,332 3,332 3,332 6,409 3,332

Note: Multilevel logistic regression coefficients with standard errors (Models 1–5) and logistic regression coefficients with standard errors
adjusted for clustering on countryi (Model 6).

The deviance statistic shows that the multilevel model fits
the data better than the standard logit. This can be seen
also in the receiver-operating characteristic (ROC) plot in
Appendix A2: the curve for the multilevel model is consis-

tently greater than that for the logit, which indicates a bet-
ter fit (King and Zeng 2001, 640–41). The random effects
do help to capture significant unobserved heterogeneity,
especially at the countryi and year levels. On the other
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hand, as we see in Models 1–4 in Table 1, there is almost
no variance left at the countryj level, which means that
the estimated intercepts for this group are very similar.
This is due to the choice of conditioning on the “oppor-
tunity to imitate” (Boehmke 2009). If all observations are
included in the analysis, as in Model 5, then there is some
variance also at the countryj level.

Across these models, the robust finding is that policy
and political outcomes in countryj do not matter per se,
but only in interaction with the partisan composition of
government in countryi. Conversely, it seems that right
governments in countryi are generally more likely to im-
itate cuts, but this also depends on the signals coming
from countryj concerning the possible consequences of
reducing unemployment benefits. Table 1 shows that this
result is not affected by the inclusion of controls, nor by
how time dependence is accounted for, nor by the specific
model used (multilevel or standard logistic regression).
Further robustness checks are presented in Appendix A3,
which shows the results of 10 additional models using
different measures of the dependent and key indepen-
dent variables, as discussed in the fourth section. Despite
some weakening for more extreme thresholds in the iden-
tification of relevant cuts, the results withstand these tests,
and we can therefore be confident that they are not driven
by specific methodological choices.

To understand the findings better, we now turn to a
graphical interpretation showing how political and policy
outcomes in countryj affect the probability that countryi

imitates countryj conditional on partisanship in countryi

and, conversely, how the effect of partisanship on the
probability of imitation depends on political and policy
outcomes in countryj . These are two sides of the same ar-
gument, namely that learning is conditional on the pref-
erences and/or prior beliefs of policy makers.

Figure 2 shows how the effects of “good” policy
(top panel) and political (bottom panel) outcomes in
countryj

13 vary conditional upon government partisan-
ship in countryi, whose distribution in the dataset is
shown in the middle panel. The top panel shows how the
effect of policy outcomes in countryj depend upon the
partisan composition of government in countryi. Better
unemployment trends in countryj increase the probabil-
ity that countryi imitates the cuts in benefits in countryj

only if most cabinet portfolios are controlled by left par-

13For policy outcomes, the difference in the expected probability of
imitation when the difference in the unemployment rate in countryj

goes from the 20th to the 80th percentile, i.e., from a decrease to
an increase; for political outcomes, the difference in the expected
probability of imitation when electoral results in countryj go from
the 80th to the 20th percentile, i.e., from gains to losses.

FIGURE 2 Learning from Policy and from
Political Outcomes
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Note: The top panel shows the marginal effect of good policy out-
comes in countryj on the expected probability that countryi im-
itates countryj , conditional on the partisan composition of the
government in countryi . The bottom panel does the same but
for political outcomes. The middle panel shows the distribution
of the conditioning variable, namely the partisan composition of
government. The figure is based on Model 3 in Table 1.

ties; otherwise, good policy outcomes in countryj do not
make countryi more likely to imitate. This suggests that
given their preferences and/or priors, right governments
are willing to reduce unemployment benefits regardless
of the evidence coming from other countries, while left
governments are more likely to cut them if this seems to
give positive results in other countries, and less likely
to cut them in the case of apparent negative results.
We will examine this point below. The effect of good
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policy outcomes is quite sizable; the point estimate for a
government fully controlled by left parties is 0.073, which
means that conditional on left party government, a de-
crease in unemployment in countryj increases the prob-
ability of imitation by about 7%.

Turning to political outcomes, the bottom panel in
Figure 2 shows that the impact of electoral outcomes in
countryj is not distinguishable from zero when govern-
ment portfolios in countryi are not concentrated clearly in
the hands of left or right parties. However, when the right
controls all portfolios, an electoral success of the incum-
bent in countryj makes it more likely that policy makers
in countryi imitate the cuts in unemployment benefits
enacted in countryj . In Figure 2, the effect may seem only
marginally significant, but the distribution of partisan-
ship in countryi (shown in the middle panel) indicates
that governments where right parties control all portfo-
lios are the modal category in the dataset; precisely, they
constitute 29.7% of observations. Moreover, we can note
that the point estimate for the effect of “good” political
outcomes in countryj conditional on right partisanship
in countryi is 0.041, meaning that positive electoral out-
comes in countryj increase the probability that countryi

imitates the cuts in benefits made in countryj by about
4% if the government is controlled by right parties, which
is fairly substantial.

The other point highlighted by the bottom panel in
Figure 2 is less straightforward. We see that when the gov-
ernment in countryi is dominated by left parties, good po-
litical outcomes in countryj decrease the probability that
cuts in unemployment benefits are imitated. This result
could be driven by the fact that, in the dataset, there is a
certain trade-off between good policy and good political
outcomes. On the one hand, change in unemployment
and change in electoral support for the incumbent are
correlated negatively, as one would expect; incumbents
tend to fare better if unemployment has decreased. At
the same time, in a regression (using the country-year
dataset) of incumbent vote change on unemployment
change, the coefficient of unemployment change is neg-
ative but with a large standard error.14 Furthermore, it
turns out that only 18.7% of the observations have a
positive outcome for both unemployment and incum-
bent votes, which means that a given country, in a given
year, is not likely to send “good” signals on both dimen-
sions. Hence, in the majority of cases, policy makers in
countryi have to focus either on the positive electoral
results of countryj and discount the negative unemploy-

14Vote change = −0.023(0.005) − 0.655(0.453)× Unemployment
change (standard errors adjusted for clustering on countries in
parentheses).

FIGURE 3 Learning from Policy Outcomes
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Note: The top panel shows the marginal effect of left party gov-
ernment in countryi on the expected probability that countryi

imitates countryj , conditional on policy outcomes in countryj ,
whose distribution is shown in the bottom panel. The figure is
based on Model 3 in Table 1.

ment outcomes, or on the positive unemployment results
and overlook the negative electoral scores.

In sum, Figure 2 shows that information on the
likely consequences of policy change is taken into ac-
count differently by policy makers with different prior
beliefs and/or ideological orientations. Further, it sug-
gests that there could be a trade-off between learning
from political and from policy outcomes, which different
policy makers solve in different ways. Signals coming from
the experience of others can be contradictory, pointing to
good political outcomes but bad policy outcomes, or vice
versa. Left and right governments seem to resolve this
contradiction differently, the former being more sensi-
tive to policy outcomes (maybe at the expense of political
fallout), and the latter being more responsive to political
outcomes (possibly because of stronger priors on positive
policy outcomes).

These points are illustrated in Figures 3 and 4 , which
show the flip side of Figure 2, namely how the effects of
government partisanship in countryi change depending
on policy and political outcomes in countryj . Figure 3
considers the former. We see that left and right party
governments are equally likely to imitate a reduction in
benefits from countryj if the latter experienced a decrease
in the unemployment rate, while left party governments
are less likely than right party governments to imitate
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FIGURE 4 Learning from Political Outcomes
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Note: The top panel shows the marginal effect of right party gov-
ernment in countryi on the expected probability that countryj

imitates countryj , conditional on political outcomes in countryj ,
whose distribution is shown in the bottom panel. The figure is
based on Model 3 in Table 1.

cuts from countryj if the unemployment rate went up.
The size of the effect is large, about 14% according to
the point estimate.15 The effects of partisanship condi-
tional on political outcomes are displayed in Figure 4,
which shows that right governments are more likely than
left governments to imitate cuts in benefits if the incum-
bent government in countryj was electorally successful,
or at least did not lose too many votes.16 Substantively,
the effects are again large, namely about 13% according
to the point estimate.17 On the other hand, when in-
cumbents in countryj suffer major losses, right and left
governments are equally likely (or unlikely) to imitate its
policies.18

15Evaluated at the 80th percentile of change in unemployment rate,
namely 0.018.

16The distribution in the bottom panel of Figure 4 shows that
incumbent governments tend to lose some votes, so moderate losses
may be discounted as normal.

17Evaluated at the 80th percentile of change in incumbent vote,
namely 0.014.

18The region where the difference between right and left parties is
negative clearly corresponds to outlying cases in the distribution of
change in incumbent vote and thus can be safely disregarded.

Taken together, Figures 2–4 indicate not only that
learning is indeed conditional on the preferences and/or
prior beliefs of policy makers, which was the main hy-
pothesis, but also that information on policy and polit-
ical outcomes is taken into account differently by differ-
ent policy makers. Right governments tend to be more
sensitive to information on the electoral consequences
of reforms, while left governments are more likely to be
influenced by their policy effects, especially when they
are negative. In sum, the analysis shows that all policy
makers do not learn equally, and it suggests that in the
presence of multiple objectives, such as policy and po-
litical goals, trade-offs arise that different policy makers
solve in different ways depending on whether the evidence
contradicts their prior beliefs and/or ideological positions
or it is consistent with them. These findings have several
implications for the study of interdependence and pol-
icy diffusion, and I address them in the next, concluding
section.

Conclusion

The idea that policy makers in one country (or state)
are influenced by the decisions made in other countries
(or states) is accepted widely. A large number of studies
at the subnational and cross-national level have demon-
strated that interdependence is a powerful force in policy
making and that policy diffusion is a real phenomenon.
However, what are the mechanisms driving diffusion pro-
cesses? Many explanations have been suggested, but the
evidence is inconclusive. Empirical studies have shown
convincingly that policies do diffuse, but most have been
unable to differentiate between alternative mechanisms.
The disconnect between theories and empirical analysis
is currently the main problem of this research program,
and progress on this issue is essential to move beyond
generic claims that interdependence matters and policies
diffuse.

This article has focused on a particularly elusive ar-
gument, namely learning, or the idea that the experience
of others is taken into account because it supplies useful
information on the likely consequences of policy choices.
Specifically, I have shown that all policy makers are not
equally sensitive to new information about the likely ef-
fects of policy change and that the relevant outcomes
from which policy makers learn include both the policy
and the political consequences of reforms. Ideological po-
sitions and prior beliefs about the effectiveness of policies
shape the interpretation of new evidence and make pol-
icy makers react differently to information coming from
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the experience of others, which helps them assess both
the political and policy potential of alternatives. The sta-
tistical analysis of unemployment benefits retrenchment
in 18 OECD countries shows that right governments are
more likely to imitate cuts if the experience of others sug-
gests that cutting benefits is not excessively prejudicial to
reelection, while the same governments are more willing
to dismiss evidence that retrenchment is not associated
with better unemployment performance. On the other
hand, left governments seem to pay more attention to the
policy consequences of a reduction in benefits, possibly
discounting information on the political fallout in case
the two conflict. These differential responses are linked
to the trade-offs that emerge when policy makers pur-
sue multiple objectives and information is contradictory,
pointing to good outcomes on one dimension (e.g., pol-
icy) but bad consequences on the other (e.g., politics).
How the trade-off is solved depends on the alignment be-
tween the evidence and the preferences and prior beliefs
of policy makers.

These findings help explain why the literature has not
shown convincingly that learning is a significant driver
of policy diffusion: learning processes are more complex
than usually assumed. The dominant view is that either
learning matters, or it does not; either evidence of success
influences the adoption of policies, or it does not. Em-
pirical tests of this argument have produced ambiguous
results because, as this article has shown, all policy makers
are not equally sensitive to the same information. Their
preferences and prior beliefs limit the extent to which ev-
idence of success is taken into account, and they may even
determine whether policy or political outcomes are given
priority.

The results also show that the distance between “ra-
tional” and “bounded” flavors of learning may be smaller
than has been appreciated so far (Meseguer 2006b). Pro-
ponents of bounded learning argue that cognitive short-
cuts drastically limit the efficiency with which new infor-
mation is processed, so that learning is strongly biased
(Weyland 2005, 2007). For instance, policy makers may
give more attention to examples that are geographically
closer, culturally more similar, or otherwise “available”
and, through the “representativeness” heuristic, they may
draw strong conclusions from suggestive but inconclusive
evidence. However, this article has shown that prior be-
liefs and ideology can make even rational learners subject
to something akin to confirmation bias (see, e.g., Taber
and Lodge 2006). Thus, the opposition between different
types of learning probably has been overstated.

A number of new questions and implications emerge
from these findings. First, the connection between learn-

ing from policy and from political outcomes needs further
consideration. This article has shown that a trade-off be-
tween policy and electoral goals can affect how policy
makers learn, and which objective is given priority may
depend on the prior beliefs and ideological position of
policy makers. Nevertheless, exactly how learning is af-
fected by this tension remains unclear. For instance, what
is the net effect of an example that points to positive
policy consequences but negative political fallout? More
theoretical and empirical work on these issues would be
welcome.

Second, what is the connection between ideology
and prior beliefs? I have posited that policy makers with
strong ideological orientations also are likely to hold well-
defined prior beliefs on the effectiveness of a policy. For
instance, if policy makers prefer low unemployment bene-
fits because they trust market mechanisms more than state
intervention, then they are also likely to believe that such a
policy has beneficial consequences on the unemployment
rate. However, I have been unable to disentangle the two
dimensions empirically, and recent theoretical work has
focused either on ideology at the expense of prior beliefs
(Volden, Ting, and Carpenter 2008) or on prior beliefs
but neglecting preferences (Meseguer 2006a). The inter-
play between these two factors needs to be examined in
more detail.

Third, this article has focused on learning, but the lit-
erature has identified other diffusion mechanisms, such
as competition and social emulation (Braun and Gilardi
2006; Simmons, Dobbin, and Garrett 2006). How do the
arguments developed here apply to these mechanisms?
For instance, competition means that policy makers are
influenced by the choices of others because these affect
their capacity to attract resources. Does this mechanism
work equally for all policy makers, or are some more
prone to give in to or, on the contrary, resist competitive
pressures? Social emulation, on the other hand, means
that some policies gain legitimacy and are socially con-
structed as appropriate solutions to given problems. Are
all policy makers equally sensitive to this stimulus?

Finally, a normative question is whether evidence that
policies diffuse because policy makers learn is good news.
At first sight, yes, but this article has shown that some
policy makers may pay more attention to the political
consequences of reforms than to their policy outcomes,
and this certainly is not very appealing from a normative
standpoint. Learning does seem to be an important com-
ponent of policy diffusion processes, but scholars need
to look more closely at the conditions under which the
experience of others has an influence on domestic policy
choices.
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Appendix
A1 Distribution of Cuts in Unemployment

Replacement Rates

Cuts in unemployment replacement rates
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A3 Robustness Checks

Model A1 includes an alternative measure of parti-
sanship where the share of cabinet portfo-
lios controlled by centrist parties is added
to that of portfolios controlled by right
parties.

Model A2 includes an alternative measure of partisan-
ship where the share of cabinet portfolios
controlled by centrist parties is subtracted
from that of portfolios controlled by right
parties.

Model A3 includes an alternative measure of partisan-
ship using the share of governing party seats
as a percent of all legislative seats (instead
of the share of cabinet portfolios).

Model A4 includes alternative measures of policy and
political outcomes in countryj , which con-
siders the percent change in, respectively,
the unemployment rate and incumbent
vote, instead of simple change.

Model A5 includes alternative measures of policy
and political outcomes in countryj , which
weights changes in, respectively, the unem-
ployment rate and incumbent vote by the
inverse of the distance from the relevant
electoral term.

Model A6 includes alternative measures of policy
and political outcomes in countryj , which
weights percent (instead of simple) changes
in, respectively, the unemployment rate and
incumbent vote by the inverse of the dis-
tance from the relevant electoral term.

Model A7 considers only cuts in unemployment ben-
efits greater than 0.25 points in the con-
struction of the dependent variable.

Model A8 considers only cuts in unemployment ben-
efits greater than 0.5 points in the construc-
tion of the dependent variable.

Model A9 considers only cuts in unemployment ben-
efits greater than 0.75 points in the con-
struction of the dependent variable.

Model A10 considers only cuts in unemployment ben-
efits greater than 1 point in the construction
of the dependent variable.
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(A1) (A2) (A3) (A4) (A5) (A6)

Partisanshipi 0.268∗∗∗ 0.124∗ 0.425∗∗∗ 0.130∗ 0.189∗∗∗ 0.185∗∗∗

(0.072) (0.066) (0.131) (0.073) (0.071) (0.070)
Unempl. changej −3.082 −0.776 −1.730 −0.032 −1.475 −1.687

(2.461) (2.397) (2.395) (0.054) (3.751) (3.716)
Vote changej −0.693 0.118 −0.210 −0.026 0.124 −0.004

(0.764) (0.749) (0.745) (0.240) (1.100) (0.389)
Unempl. change j × Part.i 8.219∗∗∗ 6.120∗∗ 15.644∗∗∗ 0.232∗∗∗ 9.955∗∗ 9.618∗∗

(2.712 (2.640) (5.170) (0.066) (4.598) (4.545)
Vote change j × Part.i 2.618∗∗∗ 2.330∗∗∗ 5.235∗∗∗ 0.723∗∗ 3.226∗∗ 1.152∗∗

(0.905 (0.899) (1.728) (0.315) (1.435) (0.502)

|Part.i,t− Part. j | −0.036 −0.083 −0.108 −0.083 −0.105 −0.094
(0.061) (0.059) (0.096) (0.065) (0.065) (0.065)

Repl. ratei,t−1 0.007 0.006 0.006 0.006 0.007 0.007
(0.007) (0.007) (0.007) (0.007) (0.007) (0.007)

|Repl. ratei,t−1− repl. rate j | 0.000 0.001 0.000 0.000 0.000 0.000
(0.003) (0.003) (0.003) (0.003) (0.003) (0.003)

Same region −0.051 −0.061 −0.039 −0.044 −0.054 −0.054
(0.136) (0.135) (0.135) (0.134) (0.134) (0.134)

Populationi − Populationj −0.000 −0.000 −0.000 −0.000 −0.000 −0.000
(0.001) (0.001) (0.001) (0.001) (0.001) (0.001)

Unemploymenti −1.163 −0.887 −1.502 −1.365 −0.952 −0.988
(2.086) (2.111) (2.107) (2.103) (2.093) (2.094)

Political constraintsi 1.764∗∗ 1.533∗ 1.782∗∗ 1.669∗∗ 1.708∗∗ 1.701∗∗

(0.803) (0.800) (0.809) (0.803) (0.802) (0.802)
Number of prior cutsi −0.389∗∗∗ −0.392∗∗∗ −0.395∗∗∗ −0.395∗∗∗ −0.386∗∗∗ −0.386∗∗∗

(0.041) (0.040) (0.041) (0.041) (0.040) (0.040)
Intercept 1.990∗∗ 2.303∗∗ 2.208∗∗ 2.244∗∗ 2.132∗∗ 2.116∗∗

(0.902) (0.895) (0.902) (0.902) (0.896) (0.895)

�2
�i

1.586 1.552 1.605 1.595 1.553 1.550
�2

� j
0.000 0.000 0.000 0.000 0.000 0.000

�2
�t

2.939 2.941 3.005 3.017 2.923 2.918

Deviance 4,146 4,157 4,147 4,145 4,155 4,155
N 3,332 3,332 3,332 3,332 3,332 3,332

(A7) (A8) (A9) (A10)

Partisanshipi 0.269∗∗∗ 0.309∗∗∗ 0.597∗∗∗ 0.687∗∗∗

(0.079) (0.087) (0.103) (0.117)
Unempl. changej −1.579 −1.965 −2.781 −2.906

(2.687) (3.028) (3.351) (3.577)
Vote changej −0.258 −0.392 −0.480 −1.191

(0.804) (0.885) (1.032) (1.501)
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(A7) (A8) (A9) (A10)

Unempl. changej × Part.i 7.514∗∗ 6.848∗∗ 5.180 3.358
(3.115) (3.351) (3.632) (3.824)

Vote change j × Part.i 1.970∗ 2.459∗∗ 3.078∗∗ 3.550∗∗

(1.047) (1.141) (1.293) (1.799)

|Part.i,t− Part. j | −0.044 −0.023 0.048 0.050
(0.072) (0.079) (0.088) (0.098)

Repl. ratei,t−1 0.013∗ 0.003 −0.001 0.017∗

(0.008) (0.008) (0.010) (0.010)
|Repl. ratei,t−1− repl. rate j | 0.002 0.002 0.006 0.003

(0.003) (0.004) (0.004) (0.005)
Same region 0.070 0.011 −0.065 −0.097

(0.159) (0.186) (0.203) (0.243)
Populationi − Populationj −0.001 −0.002 −0.001 −0.002

(0.001) (0.002) (0.002) (0.002)
Unemploymenti −0.566 −1.887 −1.495 −1.082

(2.347) (2.539) (2.848) (3.072)
Political constraintsi 3.248∗∗∗ 4.544∗∗∗ 3.196∗∗∗ 2.229∗

(0.893) (1.032) (1.135) (1.226)
Number of prior cutsi −0.362∗∗∗ −0.378∗∗∗ −0.475∗∗∗ −0.326∗∗∗

(0.041) (0.043) (0.054) (0.055)
Intercept −0.682 −1.327 −0.777 −2.398∗∗

(0.889) (0.952) (1.044) (1.026)

�2
�i

2.577 2.720 3.267 2.659
�2

� j
0.000 0.000 0.000 0.000

�2
�t

1.694 1.216 1.290 0.742

Deviance 3,432 2,863 2,270 1,788
N 2,822 2,550 2,210 1,836
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