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Abstract
Researchers analyzing panel, time-series cros@saktand multilevel data often choose
between random effects, fixed effects, or compgbetaling modeling approaches. While pros and
cons exist for each approach, | contend that s@reissues continue to be ignored. | propose a
modeling framework for analyzing clustered datd #udves various substantive and statistical
problems. The approach: (1) solves the substaintieepretation problems associated with
cluster confounding, which occurs when one assumes that within- ahadsn-cluster effects
are equal; (2) accounts for cluster-level unobseheterogeneity; (3) satisfies the controversial
statistical assumption that level-1 variables beourelated with the random effects term; (4)
allows for the inclusion of level-2 variables; a&d allows for statistical tests of cluster
confounding. | illustrate this approach using theabstantive examples: global human rights
abuse, oil production for OPEC countries, and Sewating on Supreme Court nominations.
Analyses highlight how the proposed framework egkarsubstantive interpretations.

A previous version of this paper was preparedterRaculty Poster Session, Political
Methodology Conference, Ann Arbor, Ml, July 9-1D08. | thank the authors whose work |
reexamine in the substantive applications for mgkineir data available online. The online
appendix accompanying this paper can be downloaided
http://ms.cc.sunysb.edu/~bbartels/research.htm



Political scientists analyzing clustered data—ngpanel, time-series cross-sectional
(TSCS), and multilevel (or hierarchical) data—fai#icult choices when confronting the model
specification and estimation stages of their rededmportantly, clustered data structure_
possess multiple levels of analysis where loweellewmits of analysis are nested within higher-
level units of analysis. Clustering induces unobseémeterogeneity across clusters, meaning the
conditional cluster means of the dependent variadtg for unobserved reasons. To examine
clustered data, political scientists often choostsvben a “fixed effects” (FE), “random effects”
(RE).! and “complete pooling” modeling approach. Thetfiveo approaches account for
unobserved heterogeneity, though in very diffevesys, while complete pooling ignores
unobserved heterogeneity altogether. Moreover, epphoach produces different, and, in some
cases, ambiguous substantive interpretations dficieats.

While debates continue within political science athwehich approach is best for certain
situations (e.g., Beck 2001; Beck and Katz 2000,/2@Green, Kim, and Yoon 2001; Stimson
1985; Wilson and Butler 2007), | argue that some ¢ssues concerning clustered data continue
to be both mischaracterized and ignored. In addiioclarifying some misconceptions about
extant approaches, | present a unified and simpldeting framework for analyzing clustered
data, which should be of general interest to atslyspanel, TSCS, and multilevel data. | call
this a “unified” approach because it solves manthefsubstantive and statistical problems that
extant approaches possess. First, the method gbkgsoblem otluster confounding, which

occurs when a level-1 variable (a time-varying able in TSCS and panel data) exhibits distinct

! | use “random effects” and “random intercept” isteangeably throughout the paper. The term
“random effects” technically implies both a randortercept model and the more general

random coefficient model. But most people refeth®former when they use the term.



within-cluster and between-cluster effects, yet does not distinguish these two types of
variation in the variable. Thus, the within- andvizeen-cluster effects are combined, or
confounded, together into a single effect (e.grpB#tal and Rabe-Hesketh 2004; Zorn 2001b).
The solution, which entails estimating separatéiwitand between-cluster effects, allows for
more explicit substantive interpretations of effe@econd, estimation of a random intercept
model (or more generally, a random coefficient nhpdbows one to control for unobserved
heterogeneity at the cluster level. Third, the sotuto cluster confounding satisfies the
controversial statistical assumption associatet thié RE approach that level-1 independent
variables be uncorrelated with the random effemrts1t Fourth, unlike the FE approach, the
proposed method allows for the inclusion of levelaZiables (time-constant variables in TSCS
and panel data), thus not limiting the types ofdiiipses one can test. And fifth, the method
allows for statistical tests of cluster confounding., whether differences between within- and
between-cluster effects are statistically significa

| empirically illustrate the modeling approach gsthree substantive examples: (1)
global human rights abuse (Poe and Tate 1994;TRae, and Keith 1999); (2) oil production in
OPEC countries (Blaydes 2004, 2006; Goodrich 2086J; (3) Senate voting on Supreme Court
nominations (Epstein, Lindstadt, Segal, and WemterR006). Reexaminations of these data
produce refined interpretations of the some ofcibre substantive conclusions.
CLUSTERING AND UNOBSERVED HETEROGENEITY

As is well known, clustering inducesobserved heterogeneity, which means that the
cluster means of the dependent variable will varpss clusters because of unmeasured cluster-
level factors. Unobserved heterogeneity is a coreept that should always be addressed in

clustered data. For some models, one can inclusieredd variables that will explain part of this



variation in the dependent variable across cluskersthere will almost always be residual error
variance at the cluster level, just as there isgbvresidual error variance in a plain vanilla OLS
model. Figure 1 provides a simple illustration abbserved heterogeneity in clustered data.
Across the horizontal axis are ten clusters, endiyiduals or countries in panel or TSCS data;
schools, countries, or states in multilevel datae @ots represent values of the dependent
variable for each unit of analysis within a givéaster. Each cluster contains six observations.
For panel and TSCS data, the dots could represduts ofY over six time periods. For
multilevel data, the dots could represent six irdiials per school. The dash within each cluster
represents that cluster's mean of the dependeiabkar When statisticians and political
methodologists speak of “unobserved heterogenaitgiustered data, they are simply referring
to variation in these dashes across cluét@st is, there is something about cluster 7 theles
it on average higher in values of the dependenabke than clusters 1, 2, and 10; but this
“something” cannot be completely captured by obsgimdependent variables. Once some
observed cluster-specific independent variablesrataded in a model, we are then interested in
variation in the conditional cluster means of te@ehdent variable.
[Figure 1 about here]

To introduce these issues in equation form, | prafgeneralized multilevel modeling
setup. For now, | assume a linear modeling framkwor

(1a) Y=Ly + BoXj + B2Xa + € [Level-1 Equation]

(1b) o = J6o + JaZaj + Ug [Level-2 Equation]

2 More specifically, | am referring here to unobsshheterogeneitin the response. Random
coefficient models can account for this type oehegeneity as well as unobsencadisal

heterogeneity, which means that level-1 effecty waer clusters due to unmeasured factors.



Equations 1a and 1b can be rewritten in a reduced-fepresentation by substituting the level-2
equation into the level-1 equation:

(2) Y=o + BoXuij + B2Xaij + Wayj + Ugj + €
In this setupi indexes level-1 units anpdndexes level-2 units. In TSCS and panel data,
represents measurement occasiong aegdresents individuals or countries. TSCS and paautal
modelers are used to communicating the numberoskesectional unitd\) and time pointsT).
In the multilevel representation above, cross-eeeliunits are level-2 units afidcepresents the
cluster sizes for each cluster (the number of nteasent occasions per cluster). Thugy+30
andT=40, we have 1,200 measurement occasions (leveitd) mested within 30 individuals or
countries (level-2 units). Two variables,; andXy;, are included at level 1. For panel and TSCS
data, these are time-varying variables. For mukilelata, with individuals nested within higher-
level units, these would be individual-level vatehZ;; is a level-2 variable, which is a time-
constant (or country/individual-specific) varialiepanel and TSCS data and a contextual
variable in multilevel datae; represents the level-1 error, a random term asstonee normally
distributed with mean zero and an estimable vaganc

The inclusion of%; means that the intercept is allowed to vary somedross level-2
units. ug represents unobserved heterogeneity across cduatet as | discuss in more detail
below, there are alternative ways to treptReferring to back to Figure 1, the inclusionGyf
andug allows the conditional means of the dependentiséeito vary across level-2 units for
unobserved reasons. Note how the level-2 equaliowsafor the varying intercept to be
explained by observed4) and unobserved heterogeneity ), Failure to account for
unobserved heterogeneity (i.e., completely podinegdata) forces the conditional cluster means

of the dependent variable to be equal, which es#ictive assumption indeed, though one we



can test for. If violated, forcing this assumptwifi lead to biased parameters estimates (e.g.,
Gelman and Hill 2007; Hsiao 2003; Raudenbush antt B002; Skrondal and Rabe-Hesketh
2004). For panel and TSCS data, dynamics are atso@ern, and other work discusses this
issue in greater depth (Beck and Katz 1996; Hsti32Heckman 1981; Wilson and Butler
2007). Throughout this paper, | adopt a standaadtjme of using a lagged dependent variable to
account for dynamics.

(3) i = o + Br Xajj + BoXaj + BYijen) + W12y + Ugy + 6§
MODELING APPROACHES FOR HANDLING UNOBSERVED HETEROG ENEITY

How to model unobserved heterogeneity)(in clustered data constitutes a core debate
in the statistical literature generally (e.g., Bgit2005; Hsiao 2003; Wooldridge 2002) and in
political science applications (e.g., Beck 2001e@ret al. 2001; Stimson 1985; Wilson and
Butler 2007; Zorn 2001a). Three general avenueawagable for treatingg. The first is a
complete pooling approach, which assumes thgt0 and thus ignores unobserved
heterogeneity. Note that a commonly-used modelppgaach for TSCS data—the original Beck
and Katz (BK) (1995) recommendation of using “pac@irected standard errors” (PCSEs)—is a
complete pooling approach that does not accouniriobserved heterogeneity. The authors’
PCSEs do, of course, make corrections for the atanetrors, but the OLS coefficients that the
authors recommend are completely pooled estim@tesmajor payoff of this approach is its
simplicity, and numerous practitioners have impleted this procedure (see Wilson and Butler
2007 for an extensive review). A disadvantage ofjglete pooling is that ignoring unobserved
heterogeneity can induce omitted variable bias,(elgiao 2003; Skrondal and Rabe-Hesketh
2004). Moreover, as | will discuss in more detaildw, interpretation of results is unclear

because the coefficients assume that the withid-batween-cluster effects are equal. Thus, one



cannot be completely confident over which levehoélysis (e.g., longitudinal versus cross-
sectional; individual versus aggregate) the retetigp actually occurs.

Second, a fixed effects approach allows each [Rueiit to possess its own intercept,
meaninguy is treated as fixed. The FE approach is a “noipgbhpproach. Since the cluster
dummies absorb all of the between-cluster variaticihe data, the effects Xf;; andXy; are
solely within-cluster effects and the effectZaf cannot be estimated. For TSCS data, a now
standard modeling practice is to use an FE modél panel-corrected standard errors and a
lagged dependent variable to account for dynanidesK and Katz 1996; Beck 2001; Wilson
and Butler 2007), though there is not an ironclaisensus about this strategy among
practitioners (see, e.g., Blaydes 2006; Goodrid620

One of the concerns practitioners raise about chenBdel is that it eats up too many
degrees of freedom, resulting in shaky estimates, Beck 2001; Beck and Katz 2001). This is
somewhat of a misconception. Since all betweent@uwsriation in the data is absorbed by the
cluster-specific dummies, the effects of indepenhdaniables are solely within-cluster effects,
which has implications for how one interprets céghts. For TSCS data, such effects are
interpreted as: for a given country,asariesacross time by one unit\Y increases or decreases
by S units. The fact that cluster-specific independemtables (likeZy; in equation 1b) cannot be
included in the FE model is seen as a major digadga of the FE approach since it eliminates
the ability to test between-cluster hypotheses.tAeodisadvantage is that one cannot retrieve
“good” estimates of sluggish, or slowly-changingrigbles in the FE model (Beck 2001;
Plumper and Troeger 2007). Though again, this shoot be surprising, since the FE model
produces solely within-cluster effects. For vargghin panel or TSCS data that do not vary much

over time, we should expect coefficients to befineint given the lack of within-cluster



information in the data. For sluggish variableg, sue is not the FE model, per se, but instead
with the nature of the data. Importantly, one ast for the adequacy of the FE specification by
performing a joinf-test of the cluster dummies.

Third, a random effects, or random intercept, apphdreatsiy as distributed normally
with mean zero and an estimable variance. Thiscggbrdecomposes the total error into a level-
1 componentg;) and a level-2 componeniy). The RE model is a “partial pooling” approach,
with the effects oKy; andXy; a weighted average of the within and between-etusdriation in
the data (e.g., Gelman and Hill 2007; Hsiao 20®8oidal and Rabe-Hesketh 2004). The RE
approach, and the more generalized random coeftioiedel, is widely used in analyses of
panel data (with largl relative toT) and multilevel data (e.g., Bowler, Donovan, and
Hanneman 2003; Martin 2001; Steenbergen and J@@22

A major complaint lodged against the RE model eslab the restrictive assumption that
level-1 independent variables be uncorrelated thighrandom effects tern@ov(X;;, ug)=0.

Since a level-1 variable varies both within andiestn clusters, many argue that this an
unrealistic assumption to satisfy, since unobseheatdrogeneity will almost always be
correlated with the independent variables. Thigromersial assumption often makes the FE
model, which does not incorporate this assumptayperior choice over the RE model (e.g.,
Beck 2001; Kristensen and Wawro 2003; Wilson antdeB2007). Analysts often rely on the

Hausman (1978) test to assess the adequacy aiothioversial assumption. | will have more to

® GEE models (Zeger and Liang 1986; Zorn 2001a)ckvkhare some basic similarities to the
RE approach, are becoming more commonly used itigabiscience analyses of clustered data.
Also called population-averaged models, GEE es@émate marginal with respect to unobserved

heterogeneity, while RE estimates are conditiontll vespect to unobserved heterogeneity.



say about this assumption and the Hausman tesolatdoreover, for TSCS data, some argue
that RE is inappropriate because it treats unobskneterogeneity across countries as random,
yet for a population of countries, an FE approachla be superior (Beck 2001; Kristensen and
Wawro 2003). This is a major misconception. Unobséheterogeneity represents unmeasured
differences between countries in the dependent variable, antdesRE approach simply
separates random error into a within-cluségy &nd between-clusteud) component. The latter
represents random error across, e.g., countrigisagua simple OLS model would contain a
random error term that captures unobserved diftea®across countries in a cross-sectional
analysis. A disadvantage of the RE approach—andbaerd with the complete pooling
approach—relates to the interpretation of coeffitseThough the coefficients from an RE
model are now partially pooled, as opposed to cetapl pooled, the estimates still assume that
the within- and between-cluster effects are eghak making substantive interpretations
imprecise. One major advantage of the RE approaehleE is that one can include level-2
variables (e.g., time-constant variables in TSC&@anel data), which allows one to test the
effects of between-cluster variables.
A UNIFIED MODELING APPROACH FOR CLUSTERED DATA

In this section, | elaborate on a simple yet poularfethodology capable of solving
many of the substantive and statistical problenmmon to extant approaches and, at the same
time, maintaining many of the positive aspectshekt approaches. The approach: (1) solves the
substantive interpretation problems associated elitsier confounding, which occurs when one
assumes that the within- and between-cluster afferet equal; (2) accounts for unobserved
heterogeneity via the use of a random intercepteiechich incorporates a random error at the

cluster level; (3) satisfies the controversialistatal assumption that the level-1 variables be



uncorrelated with the random effects term; (4)waddor the inclusion of level-2 variables,
something the FE approach cannot accommodate5amdigws for statistical tests of cluster
confounding, which bear resemblance to the Haugesn

Cluster Confounding. To motivate the issue of cluster confoundingsavd upon work in
statistics by Skrondal and Rabe-Hesketh (2004,H&&e also Rabe-Hesketh and Skrondal
2005) and in political science by Zorn (2001b)pamel, TSCS, and multilevel data, there are
multiple sources of variation in the data, whicls imaplications for how we understand the
effects of independent variables. It is worth rerbermng that variables may be measured so that
(1) they vary both within and between clusters.(gige-varying variables in panel and TSCS
data; level-1 variables in multilevel data) or {23y vary only between clusters and not within
clusters (e.g., time-constant variables in pand B8CS data; level-2 variables in multilevel
data). Relationships between independent variardshe dependent variable will vary over
different units of analysis depending on which ldliey are measured at. An important issue
that has gotten lost in the debate over modelimyagehes is the notion that a level-1 variable
may exhibit quite distinct within- and between-tarseffects, as highlighted by Zorn (2001b) in
the context of discrete-time duration modeling. Example, in TSCS data, whatifexhibited a
null within-cluster, or longitudinal, effect butpmsitive between-cluster effect? We would
conclude that, for a given country, increaseX over time do not affeét. But across countries,
as average levels &fincrease, average levels¥increase as well. Recall that the FE model
would only recover the within-country effect. Imgemmtly, the complete pooling and RE models
would assume that the within- and between-courffects are equal. That is, we would have
one coefficient, and we would assume that, fovamgicountry, a one-unit changeXracross

time has the same impact ¥ras a one-unit change in the averag® between countries.



The example above is oneablister confounding, which occurs when a level-1 variable
exhibits distinct within-cluster and between-clustfects, yet one only includes the original
level-1 variable in the model without distinguisfpithese two types of variation in the variable.
As a result of not making this distinction, thehuit- and between-cluster effects are combined,
or confounded, into a single effect representing@rage of the within- and between-cluster
effects. If the within- and between-cluster effeafts level-1 variable are the same, which is
something we can test for, then cluster confoundingt a problem. But if they are not equal,
the uncorrected results cannot distinguish whetheeffects are within- or between-cluster
effects. Cluster confounding has significant imglions for how one interprets the effects of
independent variables in clustered data, and thexefletecting and correcting for it is crucial
for understanding the precise nature of relatiqgmshnd for testing hypotheses.

Figure 2 illustrates the importance of cluster ocomiding by presenting different types of
scenarios of within- versus between-cluster effdebs each plot, three clusters (e.g., countries,
individuals, states, schools) are presented. The lgtes represent within-cluster effects and the
dashed lines represent between-cluster effect&glre 2A, no cluster confounding exists; the
within- and between-cluster slopes are equal. énrémaining three plots, significant cluster
confounding occurs. Figure 2B presents a scenararevthere is a positive within-cluster effect,
but a negative between-cluster effect. For TSC§, dats would mean that, for a given country,
increases iiX produce increases I¥j but between countries, as average level§iotrease, the
average ol does not change. Figure 2C illustrates drastistehiconfounding, where the
within-cluster effect is positive, but the betwesduster effect is negative. And Figure 2D
represents a scenario where the within-clustecef$enull, while the between-cluster effect is

negative. For instance, in multilevel data, we rigdve a null individual effect but a negative

10



aggregate effect. One can imagine additional alusiefounding scenarios as well. On the
whole, Figure 2 highlights the dire consequencasobficcounting for cluster confounding in
empirical analysis. One runs the risk of makingpimect substantive interpretations and
rendering incorrect verdicts on hypotheses.
[Figure 2 about here]
Solving the problem of cluster confounding firstatves calculating within- and

between-cluster transformations of a level-1 vaeiaX; (e.g., Skrondal and Rabe-Hesketh 2004,

Zorn 2001b). One first calculates the cluster-dfieniean ofX;;, which we will callX , . This is

the between-cluster operationalizationXgf Then, the within-cluster operationalizationfis

calculated ain‘j"’ =X — )Tj . Since we have completely separated the withim fitee between-
cluster variation irX;;, note that)?j and Xi‘j’vare completely uncorrelated. As | discuss in more

detail in the substantive applicatior%i}j’v represents deviations in units of measurement fram

cluster mean. | have created a Stata program tergtnthese within- and between-cluster
transformations. Details are in Online Appendix A.

Random Intercept Model. The next step involves specifying a random irgptenodel
and including the within- and between-cluster tfamaations of theX’s in the model.
Importantly, this modeling approach solves the [@obof cluster confounding while accounting
for cluster-level unobserved heterogeneity. | igereduced-form representation of the model

from equation 2 to demonstrate the approach:
(4) Yij =Yoo +ﬁ1x¥i\jl +182X\2Ai/j +yOlle +y02>?1j +y03>?2j +u0j +e|j

L1 and S now represenwithin-cluster effects of X; andX;, respectively. These would be purely

individual effects in typical multilevel data andrely longitudinal effects for TSCS and panel
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data. s, and sz now represertbetween-cluster effects of X; andX,, respectively. These would be
aggregate effects in multilevel data and crossiaealt effects in panel and TSCS data. In the
substantive applications, | discuss interpretatmfithese effects in more detail. Since this is a
random-intercept model, the total error is pamiéd into a within-clustere() and between-
cluster componentg). Both are assumed to be normally distributed witans equaling zero
and estimable variances.

Advantages. An extremely important feature of this modelhattit satisfies the
controversial assumptio@ov(Xj, Ug)=0. The within-cluster transformationsXf andX; are
now completely uncorrelated with the between-clustadom effectyg, thus escaping the bias

that can occur when violating this assumption. Qfree, we still assume that all level-2

variables are uncorrelated witl (e.g.,Cov()le ,Up;) = 0), but then again, we make similar

assumptions in a simple OLS regression that thepeddent variables be uncorrelated with the
error term. Another important feature of this modehat, unlike the FE model, one can include
level-2 variables, lik&y;, in the model. Thus, the major advantage of trosl@ling approach

over the FE model is that one can still estimathiwicluster effects of variables, but in addition,
one can simultaneously estimate between-clustectsfand the effects of additional level-2
variables. Unlike the FE model, the proposed apgrames not limit the types of hypotheses
one can test.

Statistical Testsfor Cluster Confounding. Another important feature of this modeling
approach is that it allows for statistical testswiether cluster confounding poses a significant
problem, that is, whether the differences betw&enatithin- and between-cluster effects are
statistically significant. To perform these tesise estimates the same underlying model as in

equation 4 but with different operationalizatiorighe X's:

12



(5) Yi = Voo T B Xy + BaXyi + Vorlyy t+ yozilj + y03)?2j T Uy +6;
Instead of including the within-cluster operatianations of theX’s (i.e., XQ’UV and xgivj) as was

done in equation 4, one includes the originallyemb¥;; andXZij.“ For this specification? and
[ in equation 5 will be identical {6, andf, in equation 4; they still represewithin-cluster
effects of X; andX;, respectively. However, including the originallgeedX's instead of the
within-cluster transformations changes the meaning, and js3. In equation 5)4, and g3 now
represent thdifferences between the within-cluster and between-clustexot$f ofX; andXs,
respectively (see Skrondal and Rabe-Hesketh 2@®)4 Thesey coefficients, in conjunction with
their standard errors, allow one to test for thisterce of cluster confounding, that is, whether
the differences between the within- and betweesteheffects are statistically significant.

Note the resemblance of this testing procedutedddausman (1978) test, which tests
for differences between coefficients from an FE sl@h RE model. The Hausman test
essentially assesses the adequacy of the RE madslsnption that the within- and between-
cluster effects are equal. If they are equal, tiester confounding is not a problem, and
therefore the RE coefficients will not differ systatically from the FE coefficients. Many
practitioners also conclude that significant déieces between FE and RE estimates means that
the RE estimates are inconsistent due to the wolatf the controversial assumption that
Cov(Xij, Ugj)=0. But the estimation of distinct within- and Wween-cluster effects fof removes
this bias in the RE model (see, e.g., SkrondalRetuke-Hesketh 2004, 52-53, 269).

A Note on Dynamics. To account for dynamics in TSCS and panel data,stould add

* Note that this specification is the approach satgkby Bafumi and Gelman (2006). However,

the authors are not explicit about the interpretetiof the coefficients.
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the within-cluster operationalization of the laggkgpendent variabl‘e,‘ii"(vt_l) . This represents

how, for a given country, past values of the depah#&ariable influence current values. It would

not be substantively meaningful, however, to ineltite lagged cluster mean¥yf(i.e., \7].0_1)).

Extensions

A logical extension to the random intercept speaifon discussed above is to specify a
random coefficient model (RCM) (see Beck and K&@272 Raudenbush and Bryk 2002;
Skrondal and Rabe-Hesketh 2004; Steenbergen ared 2002; Western 1998). In addition to
allowing the intercept to vary across clusters,RIG@M allows level-1 coefficients to vary across
clusters. Substantively, this accounts for clukteel heterogeneity in theffects of level-1
variables (i.e., causal heterogeneity). If onaisriested in how contextual variables shape the

magnitude of level-1 effects, one can include ctessl interactions. Below is an illustration:

(6a) Y, =B, + B, Xy + B, Xy e [Level-1 equation]
(6D) By, = Voo * VorZuj * VorXuj + Vos Xz + Uy [Level-2 equations]
(6C) By = Vit Vs Uy

(6d) 1521 :V20+V21zlj Uy,

The within-cluster effects of; andX; (i.e., £ and ;) are allowed to vary across clustetg, a

level-2 variable, is specified to moderate the iotjd the within-cluster effects of; andX..

Unobserved heterogeneity in the effectg@ofindS; is represented by, anduy;, respectively.
Another specification that may be of substantiapartance is to model how between-

cluster variation irK moderates the within-cluster impactofin the multilevel context,

Gelman, Shor, Bafumi, and Park (2006) have shownthe individual-level effect of income

on vote choice depends on aggregate levels of in@uross states. That is, within poorer states,

poor individuals are significantly more likely tote Democratic than rich individuals. But

within richer states, income essentially has aindlividual-level effect. In short, aggregate
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income across states moderates the individual-eféett of income. A generalized version of

such a model can be specified as:

(7a) Y, =y + B Xy + By X3 t g [Level-1 equation]
(70)  Bo; = Voo * VorZaj + Voo X1 + Vs X5 + Uy, [Level-2 equations]
(7c) B =Vt yllilj * Uy

(7d) B :V20+V21)?21 Uy,

In this model, the between-clusd€s moderate their respective within-cluster effeafttheX’s.
The RCM offers additional opportunities for testsupstantively important phenomena.
Estimation

The linear random intercept model can be estimatetkasible generalized least squares
(FGLS), maximum likelihood (ML), or Bayesian simtitan via Markov Chain Monte Carlo
(MCMC); technical details of these procedures aseussed extensively elsewhere (Beck and
Katz 2007; Gelman and Hill 2007; Hsiao 2003; Skadrahd Rabe-Hesketh 2004; Western
1998). Each procedure should yield similar staiddtinferences (assuming one employs diffuse
priors in the MCMC approach). Beck and Katz (2081w that FGLS has poor finite-sample
properties for the RCM, so practitioners shouldcpeal with caution when using this approach.

For nonlinear models (with binary, ordinal, coantl other non-continuous outcomes),
the two “standards” for estimation are ML and MCNECg., Rodriguez and Goldman 2001).
These methods have been shown to be significambiements over penalized quasi-likelihood
(PQL) and marginal quasi-likelihood (MQL) procedsirmplemented in the softwardM (see
Rodriguez and Goldman 1995, 2001). For ML, maxingzihe likelihood entails acquiring the
unconditional distribution of the outcome by intagng out the random effect(s). This can be
done using numerical integration via quadratureebasethods (Skrondal and Rabe-Hesketh

2004) or simulated maximum likelihood (Train 2008krondal and Rabe-Hesketh have found
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that adaptive quadrature produces more accurattse®mpared to standard quadrature. For
RCMs, as the number of random effects increasesh&iomes computationally inefficient, and
analysts should consider using MCMC instead. Estonaria ML is available in both Stata
(using the “xt” commands) and R (using the “Ime™oime” packages). Additional details about
model estimation and software are included in GnAppendix A.

Standard Errors. In TSCS analysis, standard errors have recevg@at deal of
attention. Beck and Katz’s (1995) panel-correctaddard errors (PCSEs) adjust OLS standard
errors for panel heteroskedasticity (due to clusggrand contemporaneous error correlation.
Since the proposed framework outlined above acsdontcluster-level heterogeneity and
separates within- from between-cluster variatiotewel-1 variables, threats to the accuracy of
standard errors should be minimal. One can alwestsfor various forms of heteroskedasticity
that may exist even after modeling heterogenertg, rabust standard errors could be used to
correct for any heteroskedasticity that may existline Appendix B provides a further
discussion of this issue and an empirical compargghlighting how standard errors from the
proposed framework produce highly similar inferentiethose from alternative models that
explicitly correct for standard errors.

EMPIRICAL ANALYSIS: THREE SUBSTANTIVE APPLICATIONS

To illustrate the proposed methodology, | preseread substantive applications. | use two
TSCS applications, both of which involve estimatadiinear models. The first is a
reexamination of global human rights abuse (PoeTatd 1994; Poe, Tate, and Keith 1999). The

data possess a lartjgrelative toT, therefore bearing some resemblance to panefdata.

® Beck (2001) argues that a key distinction betwgsemel and TSCS data is that the units in

panel data (individuals) are sampled from a lapggaulation, while the units in TSCS data

16



second application is a reexamination of the “relivay impatience” hypothesis regarding oil
production in OPEC countries (Blaydes 2004, 200&odBich 2006). These data contain a small
N relative toT. The third application is a multilevel analysigtwa binary dependent variable,
where | reexamine Epstein, Lindstadt, Segal, andt&vkand’s (2006) analysis of Senate voting
on Supreme Court nominations. For all three appting, | discuss and present some graphical
post-estimation strategies which greatly illuminstistantive interpretations of the results.
Global Human Rights Abuse, 1977-1993

Poe and Tate (1994) provide an important and emtfiial examination of global human
rights abuse. Their study is rich with normatileedretical, and empirical implications. In that
analysis, the authors examine 153 countries fro81 18 1987. In Poe et al. (1999), the authors
update and backdate their data over time, add souongries to the dataset, and present new
models that refine some of the substantive conmhssirom the earlier work. These data include
164 countries covering the years 1977 to 1993ik@®dependent variable, the authors rely on
“political terror scales,” where a country is caigged on a scale of 1 to 5 based on the
“occurrence of political imprisonment, executioisappearances, and torture” (Poe et al. 1999,
297). Countries are categorized by coding the yaaports from both Amnesty International
(Al) and the State Department (SD). Thus, therevaoedependent variables, both ranging from
1 to 5, where higher values represent higher lexatersonal integrity rights abuse. Results
from models using both the Al and SD dependentsdes yield similar results. In my

reexamination, | analyze the Al dependent variaiblg.

represent a population of countries. Another mdijtference is that in TSCS dafd,andT are
usually not drastically different, while in paneltd,N is very large relative t®. It is for this

latter reason that | say this first example beamsesresemblance to panel data.
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The authors include ten time-varying variables. (level-1 variables). These include a
lagged dependent variable (to account for dynamicsflemocracy (7-point Freedom House
political rights scale; higher values indicate tégtevels off democracy)population size
(logged population)population change (percent change from the previous yearpnomic
standing (per capita GNP )conomic growth (percent change in GNP from the previous year),
leftist government (dummy variable)military control (dummy variable)international war
(dummy variable), andivil war (dummy variable). The authors include one timestant
variable (i.e., level-2 variableRritish cultural influence (dummy variable). For more details on
measurement, see Poe et al. (1999, 296). Usinghpletely pooled modeling approach (OLS
with PCSESs), Poe et al. (1999) find that democracgnomic standing, and British cultural
significantly decrease levels of rights abuse, &ppulation size, military control, international
war, and civil war significantly increase rightsuab.

| reexamine these results using the modeling ambradvocated above. The results are
presented in Table 1. The total number of obsesmatis 2,471N=164, andl~15. The left side
of Table 1 reports a replication of Poe et al.®uits. The right side of the table reports results
from a linear random intercept model, estimatedwWia which includes within-country effects,
between-country effects, and the absolute valubeoflifference between the within- and
between-country effects (which tests for clusterfoanding). Regarding model fit, a likelihood
ratio test strongly supports the specificationhaf tandom intercept model over a completely

pooled approach; significant unobserved heteroge(®j) exists at the country level. The

® The authors also used the Polity Ill democracyesemd results were very similar to those
using the Freedom House measure.

" The data are unbalanced, Bwaries across countries.
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estimate ofp suggests that 46% of the error variance is aceouiior by the country-level error.
[Table 1 about here]

Moving to the results, note first that the withiounitry lag of the dependent variable
exhibits a statistically significant effect, meagpitihat, for a given country, as past values of
rights abuse increase, current values increasethsRoe et al. find that democracy significantly
decreases rights abuse. When decomposing variataemocracy, results reveal that
democracy exhibits about equal within-country (69.4nd between-country (-0.11) effects on
rights abuse. And the test of cluster confoundumgpests that the difference between these two
effects is statistically insignificant. Thus, thiéeet of democracy can be viewed as a pooled
estimate, with the within- and between-country @Beéeing equal, as assumed by Poe et al.
Similar results exist for population size. The withand between-country effects are roughly
equal, and the difference between them is staditimsignificant. For a given country, as
population size increases over time, rights abiggefieantly increases. And, countries with
greater populations on average have higher avéeagks of rights abuse than countries with
lower average populations. Poe et al.’s pooledyaisathows that population change has an
insignificant effect on rights abuse levels. Howevesults from the random intercept model
reveal that significant cluster confounding ocdorsthis variable. While population change does
not exhibit a significant within-country effect,dbes have a statistically significant between-
country effect. This means that countries that hawsergone greater average levels of
population change have significantly greater lee¢lsghts abuse. Economic standing also
exhibits significant cluster confounding. Poe etr@port a positive and significant pooled effect
of this variable, but my results reveal that pgriteaGNP exhibits a statistically insignificant

within-country effect and a statistically signifidebetween-country effect. Thus, one cannot
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conclude that as a particular country’s per capitP increases across time, rights abuse
significantly decreases. What we can concludeasabuntries with generally higher levels of
per capita GNP have generally lower levels of sgitiuse. Percent economic change exhibits
neither a significant within- nor between-countfieet on rights abuse.

Poe et al. report that leftist governments haveiggntly lower levels of rights abuse
compared to non-leftist government. Does this ¢fbecur for a given country across time (as a
particular country moves in and out of being aséfyjovernment) or between countries for ones
that have been leftist more frequently? The redwdts the random intercept model support the
latter. Since leftist government is a dummy vaealthe between-country operationalization is
the proportion of the time countries have leftevgrnments over this time span. Thus, as this
proportion increases, rights abuse significantigrdases. The within-country effect is
statistically insignificant. Results reveal mardigaignificant levels of cluster confounding
(p=0.10), but given the within effect is insigndiat and the between effect is significant,
estimating both effects for this variable makesssaifitive interpretation much more precise. The
results for military control resemble those fotikfgovernment. Poe et al. report that military
control significantly increases rights abuse. Rssubm the random intercept model reveal that
this pooled effect shows significant cluster comiimg. For a given country, a change in the
state of military control across time exhibits dl mpact on rights abuse. However, as the
proportion of years in which a country is underitarly control increases across countries, rights
abuse significantly increases.

The effects of the two war variables show significeluster confounding. International
war exhibits a statistically insignificant withireantry effect, meaning that, for a given country,

being at war at a given time point does not sigatiitly increase rights abuse compared to not
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being at war during another time point. Howeveyrdaes that have been at war more
frequently have significantly higher rights abusedls compared to countries that have been at
war infrequently. Civil war exhibits statisticalfygnificant within- and between-country effects,
though the between-country effect is significamgtgater. Finally, countries with British cultural
influence (a between-country variable) experiengeificantly lower rights abuse levels than
countries without such influence.

On the whole, the results clarify and refine sorh#e core conclusions made by Poe et
al. It is worth noting that the between-countryeefs are consistently stronger than the within-
country effects, which is sensible given that thenmore between-country information in the
data (i.e., 164 countries) than within-country mfation (about 15 years). To illuminate
interpretations of these effects, Figure 3 presgraphical depictions of within-country (left

column of Figure 3) and between-country effectghfricolumn) for four variables of interest.

The graphs depict predicted vaIuéS) (of the dependent variable while allowing the ahlé of
interest to vary and holding the remaining variatdlenstant at their mean valfes.

For the between-country effects, tkaxis simply represents variation in the country

specific means of the particular variabDEjo. For the within-country operationalizations,

whereX;" = X; - X, , units of measurement are ndewiations fromthe cluster mean. “0”

represents the country mean of the variable fon eaantry. “-1” would represent one unit
below the country mean, and “2” would represenhi2suabove the country mean. This has
implications for how one plots the within-countifyeets of a variable. In essence, each country
will occupy a different range of the within-countneasurement space depending on a given

country’s mean for that variable. To illustratestissue, consider the democracy variable, which

® The cluster-level random effects temm, is set to 0, its expected value.
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ranges from 1 to 7. If a particular country’s me&wnlemocracy over the time span is 4.6, then
that country’s within-country operationalizationadgmocracy will range from -3.6 (i.e., 1 — 4.6)
to 2.4 (i.e., 7 — 4.6). The within-country slopes different between-country values will be
parallel (as is seen in Figure 3), but changingeslof the between-country value will shift the
intercept up or down (also illustrated in FigurelB)Figure 3, | plot within-country effects when
the between-country variable is set at low, mediand high value$.

[Figure 3 about here]

Plots A and B in Figure 3 show how the within- dredween-country effects of
democracy are roughly equal. Both exert rathengtieffects, and they highlight how: (1) for a
given country, increasing levels of democracy atose significantly reduce rights abuse, and
(2) countries that are generally more democratue lsagnificantly lower levels of rights abuse
compared to countries that are generally undemociibts C and D illuminate the null within-
country effect and the quite potent between-couetigct of economic standing. This distinction
has important substantive implications for how weerstand the causes of rights abuse.
Readers of Poe et al.’s findings may jump to thectision that as a given state experiences
fluctuations in its economic standing across tirghts abuse will fluctuate as well. But, based

on these results, this is an incorrect inferenaed&e. Increases in economic standing for a

® To determine what was deemed low, medium, and Vedjes, | had to make judgment calls
based on the distributions for each between-clusteable.Democracy: low=2, medium=4,
high=6; economic standing: low=10" percentile, medium=mean, highZ9percentilemilitary
control: low=20" percentile, medium=median, high<8percentilejnternational war: low=25"
percentile, high=78 percentile. The country means of international nare a lopsided

distribution, so high and low values were deemedntiost appropriate to plot.
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given country fail to dampen abuse. Instead, ecanstanding exhibits only an aggregate,
cross-sectional effect, such that countries withegally higher per capita GNP have
significantly lower rights abuse levels compareddantries with generally lower per capita
GNP. The remaining plots illustrate analogous e$fesuggesting that military control and
international war exhibit significant between-cayrgffects and insignificant within-country
effects. Some might claim that if only a given cooyrwould avoid military control, rights abuse
would decrease. And, when a given country is atwitlr another country, rights abuse is higher
compared to when that country is not at war. Boghiacorrect inferences based on the results.
We can only conclude aggregate, between-countegesfffor these variables. That is, countries
that are under military control and in internatibwars a greater proportion of the time have
significantly higher levels of rights abuse. In sumaking these distinctions between within- and
between-country effects has important theoretindl@mpirical implications for our
understanding of global rights abuse.
Oil Production in OPEC Countries, 1960-1995

Blaydes (2004) presents empirical evidence in st her “rewarding impatience”
hypothesis, which, derived from a formal bargainimgdel, posits that impatient countries with
shorter time horizons attain significantly greaigproduction outputs than patient countries
with longer time horizons. Analyzing OPEC countri@s production levels from 1960-1995 and
employing a pooled modeling approach (OLS with P§)SBlaydes finds that increases in the
amount of per capita oil reserves (the key variablaterest) are associated with significantly
lower levels of oil production. She also finds adtatic effect for per capita reserves,
suggesting there is a threshold whereby this “rdimgrimpatience” effect kicks in. In a

response to Blaydes, Goodrich (2006) takes isstieBlaydes’s pooled modeling approach and
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suggests that a fixed-effects approach is supésioodrich finds that the within-country effect
of the key variable, per capita reserves, is stedilby insignificant. But in a separate between-
country analysis, Goodrich finds that per capiterees does indeed exhibit a significant effect.
Blaydes (2006) responds to Goodrich with some efusual criticisms of the FE approach—it is
inefficient and that per capita reserves is a ‘gisig’ variable so the fixed-effect estimate of that
variable is inaccurate and inefficient. Recall tthegt problem related to sluggish variables is not
with the FE model, per se, but with the data.\thaable does not greatly vary, one will never
retrieve a “good” estimate of that variable unlese collects different and better data. Blaydes
estimates a random intercept model, as well agmgrPlumper and Troeger’s fixed-effects
vector decomposition (fevd) model for sluggish ahles. She contends that the results support
her original arguments pertaining to the “rewardimgatience” hypothesis.

Table 2 presents a reexamination of these reJiiissdata consist of 11 OPEC countries
over 35 years. The dependent variable is the rndagaf annual crude oil production. The
independent variables amatural log of proven oil reserves, natural log of per capita oil
reserves (and a squared term of this variable to test thedcptic effect), sagged dependent
variable to account for dynamics, andtenflict dummy variable to control for events such as the
Iranian revolution, the Iran-lraq War, the Perdizuif War, and sanctions on Irag. All variables
are time-varying covariates. The first two modeissent replications of Blaydes’s (2006) Model
3. The first is an OLS model with PCSEs, and tluesd is a random intercept moderhe
third model is a random intercept model (estimaiadviL) implementing the procedures | have

advocated in this paper. Both Blaydes and Goodnitbduce alternative specifications with

19| could not produce an exact replication of Blas/d€2006) Model 3 for both the OLS and

random intercept models. The results are simildr@anduce the same substantive implications.
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some additional independent variables, but refuis these models produce substantively
similar results for the key variables as Model 3.
[Table 2 about here]

In terms of model fit, a likelihood ratio test s@pis the specification of the random
intercept model over a completely pooled approdtiere is significant unobserved
heterogeneitylp) at the country level. Also, the estimatgaahdicates that 17% of the total
error variance is accounted for by the countrydleveor. Results reveal significant cluster
confounding for all variables, suggesting seveserdipancies between the within- and between-
country effects of variables. Regarding the keyalde of interest, In(per capita reserves), recall
that Blaydes found a negative and significant effas well as a negative significant effect for
the squared term. This suggests an upside-dowrapesheffect, where there is some threshold
at which oil production peaks as a function of gegpita reserves. After that threshold, increases
in In(per capita reserves) produce a decreasd praduction. Of course, Blaydes’s models
assume that the within- and between-country effeictsese variables are equal. The random
intercept model shows that the within-country efigfcboth per capita reserves and its squared
term are statistically insignificant. In fact, thesults suggest a linear, positive within-country
effect (as will be seen more clearly in Figurewjch is contrary to what Blaydes predicted.
Thus, for a given OPEC country, increases in In(agita reserves) over time produce a positive
but statistically insignificant effect on oil proction. Turning to the between-country effect of
per capita reserves, the results report negatigestatistically significant coefficients for both
In(per capita reserves) and its squared term. Mki@ns that countries with generally higher
levels of per capita reserves have lower oil prtidachan countries with generally lower levels

of per capita reserves.
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Figure 4 illustrates these findings. Using the sanoeedures as discussed for Figure 3
(in the human rights abuse example), Figure 4 pted®th the within- and between-country
effect of In(per capital reserves) on In(crudepodduction). Note the very small positive within-
country effect of per capita reserves on oil prdaduc The quadratic between-country effect of
per capita reserves is displayed in plot B. Foy Vew levels of In(per capita reserves), there is a
slightly positive effect. But after the threshoéd, average reserves increase between countries,
average oil production decreases. On the wholéyéwearding impatience” hypothesis occurs at
the aggregate, between-country level of analysigh shat countries with generally higher levels
of per capita reserves attain greater oil prodadii@n countries with generally lower levels of
per capita reserves. Importantly, there is no stgpothe longitudinal form of the hypothesis.
Regarding some of the other effects, we see thhtlh{proven reserves) and conflict exhibit
much more potent between-country than within-cquetfects. This is somewhat surprising
since we have much more longitudinal informatiothi@ dataT=35) compared to cross-
sectional variationN=11). However, if there is little variation acrdgse, estimates will not be
as potent. And the data contain significant diffiees in the averages of these variables across
countries, which contributes to the larger betweeunntry effects.

[Figure 4 about here]

Senate Voting on Supreme Court Nominations, 1937-28

The final substantive application involves a meltel data analysis of Senate voting on
Supreme Court nominations, where the dependerdhlaris binary (1=yea vote, 0=nay vote).
Epstein et al. (2006) present an update of the @ame€over, and Segal (CCS) (1990) model of
Senate voting on nominees, which posits the infteasf the following variables on a Senator’'s

vote: a nominee’kack of qualifications (measured using content-analysis of newspapeored#
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during the nomination process; ranges from 0O totfere higher values represent a less qualified
nominee), whether tharesident isin a strong political position (president’s party controls the
Senate and president is not in fourth year of ejfisvhether a senator is of tbaame party as the
president (1=same party, O=otherwise), and ttleological distance between the nominee and a
senator. To measure ideological distance, Epstah €006, 299) employ a “bridging”
procedure that uses the president’s Poole-Rose@tiramon Space score in conjunction with
the nominee’s Segal-Cover (1989) ideological stoy@ace senators and nominees in the same
ideological spacé® Epstein et al. take on some additional issues! thanot address here. On

the whole, the authors find continued empiricalparpfor the CCS model.

Epstein et al. include Senate votes on 40 nonunatiThere are 3,709 total votes.
Treating this as a two-level hierarchical structtine data consist of 3,709 votes nested within
40 nominations. Ideological distance and same [mgthe president are level-1 variables
(varying across both Senate votes and nominatidask of qualifications and strong president
are level-2 variables (varying only between nomoret). Epstein et al. use a complete pooling
approach (probit), which means that one cannotladeowith confidence whether the level-1
variables (ideological distance and same partyydttgn- or between-nomination effects. The
model in Table 3 examines this issue. The left sidEable 3 presents a replication of Epstein et
al.’s pooled probit model. The right side of theléaincludes a random intercept probit, which
estimates within- and between-nomination effecttheflevel-1 variables as well as effects of the
level-2 variables. It also presents tests of clust@founding for the level-1 variables. In terms

of model fit, a likelihood ratio test supports #pecification of the random intercept model over

" The bridge is nominees chosen by a president whovals the Senate. See Epstein et al.

(2006, 299) for more details on the measuremeategy.
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a completely pooled approach. There is significarttbserved heterogeneity at the nomination
level. The estimate @b indicates that 67% of the total error variancadsounted for by the
nomination-level error.

[Table 3 about here]

Results from the random intercept model showittedlogical distance exhibits a
negative and statistically significant within-noration effect on the probability of a yea vote
and a positive but statistically insignificant beem-nomination effect. Thus, Epstein et al.’s
negative and significant pooled effect is drivertly strong within-nomination effect. While
there is no statistically significant cluster camfiding for ideological distance, the fact that the
within and between effects are so drastically déife strongly supports the need to distinguish
the two types of effects. Thus, we can concludeftivaa given nomination, as ideological
distance between a senator and a nominee increlsgwobability of a yea vote significantly
decreases. Importantly, there is no contextuatetieideological distance. That is, nominations
for which there is a high average ideological diseado not have significantly different
propensities of yea voting compared to nominatfonsvhich there is a low average ideological
distance. For the effects of party, Epstein efiradl that senators of the same party as the
president are significantly more likely to votefavor of the nominee compared to senators not
of the same party as the president. Results fremnathdom intercept model show that the
within-nomination effect of party is positive an@stically significant, while the between
nomination effect is positive and marginally sigraint. Moreover, there is only marginal
evidence of cluster confounding. For a given notndma senators of the president’s party are
significantly more likely to vote yea than senatoos of president’s party. For the between effect

of party, nominations in which the president hasg proportion of co-partisans in the Senate
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exhibit higher average probabilities of a yea \aimpared to nominations where the President
has a low proportion of co-partisans. For the reingivariables, we see that lack of
qualifications has a negative and statisticallygigant effect, meaning that the more a nominee
lacks qualifications, the less likely that nomive# receive a yea vote. While Epstein et al.
found that the effect of strong president is peeiand statistically significant, results from the
random intercept model show that the effect of wiaisable is statistically insignificant.

Figure 5 presents graphical interpretations oftiein- and between-cluster effects of
ideological distance and same party as presideah & procedures used for producing Figures
3 and 4, the graphs plot the predicted probakhility yea vote while allowing the variable of
interest to vary and holding remaining variablesstant at their mean valu&sFor the within-
nomination effects, | plot predictions when thewss#n variable is set at the”lﬁercentile,
median, and 90percentile. Since this is a probit, note how thin-cluster effects are not
parallel, since effect sizes will depend on theigalf the between-nomination effect. Plot A
shows the potent within-nomination effect of ideptal distance. For values of distance that are
nearly one unit away from the cluster mean, théabdity of a yea vote approaches 0.4 for
nominations where average distance is low. The antl even slightly positive, between-

nomination effect of ideological distance is digjgd in plot B. This indicates that nominations

2 The predicted probabilities are marginal with exdfio the level-2 random effect. Thatug,
is averaged over, as opposed to held constamatiaular value (i.e., conditional with respect
to ugj). Thus, these are akin to average partial effgst Wooldridge 2002; Skrondal and Rabe-
Hesketh 2004). In nonlinear models, whether predigirobabilities are marginal or conditional
with respect taug is an important distinction. In linear models,otdating predicted values of

using each approach produces the same result.
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with a high average distance evince roughly theesamerage probability of a yea vote compared
to nominations with a low average distance. PlshGws that for a given nomination with a low
proportion of senators who are the president’saxigans (the long-dashed line), the president’s
co-partisans are more likely to vote for the prestts nhominee than those not of the same party
as the president. Note how the strength of thikimitluster effect dissipates slightly as the
proportion of the Senate that is of the same pastihe president increases. But then again, the
overall propensity of a yea vote increases as wlich is also seen in plot D. For nominations
in which only about 30% of the senate is of theesgarty as the president, the average
probability of a yea vote is about 0.8, which i guite high. But as this proportion increases to
over 70%, the average probability of a yea votegases to nearly 1.0.
[Figure 5 about here]

DISCUSSION AND CONCLUSION

As the substantive applications discussed aboke maar, the modeling framework
discussed in this paper has the potential to efnath statistical analysis and substantive
interpretations of effects in examinations of paf@CS, and multilevel data. Practitioners can
be more explicit in communicating the substantiffeats of certain variables by separating out
the within- and between-cluster components of tledteets. And the framework allows for
statistical tests of whether these effects aréstitatlly different. Given the substantive and
statistical advantages of such a modeling strat@gglysts should be encouraged to implement
many of these procedures.

Of course, this paper does not provide a pandd¢eae continue to be issues that need
addressing in the analysis of clustered data. mamy issue in panel and TSCS data is dynamics.

Since dynamics were not a focus of this paperhkaet to a common and sensible practice to
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account for dynamics in panel and TSCS data: ttlesion of a lagged dependent variable (e.qg.,
Beck and Katz 1996). As other work discusses,itfag not always be the most optimal strategy,
and analysts and methodologists should pay cldsarteon to issues of dynamics (e.g., Hsiao
2003; Wilson and Butler 2007). Moreover, analy$isudd not necessarily treat dynamics as a
nuisance simply to be corrected. In panel and TSig&amics are often of great substantive
interest (e.qg., Bartels, Box-Steffensmeier, Snadty Smith 2008; Green and Yoon 2002;
Heckman 1981; Green, Palmquist, and Schickler 2002yro 2002).

As | discussed in the “extensions” section in fraper, analysts should also pay attention
to how a random coefficient model can produce suttstely innovative tests of hypotheses.
Inclusion of cross-level interactions can assess ¢antextual variables moderate lower-level
effects. Also, akin to Gelman et al.’s (2006) meitel example of income and vote choice, the
RCM fosters innovative tests of how aggregate Wanan X shapes the individual effect of that
X. In the study of human rights abuse, for exangides variation in average GNP across
countries moderate the longitudinal impact of GMRights abuse? In other words, will the
within-country slopes in Figure 3C vary as a fumetof a country’s average economic standing?
Also, in the study Supreme Court nominations, aneenvision how an RCM would help shed
light on Epstein et al.’s contention that ideol@jidistance has significantly increased over time,
particularly since the nomination of Robert Borke8ifying a random coefficient for the within-
nomination operationalization of distance woulawallthe effect of this variable to vary across
nominations and to retrieve comparable estimatéiseoéffect of ideological distance across
nominations. As seen by these and other examplesige of this general multilevel modeling
framework opens up new avenues for enhancing erapainalysis of panel, TSCS, and

multilevel data.
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Figure 1: Illustration of Unobserved HeterogeneityAcross Clusters
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Figure 2: Illustration of Cluster Confounding
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Table 1: Models of Global Human Rights Abuse — Amraty International Models, 1977-1993

Linear Random I ntercept Model (Maximum Likelihood)

Poe et al. (1999) OLS| Within-Country Between-Country Abs(Within -
Results Effects Effects Between)
Coef. (PCSE) p Coef. (SE) p Coef. (SE) p Coef. (SE) p
Rights Abusg; 0.65 (0.02) 0.00 0.38 (0.02) 0.00 - - - - - -
Democracy (Freedom
House) -0.06 (0.01) 0.00 -0.10 (0.01) 0.00 -0.11 (0.03) 0.00 0.00 (0.04) 0.99
Population Size 0.07(0.01) 0.00 0.22(0.09) 0.02 0.18 (0.02) 0.00 0.04 (0.10) 0.66
Population Change 0.00(0.00) 0.23 0.00 (0.00) 0.70 0.07 (0.03) 0.03 0.07 (0.03) 0.03
Economic Standing -0.02(0.00) 0.00 -0.01 (0.00) 0.28 -0.05 (0.01) 0.00 0.04 (0.01) 0.00
% Economic Change 0.0Q(0.00) 0.35 0.00 (0.00) 0.22 0.00 (0.01) 0.79 0.00 (0.01) 0.89
Leftist Government -0.17(0.04) 0.00 -0.04 (0.08) 0.59 -0.32 (0.15) 0.04 0.28(0.17) 0.10
Military Control 0.09 (0.03) 0.01 0.00 (0.05) 0.97 0.31 (0.12) o0.01 0.31(0.13) 0.02
British Cultural Influence -0.08 (0.03) 0.00 - - - -0.23(0.09) 0.01 - - -
International War 0.14(0.04) 0.00 0.05(0.06) 0.42 0.63 (0.21) 0.00 0.59(0.22) 0.01
Civil War 0.50 (0.05) 0.00 0.46 (0.06) 0.00 1.53 (0.19) 0.00 1.06 (0.20) 0.00
Constant 0.07 (0.10) 0.50 -0.13(0.42) 0.75
Observations N=164, T(avg.)=15.1 N=164, T(avg.)£15.
Tot. Obs.=2,471 Tot. Obs.=2,471
Model ¥ 832.83, p<.001

8911.44, p<.001
Var(Level-1 Error) -

Var(Level-2 Error)
p© (Level-2 Error / Total
Error)

LR Test (H: Level-2 Error=0)

0.29
0.25

0.46
X’=1029.94, p=<.001
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Figure 3: Within-Country and Between-Country Effects of Selected Variables on
Personal Integrity Abuse
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Table 2: Models of Oil Production for OPEC Countries, 1960-1995

Linear Random I ntercept Model
(Maximum Likelihood)

Blaydes Model Within- Between-
Blaydes Model | 3 with Random Country Country Abs(Within-
3 with PCSEs | Effects (FGLS) Effects Effects Between)
Coef. Coef. Coef. Coef. Coef.
(PCSE) p (SE) p (SE) p (SE) p (SE) p
Ln(Proven Reserves) 0.19 0.00 0.18 0.00 0.09 0.03.76 0 0.00 0.67 0.00
(0.02) (0.02) (0.04) (0.04) (0.06)
Ln(Per Capita Reserves) -0.02 0.01 -0.02 0J05 0.0.20 -0.07 0.00 0.12 0.01
(0.01) (0.01) (0.04) (0.02) (0.04)
Ln(Per Capita Reserves -0.01 0.01 0.00 0,13 0.00 93 0. -0.04 0.00 0.04 0.00
Squared) (0.00) (0.00) (0.01) (0.01) (.01
One-Year Lag in Crude 0.70 0.00 0.70 0.00 0.71 0.00 - - - -
Oil Production (0.02) (0.02) (0.02)
Conflict -0.42 0.00 -0.40 0.00 -0.38 0.00 -1.57 00.0 1.19 0.00
(0.07) (0.06) (0.07) (0.33) (0.34)
Constant 0.37 0.00 0.46 0.01 0.05 0.91
(0.112) (0.17) (0.42)
Observations N=11, T=35 N=11, T=35 N=11, T=35
Tot. Obs.=385 Tot. Obs.=385 Tot. Obs.=385
Model ¥ 5736.82, p<.001 4193.97, p<.001 836.56, p<.001
Var(Level-1 Error) - 0.07 0.07
Var(Level-2 Error) 0.001 0.01
p (Level-2 Error Var / Total
ErrorVar) 0.02 0.17
LR Test (H: Level-2 Error=0) X’=1.30, p=0.25 ¥’=46.42, p<.001
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Figure 4: Within-Country and Between-Country Effect of Per Capita Reserves on
Crude Oil Production
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Table 3: Models of Senate Voting on Supreme Court®&minations

Random I ntercept Probit Model

Epstein et Within- Between-
al. Probit Nomination  Nomination Abs(Within-
Model Effects Effects Between)
Coef. Coef. Coef. Coef.
(SE) p | (SE) p (SE) p (SE) p
Ideological Distance -2.24 0.00-348 0.00 158 0.67 5.06 0.18
(0.14) (0.24) (3.74) (3.76)
Same Party 0.717 0.00 0.70 0.00 581 0.07 511 0.11
(0.08) (0.10) (3.15) (3.16)
Lack of Qualifications -2.32 000 - - -4.69 0.00 - -
(0.12) (0.97)
Strong President 0.77 0.00 - - 0.60 0.38 - -
(0.07) (0.69)
Constant 1.82 0.00 0.12 0.95
(0.08) (1.79)
Observations N=3,709 Level-1 units (votes): 3,709
Level-2 units (nominations): 40
Model ¥* 581.42, p<.001 381.37, p<.001
Var(Level-2 Error) - 2.04
£ (Level-2 Error / Total
Error) 0.67
LR Test (H: Level-2
Error=0) - X’=446.59, p<.001
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Figure 5: Within-Nomination and Between-NominationEffects of Ideological Distance and

Party on Senate Voting for Supreme Court Nominatios
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