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The analysis of time-series cross-sectional (TSCS) data has become increasingly popular in
political science. Meanwhile, political scientists are also becoming more interested in the use
of multilevel models (MLM). However, little work exists to understand the benefits of multi-
level modeling when applied to TSCS data. We employ Monte Carlo simulations to bench-
mark the performance of a Bayesian multilevel model for TSCS data. We find that the MLM
performs as well or better than other common estimators for such data. Most importantly,
the MLM is more general and offers researchers additional advantages.

1 Introduction

Time-series cross-sectional (TSCS) data have become increasingly popular over the last
10 years in political science. With TSCS data, researchers can test theories about both
cross-sectional and cross-temporal variation. But this flexibility comes at the cost of meth-
odological complexity. TSCS data structures invariably violate the standard assumptions
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underlying classical linear regression models. Much effort has been made to develop
models that can handle the pitfalls of such data.

Analysts with TSCS data are faced with a variety of estimators. The most popular
options for analyzing such data are variations on ordinary least squares (OLS). In partic-
ular, analysts tend to use either fixed effects (FE) or “panel-corrected standard errors”
(PCSEs) (Beck and Katz 1995; Beck 2001) with OLS. These alternatives have signifi-
cantly improved upon prior estimators like feasible generalized least squares, especially in
the small data sets likely to be employed by political scientists.

These advances in modeling TSCS data have come from a recognition that merely
pooling observations across time in addition to space is problematic. We show that thinking
about such data in terms of a MLM is an even more fruitful perspective. In other words,
these data have an explicit structure that should be modeled. The advantages of such an
approach include vastly increased flexibility in model specification, potential improve-
ments in model fit, and better accounting of uncertainty at all levels of analysis.

MLMs have seen increased use recently in political science, yet they have rarely been
applied to TSCS data.' Multilevel modeling offers substantial advantages over existing
methods for such data, as we will show. A MLM can be estimated with a variety of well-
understood techniques, including variations on maximum likelihood (ML) and Bayesian
inference. We choose to explore the use of a Bayesian multilevel model (BML) because it
offers a number of advantages, primarily in providing analysts with flexibility for model-
ing complex error structures and contextual data that are characteristic of TSCS data. Yet,
we must emphasize that maximum likelihood MLMs also offer big advantages over ex-
isting techniques. In what follows, we discuss past work using MLMs with TSCS data,
outline the structure of a BML, and use Monte Carlo experiments to explore its properties
relative to other popular estimators for such data.

1.1 Multilevel Models

MLMs are a generalization of standard regression techniques, and as such can generically
be expected to perform as well, or better (Gelman 2006; Gelman and Hill 2006). A
multilevel structure to modeling TSCS data is natural, given the nonindependence of
observations across time and space and the prevalence of unit heterogeneity. Yet such
work is a rarity in the literature.

One major exception is Western (1998), where he fits a Bayesian hierarchical® model to
predict economic growth in Organisation for Economic Cooperation and Development
countries. Western (1998) shows that his hierarchical model provides the following: (a)
more accurate forecasts than other models, (b) more accurate estimates of time-series
effects than an unpooled analysis, and (c) more realistic accounting of uncertainty than
a conventional pooled analysis. However, the use of a single data set does not allow us to
draw general conclusions about the appropriateness of a MLM for such data.’

Similarly, Shor et al. (2003) test the properties of a BML on U.S. federal spending data
across states and years. They find that this model performs well relative to conventional
estimators for this particular empirical example. However, they do not provide a systematic
exploration of the model’s properties.

'An exception is Western (1998), but he does so only in the context of a single data set.

Hierarchical models are a type of MLM where observations are completely and uniquely nested within higher-
level units.

*In addition, Western (1998) does not include an indicator for time. Failure to include a time indicator leads to
missing the common effects of particular years across all cross-sectional units for that year. These time shocks
are a source of contemporaneous correlation. We include these time indicators in our MLM.
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Beck and Katz (forthcoming) use simulations to find that ML estimators for random
coefficient models are superior in terms of efficiency to various types of pooled and
unpooled OLS estimators in small samples. However, they investigate a limited set of
data generating processes (DGP).

What is missing is a study of the performance of MLLMs when important components of
the TSCS DGP and error structure vary. Using a set of Monte Carlo experiments, we seek
to understand how well a MLM performs given common challenges with such data. We
benchmark the results against other widely used estimators for such data. This approach
allows us to acquire more confidence about the general applicability of multilevel mod-
eling applied to these data.

MLMs—which incorporate data at multiple levels of analysis simultaneously—have
been introduced and applied in political science research (Gelman and King 1993; Western
1998; Park 2001; Steenbergen and Jones 2002; Gelman et al. 2003; Shor et al. 2003; Shor
2004, 2006; Bafumi 2004a, 2004b; Park, Gelman, and Bafumi 2004; Bafumi et al. 2005;
Gelman and Hill 2006; Gelman et al. forthcoming).* For example, states and years can be
modeled to predict presidential electoral outcomes (Gelman and King 1993), individual-
and state-level covariates can be simultaneously modeled to predict issue attitudes by state
(Park, Gelman, and Bafumi 2004), congressional district, state, and longitudinal predic-
tors can be used to predict geographic patterns of federal spending (Shor 2004), or indi-
viduals, nations, and parties can be modeled to predict support for European integration
(Steenbergen and Jones 2002). This approach was popularized in educational research,
where it was used to explain the variation in student performance using student-level
information as well as school-level variables (Raudenbush and Bryk 2002).

To demonstrate how multilevel modeling works compared to commonly applied alter-
natives, let us consider three procedures for estimating group effects with TSCS data,
where the cross-sections (units) are American states. In the equations below, let y, be the
response variable, x; an independent variable, [} a parameter of interest to be estimated, v,
an indicator for each time period, o an intercept parameter, and €, an error term.

Procedure 1. Ignore states (complete pooling)

vi=o+y,+ Px +&. (1)
Procedure 2. Include states but ignore the state-level error (no pooling)

Yir = 0+ v, + B + g (2)
Procedure 3. Include states and add state-level error (partial pooling)

Yie = o+ v, + Bx + g, (3)

o = 0y + M;, (4)

where n; ~N(0, csf]).

The term of interest in the above equations is o. In the first, states are pooled together
(equation 1, or “complete pooling”). Under complete pooling, o is assumed to be constant

“Also see the Autumn 2005 edition of Political Analysis devoted to the analysis of multilevel data sets.
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across all the group-level units, which in this example are states. That is, it is assumed that
there is no variability at the state level. If this assumption is incorrect, as it often is in
practice, estimates of the standatd errors (SEs) for the model will be flawed.

At the opposite extreme, we may fit a separate regression model within each state (equation
2, or “no pooling”). Under no pooling, o is now subscripted by j since we estimate a separate
intercept for each state. State-level indicators are now estimated with maximal variance, which
will often be unreflective of population parameters. This is sometimes called a FE specifica-
tion. It does not allow the sharing of potentially important information from across states.

We now turn to equation 3, or “partial pooling.”> Under partial pooling, o;is now an outcome
in the model. The term o, represents the average intercept across states, whereas 1;is the unique
effect of state j on o that is assumed to be a random shock from a normal distribution.

MLMs allow the variance of the unit effects, o, to be estimated conditional on the data
and parameters at all levels. By taking advantage of the error structure at different levels of
the equation, a within-unit and between-unit variance is estimated. In this process, the
units are allowed to “shrink” or gravitate to a common mean that in turn often produces
more accurate estimates of these effects. For example, if the units are states and one state
has little data with severe outliers, the estimate of the effect for this state is shrunk to the
common mean of all states. The amount of shrinkage is inversely proportional to the
amount of data available; more data means less movement toward the overall mean.

When analyzing a sample with commonly distributed units, partial pooling offers
potentially great advantages since incomplete knowledge of the population parameters
can be at least partly compensated by borrowing information across units. Since the
variance across units is estimated, MLMs should do no worse than applying a complete
pooling approach to data with no unit effects, or an FE approach where the units in the data
are highly variable. In between these two extremes, it should do better (Raudenbush and
Bryk 2002; Gelman et al. 2003).

If, however, those units do not come from a common distribution (e.g., pooling together
U.S. states and Canadian provinces), then a practitioner may achieve more accurate esti-
mates without partial pooling. In order for the estimates of unit effects to benefit from partial
pooling, the assumption that they come from a common distribution must hold. On the other
hand, the alternatives of complete pooling are worse under this scenario, and no pooling
may prove to subset the data to levels where reasonable estimates are impossible (Bartels
1996). MLMs offer a way around this dilemma, by allowing practitioners to assign different
prior distributions to units in accordance with different a priori expectations.

In TSCS data, collinearity is frequently present (Western and Jackman 1994; Western
1998). Political scientists employing TSCS data are often interested in slow moving or
completely time-invariant predictors that vary only cross-sectionally. Examples include
the presence of democracy in comparative politics data, or a particular political institution
specific to a state in American politics data. Yet, because of collinearity, the inclusion of
these predictors is problematic in the presence of FE. The variability of the effects will often
be exaggerated, yielding incorrect parameter estimates for the second-level predictors. This
is not a problem in the multilevel framework, since partial pooling allows estimates of units
to borrow strength from the whole sample and shrink toward a common mean.

MLMs generally provide improved model fit relative to least-squares—based estimators.
When the number of observations within units is low,® the partial pooling design that

SAn earlier exploration of partial pooling can be found in Bartels (1996).
SIn the case of unbalanced data, even if the average number of observations is acceptable, individual units may
have too few observations.
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multilevel modeling makes possible provides more reasonable parameter estimates than
pooled or unpooled designs. This is because complete pooling ignores important local
variation, whereas no pooling is subject to the effect of outliers (Gelman and Hill 2006).
Partial pooling offers a middle ground where each estimated parameter has the potential to
borrow strength from other parameters in the model. This is important because least-
squares estimators are justified by asymptotics in time. In sum, we should expect that
MLMs do better for small-T (or -N) data sets than OLS-like estimators (Gelman et al.
2003; Gelman and Hill 2006).

1.2 Bayesian Inference

In the past decade or so, the use of Bayesian inference has advanced rapidly in the social
sciences.’ Essentially, the Bayesian framework combines prior (nonsample) information
with sample data to produce a posterior distribution of parameter estimates. The mean and
standard deviation (SD) of this distribution are then comparable to OLS and ML parameter
estimates. We rely on the Gibbs sampler to fit the Bayesian TSCS model. The Gibbs
sampler partitions the set of unknown parameters and then estimates them one at a time,
or one group at a time with each parameter or group of parameters estimated conditional
on all the others (Gelman 2006). The algorithm allows us to easily estimate separate parts
of the model, even if it is difficult to estimate all the parameters at once.

MLMs may be estimated using ML (Raudenbush and Bryk 2002) or Bayesian simu-
lation (Gelman et al. 2003). We know that ML estimates have desirable properties: they are
consistent, unbiased, and efficient. Combined with advances in statistical packages like
Imer() in R and xtmixed and gllamm in Stata, it is natural to wonder why we turn to
Bayesian inference to estimate these models. We provide some of those reasons here.

Multilevel data are typically quite constrained at the group level. In the case of TSCS
data, this constraint is often binding at either the unit or time levels, especially in cases
where there is an extensive hierarchy. Raudenbush and Bryk (2002, 14) write “in the case of
hierarchical models, the number of higher-level units ... is usually key in determining
whether these large-sample properties (of ML) will apply ... Bayesian methods provide
a sensible alternative approach in these cases. SEs will tend to be more realistic than under
ML.” Further, Bayesian estimation has been shown to have better model fit as data become
increasingly hierarchical (Browne and Draper 2006). This is relevant for more complicated
TSCS setups, where subunits (such as congressional districts or individuals) are nested in
larger units (like states or countries), and both levels have observations across time.

Most MLMs are estimated with either ML or restricted maximum likelihood (REML).
In general, the use of ML or REML causes few problems, but as some analysts have noted,
ML and REML can suffer from a serious deficiency when used with multilevel data. Both
rely on point estimates of the elements in the variance-covariance matrix for inferences.
This should come as no surprise since all ML estimators use point estimates of the
variance-covariance matrix for confidence intervals and hypothesis tests. For MLMs,
however, using such point estimates can be problematic. Gelman and Hill (2006) note
that for more complicated MLMs, there may not be enough information in the data to
precisely estimate the elements of the variance-covariance matrix.

Then there is the additional factor of unbalanced data, where the number of observa-
tions varies per group. We simulate using balanced data in this paper, but TSCS data are
often unbalanced. Raudenbush and Bryk (2002) demonstrate that the sampling distribution

See Gelman et al. (2003) for introduction to this methodology, and Jackman (2000, 2004) for a political science—
focused introduction.



170 Boris Shor et al.

for the elements of the variance-covariance matrix is skewed to an unknown degree when
the data are unbalanced. With balanced data, the sampling distributions are exactly
t-distributed, but for unbalanced data the sampling distribution is unknown. As Raudenbush
and Bryk (2002, 281) note, “. .. in the unbalanced case the SE estimates for the FE are too
small, and hypothesis tests ... will be too liberal.”

Both Gelman and Hill (2006) and Raudenbush and Bryk (2002) contend that a Bayesian
estimator that averages over the model uncertainty does not suffer from this malady.
Because the Bayesian estimator averages over the uncertainty for all the parameters in
the model, the researcher’s inferences are no longer conditional on the specific point
estimates of the variance-covariance matrix. Therefore, inferences are based on the pos-
terior distribution given only the data (Raudenbush and Bryk 2002).

Bayesian models allow the flexibility for researchers to incorporate priors of varying
informativeness into their models. Where a body of data and received wisdom exist—as it
frequently does in, say, comparative research—it may be appropriate to incorporate dif-
ferent types of informative priors.® A major advantage of adopting informative priors is to
make explicit the assumptions and existing knowledge used in a given model, information
that is too often hidden or implicit in classical approaches.’

In our simulations, we use noninformative priors and hyperpriors, as appropriate. This
is because we wish to see how the BML estimator performs with a wide variety of sample
data under conditions of ignorance about the true values we are trying to recover. The
capacity for a researcher to decide to use priors—or not—shows that the Bayesian ap-
proach generalizes other inference techniques.

One significant downside of the Bayesian multilevel approach is that—at least in the
current implementation in WinBugs—it can be computationally intensive, relative to ML
algorithms like Imer(). This is an important concern because scholars typically test many
types of model, and an increase in the cost of testing multiple models could lead to less
models being fit. However, with the continual improvements in software and computing
power and the declining cost of hardware, this is becoming less of a worry.

2 The Model

We offer multilevel modeling as a solution to issues that commonly occur in TSCS data.
Although others have applied MLMs to data sets that are time-series cross-sectional in
structure (Western 1998; Shor et al. 2003), we simulate the data to judge how a MLM
performs compared to other models. In equation (5), we write a very general MLM that
could be used to estimate a TSCS data structure:

Vie = o + v, + Bxjr + &t (5)

where y;; is the outcome variable subscripted for units () and time (7). The terms o; and v,
are varying-intercept parameters for units and time, respectively.'’ Bxj, is a coefficient and

8Probably because Bayesian inference is so new in political science, we only have a handful of instances of the
use of informative priors, though some do exist (Western and Jackman 1994; Jackman 2004; Gill and Walker
2005). All these papers explore the posterior consequences of different decisions about priors.

°For example, MLE assumes complete prior ignorance, an assumption nowhere stated explicitly (Jackman
2004). Other decisions that are in effect made on the basis of prior information include transformations, coding
decisions, and unreported models (Western 1998).

10Usefully, Bayesian methods allow us to estimate varying intercepts for all the units in the sample. By assigning
a common distribution to the set of indicators, Bayesians provide an identifying assumption that makes it
unnecessary to drop what are often arbitrary base categories. In the classical framework, multiple intercepts
(often implemented with dummy variables) are interpreted as offsets from the dropped-group intercept. A more
straightforward method is to estimate the coefficients for all the indicators.
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a single predictor that varies across time and space. Finally, €, is the level one error. The
inclusion of 7y, in the model is one component that is unique to the MLM for TSCS. In the
multilevel modeling context, modeling of vy, takes into account possible contemporaneous
correlation that affects all cross-sectional units in a given time period. In more standard
models for TSCS (OLS with PCSEs, for example), contemporaneous correlation is viewed
as a nuisance property of the error term. As with more standard approaches to TSCS data,
g, ~ N(O, ), where  is an NT x NT covariance matrix of the errors, with typical
elements (g;, €;). To take account of the variability of the errors across units (panel
heterogeneity), the elements of € are estimated for each time period.

The varying intercepts for time and units are allowed as both a systematic and a random
component, such that means and variances for each are estimated, allowing for the partial
pooling described previously. The model for these intercepts are shown in equations (6)
and (7) below:

o = ol + M, (6)
where n; ~ N(0, G%]).

Ye = Yo+ Vis (7)
where v, ~ N(0, 62).

The reader should note that unlike g;,, we assume that the random effects for these varying
intercepts are independent across time and space. Moreover, unlike many MLMs, we do not
treat the parameter 3 as random. One could easily relax this assumption and estimate a ran-
dom coefficient model. Such a model is beyond the confines of this project, but see Beck and
Katz (forthcoming) for an example. A substitution of equations (6) and (7) into equation (5)
demonstrates the incorporation of errors at different levels into one equation. This is what
makes the model multilevel. The conditional estimation used to generate the unit- and time-
level error variances, as well as other parameters, is accomplished via Bayesian estimation.

3 Nuisances in TSCS Data

TSCS data typically exhibit nonspherical errors that make OLS regressions problematic.
These stem from (a) serial correlation, (b) heteroscedasticity, and (c) contemporaneous
correlation. First, because the units are measured over time, the errors can be serially
correlated. Second, the assumption of homoscedastic (equal) error variances is often
violated. The source of this is usually unit heterogeneity. Third, errors can violate the
assumption of cross-sectional independence (Stimson 1985; Beck and Katz 1995).

We have chosen not to generate data with serial correlation. This was done because the
OLS/PCSE and FE estimators are not in themselves a correction for serial correlation. They
necessitate an additional specification like a lagged dependent variable, a Cochrane-Orcutt/
Prais-Winsten transformation, or a linear time trend. Like these methods, multilevel model-
ing does not by itself correct for serial correlation and the same corrections must be applied.
We review heteroscedasticity and contemporaneous correlation in more depth below.

3.1 Heteroscedasticity

Unit heterogeneity leads to violations of the homoscedastic error assumptions. In TSCS
data, we should expect quite a bit of heterogeneity across units and, perhaps, across time.
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Formally, unit heteroscedasticity occurs when the error variance for some units are un-
equal to the error variances for other units.

It is well known that heteroscedasticity in such data can severely damage uncertainty
estimates. Whereas efficiency is therefore an issue, consistency is not. We can accept OLS
point estimates, but we must adjust estimates of SEs. Beck-Katz PCSEs are one such
method of doing so. Using simulated data, we compare various models to see how each
responds to varying levels of heteroscedasticity.

Our MLM approach addresses the issue of unequal variances in two ways. First, we
employ varying intercepts for both N and T to account for unit heterogeneity. Second, we
explicitly allow the error variance for the group effects to be estimated separately for each
group. This helps to account for the fact that some units (and perhaps some time periods)
will have higher error variances than others. The flexibility of specifying these group-level
variances is characteristic of MLMs (Gelman and Hill 2006).

Heteroscedasticity is treated quite differently in the Bayesian context relative to ML.
Since our estimate of uncertainty is derived from the distribution of the posterior, we only
have to worry about appropriately modeling the process to measure that distribution
accurately. In an ML-based estimator, we would reweight the SEs based on group size,
but within a Bayesian context the inferences on each parameter fully takes into account the
uncertainty of every other parameter. So long as the heterogeneity is included in the model,
one usually ignores the idea of heteroscedasticity.

3.2 Contemporaneous Correlation

Contemporaneous correlation refers to the situation when model errors are correlated
across space. For example, different units within a single time period would be correlated.
This could happen if the units experience a common shock in that period.

When contemporaneous correlation is left alone, it violates a key normality assump-
tion. As Beck (2001) notes, traditional approaches to solving spatial correlation can in-
clude fixes like spatial lags. However, PCSEs can adequately clean up this form of
correlation as well, as long as the spatial correlation does not function with a lag across
time. In the multilevel context, we can deal with contemporaneous correlation by directly
modeling varying time intercepts. In doing so, we take into account “time shocks” that
operate simultaneously on all cross-sectional units.

4 Monte Carlo Analysis

4.1 The Data-Generating Process

For the simulation study, we generated multiple data sets according to the following
DGP:"!

Vir = o + Bxip + &ir, (8)

v is the outcome variable subscripted for units (i) and time (¢). The unit effect o; is drawn
from a uniform distribution with a scaling parameter that allows us to vary the size of the
unit effect. The covariance matrix of g;, €}, can be manipulated in a number of ways,

"'"The DGP was not created with a multilevel structure in mind. Rather, it was written for an earlier paper in the
literature (Kristensen and Wawro 2003) in Gauss, then translated into R for our purposes.
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which we outline in the following section. Here, we do not allow the unit effects to be
correlated with x;, in our experiments. We set B to 10 so that the estimated coefficient is
roughly twice its SE.

4.2 Estimators

We use Monte Carlo simulations to compare the performance of least-squares—based
estimators for TSCS data with a BML. We do this because most political scientists use
some form of least squares with a post-estimation fix for the SEs.

We perform Monte Carlo trials for various levels of N, T, heteroscedasticity, contem-
poraneous correlation, and unit-effect scalings.'” We designed the experiments so that the
error structure of equation (8) was both heteroskedastic and contemporaneously corre-
lated. For each value of z, we drew each N vector x;, from a zero-mean normal distribution.
We simulated heteroskedasticity by setting the variance of the first N/2 units to 1, while we
manipulated the variances of the second set of units. Next, we constructed the covariance
matrix so that all pairs of units share a common correlation that we can manipulate in the
analysis. The variances and covariances of the errors were proportional to the correspond-
ing variances and covariances of x;,. This design allows for both panel heteroskedasticity
and contemporaneous correlation serious enough to cause incorrect estimates of the SEs, if
not taken into account.

The standard Monte Carlo procedure is to perform some large number of trials—
typically 1000 or more. However, performing Monte Carlo simulations with Bayesian
models is extremely time consuming as the same experiment may take anywhere from
100 to 300 fimes as long as classical estimators on the same computer.'> For the results
reported here, only 250 Monte Carlo trials were performed. We find that larger number of
simulations do not affect our results.

4.2.1 Classical Estimators

We ran the classical OLS and FE estimators.'* We pair the former with regular OLS SEs
and (Beck and Katz 1995) PCSEs.!> The latter are paired with regular FE SEs and FE
robust SEs (Arellano 1987).

4.2.2 Bayesian Multilevel Model

We ran the BML with two chains iterating 2100 times. We discarded half the iterations as
a burn-in and thinned the chains by three to save memory. This generated posterior
distributions of length 700. Both chains converged for all estimated parameters, according
to the Gelman-Rubin R diagnostic (Gelman et al. 2003).

2Unit-effect scalings, abbreviated as A.Sc in the Results, allow us to simulate the extremes of no and massive unit
effects, as well as intermediate levels.

130One reason for this is that the Bayesian model here was estimated with WinBugs using a Markov Chain Monte
Carlo algorithm. So our results are essentially 250 Monte Carlo trials, each consisting of 2100 Monte Carlo
iterations!

"“The FE allow for varying intercepts for units.

Sperhaps because of the wide popularity of the PCSE approach, many scholars erroneously use OLS with PCSEs
for TSCS data without accounting for potential unit effects. Poor performance by OLS with PCSEs in these
scenarios is therefore the fault of researchers, not the estimator itself. We seek to show the consequences of such
a common misspecification below.
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5 Results

To benchmark the various estimators, we report several test statistics: bias, root mean—
squared error (RMSE), relative efficiency, and optimism. We also display histograms of
the distributions of the various ’s and SEs estimated by the various models.

5.1 Bias

First, we calculate the bias of the estimators calculated as shown in equation (9) for the
simulated B’s. The closer this value is to 100, the less biased, on average, is the estimator.

Bias = 100 - (B/Byue)- )

None of the estimators is expected to be biased, and Monte Carlo results (not shown)
confirm this result. Differences between them are found in the SEs, not in the coefficients.

5.2 RMSE and Efficiency

One way to capture the bias and the efficiency of the estimators simultaneously is to
examine the distribution of the f3’s around the true f; this is easily done with the RMSE.
Equation (10) shows that estimators are penalized for being biased, as well as having
a larger spread around the true f.

RMSE = \/Z;T;m (B(l) — Btrue)2 ) (10)

n

The relative efficiency of the BML estimator over that of the OLS and FE estimators
can be derived by calculating ratios of RMSE scores, shown in equation (11). This in-
dicates the degree to which the BML estimator’s RMSE score is smaller than that of
another estimator.

RMSEoqLs|re

Relative Effici =100 - .
elative Efficiency RMSEpy

(11)

Figures 1 and 2 graphically show the RMSE and relative efficiency results found in
Table 1 for data with varying amounts of N, T, contemporaneous correlation, heterosce-
dasticity, and the scale of the unit effects. These results show that the BML estimator is
more efficient than classical estimators for the DGPs we have run in this paper.

This efficiency advantage is also clearly seen in Fig. 3 that shows the histograms of the
250 B’s estimated by each model for condition 2 (see row 2 of any table). The estimated
BML f’s cluster far more tightly (95% interval is 9.6-10.4) around the true value of 10
than either OLS or FE.

Fig. 4 shows another view of this; the reported BML SEs are quite a bit smaller than
they are for the other classical SEs. The BML SEs cluster around 0.16-0.25, whereas
PCSE:s cluster near 0.34—0.81, and FE robust SEs cluster around 0.16-0.43.

5.3 Optimism

In the previous section, we have seen that the reported BML SEs are smaller than those of
the other classical SEs. But are those smaller errors justified? To characterize the un-
certainty estimates returned by the estimators for the simulated betas, we calibrate them
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Fig. 1 Calculated RMSE statistics for OLS (dash-dot), FE (dash), and BML (solid) estimators,
under varying levels of 7, N, heteroscedasticity, contemporaneous correlation, and the scaling of unit
effects.

by the spread of the estimated [’s. This statistic is called “overconfidence” by Beck and
Katz (1995) and “optimism” by Kristensen and Wawro (2003). Values over 100 indicate
that the true sampling variability of an estimator is larger than the reported estimate of
variability, indicating that SEs are “too confident.” Conversely, optimism values under 100
indicate that the SEs are “underconfident” (too modest). Equation (12) shows the calcu-
lation for optimism.

Vs (g By
VS (SE(BY))?

Table 2 and Fig. 5 show the results of equation (12) applied to various conditions
simulated by the DGP. It can be seen that the reported uncertainty estimates for the
MLM are more characteristic of the true variance of the estimator than the even more
uncertain estimates of PCSEs and robust SEs, not to mention the uncorrected SEs.

On the basis of these MC results, OLS SEs and FE SEs can be said to be improperly
overmodest. PCSEs are slightly too modest, as well, but to a far smaller degree. In other
words, the distribution of the estimated B’s is tighter than we would expect on the basis of

Optimism = 100 - (12)




176 Boris Shor et al.

c B B--__ 7=
&7 B R 1 A Al
] &7
o——® — @ e . Py .
(=]
o — (=}
— e —
(= o —
T T T T T T T T T T
10 20 30 40 50 20 40 60 80 100
(a) Efficiency: Varying T (b) Efficiency: Varying N
84 -5
o < 5 7
g - S
gia---4
o o
o
=] -
o -
T T T T
0.0 02 04 06 0.8 0.0 0.2 0.4 0.6
(c) Efficiency: Varying Hetero. (d) Efficiency: Varying Cont. Corr.

500

0 200

5 10 15 20 25
(e) Efficiency: Varying Unit Effects

Fig. 2 Calculated relative efficiency advantage for the BML over OLS (dash) and FE (solid), under
varying levels of 7, N, heteroscedasticity, contemporaneous correlation, and the scaling of unit effects.

reported SEs. The consequence of this is that social scientists might be led into making
a type I error: accepting a null that should be rejected. This inferential error is perhaps less
serious than making a type I error, but is nevertheless to be avoided. This finding is
especially true when the nuisances of TSCS data are very powerful.

6 The MLM Generalized

We have considered MLMs with varying intercepts. However, we can easily extend the
scope of these models to include varying slopes as well. This would allow us to estimate
different causal effects of a substantive predictor of interest for different units and/or time
periods. This is often called, perhaps imprecisely, a “random coefficient model.”'®

We have also not considered the prospect of group-level predictors, that is, covariates at
an aggregate level of analysis. Using FE under the classical paradigm may tell us that
cross-sectional units differ, but not why. The multilevel approach allows us to easily in-
clude group-level predictors to explain variation in intercepts and/or slopes across units or
time. If the individual level of analysis is the state-year, then we can have state-level
predictors that are constant over time (perhaps state area), or year-level predictors that

'®Qur varying-intercept model—as are all Bayesian models—is a random coefficient model because all estimated
parameters come from random posterior distributions.
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Table 1 RMSE/relative efficiency results

OLS FE BML OLS/BML  FE/BML

N T Co* He® ASc® RMSE RMSE RMSE Eff Eff

1 15 5 025 03 5 1.33 0.73 0.57 233 128
2 15 20 025 0.3 5 0.49 0.29 0.21 233 138
3 15 50 025 0.3 5 0.25 0.17 0.13 192 131
4 5 20 025 0.3 5 1.06 0.61 0.38 279 161
5 50 20 0.25 0.3 5 0.25 0.16 0.11 227 145
6 500 20 025 0.3 5 0.18 0.11 0.08 225 138
7 15 20 025 0.0 5 0.77 0.52 0.37 208 141
8 15 20 025 0.6 5 0.33 0.13 0.10 330 130
9 15 20 025 0.9 5 0.27 0.03 0.02 1350 150
10 15 20 0.01 0.3 5 0.45 0.30 0.22 205 136
11 15 20 0.50 0.3 5 0.51 0.28 0.17 300 165
12 15 20 0.75 0.3 5 0.54 0.29 0.13 415 223
13 15 20 025 0.3 1 0.40 0.29 0.21 190 138
14 15 20 025 0.3 10 0.68 0.29 0.21 324 138
15 15 20 025 0.3 25 1.42 0.29 0.20 710 145

*Contemporaneous correlation.
"SD of 1/c normalized.
“Scale parameter of unit effects.

are constant over space (perhaps national gross domestic product). This allows us to better
estimate the variance of group-level units from the data. Including these group-level
predictors would be trivial in a MLM, and would significantly improve model fit.

Such nested covariates can also aid when individual-level predictors and groups cor-
relate. Such a correlation has often led researchers to avoid models with varying intercepts
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Fig. 3 Histogram of estimated ’s for OLS, FE, and BLMs. N(sims) = 250, N = 15, T = 20,
Cor = 0.25, Het = 0.3, A.Scale = 5.
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(or slopes) modeled with error because of potential bias or poor uncertainty estimates.
Bafumi and Gelman (2006) show that this problem can easily be resolved by calculating
the mean per group of the correlating predictor and including it as a covariate at the group
level. Classical estimators with unit or time effects would simply drop sluggish or invariant
unit-level or time-level predictors, or bias them downwards toward zero.!”

Finally, MLMs can incorporate additional levels of hierarchy or structure. For example,
a TSCS data set of congressional districts might incorporate not only district- and time-
invariant predictors but also predictors at the state and national levels (Shor 2004). We
would expect these to improve model fit and estimates of uncertainty, as well as be more
theoretically justified.

7One might drop additional indicators or employ a two-stage approach to estimate slow or nonvarying group-
level predictors. As compared to the multilevel modeling described here, however, these approaches are less
intuitive and more complicated (for example, they require additional post-estimation fixes such as correcting
SEs).
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Table 2 Optimism results

179

OLS FE  PCSE  FE Robust BML

N T  Cor* He® ASC  Opt  Opt Opt Opt Opt

1 15 5 025 0.3 5 22 12 81 105 108
2 15 20 025 0.3 5 17 10 90 95 102
3 15 50 025 0.3 5 13 9 85 96 104
4 5 20 025 0.3 5 21 12 95 104 92
5 50 20 025 0.3 5 16 10 90 101 105
6 500 20 025 0.3 5 16 10 95 102 107
7 15 20 025 0.0 5 26 18 94 95 102
8 15 20 025 0.6 5 11 5 81 95 102
9 15 20 025 0.9 5 9 1 73 95 101
10 15 20 0.01 0.3 5 15 10 95 100 102
11 15 20 050 0.3 5 18 10 86 94 102
12 15 20 075 0.3 5 19 10 82 94 101
13 15 20 025 0.3 1 14 10 87 95 102
14 15 20 025 0.3 10 23 10 93 95 102
15 15 20 025 0.3 25 44 10 95 95 102

*Contemporaneous correlation.
°SD of 1/c normalized.
“Scale parameter of unit effects.
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Fig. 5 Calculated optimism statistics for OLS SE (dash and triangle), PCSE (dot), FE SE (dash-
dot), FE Robust SE (dark short dash and empty circle), and BML SE (solid) under varying levels of 7,
N, heteroscedasticity, contemporaneous correlation, and the scaling of unit effects.
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7 Conclusion

We have shown that a MLM can adequately address two characteristic problems of TSCS
data: heteroscedasticity and contemporaneous correlation. It does this at least as well, and
often quite a bit better, than other common estimators for such data.

All the tested estimators are—on average—unbiased. However, the spread of the esti-
mated [3’s is wider for OLS and the FE estimator. The multilevel estimator is substantially
more efficient than either the OLS and FE estimators for the simulated TSCS data. This
efficiency advantage can increase dramatically under aggressively problematic levels of
heteroscedasticity and contemporaneous correlation. The quality of the reported SEs is
better than classical OLS SEs, FE SEs, PCSEs, and FE robust SEs. They are dramatically
better than the first two. Researchers can feel confident about employing this estimator for
their TSCS data sets.

The multilevel approach offers some unique advantages over classical estimators for
TSCS data. Limited data can be compensated for with partial pooling. Fully or partially
time-invariant predictors can be estimated simultaneously with varying group-level inter-
cepts. MLMs are easily extended to include additional levels of analysis. Unlike ML,
priors can be incorporated—or not—at the researcher’s discretion. In sum, MLMs are
both more general and flexible than their classical counterparts.
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