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TSCS Data

Allows study of cross-sectional variation
But also incorporation of dynamics

In conjunction, powerful tests of theory
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TSCS Data Generating Process

Standard TSCS DGP:

Yit = Qj + BTt + €54

We generate

* Heteroscedastic errors.
* Contemporaneous correlation.
* Unit effects of various sizes.
* No serial correlation yet.
Through the error
Through a lag

* No correlation between unit effects and X.
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Multilevel Modeling

Popularized in fields like education research and biostatistics

Increasing use in political science.

x Gelman and King (1993), Steenbergen and Jones (2002)
* Midwest Conference papers

Rare applications to TSCS data.

* Exception is Western (1998)

Missing Monte Carlo analysis of BML under various conditions
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* Complete pooling ignores unit heterogeneity.
* No pooling design exaggerates the incomparability of units, whose heterogeneity

is treated as maximally important.
* The compromise is partial pooling, which allows for unit effects to be estimated

conditionally on the data and parameters at all levels.
When sample sizes are small, estimates of unit effects benefit from

“shrinkage”
Better estimates of uncertainty
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Bayesian Inference and TSCS Data 1

TSCS units and years fixed, not sampled

* In Bayesian inference, data is fixed, parameters are sampled

TSCS observations in N and T are typically low

* Classical estimators rely on asymptotic theory
* While Bayesian estimators benefit from more data ...
* They do not require attaining some threshold value for N or T
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The Monte Carlo Analysis

Ran DGP for Nsim simulations (250) with true 3 of 10

We varied N, T, heteroscedasticity, contemporaneous correlation, and the scale
of the unit effects

Ran estimators for Nsim data sets
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Bias

How biased are these estimators on average?

Bias = 100 - (3/B¢rue)
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BERS

N T Cor Het A.Sc OLS Bias FE Bias BML Bias

1 15 5 025 03 5 101 100 100
2 15 20 025 0.3 5 100 100 100
3 15 50 025 0.3 5 100 100 100
4 5 20 025 0.3 5 101 100 100
5 50 20 025 03 5 100 100 100
6 500 20 025 0.3 5 100 100 100
( 15 20 025 0.0 5 100 100 100
8 15 20 025 0.6 5 100 100 100
9 15 20 025 0.9 5 100 100 100
10 15 20 0.01 0.3 5 100 100 100
11 15 20 050 0.3 5 100 100 100
12 15 20 0.75 0.3 5 100 100 100
13 15 20 025 0.3 1 100 100 100
14 15 20 025 0.3 10 100 100 100
15 15 20 025 03 25 100 100 100
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Betas

So (s are unbiased on average, but what about their spread?

FE Betas BML Betas

OLS Betas

9.5 10.0 105

95% Int: 9.1-11.1 95% Int: 9.5-10.6 95% Int: 9.6-10.4

Figure 1: Histogram of estimated 3s for Ordinary Least Squares, Fixed Effects, and
Bayesian multilevel models. N(sims) = 250, N = 15, T = 20, Cor = 0.25, Het =
0.3, A.Scale = 5.
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RMSE /Efficiency

RMSE =
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Relative Efficiency = 100 -
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RMSE /Efficiency

N T Cor Het ASc OLS FE BML OLS/BML FE/BM

RMSE RMSE RMSE Eff Eff
1 15 5 025 0.3 5 1.33 0.73 0.57 233 123
2 15 20 025 0.3 5 0.49 0.29 0.21 233 133
3 15 50 025 0.3 5 0.25 0.17 0.13 192 131
Z 5 20 025 0.3 5 1.06 0.61 0.38 279 161
5 50 20 025 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
15 20 025 0.0 5 0.77 0.52 0.37 208 141
g 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 20 050 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 03 25 1.42 0.29 0.20 710 145
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Standard Errors

95% Int: 2.41-3.46 95% Int: 2.4-3.47 95% Int: 0.34-0.81

FE Robust SE BML SE

95% Int: 0.16-0.43 95% Int: 0.16-0.25

Figure 2: Histogram of estimated S.E.s for Ordinary Least Squares, Fixed Effects,
and Bayesian multilevel models. N(sims) = 250, N = 15, T = 20, Cor = 0.25, Het

= 0.3, A.Scale = 5.
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Optimism

So the BML standard errors are the smallest.
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Optimism

So the BML standard errors are the smallest.

But is this false confidence? No.

Sy

Optimism = 100 -

VI (s.0.(B0))2
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Optimism

\ T Cor Het ASc OLS FE PCSE FE Robust BML

Opt Opt Opt Opt Opt
1 15 5 025 03 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 03 5 21 12 95 104 92
5 50 20 025 03 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 0.25 0.9 5 9 1 73 95 101
10 15 20 0.01 03 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 03 95 102
15 15 20 025 03 25 44 10 95 95 102
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