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vce(robust) option . . . 326, 560
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irr option . . . . . . . . . . . . . . . . . . 699

xtmixed . . . .85, 196, 249, 265, 299,
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440
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reml option . . . . . . . . 83, 166, 197
residuals() option . . . 299, 373
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xtpcse . . . . . . . . . . . . . . . . . . . 330, 337
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comparative standard error . . . 114, 546
competing risks . . . . . . . . . . 767–772, 861
complementary log-log link . . . . . . . . 616
complementary log-log model. .777–778
complex level-1 variation . . . . . . . . . . 360
compositional effect . . . . . . . . . . . 151, 171
compound symmetric structure . . . . 304
compound symmetry. . . . . . . . . .264, 304
conditional

independence . . . . . . . . . . . . . . . . . . 79
logistic regression . . . . . . . . . 557–559
logit model . . . . . . . . . . . . . . . 638–648
negative binomial regression. . .715
Poisson regression . . . . . . . . 713–715

confidence interval. .16, 87–93, 140–142
confounder . . . . . . . . . . . . . . . . . . . . . . . . . 30
consistent estimator . . . . . . . . . . . . . . . 100
contextual effect . . . . . . . . . . . . . . 151, 171
continuation-ratio logit . . . . . . . . . . . . 760
continuation-ratio logit model . . . . . 616
continuous-time survival . .747, 797–869
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counting process . . . . . . . . . . . . . . 858–859
counts . . . . . . . . . . . . . . . . . . . . . . . . 687–740
covariance structure . . . . . 100, 293–322,
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cross-classification. . . . . . . .433, 443, 873
cross-level interaction . . . . 211, 359, 890
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cross-sectional time-series data. . . . .227
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diagnostic standard error . . . . . . . . . . 114
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discrete-time

hazard . . . . . . . . . . . . . . . . . . . 749–752
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exchangeable structure . . . . . . . . 304, 559
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exponential family . . . . . . . . . . . . . . . . . 916
exponential structure. . . . . . . . . .308–311
exposure . . . . . . . . . . . . . . . . . . . . . . . . . . 689
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loading . . . . . . . . . . . . . . . . . . . . . . . 611
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Gâteaux derivative . . . . . . . . . . . . . . . . 729
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estimating equations. . . . . . . . . .519,
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linear mixed model . . . . . . . . . . . .521
linear model . . . . 502–504, 575–576
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GLS . . . . . . . see generalized least squares
grouped-time survival data . . . . . . . . 746
growth-curve model . . . . . . . . . . . 343–382

H
Halton draws . . . . . . . . . . . . . . . . . . . . . . 669
Hausman–Taylor estimator . . . . 253–257
Hausman test . . . . . . . 157, 253–257, 291
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incidence rate . . . . . . . . . . . . . . . . . . . . . 799
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alternatives . . . . . . . . . . 648–649
independence structure . . . . . . . 297, 559
independent censoring . . . . . . . . . . . . . 745
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information matrix . . . . . . . . . . . . . . . . 165
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274
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intensity . . . . . . . . . . . . . . . . . . . . . . . . . . . 689
intensity function . . . . . . . . . . . . . . . . . . 799
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intraclass correlation . . . . . 80, 130, 192,
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inverse link function . . . . . . . . . . . . . . . 502
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item response theory . . . . . . . . . . . . . . 543
iterative generalized least squares . . 165

K
Kaplan–Meier estimator . . . . . . . . . . . 803

L
lagged-response model . . . . . . . . 269–272
Laplace approximation . . . . . . . . . . . . 527
latent response . . . . . . 510–513, 576–580
latent response model. . . . . . . . . . . . . .876
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growth-curve model
latent variable . . . . . . . . . . . . . . . . . . . . . 364
left-censoring . . . . . . . . . . . . . . . . . . . . . . 746
left-truncated data . . . . . . . . . . . . 772–773
left-truncation . . . . . . . . . . . . . . . . 746, 772
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likelihood-ratio test . . . . 88–89, 140, 848
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long form . . . . . . . . . . . . . . . . . 83, 230–232
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longitudinal correlations . . . . . . . . . . . 244
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longitudinal model . . . . . . . . . . . . . . . . .1–7
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longitudinal study . . . . . . . . . . . . . . . . . 5–6

M
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N
negative binomial model . . . . . . 707–709
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873–914
Newton–Raphson algorithm . . . . . . . 165
NMAR . . . . . . see not missing at random
nominal response. . . . . . . . . . . . . .629–683
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one-way ANOVA . . . . . . . . . . . . . . . . . 17–19
ordinal
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P
panel data . . . . . . . see longitudinal data
parallel-regressions assumption . . . . 576,
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partial effect . . . . . . . . . . . . . . . . . . . . . . .504
partial likelihood . . . . . . . . . . . . . . 816–817
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