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linear regression . . . . . . see simple linear
regression

link function . . . . . . . . . . . . . . . . . 558, 1036
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maximum likelihood. . . . . . . . . .108, 183,
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mean squared error of prediction. . .123
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median hazard ratio . . . . . . . . . . . . . . . 940
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meta-analysis . . . . . . . . . . . . . . . . . . . . . . 4–5
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multilevel model . . . . . . . . . . . . . . . . . . . 1–7
multinomial logit model . . . . . . . 696–704
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piecewise exponential model . . .897–906
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prefix command . . . . . . . . . . . . . . . . . . 1011
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hazards model . . . . . . . . . . . . 895–914
odds model . . . . . 641–642, 650–654,

847
pseudolikelihood . . . . . . . . . . . . . . . . . . . 632
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proportional-odds model . . 654–657

rankings . . . . . . . . . . . . . . . . . . . . . . . . . . . 752
Rasch model . . . . . . . . . . . . . . . . .628, 1032
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SEM . . . . . see structural equation model
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serial correlations . . . . . . . . . . . . . . . . . . 267
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shrinkage . . . . . . . . . . . . . . . . 119, 224, 810
shrinkage factor . . . . . . . . . . . . . . . . . . . 119
simple linear regression . . . . . . . . . . 19–27
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simulation . . . . . . . . . . . 319–322, 799–803
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standardized regression coefficient. . .26
state dependence . . . . . . . . . . . . . . . . . . 312
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structural equation model . . . . . 409–411
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survey weights . . . . . . . . . . . . . . . . . . . . . 632
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T
three-level model . . . . . . . . 431, 435–466,

973–993
three-stage formulation. . . . . . . .454–455
three-way interaction . . . . . . . . . . . . . . . 44
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two-level model . . . . . . . . . . . . . . . . . . . . . 80
two-stage formulation . . . . 232, 403, 578
two-way error-components model . .483,

485–493
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U
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White information matrix test . . . . . 367
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