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Reviewers’ Supplemental Material S-A Equivalence of CPGMM as specified by McNeish & 
Harring & Harring (2020) and Re-Expression as Random Intercept Model

CPGMM Expressed as Random Intercept Model1

CPGMM as Expressed by McNeish and Harring (2020)2

1. File Available assuming compound symmetry at: https://drive.google.com/file/d/1i0JcomIH5GtHj-
jK3YzbOOzWd3KtzRVW/view?usp=sharing assuming tau-equivalence at: https://drive.google.com/file/
d/1WQxPyc8k6Oga2oI6n3rGhZWJVEHS3pw0/view?usp=sharing

2. File Available assuming compound symmetry at: https://drive.google.com/file/d/1t9aK1gvW7TPTfqN-
jNgWit_9fdjuyqeNB/view?usp=sharing assuming tau-equivalence at: https://drive.google.com/file/d/
1hWCvUBSXgvZJvfz3aXQdRQCfRZ3S5a6n/view?usp=sharing
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m: Variance at Occasion m

: Covariance between Occasions (Equal)
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