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[bookmark: _GoBack]R syntax and output for Chapter 6: Introduction to Multilevel Modeling
Much of the material in this document builds on the R syntax and output from earlier chapters. If necessary, refer back to those documents for reminders.

Begin by importing the 'beaut.dat' file (for the course-evaluation example) into R:
setwd("C:/Users/dflora/Dropbox/book/data")
ch6data <- read.table("beaut.dat", header=T)

Descriptive statistics for the course evaluation outcome variable (‘eval’) and student GPA (‘gpa’), for now ignoring clustering within instructors:
library(psych)
describe(ch6data$eval)
##    vars   n mean   sd median trimmed  mad min max range  skew kurtosis
## X1    1 463    4 0.55      4    4.03 0.59 2.1   5   2.9 -0.46    -0.13

describe(ch6data$gpa)
##    vars   n mean   sd median trimmed  mad  min max range  skew kurtosis
## X1    1 463 2.38 1.09   2.36    2.41 1.29 0.05   4  3.95 -0.14    -0.99

Descriptive statistics on instructor-by-instructor basis:
First, to get stats just for instructors 5, 11, 30, 68, and 85, as presented in Chapter 6, it is convenient to subset the data ('profnumber' is the variable giving Instructor ID):
profSubset <- subset(ch6data, profnumber == 5 | profnumber == 11 | profnumber == 30 | profnumber == 68 | profnumber == 85)
Then get within-instructor descriptive stats for the course evaluation outcome and the GPA predictor using this subset:
describeBy(profSubset$eval, group=profSubset$profnumber)
## $`5`
##    vars n mean   sd median trimmed  mad min max range  skew kurtosis
## X1    1 6 4.35 0.23    4.4    4.35 0.07 3.9 4.5   0.6 -1.22    -0.31
## 
## $`11`
##    vars n mean   sd median trimmed  mad min max range skew kurtosis
## X1    1 3 3.27 0.67    3.1    3.27 0.59 2.7   4   1.3 0.23    -2.33
## 
## $`30`
##    vars n mean sd median trimmed mad min max range skew kurtosis
## X1    1 1  2.3 NA    2.3     2.3   0 2.3 2.3     0   NA       NA
## 
## $`68`
##    vars n mean   sd median trimmed  mad min max range  skew kurtosis
## X1    1 3 2.57 0.35    2.6    2.57 0.44 2.2 2.9   0.7 -0.09    -2.33
## 
## $`85`
##    vars n mean   sd median trimmed mad min max range skew kurtosis
## X1    1 8 4.79 0.18    4.8    4.79 0.3 4.6   5   0.4 0.03    -2.04
## 

describeBy(profSubset$gpa, group=profSubset$profnumber)
## $`5`
##    vars n mean   sd median trimmed  mad min max range  skew kurtosis
## X1    1 6 3.82 0.35   3.94    3.82 0.04 3.1   4   0.9 -1.34    -0.12
## 
## $`11`
##    vars n mean   sd median trimmed  mad  min max range skew kurtosis
## X1    1 3 0.68 0.54   0.43    0.68 0.18 0.31 1.3  0.99 0.36    -2.33
## 
## $`30`
##    vars n mean sd median trimmed mad  min  max range skew kurtosis
## X1    1 1 1.08 NA   1.08    1.08   0 1.08 1.08     0   NA       NA
## 
## $`68`
##    vars n mean   sd median trimmed  mad  min  max range skew kurtosis
## X1    1 3 0.76 0.74   0.66    0.76 0.87 0.07 1.54  1.47 0.13    -2.33
## 
## $`85`
##    vars n mean   sd median trimmed  mad  min max range  skew kurtosis
## X1    1 8 3.33 0.81   3.58    3.33 0.62 1.94   4  2.06 -0.51    -1.51
## 

Next, a separate data file (‘ch6j94.txt’) is available which has only one row per instructor and contains only the instructor-level variables.
Using this dataset, it is easy to get descriptive stats for the instructor attractiveness variable, here named 'beauty' (because Hamermesh and Parker, 2005, named it 'beauty'):
ch6j94 <- read.table("ch6j94.txt", header=T)
describe(ch6j94$beauty)
##    vars  n mean   sd median trimmed  mad   min  max range skew kurtosis
## X1    1 94    0 0.83  -0.13   -0.03 0.92 -1.54 1.88  3.42 0.33    -0.75

But because course evaluation is a Level 1 variable, we need to return to the full dataset to get the correlation between instructor attractiveness and course evaluation and make the scatterplot in Figure 6.1.
(But it would be inappropriate to use the 'cor.test' function to test the significance of this correlation, because the independent observations assumption is violated.)
plot(ch6data$eval~ch6data$beauty, ylab='Course evaluation', xlab='Instructor physical attractiveness')
[image: ch6_files/figure-docx/unnamed-chunk-6-1.png]
cor(ch6data$eval,ch6data$beauty)
## [1] 0.1890391
Scatterplot of course evaluation by student GPA, ignoring clustering of students within instructors (Figure 6.2):
plot(ch6data$eval~ch6data$gpa, ylab='Course evaluation', xlab='Student GPA')
[image: ch6_files/figure-docx/unnamed-chunk-7-1.png]
Plot of course evaluation by student GPA, within each of four instructors (Figure 6.3).
First, make a subset of the data, selecting only the instructors whose data will be plotted:
prof20.50 <- subset(ch6data, profnumber == 20 | profnumber == 50 | profnumber == 34
                    | profnumber == 82)
The graph in Figure 6.3 was made using the 'ggplot2' package. For more information on ggplot, see http://ggplot2.org/ or http://www.statmethods.net/advgraphs/ggplot2.html.
library(ggplot2)
ggplot(prof20.50, aes(gpa, eval))+geom_point()+
  facet_wrap(~profnumber)+stat_smooth(method=lm, se=F, color="black")+
  ylab("Course evaluation")+xlab("Student GPA")+theme_bw()+
  theme(panel.grid.major = element_blank(), 
  panel.grid.minor = element_blank(), axis.line = element_line(colour = "black"))
[image: ch6_files/figure-docx/unnamed-chunk-9-1.png]

The Unconditional Multilevel Model
After examining descriptive statistics and plots, we are ready to begin estimating multilevel models.
The multilevel models in this chapter can all be estimated using the 'nlme' package:
library(nlme)
The package known as 'lme4' is a popular alternative to 'nlme'.
Use the 'lme' function to specify and estimate the unconditional MLM for the course evaluation outcome:
ch6mod1 <- lme(eval ~ 1, random =~ 1|profnumber, data=ch6data)
The 'lme' syntax for specifying a linear MLM is similar to the 'lm' syntax for specifying an OLS regression model.
Above, because this is an intercept-only model, the outcome ('eval') is regressed on (~) only a constant value (1).
Next, the syntax 'random=~1|profnumber' indicates that the model should allow intercepts to vary randomly across the levels of instructor ID (i.e., 'profnumber', the Level 2 ID variable).
By default, the model is estimated using REML. See below for an example where the estimator is changed to FIML.
Use the 'summary' method to get the results in Table 6.2:
summary(ch6mod1)
## Linear mixed-effects model fit by REML
##  Data: ch6data 
##        AIC      BIC    logLik
##   650.0382 662.4449 -322.0191
## 
## Random effects:
##  Formula: ~1 | profnumber
##         (Intercept) Residual
## StdDev:   0.3834391 0.412572
## 
## Fixed effects: eval ~ 1 
##                Value  Std.Error  DF  t-value p-value
## (Intercept) 3.935731 0.04519034 369 87.09232       0
## 
## Standardized Within-Group Residuals:
##         Min          Q1         Med          Q3         Max 
## -3.74572617 -0.60482954  0.07843821  0.58300259  2.41133632 
## 
## Number of Observations: 463
## Number of Groups: 94
In the output above, the only fixed effect estimate is the mean intercept value, i.e., gamma, the grand mean of the course evaluation outcome.
Under random effects, the standard deviation of the Intercept corresponds to the square root of the Level 2 variance estimate in Table 6.2, while the Residual standard deviation corresponds to the square root of the Level 1 variance estimate.
We can get both the variance and standard deviation of the random effects with the 'VarCorr' function:
VarCorr(ch6mod1)
## profnumber = pdLogChol(1) 
##             Variance  StdDev   
## (Intercept) 0.1470255 0.3834391
## Residual    0.1702157 0.4125720
And we can use the elements from 'VarCorr' to calculate the ICC:
varmat <- VarCorr(ch6mod1)
tau <- as.numeric(varmat[1,1]) #tau-squared, the Level 2 variance, is in the 1st row, 1st column of VarCorr
sigmasq <- as.numeric(varmat[2,1]) #sigma-squared, Level 1 variance, is in the 2nd row, 1st column of VarCorr

icc <- tau / (tau + sigmasq)
icc
## [1] 0.4634502
The resulting value matches the ICC value given in Chapter 6.

Conditional Multilevel Models
Specify and estimate the random-intercepts MLM regressing course evaluation data on student GPA.
The model specification below is a simple elaboration on the unconditional model, now including student GPA as a predictor:
ch6mod2 <- lme(eval ~ gpa, random =~ 1|profnumber, data=ch6data)
summary(ch6mod2)
## Linear mixed-effects model fit by REML
##  Data: ch6data 
##        AIC      BIC    logLik
##   589.1488 605.6824 -290.5744
## 
## Random effects:
##  Formula: ~1 | profnumber
##         (Intercept)  Residual
## StdDev:   0.3207174 0.3904931
## 
## Fixed effects: eval ~ gpa 
##                Value  Std.Error  DF  t-value p-value
## (Intercept) 3.549238 0.05947565 368 59.67549       0
## gpa         0.168761 0.01940201 368  8.69811       0
##  Correlation: 
##     (Intr)
## gpa -0.756
## 
## Standardized Within-Group Residuals:
##         Min          Q1         Med          Q3         Max 
## -3.69492812 -0.58158359  0.05389416  0.62900191  2.74342119 
## 
## Number of Observations: 463
## Number of Groups: 94
The fixed effects results above give the mean intercept and GPA coefficient reported in Table 6.3, while again the standard deviation of the random intercepts (square root of the Level 2 variance estimate) and the Level 1 variability are given under the Random Effects output.
Confidence intervals can be obtained as below:
intervals(ch6mod2)
## Approximate 95% confidence intervals
## 
##  Fixed effects:
##                 lower      est.     upper
## (Intercept) 3.4322835 3.5492383 3.6661930
## gpa         0.1306081 0.1687608 0.2069135
## attr(,"label")
## [1] "Fixed effects:"
## 
##  Random Effects:
##   Level: profnumber 
##                     lower      est.     upper
## sd((Intercept)) 0.2601981 0.3207174 0.3953128
## 
##  Within-group standard error:
##     lower      est.     upper 
## 0.3630404 0.3904931 0.4200217
Again, we can also obtain the random effect estimates from Table 6.3 using the 'VarCorr' function:
VarCorr(ch6mod2)
## profnumber = pdLogChol(1) 
##             Variance  StdDev   
## (Intercept) 0.1028596 0.3207174
## Residual    0.1524848 0.3904931

Specify and estimate the random-slopes MLM regressing course evaluation data on student GPA.
The model specification below is a simple elaboration on the random-intercepts model, now including GPA as a random effect (the model also includes random intercepts automatically):
#ch6mod3 <- lme(eval ~ gpa, random =~ gpa|profnumber, data=ch6data)
As reported in Chapter 6, the model specified above does not converge using the default REML estimator with the default number of iterations.
For the sake of demonstration, we can also try the FIML estimator:
#ch6mod3 <- lme(eval ~ gpa, random =~ gpa|profnumber, method='ML', data=ch6data)
But the model still does not converge.
It turns out, though, that this model does converge if we increase the number of iterations. Later we will see how to increase the number of iterations.

Model with a Level 2 predictor (means-as-outcomes model)
Specify and estimate the model regressing course evaluation on instructor attractiveness (‘beauty’):
ch6mod4 <- lme(eval ~ beauty, random =~ 1|profnumber, data=ch6data)
summary(ch6mod4)
## Linear mixed-effects model fit by REML
##  Data: ch6data 
##        AIC     BIC    logLik
##   651.5225 668.056 -321.7612
## 
## Random effects:
##  Formula: ~1 | profnumber
##         (Intercept)  Residual
## StdDev:   0.3724351 0.4128884
## 
## Fixed effects: eval ~ beauty 
##                Value  Std.Error  DF  t-value p-value
## (Intercept) 3.938927 0.04419543 369 89.12520  0.0000
## beauty      0.115663 0.05387404  92  2.14692  0.0344
##  Correlation: 
##        (Intr)
## beauty 0.022 
## 
## Standardized Within-Group Residuals:
##        Min         Q1        Med         Q3        Max 
## -3.6897096 -0.6200113  0.0687919  0.5724218  2.4528711 
## 
## Number of Observations: 463
## Number of Groups: 94
VarCorr(ch6mod4)
## profnumber = pdLogChol(1) 
##             Variance  StdDev   
## (Intercept) 0.1387079 0.3724351
## Residual    0.1704768 0.4128884
intervals(ch6mod4)
## Approximate 95% confidence intervals
## 
##  Fixed effects:
##                   lower      est.     upper
## (Intercept) 3.852020169 3.9389267 4.0258332
## beauty      0.008664826 0.1156633 0.2226618
## attr(,"label")
## [1] "Fixed effects:"
## 
##  Random Effects:
##   Level: profnumber 
##                     lower      est.     upper
## sd((Intercept)) 0.3060464 0.3724351 0.4532252
## 
##  Within-group standard error:
##     lower      est.     upper 
## 0.3840295 0.4128884 0.4439161
The output above provides the results in Table 6.4 and the 95% CI reported in the text for the attractiveness fixed effect.

Model with both a Level 1 predictor and a Level 2 predictor
Specify and estimate the model regressing course evaluation on both student GPA and instructor attractiveness. Here, the model has random intercepts only; at this point, random-slopes for the GPA effect make the model too complex:
ch6mod5 <- lme(eval ~ gpa + beauty, random =~ 1|profnumber, data=ch6data)
summary(ch6mod5)
## Linear mixed-effects model fit by REML
##  Data: ch6data 
##        AIC      BIC    logLik
##   588.8225 609.4787 -289.4113
## 
## Random effects:
##  Formula: ~1 | profnumber
##         (Intercept)  Residual
## StdDev:   0.3052452 0.3909349
## 
## Fixed effects: eval ~ gpa + beauty 
##                Value Std.Error  DF  t-value p-value
## (Intercept) 3.548371 0.0584971 368 60.65893  0.0000
## gpa         0.171004 0.0193356 368  8.84401  0.0000
## beauty      0.120158 0.0458447  92  2.62099  0.0103
##  Correlation: 
##        (Intr) gpa   
## gpa    -0.767       
## beauty  0.011  0.008
## 
## Standardized Within-Group Residuals:
##         Min          Q1         Med          Q3         Max 
## -3.62813410 -0.60718030  0.07484621  0.63079619  2.81154857 
## 
## Number of Observations: 463
## Number of Groups: 94
VarCorr(ch6mod5)
## profnumber = pdLogChol(1) 
##             Variance   StdDev   
## (Intercept) 0.09317462 0.3052452
## Residual    0.15283012 0.3909349
intervals(ch6mod5)
## Approximate 95% confidence intervals
## 
##  Fixed effects:
##                  lower      est.     upper
## (Intercept) 3.43334081 3.5483713 3.6634018
## gpa         0.13298221 0.1710043 0.2090265
## beauty      0.02910695 0.1201585 0.2112100
## attr(,"label")
## [1] "Fixed effects:"
## 
##  Random Effects:
##   Level: profnumber 
##                    lower      est.     upper
## sd((Intercept)) 0.245629 0.3052452 0.3793307
## 
##  Within-group standard error:
##     lower      est.     upper 
## 0.3634258 0.3909349 0.4205263
The output above provides the results in Table 6.5 and the 95% CIs reported in the text.

Distinguishing Within-Cluster Effect from Between-Clusters Effect
The function below can be used to cluster-mean center a Level 1 variable:
cluster.center <- function(var,grp) {
  return(var-tapply(var,grp,mean,na.rm=T)[grp])
}
Then you can use this function to create a new variable, here called 'gpawc', which is the cluster-mean centered version of the original 'gpa' variable:
gpawc <- cluster.center(ch6data$gpa,ch6data$profnumber)
The function below can be used to create the Level 2 cluster means from a Level 1 variable:
cluster.means <- function(var,grp) {
  return(tapply(var,grp,mean,na.rm=T)[grp])
}
Then you can use this function to create a new Level 2 variable, here called 'gpameans', which is the mean GPA for each instructor:
gpameans <- cluster.means(ch6data$gpa,ch6data$profnumber)
Now we can use the variables created above to specify and estimate the random-intercepts model for separate within-cluster, Level 1 GPA effect and between-clusters, Level 2 GPA effect:
ch6mod6 <- lme(eval ~ gpawc + gpameans, random =~ 1|profnumber, data=ch6data)
summary(ch6mod6)
## Linear mixed-effects model fit by REML
##  Data: ch6data 
##        AIC      BIC    logLik
##   581.0231 601.6792 -285.5115
## 
## Random effects:
##  Formula: ~1 | profnumber
##         (Intercept)  Residual
## StdDev:    0.287462 0.3910561
## 
## Fixed effects: eval ~ gpawc + gpameans 
##                 Value  Std.Error  DF   t-value p-value
## (Intercept) 3.1247453 0.12180587 368 25.653486       0
## gpawc       0.1417203 0.02082696 368  6.804658       0
## gpameans    0.3531108 0.05010552  92  7.047343       0
##  Correlation: 
##          (Intr) gpawc 
## gpawc     0.000       
## gpameans -0.955  0.000
## 
## Standardized Within-Group Residuals:
##         Min          Q1         Med          Q3         Max 
## -3.88158563 -0.58753636  0.05950425  0.59366564  2.73495983 
## 
## Number of Observations: 463
## Number of Groups: 94
The output above gives the results in Table 6.7. Specifically, the fixed-effect estimate for 'gpawc' corresponds to the Level 1 GPA effect and the estimate for 'gpameans' corresponds to the Level 2 GPA effect.
As before, we can obtain more complete random-effects estimates and confidence intervals with
VarCorr(ch6mod6)
## profnumber = pdLogChol(1) 
##             Variance   StdDev   
## (Intercept) 0.08263438 0.2874620
## Residual    0.15292486 0.3910561
intervals(ch6mod6)
## Approximate 95% confidence intervals
## 
##  Fixed effects:
##                 lower      est.     upper
## (Intercept) 2.8852224 3.1247453 3.3642682
## gpawc       0.1007655 0.1417203 0.1826751
## gpameans    0.2535969 0.3531108 0.4526247
## attr(,"label")
## [1] "Fixed effects:"
## 
##  Random Effects:
##   Level: profnumber 
##                     lower     est.     upper
## sd((Intercept)) 0.2298254 0.287462 0.3595528
## 
##  Within-group standard error:
##     lower      est.     upper 
## 0.3635677 0.3910561 0.4206228
Alternative approach
Equivalent results can be obtained using the original, un-centered GPA variable along with the Level GPA cluster means as predictors of course evaluation:
ch6mod7 <- lme(eval ~ gpa + gpameans, random =~ 1|profnumber, data=ch6data)
summary(ch6mod7)
## Linear mixed-effects model fit by REML
##  Data: ch6data 
##        AIC      BIC    logLik
##   581.0231 601.6792 -285.5115
## 
## Random effects:
##  Formula: ~1 | profnumber
##         (Intercept)  Residual
## StdDev:    0.287462 0.3910561
## 
## Fixed effects: eval ~ gpa + gpameans 
##                 Value  Std.Error  DF   t-value p-value
## (Intercept) 3.1247453 0.12180588 368 25.653486   0e+00
## gpa         0.1417203 0.02082696 368  6.804658   0e+00
## gpameans    0.2113905 0.05426164  92  3.895763   2e-04
##  Correlation: 
##          (Intr) gpa   
## gpa       0.000       
## gpameans -0.882 -0.384
## 
## Standardized Within-Group Residuals:
##         Min          Q1         Med          Q3         Max 
## -3.88158562 -0.58753636  0.05950426  0.59366564  2.73495984 
## 
## Number of Observations: 463
## Number of Groups: 94
The output above gives the results in Table 6.8.

Revisiting the random-slopes model
Using the cluster-mean centered version of the Level 1 GPA variable leads to random-slopes model which converges easily:
ch6mod8 <- lme(eval ~ gpawc, random =~ gpawc|profnumber, data=ch6data)
summary(ch6mod8)
## Linear mixed-effects model fit by REML
##  Data: ch6data 
##        AIC      BIC    logLik
##   617.2965 642.0969 -302.6483
## 
## Random effects:
##  Formula: ~gpawc | profnumber
##  Structure: General positive-definite, Log-Cholesky parametrization
##             StdDev     Corr  
## (Intercept) 0.39151193 (Intr)
## gpawc       0.04834947 -0.261
## Residual    0.38614425       
## 
## Fixed effects: eval ~ gpawc 
##               Value  Std.Error  DF  t-value p-value
## (Intercept) 3.93249 0.04532837 368 86.75561       0
## gpawc       0.14195 0.02158205 368  6.57724       0
##  Correlation: 
##       (Intr)
## gpawc -0.057
## 
## Standardized Within-Group Residuals:
##         Min          Q1         Med          Q3         Max 
## -3.52531525 -0.58653173  0.09108411  0.58689827  2.70399008 
## 
## Number of Observations: 463
## Number of Groups: 94
VarCorr(ch6mod8)
## profnumber = pdLogChol(gpawc) 
##             Variance    StdDev     Corr  
## (Intercept) 0.153281592 0.39151193 (Intr)
## gpawc       0.002337671 0.04834947 -0.261
## Residual    0.149107382 0.38614425
The output above corresponds to the results in Table 6.10 and the random effects reported in the text. Notice that the estimated correlation between intercepts and slopes is -.26, as reported in the text.

Formal model comparisons
Here, the goal is to compare a random-intercepts model for the regression of course evaluation on student GPA with a random-slopes model.
But we need to make sure that the same student GPA variable is used in both models: Above, the random-slopes model was estimated using the cluster-mean centered GPA variable ('ch6mod8'). So we need to re-estimate the random intercepts model (previously 'ch6mod2') using the cluster-mean centered GPA variable:
ch6mod2r <- lme(eval ~ gpawc, random =~ 1|profnumber, data=ch6data)
The 'anova' function in R can be used to compare any two parametric models which are formally nested.
The significance test output by 'anova' will be a traditional F-test in the case of comparing OLS regression models (i.e., hierarchical regression; see Chapter 2), but the output test is a likelihood ratio test when the models being compared were estimated using maximum likelihood (such as with MLM).
Thus, the function name 'anova' is a misnomer in that the function is more general than just a function for traditional analysis-of-variance-type model comparisons based on F-tests.
Below, we use 'anova' to compare the random-intercepts model for the GPA effect ('ch6mod2') with the random-slopes model for the GPA effect:
anova(ch6mod2r, ch6mod8)
##          Model df      AIC      BIC    logLik   Test   L.Ratio p-value
## ch6mod2r     1  4 613.7991 630.3327 -302.8995                         
## ch6mod8      2  6 617.2965 642.0969 -302.6483 1 vs 2 0.5025514  0.7778
In the output above, the value under 'L.Ratio' corresponds to the value of the chi-square statistic reported in Chapter 6.
The degrees of freedom for this chi-square test can be discerned by subtracting the df value of Model 2 ('df' = 6) from the df of Model 1 ('df' = 4), leading to the chi-square distribution used to obtain the reported p-value (0.7778).
Likewise, the AIC and BIC values in the output above correspond to those reported in Chapter 6.

Cross-level interactions
Specify and estimate the random-slopes model including Level 1 predictor (student GPA), Level 2 predictor (instructor attractiveness), and their interaction.
As explained in Chapter 6, it is important for this model also to include the means of the Level 1 variable (GPA means) as a Level 2 predictor (along with its interaction with the other Level 2 predictor, instructor attractiveness):
#ch6mod9 <- lme(eval ~ gpa + beauty + gpameans + beauty*gpa + beauty*gpameans,
 #              random =~ gpa|profnumber, data=ch6data)
Unfortunately, this model does not converge.
The code below re-estimates the model using a different optimization procedure for the estimation algorithm:
ctrl <- lmeControl(opt='optim')
ch6mod9 <- lme(eval ~ gpa + beauty + gpameans + beauty*gpa + beauty*gpameans,
               random =~ gpa|profnumber, data=ch6data, control=ctrl)
Now the model converges. Check the results:
summary(ch6mod9)
## Linear mixed-effects model fit by REML
##  Data: ch6data 
##        AIC      BIC    logLik
##   594.8285 636.0753 -287.4142
## 
## Random effects:
##  Formula: ~gpa | profnumber
##  Structure: General positive-definite, Log-Cholesky parametrization
##             StdDev     Corr  
## (Intercept) 0.26599650 (Intr)
## gpa         0.02718371 -0.107
## Residual    0.39105990       
## 
## Fixed effects: eval ~ gpa + beauty + gpameans + beauty * gpa + beauty * gpameans 
##                      Value  Std.Error  DF   t-value p-value
## (Intercept)      3.0891202 0.11793499 367 26.193416  0.0000
## gpa              0.1396878 0.02172327 367  6.430328  0.0000
## beauty           0.2846074 0.12338076  90  2.306741  0.0234
## gpameans         0.2307638 0.05314791  90  4.341916  0.0000
## gpa:beauty      -0.0031953 0.02578674 367 -0.123912  0.9015
## beauty:gpameans -0.0700242 0.05886981  90 -1.189475  0.2374
##  Correlation: 
##                 (Intr) gpa    beauty gpamns gp:bty
## gpa             -0.001                            
## beauty          -0.160  0.000                     
## gpameans        -0.875 -0.403  0.150              
## gpa:beauty       0.000  0.226 -0.002 -0.092       
## beauty:gpameans  0.151 -0.099 -0.848 -0.098 -0.432
## 
## Standardized Within-Group Residuals:
##         Min          Q1         Med          Q3         Max 
## -3.86837894 -0.60509344  0.05696247  0.61255298  2.83029609 
## 
## Number of Observations: 463
## Number of Groups: 94
VarCorr(ch6mod9)
## profnumber = pdLogChol(gpa) 
##             Variance     StdDev     Corr  
## (Intercept) 0.0707541382 0.26599650 (Intr)
## gpa         0.0007389541 0.02718371 -0.107
## Residual    0.1529278437 0.39105990
The output above corresponds to the results presented in Table 6.11.

Assumption Checking for MLM
As presented in Chapter 6, return to the random-intercepts model with separate within- and between-clusters effect for student GPA ('ch6mod6').
To reproduce Figure 6.7, we first extract the estimated cluster-specific coefficients from this model:
Level2 <- coef(ch6mod6, augFrame=T)
The code above creates a new data frame with one row for each cluster (i.e., each instructor) and the first three columns corresponding to the estimated coefficients from the 'ch6mod6' model.
Take a look at the first six rows of this new data frame, which correspond to the first six instructors (i.e., clusters):
head(Level2)
##   (Intercept)     gpawc  gpameans     eval     beauty female age minority
## 1    3.063473 0.1417203 0.3531108 4.000000  0.2015666      1  36        1
## 2    2.788520 0.1417203 0.3531108 3.533333 -0.8260813      0  59        0
## 3    3.013989 0.1417203 0.3531108 3.450000 -0.6603327      0  51        0
## 4    3.277193 0.1417203 0.3531108 4.012500 -0.7663125      1  40        0
## 5    3.030259 0.1417203 0.3531108 4.350000  1.4214450      1  31        0
## 6    3.407214 0.1417203 0.3531108 4.442857  0.5002196      0  62        0
##   tenured      gpa
## 1       0 2.732500
## 2       1 2.696667
## 3       1 1.525000
## 4       1 1.982500
## 5       0 3.820000
## 6       1 2.721429
Notice that each instructor has her own value for the intercept, but the 'gpawc' value is constant (becuase the effect of 'gpawc' on evaluation is constant in 'ch6mod6', i.e., the model is not a random-slopes model) and the 'gpameans' effect is constant (because 'gpameans' is a Level 2, instructor-level variable).
The remaining columns give the within-cluster (instructor-level) means of the variables that were Level 1 (student-level) variables, which are 'eval' and 'gpa', and the values of the Level 2 (instructor-level) variables.
Now we can use the intercept values from this Level 2 (instructor-level) data frame to plot these random intercepts against the instructor attractiveness variable, as shown in Figure 6.7:
library(car)
scatterplot(Level2[,1] ~ Level2$beauty, smooth=F, boxplots=F, col="black", 
            xlab="Instructor attractiveness", ylab="Random intercepts")
[image: ch6_files/figure-docx/unnamed-chunk-37-1.png]
Next, reproduce Figure 6.8, showing the distribution of the Level 1 residuals from the random-intercepts model:
multi.hist(resid(ch6mod6), main='', dlty=c("solid", "dashed"))
[image: ch6_files/figure-docx/unnamed-chunk-38-1.png]
Figure 6.9 is based on the model with instructor attrativeness added as a Level 2 predictor of random-intercepts for the within-cluster regressions of course evaluation on student GPA ('ch6mod5'). But 'ch6mod5' did not disentangle the within-cluster effect of student GPA from the between-cluster effect, so we need to re-estimate that model:
ch6mod5r <- lme(eval ~ gpa + gpameans + beauty, random =~ 1|profnumber, data=ch6data)
Again, we need to create new instructor-level data frame including the intercept estimates from ch6mod5r:
Level2b <- coef(ch6mod5r, augFrame=T)
Next, calculate intercept residuals (difference between each instructor's mean course evaluation and her intercept, or predicted mean, from the random-intercepts model):
evalJ <- tapply(ch6data$eval, ch6data$profnumber, mean)
intresid <- evalJ - Level2b[,1]
And finally plot the Level 2 residuals against the Level 2 predictor to reproduce Figure 6.9:
plot(intresid~Level2$beauty, ylab="Random intercept residuals", xlab="Instructor attractiveness")
[image: ch6_files/figure-docx/unnamed-chunk-42-1.png]
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