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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 ‘alcuse.txt’ file for the adolescent alcohol use example:
#setwd()
ch11dat <- read.table("alcuse.txt", header=F)
colnames(ch11dat) <- c('id','gender','coa','alc_11','alc_12','alc_13','alc_14',
                       'alc_15')
Keep in mind that this data file is in the wide format described in Chapter 11.

Again, one should inspect descriptive stats and some graphs before fitting models.
The 'describe' function of the 'psych' package can be used to produce the results in Table 11.1. Below, descriptive stats are obtained for the heavy alcohol use variables ('alc_11' to 'alc_15' correspond to the 4th through 8th columns of the data) rather than all variables in the dataset:
library(psych)
describe(ch11dat[,4:8])
##        vars   n mean   sd median trimmed  mad min  max range skew kurtosis
## alc_11    1  70 0.04 0.15   0.00    0.00 0.00   0 0.97  0.97 4.31    20.75
## alc_12    2 150 0.11 0.35   0.00    0.02 0.00   0 2.88  2.88 4.80    28.46
## alc_13    3 246 0.19 0.44   0.00    0.07 0.00   0 2.66  2.66 3.16    11.13
## alc_14    4 271 0.44 0.85   0.00    0.23 0.00   0 6.00  6.00 3.23    12.66
## alc_15    5 185 0.82 1.18   0.47    0.56 0.69   0 5.50  5.50 1.87     3.20
Notice that the N varies substantially due to missing data patterns.
The output above gives descriptive stats for the whole sample. The 'describeBy' function can be used to get descriptive stats separately for the control ('coa'= 0) and COA ('coa' = 1) groups also shown in Table 11.1:
describeBy(ch11dat[,4:8], group=ch11dat$coa)
## $`0`
##        vars   n mean   sd median trimmed mad min  max range skew kurtosis
## alc_11    1  32 0.07 0.20      0    0.02   0   0 0.97  0.97 3.26    10.93
## alc_12    2  69 0.08 0.23      0    0.02   0   0 1.22  1.22 2.97     8.98
## alc_13    3 112 0.09 0.24      0    0.02   0   0 1.44  1.44 3.22    11.24
## alc_14    4 125 0.17 0.34      0    0.08   0   0 1.44  1.44 2.18     4.25
## alc_15    5  83 0.36 0.58      0    0.24   0   0 2.19  2.19 1.56     1.31
## 
## $`1`
##        vars   n mean   sd median trimmed  mad min  max range skew kurtosis
## alc_11    1  38 0.02 0.09   0.00    0.00 0.00   0 0.47  0.47 4.39    18.87
## alc_12    2  81 0.13 0.43   0.00    0.03 0.00   0 2.88  2.88 4.37    21.40
## alc_13    3 134 0.27 0.54   0.00    0.14 0.00   0 2.66  2.66 2.51     6.26
## alc_14    4 146 0.67 1.06   0.25    0.42 0.37   0 6.00  6.00 2.42     6.41
## alc_15    5 102 1.19 1.40   0.48    0.93 0.72   0 5.50  5.50 1.30     0.81
## 
The plot in Figure 11.1 was based on an illustrative subset of n = 6 participants from the larger dataset. For convenience, the data for these 6 cases is saved in a separate file:
n6subset <- read.csv("alcuseN6.csv", header=T)
Figure 11.1 was created using the 'ggplot2' package for R. The syntax to reproduce the figure is rather convoluted but it is given below for those who are interested. An easier way to get subject-specific trajectory plots is described following this ggplot2 reproduction of Figure 11.1:
library(ggplot2)
ggplot(n6subset, aes(Age, Alc.use))+geom_point()+
  facet_wrap(~id)+stat_smooth(method=lm, se=F, color="black")+
  ylab("Alcohol use")+xlab("Age")+theme_bw()+
  theme(panel.border = element_blank(), panel.grid.major = element_blank(), 
        panel.grid.minor = element_blank(), axis.line = element_line(colour = "black"))+
  scale_x_continuous(breaks=seq(13, 15, 1))
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Rather than explaining the ggplot2 syntax above, an alternative way to get subject-specific plots is presented below.
This method uses the 'OLScurve' package, which requires a wide-format data frame, but the 'n6subset' data frame used above is in a long format. The distinction between wide- and long-formatted longitudinal datasets is explained in Chapter 11 (around Table 11.2).
Therefore, the code below uses the 'reshape’ function from the 'reshape2' package to convert the long 'n6subset' data frame into a wide data frame called 'n6wide':
library(reshape2)
n6wide <- reshape(n6subset, idvar = "id", timevar = "Age", direction = "wide")
After loading the 'OLScurve' package, one specifies a model for a wide-formatted data frame using the 'OLScurve' function. Below, a linear trajectory model is specified simply by indicating a first-order effect of 'time' on the right-hand side of the tilde '~' operator (note that 'time' is not actually a variable in the data frame). Also notice that the model is fitted to the 'n6wide' data frame, but with the column containing the 'id' variable (i.e., column 1) removed:
library(OLScurve)
modForPlot <- OLScurve(~ time, data=n6wide[,-1])
Then, the subject specific plots are created using the 'subjplot' function with the model specified above as its argument. The 'prompt=F' argument is used so that the function simply displays all of the indvidual plots at once. When there are many individual plots to display, it may be better to leave 'prompt' set to 'TRUE' so that you can see differnt subsets of plots one-at-a-time. Finally, the 'layout' argument is used to specify that the individual plots be put in a grid with 2 rows and 3 columns (to mimic Figure 11.1):
subjplot(modForPlot, prompt=F, layout=c(3,2))
[image: ch11_files/figure-docx/unnamed-chunk-8-1.png]
Above, we can see that the individual plots for the first three cases were put on the bottom row and cases 4-6 are on the top row.
The shading in the plots above gives a 95% confidence envelope around the individually fitted OLS regression lines. Because each case has only three observations, these confidence envelopes are very wide, except for case 2 whose three observed values are very closely aligned with a straight line trajectory (i.e., the residuals for case 2 are very close to zero).

GCMs for linear change using SEM
Unconditional linear GCM: Model specification and estimation
Again, the latent variable models of this chapter can be estimated using the 'lavaan' package, which was introduced in the R document for Chapter 9 and used further in Chapter 10.
library(lavaan)
The unconditional linear GCM for alcohol use from age 13 to age 15 is specified much like the specification of a CFA model, except parameter constraints are used to define the intercept and slope factors. As explained in the chapter, the factor loading of each observed variable is fixed = 1 for the intercept factor, whereas the slope factor loadings are fixed as increasing integer values according to the passage of time (i.e., one-year increments):
alcoholMod1 <- '
              int =~ 1*alc_13 + 1*alc_14 + 1*alc_15
              slope =~ 0*alc_13 + 1*alc_14 + 2*alc_15
             '
Next, although it is possible to estimate the GCM using the 'sem' function that was used in Chapter 10, the 'growth' function is more convenient largely because the mean structure portion of the model will be included automatically.
Additionally, as was explained in the R documentation for Chapter 10, here the MLR estimator is used to obtain robust model fit stats and standard errors. Furthermore, the direct maximum likelihood procedure is invoked to handle the large amounts of missing data in the 'ch11dat' data frame (the 'missing="direct"' argument below does the same thing as the 'missing="FIML"' argument shown for Chapter 10):
alcohol1MLR <- growth(alcoholMod1, data=ch11dat, estimator="MLR", missing='direct')
Then, the 'summary' method is used to display the main results, as in earlier chapters:
summary(alcohol1MLR, fit.measures=T, standardized=T)
## lavaan (0.5-23.1097) converged normally after  26 iterations
## 
##                                                   Used       Total
##   Number of observations                           352         355
## 
##   Number of missing patterns                         6
## 
##   Estimator                                         ML      Robust
##   Minimum Function Test Statistic                3.058       3.284
##   Degrees of freedom                                 1           1
##   P-value (Chi-square)                           0.080       0.070
##   Scaling correction factor                                  0.931
##     for the Yuan-Bentler correction
## 
## Model test baseline model:
## 
##   Minimum Function Test Statistic              129.493      29.854
##   Degrees of freedom                                 3           3
##   P-value                                        0.000       0.000
## 
## User model versus baseline model:
## 
##   Comparative Fit Index (CFI)                    0.984       0.915
##   Tucker-Lewis Index (TLI)                       0.951       0.745
## 
##   Robust Comparative Fit Index (CFI)                         0.982
##   Robust Tucker-Lewis Index (TLI)                            0.945
## 
## Loglikelihood and Information Criteria:
## 
##   Loglikelihood user model (H0)               -716.373    -716.373
##   Scaling correction factor                                  3.966
##     for the MLR correction
##   Loglikelihood unrestricted model (H1)       -714.844    -714.844
##   Scaling correction factor                                  3.628
##     for the MLR correction
## 
##   Number of free parameters                          8           8
##   Akaike (AIC)                                1448.745    1448.745
##   Bayesian (BIC)                              1479.654    1479.654
##   Sample-size adjusted Bayesian (BIC)         1454.275    1454.275
## 
## Root Mean Square Error of Approximation:
## 
##   RMSEA                                          0.076       0.081
##   90 Percent Confidence Interval          0.000  0.181       0.000  0.000
##   P-value RMSEA <= 0.05                          0.212       0.195
## 
##   Robust RMSEA                                               0.078
##   90 Percent Confidence Interval                             0.000  0.000
## 
## Standardized Root Mean Square Residual:
## 
##   SRMR                                           0.025       0.025
## 
## Parameter Estimates:
## 
##   Information                                 Observed
##   Standard Errors                   Robust.huber.white
## 
## Latent Variables:
##                    Estimate  Std.Err  z-value  P(>|z|)   Std.lv  Std.all
##   int =~                                                                
##     alc_13            1.000                               0.453    0.984
##     alc_14            1.000                               0.453    0.533
##     alc_15            1.000                               0.453    0.379
##   slope =~                                                              
##     alc_13            0.000                               0.000    0.000
##     alc_14            1.000                               0.418    0.493
##     alc_15            2.000                               0.836    0.700
## 
## Covariances:
##                    Estimate  Std.Err  z-value  P(>|z|)   Std.lv  Std.all
##   int ~~                                                                
##     slope             0.022    0.092    0.237    0.813    0.115    0.115
## 
## Intercepts:
##                    Estimate  Std.Err  z-value  P(>|z|)   Std.lv  Std.all
##    .alc_13            0.000                               0.000    0.000
##    .alc_14            0.000                               0.000    0.000
##    .alc_15            0.000                               0.000    0.000
##     int               0.202    0.030    6.646    0.000    0.445    0.445
##     slope             0.271    0.039    7.019    0.000    0.649    0.649
## 
## Variances:
##                    Estimate  Std.Err  z-value  P(>|z|)   Std.lv  Std.all
##    .alc_13            0.007    0.133    0.051    0.960    0.007    0.032
##    .alc_14            0.297    0.096    3.107    0.002    0.297    0.413
##    .alc_15            0.435    0.267    1.628    0.104    0.435    0.305
##     int               0.205    0.140    1.468    0.142    1.000    1.000
##     slope             0.175    0.100    1.755    0.079    1.000    1.000
In the output above, the robust fit stats match those reported in Chapter 11. The unstandardized parameter estimates (and corresponding standard errors and Z tests) match those reported in Table 11.4 and described in the text. It is important to recognize that the "intercept" estimates for the intercept and slope growth factors are in fact the factor means because this is an unconditional GCM.
In general, standardized estimates should not be reported or interpreted for GCMs. The exception is for any covariance estimate, because a completely standardized covariance is in the correlation metric. For instance, above we see that the correlation between the intercept and slope factors = .115, which is the standardized covariance between the two growth factors.

Coding time to change the trajectory intercept
As described in Chapter 11, the trajectory intercept factor represents alcohol use at age 15 rather than age 13 if the slope factor loadings are recoded as follows (model estimation remains the same):
alcoholMod2 <- '
              int =~ 1*alc_13 + 1*alc_14 + 1*alc_15
              slope =~ -2*alc_13 + -1*alc_14 + 0*alc_15
             '
alcohol2MLR <- growth(alcoholMod2, data=ch11dat, estimator="MLR", missing='direct')
summary(alcohol2MLR, fit.measures=T, standardized=T)
## lavaan (0.5-23.1097) converged normally after  25 iterations
## 
##                                                   Used       Total
##   Number of observations                           352         355
## 
##   Number of missing patterns                         6
## 
##   Estimator                                         ML      Robust
##   Minimum Function Test Statistic                3.058       3.284
##   Degrees of freedom                                 1           1
##   P-value (Chi-square)                           0.080       0.070
##   Scaling correction factor                                  0.931
##     for the Yuan-Bentler correction
## 
## Model test baseline model:
## 
##   Minimum Function Test Statistic              129.493      29.854
##   Degrees of freedom                                 3           3
##   P-value                                        0.000       0.000
## 
## User model versus baseline model:
## 
##   Comparative Fit Index (CFI)                    0.984       0.915
##   Tucker-Lewis Index (TLI)                       0.951       0.745
## 
##   Robust Comparative Fit Index (CFI)                         0.982
##   Robust Tucker-Lewis Index (TLI)                            0.945
## 
## Loglikelihood and Information Criteria:
## 
##   Loglikelihood user model (H0)               -716.373    -716.373
##   Scaling correction factor                                  3.966
##     for the MLR correction
##   Loglikelihood unrestricted model (H1)       -714.844    -714.844
##   Scaling correction factor                                  3.628
##     for the MLR correction
## 
##   Number of free parameters                          8           8
##   Akaike (AIC)                                1448.745    1448.745
##   Bayesian (BIC)                              1479.654    1479.654
##   Sample-size adjusted Bayesian (BIC)         1454.275    1454.275
## 
## Root Mean Square Error of Approximation:
## 
##   RMSEA                                          0.076       0.081
##   90 Percent Confidence Interval          0.000  0.181       0.000  0.000
##   P-value RMSEA <= 0.05                          0.212       0.195
## 
##   Robust RMSEA                                               0.078
##   90 Percent Confidence Interval                             0.000  0.000
## 
## Standardized Root Mean Square Residual:
## 
##   SRMR                                           0.025       0.025
## 
## Parameter Estimates:
## 
##   Information                                 Observed
##   Standard Errors                   Robust.huber.white
## 
## Latent Variables:
##                    Estimate  Std.Err  z-value  P(>|z|)   Std.lv  Std.all
##   int =~                                                                
##     alc_13            1.000                               0.996    2.164
##     alc_14            1.000                               0.996    1.173
##     alc_15            1.000                               0.996    0.834
##   slope =~                                                              
##     alc_13           -2.000                              -0.836   -1.818
##     alc_14           -1.000                              -0.418   -0.493
##     alc_15            0.000                               0.000    0.000
## 
## Covariances:
##                    Estimate  Std.Err  z-value  P(>|z|)   Std.lv  Std.all
##   int ~~                                                                
##     slope             0.372    0.151    2.459    0.014    0.892    0.892
## 
## Intercepts:
##                    Estimate  Std.Err  z-value  P(>|z|)   Std.lv  Std.all
##    .alc_13            0.000                               0.000    0.000
##    .alc_14            0.000                               0.000    0.000
##    .alc_15            0.000                               0.000    0.000
##     int               0.744    0.079    9.481    0.000    0.747    0.747
##     slope             0.271    0.039    7.019    0.000    0.649    0.649
## 
## Variances:
##                    Estimate  Std.Err  z-value  P(>|z|)   Std.lv  Std.all
##    .alc_13            0.007    0.133    0.051    0.960    0.007    0.032
##    .alc_14            0.297    0.096    3.107    0.002    0.297    0.413
##    .alc_15            0.435    0.267    1.628    0.104    0.435    0.305
##     int               0.992    0.301    3.292    0.001    1.000    1.000
##     slope             0.175    0.100    1.755    0.079    1.000    1.000
As reported in Chapter 11, the model fit statistics are identical to those obtained earlier. The parameter estimates above correspond with those reported in Table 11.6.

Conditional linear growth model
The unconditional linear GCM specified above is easily modified to regress the growth factors on gender and parental alcoholism (i.e., COA vs. controls):
alcoholMod3 <- '
              int =~ 1*alc_13 + 1*alc_14 + 1*alc_15
              slope =~ 0*alc_13 + 1*alc_14 + 2*alc_15
              int ~ coa + gender
              slope ~ coa + gender
             '
Then the 'growth' function can again be used for model estimation:
alcohol3MLR <- growth(alcoholMod3, data=ch11dat, estimator="MLR", missing='direct')
summary(alcohol3MLR, fit.measures=T, standardized=T)
## lavaan (0.5-23.1097) converged normally after  28 iterations
## 
##   Number of observations                           355
## 
##   Number of missing patterns                         7
## 
##   Estimator                                         ML      Robust
##   Minimum Function Test Statistic                5.728       7.216
##   Degrees of freedom                                 3           3
##   P-value (Chi-square)                           0.126       0.065
##   Scaling correction factor                                  0.794
##     for the Yuan-Bentler correction
## 
## Model test baseline model:
## 
##   Minimum Function Test Statistic              172.748      91.145
##   Degrees of freedom                                 9           9
##   P-value                                        0.000       0.000
## 
## User model versus baseline model:
## 
##   Comparative Fit Index (CFI)                    0.983       0.949
##   Tucker-Lewis Index (TLI)                       0.950       0.846
## 
##   Robust Comparative Fit Index (CFI)                         0.979
##   Robust Tucker-Lewis Index (TLI)                            0.936
## 
## Loglikelihood and Information Criteria:
## 
##   Loglikelihood user model (H0)              -1208.903   -1208.903
##   Scaling correction factor                                  2.860
##     for the MLR correction
##   Loglikelihood unrestricted model (H1)      -1206.039   -1206.039
##   Scaling correction factor                                  2.447
##     for the MLR correction
## 
##   Number of free parameters                         12          12
##   Akaike (AIC)                                2441.806    2441.806
##   Bayesian (BIC)                              2488.271    2488.271
##   Sample-size adjusted Bayesian (BIC)         2450.202    2450.202
## 
## Root Mean Square Error of Approximation:
## 
##   RMSEA                                          0.051       0.063
##   90 Percent Confidence Interval          0.000  0.113       0.000  0.131
##   P-value RMSEA <= 0.05                          0.406       0.290
## 
##   Robust RMSEA                                               0.056
##   90 Percent Confidence Interval                             0.000  0.110
## 
## Standardized Root Mean Square Residual:
## 
##   SRMR                                           0.023       0.023
## 
## Parameter Estimates:
## 
##   Information                                 Observed
##   Standard Errors                   Robust.huber.white
## 
## Latent Variables:
##                    Estimate  Std.Err  z-value  P(>|z|)   Std.lv  Std.all
##   int =~                                                                
##     alc_13            1.000                               0.459    0.999
##     alc_14            1.000                               0.459    0.540
##     alc_15            1.000                               0.459    0.386
##   slope =~                                                              
##     alc_13            0.000                               0.000    0.000
##     alc_14            1.000                               0.431    0.507
##     alc_15            2.000                               0.861    0.725
## 
## Regressions:
##                    Estimate  Std.Err  z-value  P(>|z|)   Std.lv  Std.all
##   int ~                                                                 
##     coa               0.206    0.054    3.840    0.000    0.449    0.224
##     gender           -0.083    0.053   -1.565    0.118   -0.180   -0.090
##   slope ~                                                               
##     coa               0.299    0.068    4.380    0.000    0.695    0.346
##     gender            0.036    0.067    0.538    0.591    0.084    0.042
## 
## Covariances:
##                    Estimate  Std.Err  z-value  P(>|z|)   Std.lv  Std.all
##  .int ~~                                                                
##    .slope            -0.002    0.090   -0.020    0.984   -0.010   -0.010
## 
## Intercepts:
##                    Estimate  Std.Err  z-value  P(>|z|)   Std.lv  Std.all
##    .alc_13            0.000                               0.000    0.000
##    .alc_14            0.000                               0.000    0.000
##    .alc_15            0.000                               0.000    0.000
##    .int               0.217    0.087    2.498    0.012    0.472    0.472
##    .slope             0.057    0.106    0.535    0.592    0.132    0.132
## 
## Variances:
##                    Estimate  Std.Err  z-value  P(>|z|)   Std.lv  Std.all
##    .alc_13            0.000    0.131    0.003    0.997    0.000    0.002
##    .alc_14            0.300    0.091    3.307    0.001    0.300    0.416
##    .alc_15            0.408    0.244    1.671    0.095    0.408    0.289
##    .int               0.198    0.136    1.462    0.144    0.940    0.940
##    .slope             0.163    0.092    1.767    0.077    0.880    0.880
The parameter estimates above match those in Table 11.7 and described in the text.

GCMs for non-linear change using SEM
Unconditional quadratic GCM
The unconditional quadratic GCM with time centered at age 11 is specified below. Notice that this model specification also restricts the residual variance for age 11 alcohol use to equal 0, consistent with the results reported in Chapter 11:
alcoholMod4 <- '
              int =~ 1*alc_11 + 1*alc_12 + 1*alc_13 + 1*alc_14 + 1*alc_15
              linear =~ 0*alc_11 + 1*alc_12 + 2*alc_13 + 3*alc_14 + 4*alc_15
              quad =~ 0*alc_11 + 1*alc_12 + 4*alc_13 + 9*alc_14 + 16*alc_15
              alc_11 ~~ 0*alc_11
              '
The results for the unconditional quadratic model reported in Chapter 11 were obtained using an earlier version of the lavaan package. Unfortunately, the estimation procedures of the current version of lavaan seem to be more strict (the large amount of missing data in the data frame is the culprit) and the non-linear models reported in Chapter 11 cannot be estimated. However, results can still be obtained using other SEM software (e.g., Mplus). The quadratic model can also be estimated using lavaan if the age 11 alcohol use variable is removed from the model.
#alcohol4MLR <- growth(alcoholMod4, data=ch11dat, estimator="MLR", missing='direct')
The unconditional quadratic model with time centered at age 13 rather than age 11 is specified below:
alcoholMod5 <- '
              int =~ 1*alc_11 + 1*alc_12 + 1*alc_13 + 1*alc_14 + 1*alc_15
              linear =~ -2*alc_11 + -1*alc_12 + 0*alc_13 + 1*alc_14 + 2*alc_15
              quad =~ 4*alc_11 + 1*alc_12 + 0*alc_13 + 1*alc_14 + 4*alc_15
              alc_11 ~~ 0*alc_11
              '

Unconditional piecewise linear model
The unconditional piecewise linear model, with one linear factor covering ages 11 to 13, another linear factor covering ages 13 to 15, and time centered at age 13, is specified below. As explained in Chapter 11, the age 11 residual variance is fixed to 0 and the covariance between the two slope factors is also fixed to 0:
alcoholMod6 <- '
              int =~ 1*alc_12 + 1*alc_13 + 1*alc_14 + 1*alc_15
              slope1 =~ -2*alc_12 + -1*alc_13 + 0*alc_14 + 0*alc_15
              slope2 =~ 0*alc_12 + 0*alc_13 + 1*alc_14 + 2*alc_15
              alc_11 ~~ 0*alc_11
              slope1 ~~ 0*slope2'
Yet again, unfortunately, the current version of lavaan can't handle this model (it is estimable with Mplus among other software):
#alcohol6MLR <- growth(alcoholMod6, data=ch11dat, estimator="MLR", missing="direct")

Conditional piecewise linear model
alcoholMod7 <- '
              int =~ 1*alc_12 + 1*alc_13 + 1*alc_14 + 1*alc_15
              slope1 =~ -2*alc_12 + -1*alc_13 + 0*alc_14 + 0*alc_15
              slope2 =~ 0*alc_12 + 0*alc_13 + 1*alc_14 + 2*alc_15
              alc_11 ~~ 0*alc_11
              slope1 ~~ 0*slope2
              int ~ gender + coa
              slope1 ~ gender + coa
              slope2 ~ gender + coa'

GCMs for linear change using MLM
Before growth curve models can be estimated in the MLM framework, first the alcohol use dataset needs to be re-arranged from the wide formate into a long format. The 'reshape' function from the 'reshape2' package can accomplish this task (keep in mind that it is essential for the original wide dataset to contain a participant ID variable):
ch11long <- reshape(ch11dat, 
        varying=c('alc_11','alc_12','alc_13','alc_14','alc_15'),
        v.names = c('alc'),
        timevar = 'age', 
        idvar = 'id',
        sep="_",
        direction='long')
To view the new data frame, it may be helpful to sort it according to the 'id' variable and then remove observations with missing values on the alcohol variable (keep in mind that given the log format, this does not mean removing participants from the data):
ch11long <- ch11long[order(ch11long$id),]
ch11long <- ch11long[complete.cases(ch11long),]
Now, the data frame looks a lot like the format presented in Table 11.3. However, the 'age' variable was automatically distorted (i.e., age_11 became age = 1, age_12 became age = 2, etc.). For the purpose of fitting the linear GCMs of alcohol use from age 13 to age 15, it is necessary to re-code this 'age' variable into a 'time' variable centered at age 13:
ch11long$time <- (ch11long$age-3)
Now the data are ready for growth curve models to be fit to them using MLM.

Unconditional linear GCM
Recall that the linear GCMs were fitted just to the data from age 13 to age 15. To do so, first create a new data frame that includes only these observations:
ch11long2 <- subset(ch11long, time >=0)
As in Chapter 6 which described fitting MLMs to cross-sectional, hierarchical data, the 'nlme' package can also be used to fit GCMs to longitudinal data using MLM:
library(nlme)
The code below uses the 'lme' function to specify and estimate the unconditional linear growth model, featuring both random intercepts and slopes for the effect of 'time' that vary across individuals. This command is very similar to that used in Chapter 6 for the random slopes model, except here the 'weights' argument is also included to allow the Level 1 (time-specific, within-person) residuals to vary across time, so that this MLM is equivalent to the SEM specification of the unconditional linear GCM given earlier:
alcoholMLM1 <- lme(alc ~ time, random =~ time | id,  weights = varIdent(form=~ 1|time), data=ch11long2, method='ML')
Analogous to Chapter 6, the results are then obtained using the 'summary' method as well as the 'VarCorr' function to get the random-effects variance estimates:
summary(alcoholMLM1)
## Linear mixed-effects model fit by maximum likelihood
##  Data: ch11long2 
##        AIC      BIC    logLik
##   1448.745 1485.177 -716.3727
## 
## Random effects:
##  Formula: ~time | id
##  Structure: General positive-definite, Log-Cholesky parametrization
##             StdDev    Corr  
## (Intercept) 0.4527961 (Intr)
## time        0.4182117 0.115 
## Residual    0.5454106       
## 
## Variance function:
##  Structure: Different standard deviations per stratum
##  Formula: ~1 | time 
##  Parameter estimates:
##         1         2         0 
## 1.0000000 1.2086867 0.1505051 
## Fixed effects: alc ~ time 
##                 Value  Std.Error  DF  t-value p-value
## (Intercept) 0.2016856 0.02782694 351 7.247853       0
## time        0.2713408 0.03555571 349 7.631425       0
##  Correlation: 
##      (Intr)
## time -0.12 
## 
## Standardized Within-Group Residuals:
##         Min          Q1         Med          Q3         Max 
## -4.10100076 -0.24913090 -0.07818086  0.09695514  4.18064595 
## 
## Number of Observations: 702
## Number of Groups: 352
VarCorr(alcoholMLM1)
## id = pdLogChol(time) 
##             Variance  StdDev    Corr  
## (Intercept) 0.2050243 0.4527961 (Intr)
## time        0.1749010 0.4182117 0.115 
## Residual    0.2974727 0.5454106
The output above corresponds closely to the results reported in Table 11.4, which were obtained using SEM. In particular, the fixed intercept estimate and the fixed 'time' estimate match the means of the latent intercept and slope factors. The standard errors of these fixed-effect estimates from MLM are similar to the standard errors of the latent growth factor means, but are not quite identical because robust standard errors were obtained in the SEM framework. Furthermore, the intercept and 'time' random-effect variance estimates (from the 'VarCorr' output) match the estimates of the variance of the latent intercept and slope factors. The association between the random intercepts and slopes is presented as a correlation rather than a covariance.

Recoding time to change the trajectory intercept
The model above was estimated with 'time' centered at age 13. We can instead center 'time' at age 15:
ch11long2$timer <- (ch11long2$time-2)
Now when the model above is estimated using 'timer', the intercept is different:
alcoholMLM2 <- lme(alc ~ timer, random =~ timer | id,  weights = varIdent(form=~ 1|timer), data=ch11long2, method='ML')

summary(alcoholMLM2)
## Linear mixed-effects model fit by maximum likelihood
##  Data: ch11long2 
##        AIC      BIC    logLik
##   1448.745 1485.177 -716.3727
## 
## Random effects:
##  Formula: ~timer | id
##  Structure: General positive-definite, Log-Cholesky parametrization
##             StdDev    Corr  
## (Intercept) 0.9959632 (Intr)
## timer       0.4182112 0.892 
## Residual    0.5454105       
## 
## Variance function:
##  Structure: Different standard deviations per stratum
##  Formula: ~1 | timer 
##  Parameter estimates:
##        -1         0        -2 
## 1.0000000 1.2086873 0.1505118 
## Fixed effects: alc ~ timer 
##                 Value  Std.Error  DF   t-value p-value
## (Intercept) 0.7443669 0.07317919 351 10.171839       0
## timer       0.2713407 0.03555571 349  7.631423       0
##  Correlation: 
##       (Intr)
## timer 0.926 
## 
## Standardized Within-Group Residuals:
##         Min          Q1         Med          Q3         Max 
## -4.10099972 -0.24913024 -0.07818440  0.09695586  4.18063657 
## 
## Number of Observations: 702
## Number of Groups: 352
VarCorr(alcoholMLM2)
## id = pdLogChol(timer) 
##             Variance  StdDev    Corr  
## (Intercept) 0.9919427 0.9959632 (Intr)
## timer       0.1749006 0.4182112 0.892 
## Residual    0.2974726 0.5454105
The output above is now consistent with the results reported in Table 11.6: The mean intercept is now 0.744 with slope variance = 0.992, but the mean slope remains = 0.271 with slope variance = 0.175.

Conditional linear growth model
It is straghtforward to extend the unconditional linear growth model to include the gender and COA effects. But, as explained in the chapter, regressing the random slopes on these predictors implies a cross-level interaction between the predictors and 'time':
alcoholMLM3 <- lme(alc ~ time + gender + coa + (time*gender) + (time*coa), random =~ time | id,  weights = varIdent(form=~ 1|time), data=ch11long2, method='ML')

summary(alcoholMLM3)
## Linear mixed-effects model fit by maximum likelihood
##  Data: ch11long2 
##        AIC      BIC    logLik
##   1416.161 1470.808 -696.0804
## 
## Random effects:
##  Formula: ~time | id
##  Structure: General positive-definite, Log-Cholesky parametrization
##             StdDev    Corr  
## (Intercept) 0.4452021 (Intr)
## time        0.4038398 -0.01 
## Residual    0.5479905       
## 
## Variance function:
##  Structure: Different standard deviations per stratum
##  Formula: ~1 | time 
##  Parameter estimates:
##          1          2          0 
## 1.00000000 1.16569364 0.03754223 
## Fixed effects: alc ~ time + gender + coa + (time * gender) + (time * coa) 
##                   Value  Std.Error  DF   t-value p-value
## (Intercept)  0.21661166 0.09425949 349  2.298035  0.0222
## time         0.05683124 0.11587850 347  0.490438  0.6241
## gender      -0.08279509 0.05463863 349 -1.515321  0.1306
## coa          0.20600778 0.05473124 349  3.763989  0.0002
## time:gender  0.03602756 0.06899617 347  0.522168  0.6019
## time:coa     0.29906608 0.06932425 347  4.314018  0.0000
##  Correlation: 
##             (Intr) time   gender coa    tm:gnd
## time        -0.177                            
## gender      -0.904  0.161                     
## coa         -0.359  0.067  0.049              
## time:gender  0.156 -0.896 -0.177 -0.007       
## time:coa     0.066 -0.318 -0.008 -0.179 -0.012
## 
## Standardized Within-Group Residuals:
##         Min          Q1         Med          Q3         Max 
## -4.19005548 -0.15296909 -0.02795971  0.02025567  4.38777922 
## 
## Number of Observations: 702
## Number of Groups: 352
VarCorr(alcoholMLM3)
## id = pdLogChol(time) 
##             Variance  StdDev    Corr  
## (Intercept) 0.1982049 0.4452021 (Intr)
## time        0.1630866 0.4038398 -0.01 
## Residual    0.3002936 0.5479905
The estimates above match those in Table 11.7 (but again, the standard error values are slightly different). Note that the 'time:gender' and 'time:coa' interaction estimates correspond to the coefficients for the effect of gender on the random slopes and the effect of COA on the random slopes, respectively.

GCMs for non-linear change using MLM
Again, the models for non-linear change are based on alcohol use from age 11 to age 15, so return to the previous 'ch11long' data frame. Based on already having run the corresponding code above, the 'time' variable is already centered at age 13.
Unconditional quadratic GCM
The quadratic GCM is easily specified by expanding the linear GCM to include the squared effect of time; otherwise, the call to the 'lme' function remains unchanged:
#alcoholMLM4 <- lme(alc ~ time + I(time*time), random =~ time + I(time*time) | id,  weights = varIdent(form=~ 1|time), data=ch11long, method='ML')
However, running the model above using the default estimation settings leads to non-convergence. As illustrated previously in Chapter 6, the model converges after the optimization is changed:
ctrl <- lmeControl(opt='optim')
alcoholMLM4 <- lme(alc ~ time + I(time*time), random =~ time + I(time*time) | id,  weights = varIdent(form=~ 1|time), data=ch11long, method='ML', control=ctrl)
summary(alcoholMLM4)
## Linear mixed-effects model fit by maximum likelihood
##  Data: ch11long 
##        AIC      BIC    logLik
##   1460.771 1528.343 -716.3856
## 
## Random effects:
##  Formula: ~time + I(time * time) | id
##  Structure: General positive-definite, Log-Cholesky parametrization
##                StdDev    Corr         
## (Intercept)    0.3949261 (Intr) time  
## time           0.2823296  0.548       
## I(time * time) 0.1086441 -0.149  0.707
## Residual       0.5594837              
## 
## Variance function:
##  Structure: Different standard deviations per stratum
##  Formula: ~1 | time 
##  Parameter estimates:
##          1          2          0         -1         -2 
## 1.00000000 0.94447972 0.39457525 0.46582518 0.02193164 
## Fixed effects: alc ~ time + I(time * time) 
##                     Value  Std.Error  DF  t-value p-value
## (Intercept)    0.21381910 0.02605550 565 8.206296       0
## time           0.17625680 0.01949284 565 9.042130       0
## I(time * time) 0.04677126 0.00994462 565 4.703172       0
##  Correlation: 
##                (Intr) time  
## time            0.302       
## I(time * time) -0.333  0.705
## 
## Standardized Within-Group Residuals:
##         Min          Q1         Med          Q3         Max 
## -3.92549332 -0.24416018 -0.09581533  0.09850414  6.40946983 
## 
## Number of Observations: 922
## Number of Groups: 355
VarCorr(alcoholMLM4)
## id = pdLogChol(time + I(time * time)) 
##                Variance   StdDev    Corr         
## (Intercept)    0.15596664 0.3949261 (Intr) time  
## time           0.07971002 0.2823296  0.548       
## I(time * time) 0.01180354 0.1086441 -0.149  0.707
## Residual       0.31302196 0.5594837
The fixed-effect estimates above match those reported in Table 11.8 for Time centered at age 13, with the intercpt fixed-effect value corresponding to the intercept factor mean, the 'time' fixed-effect value corresponding to the linear factor mean, and the I(time*time) fixed-effect value corresponding to the quadratic factor mean.
To estimate the quadratic model with time centered at age 11, we first need to recode 'time' once again:
ch11long$time <- (ch11long$age-1)
Then simply re-estimate the same model:
alcoholMLM5 <- lme(alc ~ time + I(time*time), random =~ time + I(time*time) | id,  weights = varIdent(form=~ 1|time), data=ch11long, method='ML', control=ctrl)
summary(alcoholMLM5)
## Linear mixed-effects model fit by maximum likelihood
##  Data: ch11long 
##        AIC      BIC    logLik
##   1460.492 1528.064 -716.2459
## 
## Random effects:
##  Formula: ~time + I(time * time) | id
##  Structure: General positive-definite, Log-Cholesky parametrization
##                StdDev    Corr         
## (Intercept)    0.1052605 (Intr) time  
## time           0.2804878  0.426       
## I(time * time) 0.1028487 -0.646 -0.721
## Residual       0.5550326              
## 
## Variance function:
##  Structure: Different standard deviations per stratum
##  Formula: ~1 | time 
##  Parameter estimates:
##         3         4         2         1         0 
## 1.0000000 0.9761125 0.3984553 0.4664434 0.1869079 
## Fixed effects: alc ~ time + I(time * time) 
##                      Value   Std.Error  DF   t-value p-value
## (Intercept)     0.04881717 0.017164494 565  2.844079  0.0046
## time           -0.01105301 0.029600795 565 -0.373403  0.7090
## I(time * time)  0.04682143 0.009965128 565  4.698528  0.0000
##  Correlation: 
##                (Intr) time  
## time           -0.412       
## I(time * time)  0.219 -0.884
## 
## Standardized Within-Group Residuals:
##         Min          Q1         Med          Q3         Max 
## -3.92801771 -0.24445604 -0.13384328  0.09219668  6.36037626 
## 
## Number of Observations: 922
## Number of Groups: 355
VarCorr(alcoholMLM5)
## id = pdLogChol(time + I(time * time)) 
##                Variance   StdDev    Corr         
## (Intercept)    0.01107978 0.1052605 (Intr) time  
## time           0.07867342 0.2804878  0.426       
## I(time * time) 0.01057786 0.1028487 -0.646 -0.721
## Residual       0.30806114 0.5550326
Now the fixed-effect estimates above match those reported in Table 11.8 for Time centered at age 11.

Unconditional pieceise linear GCM
To specify a piecewise linear GCM using MLM, first it is necessary to create two time variables, one corresponding to the first linear trajectory segment (called 't1' below) and the other corresponding to the second linear trajectory segment (called 't2' below).
One way to do so is to use the 'recode' function from the 'car' package. The commands below recode 'age' (which, recall, goes from 1 to 5 in the current data frame rather than 11 to 15) to create 't1', which covers ages 11 to 13, and 't2', which covers ages 13 to 15, consistent with the factor loading specifications depicted in Figure 11.8:
library(car)
ch11long$t1 <- recode(ch11long$age, "1=-2; 2=-1; else=0")
ch11long$t2 <- recode(ch11long$age, "4=1; 5=2; else=0")
Now the piecewise model is specified and estimated by regressing the alcohol outcome on 't1' and 't2' simultaneously (and again allowing the two slopes to vary randomly across participants):
alcoholMLM6 <- lme(alc ~ t1 + t2, random =~ t1 + t2 | id,  weights = varIdent(form=~ 1|time), data=ch11long, method='ML', control=ctrl)
## Warning in logLik.reStruct(object, conLin): Singular precision matrix in
## level -1, block 55
summary(alcoholMLM6)
## Linear mixed-effects model fit by maximum likelihood
##  Data: ch11long 
##      AIC      BIC    logLik
##   1459.4 1526.972 -715.7001
## 
## Random effects:
##  Formula: ~t1 + t2 | id
##  Structure: General positive-definite, Log-Cholesky parametrization
##             StdDev    Corr        
## (Intercept) 0.4257452 (Intr) t1   
## t1          0.2176922 0.940       
## t2          0.4207060 0.164  0.470
## Residual    0.5413561             
## 
## Variance function:
##  Structure: Different standard deviations per stratum
##  Formula: ~1 | time 
##  Parameter estimates:
##            3            4            2            1            0 
## 1.0000000000 1.2208262890 0.2877738732 0.5354989401 0.0001016346 
## Fixed effects: alc ~ t1 + t2 
##                  Value  Std.Error  DF  t-value p-value
## (Intercept) 0.19864400 0.02737814 565 7.255570       0
## t1          0.07671308 0.01587882 565 4.831156       0
## t2          0.27360121 0.03604514 565 7.590516       0
##  Correlation: 
##    (Intr) t1    
## t1  0.841       
## t2 -0.132 -0.108
## 
## Standardized Within-Group Residuals:
##           Min            Q1           Med            Q3           Max 
## -3.903934e+00 -2.442607e-01 -9.967756e-02 -8.771603e-05  7.116745e+00 
## 
## Number of Observations: 922
## Number of Groups: 355
VarCorr(alcoholMLM6)
## id = pdLogChol(t1 + t2) 
##             Variance   StdDev    Corr        
## (Intercept) 0.18125898 0.4257452 (Intr) t1   
## t1          0.04738989 0.2176922 0.940       
## t2          0.17699356 0.4207060 0.164  0.470
## Residual    0.29306647 0.5413561
The fixed-effect estimates above are similar, but not identical, to those obtained using SEM and reported in Table 11.9. The difference likely arises because with the MLM specification, it is not possible to restrict the age 11 residual variance to equal exactly zero (this is also likely the reason for the warning message at the beginning of the output about a "singular precision matrix").

Conditional pieceise linear GCM
The unconditional piecewise model above is easily expanded to include 'gender' and 'coa' as predictors of the random intercepts as well as both random slopes. Once again, the random slopes are regressed on predictor variables by specifying cross-level interactions with time:
alcoholMLM7 <- lme(alc ~ t1 + t2 + gender + coa + (t1*gender) + (t1*coa) + (t2*gender) + (t2*coa), random =~ t1 + t2 | id,  weights = varIdent(form=~ 1|time), data=ch11long, method='ML', control=ctrl)
summary(alcoholMLM7)
## Linear mixed-effects model fit by maximum likelihood
##  Data: ch11long 
##        AIC      BIC   logLik
##   1427.734 1524.265 -693.867
## 
## Random effects:
##  Formula: ~t1 + t2 | id
##  Structure: General positive-definite, Log-Cholesky parametrization
##             StdDev    Corr        
## (Intercept) 0.4075505 (Intr) t1   
## t1          0.2065073 0.936       
## t2          0.3987947 0.077  0.402
## Residual    0.5436212             
## 
## Variance function:
##  Structure: Different standard deviations per stratum
##  Formula: ~1 | time 
##  Parameter estimates:
##            3            4            2            1            0 
## 1.000000e+00 1.187443e+00 3.004202e-01 5.319120e-01 8.808896e-05 
## Fixed effects: alc ~ t1 + t2 + gender + coa + (t1 * gender) + (t1 * coa) + (t2 *      gender) + (t2 * coa) 
##                   Value  Std.Error  DF   t-value p-value
## (Intercept)  0.21486062 0.09274101 561  2.316781  0.0209
## t1           0.09182873 0.05550163 561  1.654523  0.0986
## t2           0.05997452 0.11746899 561  0.510556  0.6099
## gender      -0.08278621 0.05371575 352 -1.541191  0.1242
## coa          0.20296930 0.05383103 352  3.770488  0.0002
## t1:gender   -0.05250259 0.03140350 561 -1.671871  0.0951
## t1:coa       0.12147484 0.03122531 561  3.890269  0.0001
## t2:gender    0.03466669 0.06992283 561  0.495785  0.6202
## t2:coa       0.30132673 0.07026682 561  4.288322  0.0000
##  Correlation: 
##           (Intr) t1     t2     gender coa    t1:gnd t1:coa t2:gnd
## t1         0.809                                                 
## t2        -0.189 -0.149                                          
## gender    -0.903 -0.731  0.171                                   
## coa       -0.360 -0.290  0.072  0.048                            
## t1:gender -0.748 -0.910  0.138  0.828  0.039                     
## t1:coa    -0.299 -0.389  0.058  0.040  0.833  0.093              
## t2:gender  0.166  0.131 -0.896 -0.188 -0.007 -0.152 -0.006       
## t2:coa     0.070  0.055 -0.318 -0.007 -0.190 -0.006 -0.155 -0.012
## 
## Standardized Within-Group Residuals:
##         Min          Q1         Med          Q3         Max 
## -3.89783522 -0.22775909 -0.07513682  0.01057082  7.10303830 
## 
## Number of Observations: 922
## Number of Groups: 355
VarCorr(alcoholMLM7)
## id = pdLogChol(t1 + t2) 
##             Variance   StdDev    Corr        
## (Intercept) 0.16609740 0.4075505 (Intr) t1   
## t1          0.04264527 0.2065073 0.936       
## t2          0.15903720 0.3987947 0.077  0.402
## Residual    0.29552399 0.5436212
In the results above, the 't1:coa' and 't2:coa' fixed-effect estimates correspond to the associations between parental alcoholism and the slope growth factors described at the end of Chapter 11.
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