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Abstract

Objective—Multilevel and latent growth models are frequently used interchangeably to examine
differences between groups in trajectories of outcomes from controlled clinical trials. The
unstandardized coefficient for the effect from group to slope (the treatment effect) from such
models can be converted to a standardized mean difference (Cohen's d) between the treatment and
control groups at end of study. This article addresses the confidence interval (Cl) for this effect
size.

Method—Two sets of equations for estimating the CI for the treatment effect size in multilevel
models were derived and their usage was illustrated with data from the National Youth Study.
Validity of the Cls was examined with a Monte Carlo simulation study that manipulated effect
potency and sample size.

Results—The equivalence of the two new CI estimation methods was demonstrated and the
Monte Carlo study found that bias in the CI for the effect size were not appreciably larger than
bias in the CI for the widely used unstandardized coefficient.

Conclusions—Investigators reporting this increasingly popular effect size can estimate its Cl
with equations presented in this article.

Keywords

clinical trials; effect sizes; confidence intervals; multilevel analysis; latent growth models;
hierarchical linear models

Studies of intervention efficacy have historically used classical analysis, especially analysis
of variance (ANOVA) and multiple regression analysis (Cohen, Cohen, West, & Aiken,
2003), to compare changes between treatment and control groups. However, the well-worn
methods based on the general linear model and ordinary least squares are being supplanted
by growth modeling analysis (GMA), which typically uses the EM algorithm (Dempster,
Laird, & Rubin, 1977) and maximum likelihood estimation. The GMA family includes
multilevel modeling/hierarchical linear models (MLM/HLM; Hedeker & Gibbons, 2006;
Raudenbush & Bryk, 2002) and latent growth modeling (LGM; Bollen & Curran, 2006;
Singer & Willett, 2003), which are often used interchangeably to evaluate interventions by
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comparing trajectories of outcomes between the treatment and control groups over the
course of a randomized clinical trial (Feingold, 2009; Gueorguieva & Krystal, 2004).

The differences between MLM and LGM are more conceptual than mathematical (Curran,
2003; Preacher, Wichman, MacCallum, & Briggs, 2008) and non-parallel slopes in a
correctly specified linear GMA obtained with either latent variable approach indicate that
the model predicts that the two groups that were expected to be comparable at study onset
(baseline) because of randomization differ on the outcome at the end of the study. The
treatment effect from a GMA is conventionally defined as the difference in rate of growth
between the groups (i.e., the effect from group to slope) and power assessments for planned
GMA studies examine the power to detect this difference (e.g., Muthén & Muthén, 2002;
Raudenbush & Liu, 2001).

Although the importance of effect sizes has long been recognized (Cumming, 2013; Grissom
& Kim, 2012; Olejnik & Algina, 2000), the first studies that used GMA typically reported
only null hypothesis significance tests because of a lack of consensus regarding both the
conceptualization and calculation of effect sizes from a GMA (APA Publications and
Communications Board Working Group on Journal Article Reporting Standards, 2008;
APA, 2009). Feingold (2009) reviewed 43 controlled clinical trials that used GMA and were
published in Journal of Consulting and Clinical Psychology (JCCP) from 2003 through
2006 inclusive and found that only 30% of them reported model-based effect sizes for the
intervention effects. Moreover, the equations used to calculate effect sizes were not
conceptually or mathematically equivalent across studies.

However, Feingold (2009) used the term effect size to refer to a standardized statistic.
Although effect sizes need not be standardized (Baguley, 2009; Kelley & Rausch, 2011),
standardized effect sizes are often invaluable-- particularly in research synthesis--because of
the arbitrary metrics used in psychology (Blanton & Jaccard, 2006). If, for instance, two
scales that operationalize the identical construct differ in number of items, the scale with the
larger number of items will generally have a larger variance in the same sample (Nunnally,
1978). In addition, the mean difference between two groups will typically be greater on the
scale with the larger variance when the groups are compared on both measures. Such
measurement artifacts make research synthesis of findings from independent studies
problematical because different studies generally operationalize the same construct with
scales that vary in numbers and types of items. Thus, d was a central statistic for Glass
(1976) when he introduced meta-analysis and used it to examine the efficacy of
psychotherapy (Glass, McGaw, & Smith, 1981).

Standardized Effect Sizes for Multilevel and Latent Growth Models

Drawing on ideas in Raudenbush and Liu (2001), Feingold (2009) formulated an equation
for an effect size for the difference between the treatment and control groups in linear slopes
from a GMA (MLM or LGM) that transforms the coefficient for the slope difference into a
standardized mean difference (Cohen's d) between groups at the end of the study,

d=(bxduration)/SD, (1)
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where (a) b is the unstandardized coefficient for the effect of group (treatment vs. control,
dummy coded) that is the difference in rate of change between conditions on a continuous
outcome per unit of time (e.g., per week, given weekly assessments that are coded to differ
by one point between them, such as 0, 1, 2, and 3), (b) duration (number of time points
minus one when time codes differ by one point) is the length of the study based on units
associated with the regression coefficient (e.g., number of weeks if b represents the
difference in rate of change per week), and (c) SD is the pooled within-group standard
deviation of the outcome measure (Y).

Equation 1 may appear to be radically different than the formula for Cohen's (1988) classical
d, defined as the difference between the means of two independent groups at the end of the
study divided by the pooled within-group SD,

d:(]\'"{T - ]\[c)/SDa (2

where M+ is the mean of the treatment group and Mc is the mean of the control group.
However, the difference between the two equations, which has a denominator that should
estimate the same parameter, is more apparent than real. The means of two independent
groups measured at a single time can be compared with a multiple regression analysis,
which is mathematically equivalent to both the t test for independent groups and the
between-subjects ANOVA with two groups (Cohen et al., 2003) with which the classical d
is most often associated. In regression analysis, group would be a dichotomous independent
variable captured by codes differing by one point (e.g., 0 and 1, or -.5 and .5) and the
unstandardized regression coefficient (b) would then equal the mean difference between the
two groups at the end of the study. Thus, given a regression analysis of data from two
independent groups,

d=b/SD, (3)
which is mathematically equivalent to the d calculated with Equation 2.

In addition, the product forming the numerator in the Equation 1 is the model-based estimate
of the difference in means between the two groups at the end of the study, which has the
same expected value as that of the difference between the means of the two groups at the
final time point (given random assignment to conditions and a correctly specified linear
GMA). Moreover, the GMA effect size is independent of the intercorrelations among the
repeated measures over time, which meta-analysts have shown to be an important criterion
for the d from classical analysis of repeated-measures data to be expressed in the same
metric as the d calculated from independent (completely randomized) groups designs
(Becker, 1988; Dunlap, Cortina, Vaslow, & Burke, 1996; Morris, 2008; Morris & DeShon,
2002). The GMA d, as calculated with Equation 1, is now frequently found in studies of
intervention efficacy, particularly in JCCP (e.g., Aderka, Gillihan, McLean, & Foa, 2013;
Arch, Eifert, Davies, Vilardaga, Rose, & Craske, 2012; Chaffin, Funderburk, Bard, Valle, &
Gurwitch, 2011; Kerr, DeGarmo, Leve, & Chamberlain, 2014; Ljétsson et al., 2013; Safren,
O'Cleirigh, Bullis, Otto, Stein, & Pollack, 2012; Twohig, Hayes, Plumb, Pruitt, Collins,
Hazlett-Stevens, & Woidneck, 2010).
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Confidence Intervals for Effect Sizes for Multilevel and Latent Growth

Models

Current publishing practices in psychology require reports of confidence intervals (Cls) for
effect sizes (APA, 2009; Kelley & Preacher, 2012). Indeed, JCCP recently published a
review on Cls for clinical findings to facilitate compliance with this mandate (Odgaard &
Fowler, 2010) but its authors noted that it could not address Cls for effect sizes from GMA
because methods for their estimation were not yet available. For example, equations for the
CI for the GMA d did not accompany the introduction of the effect size (Feingold, 2009).

The traditional approach to the calculation of the CI of a statistic entails the multiplication of
the statistic's standard error (SE) by a critical t or zvalue (e.g., 1.96 for the 95% CI) and then
adding and subtracting the product to the point estimate to yield lower and upper confidence
limits (CLs). This approach assumes a normal distribution of the effect size and a
symmetrical Cl, i.e., the difference between the lower CL (LCL) and the point estimate
equals the difference between the upper CL (UCL) and the point estimate. An example of
this approach is found in estimation of the 95% CI for classical d (i.e., d calculated with
Equation 2 or 3) presented in Borenstein, Hedges, Higgins, and Rothstein's (2009) text on
meta-analysis,

LCLy=d — 1.96(SE) ()

and

UCLy=d+1.96(SE), (5

where SE is the square root of the estimate of the variance (v) of d that can be obtained with
Equation 6,

v:(]\7/711712)—l—(alz/QN)7 (6)

N, is the sample size of group 1, n, is the sample size of group 2, and N is the total sample
size (i.e., ny + ny).

Borenstein et al. (2009) noted that Equations 4 and 5 provide only an approximate CI for d
but contend that the CI estimates obtained with them are accurate enough to warrant their
adaptations for use in meta-analysis. Some methodologists, however, favor use of more
precise Cls for effect sizes (e.g., Steiger, 2004). Cl estimation may also use bootstrap or
bias-corrected bootstrap methods (Efron & Tibshirani, 1993; Goldstein, 2011). Although
Mplus (Muthén & Muthén, 2012), for example, uses the SE as the default method for ClI
estimation, the program can also produce bootstrap (and corrected bootstrap) Cls using case
sampling with replacement. Specialized programs have been developed to estimate the Cl
for the unstandardized difference between groups in slopes from GMA (Kelley & Rausch,
2011). The nonparametric approaches, which produce asymmetrical Cls, use noncentrality
parameters associated with the t distribution to obtain Cls for standardized mean differences
(see review by Odgaard & Fowler, 2010, which includes equations in the appendix).
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However, GMA is typically conducted with large samples and treatment effects are typically
modest, especially in large samples. These are the conditions under which Cls for effect
sizes are most accurately assessed with commonly used approximation procedures based on
their SEs (Algina & Kesselman, 2003; Hedges & Olkin, 1985; Odgaard & Fowler, 2010).
This article presents and validates two new sets of mathematically equivalent equations for
the estimation of the CI for the GMA d, the first of which can subsume CI estimation
methods for the GMA d that do not rely on the SE of b (S&y).

Transformation of Cl for b to Cl for GMA d

The CI for the unstandardized coefficient (b)for the slope difference can be obtained by
extant GMA software. The respective CI for the GMA d can be estimated simply by
substituting the reported LCL and UCL of b for b in the numerator of Equation 1, thus
converting the CI for b to the CI for d,

LCL4=(LCLp*duration)/SD, (7)

and

UCL;=(UCLp*duration)/SD. (8)

An apparent disadvantage of this approach is that the SE of the GMA d is not generated or
used directly but is nonetheless needed for examination of bias in the CI for d, and for d to
be included in a meta-analysis. However, given the calculation of a symmetrical Cl for d,
the SE of d can be determined from its UCL by rearranging the terms in Equation 5 to solve
for SE,

SE=(UCLy4 —d)/1.96, (9)

and v = SE2,

Variance-calculation alternative for Cl estimation for GMA d

An alternative approach for Cl estimation uses the SE of d and a critical zvalue (i.e.,
Equations 4 and 5). The terms in Equation 1 can be rearranged to define the GMA d as the
product of the coefficient for the group difference in slopes (b) and a standardizing factor
(duration/SD). Statistical theory dictates that the multiplication of a random variable (e.g.,
the sampling distribution of b for the effect of group on slope) by a constant produces a
random variable that is a linear transformation of the original variable and has a variance
that is the product of the variance of the original variable multiplied by the square of the
constant (Hodges & Lehmann, 2005). Because the variance of b outputted by statistical
software is the square of SEp, v* (the sample variance of d when o is known) for the GMA d
can be calculated from,

v¥=S E2x(duration/s)*.  (10)

Because o is ordinarily unknown, however, it has to be estimated from SD,
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v=SE2+(duration/SD)?. (1)

The CI for the GMA effect size can then be estimated with Equations 4 and 5 and the SE
calculated as the square root of v obtained with Equation 11. (Whereas o is often used in
GMA methods' expositions to denote the Level-1 residual variance, o in Equation 10 is the
parameter for the pooled within-group standard deviation of Y.)

Note that v can be a good estimator of v* only when the sample size is large and SD is an
accurate estimate of 0. With small samples, SD of the outcome would vary notably across
GMA samples drawn from the same population. Thus, duration/SD is not a constant over the
sampling distribution of b but a random variable with a variance that decreases (and
approaches zero) as sample size per replication increases.

lllustration of ClI Estimation for the GMA d with Two Equivalent Methods

Descriptive statistics from MLM study

Raudenbush (1995; Raudenbush & Liu, 2001) examined longitudinal data from the National
Youth Study (Elliot, Huizinga, & Menard, 1989) to illustrate the use of MLM. The
participants were 122 boys and 117 girls whose attitude towards deviance was measured five
times over a four-year period at ages 11, 12, 13, 14, and 15. Time was mean centered by
Raudenbush (1995) with codes of -2, -1, 0, 1, and 2, respectively. Gender was a
dichotomous time-invariant covariate (men vs. women) like treatment condition
(intervention vs. control) in a randomized clinical trial.

The MLM found b = .0112 (SE, = .0100). The within-group SD of the attitudinal measure,
based on observed data at age 15, was .30 (Raudenbush & Lui, 2001).

The GMA d is calculated with Equation 1,

d=(.0112#4)/.30=.1493.

The CLs for b for the slope difference are:

LCL,=.0112 — (1.96.0100)= — .0084

and

UCLy=.0112+(1.96%.0100)=.0308.

Transformation of Cl for GMA b to Cl for GMA d

The CLs for the effect size are calculated with the Equations 7 and 8,

LCLy=(—.0084x4)/.30= — .112

J Consult Clin Psychol. Author manuscript; available in PMC 2016 February 01.
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and

UCL,=(.0308%4)/.30=.411.

SE is calculated from the Cl using Equation 9,

SE=(.4107 — .1493)/1.96=.133

and

v=SE?=.1334%=.018.

Variance-calculation alternative for Cl estimation for GMA d

The v is calculated with Equation 11,

v=.0100%%(4/.30)*=.018

and

SE=.018Y/2=.133.

Next, the CLs for d are calculated using Equations 4 and 5,

LCL;=.1493 — (1.96%.133)= — .112

and

UCLy=.1493+(1.96%.133)=.411.

Most important, the d and v obtained with each set of equations were calculated from
published statistics rather than from analysis of raw data, thereby demonstrating the utility
of the equations in meta-analytic applications (for use of d and v in meta-analysis, see
Borenstein et al., 2009; Cooper, Hedges, & Valentine, 2009; Lipsey & Wilson, 2001,
Shadish & Haddock, 2009).

The Current Work

The proposed equations for the CI for GMA d yield only approximations because the CI for
the unstandardized coefficient itself is an estimate in smaller samples, and the
transformation of ClI for b to CI for d imparts additional imprecision when o is not known
and estimated by SD. Errors in statistics obtained with approximations are manifested as
bias that can be assessed with Monte Carlo simulation studies (e.g., Cheung. 2009; Hedges,

J Consult Clin Psychol. Author manuscript; available in PMC 2016 February 01.
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Pustejovskya, & Shadish, 2012; Lau & Cheung, 2012; MacKinnon, Lockwood, & Williams,
2004).

To obtain preliminary validation for the new equations, Monte Carlo analyses were
conducted to examine biases in the SE and CI in both unstandardized coefficients and
respective effect sizes as function of sample size and treatment potency, both of which were
expected to affect Cl bias. Subtracting the bias from the effect sizes from those for the
respective unstandardized coefficients indicate bias added from the transformation process.
Finally, although equations for CI estimation are presented for GMAS comparing two groups
on a continuous outcome, extensions to randomized clinical trials conducted with multiple
groups, multiple sites, additional covariates, binary outcomes, and cluster randomization are
discussed.

Muthén and Muthén (2002) illustrated the use of Mplus to conduct Monte Carlo simulations
to evaluate biases in point estimates and SEs of coefficients for small (.10) and medium (.20)
slope differences between two groups in linear LGMs with random intercepts and random
slopes. Each model included a single dichotomous time-invariant covariate (e.g., group) as
the (Level 2) predictor of variations in intercepts and slopes with a continuous outcome.
Because the first phase of the current work could be accomplished with these Monte Carlo
models, the Mplus input statements--which were reported in their entirety in Muthén and
Muthén (2002)--were adapted for use in assessing biases in both the unstandardized
coefficients and respective effect sizes. However, whereas their tutorial used a single N for
each model, this study manipulated sample size, specifying Ns of 50, 100, 150, 250, and 500
for each of the two coefficients for slope differences. The 10 models used 4-equidistant time
points coded to differ by one unit between measurement occasions, and residual variances
specified were also taken from Muthén and Muthén: .25 for the intercepts, .09 for the slopes,
and .50 for model residuals (i.e., Level-1 variances, homogeneous across time). The current
simulations also used 10,000 replications per analysis.

Biases in the point estimates and SEs for the unstandardized coefficients and effect sizes
were examined following the steps outlined in Muthén and Muthén (2002), which also
provided guidelines for acceptable degrees of bias: 5% or less for point estimates and 10%
or less for SEs. Mplus evaluates Cl accuracy with the coverage coefficient: the proportion of
the replications for which the ClI contains the true parameter value (Muthén & Muthén,
2012). Perfect coverage for the 95% ClI is .95, and acceptable values were said to be in the .
91 to .98 range. Bias in each CI can thus be estimated by subtracting the coverage
coefficient from .95, with acceptable values in the —.03 to .04 range.

Calculating Pooled o of Y4 from the Monte Carlo Population Model

Before Monte Carlo analyses could be conducted to examine biases in effect sizes, § and o
associated with Monte Carlo model parameters for the unstandardized coefficients and
residual variances had to be defined, with o determined first because it was needed to obtain
8. The residual variance of .25 specified for the intercept (the within-group o2 of a latent
"true score" of Y at the occasion for which time is coded 0) was added to the Level-1

J Consult Clin Psychol. Author manuscript; available in PMC 2016 February 01.
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residual variance of .50 to obtain the within-group o2 of .75. Thus, o is the square root of .75
= .866, which is the pooled within-group o when time = 0. Because the Mplus Monte Carlo
procedure generates growth data for this model with within-group o2s for Y that are
generally heterogeneous across time, the within-group o2 at the final time point (i.e., for Y4)
was needed to obtain a GMA d equivalent to classical d, as the latter is determined using
outcome dispersion measured at the final (only) time. Therefore, the current Monte Carlo
studies used end-centering of the time variable (Muthén & Muthén, 2000) by assigning
codes of -3, -2, -1, and 0 for time for T1 (Y1), T2 (Y2), T3 (Y3), and T4 (Y4), respectively
(see Appendix A for one of the input statements used in the Monte Carlo study). Note that
different parameterizations (centerings of time) do not have any impact on effects involving
slopes (Muthén & Muthén, 2000) but determine whether the within-group o2 is for Y1 or Y4
(unless the within-group o2 s are homogeneous over time and o2 of Y1 = o2 of Y4).

Calculating 8 for Y4 from Monte Carlo Parameter Specifications

Given specification in the statements for each Monte Carlo model of 4 time points differing
by 1 unit, duration = 3 for all models. Therefore, using a population equivalent of Equation
1!

d0=(B+duration)/o, (12)

where f is the parameter for the coefficient for the slope difference. Thus,

§=(.10%3)/.866=.3464,

for the five models with § = .10, and

5=(.20+3)/.866=.6928,

for the five models with § =.20.

Validation of § and o in the Monte Carlo Models

To verify that the calculated parameters for § and o were correct for the population from
which the Monte Carlo analyses drew replications, a Monte Carlo analysis was run with the
same commands used in the bias evaluation phase for a small slope difference, except for
specifications of a single replication and a sample size sufficiently large (N = 100,000) that
the manufactured data set could be considered the population from which Monte Carlo
replications were drawn. Thus, the initial simulation study was an ordinary LGM analysis of
single artificial data set--which was requested and stored as a separate output file--that
generated statistics that could be interpreted as parameters. Thus, GMA & =.3464, or .35
after conventional averaging of the effect size to two decimal places. The single-replication
Monte Carlo study yielded a b for the slope difference of .1012; the residual variance of the
intercept was .2539; and the Level-1 variances were .5002, .5010, .4980, and .4959 for Y1,
Y2, Y3, and Y4 (M = .4988), respectively. Thus, for this dataset, GMA d = (.1012*3)/(.2539
+.4988)12 = 3499 = 35,

J Consult Clin Psychol. Author manuscript; available in PMC 2016 February 01.
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Next, a between-subjects ANOVA was used to compare the means of the two groups in the
Monte-Carlo generated raw data at the final point (Y4), and to obtain the MSE that is the
square of the within-groups SD used to compute classical d. Classical d = (.3043 - —.0019)/.
751V/2 = 3532 =.35. Note that the MSE of .751 (calculated from homogeneous variances of .
750 and .752 for the two groups) from the ANOVA of end-of-study generated observations
was virtually identical to the .750 parameter calculated by summing the Monte-Carlo
specifications for the residual variance of the intercept (.25) and the model (Level-1)
residual variance (.50). Most important, after the rounding of effect sizes to two decimal
places, GMA § = GMA d = classical d =.35 in the manufactured data set.

Monte Carlo Analysis of GMA ds for Treatment Effects

Results

To examine biases in the SE and CI for the GMA d, each of the 10 input statements used to
generate the Monte Carlo analyses included a command to output an ASCI|I file containing
the results of 27 model parameters from the 10,000 replications generated by each model.
Next, these ASCII files were converted to SPSS data files for analyses with newly created
SPSS macros for calculating, for each replication, the (a) GMA d with Equation 1, (b) the
estimated Cl for GMA d with Equations 7 and 8 (the CI transformation approach), and (c)
SE (square root of v) of GMA d with Equations 9 (see Appendix B for SPSS syntax used for
the 5 Monte Carlo analysis of effect sizes for the smaller treatment effect). As in the single-
replication Monte Carlos study, the SD used to compute GMA d in each replication was the
square root of the sum of the residual variance of the intercept and the mean of the four
observed Level-1 residual variances, which is the model-based estimate of o for Y4, as
b*duration is the model-based estimate of the population mean difference between groups at
that time point.

Coverage for the GMA d from each method was calculated with the procedure used in Maas
and Hox (2005): a new variable was created in which a score of "1" indicated that a Cl for a
GMA d from a given replication included the effect size specified in the simulations and a
score of "0" indicated the estimate was not included in the CI. Then the cumulative
frequency distributions of these variables were determined. Coverage was calculated as the
percentage of "1"s in the dichotomous distribution, which is the same method Mplus used to
calculate coverage for b.

Bias in the Unstandardized Coefficient (b)

The findings from the 10 Monte Carlo analyses of the unstandardized coefficients (bs)
obtained from Mplus are reported in Table 1, with the sample size and the b specified for
each simulation given in the first two columns.

Estimates—Column 3 (Estimates Avg) reports the mean of the 10,000 bs for each Monte
Carlo analysis. The differences between the means in this column and the respective
parameters of .10 or .20 (reported in column 2) indicate the absolute biases in b (see column
7). As noted in Muthén and Muthén (2002), relative bias is calculated by dividing the
absolute bias by the respective parameter (column 2) and multiplying by 100 to convert the

J Consult Clin Psychol. Author manuscript; available in PMC 2016 February 01.
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proportion to a percentage (see column 8). Absolute bias in b never exceeded .0006, and
relative biases were always less than 1.0%.

Standard errors and Cls—Column 4 in Table 1 reports the Estimates SD, which is the
standard deviation of the 10,000 bs generated by each Monte Carlo simulation, and Column
5 (SE Avg) reports the mean of the 10,000 SEgs. Absolute bias in SE,, was estimated by
subtracting the statistics in column 5 from the respective Estimates SD in column 4. These
differences (reported in column 9) are divided by the Estimates SD and multiplied by 100 to
determine the relative bias in SEp, (reported in the penultimate column). Cl bias was
calculated from subtracting the coverage values (column 6) from .95 (and reported in the last
column).

The absolute bias in SE,, was .0042 in the smallest sample size (N = 50) but was no greater
than .0012 at Ns of 100 or 150. Almost perfect estimates of the coefficients were observed
when N > 250. Relative bias was largest (3.3%) in the smallest sample size but was well
below 10%. The relative biases were between 1.0% and 2.0% at Ns of 100 and 150, and
about 1.0% or less when N was at least 250. Thus, both absolute and relative biases in the
SEy, decreased with sample size, and were particularly small when N was at least 250.
Coverage for the Cl was always in the .937-.947 range, and was nearly perfect (.945-.947)
at Ns of 250-500, with CI biases of .003 to .013 (see last column in Table 1).

Bias in the Effect Size (GMA d)

Estimates—Table 2 reports the parallel Monte Carlo analyses for the GMA ds conducted
with SPSS using the Monte Carlo results files exported by Mplus. The first column in Table
2 specifies the simulation sample size and column 2 reports the effect size parameter ()
corresponding to unstandardized coefficients in Table 1. Column 3 (Estimates SD) reports
the mean of the 10,000 GMA ds for each simulation analysis. The absolute biases in d
(differences between respective values in columns 2 and 3 in Table 2) are reported in
column 7, with relative biases given in column 8. The absolute biases were consistently
larger for GMA ds than for respective bs in part because the parameters for the former were
much larger than the latter.

Relative biases in GMA d and b were comparable (and less than 1.0%) when N was at least
250. However, although relative bias in b was always less than 1.0%, the relative bias in d
was 2.3-2.6% at N = 50 and 1.7-2.0% at N = 100-150. Thus, biases in GMA d decreased
with sample size but never exceeded 5%.

Standard errors and Cls—Column 4 in Table 2 reports the standard deviation of the
10,000 GMA ds generated for each simulation analysis, and column 5 reports the means of
the 10,000 SEs of the GMA ds. The absolute biases in SEs are the differences between
respective values in columns 4 and 5 in Table 2, which are reported in column 9; relative
biases are reported in the penultimate column. Whereas relative biases in SE,, were in the .
7% to 3.3% range, the corresponding biases in the SE of GMA d were slightly greater,
ranging from 1.2% to 4.7% (with medium effects consistently evincing greater relative bias
than small effects for GMA d).
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The coverage proportions for GMA d are reported in column 6 of Table 2 and were virtually
identical to respective values for b, with differences in the .000-.003 range across effect
sizes and sample sizes. Cl biases were in the .003 to .014 range (see last column in Table 2),
which is nearly the same as the range reported for the biases in the CI for SE, (Table 1).
Thus, the Cls were about as accurate for GMA ds as for the respective unstandardized
coefficients from which they were derived--and coverage was consistently close to .95,
particularly when N > 250.

Equivalence of Two CI Estimation Approaches in the Monte Carlo Study

That the variance-calculation method (using Equations 4, 5, and 11) yields a Cl for GMA d
that is mathematically equivalent to the SE obtained with the direct CI transformation
approach (Equations 7 and 8) was demonstrated previously with summary statistics from a
GMA of sex differences in antisocial attitude in the NYS. The equivalence of the two
methods was also demonstrated in the Monte Carlo study, with the added benefit of
verifying the accuracy of the findings from the simulations. For example, in the Monte Carlo
run with 500 subjects, SE,, was .0390 (see column 5 in last row in Table 1). The SD of .865,
calculated by taking the square root of the mean of the 10,000 sums of intercept residual
variance and the model residual variance from each replication, was a very good estimation
of o (.866) calculated from residuals. Thus, using the equations for the variance-calculation
approach, GMA v = (.0390)2 (3/.866)2 = .0183, and SE = .0183Y/2 = .1351. The mean of the
SE from the 10,000 replications in the Monte Carlo analysis with model with 500 subjects
was .1353 (see column 5 in last row of Table 2), which is the same (after sampling and
round-off errors).

Discussion

This article introduced two sets of equivalent equations that estimate the CI of the GMA d
by either transforming the CI for the unstandardized coefficient (b) for the treatment effect
to the CI for GMA d, or by calculating the variance for the GMA d and applying traditional
formulas for CI calculation. A key advantage to these all-purpose methods is they can be
used in conjunction with outputs from different software programs for GMA. Options
specific to individual programs (or different versions within statistical packages) may be
configurable to produce the GMA d and its Cl without the need for post hoc analysis of
customary statistics. However, the use of program-specific options would not necessarily be
simpler to implement or produce different (i.e., more accurate) Cls than would be obtained
with the presented equations.

The Monte Carlo simulation analyses found essentially no bias in the point estimates of the
coefficient for the slope difference (b). However, large samples (i.e., N > 150) were needed
for bias in the point estimates of GMA d to also be negligible, although the bias was always
below the 5% problematical level.

The biases in the estimated CI for d were determined by: (a) small-sample bias in the CI for
b, and (b) bias from use of an estimate rather than a parameter for the standard deviation of
Y in the CI transformation equation. When o of Y is known, the sampling distribution of
GMA dis a linear transformation of the sampling distribution of b because each b in its
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sampling distribution is multiplied by a constant (duration/c) to yield the respective GMA d.
The relative bias in the CI would then be identical for b and d. However, when ¢ must be
estimated from the data, each b in its distribution is multiplied by a slightly different value
because the D in the replication yielding each b is not the same across the replications
defining the sampling distribution of b. As the N for each replication increases, the variance
of the SD across replications decreases, reaching zero when sample size is infinite, and SD =
a.

However, irrespective of sample size examined, use of SD instead of ¢ was found to have
minimal detrimental consequences for the CI estimation for the GMA d because bias was
about the same for the CI for b and the CI for d for the treatment effect. The best explanation
for this finding is that standard deviation of Y was accurately estimated in the replications.
Thus, the bias in ClI of GMA d were largely the result of bias in the CI unstandardized
coefficient when calculated from SE, when sample size was not very large. The findings
from the Monte Carlo analyses that used N > 250 of coverage values of .945-.947 for the CI
for b and .944-.947 for the CI for GMA d suggest the Cls based on SEs are valid for both
standardized and unstandardized coefficients for treatment effects from GMAs conducted
with reasonably large samples.

Extensions of the Cl Estimation Equations to Complex GMA

The new equations are nominally of use only when comparing two independent groups in
growth rate on a continuous outcome, which is the simplest form of GMA of data from
randomized clinical trials. Most GMAs of clinical data, however, are more complex than the
textbook case. For example, three or more groups, or two or more sites, may be used;
randomization to conditions may occur at the cluster instead of at the individual level (i.e.,
clinic or school rather than patient or student); subject-characteristic covariates (e.g., gender
or risk status) may be included in the model; the effects of unobserved heterogeneity may be
examined with latent class or cluster analysis; and outcomes may be categorical (e.g.,
binary) rather than continuous.

Feingold (2013) introduced an integrative regression framework based on generalized linear
mixed models/hierarchical generalized linear models (McCulloch, & Searle, 2001;
Raudenbush & Bryk, 2002) for the conceptualization and calculation of GMA d for more
complex GMAs but did not address CI estimation. However, the vs and Cls of the GMA ds
derived from unstandardized coefficients for treatment effects obtained in the full range of
GMA designs subsumed by the regression framework can be estimated with relatively
simple extensions of the new equations.

Binary outcomes—Randomized clinical trials often use binary outcome variables. In
evaluations of treatments for addiction, for example, abstinence is a commonly used
dichotomous dependent variable (e.g., Feingold, Oliveto, Schottenfeld, & Kosten, 2002). In
addition, continuous outcome measures may be dichotomized prior to analysis because their
distributions are not normally distributed (e.g., when there is a preponderance of zeros), thus
violating the assumption of a normality of the dependent variable required for GMA (see
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first part in 2-part growth modeling for examples of such dichotomization; Olsen & Schafer,
2001).

With binary outcome data, the structural model for the GMA shifts from a linear regression
to a logistic regression framework that models probabilities rather than scores (Hosmer &
Lemeshow, 2000). The effect size is then an odds ratio (OR; Agresti, 2002; Feingold,
Tiberio, & Capaldi, 2014) conveying the difference between the two groups in proportions
(e.g., of clients who achieve or maintain abstinence), and there are guidelines for its
practical significance (Chen, Cohen, & Chen, 2010; Rosenthal, 1996).

Effect sizes for group differences in binary outcomes in GMA, although not in the d metric,
are computed almost exactly as for continuous ones. However, with such categorical data,
GMA--like logistic regression--models logits (transformed probabilities) instead of raw
scores (Raudenbush & Bryk, 2002). The regression coefficient for the treatment effect (b)
thus represents the difference between the groups in rate of change per unit of time in logits.
The b for is multiplied by duration to yield the model-derived estimates for the difference
between groups in means of the logits at the end of the study, which can be exponentiated to
yield the GMA OR (Feingold, 2013; Hosmer & Lemeshow, 2000). The estimation of CI for
the GMA OR entails a slightly different transformation process than that used for GMA d.
Each of the CLs of b is multiplied by duration, and the CI for GMA OR is estimated by
exponeniating each of these two products.

More than two groups—A priori comparisons or contrasts (Rosenthal, Rosnow, Rubin,
2000) can be used to obtain separate coefficients in a GMA for the end of study difference in
slopes for each planned comparison. In a randomized clinical trial with three groups, for
example, one contrast might compare the trajectories of patients receiving two different
treatments and a second contrast could compare the trajectory of participants receiving any
treatment with that of the control group. Thus, instead of a single coefficient for the group
effect, multiple coefficients for treatment effects would be obtained in each model (one per
contrast). A separate GMA d (along with a contrast-specific Cl and v) can be estimated from
the unstandardized coefficient associated with each contrast.

Cluster-randomized designs—In some randomized clinical trials, groups or dyads of
individuals (clinics, therapy groups) are randomly assigned to conditions and every
participant in the group (called a cluster) either receives or does not receive the treatment.
The lack of independence among subjects within clusters requires use of a cluster-
randomized design (Hedges, 2007, 2009), which may include repeated measures collected
over the course of study that can be examined with GMA. The data then take on a
hierarchical structure in which the repeated measures are nested within individuals who are
nested within clusters, which can be examined with a 3-Level MLM model (Raudenbush &
Bryk, 2002). In a cluster-randomized repeated-measures design, the intervention is
administered to Level-3 units (clusters) in a 3-Level model rather than to Level-2 units (the
individuals). The calculation of GMA d, and its v and CI, would use the same equations but
the coefficient associated with the treatment effect (and its SE) would be obtained at Level 3
rather than Level 2 (for more details, see Feingold, in 2013; see Hedges, 2007, 2009, for
calculation of the appropriate SD for cluster-randomized designs).
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Multi-site studies—Multi-site studies are similar to cluster-randomized studies in that
multiple independent data sets are used in both designs but participants are randomized to
conditions within clusters in the former. Data from multi-site GMA studies would also be
examined with a 3-Level GMA model but the treatment effect would be observed at Level 2.
The treatment effect is the mean regression coefficient (i.e., averaged across sites) and its
transformed GMA d is the average effect size. This design is conceptually similar to meta-
analysis, except that meta-analysts typically work with independently conducted studies and
convert findings to standardized effect sizes before rather than after synthesizing them
because of typical variations in measurement of outcomes across independent studies.

Moderation of treatment effects—The treatment effect may be moderated by observed
or latent factors. When interactions of treatment with moderating categorical variables (e.g.,
gender, race) are observed, GMA ds (and their associated vs and CIs) that are the equivalent
of simple effects in ANOVA can be determined (see Feingold, 2013, for equations).

Limitation and Directions for Future Research

The Monte Carlo study manipulated only factors (sample size and effect size) that were
predicted to affect bias in the CI for the GMA d. Future simulation studies might examine
generalizability of the accuracy of the new equations by considering other potential sources
of bias, including nonnormality, violation of missing data assumptions (Little & Rubin,
2002), unbalanced designs, heterogeneity of within-person variances across time,
heterogeneity of variance across treatment conditions (Feingold, 1995; Grissom, 2000), and
robustness to model misspecification--all of which may interact with effect size and sample
size in influencing accuracy of CI estimation for the GMA d.

Approaches for the Cl estimation for effect sizes for nonlinear models also need to be
developed and validated. For example, Feingold (2013) suggested the calculations of effect
sizes at different time points based on GMA models with linear and quadratic slopes to
communicate the practical important of treatment effects at different phases of a study. Yet,
Cl estimation for such GMA ds would require the SEs of the coefficients for both linear and
quadratic terms.

Finally, although the equivalence of the two methods of CI estimation was demonstrated, a
formal mathematical proof of the equivalence of the two sets of equations would be of
interest, particularly to methodologists.

Summary and Conclusions

Monte Carlo studies demonstrated that estimates of an increasingly used effect size (GMA
d) for the difference between two independent groups at the end of a study examined with
GMA (LGM or MLM/HLM) exhibited ignorable bias that did not differ practically from the
bias observed in the commonly used unstandardized coefficient (b)--from which the GMA d
is a simple and approximately linear transformation. Bias in the CI for d was essentially
nonexistent in the relatively large samples typically used in GMA and thus the new
equations provide interval estimates for the GMA d that can be reported by investigators
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conducting GMA to address increasing demands by reviewers, editors, and publishers for
Cls for effect sizes.
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Appendix A

Mplus Input Statement for a Monte Carlo Study with .10 for the Slope
Difference and n = 250
MONTECARLO: NAMES ARE yl-y4 X;
CUTPOINTS = x (0):
NOBSERVATIONS = 250;

NREPS = 10000;

SEED = 53487;

CLASSES = C(1);

GENCLASSES = C(1);

SAVE = CIM250.dat;

RESULTS = CIM250.sav;
ANALYSIS: TYPE = MIXTURE;
ESTIMATOR = ML;

MODEL MONTECARLO:

%OVERALL%

[x@0]; x@1;

i BY yl-y4@1;

s BY yl1l@-3 y2@-2 y3@-1 y4@0;
[yl-y4@0];

[i*0 s*.2];

i*.25;

s*.09;

i WITH s*0;

yl-y4*.5;

i ON x*.3;

s ON x*.1;

%C#21%

[i*0 s*.2];

MODEL :

%OVERALL%

i BY yl-y4@1;

s BY yl@-3 y2@-2 y3@-1 y4@0;
[yl-y4@0];

[1*0 s*.2];

i*.25;

s*.09;
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i WITH s*0;
yl-y4*_5;

i ON x*.3;

s ON x*.1;
%CH1%

[i*0 s*.2];
OUTPUT: TECH9;

B

SPSS Syntax for Transforming Unstandardized Coefficients from Mplus Monte
Carlo Output Files to GMA ds and Monte Carlo Analysis of GMA ds
compute b=v9.

compute seb=V20.

compute meanres=(v2+v3+v4+v5)/4.
compute sd=sqgrt(meanres+v10).

compute gmad=b*(3/sd).

compute llci=(b - 1.96*seb)*(3/sd).
compute ulci=(b + 1.96*seb)*(3/sd).
compute cov=0.

Execute.

if(llci gt.3464 or ulci It _.3464)cov=1.
execute.

FREQUENCIES

VARIABLES=cov

/ORDER=ANALYSIS.

compute sed=(ulci-gmad)/1.96).

execute.

DESCRIPTIVES

VARIABLES=gmad sed

/STATISTICS=MEAN STDDEV.
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