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Chapter 33

The GLMPOWER Procedure
(Experimental)

Overview

Power and sample size analysis optimizes the resource usage and design of a
study, improving chances of conclusive results with maximum efficiency. The
GLMPOWER procedure performs prospective analyses for linear models, with a va-
riety of goals:

e determining the sample size required to get a significant result with adequate
probability (power)

e characterizing the power of a study to detect a meaningful effect

e conducting what-if analyses to assess sensitivity of the power or required sam-
ple size to other factors

Here prospectiveindicates that the analysis pertains to planning for a future study.
This is in contrast teetrospectiveanalysis for a past study, which is not supported by
the procedure.

The statistical analyses that are covered include contrasts and tests of fixed class
effects in univariate linear models, optionally with covariates. The covariates can
be continuous or categorical. Tests and contrasts involving random effects are not
supported. For a variety of other types of statistical analysesCkapter 56, “The
POWER Procedure.”

Input for PROC GLMPOWER includes the components considered in study plan-
ning:

e design (including subject profiles and their allocation weights)

e statistical model

e contrasts of class effects

¢ significance level (alpha)

¢ surmised response means for subject profiles (often called “cell means”)
e surmised variability

e power

e sample size

In order to identify power or sample size as the result parameter, you designate it by
a missing value in the input. The procedure calculates this result value over one or
more scenarios of input values for all other components.
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You specify the design and the cell means using@@mplary data sean data set of
artificial values constructed to represent the intended sampling design and the sur-
mised response means in the underlying population. You specify the model and
contrasts using MODEL and CONTRAST statements similar to those in the GLM,
ANOVA, REG, and MIXED procedures. You specify the remaining parameters with
the POWER statement, which is similar to analysis statements in the POWER proce-
dure.

In addition to tabular results, PROC GLMPOWER produces graphs. You can pro-
duce the most common types of plots easily with default settings and use a variety
of options for more customized graphics. For example, you can control the choice
of axis variables, axis ranges, number of plotted points, mapping of graphical fea-
tures (such as color, line style, symbol, and panel) to analysis parameters, and legend
appearance.

The GLMPOWER procedure is one of several tools available in SAS/STAT software
for power and sample size analysis. PROC POWER covers a variety of more basic
analyses such dsests, equivalence tests, confidence intervals, binomial proportions,
multiple regression, and one-way ANOVA. The Power and Sample Size application
provides a user interface and implements many of the analyses supported in the pro-
cedures.

The remaining sections of this chapter describe how to use PROC GLMPOWER
and discuss the underlying statistical methodology. Thetting Started”section

on page 1790 introduces PROC GLMPOWER with examples of power computation
for a two-way analysis of variance. Tl8yntax” section on page 1795 describes
the syntax of the procedure. THBetails” section on page 1805 summarizes the
methods employed by PROC GLMPOWER and provides details on several special
topics. The'Examples”section on page 1811 illustrates the use of the GLMPOWER
procedure with several applications.

For more discussion and examples on power and sample size analysis for linear mod-
els, refer to Castelloe and O’Brien (2001), O’'Brien and Shieh (1992), Muller et al
(1992), and O’Brien and Muller (1993). For additional discussion on general power
and sample size concepts, refer to Castelloe (2000), Muller and Benignus (1992), and
Lenth (2001).

Getting Started

Simple Two-Way ANOVA

This example demonstrates how to use PROC GLMPOWER to compute and plot
power for each effect test in a two-way analysis of variance (ANOVA).

Suppose you are planning an experiment to study the effect of light exposure on the
growth of two varieties of flowers. The planned data analysis is a two-way ANOVA
with flower height (measured at two weeks) as the response and a full model including
light exposure, flower variety, and their interaction. You want to calculate the power
of each effect test using a balanced design with a total of 60 specimens (10 for each
combination of exposure and variety) amd= 0.05 for each test.
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As a first step, create aexemplary data sedescribing your conjectures about the
underlying population means. You believe that the mean flower height for each com-
bination of variety and exposure level (i.e., for each design profile, or for eztim

the design) roughly followSable 33.1

Table 33.1. Mean Flower Height by Variety and Exposure

Exposure
Variety | 1 2 3
1 14 16 21
2 10 15 16

The following statements create a dataBetmplary containing these cell means.

data Exemplary;
input Variety $ Exposure $ Height;

datalines;
1 1 14
1 2 16
1 3 21
2 1 10
2 2 15
2 3 16

run;

You also conjecture that the error standard deviation is about 5.

Use the DATA= option in the PROC GLMPOWER statement to spdekgmplary

as the exemplary data set. ldentify the class variablagdty andExposure) using

the CLASS statement. Specify the model using the MODEL statement. Use the
POWER statement to specify power as the result parameter and provide values for
the other analysis parameters, error standard deviation and total sample size.

proc glmpower data=Exemplary;
class Variety Exposure;
model Height = Variety | Exposure;

power
stddev = 5
ntotal = 60
power = .;

run;

The MODEL statement defines the full model including both main effects and the
interaction. The POWER= option in the POWER statement identifies power as the
result parameter with a missing value (.). The STDDEV= option specifies an error
standard deviation of 5, and the NTOTAL= option specifies a total sample size of 60.
The default value for the ALPHA= option sets the significance level te 0.05.

Figure 33.1shows the output.
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The GLMPOWER Procedure
Tests of contrasts and effects in the fixed-effects general linear model

Fixed Scenario Elements

Dependent Variable Height
Error Standard Deviation 5
Total Sample Size 60
Alpha 0.05
Error Degrees of Freedom 54

Computed Power

Test
Index Source DF Power
1 Variety 1 0.717653
2 Exposure 2 0.956741
3 Variety*Exposure 2 0.191447

Figure 33.1.  Sample Size Analysis for Two-Way ANOVA

The power is about 0.72 for the test of the Variety effect. In other words, there is a
probability of 0.72 that the test of the Variety effect will produce a significant result
(given the assumptions for the means and error standard deviation). The power is
0.96 for the test of the Exposure effect and 0.19 for the interaction test.

Now, suppose you want to account for some of your uncertainty in conjecturing the
true error standard deviation by evaluating the power at reasonable low and high
values, 4 and 6.5. Specify both of these values with the STDDEV= option in the
POWER statement. You also want to plot power against total sample sizes between
30 and 90. Use the PLOT statement with X=N to request a plot with sample size on
the x-axis. (The result parameter, here power, is always plotted on the other axis).
Use the MIN= and MAX= options in the PLOT statement to specify the sample size
range.

proc glmpower data=Exemplary;
class Variety Exposure;
model Height = Variety | Exposure;

power
stddev = 4 6.5
ntotal = 60
power =
plot x=n mMin=30 max=90;

run;

Figure 33.2hows the output, anféigure 33.3hows the plot.
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The GLMPOWER Procedure
Tests of contrasts and effects in the fixed-effects general linear model

Fixed Scenario Elements

Dependent Variable Height
Total Sample Size 60
Alpha 0.05
Error Degrees of Freedom 54

Computed Power

Std Test
Index Source Dev DF Power

1 Variety 4.0 1 0.886787

2 Variety 6.5 1 0.496378

3 Exposure 4.0 2 0.996471
4 Exposure 6.5 2 0.792885
5 Variety*Exposure 4.0 2 0.279508

6 Variety*Exposure 6.5 2 0.130095

Figure 33.2.  Sample Size Analysis for Two-Way ANOVA with Input Ranges

1.0 7
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Figure 33.3.  Plot of Power versus Sample Size for Two-Way ANOVA with Input
Ranges

Figure 33.2reveals that the power ranges from about 0.130 to 0.996 for the different
effect tests and scenarios for standard deviation, with a sample size of Biguhe

33.3 the line style identifies the effect test, and the plotting symbol identifies the
standard deviation. The locations of the plotting symbols identify actual computed
powers; the curves are linear interpolations of these points. Note that the computed
points in the plot occur at sample size multiples of 6, because there are 6 cells in the
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design (and by default, sample sizes are rounded to produce integer cell sizes).

Incorporating Contrasts, Unbalanced Designs, and Multiple
Means Scenarios

Suppose you want to compute power for the two-way ANOVA describé8imple
Two-Way ANOVA,” but you want to:

e Try an unbalanced sample size allocation with respect to Exposure, using twice
as many samples for levels 2 and 3 as for level 1.

e Consider an additional, less optimistic scenario for the cell means, shown in
Table 33.2

e Test a contrast of Exposure comparing levels 1 and 3.

Table 33.2.  Additional Cell Means Scenario

Exposure
Variety | 1 2 3
1 15 16 20
2 11 14 15

To specify the unbalanced design and the additional cell means scenario, you can
add two new variables to the exemplary data ¥éf¢r the sample size weights, and
AddHeight for the new cell means scenario):

data Exemplary;
input Variety $ Exposure $ Height AddHeight W;

datalines;
1 1 14 15 1
1 2 16 16 2
1 3 21 20 2
2 1 10 11 1
2 2 15 14 2
2 3 16 15 2

run;

In PROC GLMPOWER, specify the name of the weight variable using the WEIGHT
statement, and specify the name of the new means varatiéleight as an addi-
tional dependent variable in the MODEL statement. Use the CONTRAST statement
to specify the contrast as you would in PROC GLM. The following statements per-
form the sample size analysis.

proc glmpower data=Exemplary;
class Variety Exposure;
model Height AddHeight = Variety | Exposure;
weight W;
contrast 'Exposure=1 vs Exposure=3’ Exposure 1 0 -1;
power
stddev = 5
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ntotal = 60
power = .;
run;

Figure 33.4shows the output.

The GLMPOWER Procedure
Tests of contrasts and effects in the fixed-effects general linear model

Fixed Scenario Elements

Weight Variable w
Error Standard Deviation 5
Total Sample Size 60
Alpha 0.05
Error Degrees of Freedom 54

Computed Power

Test

Index Source Dependent DF Power
1 Exposure=1 vs Exposure=3 Height 1 0.950615
2 Exposure=1 vs Exposure=3 AddHeight 1 0.705451
3 Variety Height 1 0.672128
4 Variety AddHeight 1 0.753735
5 Exposure Height 2 0.911488
6 Exposure AddHeight 2 0.633114
7 Variety*Exposure Height 2 0.216733
8 Variety*Exposure AddHeight 2 0.136705

Figure 33.4. Sample Size Analysis for More Complex Two-Way ANOVA

The power of the contrast of Exposure levels 1 and 3 is about 0.95 for the original cell
means scenaridieight) and 0.71 for the new oné\@dHeight). The power is higher

for the test of Variety, but lower for the tests of Exposure and of Variety*Exposure for
the new cell means scenario compared to the original one. Note also fdetpbt
scenario that the power for the unbalanced deskjgufe 33.4 compared to the
balanced desigri-{gure 33.) is slightly lower for the tests of Variety and Exposure,
but slightly higher for the test of Variety*Exposure.

Syntax

The following statements are available in PROC GLMPOWER.

PROC GLMPOWER < options > ;

CLASS variables ;
MODEL dependent-variables = effects ;

WEIGHT variable ;
CONTRAST ’label’ effect values < ... effect values > ;

POWER < options > ;
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PLOT < plot-options > < / graph-options > ;

The PROC GLMPOWER statement, the MODEL statement, and the POWER state-
ment are required. If your model contains classification effects, the classification

variables must be listed in a CLASS statement, and the CLASS statement must ap-
pear before the MODEL statement. In addition, CONTRAST statements must appear
after the MODEL statement. PLOT statements must appear after the POWER state-
ment defining the analysis for the plot.

You can use multiple CONTRAST, POWER, and PLOT statements. Each
CONTRAST statement defines a separate contrast. Each POWER statement
produces a separate sample size and uses the information contained in the CLASS,
MODEL, WEIGHT, and all CONTRAST statements. Each PLOT statement refers
to the previous POWER statement and generates a separate graph (or set of graphs).

Table 33.3ummarizes the basic functions of each statement in PROC GLMPOWER.
The syntax of each statementliable 33.3s described in the following pages.

Table 33.3.  Statements in the GLMPOWER Procedure

Statement Description

PROC GLMPOWER invokes procedure and specifies exemplary data set

CLASS declares classification variables

CONTRAST defines linear tests of model parameters

MODEL defines model and specifies dependent variable(s)
used for cell means scenarios

WEIGHT specifies variable for allocating sample sizes to dif-
ferent subject profiles

POWER identifies parameter to solve for and provides pne
or more scenarios for values of other analysis
parameters

PLOT constructs graphs for preceding POWER statement

PROC GLMPOWER Statement

PROC GLMPOWER < options > ;

The PROC GLMPOWER statement invokes the GLMPOWER procedure. You can
specify the following options.

DATA=SAS-data-set
names a SAS data set to be used as the exemplary data set, which is an artificial
data set constructed to represent the intended sampling design and the conjectured
response means for the underlying population.

PLOTONLY
specifies that only graphical results from the PLOT statement should be produced.
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CLASS Statement
CLASS variables ;

The CLASS statement names the classification variables to be used in the analysis.
Classification variables can be either character or numeric.

CONTRAST Statement

CONTRAST ’label’ effect values < ... effect values > ;

The CONTRAST statement enables you to define custom hypothesis tests by specify-
ing anL vector or matrix for testing the hypothedig = 0. Thus, to use this feature

you must be familiar with the details of the model parameterization used in PROC
GLM. For more information, see th®arameterization of PROC GLM Modelséc-

tion on page 1651 o€hapter 31, “The GLM Procedure.All of the elements of

the L vector may be given, or if only certain portions of thevector are given, the
remaining elements are constructed by PROC GLM from the context (in a manner
similar to rule 4 discussed in thi€onstruction of Least-Squares Mears&ction on

page 1684 oChapter 31, “The GLM Procedure)”

There is no limit to the number of CONTRAST statements you can specify. Each
sample size analysis will include tests for all CONTRAST statements.

In the CONTRAST statement,

label identifies the contrast on the output. A label is required for every
contrast specified. Labels must be enclosed in quotes.

effect identifies an effect that appears in the MODEL statement, or the
INTERCEPT effect. You do not need to include all effects that are
in the MODEL statement.

values are constants that are elements of kheector associated with the
effect.

The CONTRAST statement enables you to perform custom hypothesis tests. If the
hypothesis is estimable, then the sum of squares due to iIHSE@ = 0), is com-
puted as

(Lb) (L(X'X)"L/) " (Lb)

whereb = (X'X)~ X'y is the estimated solution vector.

The degrees of freedom associated with the hypothesis is equal to the row rank of
L. The sum of squares computed in this situation is equivalent to the sum of squares
computed using al. matrix with any row deleted that is a linear combination of
previous rows.

Multiple-degree-of-freedom hypotheses can be specified by separating the rows of
the L matrix with commas.
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MODEL Statement

MODEL dependent-variables = classification-effects ;

The MODEL statement serves two basic purposes.

e Thedependent-variables specify scenarios for the cell means.
e Theclassification-effects specify the model effects.

Each dependent variable refers to a set of surmised cell means specified in the exem-
plary data set (which is named by the DATA= option of the PROC GLMPOWER
statement). These cell means are response means for all of the subject profiles.
Multiple dependent variables correspond to multiple scenarios for these cell means.
All models are univariate; the GLMPOWER procedure currently does not support
multivariate analyses.

The classification-effects specification defines the model effects. You can in-
clude main effects and interactions using the effects notation of PROC GLM; see
the “Specification of Effects’section on page 1648 i€hapter 31, “The GLM
Procedure,”for further details.

All variables in theclassification-effects specification must be contained in the
CLASS statement, since power and sample size analyses cover only tests and con-
trasts of class effects. You can account for covariates in the model by using
the NCOVARIATES=, CORRXY=, and PROPVARREDUCTION= options in the
POWER statement.

The MODEL statement is required. You can specify only one MODEL statement.

WEIGHT Statement

WEIGHT variable ;

The WEIGHT statement names a variable that provides a profile weight (“cell
weight”) for each observation in the exemplary data set specified by the DATA= op-
tion in the PROC GLMPOWER statement.

If the WEIGHT statement is not used, then a balanced design is assumed with default
cell weights of 1.

POWER Statement

POWER < options > ;

The POWER statement performs power and sample size analyses for the test of each
effect in the model defined by the MODEL statements and for the contrasts defined
by all CONTRAST statements.
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Summary of Options
Table 33.4summarizes categories of options available in the POWER statement.

Table 33.4. Summary of Options in the POWER Statement

Task Options
Specify significance level ALPHA=
Specify covariates CORRXY=

NCOVARIATES=
PROPVARREDUCTION=

Specify error standard deviation STDDEV=

Specify sample size NTOTAL=

Specify power POWER=

Control sample size rounding NFRACTIONAL
Control ordering in output OUTPUTORDER=

Table 33.5summarizes the valid result parameters.

Table 33.5. Summary of Result Parameters in the POWER Statement
Solve for Syntax
Power POWER =.

Sample size NTOTAL =.

Dictionary of Options

ALPHA= number-list
specifies the level of significance of each test. The default is 0.05, corresponding to
the usual 0.05¢< 100% = 5% level of significance. Note that this is a test-wise sig-
nificance level with the same value for all tests, without any corrections for multiple
testing. See th&Specifying Value Lists in the POWER Statemesgction on page
1805 for information on specifying theimber-list.

OUTPUTORDER=INTERNAL

OUTPUTORDER=REVERSE

OUTPUTORDER=SYNTAX
controls how the input and default analysis parameters are ordered in the output.
OUTPUTORDER=INTERNAL (the default) produces the following order.

¢ weight variable (from the WEIGHT statement)
e source (contrasts from CONTRAST statements, and model effects)
e ALPHA

e dependent variable (from the MODEL statement, representing scenarios for
cell means)

e NCOVARIATES
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CORRXY
PROPVARREDUCTION
STDDEV

NTOTAL

POWER

The OUTPUTORDER=SYNTAX option arranges the parameters in the output in the
same order as their corresponding options are specified in the POWER statement. The
OUTPUTORDER=REVERSE option arranges the parameters in the output in the
reverse order as their corresponding options are specified in the POWER statement.

CORRXY=number-list

specifies the multiple correlation between all covariates and the response. The
error standard deviation given by the STDDEV= option is consequently reduced
by multiplying it by a factor of(1 — pQ)%, provided the number of covariates (as
determined by the NCOVARIATES= option) is greater than zero. You cannot use
the CORRXY= and the PROPVARREDUCTION= options simultaneously. See the
“Specifying Value Lists in the POWER Statemesgction on page 1805 for infor-
mation on specifying theumber-list.

NCOVARIATES=number-list

specifies the number of covariates to assume as part of the model. This number
should be the sum of the number of continuous covariates and the number of levels
of all categorical covariates; in other words, the total degrees of freedom represented
by covariates. These covariates do not appear in the MODEL statement. The error
degrees of freedom are consequently reduced by the number of covariates, and the
error standard deviation (whose unadjusted value is provided with the STDDEV=
option) may be reduced according to the values supplied by the CORRXY= or
PROPVARREDUCTION= options. See th8pecifying Value Lists in the POWER
Statement’section on page 1805 for information on specifying tlamber-list.

NFRACTIONAL

enables fractional input and output for sample sizes. See"Slaenple Size
Adjustment Options’section on page 1805 for information on the ramifications of
the presence (and absence) of the NFRACTIONAL option.

NTOTAL= number-list

specifies the sample size or requests a solution for the sample size with a missing
value (NTOTAL=.). Values for the sample size must be no smaller than the model
degrees of freedom (counting the covariates). SeéShecifying Value Lists in the
POWER Statementection on page 1805 for information on specifyingtbmber-

list.

POWER= number-list

specifies the desired power of each test or requests a solution for the power with a
missing value (POWER=.). The power is expressed as a probability (for example,
0.9) rather than a percentage. Note that this is a test-wise power with the same value
for all tests, without any correction for multiple testing. See ‘tBpecifying Value
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Lists in the POWER Statemengection on page 1805 for information on specifying
the number-list.

PROPVARREDUCTION=number-list
specifies the proportional reduction) (in total R? incurred by the covariates; in
other words, the amount of additional variation explained by the covariates. The
error standard deviation given by the STDDEV= option is consequently reduced by
multiplying it by a factor of(1 — r)%, provided that the number of covariates (as
determined by the NCOVARIATES= option) is greater than zero. You cannot use
the PROPVARREDUCTION= and the CORRXY= options simultaneously. See the
“Specifying Value Lists in the POWER Statemesgction on page 1805 for infor-
mation on specifying theumber-list.

STDDEV=number-list
specifies the error standard deviation, or root MSE. If covariates are specified using
the NCOVARIATES= option, then the STDDEV= option denotes the error standard
deviation before accounting for these covariates. SeéSpecifying Value Lists

in the POWER Statemengection on page 1805 for information on specifying the
number-list.

Restrictions on Option Combinations

For the relationship between covariates and response, specify either the multiple cor-
relation (using the CORRXY= option) or the proportional reduction in tBafusing
the PROPVARREDUCTION= option).

PLOT Statement
PLOT < plot-options > < / graph-options > ;
The PLOT statement produces a graph or set of graphs for the sample size analysis

defined by the previous POWER statement. Ple-options define the plot charac-
teristics, and th@raph-options are SAS/GRAPH-style options.

Options

You can specify the followinglot-options in the PLOT statement.

INTERPOL=JOIN

INTERPOL=NONE
specifies the type of curve to draw through the computed points. The
INTERPOL=JOIN option connects computed points by straight lines. The
INTERPOL=NONE option leaves computed points unconnected.

KEY= BYCURVE < ( bycurve-options ) >

KEY= BYFEATURE < ( byfeature-options ) >

KEY= ONCURVES
specifies the style of key (or “legend”) for the plot. The default is
KEY=BYFEATURE, which specifies a key with a column of entries for each
used plot feature (line style, color, and/or symbol). Each entry shows the mapping
between a value of the feature and the value(s) of the analysis parameter(s) linked to
that feature. The KEY=BYCURVE option specifies a key with each row identifying
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a distinct curve in the plot. The KEY=ONCURVES option places a curve-specific
label adjacent to each curve.

You can specify the followingbyfeature-options in parentheses after the
KEY=BYCURVE option.

NUMBERS=0OFF

NUMBERS=0ON specifies how the key should identify curves. If NUMBERS=0OFF,
then the key includes symbol, color, and line style samples to iden-
tify the curves. If NUMBERS=0N, then the key includes numbers
matching numeric labels placed adjacent to the curves. The default
is NUMBERS=ON.

POS=BOTTOM

POS=INSET specifies the position of the key. The POS=BOTTOM option places
the key below the x-axis. The POS=INSET option places the key
inside the plotting region and attempts to choose the least crowded
corner. The default is POS=BOTTOM.

You can specify the following byfeature-options in parentheses after
KEY=BYFEATURE option.

POS=BOTTOM

POS=INSET specifies the position of the key. The POS=BOTTOM option places
the key below the x-axis. The POS=INSET option places the key
inside the plotting region and attempts to choose the least crowded
corner. The default is POS=BOTTOM.

MARKERS=ANALYSIS
MARKERS=COMPUTED
MARKERS=NICE
MARKERS=NONE
specifies the locations for plotting symbols.

The MARKERS=ANALYSIS option places plotting symbols at locations corre-
sponding to the values of the parameter associated with the “argument” axis (the axis
that isnot representing the parameter being solved for) from the POWER statement
preceding the PLOT statement.

The MARKERS=COMPUTED option (the default) places plotting symbols at the
locations of actual computed points from the sample size analysis (as opposed to
interpolated values).

The MARKERS=NICE option places plotting symbols at tick mark locations (corre-
sponding to the argument axis).

The MARKERS=NONE option disables plotting symbols.

MAX=number
specifies the maximum of the range of values for the parameter associated with the
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“argument” axis (the axis that iotrepresenting the parameter being solved for). The
default is the maximum value occurring for this parameter in the POWER statement
preceding the PLOT statement.

MIN=number
specifies the minimum of the range of values for the parameter associated with the
“argument” axis (the axis that ireotrepresenting the parameter being solved for). The
default is the minimum value occurring for this parameter in the POWER statement
preceding the PLOT statement.

NPOINTS=number
specifies the number of values for the parameter associated with the “argument” axis
(the axis that i;ot representing the parameter being solved for). You cannot use
the NPOINTS= and STEP= options simultaneously. The default value for typical
situations is 20.

STEP=number
specifies the increment between values of the parameter associated with the “argu-
ment” axis (the axis that iaot representing the parameter being solved for). You
cannot use the STEP= and NPOINTS= options simultaneously. By default, the
NPOINTS= option is used instead of the STEP= option.

VARY ( feature < BY parameter-list > ... feature < BY parameter-list > )
specifies how plot features should be linked to varying analysis parameters. Available
plotfeatures are COLOR, LINESTYLE, PANEL, and SYMBOL. A “panel” refers to
a separate plot with a heading identifying the subset of values represented in the plot.

The parameter-list is a list of one or more names separated by spaces. Each name
must match the name of an analysis option used in the POWER statement preceding
the PLOT statementr one of the following keywords: SOURCE (for the tests) and
DEPENDENT (for the cell means scenarios).

If you omit the< BY parameter-list > portion for a feature, then one or more multi-
valued parameters from the analysis will be automatically selected for you.

X=N

X=POWER
specifies a plot with the requested type of parameter on the x-axis and the parameter
being solved for on the y-axis. When X=N, sample size is assigned to the x-axis.
When X=POWER, power is assigned to the x-axis. You cannot use the X=and Y=
options simultaneously. The default is X=POWER, unless the result parameter is
power, in which case the default is X=N.

XOPTS= ( x-options )
specifies plot characteristics pertaining to the x-axis.

You can specify the following-options in parentheses.

CROSSREF=NO

CROSSREF=YESspecifies whether the reference lines defined by the REF=
option should turn at the intersection with each curve and extend
to the y-axis.
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REF=umber-list specifies locations for reference lines extending from the x-axis
across the entire plotting region. See tBpecifying Value Lists
in the POWER Statemensection on page 1805 for information
on specifying theaumber-list.

Y=N
Y=POWER

specifies a plot with the requested type of parameter on the y-axis and the parameter
being solved for on the x-axis. When Y=N, sample size is assigned to the y-axis.
When Y=POWER, power is assigned to the y-axis. You cannot use the Y= and X=
options simultaneously. By default, the X= option is used instead of the Y= option.

YOPTS= ( y-options )

specifies plot characteristics pertaining to the y-axis.

You can specify the following-options in parentheses.

CROSSREF=NO

CROSSREF=YESspecifies whether the reference lines defined by the R§F=
option should turn at the intersection with each curve and extend
to the x-axis.

REF=umber-list specifies locations for reference lines extending from the y-axis
across the entire plotting region. See tBpecifying Value Lists
in the POWER Statemensection on page 1805 for information
on specifying theaumber-list.

You can specify the followingraph-options in the PLOT statement after a slash (/).

DESCRIPTION="string ’

specifies a descriptive string of up to 40 characters that appears in the “Description”
field of the graphics catalog. The description does not appear on the plots. By default,
PROC GLMPOWER assigns a description either of the folrwérsusX” (for a
single-panel plot) or of the formY'versusX (S),” whereY is the parameter on the y-
axis, X is the parameter on the x-axis, aB@ a description of the subset represented
on the current panel of a multipanel plot.

NAME="string’

specifies a name of up to eight characters for the catalog entry for the plot. The default
name is PLOM, wheren is the number of the plot statement within the current invo-
cation of PROC GLMPOWER. If the name duplicates the name of an existing entry,
SAS/GRAPH software adds a number to the duplicate name to create a unique entry,
for example, PLOT11 and PLOT12 for the second and third panels of a multipanel
plot generated in the first PLOT statement in an invocation of PROC GLMPOWER.
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Detalls

Specifying Value Lists in the POWER Statement

To specify one or more scenarios for an analysis parameter (or set of parameters) in
the POWER statement, you provide a list of values attached to the option representing
the parameter(s). To identify the parameter you wish to solve for, you place missing
values in the appropriate list.

Scenarios for scalar-valued parameters, such as power, are representegiibgra
list.

Number-lists

A number-list can be one of two things: a series of one or more numbers expressed
in the form of one or more DOLISTSs, or a missing value indicator ( . ).

The DOLIST format is the same as in the DATA step language. For example, you
can specify four scenarios (30, 50, 70, and 100) for a total sample size in any of the
following ways.

NTOTAL
NTOTAL

30 50 70 100
30 to 70 by 20 100

A missing value identifies a parameter as the result parameter; it is valid only with
options representing parameters you can solve for in a given analysis. For example,
you can request a solution for NTOTAL:

NTOTAL = .

Sample Size Adjustment Options

Without the NFRACTIONAL option, sample sizes are rounded conservatively (down
in the input, up in the output) so that all total sizesd sample sizes for individual
design profiles are integers. In addition, all design profile sizes are adjusted to be
multiples of their corresponding weights. If a design profile is present more than once
in the exemplary data set, then the weights for that design profile are summed. For
example, if a particular design profile is present twice in the exemplary data set with
weight values 2 and 6, then all sample sizes for this design profile become multiples
of 2+ 6 = 8.

With the NFRACTIONAL option, sample size input is left alone, and sample size
results are reported in two versions, a raw “fractional” version and a “ceiling” version
rounded up to the nearest integer.

Whenever an input sample size is adjusted, both the original (“nominal”) and adjusted
(“actual”) sample sizes are reported. Whenever computed sample sizes are adjusted,
both the original input (“nominal”) power and the achieved (“actual”) power at the
adjusted sample size are reported.
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Error and Information Output

The Error column in the main output table explains reasons for missing results and
flags numerical results that are bounds rather than exact answers.

The Information column provides further details about Error entries, warnings about
any boundary conditions detected, and notes about any adjustments to input. Note
that the Information column is hidden by default in the main output. But you can view

it as the Info column in the Output data set by using the ODS OUTPUT statement
and the PRINT procedure. For example, the following SAS statements print both the
Error and Info columns for a power computation in a one-way ANOVA.

data MyExemp;
input A $ Y1 Y2;

datalines;
1 10 11
2 12 11
3 15 11

run;

proc glmpower data=MyExemp;
class A,
model Y1 Y2 = A;
power
stddev = 2
ntotal = 3 10
power =
ods output output=Power;
proc print data=Power;
var NominalNTotal NTotal Dependent Power Error Info;
run;

The output is shown ifigure 33.5

Nominal
Obs NTotal NTotal Dependent Power Error Info
1 3 3 Y1 . Invalid input Error DF=0
2 10 9 Y1 0.557156 Input N adjusted
3 3 3 Y2 . Invalid input Error DF=0 / No effect
4 10 9 Y2 0.050000 Input N adjusted / No effect

Figure 33.5.  Error and Information Columns
The sample size of 3 specified with the NTOTAL= option causes an “Invalid input”
message in the Error column and an “Error DF=0" message in the Info column, be-
cause a sample size of 3 is so small that there are no degrees of freedom left for the
error term. The sample size of 10 causes an “Input N adjusted” message in the Info
column because it is rounded down to 9 to produce integer group sizes of 3 per cell.



ODS Table Names ¢ 1807

The cell means scenario represented by the dependent varialdauses a “No ef-
fect” message to appear in the Info column, because the means in this scenario are all
equal.

Displayed Output

If you use the PLOTONLY option in the PROC GLMPOWER statement, the pro-
cedure only displays graphical output. Otherwise, the displayed output of the
GLMPOWER procedure includes the following.

¢ the description of the statistical analysis

¢ the “Fixed Scenario Elements” table, which shows all applicable single-valued
analysis parameters, in the following order: the weight variable, the source
of the test, parameters input explicitly, parameters supplied with defaults, and
ancillary results

e an output table showing the following when applicable (in order): the index of
the scenario, the source of the test, all multivalued input, ancillary results, the
primary computed result, and error descriptions

e plots (if requested)
Ancillary results include the following.

e Actual Power, the achieved power, if it differs from the input (Nominal) power
value

e fractional sample size, if the NFRACTIONAL option is used in the analysis
statement

If sample size is the result parameter and the NFRACTIONAL option is used in
the analysis statement, then both “Fractional” and “Ceiling” sample size results are
displayed. Fractional sample sizes correspond to the “Nominal” values of power or
precision probability. Ceiling sample sizes are simply the fractional sample sizes
rounded up to the nearest integer; they correspond to “Actual” values of power or
precision probability.

ODS Table Names

PROC GLMPOWER assigns a name to each table that it creates. You can use these
names to reference the table when using the Output Delivery System (ODS) to select
tables and create output data sets. These names are listatdln33.6 For more
information on ODS, se€hapter 14, “Using the Output Delivery System.”

Table 33.6. ODS Tables Produced in PROC GLMPOWER
ODS Table Name Description Statement
FixedElements factoid with single-valued analydefault
Sis parameters
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Table 33.6. (continued)

ODS Table Name Description Statement

Output all input and computed analysisiefault
parameters, error messages, and
information messages for each
scenario

PlotContent data contained in plots, includinLOT
analysis parameters and indices
identifying plot features

The ODS path names are created as follows.

e Glmpower.Powers>.FixedElements
e Glmpower.Powers>.Output

e Glmpower.Powers>.PlotContent

e Glmpower.Powers>.Plot<>

where

e The Plot®> objects are the actual plots.

e The <»> indexing the Power statement is only used if there is more than one

instance.

e The <> indexing the plots increases with every panel in every plot statement,

resetting to 1 only at new analysis statements.

Mathematical Methods and Formulas

This section describes the approaches used in PROC GLMPOWER to compute power
for each analysis. Unless otherwise indicated, computed values for parameters be-
sides power (for example, sample size) are obtained by solving power formulas for

the desired parameters.

Contrasts in Fixed-Effect Univariate Models

The univariate linear model is

y=XB+e€

wherey is the N x 1 vector of response is the N x p, design matrix3 is the
pz X 1 vector of model parameters corresponding to the columi§,ainde is an

N x 1 vector of errors with

€1,...,en ~N(0,0?) (i.i.d.)
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The general linear hypothesis for the univariate model is

HU : LB:00
Hy : LB+#06g

whereL is anry, x p, contrast matrix (assumed to be full rank), afydis the null
value (usually just a vector of zeroes). Note that effect tests are just contrasts using
special forms oL. Thus, this scheme covers both effect tests and custom contrasts.

The test statistic is the following:

(=)

F=

5-2
where
SSH = %(LB—&O)/(L(X’X)AL’)A (LB—&O)
B = (X'X)'X'y
¢ (o) (v x)

wherer,, is the rank ofX (and equal t,. if X is full-rank).
UnderHy, F ~ F(rp, N —ry).

In PROC GLMPOWER, the model parametgrsare not specified directly, but rather
indirectly asy*, which represents either conjectured response means or typical re-
sponse values for each design profile. Jtevalues are manifested as the dependent
variable in the MODEL statement. The vectdis obtained fromy™ according to the
least squares equation,

B =(XX)"X'y*

Note that, in general, there is not a 1-1 mapping betweeand 3. Many different
scenarios foy* may lead to the sam@. If you specifyy* with the intention of repre-
senting cell means, keep in mind that PROC GLMPOWER will allow scenarios that
arenot valid cell means according to the model specified in the MODEL statement.
For example, ify* possesses an interaction effect but the corresponding interaction
term is left out of the model, then the cell measd) derived from3 will differ

from y*. In particular, the cell means thus derived are the projectigy*ainto the
model space.

It is convenient in power analysis to parameterize the design nitixthree parts,
{X,w, N}, defined as follows.

1. Theq x p, essence design matrK is the collection of unique rows &. Its
rows are sometimes referred to as “design profiles.” Herg, N is defined
simply as the number of unique rows Xf
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2. Theg x 1 weight vectorw reveals the relative proportions of design profiles.
Row: of X is to be included in the design; times for everyw; times row; is
included. The weights are assumed to be standardized (i.e., sum up to 1).

3. The total sample size i8/. This is the number of rows iX. If you gather
Nw; = n; copies of the'" row of X, fori = 1,..., ¢, then you end up with
X.

It is useful to express the the cross-product maXiX in terms of these three parts,

X'X = NX'diag(w)X
since this factors out the portiorV() depending on sample size and the portion
(X'diag(w)X) depending only on the design structure.

UnderH 4, the test statistié¢” is distributed ag”'(rr, N — 5, A) with noncentrality

. N\ —1 -1
A= N (LB — bo) (L (X’diag(w)X) L’) (LB — 6p) o2
Muller and Peterson (1984) give the exact power of the test as
power= P (F(rp, N — 13, A) > Fi_o(rp, N —ry))
Refer to Muller et al. (1992) and O’Brien and Shieh (1992) for additional discussion.

Adjustments for Covariates

If you specify covariates in the model (whether continuous or categorical), then two
adjustments are made in order to compute approximate power in the presence of the
covariates. Leh, denote the number of covariates (counting dummy variables for
categorical covariates individually). In other words,is the total degrees of freedom
used by the covariates. The adjustments are the following.

1. The error degrees of freedom decreases hy

2. The error standard deviatiom shrinks by a factor of(1 — pz)% (if the
CORRXY= option to specify the correlation between covariates and re-

sponse) of1 — r)% (if the PROPVARREDUCTION= option is used to specify
the proportional reduction in totdt? incurred by the covariates). Let rep-
resent the updated value ©f

As a result of these changes, the power is computed as
power= P (F(rp, N —ry —ny,\*) > F1_o(rp, N —ry —ny))

where)\* is calculated using™ rather tharv:

X = N (LB — 6o) (L (X’diag(w)X>_1 L’) - (LB —6p) (0%) 2
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Examples

Example 33.1. One-Way ANOVA

This example duplicateExample 56.1on page 3243 o€hapter 56, “The POWER
Procedure,”using PROC GLMPOWER to perform the same sample size analysis.

Hocking (1985, p. 109) describes a study of the effectiveness of electrolytes in reduc-
ing lactic acid build-up for long-distance runners. You are planning a similar study
in which you will allocate five different fluids to runners on a 10-mile course and
measure lactic acid build-up immediately after the race. The fluids consist of water
and two commercial electrolyte drinks, A and B, each prepared at two concentrations,
low (Al and B1) and high (A2 and B2).

You conjecture that the standard deviation of lactic acid measurements given any
particular fluid is about 3.75, and that the expected lactic acid values will correspond
roughly toTable 33.7 You are least familiar with the B1 drink and hence decide to
consider reasonable upper and lower values for that mean.

Table 33.7. Mean Lactic Acid Build-up by Fluid
Water Al A2 Bl B2
35.6 337 30.2 290r28 250

You are interested in four different comparisons, showreible 33.8vith appropriate
contrast coefficients.

Table 33.8.  Planned Comparisons

Contrast Coefficients
Comparison Water A1 A2 Bl B2
Water versus electrolytes 4 -1 -1 1 -1
A versus B 0 1 1 -1 -
Al versus A2 0 1 -1 0 0
B1 versus B2 0 0 0 1 -1

For each of these contrasts you want to determine the sample size required to achieve
a power of 0.9 to detect an effect with magnitude accordinigatie 33.7 You are not

yet attempting to choose a single sample size for the study, but rather checking the
range of sample sizes needed by individual contrasts. You plan to test each contrast
ata = 0.025. You will provide twice as many runners with water as with any of the
electrolytes; that is, you will use a sample size weighting scheme of 2:1:1:1:1.

Before calling PROC GLMPOWER, you need to create ¢kemplary data seb
specify means and weights for the design profiles:

data Fluids;
input Fluid $ LacticAcidl LacticAcid2 CellWgt;
datalines;
Water 35.6 35.6 2
Al 33.7 33.7 1
A2 30.2 30.2 1

Bl 29 28 1
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B2 25.9 25.9 1

run;

The variabld_acticAcidl represents the cell means scenario with the larger B1 mean
(29), andLacticAcid2 represents the scenario with the smaller B1 mean (28). The
variableCellWgt contains the sample size allocation weights.

Use the DATA= option in the PROC GLMPOWER statement to spdélifyds as the
exemplary data set. Identifyluid as a classification variable with the CLASS state-
ment. Specify the model using the MODEL statement, including both cell means
scenariod.acticAcidl andLacticAcid2 as dependent variables. IdentBellWgt

as the weight variable using the WEIGHT statement. Specify the contrasts with the
CONTRAST statement. In doing so, keep in mind that PROC GLMPOWER pro-
cesses class levels in order of formatted values. Thus you need to order the contrast
coefficients to correspond to the following order: Al, A2, B1, B2, Water. Use the
POWER statement to specify total sample size as the result parameter and provide
values for the other analysis parameters (error standard deviation, alpha, and power).

proc glmpower data=Fluids;
class Fluid;
model LacticAcidl LacticAcid2 = Fluid;
weight CellWgt;

contrast "Water vs. electrolytes” Fluid -1 -1 -1 -1 4;
contrast "A vs. B" Fluid 1 1-1-10¢0;
contrast "Al vs. A2" Fluid 1-1 0 00
contrast "B1 vs. B2" Fluid 0O 0 1-10;
power

stddev = 3.75

alpha = 0.025

ntotal = .

power = 0.9;

run;

The NTOTAL= option in the POWER statement identifies total sample size as the
result parameter with a missing value (.). The STDDEV= option specifies an er-
ror standard deviation of 3.75; the ALPHA= option specifies a significance level of
0.025; and the POWER= option specifies a target power of 0.9.

Output 33.1.displays the results.
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Output 33.1.1.  Sample Sizes for One-Way ANOVA Contrasts

The GLMPOWER Procedure
Tests of contrasts and effects in the fixed-effects general linear model

Fixed Scenario Elements

Weight Variable CellWgt
Alpha 0.025
Error Standard Deviation 3.75
Nominal Power 0.9

Computed N Total

Test Error Actual N
Index Source Dependent DF DF Power Total
1 Water vs. electrolytes LacticAcidl 1 25 0.946500 30
2 Water vs. electrolytes LacticAcid2 1 19 0.901344 24
3 Avs. B LacticAcidl 1 55 0.928644 60
4 Avs. B LacticAcid2 1 43 0.921942 48
5 Al vs. A2 LacticAcidl 1 169 0.900801 174
6 Al vs. A2 LacticAcid2 1 169 0.900801 174
7 B1 vs. B2 LacticAcidl 1 217 0.902098 222
8 Bl vs. B2 LacticAcid2 1 475 0.901643 480
9 Fluid LacticAcidl 4 25 0.958477 30
10 Fluid LacticAcid2 4 25 0.971701 30

The sample sizes range from 24 for the comparison of water versus electrolytes to 480
for the comparison of B1 versus B2, both assuming the smaller B1 mean. The sample
size for this latter comparison is relatively large because the small mean difference
of 28 — 25.9 = 2.1 is hard to detect. PROC GLMPOWER also includes the effect
test forFluid. Note that, in this case, it is equivalent to TEST=OVERAIH.in the
ONEWAYANOVA statement of PROC POWER, since there is only one effect in the
model.

The Nominal Power of 0.9 in the Fixed Scenario Elements tabl@utput 33.1.1
represents the input target power, and the Actual Power column in the Computed N
Total table is the power at the sample size (N Total) adjusted to achieve the speci-
fied sample weighting exactly. Note that all of the sample sizes are rounded up to
multiples of 6 to preserve integer group sizes (since the group weights add up to 6).
You can use the NFRACTIONAL option in the POWER statement to compute raw
fractional sample sizes.

Suppose you want to plot the required sample size for the range of power values from
0.5 to 0.95. First, define the analysis by specifying the same statements as before,
but add the PLOTONLY option to the PROC GLMPOWER statement to disable the
non-graphical results. Next, specify the PLOT statement with X=POWER to request
a plot with power on the x-axis. (The result parameter, here sample size, is always
plotted on the other axis). Use the MIN=and MAX= options in the PLOT statement
to specify the power range.



1814 ¢ Chapter 33. The GLMPOWER Procedure (Experimental)

proc glmpower data=Fluids plotonly;
class Fluid;
model LacticAcidl LacticAcid2 = Fluid,
weight CellWgt;

contrast "Water vs. electrolytes” Fluid -1 -1 -1 -1 4;
contrast "A vs. B" Fluid 1 1-1-10;
contrast "Al vs. A2" Fluid 1-1 0 00
contrast "B1 vs. B2" Fluid 0 0 1-10;
power

stddev = 3.75

alpha = 0.025

ntotal =

power = 0.9;
plot x=power min=.5 max=.95;

run;

SeeOutput 33.1.%or the resulting plot.

Output 33.1.2.  Plot of Sample Size versus Power for One-Way ANOVA Contrasts
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In Output 33.1.2the line style identifies the test, and the plotting symbol identifies the
cell means scenario. The plotting symbol locations identify actual computed powers;
the curves are linear interpolations of these points. The plot shows that the required
sample size is highest for the test of B1 versus B2, for either cell means scenario.

Note that some of the plotted points @utput 33.1.2are unevenly spaced. This is
because the plotted points are tloeindedsample size results at their correspond-
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ing actual power levels. The range specified with the MIN= and MAX= values
in the PLOT statement correspondriominal power levels. In some cases, actual
power is substantially higher than nominal power. To obtain plots with evenly spaced
points (but withfractional sample sizes at the computed points), you can use the
NFRACTIONAL option in the POWER statement preceding the PLOT statement.

Finally, suppose you want to plot the power for the range of sample sizes you will
likely consider for the study (the range of 24 to 480 that achieves 0.9 power for
different comparisons). Define the analysis in PROC GLMPOWER by specifying
the DATA= and PLOTONLY options on the PROC GLMPOWER statement, the
MODEL statement, the WEIGHT statement, and the CONTRAST statements as be-
fore. In the POWER statement, identify power as the result (POWER=.), and specify
NTOTAL=24. Use the STDDEV= and ALPHA= options as before. Specify the
PLOT statement with X=N to request a plot with sample size on the x-axis. Use the
MIN=and MAX= options in the PLOT statement to specify the sample size range.

proc glmpower data=Fluids plotonly;
class Fluid;
model LacticAcidl LacticAcid2 = Fluid;
weight Cellwgt;
contrast "Water vs. electrolytes" Fluid -1 -1 -1 -
contrast "A vs. B" Fluid 1
contrast "Al vs. A2" Fluid 1-
contrast "B1 vs. B2" Fluid 0
power
stddev
alpha
ntotal = 2
power = ;
plot x=n min=24 max=480;
run;

3.75
0.025
4

Note that the value specified with the NTOTAL= option (24) is not used. It is over-
ridden in the plot by the MIN= and MAX= options in the PLOT statement, and the
PLOTONLY option in the PROC GLMPOWER statement disables non-graphical re-
sults. But the NTOTAL= option (along with a value) is still needed in the POWER
statement as a placeholder, to identify the desired parameterization for sample size.

SeeOutput 33.1.3or the plot.
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Output 33.1.3.  Plot of Power versus Sample Size for One-Way ANOVA Contrasts
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AlthoughOutput 33.1.2andOutput 33.1.3urface essentially the same computations
for practical power ranges, they each provide a different quick visual assessment.
Output 33.1.Zeveals the range of required sample sizes for powers of interest, and
Output 33.1.3eveals the range of powers achieved for sample sizes of interest.

Example 33.2. Two-Way ANOVA with Covariate

Suppose you can enhance the planned study discusEedimple 33.Jon page 1811
in two ways:

e Incorporate results from races at two different altitudes (“high” and “low”).
e Measure the body mass of each runner before the race.

This is equivalent to adding a second fixed effect and a continuous covariate to your
model.

Since lactic acid build-up is more pronounced at higher altitudes, you will include
altitude as a factor in the model along with fluid, extending the one-way ANOVA
to a two-way ANOVA. In doing so, you expect to lower the residual standard de-
viation from about 3.75 to 3.5 (in addition to generalizing the study results). You
assume there is negligible interaction between fluid and altitude and plan to use a
main-effects-only model. You conjecture that the mean lactic acid build-up follows
Table 33.9
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Table 33.9. Mean Lactic Acid Build-up by Fluid and Altitude
Fluid

Altitude | Water Al A2 Bl B2
High 369 350 315 30 271
Low 343 324 289 27 247

By including a measurement of body mass as a covariate in the study, you hope to
further reduce the error variability. The extent of this reduction in variability is com-
monly expressed in two alternative ways: (1) the correlation between the covariates
and the response or (2) the proportional reduction in t&faincurred by the co-
variates. You prefer the former and guess that the correlation between body mass
and lactic acid build-up is between 0.2 and 0.3. You specify these estimates with the
NCOVARIATES= and CORRXY= options in the POWER statement. The covariate
is not included in the MODEL statement.

You are interested in the same four fluid comparisons &xample 33.1shown in
Table 33.80n page 1811, except this time you want to marginalize over the effect of
altitude.

For each of these contrasts, you want to determine the sample size required to achieve
a power of 0.9 to detect an effect with magnitude accordinigatde 33.9 You are not

yet attempting to choose a single sample size for the study, but rather checking the
range of sample sizes needed by individual contrasts. You plan to test each contrast
ata = 0.025. You will provide twice as many runners with water as with any of the
electrolytes, and you predict that you can study approximately 2/3 as many runners at
the high altitude than at the low altitude. The resulting planned sample size weighting
scheme is shown ifiable 33.10 Since the scheme is only approximate, you use the
NFRACTIONAL option in the POWER statement to disable the rounding of sample
sizes up to integers satisfying the weights exactly.

Table 33.10.  Approximate Sample Size Allocation Weights

Fluid
Altitude | Water A1 A2 Bl B2
High 4 2 2 2 2
Low 6 3 3 3 3

First, you create the exemplary data set to specify means and weights for the design
profiles:

data Fluids2;

input Altitude $ Fluid $ LacticAcid Cellwgt;

datalines;
High Water 36.9 4
High Al 35.0 2
High A2 315 2
High B1 30 2
High B2 27.1 2
Low Water 34.3 6
Low Al 324 3
Low A2 28.9 3

Low Bl 27 3
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Low B2 24.7 3

run;

The variablesAltitude, Fluid, andLacticAcid specify the factors and cell means in
Table 33.9 The variableCellWgt contains the sample size allocation weights in
Table 33.10

Use the DATA= option in the PROC GLMPOWER statement to speeifyds2 as

the exemplary data set. Identiltitude andFluid classification variables with the
CLASS statement. Specify the model using the MODEL statement, and identify
Cellwgt as the weight variable using the WEIGHT statement. Specify the contrasts
in Table 33.8on page 1811 with the CONTRAST statement. A€ixample 33.1

order the contrast coefficients in order of formatted class levels (A1, A2, B1, B2,
Water). Use the POWER statement to specify total sample size as the result param-
eter and provide values for the other analysis parameters (error standard deviation,
number of covariates, correlation between covariate and response, alpha, and power).

proc glmpower data=Fluids2;
class Altitude Fluid;
model LacticAcid = Altitude Fluid;
weight CellWgt;
contrast "Water vs. electrolytes" Fluid -1 -1 -1 -1
contrast "A vs. B" Fluid 1 1
contrast "Al vs. A2" Fluid 1-1
contrast "B1 vs. B2" Fluid 0 0
power
nfractional
stddev = 35
ncovariates = 1
corrxy =
alpha =
ntotal = .
power = 0.9;

4:

=
=

= O

O

run;

The NCOVARIATES= option specifies the single covariate (body mass), and the
CORRXY= option specifies the two scenarios for its correlation with lactic acid
build-up (0.2 and 0.3).

Output 33.2.Mdisplays the results.
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Sample Sizes for Two-Way ANOVA Contrasts
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Tests of contrasts and effects in the fixed-effects general linear model

Fixed Scenario Elements

Weight Variable Cellwgt
Alpha 0.025
Dependent Variable LacticAcid
Number of Covariates 1
Std Dev Without Covariate Adj 35
Nominal Power 0.9
Computed Ceiling N Total
Adj Adj
Corr Std  Test  Error Fractional
Index Source XY Dev DF DF N Total
1  Water vs. electrolytes 0.2 3.43 1 15 21.720195
2 Water vs. electrolytes 0.3 3.34 1 14 20.848805
3 A vs. B 0.2 3.43 1 35 41.657424
4 Avs. B 0.3 3.34 1 33 39.674037
5 Al vs. A2 0.2 3.43 1 139 145.613657
6 Al vs. A2 0.3 3.34 1 132 138.173983
7 Bl vs. B2 0.2 3.43 1 268 274.055008
8 Bl vs. B2 0.3 3.34 1 253 259.919126
9  Altitude 0.2 3.43 1 84 90.418451
10  Altitude 0.3 3.34 1 79 85.862649
11 Fluid 0.2 3.43 4 16 22.446173
12 Fluid 0.3 3.34 4 15 21.687544
Computed Ceiling N Total
Actual Ceiling
Index Source Power N Total
1  Water vs. electrolytes  0.904987 22
2 Water vs. electrolytes  0.902893 21
3 Awvs B 0.902740 42
4 Avs. B 0.902755 40
5 Al vs. A2 0.900833 146
6 Al vs. A2 0.901870 139
7 Bl vs. B2 0.901071 275
8 Bl vs. B2 0.900097 260
9  Altitude 0.902036 91
10  Altitude 0.900511 86
11 Fluid 0.912294 23
12 Fluid 0.907508 22

The sample sizes i@utput 33.2.Trange from 21 for the comparison of water versus
electrolytes (assuming a correlation of 0.3 between body mass and lactic acid build-
up) to 275 for the comparison of B1 versus B2 (assuming a correlation of 0.2). PROC

GLMPOWER also includes the effect tests faltitude and Fluid. Note that the
required sample sizes for this study are lower than those for the stulyample

33.1
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Note that the error standard deviation has been reduced from 3.5 to 3.43 (when cor-
relation is 0.2) or 3.34 (when correlation is 0.3) in the approximation of the effect of
the body mass covariate. The error degrees of freedom has also been automatically
adjusted, lowered by 1 (the number of covariates).

Suppose you want to plot the required sample size for the range of power values from
0.5 to 0.95. First, define the analysis by specifying the same statements as before,
but add the PLOTONLY option to the PROC GLMPOWER statement to disable the
non-graphical results. Next, specify the PLOT statement with X=POWER to request
a plot with power on the x-axis. Sample size is automatically placed on the y-axis.
Use the MIN=and MAX= options in the PLOT statement to specify the power range.

proc glmpower data=Fluids2 plotonly;
class Altitude Fluid;
model LacticAcid = Altitude Fluid;
weight CellWgt;
contrast "Water vs. electrolytes" Fluid -1 -1 -1 -1
contrast "A vs. B" Fluid 1 1
contrast "Al vs. A2" Fluid 1-1
contrast "B1 vs. B2" Fluid 0 O
power
nfractional
stddev = 35
ncovariates = 1
corrxy =
alpha =
ntotal = .
power = 0.9;
plot x=power min=.5 max=.95;
run;

4.

=
=

= O

O

SeeOutput 33.2.%or the plot.
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Output 33.2.2.  Plot of Sample Size versus Power for Two-Way ANOVA Contrasts
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In Output 33.1.2the line style identifies the test, and the plotting symbol identifies
the scenario for the correlation between covariate and response. The plotting symbol
locations identify actual computed powers; the curves are linear interpolations of
these points. As iltxample 33.1the required sample size is highest for the test of
B1 versus B2.

Finally, suppose you want to plot the power for the range of sample sizes you will
likely consider for the study (the range of 21 to 275 that achieves 0.9 power for
different comparisons). Define the analysis in PROC GLMPOWER by specifying
the DATA= and PLOTONLY options on the PROC GLMPOWER statement, the
MODEL statement, the WEIGHT statement, and the CONTRAST statements as be-
fore. In the POWER statement, identify power as the result (POWER=.), and specify
NTOTAL=21. Specify the PLOT statement with X=N to request a plot with sample
size on the x-axis. Set the MAX= option in the PLOT statement to 275. The MIN=
option will automatically default to the value of 21 from the NTOTAL= option in the
POWER statement.

proc glmpower data=Fluids2 plotonly;
class Altitude Fluid;
model LacticAcid = Altitude Fluid;
weight CellWgt;

contrast "Water vs. electrolytes” Fluid -1 -1 -1 -1 4;
contrast "A vs. B" Fluid 1 1-1-10;
contrast "Al vs. A2" Fluid 1-1 0 O0O¢;
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contrast "B1 vs. B2"
power

Fluid 0O 0 1-10;
nfractional
stddev
ncovariates = 1
corrxy =
alpha =
ntotal =
power =

plot x=n min=21 max=275;
run;

SeeOutput 33.2.3or the plot.

Output 33.2.3.
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Plot of Power versus Sample Size for Two-Way ANOVA Contrasts
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AlthoughOutput 33.2.22ndOutput 33.2.3urface essentially the same computations
for practical power ranges, they each provide a different quick visual assessment.
Output 33.2.Zeveals the range of required sample sizes for powers of interest, and
Output 33.2.3eveals the range of powers achieved for sample sizes of interest.
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