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BIOM 602 PAIRWISE MEAN COMPARISONS, Chapter # 3
MEAN CONTRASTS and ESTIMATE STATEMENTS

This week we will examine pairwise mean comparison procedures, ESTIMATE statements, and
CONTRAST statements to compare means.  I believe that there are four issues that you should
consider as you develop your own approach for the use of mean comparison procedures:  1) 
comparisonwise vs. experimentwise error rates,  2) the relative importance of protecting against
type I vs. type II errors, 3) selective testing, and 4) over testing.  As you work your way through
the lecture and lab materials you should be able to evaluate these issues and a number of less
important issues as they relate to your research and to the published research that you read.   

1)  Comparisonwise error rate, "C, is the proportion of comparisons that results in type I errors
for a given dependent variable over repetitions of the experiment.  While experimentwise error

rate, "E, (or familywise) is the proportion of experiments (families) that contain type I errors for a
given dependent variable (or all variables) over repetitions of the experiment.  I believe that the
choice between these two error rates should depend on whether the question being asked is a
comparisonwise question or an experimentwise question.  An example of each should help
clarify the point.  A) Suppose we are examining five diets that are thought to improve the
absorption of a certain nutrient from the digestive system.  The objective of the study is to
identify the diet (if any) that results in the greatest absorption of the nutrient.  This is not an
experimentwise question, that is, to conclude that not all treatment means are equal would not
answer the question.  Rather the objective of the study dictates that individual means must be
compared in order to answer the objective of the study.  B) Now suppose that we are examining
the response to a drug.  The experiment includes a non-treated control (zero dosage level) and
four drug dosage levels in the relevant range.  The objective of the study is to determine if the
drug produces an effect on the response variable.  This is not a comparisonwise hypothesis, since
the objective of this study would be answered by rejection of the overall null hypothesis of no
differences among the drug treatment means.  The objective does not ask which level produces
the greatest dose effect.

2)  Evaluation of the relative importance of protecting against type I vs. type II errors involves
two considerations: a) the seriousness of the two types of errors and b) exposure to (risk of) the
two types of errors.  Generally these two considerations must be evaluated by scientists in the
given area of research.  The first consideration is generally discussed in basic statistics texts
when hypothesis testing is first introduced.  The second is frequently ignored.  Remember that
you can only commit a type I error when the null hypothesis is true and a type II error when the
null hypothesis is false.  Why then would one choose a hypothesis testing procedure that protects
against making type I error if the likelihood of a true null hypothesis is very small and/or the
consequences of making a type I error is not serious?  In research areas where it is reasonable to
assume that the null hypothesis is seldom true and/or type I errors are not very serious, one
should choose hypothesis testing procedures that provide high sensitivity to decrease the type II
error rate and as a result ignore type I error rates, since they would be relatively unimportant in
this case.  Of course the reverse research situation also exists and in such cases the researcher
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should select methods that protect against type I errors at the expense of type II errors.     

3) A posteriori selective testing can produce a serious distortion of the probabilities associated
with a hypothesis testing procedures.  This is essentially the issue that is commonly referred to as
a priori vs a posteriori or planned vs. unplanned comparisons, although these terms often lead to 
confusion.  Neither selective testing nor a posteriori testing individually distort the associated
test probabilities, rather it is the combination of two that causes the inflated type I error rates.  In
fact, statisticians encourage selective testing.  Statisticians recommend that tests of hypotheses
should be driven by the objectives of your study.  For example, the researcher should write down
the specific hypotheses that will answer the objectives of the study before the experiment is
actually started.  Selective testing distorts the test probabilities only when the researcher allows
the results of the study to determine which hypotheses will be tested.  Once the researcher is
influence by what is happening in the study then the researcher is likely to include only those
comparisons where treatments appear to be different.  Since differences that are the result of
unusual random sampling are also more likely to be included, the actual type I error rate will
probably be greater than the designated " value.  Selective testing should be done only when it is
part of the research plan that is completed prior to any possible influence from the current
experiment.  Planned (a priori) comparisons may also be all possible pairwise comparisons if
this is what is required to answer the objectives of the study.  If no comparisons were planned
then the researcher should choose some logical set of comparisons  (i.e., the factorial set of
contrasts, orthogonal polynomials, or all pairwise) and complete all the tests in that set and not
some selected tests from the set.  In this latter case it may still be necessary to adjust the
probabilities to convince your colleagues that you are not some how distorting the test
probabilities. 

4)  Over testing is considered a serious problem in many areas of research.  This problem has
incorrectly been associated with independent vs. dependent contrasts.  Frequently you will find
that dependent contrasts are criticized because they have high type I error rates.  The fact is that
given the same number of dependent or independent contrasts, the probability of a type I error
will always be greater for the set of independent contrasts.  The problem is one of conducting too
many tests, which is not likely to occur with independent contrasts, since contrasts cannot be
independent when the number of contrasts exceed the number of treatment degrees of freedom (t-
1).  While with dependent contrasts the research frequently includes more than t-1 contrast,
sometimes many more.  Why shouldn't one be allowed to conduct as many tests as is necessary to
meet the objectives of his study, so long as he does not exceed the type I error rate allowed for
independent contrast?  This may require that the researcher adjust the " value for the tests of
large sets of dependent comparisons, but many of the recommend adjustments that are given in
basic statistics texts result in an unnecessarily low levels of type I error rates.
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Pairwise mean comparison procedures in SAS

Using MIXED:  Pairwise mean comparison
procedures in MIXED are OPTIONS of the
LSMEANS statements.

LSMEANS <sources of variation> / pdiff
 pdiff=control   pdiff=controll

pdiff=controlu   adjust=smm
adjust=sidak   adjust=tukey 
adjust=bon   adjust=simulate
adjust=scheffe;

These statements are inserted after the model
statement.

In the MIXED procedure the LSMEANS statement
provides pairwise mean comparisons.  The PDIFF
option provides pairwise tests by computing
probabilities for t-tests using the appropriate
estimate of experimental error.  This is the same as
the LSD test.  Since the procedure prints the
probability for each pairwise comparison, any
pairwise comparison procedure can be obtained if
one knows the relationship between t-test
probabilities and the probabilities for the procedure
desired.  SAS has a number of these procedures
available through the ADJUST option, which
provides probabilities adjusted to reflect the
selected procedure.   

Using ESTIMATE statements to estimate mean
differences and test the hypothesis of no
difference.

ESTIMATE '<label>' <source of
 variation> <c1 c2 . . . ct>/divisor=#;

ESTIMATE statements can be used to estimate
many kinds of effects.  Later in the semester we will
estimate interaction effects and means for
combinations of treatment means, regression
slopes, etc.  This week our interest is in estimating
differences between pairs of treatment means or
between combinations of treatment means.  You
provide the label, which is simply a literal label for
the output (does not have any effect on any
computed values), identify the source of variation
on which you wish to write contrasts, and provide
coefficients for the treatment levels that test the
hypotheses of interest.  The output provides an
estimate of the effect, mean difference, the standard
error of the effect, the t-test and the probability for
the hypothesis of no difference.  The DIVISOR
option allows you to enter integer numbers as
coefficients, but to get the correct estimates of the
differences, the +c must sum to 1 and the -c must
sum to  -1.

Using CONTRAST statements to compare
treatment means

CONTRAST '<label>' <source of
variation> <c1 c2 . . . ct>;

CONTRAST statements can be used for many types
of mean comparisons, including pairwise
comparisons, comparisons of the means for one or
more treatments vs. the means for one or more
treatments, interaction contrast, or polynomial
contrasts for quantitative treatments.  The output
provides ndf, ddf, F ratio and probability for the
hypothesis of no effect.
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SAS program and listing for example mean comparison procedures COMMENTS

1    TITLE1  Y o u r   N a m e ;

2    

3    OPTIONS LS=66 PS=52 PAGENO=1;

4

5    TITLE2 Insecticide Comparison Study;

6    TITLE3 Data are Number of Dead Citrus Snout Beetles;

7    DATA orig;

8    INPUT trt dead;

9    LINES;

Data lines are here in the program 

35   RUN;

NOTE: The data set WORK.ORIG has 25 observations and 2 variables.

Program lines 1-154 are from LAB #1 and LAB #2 example

programs.  They are repeated here to make the program

complete.  Refer to LAB #1 and LAB #2 for further

explanation.

37   /*

38   TITLE4 Print of original data;

39   PROC PRINT DATA=orig;

40   QUIT;

41

42   TITLE4 Descriptive statistics;

43   PROC MEANS N MEAN VAR STDERR MIN MAX DATA=orig;

44   CLASS trt;

45   VAR dead;

46   QUIT;

47

48   TITLE4 Anova for a completely randomized design;

49   PROC MIXED DATA=orig COVTEST;

50   CLASS trt;

51   MODEL dead = trt / DDFM=KR OUTP=resids;

52   LSMEANS trt;

53   QUIT;

54

55

56   ***  End of LAB #1 example program;

In last week’s example program we illustrated how an * can

be used to include comments in your program.  Some times it

is also useful to use the * to prevent a statement from

executing.  Then the * can easily be removed if you wish to

execute the statement on later runs.  You can also prevent

a portion of a statement, a statement or several statements

from executing by starting the non executed section with a

/* and finishing it with a */.  I have used the /* . . . */

to block out portions of the program that were discussed

during the last two weeks, but is not essential to this

week’s example program.
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67   *********************************************************

68   ***  The preceding portion of the program is from     ***

69   ***  CRD1.  This week’s example program is simply a   ***

60   ***  continuation of the program started last week.  ***

61   *********************************************************;

62

63   ***  Start of LAB #2 example program;

64

65   TITLE5 Observed, predicted and residual values;

66   PROC PRINT DATA=resids;                                       

67   QUIT;                                                         

68                                                                 

69   TITLE5 Plots of number dead or residuals vs treatment;

70   TITLE6 and plot of residuals vs predicted values;

71   PROC GPLOT DATA=resids;

72   PLOT DEAD*trt;

73   PLOT RESID*PRED

74        RESID*trt

75      / VREF=0;

76   QUIT;

77

78

79   TITLE3 Data are the Number of Dead Citrus Snout Beetles;

80   TITLE4 Using MIXED to partition error variance;

81   PROC MIXED DATA=orig COVTEST;

82   CLASS trt;

83   MODEL dead = trt / DDFM=KR;

84   REPEATED / GROUP=trt;

85   LSMEANS trt;

86   QUIT;

87

88

89   DATA orig;

90   SET orig;

91   IF trt=1 THEN vargrp=1;

92   IF trt IN(2,3,4,5) THEN vargrp=2;

93   RUN;

94   
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95   TITLE3 Data are the Number of Dead Citrus Snout Beetles;

96   TITLE4 Using MIXED to partition error variance;

97   PROC MIXED DATA=orig COVTEST;

98   CLASS trt vargrp;

99   MODEL dead = trt / DDFM=KR OUTP=resids;

100  REPEATED / GROUP=vargrp;

101  LSMEANS trt;

102  QUIT;

103

104  TITLE5 Examination of normality of residuals by vargrp;

105  PROC SORT DATA=resids;

106  BY vargrp;

107  PROC UNIVARIATE NORMAL PLOT DATA=resids;

108  BY vargrp;

109  VAR RESID;

110  HISTOGRAM / NORMAL;

111  PROBPLOT / NORMAL;

112  INSET N NORMALTEST PNORMAL;

113  QUIT;

114  */

115  DATA trans;

116  SET orig;

117  logdead = LOG10(dead);

NOTE: The data set WORK.TRANS has 25 observations and 3 variables.

This section of the program was included from last week’s

programs to carry out the LOG10 transformation, which was found

last week to satisfy the assumptions of the analysis of

variance.
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122  TITLE3 Print of original data plus log transformed data;

123  PROC PRINT DATA=trans;

124  QUIT;

                        Y o u r   N a m e                        1
                   Insecticide Comparison Study
         Print of original data plus log transformed data

                  OBS    TRT    DEAD    LOGDEAD

                    1     1       24    1.38021
                    2     1       27    1.43136
                    3     1       38    1.57978
                    4     1       44    1.64345
                    5     1       28    1.44716
                    6     2       67    1.82607
                    7     2       54    1.73239
                    8     2      163    2.21219
                    9     2      129    2.11059
                   10     2      134    2.12710
                   11     3       30    1.47712
                   12     3       42    1.62325
                   13     3       87    1.93952
                   14     3       72    1.85733
                   15     3      107    2.02938
                   16     4      117    2.06819
                   17     4       77    1.88649
                   18     4       70    1.84510
                   19     4      161    2.20683
                   20     4      212    2.32634
                   21     5      145    2.16137
                   22     5       99    1.99564
                   23     5      202    2.30535
                   24     5      182    2.26007
                   25     5      251    2.39967

Just as a refresher I have printed the original data and the

LOG10 transformation of the data. 
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124  /*

125  TITLE3 Data are log10 of the number of Dead Citrus Snout

     Beetles;

126  TITLE4 Analysis of variance for a completely randomized

     design;

127  PROC MIXED DATA=trans CL;

128  CLASS trt;

129  MODEL logdead = trt / DDFM=KR OUTP=resids;

130  LSMEANS trt;

131  QUIT;

132

133  TITLE5 Plots of log10(number dead) or residuals vs treatment;

134  TITLE6 and plot of residuals vs predicted values;

135  PROC GPLOT DATA=resids;

136  PLOT RESID*PRED

137       RESID*trt

138     / VREF=0;

139  QUIT;

140

141  PROC MIXED DATA=trans CL;

142  CLASS trt;

143  MODEL logdead = trt / DDFM=KR OUTP=resids;

144  REPEATED / GROUP=trt;

145  LSMEANS trt;

146  QUIT;

147

148  TITLE5 Examination of normality of residuals;

149  PROC UNIVARIATE NORMAL PLOT DATA=resids;

150  VAR RESID;

151  HISTOGRAM / NORMAL;

152  PROBPLOT / NORMAL;

153  INSET N NORMALTEST PNORMAL;

154  QUIT;

155  */

156

157  ***  End of LAB #2 example program;

161

162  ********************************************************

163  ***  The preceding portion of the program is from    ***

164  *** LAB #1 and LAB #2.  This week’s example program  ***

165  ***  is simply a continuation of the program from    ***

166  ***  the last two weeks.                             ***

167  ********************************************************;
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169  ***  Start of LAB #3 example program;

170

171  TITLE3 Data are log10(# of Dead Citrus Snout Beetles);

172  TITLE4 Anova for a completely randomized design;

173  TITLE5 With CONTRAST, ESTIMATE and mean comparisons;

174  PROC MIXED DATA=trans COVTEST;

175  CLASS trt;

176  MODEL logdead = trt / DDFM=KR solution;

In practice, I would generally modify the existing program

(lines 129-133) rather than adding on a new procedure. 

However, in this case it is easier for you to follow the

program if it is kept in a linear sequence.

                       Y o u r   N a m e                       2

                   Insecticide Comparison Study

          Data are log10(# of Dead Citrus Snout Beetles)

             Anova for a completely randomized design

           With CONTRAST, ESTIMATE and mean comparisons

                                   

                       The Mixed Procedure

                        Model Information

      Data Set                     WORK.TRANS

      Dependent Variable           logdead

      Covariance Structure         Diagonal

      Estimation Method            REML

      Residual Variance Method     Profile

      Fixed Effects SE Method      Model-Based

      Degrees of Freedom Method    Residual

                     Class Level Information

        Class    Levels    Values

        trt           5    1 2 3 4 5
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                           Dimensions

               Observations Used                25

                 Covariance Parameter Estimates

                              Standard         Z

     Cov Parm     Estimate       Error     Value        Pr Z

     Residual      0.03486     0.01102      3.16      0.0008

                   Solution for Fixed Effects

                             Standard

Effect      trt   Estimate      Error     DF   t Value   Pr > |t|

Intercept           2.2244    0.08350     20     26.64     <.0001

trt         1      -0.7280     0.1181     20     -6.17     <.0001

trt         2      -0.2227     0.1181     20     -1.89     0.0739

trt         3      -0.4391     0.1181     20     -3.72     0.0014

trt         4      -0.1578     0.1181     20     -1.34     0.1964

trt         5            0          .      .       .        .

                Type 3 Tests of Fixed Effects

                        Num     Den

          Effect         DF      DF    F Value    Pr > F

          trt             4      20      11.41    <.0001

For explanation about this MIXED procedure other than the mean

comparisons refer back to LAB #1 or LAB #2.

MIXED is a linear models program.  Linear models programs

solve the analysis of variance with regression techniques. 

The information at the left is for the regression equation for

this linear model solution.  This information is printed as a

result of the SOLUTION option on the MODEL statement.  Under

the ‘Effect’ and ‘trt’ columns are IDs for the regression

parameter estimates, which are printed in the column labeled

‘Estimate’.  This equation is the basis for computation of

treatment effects, least squares means, contrasts, estimates,

etc.  I will explain how they are used in the following

presentation about writing ESTIMATE and CONTRAST statements.

To understand these estimates you need to know how SAS defines

(parameterizes) the model.  SAS sorts the treatments and the

last treatment is used as the reference treatment.  This

treatment is assigned an estimate of zero (trt 5).  The

estimates for the other treatments are simply how much each

treatment mean is above or below the mean of the reference

treatment.  That is, -.7280 for trt 1 means that the mean of

trt 1 is .7280 units below the mean of trt 5.  The intercept

is the mean of the reference treatment (trt 5).  Thus if you

add the estimates for each treatment to the intercept you

obtain the least squares mean for each treatment. 

Since the null hypothesis for the treatment effects is

rejected, mean comparison procedures may be used to test

specific hypotheses about the treatment means.
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177                              *trt   1  2  3  4  5;

178  ESTIMATE 'cntl   vs  A     ' trt  -2  1  0  1  0

      / DIVISOR=2;

180  ESTIMATE 'cntl   vs  B low ' trt  -1  0  1  0  0;

181  ESTIMATE 'cntl   vs  B high' trt  -1  0  0  0  1;

182  ESTIMATE 'cntl   vs  low   ' trt  -2  1  1  0  0

      / DIVISOR=2;

184  ESTIMATE 'cntl   vs  high  ' trt  -2  0  0  1  1

      / DIVISOR=2;

186  ESTIMATE 'A low  vs  A high' trt   0 -1  0  1  0;

187  ESTIMATE 'B low  vs  B high' trt   0  0 -1  0  1;

188  ESTIMATE 'A low  vs  B low ' trt   0 -1  1  0  0;

189  ESTIMATE 'A high vs  B high' trt   0  0  0 -1  1;

190

191                                        *trt 1 2 3 4 5;

192  ESTIMATE 'mean of cntl  ' INTERCEPT 1  trt 1 0 0 0 0;

193  ESTIMATE 'mean of A     ' INTERCEPT 2  trt 0 1 0 1 0

       / DIVISOR=2;

195  ESTIMATE 'mean of B low ' INTERCEPT 1  trt 0 0 1 0 0;

196  ESTIMATE 'mean of B high' INTERCEPT 1  trt 0 0 0 0 1;

197  ESTIMATE 'mean of low   ' INTERCEPT 2  trt 0 1 1 0 0

       / DIVISOR=2;

199  ESTIMATE 'mean of high  ' INTERCEPT 2  trt 0 0 0 1 1

       / DIVISOR=2;

The first line is a COMMENT line used to label the columns to

assist with the entry of coefficients for ESTIMATE and

CONTRAST statements.  The coefficients used in ESTIMATE and

CONTRAST statements are applied to the regression equation

printed above in the section labeled ‘Solution for Fixed

Effects’.  SAS does not check to determine if the contrasts

are independent (orthogonality).  The coefficients must be

entered to match the order levels of the source(s) of

variation as sorted by SAS.  The SAS order may be found by

either examining the ‘Class Level Information’, ‘Solution for

Fixed Effects’, or look at the order of the LSMEANS.

In most cases I use ESTIMATE statements rather than CONTRASTs,

because they test the same hypotheses, and ESTIMATE statements

provide additional useful information that is not available

with CONTRASTs.  The syntax is essentially the same except for

the added DIVISOR option at the end of the ESTIMATE statement,

which is unnecessary for CONTRASTs.  The DIVISOR is needed

with ESTIMATE statements because they generate estimates, such

as differences (and standard errors) and the magnitude of the

coefficients affect its values.  The DIVISOR option divides

each coefficient by the divisor value, thus removing the

coefficient scaling effect and at the same time allowing you

to enter integer coefficients rather than decimal values.  The

DIVISOR option does not affect the t value, df or the pr>t.

To illustrate the use of ESTIMATES, suppose that the

experimental treatments were defined as follows:

1 CONTROL

2 INSECTICIDE  A  AT ITS LOW LEVEL

3 INSECTICIDE  B  AT ITS LOW LEVEL

4 INSECTICIDE  A  AT ITS HIGH LEVEL

5 INSECTICIDE  B  AT ITS HIGH LEVEL

The low level was the lowest recommended dosage and the high

level is the highest recommended dosage for each insecticide.
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To illustrate how the SOLUTIONs are used a couple of examples

follow:

The equation according to the solution is (I have rounded the

estimates to two decimals to keep the presentation simple):

est = 2.22*C0 -0.73*C1 -0.22*C2 -0.44*C3 -0.16*C3 +0*C4 

C0 is the coefficient for the intercept, while C1 to C4 are the 

coefficients for treatments 1 to 4 through four respectively.

The first ESTIMATE statement:

ESTIMATE 'cntl   vs  A     ' trt  -2  1  0  1  0 / DIVISOR=2;

If a source of variation is missing the coefficients are set

to zero.  The other coefficients are those entered divided by

the DIVISOR.  Therefore,

Est1 = 2.22*0 -.73*(-2/2) -.22*(1/2) -.44*0 -.16*(1/2) +0*0

     =    0   +.73        -.11       -.0    -.08       +0

     =  .54

Estimate 1 is the difference between the CONTROL and the mean

of the two A means.

The second example is the last ESTIMATE statement:

ESTIMATE 'mean of high' intercept 2  trt 0 0 0 1 1 /DIVISOR=2;

Est15 = 2.22*(2/2) -.73*0 -.22*0 -.44*0 -.16*(1/2) +0*(1/2)

      = 2.22       -0     -.0    -.0    -.08       +0

      = 2.14
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                            Y o u r   N a m e                   3

     Insecticide Comparison Study

        Data are log10(# of Dead Citrus Snout Beetles)

        Anova for a completely randomized design

                With CONTRAST, ESTIMATE and mean comparisons        

               

Estimates

                               Standard

  Label              Estimate     Error    DF  t Value  Pr > |t|

  cntl   vs  A         0.5377    0.1023    20     5.26    <.0001

  cntl   vs  B low     0.2889    0.1181    20     2.45    0.0238

  cntl   vs  B high    0.7280    0.1181    20     6.17    <.0001

  cntl   vs  low       0.3971    0.1023    20     3.88    0.0009

  cntl   vs  high      0.6491    0.1023    20     6.35    <.0001

  A low  vs  A high    0.06492   0.1181    20     0.55    0.5886

  B low  vs  B high    0.4391    0.1181    20     3.72    0.0014

  A low  vs  B low    -0.2163    0.1181    20    -1.83    0.0819

  A high vs  B high    0.1578    0.1181    20     1.34    0.1964

  mean of cntl         1.4964   0.08350    20    17.92    <.0001

  mean of A            2.0341   0.05904    20    34.45    <.0001

  mean of B low        1.7853   0.08350    20    21.38    <.0001

  mean of B high       2.2244   0.08350    20    26.64    <.0001

  mean of low          1.8935   0.05904    20    32.07    <.0001

  mean of high         2.1455   0.05904    20    36.34    <.0001

The first three estimate statements are comparing the control

to Insecticide A at the low level, Insecticide B at the low

level, and Insecticide B at the high level, respectively.  

The next two estimate statements are comparing the control to

the low dosage and to the high dosage.                  

The following four estimate statements are simple pairwise

mean comparisons.  The results suggest that there is no

difference between A low vs high, low A vs B and high A vs B. 

Thus in the following estimate statements these means were

averaged for comparison to the control.  Since the B low vs

high was found to be different, these two means were compared

to the control separately.

Having identified the significant differences, these last six

estimate statements were included to estimate the

corresponding means.  Only the second, fifth and sixth are

necessary since all the individual means will be computed by

the LSMEANS statement. 
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202                              *trt   1  2  3  4  5;

203  CONTRAST 'cntl   vs  A     ' trt  -2  1  0  1  0;

204  CONTRAST 'cntl   vs  B low ' trt  -1  0  1  0  0;

205  CONTRAST 'cntl   vs  B high' trt  -1  0  0  0  1;

206  CONTRAST 'cntl   vs  low   ' trt  -2  1  1  0  0;

207  CONTRAST 'cntl   vs  high  ' trt  -2  0  0  1  1;

208  CONTRAST 'A low  vs  A high' trt   0 -1  0  1  0;

209  CONTRAST 'B low  vs  B high' trt   0  0 -1  0  1;

210  CONTRAST 'A low  vs  B low ' trt   0 -1  1  0  0;

211  CONTRAST 'A high vs  B high' trt   0  0  0 -1  1;

CONTRASTs coefficients are used the same as ESTIMATE

coefficients.  That is, they are multiplied by estimates from

the SOLUTIONs to the regression equation.  However, the

CONTRASTs compute sums of squares.  Because the equations for

sums of squares take into account the magnitude of the

coefficients, the DIVISOR option is unnecessary for CONTRAST

statements.

 

Some of the ESTIMATE and CONTRAST statements are identical and

others are testing hypotheses that are not necessary, but are

included here for illustration. 
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                         Y o u r   N a m e                       4

    Insecticide Comparison Study

     Data are log10(# of Dead Citrus Snout Beetles)

   Anova for a completely randomized design

  With CONTRAST, ESTIMATE and mean comparisons

                              Contrasts

                            Num     Den

      Label                  DF      DF    F Value    Pr > F

      cntl   vs  A            1      20      27.65    <.0001

      cntl   vs  B low        1      20       5.99    0.0238

      cntl   vs  B high       1      20      38.01    <.0001

      cntl   vs  low          1      20      15.08    0.0009

      cntl   vs  high         1      20      40.29    <.0001

      A low  vs  A high       1      20       0.30    0.5886

      B low  vs  B high       1      20      13.83    0.0014

      A low  vs  B low        1      20       3.36    0.0819

      A high vs  B high       1      20       1.79    0.1964

These CONTRAST statements could all be written as ESTIMATE

statements if you prefer. I have included both simply as an

illustration that the two statements produce identical

conclusions.  It is simply a matter of personal preference,

since both statements test exactly the same hypotheses.  I

generally use ESTIMATE statements since they provide some

additional information which I find useful.  There are some

uses of CONTRASTs that are not possible with ESTIMATE

statements.  Examples of these occur in later chapters.
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212

213  LSMEANS trt / PDIFF CL;

214  LSMEANS trt / PDIFF=CONTROLU;

215  LSMEANS trt / ADJUST=TUKEY;

216  LSMEANS trt / ADJUST=SMM;

217  LSMEANS trt / ADJUST=SIDAK;

218  LSMEANS trt / ADJUST=BON;

219  LSMEANS trt / ADJUST=SCHEFFE;

220 

221   ODS EXCLUDE LISTING lsmeans;

222   ODS OUTPUT LSMEANS=lsm;

223  

224   ODS EXCLUDE LISTING diffs;

225   ODS OUTPUT DIFFS=diffs;

226   QUIT;

NOTE: The data set WORK.LSM has 35 observations and 10 variables.

NOTE: The data set WORK.DIFFS has 64 observations and 16

      variables.

The LSMEANS statement prints treatment means and the standard

errors of the treatment means.  The PDIFF options generate t-

test probabilities (LSD) for all pairwise mean comparisons. 

These are valid for both balanced and unbalanced experiments. 

In addition you may request one of several other pairwise

procedures using the ADJUST= option of the LSMEANS statement. 

When the ADJUST option is specified SAS prints both the t-test

probabilities and the probabilities for the selected test

procedure.  In practice you will need to select a mean

comparison option (only one) that is acceptable in your

research area.   

Because the data were transformed you may want to use ODS

statements to output treatment means to a data set and ask SAS

to carry out the inverse transformation. 

I have used the second ODS statement to capture the mean

comparison output so that I can have more control of the

printed information.    

Normally, you would allow SAS to print the LSMs and PDIFFs

it’s default print.  Here I have elected to exclude them as

default output and use the ods statements to place the

information in a data set.  This allows me to further

minipulate the output data to create a more desirable printed

output.

The print procedure is used to print these data on the

following pages.
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228  DATA lsm;

229  SET lsm;

230  IF _N_<6;

231  gm = 10**ESTIMATE;

232  gm_lcl = 10**LOWER;

233  gm_ucl = 10**UPPER;

234  RUN;

NOTE: The data set WORK.LSM has 5 observations and 13 variables.

This data set was generated from the ODS statement on line

number 222.  The inverse transformation is 10 to the mean

power.  To provide some measure of variability I have also

computed the 95% confidence limits.  Other choices are to

compute the inverse transformation on the mean minus the

standard error, and the mean plus the standard error or to

compute the inverse transformation of the 95% significant

difference intervals.

236  TITLE5 'Inverse transformed trt means and 95% conf limits';

237  PROC PRINT DATA=lsm;

238  FORMAT ESTIMATE 6.2 STDERR 6.3 gm gm_lcl gm_ucl 6.0;

239  VAR trt ESTIMATE STDERR gm gm_lcl gm_ucl;

240  QUIT;

The FORMAT statement allows you to control the field width and

the number of printed decimal places.  This is useful when you

wish your printed output to reflect significant digits.
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                   Insecticide Comparison Study

          Data are log10(# of Dead Citrus Snout Beetles)

             Anova for a completely randomized design

        Inverse transformed trt means and 95% conf limits

  Obs    trt    Estimate    StdErr        gm    gm_lcl    gm_ucl

   1      1        1.50      0.084        31        21        47

   2      2        2.00      0.084       100        67       150

   3      3        1.79      0.084        61        41        91

   4      4        2.07      0.084       117        78       174

   5      5        2.22      0.084       168       112       250

This table includes the antilog of the transformed treatment

means.  GM is the geometric mean and when the transformation

results in a symmetric distribution, the GM is more like a

median then a treatment mean.  The GM may be the preferred

estimator of central tendency rather than the mean of the

original data, since in skewed distributions treatment means

will be pulled toward the long tail of the distribution when

sampling chance includes one or more of the extreme tail

values. 

The standard error of the LSMEANs is computed from the

residual variance component (residual or pooled experimental

variance).  Therefore, the standard errors are valid only when

homogeneity of variances is a reasonable assumption (in this

case on the transformed data).  When the assumption is

reasonable these estimates of the standard error are more

precise than those estimated in the MEANS procedure (or the

MIXED procedure fitting unequal variances), since they are

based on more degrees of freedom.
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241

242   TITLE5 'Test of differences between treatment means';

243   PROC PRINT DATA=diffs UNIFORM;

244   FORMAT ESTIMATE STDERR 6.2;

245   VAR trt _TRT ESTIMATE STDERR TAILS PROBT ADJUSTMENT ADJP;

246   QUIT;

                       Y o u r   N a m e                       28

                   Insecticide Comparison Study

          Data are log10(# of Dead Citrus Snout Beetles)

             Anova for a completely randomized design

           Test of differences between treatment means

   Obs trt _trt Estimate StdErr Tails  Probt

   1  1   2     -0.51    0.12 Both  0.0004

   2  1   3     -0.29    0.12 Both  0.0238

   3  1   4     -0.57    0.12 Both  0.0001

   4  1   5     -0.73    0.12 Both  <.0001

   5  2   3      0.22    0.12 Both  0.0819

   6  2   4     -0.06    0.12 Both  0.5886

   7  2   5     -0.22    0.12 Both  0.0739

   8  3   4     -0.28    0.12 Both  0.0273

   9  3   5     -0.44    0.12 Both  0.0014

  10  4   5     -0.16    0.12 Both  0.1964

  11  2   1      0.51    0.12 Upper 0.0002

  12  3   1      0.29    0.12 Upper 0.0119

  13  4   1      0.57    0.12 Upper <.0001

  14  5   1      0.73    0.12 Upper <.0001

  

The PDIFF option produces t-test probabilities for pairwise
mean comparisons.  PDIFF option alone computes the
differences, standard errors of the differences and the t-test
probabilities for all possible pairs of means [(#t)(#t-1)/2]. 
There are three modifications, PDIFF=CONTROL, =CONTROLU, or
=CONTROLL, which instead of doing all possible pairwise test,
result in comparisons of a control treatment to each of the
other treatments (the first treatment is assumed to be the
control).  The CONTROL option produces two- tailed test, while
the other two options produce Upper and Lower one-tailed test
respectively.  The first set of comparisons at the left are
for the default PDIFF option, while the second set is a
PDIFF=CONTROLU, thus only four comparisons.

At the comparison level, PDIFF results in exactly the same
probabilities as CONTRASTs (or ESTIMATEs), and are equivalent
to an LSD test.  The only difference between PDIFF
probabilities (or LSD) and CONTRAST (or ESTIMATE) is the
number of comparisons performed.  If the results of the anova
are ignored, these methods control only the Comparisonwise
Error Rate (CER or "C), the Experimentwise Error Rate (EER or
"E) is uncontrolled and increases as the number of comparisons
increase. 

A further complication of the discussion of error rate is that
there are variations in the definition of experimentwise error
rates (EER).  EERC is the Experimentwise Error Rate under the
Complete null hypothesis.  This is the hypothesis tested by
the analysis of variance F ratio.  I believe this is what most
researchers assume when using PDIFF or LSD.  If the PDIFF or
LSD is used only after a significant anova F ratio then these
mean comparison procedures have an EER, specifically EERC. 
When mean comparison procedures are conducted only after a
significant anova F ratio, these are referred to as Protected
Test.  For example, Protected LSD test or Protected Contrast.
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                   Insecticide Comparison Study

          Data are log10(# of Dead Citrus Snout Beetles)

             Anova for a completely randomized design

           Test of differences between treatment means

   Obs trt _trt Estimate StdErr Tails  Probt Adjustment   Adjp  

    15  1   2     -0.51    0.12 Both  0.0004 Tukey      0.0030

    16  1   3     -0.29    0.12 Both  0.0238 Tukey      0.1436

    17  1   4     -0.57    0.12 Both  0.0001 Tukey      0.0009

    18  1   5     -0.73    0.12 Both  <.0001 Tukey      <.0001

    19  2   3      0.22    0.12 Both  0.0819 Tukey      0.3838

    20  2   4     -0.06    0.12 Both  0.5886 Tukey      0.9807

    21  2   5     -0.22    0.12 Both  0.0739 Tukey      0.3560

    22  3   4     -0.28    0.12 Both  0.0273 Tukey      0.1613

    23  3   5     -0.44    0.12 Both  0.0014 Tukey      0.0106

    24  4   5     -0.16    0.12 Both  0.1964 Tukey      0.6727

   

This is the format for the ADJUST option of the LSMEANS

statement in MIXED.  The information is the same as that for

ESTIMATE statements or for the PDIFF output except that

adjusted probabilities are provided that reflect the

probabilities of the selected test.

These tests reflect a second definition of experiment wise

error rate, that is Maximum Experimentwise Error Rate (MEER)

under complete or partial null hypotheses.  This differs from

EERC in that for an experiment, some of the treatments means

may in fact be equal, while others may be different.  In this

case the anova F ratio will not provide protection against

accumulating error rate for those treatments that are equal

(partial null), since the anova F ratio results in rejection

of the null hypothesis when any treatment means are different. 

LSD, CONTRAST, and Protected LSD are the most sensitive

methods, and are listed in order of decreasing EER assuming

that the number of contrasts is less than the number of

pairwise mean comparisons.

The methods listed on this and the following page are arranged

in order of decreasing sensitivity and also in order of

decreasing MEER.  Except for Scheffe’s test, the difference

among these methods are not great at the usual 5% or 1%

critical value.  A few comments about some of their

differences might be helpful.

Tukey This procedure was designed to protect against MEER for

equally replicated experiments.  It has never been

proven that MEER is correct for unequally replicated

experiments, although the method has done very well in

Monte Carlo studies.   



2/9/04 20 Mean Comparisons

                        Y o u r   N a m e                       28

                   Insecticide Comparison Study

          Data are log10(# of Dead Citrus Snout Beetles)

             Anova for a completely randomized design

           Test of differences between treatment means

   Obs trt _trt Estimate StdErr Tails  Probt Adjustment   Adjp  

 

    25  1   2     -0.51    0.12 Both  0.0004 SMM        0.0036

    26  1   3     -0.29    0.12 Both  0.0238 SMM        0.1950

    27  1   4     -0.57    0.12 Both  0.0001 SMM        0.0010

    28  1   5     -0.73    0.12 Both  <.0001 SMM        <.0001

    29  2   3      0.22    0.12 Both  0.0819 SMM        0.5256

    30  2   4     -0.06    0.12 Both  0.5886 SMM        0.9997

    31  2   5     -0.22    0.12 Both  0.0739 SMM        0.4889

    32  3   4     -0.28    0.12 Both  0.0273 SMM        0.2198

    33  3   5     -0.44    0.12 Both  0.0014 SMM        0.0129

    34  4   5     -0.16    0.12 Both  0.1964 SMM        0.8498

   Obs trt _trt Estimate StdErr Tails  Probt Adjustment   Adjp  

    35  1   2     -0.51    0.12 Both  0.0004 Sidak      0.0037

    36  1   3     -0.29    0.12 Both  0.0238 Sidak      0.2139

    37  1   4     -0.57    0.12 Both  0.0001 Sidak      0.0010

    38  1   5     -0.73    0.12 Both  <.0001 Sidak      <.0001

    39  2   3      0.22    0.12 Both  0.0819 Sidak      0.5744

    40  2   4     -0.06    0.12 Both  0.5886 Sidak      0.9999

    41  2   5     -0.22    0.12 Both  0.0739 Sidak      0.5358

    42  3   4     -0.28    0.12 Both  0.0273 Sidak      0.2416

    43  3   5     -0.44    0.12 Both  0.0014 Sidak      0.0135

    44  4   5     -0.16    0.12 Both  0.1964 Sidak      0.8877

SMM This procedure is very similar to Tukey’s test and MEER

has been proven to hold for unequal replication.  A

disadvantage of both Tukey and SMM is that they both

require a special table of critical values or computer

software that provides the critical values or prints

probabilities for the these tests.  All of the other

tests use the t or F tables, or are simple adjustments

of the probabilities from these distributions.

Sidak is slightly more conservative than the above two

methods, and is based on the calculation of

comparisonwise error rate for independent comparisons

[1 - (1-")1/#C].  Since not all pairwise mean comparisons

are independent, to assume independence results in a

more conservative test than necessary.  
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   Obs trt _trt Estimate StdErr Tails  Probt Adjustment   Adjp  

    45  1   2     -0.51    0.12 Both  0.0004 Bonferroni 0.0037

    46  1   3     -0.29    0.12 Both  0.0238 Bonferroni 0.2378

    47  1   4     -0.57    0.12 Both  0.0001 Bonferroni 0.0010

    48  1   5     -0.73    0.12 Both  <.0001 Bonferroni <.0001

    49  2   3      0.22    0.12 Both  0.0819 Bonferroni 0.8188

    50  2   4     -0.06    0.12 Both  0.5886 Bonferroni 1.0000

    51  2   5     -0.22    0.12 Both  0.0739 Bonferroni 0.7386

    52  3   4     -0.28    0.12 Both  0.0273 Bonferroni 0.2727

    53  3   5     -0.44    0.12 Both  0.0014 Bonferroni 0.0136

    54  4   5     -0.16    0.12 Both  0.1964 Bonferroni 1.0000

   

   Obs trt _trt Estimate StdErr Tails  Probt Adjustment   Adjp  

    55  1   2     -0.51    0.12 Both  0.0004 Scheffe    0.0087

    56  1   3     -0.29    0.12 Both  0.0238 Scheffe    0.2409

    57  1   4     -0.57    0.12 Both  0.0001 Scheffe    0.0028

    58  1   5     -0.73    0.12 Both  <.0001 Scheffe    0.0002

    59  2   3      0.22    0.12 Both  0.0819 Scheffe    0.5165

    60  2   4     -0.06    0.12 Both  0.5886 Scheffe    0.9889

    61  2   5     -0.22    0.12 Both  0.0739 Scheffe    0.4882

    62  3   4     -0.28    0.12 Both  0.0273 Scheffe    0.2642

    63  3   5     -0.44    0.12 Both  0.0014 Scheffe    0.0266

    64  4   5     -0.16    0.12 Both  0.1964 Scheffe    0.7736     

Bon Bonferroni is a simple approximation of Sidak that is

slightly more conservative ("/#c).  Before electronic
calculators, raising a number to a fraction power was

difficult, while the Bonferroni calculation was simple

even with pencil and paper.  Therefore, Bonferroni was

and continues to be very popular MEER technique because

of its simplicity.

Sch Scheffe’s method will never declare a significant

difference, when the anova F is non significant.  While

this can happen with some mean comparison procedures,

it rarely happens with Tukey, SMM, Sidak or Bonferroni. 

Scheffe’s is more conservative, because it maintains a

MEER even if the user conducts all possible linear

contrasts, not just all possible pairwise comparisons.  

  


