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106 ¢ Chapter 7. The LOGISTIC Procedure

The model to be fit is

logit(mp;) = ap + I(Drug,; = A)B1 + I(Drug,,; = B)S2
+I(i=1)B3 + 1(i =2)B

whereh indexes the subjecty;, are the subject interceptsjndexes the period, and
theI(-) are indicator variables taking the valug/hen the condition is true. Note that
this model ignores carryover effects. The following statements perform the analysis:

proc logistic data=Crossover descending exactonly;
class Subject Drug Period/ param=ref;
model Improve=Subject Drug Period;
exact Drug Period/ joint;

run;

The exact conditional scogevalue for the test of significance of all the parameters is
0.1835; hence, you cannot reject the null hypothesis. However, the exact conditional
scorep-value for the test of no drug effect§; = [, = 0, is 0.0583, while thep-
value for the test of no period effects; = 54 = 0, is 0.8605, which suggests that

the period term should be dropped from this model.
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Chapter 8
The MIXED Procedure

Details

Default Output

Fit Statistics
AIC and BIC are now printed in smaller-is-better forms in the “Fit Statistics” table.
A finite-sample corrected version of AIC (AICC) is also included. When you specify
METHOD=ML, these criteria now incorporate the effective number of fixed-effects
parameters (the rank of th€ matrix) in addition to the number of estimated covari-
ance parameters. Refer to Burnham and Anderson (1998) for additional details.

References
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tical Information-Theoretic ApproactNew York: Springer-Verlag.
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Chapter 9
The MODECLUS Procedure

Details

Density Estimation

The MODECLUS procedure now provides a default smoothing parameter if none
of the options (DR=, CR=, R=, DK=, CK=, and K=) is specified. The formula for
computing this default value is given by

2

2042 (y 4 2)T (50 + 1)] V) ) v
2

nv ]
=1

If the data are distances, the factgl _ s;? can be replaced by an average root-mean-
square Euclidean distance divided {$.
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Chapter 10
The MULTTEST Procedure

Syntax

PROC MULTTEST Statement

Two newp-value adjustment methods are available: Fisher combination and Hom-
mel. You can obtain these adjustments by specifying the FISHE&d HOMMEL
options, respectively.

STRATA Statement

The WEIGHT= option for the STRATA statement specifies the type of strata weight-
ing to use when computing the Freeman-Tukey and t-tests for the mean. Valid val-
ues for the WEIGHT= option in the STRATA statement are SAMPLESIZE, HAR-
MONIC, and EQUAL. SAMPLESIZE requests weights proportional to the within-
stratum sample sizes, and is the default method. HARMONIC sets up weights equal
to the harmonic mean of the non-missing within-stratum CLASS sizes, and is similar
to a Type 2 analysis in PROC GLM. EQUAL specifies equal weights, and is similar
to a Type 3 analysis in PROC GLM.

Details

p-Value Adjustments

The FISHER.C option requests adjustedvalues using closed tests, based on the
idea of Fisher’s combination test. The Fisher combination test for a joint test of any
set of S hypotheses withp-values uses the Chi-Square statigtic= —2 " log(p;),

with 25 degrees of freedom. The FISHER adjustec-value for testj is the maxi-
mum of allp-values for the combination tests, taken over all joint tests that inglude
as one of their components. Independencg-aflues is absolutely required for this
method.

Hommel's (1988) method is a closed testing procedure based on Simes’ (1986) test.
The Sime®-value for a joint test of any set &f hypotheses with-valuesp; < p2 <

... <psismin((S/1)p1,(S/2)p2,...,(S/S)ps). The Hommel adjusteg-value for

testj is the maximum of all such Simesvalues, taken over all joint tests that include

j as one of their components. Hochberg adjugtedlues are always as large or
larger than Hommel adjustedvalues. Sarkar and Chang (1997) showed that Simes’
method is valid under independent or positively depengevdalues, so Hommel's

and Hochberg’s methods also are valid in such cases by the closure principle.
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Westfall et al. (1999) and Westfall and Wolfinger (2000) are new references dealing
with multiplicity issues and PROC MULTTEST.
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Chapter 11
The NLMIXED Procedure

Syntax

MODEL Statement

The gamma and negative binomial distributions are now available in the MODEL
statement. They are specifiedgamma(a,bjandnegbin(n,p)

Details

Displayed Output

Fitting Information
Only the smaller-is-better forms of AIC and BIC are now printed in the “Fit Statistics”
table. A finite-sample corrected version of AIC (AICC) is also included. The criteria
are computed as follows:

>

AIC = 2f(0)+2p
AICC = 2f(0) +2pn/(n—p—1)
BIC = 2f(#) + plog(s)

wheref () is the marginal likelihood functiord] is the vector of parameter estimates,
p is the number of parameters,is the number of observations, ands the number
of subjects. Refer to Burnham and Anderson (1998) for additional details.

References
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Chapter 12
The PHREG Procedure

Overview

The PHREG procedure now offers the Wei and Lin (1989) robust estimate of the
covariance matrix. Also in this release, you can fit a null model by not specifying any
explanatory variables in the MODEL statement.

Syntax

PROC PHREG Statement

COVSANDWICH < (AGGREGATE) >

COVS < (AGGREGATE) >
requests the robust sandwich estimate of Lin and Wei (1989) for the covariance ma-
trix. When this option is specified, this robust sandwich estimate is used in the Wald
tests for testing the global null hypothesis, null hypotheses of individual parameters,
and the hypotheses in the TEST statements. In addition, a modified score test is
computed in the testing of the global null hypothesis, and the parameter estimates
table has an additional StdErrRatio column, which contains the ratios of the robust
estimate of the standard error relative to the corresponding model-based estimate.
Optionally, you can specify the keyword AGGREGATE enclosed in parentheses af-
ter the COVSANDWICH (or COVS) option, which requests a summing up of the
score residuals for each distinct ID pattern in the computation of the robust sandwich
covariance estimate. This AGGREGATE option has no effects if the ID statement is
not specified.

Details

Robust Estimate of the Covariance Matrix

The robust variance of Lin and Wei (1989) is a sandwich estimate given by

S

VvV =1y u'or!

whereI is the information matrix evaluated at the maximum likelihood estingate
andU is then xp matrix of score residuals. Since the matrix of DFBETA residuals
D can be written aD = UI™!, the robust sandwich variance estimafé can be
computed as

~_S

V' =D'D
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Modified Score Statistic

Let Uy be then xp matrix of efficient scores anfly be thepxp information matrix,
both evaluated g8 = 0; let 1 be a columm:-vector of 1's. Let3, be the one-step
estimate of3; that is,

Bl = 151(U61)

the covariance matrix is estimated B%(3;) = I "
The score statistic for testingly:3=0 can be expressed as a Wald test statistic
(Therneau and Grambsch [2000]):
U)'I5' (U1) = I (U] Lo[Ig (Up1)]
Al A~ _ ~
= BV(B) 6
The modified score test statistic for testiffy:3=0 is obtained by replacind (3,)

in the score statistic by the robust sandwich estimidfe= D} D, where Dy =
U()IO_IZ

BL(Vo) '8y = [T (U] (DoDo) ' [T (Up)]
= (UL)(UgU0)'(UG1)

Fitting a Null Model

In some situations you may want to fit a null model. For instance, by fitting a null
model, you can trick PROC PHREG into providing the Kaplan-Meier estimate of the
survivor function for a set of survival times with right censoring and left truncation.
In the following SAS programt2 is the survival timetl is the left truncation time,
andc is the censoring indicator with value 1 indicating censored observations. By
not specifying any explanatory variables in the MDOEL statement, you are fitting a
null model. Thesdf variable in the output data setitl contains the product-limit
estimates.

proc phreg;
model t2*c(1)= /entrytime=tl ;
output out=outl survival= sdf;
run;

References
Lin, D.Y. and Wei, L.J. (1989), “The Robust Inference for the Proportional Hazards
Model,” Journal of the American Statistical Associati@4#, 1074-1078.

Therneau, T. M. and Grambsch, P.M. (200@pdeling Survival Data: Extending the
Cox Model.New York: Springer-Verlag.
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Chapter 13
The SURVEYMEANS Procedure

Overview

The new DOMAIN statement in the SURVEYMEANS procedure enables you to
perform domain analysis for survey data.

Examples and computational details are revised and improved.

Getting Started

Stratified Sampling

This example illustrates how you can use PROC SURVEYMEANS to estimate
population means and proportions from sample survey data. The study population is
a junior high school with a total of 4,000 students in grades 7, 8, and 9. Researchers
want to know how much these students spend weekly for ice cream, on average, and
what percentage of students spend at least $10 weekly for ice cream.

Suppose that the sample of students was selected using stratified random sampling.
In stratified sampling, the study population is divided into nonoverlapping strata, and
samples are selected from each stratum independently.

The list of students in this junior high school was stratified by grade, yielding three
strata: grades 7, 8, and 9. A simple random sample of students was selected from
each grade. Table 13.1 shows the total number of students in each grade.

Table 13.1. Number of Students by Grade

Grade | Number of Students
7 1,824
8 1,025
9 1,151
Total 4,000

A sample of 40 students was selected from the entire student population. Each student
selected for the sample was asked how much he or she spends for ice cream per
week, on average. The SAS data set nalse@ream saved the responses of the 40
students:

data IceCream;
input Grade Spending @@;
if (Spending < 10) then Group='less’;
else Group='more’;
datalines;
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77 7 7 812 910 7 1 710 7 3 820 819 7 2
72 915 816 7 6 7 6 7 6 915 817 814 9 8
98 9 7 7 3 712 7 4 914 818 9 9 7 2 71
74 711 9 8 810 813 7 2 9 6 911 7 2 79

The variableGrade contains a student’'s grade. The variaBlgending contains a
student’s response on how much was spent per week for ice cream, in dollars. The
variableGroup is created to indicate whether a student spends at least $10 weekly
for ice cream:Group="more’ if a student spends at least $10,G@moup="less’ if a
student spends less than $10.

To analyze this stratified sample, you need to provide the population totals for each
stratum to PROC SURVEYMEANS. The SAS data set natf8adlentTotals con-
tains the information from Table 13.1.:

data StudentTotals;
input Grade _total ; datalines;
7 1824
8 1025
9 1151

The variableGrade is the stratum identification variable, and the variablé®OTAL_
contains the total number of students for each stratum. PROC SURVEYMEANS
requires you to use the variable nameOTAL_ for the stratum population totals.

The procedure uses the stratum population totals to adjust variance estimates for the
effects of sampling from a finite population. If you do not provide population totals

or sampling rates, then the procedure assumes that the proportion of the population
in the sample is very small, and the computation does not involve a finite population
correction.

In a stratified sample design, when the sampling rates in the strata are unequal, you
need to use sampling weights to reflect this information in order to produce an unbi-
ased mean estimator. In this example, the appropriate sampling weights are recipro-
cals of the probabilities of selection. You can use the following data step to create the
sampling weights:

data IceCream;
set IceCream;
if Grade=7 then Prob=20/1824;
if Grade=8 then Prob=9/1025;
if Grade=9 then Prob=11/1151;
Weight=1/Prob;

If you use PROC SURVEYSELECT to select your sample, it creates these sampling
weights for you.

The following SAS statements perform the stratified analysis of the survey data:
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tittlel 'Analysis of Ice Cream Spending’;
title2 ’'Stratified Simple Random Sample Design’;
proc surveymeans data=lceCream total=StudentTotals;
stratum Grade / list;
var Spending Group;
weight Weight;
run;

The PROC SURVEYMEANS statement invokes the procedure. The DATA= option
names the SAS data deeCream as the input data set to be analyzed. The TOTAL=
option names the data sStudentTotals as the input data set containing the stra-
tum population totals. Notice that the TOTABtudentTotals option is used here
instead of the TOTAL=4000 option. In this stratified sample design, the population
totals are different for different strata, and so you need to provide them to PROC
SURVEYMEANS in a SAS data set.

The STRATA statement identifies the stratification variabltade. The LIST option

in the STRATA statement requests that the procedure display stratum information.
The WEIGHT statement tells the procedure that the varigldgght contains the
sampling weights.

Syntax
The following statement is available in PROC SURVEYMEANS.

DOMAIN variables < variablexvariable
variablexvariablexvariable . .. > ;

DOMAIN Statement

DOMAIN | SUBGROUP variables < variablexvariable
variablexvariablexvariable . .. > ;

The DOMAIN statement requests analysis for subpopulations, or domains, in addi-
tion to analysis for the entire study population. The DOMAIN statement names the
variables that identify domains, which are called domain variables.

It is common practice to compute statistics for domains. The formation of these
domains may be unrelated to the sample design. Therefore, the sample sizes for
the domains are random variables. In order to incorporate this variability into the
variance estimation, you should use a DOMAIN statement.

Note that a DOMAIN statement is different from a BY statement. In a BY state-
ment, you treat the sample sizes as fixed in each subpopulation, and you perform
analysis within each BY group independently. See the section “Domain Analysis” on
page 136 for more details.

A domain variable can be either character or numeric. However, the procedure
treats domain variables as categorical variables. If a variable appears by itself in a
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DOMAIN statement, each level of this variable determines a domain in the study
population. If two or more variables are joined by asterisks (*), then every possible
combination of levels of the variables determines a domain. The procedure performs
a descriptive analysis within each domain defined by the domain variables.

The formatted values of the domain variables determine the categorical variable lev-
els. Thus, you can use formats to group values into levels. Refer to the discussion of
the FORMAT procedure in th8AS Procedures Guidend to the discussions of the
FORMAT statement and SAS formats$AS Language Reference: Dictionary

Detalls

Domain Analysis

It is common practice to compute statistics for subpopulations, or domains, in ad-
dition to computing statistics for the entire study population. Analysis for domains
using the entire sample is calledmain analysigor subgroup analysis, subpopula-

tion analysis, subdomain analysis). The formation of these subpopulations of interest
may be unrelated to the sample design. Therefore, the sample sizes for the subpopu-
lations may actually be random variables.

In order to incorporate this variability into the variance estimation, you should use a
DOMAIN statement. Note that using a BY statement provides completely separate
analyses of the BY groups. It does not provide a statistically valid subpopulation or
domain analysis, where the total number of units in the subpopulation is not known
with certainty. For more detailed information about domain analysis, refer to Kish

(1965) and Statistical Laboratory (1989).

Missing Values

When computing statistics for an analysis variable, PROC SURVEYMEANS omits
observations with missing values for that variable. The procedure bases statistics
for each variable only on observations that have nonmissing values for that variable.
If you specify the MISSING option in the PROC SURVEYMEANS statement, the
procedure treats missing values of a categorical variable as a valid category.

An observation is also excluded if it has a missing value for any STRATA or CLUS-
TER variable, unless the MISSING option is used.

If an observation has a missing value or a nonpositive value for the WEIGHT variable,
then PROC SURVEYMEANS excludes that observation from the analysis.

The procedure performs univariate analysis and analyzes each VAR variable sep-
arately. Thus, the number of missing observations may be different for different
variables. You can specify the keyword NMISS in the PROC SURVEYMEANS
statement to display the number of missing values for each analysis variable in the
“Statistics” table.

If you have missing values in your survey data for any reason (such as nonresponse),
this can compromise the quality of your survey results. An observation without
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missing values is called a complete respondent, and an observation with missing val-
ues is called an incomplete respondent. If the complete respondents are different
from the incomplete respondents with regard to a survey effect or outcome, then sur-
vey estimates will be biased and will not accurately represent the survey population.
There are a variety of techniques in sample design and survey operations that can
reduce nonresponse. Once data collection is complete, you can use imputation to
replace missing values with acceptable values, and you can use sampling weight ad-
justments to compensate for nonresponse. You should complete this data preparation
and adjustment before you analyze your data with PROC SURVEYMEANS. Refer
to Cochran (1977), Kalton and Kaspyzyk (1986), and Brick and Kalton (1996) for
more details.

If there is evidence indicating that complete respondents are different from incom-
plete respondents for your study, you can use the DOMAIN statement to compute the
descriptive statistics “among complete respondents” from your survey data without
imputation on incomplete respondents. See Example 13.3 on page 146.

If missing values result in empty strata in the sample, then they will have an impact
on the statistical computation, which uses the total number of strata. If all the obser-
vations in a stratum have missing weights or missing values for the current analysis
variable, this stratum is aampty stratumFor example,

data new;
input stratum y z w;
datalines;
. 13 40

proc surveymeans df mean nobs nmiss;
strata stratum;
var y z;
weight w;

run;

You analyze variabl& andZ, with weight variableW and stratum variabl8 TRA-
TUM. For variableY, all observations have missing values or missing weights
in STRATUM=1, therefore, the analysis for variable Y uses only observations in
STRATUM=2. Thus, for variable, STRATUM=1 is an empty stratum arf8iTRA-
TUM=2 is a non-empty stratum. Note, however, t8BaRATUM=L1 is a non-empty
stratum for variabl&Z.

If your sample design contains stratification, PROC SURVEYMEANS analyzes only
the data in non-empty strata. Therefore, the total number of strata for an analysis
variable means the total numbenafn-emptystrata. In this example, the total number

of strata forY andZ is one and two, respectively.



136 ¢ Chapter 13. The SURVEYMEANS Procedure

Statistical Computations

t Test for the Mean
If you specify the keyword T, PROC SURVEYMEANS computes thealue for
testing that the population mean equals z&fg,: Y = 0. The test statistic equals

~

#Y) = Y /StENY)
The two-sidedp-value for this test is
Prob( || > [¢(Y)])
whereT is a random variable with thiedistribution withdf degrees of freedom.

PROC SURVEYMEANS calculates the degrees of freedom fot thst as the num-

ber of clusters minus the number of strata. If there are no clusters dfremjuals

the number of observations minus the number of strata. If the design is not stratified,
thendf equals the number of clusters minus one. The procedure disgil&ysthet

test if you specify the keyword DF in the PROC SURVEYMEANS statement.

If missing values or missing weights are present in your data, the number of strata,
the number of observations, and the number of clusters are counted based on the
observations in non-empty strata. See the section “Missing Values” on page 134
for details. For degrees of freedom in domain analysis, see the section “Domain
Analysis” on page 136.

Domain Analysis
When you use a DOMAIN statement to request a domain analysis, the procedure
computes the requested statistics for each domain.

For a domainD, let I, be the corresponding indicator variable:

. .. _ | 1 ifobservation(h,i,j) belongs taD
Ip(h,i.j) _{ 0 otherwise
Let
. ;i if observation(h, i, j) belongs taD
Zhij = YnijIp(hyi,5) :{ gh” otherwise (-13) 9

The requested statistics for variallén domainD are computed based on the values
of z.

Domain Mean The estimated mean gfin the domainD is

H np mp;

Yp = ZZZ Vhij Zhij | [ V-

h=1i=1 j=1
where

if observation(h, i, 7) belongs taD

R . P — Whij
Vhij thjID(haZa]) { 0 otherwise
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H np mp;

= 3 o

h=11i=1 j=1

The variance olffl\) is estimated by

oo Lonn(l = ) <& 2
V(Yp) = Y p— (Thi- = Th..)
h=1 i=1
where
Mpj P
Thi- — Z’U}w’j (Zhij - YD) /’U
j=1
np
rp.. = (Z 7"hz'~> /nh
i=1
Domain Total The estimated total in domaib is
H np mp;
Yoo= >.D ) vhij #nij
h=1i=1 j=1

and its estimated variance is

where

Mp;

Zhi- = E Vhij Zhij
j=1

Zh.. = (thhz> / np

=1

Degrees of Freedonfor domain analysis, PROC SURVEYMEANS computes the
degrees of freedom fdrtests as the number of clusters in the non-empty strata minus
the number of non-empty strata. When the sample design has no clusters, the degrees
of freedom equals the number of observations in non-empty strata minus the number
of non-empty strata. As discussed in the section “Missing Values” on page 134,
missing values and missing weights can result in empty strata. In domain analysis,
an empty stratum can also occur when the stratum contains no observations in the
specified domain. If no observations in a whole stratum belong to a domain, then this
stratum is called an empty stratum for that domain.
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For example,

data new;

input str clu y w d;

datalines;

.40 9

2
2

WWWNNEFE PP
O~NOOUOT D WNPE
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proc surveymeans df nobs nclu nmiss;
strata str;
cluster clu;
var y;
weight w;
domain d;
run;

Table 13.2. Calculations of df for Y

Domain D=7 Domain D=9
Non Empty Strata STR=3 STR=2
Clusters Used in the Analysis| CLU=6,CLU=7, andCLU=8 | CLU=4 andCLU=5
df 3-1=2 2-1=1

Although there are three strata in the dataS&RR=1 is an empty stratum for variable

Y because of missing values and missing weights. In addition, no observations in stra-
tum STR=3 belong to domai=9. ThereforeSTR=3 becomes an empty stratum as
well for variableY in domainD=9. As a result, the total number of non-empty strata
for domainD=9 is one. The non-empty stratum for dom&r9 and variableY is
stratumSTR=2. The total number of clusters for dom&9 is two, which belong to
stratumSTR=2. Thus, for variablef in domainD=9, the degrees of freedom for the
tests of the domain meandg = 2—1 = 1. Similarly, for domairD=7, stratesSTR=1

and STR=2 are both empty strata, so the total humber of strata is SAKRE3),

and the total number of clusters is threeCLlU=6, CLU=7, andCLU=8). Ta-

ble 13.2 illustrates how domains affect the total number of clusters and total number
of strata in thelf calculation. Figure 13.1 shows th¢ computed by the procedure.

The SURVEYMEANS Procedure

Domain Analysis: d

d Variable N N Miss Clusters DF
7 y 3 0 3 2
9 y 2 2 2 1

Figure 13.1. Degrees of Freedoms in Domain Analysis
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Displayed Output

Domain Analysis
If you use a DOMAIN statement, the procedure displays statistics in each domain in
a “Domain Analysis” table. A “Domain Analysis” table contains all the columns in
the “Statistics” table, plus columns of domain variable values.

Note that depending on how you define the domains with domain variables, the pro-
cedure may produce more than one “Domain Analysis” table. For example, in the
following DOMAIN statement

domain A B*C*D A*C C;
you use four definitions to define domains:

A: all the levels ofA

C: all the levels ofC

A*C: all the interactive levels oA andC
B*C*D: all the interactive levels d8, C, andD

The procedure displays four “Domain Analysis” tables, one for each domain defini-
tion.

ODS Table Names

PROC SURVEYMEANS assigns a name to each table 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 listed in the following table.

Table 13.3. ODS Tables Produced in PROC SURVEYMEANS

ODS Table Name Description Statement Option

ClassVarinfo Class level information CLASS defaylt

Domain Statistics in domains DOMAIN default

Statistics Statistics PROC default

Stratalnfo Stratum information STRATA LIST

Summary Data summary PROC default
Examples

The “Getting Started” section on page 131 contains an example of analyzing data
from stratified simple random sample designs. This section provides more examples
that illustrate how to use PROC SURVEYMEANS.
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Example 13.1. Stratified Cluster Sample Design

Consider the example in the section “Stratified Sampling” on page 131. The study
population is a junior high school with a total of 4,000 students in grades 7, 8, and 9.
Researchers want to know how much these students spend weekly for ice cream, on
the average, and what percentage of students spend at least $10 weekly for ice cream.

The example in the section “Stratified Sampling” on page 131 assumes that the sam-
ple of students was selected using a stratified simple random sample design. This
example shows analysis based on a more complex sample design.

Suppose that every student belongs to a study group and that study groups are formed
within each grade level. Each study group contains between two and four students.
Table 13.4 shows the total number of study groups for each grade.

Table 13.4. Study Groups and Students by Grade

Grade | Number of Study Groups | Number of Students
7 608 1,824
8 252 1,025
9 403 1,151
Total 617 4,000

It is quicker and more convenient to collect data from students in the same study
group than to collect data from students individually. Therefore, this study uses a
stratified clustered sample design. The primary sampling units, or clusters, are study
groups. The list of all study groups in the school is stratified by grade level. From
each grade level, a sample of study groups is randomly selected, and all students in
each selected study group are interviewed. The sample consists of eight study groups
from the 7th grade, three groups from the 8th grade, and five groups from the 9th
grade.

The SAS data set namddeCreamStudy saves the responses of the selected stu-
dents:

data lceCreamStudy;
input Grade StudyGroup Spending @@;
if (Spending < 10) then Group=’less’;
else Group='more’;

datalines;
7 34 7 7 34 7 7 412 4 9 27 14
7 34 2 9 230 15 9 27 15 7 501 2
9 230 8 9 230 7 7 501 3 8 59 20
7 403 4 7 403 11 8 59 13 8 59 17
8 143 12 8 143 16 8 59 18 9 235 9
8 143 10 9 312 8 9 235 6 9 235 11
9 312 10 7 321 6 8 156 19 8 156 14
7 321 3 7 321 12 7 489 2 7 489 9
7 78 1 7 78 10 7 489 2 7 156 1
7 78 6 7 412 6 7 156 2 9 301 8
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In the data selceCreamStudy, the variableGrade contain a student’'s grade. The
variable StudyGroup identifies a student’s study group. It is possible for students
from different grades to have the same study group number because study groups
are sequentially numbered within each grade. The vari8plending contains a
student’s response to how much he or she spends per week for ice cream, in dollars.
The variableGROUP indicates whether a student spends at least $10 weekly for ice
cream. It is not necessary to store the data in order of grade and study group.

The SAS data seBtudyGroup is created to provide PROC SURVEYMEANS with
the sample design information shown in Table 13.4:

data StudyGroups;
input Grade _total ; datalines;
7 608
8 252
9 403

The variableGrade identifies the strata, and the variab/@OTAL_ contains the total
number of study groups in each stratum. The population totals stored in the variable
_TOTAL_ should be expressed in terms of the primary sampling units (PSUs), which
are study groups in this example. Therefore, the variaBl®TAL_ contains the total
number of study groups for each grade, rather than the total number of students.

In order to obtain unbiased estimates, you create sampling weights using the follow-
ing SAS statements:

data IceCreamStudy;
set lceCreamStudy;
if Grade=7 then Prob=8/608;
if Grade=8 then Prob=3/252;
if Grade=9 then Prob=5/403;
Weight=1/Prob;

The sampling weights are the reciprocals of the probabilities of selections. The
variable Weight contains the sampling weights. Because the sampling design is
clustered, and all students from each selected cluster are interviewed, the sampling
weights equal the inverse of the cluster (or study group) selection probabilities.

The following SAS statements perform the analysis for this sample design:

titlel 'Analysis of Ice Cream Spending’;
title2 'Stratified Clustered Sample Design’;
proc surveymeans data=lceCreamStudy total=StudyGroups;
stratum Grade / list;
cluster StudyGroup;
var Spending Group;
weight Weight;
run;
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Output 13.1.1. Data Summary and Class Information

Analysis of Ice Cream Spending
Stratified Clustered Sample Design

The SURVEYMEANS Procedure

Data Summary

Number of Strata 3
Number of Clusters 16
Number of Observations 40
Sum of Weights 3162.6

Class Level Information

Class
Variable Levels Values
Group 2 less more

Output 13.1.1 provides information on the sample design and the input data set. There
are 3 strata in the sample design, and the sample contains 16 clusters and 40 observa-
tions. The variabl&roup has two levels, ‘less’ and ‘more’.

Output 13.1.2.  Stratum Information

Analysis of Ice Cream Spending
Stratified Clustered Sample Design

The SURVEYMEANS Procedure

Stratum Information

Stratum Population  Sampling
Index Grade Total Rate N Obs Variable N Clusters
1 7 608 1.32% 20 Spending 20 8
Group=less 17 8
Group=more 3 3
2 8 252 1.19% 9 Spending 9 3
Group=less 0 0
Group=more 9 3
3 9 403 1.24% 11  Spending 11 5
Group=less 6 4
Group=more 5 4

Output 13.1.2 displays information for each stratum. Since the primary sampling
units in this design are study groups, the population totals shown in Output 13.1.2
are the total numbers of study groups for each stratum or grade. Output 13.1.2 also
displays the number of clusters for each stratum and analysis variable.
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Output 13.1.3.  Statistics

Analysis of Ice Cream Spending
Stratified Clustered Sample Design

The SURVEYMEANS Procedure

Statistics

Std Error Lower 95% Upper 95%
Variable N Mean of Mean CL for Mean CL for Mean
Spending 40 8.923860 0.650859 7.517764 10.329957
Group=less 23 0.561437 0.056368 0.439661 0.683213
Group=more 17 0.438563 0.056368 0.316787 0.560339

Output 13.1.3 displays the estimates of the average weekly ice cream expense and the
percentage of students spending at least $10 weekly for ice cream.

Example 13.2. Domain Analysis

Suppose that you are studying profiles of the 800 top-performing companies to pro-
vide information on their impact on the economy. You are also interested in the
company profiles within each market type. A sample of 66 companies is selected
with unequal probability across market types. However, market type is not included
in the sample design. Thus, the number of companies within each market type is a
random variable in your sample. To obtain statistics within each market type, you
should use domain analysis. The data of the 66 companies are saved in the following
data set:

data Company;
length Type $14;
input Type$ Asset Sale Value Profit Employee Weight;

datalines;

Other 2764.0 1828.0 1850.3 1440 187 9.6
Energy 13246.2 4633.5 4387.7 4629 243 426
Finance 3597.7 377.8 93.0 14.0 1.1 122
Transportation  6646.1 6414.2 2377.5 3482 471 218
HiTech 1068.4 1689.8 1430.2 72.9 46 43
Manufacturing 1125.0 1719.4 1057.5 98.1 204 45
Other 1459.0 1241.4 452.7 24.5 20.1 55
Finance 2672.3 2625 296.2 23.1 22 93
Finance 311.0 566.2 932.0 52.8 2.7 1.9
Energy 1148.6 1014.6  485.1 60.6 40 45
Finance 5327.0 5724  372.9 25.2 42 17.7
Energy 1602.7 678.4  653.0 75.6 2.8 6.0
Energy 5808.8 1288.4 2007.0 318.8 59 19.2
Medical 268.8 204.4 820.9 45.6 3.7 1.8
Transportation  5222.6 2627.8 1910.0 2456 228 174
Other 872.7 1419.4  939.3 69.7 122 37
Retall 4461.7 8946.8 4662.7 289.0 132.1 15.0
HiTech 6719.2 6942.0 8240.2 381.3 858 221
Retail 833.4 1538.8 1090.3 649 154 35
Finance 4159 167.3 1126.8 56.8 07 22
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442.4 1139.9 1039.9
801.5 1157.0 664.2
49548 468.8 366.4
2661.9 257.9 181.1
5345.8 530.1 3374
3334.3 1644.7 1407.8
1826.6 2671.7  483.2
618.8 2354.7 767.7
1529.1 6534.0 826.3

4458.4 48245 3132.1
5831.7 6611.1 9464.7
6468.3 4199.2 3170.4
1720.7 4731 811.1
1679.7 13799 721.1
4018.2 16823.4 2038.3

227.1  575.8 1083.8
3872.8 362.0 209.3

3359.3 4844.7 2651.4
1295.6  356.9 180.8
1658.0 626.6  688.0

12156.7 13455  680.7
3982.6 4196.0 3946.8
8760.7 886.4 1006.9

2362.2 3153.3 1080.0

2499.9 34190 992.6
1430.4 1610.0 664.3
13666.5 15465.4 2736.7

4069.3 4174.7 2907.6

2924.7 711.9 1067.8
1262.1 1716.0 364.3
684.4 6729 2874
3069.3 1719.0 1439.0
246.5 3188 9241
11562.2 1128.5 580.4
9316.0 1059.4  816.5
1094.3 3848.0 563.3
1102.1 4878.3 9324
466.4 6758 8457
10839.4 5468.7 1895.4
733.5 21353 96.6

10354.2 14477.4 5607.2
1902.1 2697.9  329.3
22452 2132.2 2230.4

949.4 1248.3  298.9
2834.4 2884.6  458.2
2621.1 6173.8 1992.7

For each company in your sample,

576 227 2.3
56.9 155 34
41.7 3.0 165
21.2 21 93
36.4 43 17.8
157.6 6.4 114
713 253 6.7
58.6 190 29
58.3 65.8 5.7
289 67.0 150
459.6  86.7 19.3
2701 595 213
86.6 16 6.3
91.8 4.5 6.2
178.1 162.0 13.6
62.6 1.9 1.6
27.6 24 131
2241 756 115
162.3 06 50
126.0 3.5 6.1
106.6 9.4 39.2
3139 64.3 135
90.0 75 285
137.0 25.2 8.4
47.2 253 8.8
7.7 35 654
4114  26.6 439
289.2 38.2 13.7
146.7 34 101
71.2 145 49
61.8 6.0 3.1
196.4 49 10.6
43.8 3.1 1.7
64.2 6.7 37.3
95.9 8.0 30.2
294 447 44
65.2 473 44
64.5 5.2 2.4
232.8 478 35.0
10.9 27 3.2
3219 1885 335
34.2 2.2 6.9
198.9 80 8.0
35.4 104 3.9
412 498 938
183.7 1151 9.2

e The variableType identifies the type of market for the company.

e The variableAsset contains the company’s assets in millions of dollars.
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The variableSale contains sales in millions of dollars.

The variableValue contains the market value of the company in millions of
dollars.

The variableProfit contains the profit in millions of dollars.

The variableEmployee stores the number of employees in thousands.
e The variableWeight contains the sampling weight.

The following SAS statements use PROC SURVEYMEANS to perform the domain
analysis, estimating means and other statistics for the overall population and also for
the subpopulations (or domain) defined by market type. The DOMAIN statement
specifiesType as the domain variable:

tittel 'Top Companies Profile Study’;

proc surveymeans data=Company total=800 mean sum;
var Asset Sale Value Profit Employee;
weight Weight;
domain Type;

run;

Output 13.2.1. Company Profile Study

Top Companies Profile Study
The SURVEYMEANS Procedure
Data Summary
Number of Observations 66
Sum of Weights 799.8
Statistics
Std Error
Variable Mean of Mean Sum Std Dev
Asset 6523.488510 720.557075 5217486 1073829
Sale 4215.995799 839.132506 3371953 847885
Value 2145.935121 342.531720 1716319 359609
Profit 188.788210 25.057876 150993 30144
Employee 36.874869 7.787857 29493 7148.003298

Output 13.2.1 shows that there are 66 observations in the sample. The sum of the
sampling weights equals 799.8, which is close to the total number of companies in
the study population.

The “Statistics” table in Output 13.2.1 displays the estimates of the mean
and total for all analysis variables for the entire 800 companies, while Out-
put 13.2.2 shows the mean and total estimates for each company type.
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Output 13.2.2.
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Domain Analysis for Company Profile Study

Top Companies Profile Study
The SURVEYMEANS Procedure
Domain Analysis: Type
Std Error
Type Variable Mean of Mean Sum Std Dev
Energy Asset 7868.302932  1941.699163 1449341 785962
Sale 5419.679099  2416.214417 998305 673373
Value 2249.297177 520.295162 414321 213580
Profit 289.564658 52.512141 53338 25927
Employee 14.151194 3.974697  2606.650000  1481.777769
Finance Asset 7890.190264  1057.185336 1855773 704506
Sale 829.210502 115.762531 195030 74436
Value 565.068197 76.964547 132904 48156
Profit 63.716837 10.099341 14986  5801.108513
Employee 5.806293 0.811555  1365.640000 519.658410
HiTech Asset 5031.959781 732.436967 321542 183302
Sale 5464.292019 731.296997 349168 196013
Value 6707.828482  1194.160584 428630 249154
Profit 346.407042 42.299004 22135 12223
Employee 70.766980 8.683595  4522.010000  2524.778281
Manufacturing  Asset 7403.004250  1454.921083 888361 492577
Sale 7207.638833  2112.444703 864917 501679
Value 2986.442750 799.121544 358373 196979
Profit 211.933583 39.993255 25432 13322
Employee 83.314333 31.089019  9997.720000  6294.309490
Medical Asset 5046.570609  1218.444638 140799 131942
Sale 3313.219713 758.216303 92439 85655
Value 2561.614695 530.802245 71469 64663
Profit 218.682796 44.051447  6101.250000  5509.560969
Employee 46.518996 11.135955  1297.880000  1213.651734
Other Asset 1850.250000 338.128984 58838 31375
Sale 1620.784906 168.686773 51541 24593
Value 1432.820755 297.869828 45564 24204
Profit 115.089937 27.970560  3659.860000  2018.201371
Employee 14.306604 2.313733 454.950000 216.327710
Retail Asset 2939.845750 393.692369 235188 94605
Sale 7395.453500  1746.187580 591636 263263
Value 2103.863125 529.756409 168309 78304
Profit 157.171875 31.734253 12574  5478.281027
Employee 93.624000 15.726743  7489.920000  3093.832061
Transportation Asset 4712.047359 888.954411 267644 163516
Sale 4030.233275  1015.555708 228917 142669
Value 1703.330282 313.841326 96749 58947
Profit 224.762324 56.168925 12767  8287.585418
Employee 30.946303 6.786270  1757.750000  1066.586615

Example 13.3. Analyze Survey Data with Missing Values

As described in the section “Missing Values” on page 134, the SURVEYMEANS
procedure excludes an observation from the analysis if it has a missing value for the

analysis variable or a nonpositive value for the WEIGHT variable.

However, if there is evidence indicating that the nonrespondents are different from
the respondents for your study, you can use the DOMAIN statement to compute
descriptive statistics “among respondents” from your survey data without imputation

for nonrespondents.




Example 13.3.  Analyze Survey Data with Missing Values ¢ 147

Consider the ice cream example in the section “Stratified Sampling” on page 131.
Suppose that some of the students failed to provide the amounts spent on ice cream,
as shown in the following data skeeCream:

data IceCream;
input Grade Spending @@; datalines;

7 7 7 8 . 910 7 . 710 7 3 820 819 7 2
7. 915 816 7 6 7 6 7 6 915 817 8 14 9.
98 9 7 7 3 712 7 4 914 818 9 9 7 2 71
74 711 9 8 8 813 7 . 9 . 911 7 2 79

data StudentTotals;
input Grade _total ; datalines;
7 1824
8 1025
9 1151

Considering the possibility that those students who didn’t respond spend differently
than those students who did respond, you can create an indicator variable to identify
the respondents and non-respondents using the following SAS DATA step:

data IceCream;
set IceCream;
if Spending=. then Indicator="Nonrespondent’;
else do;
Indicator="Respondent’;
if (Spending < 10) then Group='less’;
else Group='more’;
end,;
if Grade=7 then Prob=20/1824;
if Grade=8 then Prob=9/1025;
if Grade=9 then Prob=11/1151,
Weight=1/Prob;

VariableIndicator identifies a student in the data set as either a respondent or a non-
respondent. Variabl&roup specifies whether a student spent more than $10 among
the respondents.

The following SAS statements analyze the incomplete ice cream data:

titlel 'Analysis of Ice Cream Spending’;
proc surveymeans data=lceCream total=StudentTotals mean sum;
stratum Grade / list;
var Spending Group;
weight Weight;
domain Indicator;
run;
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Output 13.3.1.  Analyze Incomplete Ice Cream Data Excluding Observations with
Missing Values

Analysis of Ice Cream Spending
The SURVEYMEANS Procedure
Data Summary
Number of Strata 3
Number of Observations 40
Sum of Weights 4000
Statistics
Std Error
Variable Mean of Mean Sum Std Dev
Spending 9.770542 0.541381 32139 1780.792065
Group=less 0.515404 0.067092 1695.345455 220.690305
Group=more 0.484596 0.067092 1594.004040 220.690305

Output 13.3.1 shows the mean and total estimates excluding those students who failed
to provide the spending amount on ice cream.

Output 13.3.2. Analyze Incomplete Ice Cream Data Treating Respondents as a
Domain

Analysis of Ice Cream Spending
The SURVEYMEANS Procedure

Domain Analysis: Indicator

Std Error
Indicator Variable Mean of Mean Sum Std Dev
Nonrespondent  Spending
Group=less
Group=more . . .
Respondent Spending 9.770542 0.652347 32139 3515.126876
Group=less 0.515404 0.067257 1695.345455 221.232029
Group=more 0.484596 0.067257 1594.004040 221.232029

Output 13.3.2 shows the mean and total estimates treating respondents as a domain
in the student population. Compared to the estimates in Output 13.3.1, the point
estimates are the same, but the variance estimates are slightly higher.
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ALPHA= option, 17
COVER= option, 17
HKPOWER-= option, 18
PREROTATE= option, 18
RCONVERGE= option, 18
RITER= option, 18
ROTATE= option, 18
SE option, 21
FORMAT= option
TABLES statement (FREQ), 33
FREQ procedure
syntax, 33
FREQ procedure, TABLES statement, 33
CONTENTS= option, 33
FORMAT= option, 33
OUTCUM option, 34
FREQ statement
GAM procedure, 43

G
GAM procedure, 42
syntax, 42
GAM procedure, BY statement, 42
GAM procedure, CLASS statement, 43
GAM procedure, FREQ statement, 43
GAM procedure, ID statement, 44
GAM procedure, MODEL statement
ALPHA= option, 45
DIST= option, 45
EPSILON= option, 45
MAXITER= option, 45
METHOD= option, 45
GAM procedure, OUTPUT statement, 45
OUT=option, 45
GAM procedure, PROC GAM statement, 42
DATA= option, 42
GAM procedure, SCORE statement, 46
DATA= option, 46
OUT= option, 46

H
HKPOWER= option
PROC FACTOR statement, 18
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I
ID statement
GAM procedure, 44
INTERP= option
MODEL statement (LOESS), 76

J
JOINT option

EXACT statement (LOGISTIC), 92
JOINTONLY option

EXACT statement (LOGISTIC), 93

L
LOESS procedure, MODEL statement
DETAILS option, 75
INTERP= option, 76
SELECT= option, 76
SMOOTH-= option, 77
TRACEL option, 76
LOESS procedure, SCORE statement
STEPS option, 77
LOGISTIC procedure, 91
syntax, 91
LOGISTIC procedure, EXACT statement, 92
ALPHA= option, 92
ESTIMATE option, 92
JOINT option, 92
JOINTONLY option, 93
ONESIDED option, 93
OUTDIST= option, 93
LOGISTIC procedure, PROC LOGISTIC statement,
91
EXACTONLY option, 91
EXACTOPTIONS option, 91

M
MAXITER = option

MODEL statement (GAM), 45
METHOD= option

MODEL statement (GAM), 45
MISS= option

MODEL statement (CATMOD), 5
MISSING= option

MODEL statement (CATMOD), 5
ML option

MODEL statement (CATMOD), 3
MODEL statement

CATMOD procedure, 3

TPSPLINE procedure, 44

@)
ONESIDED option

EXACT statement (LOGISTIC), 93
OUT= option

OUTPUT statement (GAM), 45

SCORE statement (GAM), 46
OUTCUM option

TABLES statement (FREQ), 34
OUTDIST= option

EXACT statement (LOGISTIC), 93
OUTPUT statement
GAM procedure, 45

P
PHREG procedure, PROC PHREG statement
COVS option, 127
COVSANDWICH option, 127
PREROTATE= option
PROC FACTOR statement, 18
PROC FACTOR statement
See FACTOR procedure
PROC GAM statement
See GAM procedure
PROC LOGISTIC statement
See LOGISTIC procedure

R
RCONVERGE-= option

PROC FACTOR statement, 18
RITER= option

PROC FACTOR statement, 18
ROTATE= option

PROC FACTOR statement, 18

S
SCORE statement, GAM procedure, 46
SE option

PROC FACTOR statement, 21
SELECT= option

MODEL statement (LOESS), 76
SMOOTH= option

MODEL statement (LOESS), 77
STEPS option

SCORE statement (LOESS), 77
SUBGROUP statement

SURVEYMEANS procedure, 133
SURVEYMEANS procedure

syntax, 133
SURVEYMEANS procedure, DOMAIN statement,

133

T
TABLES statement

FREQ procedure, 33
TPSPLINE procedure, MODEL statement, 44
TRACEL option

MODEL statement (LOESS), 76

Z
ZERO-= option

MODEL statement (CATMOD), 5
ZEROES= option

MODEL statement (CATMOD), 5
ZEROS= option

MODEL statement (CATMOD), 5
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