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Chapter 1
What's New in the Base SAS 9.4 Statistical
Procedures

Overview

The third maintenance release of Base SAS 9.4 includes enhancements to the CORR, FREQ, and UNIVARI-
ATE statistical procedures.

CORR Procedure Enhancements

The new OUTPLC= option creates an output data set that contains polychoric correlation statistics.

The new OUTPLS= option creates an output data set that contains polyserial correlation statistics.

FREQ Procedure Enhancements

Likelihood ratio and Wald modified confidence limits are available for the relative risk. (You can
request confidence limits for the relative risk by using the RELRISK(CL=) option.) These confidence
limits can be displayed in the relative risk plot.

Exact mid-p, likelihood ratio, and Wald modified confidence limits are available for the odds ratio.
(You can request confidence limits for the odds ratio by using the OR(CL=) option.) These confidence
limits can be displayed in the odds ratio plot.

The score (Farrington-Manning) and Hauck-Anderson methods are available for the risk difference
equality test, which you can request by using the RISKDIFF option in the TABLES statement. You
can specify a null value of the risk difference for equality tests.

You can specify a null value of the ratio of discordant proportions for McNemar’s test by using the
AGREE(MNULLRATIO=) option.

Noninferiority, equivalence, and equality tests are available for the relative risk. Test methods include
score (Farrington-Manning), Wald, Wald modified, and likelihood ratio. You can specify these tests
and methods by using the RELRISK option in the TABLES statement.

The following types of binomial confidence limits are now available: Blaker, exact mid-p, likelihood
ratio, and logit. (You can request binomial confidence limits in the BINOMIAL(CL=) option.)
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The new OR(CL=SCORE) option provides score confidence limits for the odds ratio. The new
RELRISK(CL=SCORE) option provides score confidence limits for the relative risk. Score confidence
limits can be displayed in the odds ratio and relative risk plots.

The RISKDIFF(COMMON) option provides Mantel-Haenszel, stratified Newcombe, and summary
score estimates of the common risk (proportion) difference. The common risk difference can be
displayed in the risk difference plot.

The MIDP option in the EXACT statement produces mid p-values for exact tests.

The new COLORSTAT= option for mosaic plots colors the tiles according to the values of the
Pearson residuals or the standardized residuals. The SCALE=GROUPPERCENT option for two-way
frequency plots displays the row or column percentages (instead of the overall percentages). The
CLDISPLAY=SERIFARROW and CLDISPLAY=LINEARROW options are now available to control
the error bars in odds ratio, relative risk, risk difference, and kappa plots.

The CROSSLIST(PEARSONRES) option displays the Pearson residuals in the CROSSLIST table.

UNIVARIATE Procedure Enhancements

The HISTOGRAM statement now supports the OVERLAY option, which overlays histograms that are
associated with different levels of a CLASS variable onto a single plot.

Maximum likelihood estimation for Johnson Sy distribution parameters has been improved. You can
fit a Johnson Sy distribution by specifying the SU option in the HISTOGRAM statement. You can
request maximum likelihood estimation by specifying the FITMETHOD=MLE suboption, and you can
control the optimizer that performs the estimation by specifying the new OPTBOUNDRANGE=, OPT-
MAXITER=, OPTMAXSTARTS=, OPTPRINT, OPTSEED=, and OPTTOLERANCE= suboptions.

The geometric means of analysis variables are now calculated. You can specify the GEOMEAN
keyword in an INSET statement to display the geometric mean in a graph, or in an OUTPUT statement
to include it in an output data set. The geometric mean is also saved in the _ GEOMEAN_ variable in
an OUTTABLE-= data set.



Chapter 2
The CORR Procedure

Contents

Overview: CORR Procedure . . . . . . . . o o i e e e e e e e 4

Getting Started: CORR Procedure . . . . . . . . . . . . . e 5

Syntax: CORR Procedure . . . . . . . . . . . e 8
PROC CORR Statement . . . . . . . . . . . . . e 8
BY Statement . . . . . .. L 16
FREQ Statement . . . . . . . . . . e e 16
ID Statement . . . . . .. 17
PARTIAL Statement . . . . . . . . . . . . . e 17
VAR Statement . . . . . . . . . e 17
WEIGHT Statement . . . . . . . . . . . . 17
WITH Statement . . . . . . . . . . . e 18

Details: CORR Procedure . . . . . . . . . . e e 18
Pearson Product-Moment Correlation . . . . . . .. .. .. ... ... ... ..., 18
Spearman Rank-Order Correlation. . . . . . .. .. ... ... .. ... ....... 20
Kendall's Tau-b Correlation Coefcient . . . . . . . .. .. ... ... ... ..... 21
Hoeffding Dependence Coefcient . . . . . . .. .. ... ... ... ... ..... 22
Partial Correlation . . . . . . . . . . . . e 22
Fisher'sz Transformation . . . . . . . . . . .. .. .. ... . ... ... ... 24
Polychoric Correlation . . . . . . . . . . . . . . e 27
Polyserial Correlation . . . . . . . . . . . . . 27
Cronbach's CoefcientAlpha . . . . . . . . . . ... ... 29
Condence and Prediction Ellipses . . . . . .. ... .. ... .. ... .. .. ... 31
Missing Values . . . . . . . 32
In-Database Computation . . . . . . . . .. ... 32
Output Tables . . . . . . . . e 33
OutputData Sets . . . . . . . . . . e 34
ODS Table Names . . . . . . . . . . e 35
ODS Graphics . . . . . . . e 36

Examples: CORR Procedure . . . . . . . . . . 37
Example 2.1: Computing Four Measures of Association . . . . . ... ... ..... 37
Example 2.2: Computing Correlations between Two Sets of Variables . . . . . .. .. 41
Example 2.3: Analysis Using FisheesTransformation . . . . ... ... ... ... 45
Example 2.4: Applications of FishersTransformation . . . . . ... .. ... ... 46
Example 2.5: Computing Polyserial Correlations . . . . . ... ... ... ...... 49
Example 2.6: Computing Cronbach's CoefcientAlpha . . . . ... .. ... .... 51
Example 2.7: Saving Correlations inan OutputDataSet . . . . . ... ... ... .. 53



4 F Chapter 2: The CORR Procedure

Example 2.8: Creating ScatterPlots . . . . . .. ... ... ... ... ........ 55
Example 2.9: Computing Partial Correlations . . . . . . .. ... ... ... ..... 59
References . . . . . . . e e 62

Overview: CORR Procedure

The CORR procedure computes Pearson correlation coef cients, three nonparametric measures of association,
polyserial correlation coef cients, and the probabilities associated with these statistics. The correlation
statistics include the following:

Pearson product-moment correlation

Spearman rank-order correlation

Kendall's tau-b coef cient

Hoeffding's measure of dependence,

Pearson, Spearman, and Kendall partial correlation
polychoric correlation

polyserial correlation

Pearson product-moment correlation is a parametric measure of a linear relationship between two variables.
For nonparametric measures of association, Spearman rank-order correlation uses the ranks of the data values
and Kendall's tau-b uses the number of concordances and discordances in paired observations. Hoeffding's
measure of dependence is another nonparametric measure of association that detects more general departures
from independence. A partial correlation provides a measure of the correlation between two variables after
controlling the effects of other variables.

Polyserial correlation measures the correlation between two continuous variables with a bivariate normal
distribution, where only one variable is observed directly. Information about the unobserved variable is

obtained through an observed ordinal variable that is derived from the unobserved variable by classifying its
values into a nite set of discrete, ordered values.

A related type of correlation, polychoric correlation, measures the correlation between two unobserved
variables with a bivariate normal distribution. Information about these variables is obtained through two
corresponding observed ordinal variables that are derived from the unobserved variables by classifying their
values into nite sets of discrete, ordered values.

When only one set of analysis variables is speci ed, the default correlation analysis includes descriptive
statistics for each analysis variable and pairwise Pearson correlation statistics for these variables. You can
also compute Cronbach's coef cient alpha for estimating reliability.

When two sets of analysis variables are speci ed, the default correlation analysis includes descriptive statistics
for each analysis variable and pairwise Pearson correlation statistics between the two sets of variables.
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For a Pearson or Spearman correlation, the Fisaérnsformation can be used to derive its con dence limits
and ap-value under a speci ed null hypothesityW D . Either a one-sided or a two-sided alternative is
used for these statistics.

When the relationship between two variables is nonlinear or when outliers are present, the correlation
coef cient might incorrectly estimate the strength of the relationship. Plotting the data enables you to verify
the linear relationship and to identify the potential outliers. If ODS Graphics is enabled, scatter plots and a
scatter plot matrix can be created via the Output Delivery System (ODS). Con dence and prediction ellipses
can also be added to the scatter plot. See the section “Con dence and Prediction Ellipses” on page 31 for a
detailed description of the ellipses.

You can save the correlation statistics in a SAS data set for use with other statistical and reporting procedures.

Getting Started: CORR Procedure
The following statements create the dataRtiess, which has been altered to contain some missing values:

* oo Data on Physical Fithess ----------------- *
These measurements were made on men involved in a physical |

fitness course at N.C. State University. |

The variables are Age (years), Weight (kg), |

Runtime (time to run 1.5 miles in minutes), and |

Oxygen (oxygen intake, ml per kg body weight per minute) [

Certain values were changed to missing for the analysis. |

$ ————— — —

data Fitness;

input Age Weight Oxygen RunTime @@;

datalines;
44 89.47 44.609 11.37 40 75.07 45.313 10.07
44 85.84 54.297 8.65 42 68.15 59.571 8.17
38 89.02 49.874 . 47 77.45 44.811 11.63
40 75.98 45.681 11.95 43 81.19 49.091 10.85
44 81.42 39.442 13.08 38 81.87 60.055 8.63
44 73.03 50.541 10.13 45 87.66 37.388 14.03
45 66.45 44.754 11.12 47 79.15 47.273 10.60
54 83.12 51.855 10.33 49 81.42 49.156 8.95
51 69.63 40.836 10.95 51 77.91 46.672 10.00
48 91.63 46.774 10.25 49 73.37 . 10.08
57 73.37 39.407 12.63 54 79.38 46.080 11.17
52 76.32 45.441 9.63 50 70.87 54.625 8.92
51 67.25 45.118 11.08 54 91.63 39.203 12.88
51 73.71 45.790 10.47 57 59.08 50.545 9.93
49 76.32 . . 48 61.24 47.920 11.50
52 82.78 47.467 10.50
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The following statements invoke the CORR procedure and request a correlation analysis:

ods graphics on;
proc corr data=Fitness plots=matrix(histogram);
run;

The “Simple Statistics” table in Figure 2.1 displays univariate statistics for the analysis variables.

Figure 2.1 Univariate Statistics

By default, all numeric variables not listed in other statements are used in the analysis. Observations with
nonmissing values for each variable are used to derive the univariate statistics for that variable.

The “Pearson Correlation Coef cients” table in Figure 2.2 displays the Pearson correlatiprvahes under
the null hypothesis of zero correlation, and the number of nonmissing observations for each pair of variables.

Figure 2.2 Pearson Correlation Coef cients

By default, Pearson correlation statistics are computed from observations with nonmissing values for each
pair of analysis variables. Figure 2.2 displays a correlation of —0.86843 beRue¢ime andOxygen, which

is signi cant with ap-value less than 0.0001. That is, there exists an inverse linear relationship between these
two variables. ARRuntime (time to run 1.5 miles in minutes) increas@xygen (oxygen intake, ml per kg

body weight per minute) decreases.
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When you use the PLOTS=MATRIX(HISTOGRAM) option, the CORR procedure displays a symmetric
matrix plot for the analysis variables in Figure 2.3. The histograms for these analysis variables are also

displayed on the diagonal of the matrix plot. This inverse linear relationship between the two variables,
Oxygen andRuntime, is also shown in the plot.

Note that ODS Graphics must be enabled and you must specify the PLOTS= option to produce graphs. For

more information about ODS Graphics, see Chapter 21, “Statistical Graphics Using SBS/STAT User's
Guidse.

Figure 2.3 Symmetric Matrix Plot



8 F Chapter 2: The CORR Procedure

Syntax: CORR Procedure

The following statements are available in PROC CORR:

PROC CORR <options > ;
BY variables ;
FREQ variable ;
ID variables ;
PARTIAL variables ;
VAR variables ;
WEIGHT variable ;
WITH variables ;

The BY statement speci es groups in which separate correlation analyses are performed.

The FREQ statement speci es the variable that represents the frequency of occurrence for other values in the
observation.

The ID statement speci es one or more additional tip variables to identify observations in scatter plots and
scatter plot matrices.

The PARTIAL statement identi es controlling variables to compute Pearson, Spearman, or Kendall partial-
correlation coef cients.

The VAR statement lists the numeric variables to be analyzed and their order in the correlation matrix. If you
omit the VAR statement, all numeric variables not listed in other statements are used.

The WEIGHT statement identi es the variable whose values weight each observation to compute Pearson
product-moment correlation.

The WITH statement lists the numeric variables with which correlations are to be computed.

The PROC CORR statement is the only required statement for the CORR procedure. The rest of this section
provides detailed syntax information for each of these statements, beginning with the PROC CORR statement.
The remaining statements are presented in alphabetical order.

PROC CORR Statement
PROC CORR <options > ;

Table 2.1 summarizes the options available in the PROC CORR statement.

Table 2.1 Summary of PROC CORR Options

Option Description

Data Sets

DATA= Speci es the input data set

OUTH= Speci es the output data set with Hoeffdindpsstatistics

OUTK= Speci es the output data set with Kendall correlation statistics

OUTP= Speci es the output data set with Pearson correlation statistics
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Table 2.1 continued

Option Description

OUTPLC= Speci es the output data set with polychoric correlation statistics
OUTPLS= Speci es the output data set with polyserial correlation statistics
ouTs= Speci es the output data set with Spearman correlation statistics
Statistical Analysis

EXCLNPWGT Excludes observations with nonpositive weight values from the analysis
FISHER Requests correlation statistics using Fistetransformation
HOEFFDING Requests Hoeffding's measure of dependebce,

KENDALL Requests Kendall's tau-b

NOMISS Excludes observations with missing analysis values from the analysis
PEARSON Requests Pearson product-moment correlation

POLYCHORIC Requests polychoric correlation

POLYSERIAL Requests polyserial correlation

SPEARMAN Requests Spearman rank-order correlation

Pearson Correlation Statistics

ALPHA Computes Cronbach's coef cient alpha

cov Computes covariances

CSSCP Computes corrected sums of squares and crossproducts
FISHER Computes correlation statistics based on Fishéransformation
SINGULAR= Speci es the singularity criterion

SSCP Computes sums of squares and crossproducts

VARDEF= Speci es the divisor for variance calculations

ODS Output Graphics

PLOTS=MATRIX  Displays the scatter plot matrix
PLOTS=SCATTER Displays scatter plots for pairs of variables

Printed Output

BEST= Displays the speci ed number of ordered correlation coef cients
NOCORR Suppresses Pearson correlations

NOPRINT Suppresses all printed output

NOPROB Suppressgsvalues

NOSIMPLE Suppresses descriptive statistics

RANK Displays ordered correlation coef cients

The following options can be used in the PROC CORR statement. They are listed in alphabetical order.

ALPHA
calculates and prints Cronbach's coef cient alpha. PROC CORR computes separate coef cients using
raw and standardized values (scaling the variables to a unit variance of 1). For each VAR statement
variable, PROC CORR computes the correlation between the variable and the total of the remaining
variables. It also computes Cronbach's coef cient alpha by using only the remaining variables.

If a WITH statement is speci ed, the ALPHA option is invalid. When you specify the ALPHA option,
the Pearson correlations will also be displayed. If you specify the OUTP= option, the output data
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set also contains observations with Cronbach's coef cient alpha. If you use the PARTIAL statement,
PROC CORR calculates Cronbach's coef cient alpha for partialled variables. See the section “Partial
Correlation” on page 22 for details.

BEST=n
prints then highest correlation coef cients for each variabte, 1. Correlations are ordered from
highest to lowest in absolute value. Otherwise, PROC CORR prints correlations in a rectangular table,
using the variable names as row and column labels.

If you specify the HOEFFDING option, PROC CORR displaysEhstatistics in order from highest to
lowest.

cov
displays the variance and covariance matrix. When you specify the COV option, the Pearson correla-
tions will also be displayed. If you specify the OUTP= option, the output data set also contains the
covariance matrix with the corresponding _ TYPE_ variable value "COV.' If you use the PARTIAL
statement, PROC CORR computes a partial covariance matrix.

CSSCP
displays a table of the corrected sums of squares and crossproducts. When you specify the CSSCP
option, the Pearson correlations will also be displayed. If you specify the OUTP= option, the output
data set also contains a CSSCP matrix with the corresponding _TYPE_ variable value "CSSCP.' If you
use a PARTIAL statement, PROC CORR prints both an unpartial and a partial CSSCP matrix, and the
output data set contains a partial CSSCP matrix.

DATA=SAS-data-set
names the SAS data set to be analyzed by PROC CORR. By default, the procedure uses the most
recently created SAS data set.

EXCLNPWGT

EXCLNPWGTS
excludes observations with nonpositive weight values from the analysis. By default, PROC CORR
treats observations with negative weights like those with zero weights and counts them in the total
number of observations.

FISHER < ( sher-options ) >
requests con dence limits arvalues under a speci ed null hypothesi$gW D g, for correlation
coef cients by using Fisher'z transformation. These correlations include the Pearson correlations and
Spearman correlations.

The following sher-options are available:

ALPHA=
speci es the level of the con dence limits for the correlatid®0.1 / %. The value of the
ALPHA= option must be between 0 and 1, and the default is ALPHA=0.05.

BIASADJ=YES | NO
speci es whether or not the bias adjustment is used in constructing con dence limits. The
BIASADJ=YES option also produces a new correlation estimate that uses the bias adjustment.
By default, BIASADJ=YES.
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RHOO0= g
speci es the value ¢ in the null hypothesigigW D ¢, where 1 < o < 1. By default,
RHOO0=0.

TYPE=LOWER | UPPER | TWOSIDED
speci es the type of con dence limits. The TYPE=LOWER option requests a lower con dence
limit for the test of the one-sided hypothesigW o against the alternative hypothesis
H{W> g, the TYPE=UPPER option requests an upper con dence limit for the test of the
one-sided hypothesldgW o against the alternative hypotheglgW< (, and the default
TYPE=TWOSIDED option requests two-sided con dence limits for the test of the hypothesis
HoWD o.

HOEFFDING
requests a table of Hoeffding® statistics. ThiD statistic is 30 times larger than the usual de nition
and scales the range between —0.5 and 1 so that large positive values indicate dependence. The
HOEFFDING option is invalid if a WEIGHT or PARTIAL statement is used.

KENDALL
requests a table of Kendall's tau-b coef cients based on the number of concordant and discordant pairs
of observations. Kendall's tau-b ranges from -1 to 1.

The KENDALL option is invalid if a WEIGHT statement is used. If you use a PARTIAL statement,
probability values for Kendall's partial tau-b are not available.

NOCORR
suppresses displaying of Pearson correlations. If you specify the OUTP= option, the data set type
remains CORR. To change the data set type to COV, CSSCP, or SSCP, use the TYPE= data set option.

NOMISS
excludes observations with missing values from the analysis. Otherwise, PROC CORR computes
correlation statistics by using all of the nonmissing pairs of variables. Using the NOMISS option is
computationally more ef cient.

NOPRINT
suppresses all displayed output, which also includes output produced with ODS Graphics. Use the
NOPRINT option if you want to create an output data set only.

NOPROB
suppresses displaying the probabilities associated with each correlation coef cient.

NOSIMPLE
suppresses printing simple descriptive statistics for each variable. However, if you request an output
data set, the output data set still contains simple descriptive statistics for the variables.

OUTH=output-data-set
creates an output data set that contains HoeffdiDgssatistics. The contents of the output data set
are similar to those of the OUTP= data set. When you specify the OUTH= option, the Hoeffding's
statistics will be displayed.
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OUTK=output-data-set
creates an output data set that contains Kendall correlation statistics. The contents of the output data
set are similar to those of the OUTP= data set. When you specify the OUTK= option, the Kendall
correlation statistics will be displayed.

OUTP=output-data-set

OUT=output-data-set
creates an output data set that contains Pearson correlation statistics. This data set also includes means,
standard deviations, and the number of observations. The value of the TYPE_ variable is 'CORR.'
When you specify the OUTP= option, the Pearson correlations will also be displayed. If you specify
the ALPHA option, the output data set also contains six observations with Cronbach's coef cient
alpha.

OUTPLC=output-data-set
creates an output data set that contains polychoric correlation statistics. (Polychoric correlation between
two observed binary variables is also known as tetrachoric correlation.) This data set also includes
means, standard deviations, and the number of observations. The value of the _TYPE_ variable is
"CORR!

OUTPLS=output-data-set
creates an output data set that contains polyserial correlation statistics. The contents of the output data
set are similar to those of the OUTPLC= data set.

OUTS=SAS-data-set
creates an output data set that contains Spearman correlation coef cients. The contents of the output
data set are similar to those of the OUTP= data set. When you specify the OUTS= option, the Spearman
correlation coef cients will be displayed.

PEARSON
requests a table of Pearson product-moment correlations. The correlations range from -1 to 1. If you do
not specify the HOEFFDING, KENDALL, SPEARMAN, POLYCHORIC, POLYSERIAL, OUTH=,
OUTK=, or OUTS= option, the CORR procedure produces Pearson product-moment correlations
by default. Otherwise, you must specify the PEARSON, ALPHA, CQV, CSSCP, SSCP, or OUT=
option for Pearson correlations. Also, if a scatter plot or a scatter plot matrix is requested, the Pearson
correlations will be displayed.

PLOTS <( MAXPOINTS=NONE | n)> = plot-request

PLOTS <( MAXPOINTS=NONE | n)> = ( plot-request <... plot-request > )
requests statistical graphics via the Output Delivery System (ODS).

ODS Graphics must be enabled before plots can be requested. For example:

ods graphics on;
proc corr data=Fitness plots=matrix(histogram);
run;

For more information about enabling and disabling ODS Graphics, see the section “Enabling and
Disabling ODS Graphics” in Chapter 21, “Statistical Graphics Using OB&I/STAT User's Guijle

The global plot option MAXPOINTS= speci es that plots with elements that require processing more
thann points be suppressed. The default is MAXPOINTS=5000. This limit is ignored if you specify
MAXPOINTS=NONE. The plot request options include the following:
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ALL
produces all appropriate plots.

MATRIX < (matrix-options) >
requests a scatter plot matrix for variables. That is, the procedure displays a symmetric matrix
plot with variables in the VAR list if a WITH statement is not speci ed. Otherwise, the procedure
displays a rectangular matrix plot with the WITH variables appearing down the side and the VAR
variables appearing across the top.

NONE
suppresses all plots.

SCATTER < (scatter-options) >
requests scatter plots for pairs of variables. That is, the procedure displays a scatter plot for
each applicable pair of distinct variables from the VAR list if a WITH statement is not speci ed.
Otherwise, the procedure displays a scatter plot for each applicable pair of variables, one from
the WITH list and the other from the VAR list.

When a scatter plot or a scatter plot matrix is requested, the Pearson correlations will also be displayed.

The availablenatrix-options are as follows:

HIST | HISTOGRAM
displays histograms of variables in the VAR list (speci ed in the VAR statement) in the symmetric
matrix plot.

NVAR=ALL | n
speci es the maximum number of variables in the VAR list to be displayed in the matrix plot,
wheren > 0. The NVAR=ALL option uses all variables in the VAR list. By default, NVAR=5.

NWITH=ALL | n
speci es the maximum number of variables in the WITH list (speci ed in the WITH statement)
to be displayed in the matrix plot, wheme> 0. The NWITH=ALL option uses all variables in
the WITH list. By default, NWITH=5.

If the resulting maximum number of variables in the VAR or WITH list is greater than 10, only the
rst 10 variables in the list are displayed in the scatter plot matrix.

The availablescatter-options are as follows:

ALPHA=
speci es the values for the con dence or prediction ellipses to be displayed in the scatter plots,
where0 < <1 . Foreach value specied,al )condence or prediction ellipse is created.
By default, D 0:05

ELLIPSE=PREDICTION | CONFIDENCE | NONE
requests prediction ellipses for new observations (ELLIPSE=PREDICTION), con dence ellipses
for the mean (ELLIPSE=CONFIDENCE), or no ellipses (ELLIPSE=NONE) to be created in the
scatter plots. By default, ELLIPSE=PREDICTION.
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NOINSET
suppresses the default inset of summary information for the scatter plot. The inset table contains
the number of observations (Observations) and correlation.

NVAR=ALL | n
speci es the maximum number of variables in the VAR list (speci ed in the VAR statement) to
be displayed in the plots, whene> 0. The NVAR=ALL option uses all variables in the VAR list.
By default, NVAR=5.

NWITH=ALL | n
speci es the maximum number of variables in the WITH list (speci ed in the WITH statement)
to be displayed in the plots, whene> 0. The NWITH=ALL option uses all variables in the
WITH list. By default, NWITH=5.

If the resulting maximum number of variables in the VAR or WITH list is greater than 10, only the
rst 10 variables in the list are displayed in the scatter plots.

POLYCHORIC < (options) >
requests a table of polychoric correlation coef cients. (Polychoric correlation between two observed
binary variables is also known as tetrachoric correlation.) A polychoric correlation measures the
correlation between two unobserved, continuous variables that have a bivariate normal distribution.
Information about each unobserved variable is obtained through an observed ordinal variable that is
derived from the unobserved variable by classifying its values into a nite set of discrete, ordered
values. If you specify a WEIGHT statement, the POLYCHORIC option is not applicable.

You can specify the followingptions for computing polychoric correlation:

CONVERGE=p
speci es the convergence criterion. The vajuemust be between 0 and 1. The iterations are
considered to have converged when the absolute change in the parameter estimates between
iteration steps is less thanfor each parameter—that is, for the correlation and the thresholds for
the unobserved continuous variable that de ne the categories for the ordinal variable. By default,
CONVERGE=0.0001.

MAXITER=number
speci es the maximum number of iterations. The iterations stop when the number of iterations
exceedswmber. By default, MAXITER=200.

NGROUPS=ALL | n
speci es the maximum number of groups allowed for each ordinal variable, wherel.
NGROUPS=ALL allows an unlimited number of groups in each ordinal variable. Otherwise, if
the number of groups exceeds the speci ed nummgrolychoric correlations are not computed
for the affected pairs of variables. By default, NGROUPS=20.

POLYSERIAL < (options)>
requests a table of polyserial correlation coef cients. A polyserial correlation measures the correlation
between two continuous variables with a bivariate normal distribution, where one variable is observed
and the other is unobserved. Information about the unobserved variable is obtained through an observed
ordinal variable that is derived from the unobserved variable by classifying its values into a nite set
of discrete, ordered values. If you specify a WEIGHT statement, the POLYSERIAL option is not
applicable.
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You can specify the followingptions for computing polyserial correlation:

CONVERGE=p
speci es the convergence criterion. The vapuenust be between 0 and 1. The iterations are
considered to have converged when the absolute change in the parameter estimates between
iteration steps is less thanfor each parameter—that is, for the correlation and the thresholds for
the unobserved continuous variable that de ne the categories for the ordinal variable. By default,
CONVERGE=0.0001.

MAXITER=number

speci es the maximum number of iterations. The iterations stop when the number of iterations
exceedswumber. By default, MAXITER=200.

NGROUPS=ALL | n
speci es the maximum number of groups allowed for each ordinal variable, wherel.
NGROUPS=ALL allows an unlimited number of groups in each ordinal variable. Otherwise, if
the number of groups exceeds the speci ed nunmgrolyserial correlations are not computed
for the affected pairs of variables. By default, NGROUPS=20.

ORDINAL=WITH | VAR
speci es the ordinal variable list. The ORDINAL=WITH option speci es that the ordinal
variables are provided in the WITH statement, and the continuous variables are provided in the
VAR statement. The ORDINAL=VAR option speci es that the ordinal variables are provided in
the VAR statement, and the continuous variables are provided in the WITH statement. By default,
ORDINAL=WITH.

RANK
displays the ordered correlation coef cients for each variable. Correlations are ordered from highest to

lowest in absolute value. If you specify the HOEFFDING option,Bhs&tatistics are displayed in order
from highest to lowest.

SINGULAR=p
speci es the criterion for determining the singularity of a variable if you use a PARTIAL statement. A
variable is considered singular if its corresponding diagonal element after Cholesky decomposition has
avalue less thaptimes the original unpartialled value of that variable. By default, SINGULAR=8E
The range op is between 0 and 1.

SPEARMAN
requests a table of Spearman correlation coef cients based on the ranks of the variables. The correla-
tions range from —1 to 1. If you specify a WEIGHT statement, the SPEARMAN option is invalid.

SSCP
displays a table of the sums of squares and crossproducts. When you specify the SSCP option, the
Pearson correlations are also displayed. If you specify the OUTP= option, the output data set contains a
SSCP matrix and the corresponding _TYPE_ variable value is "'SSCP.' If you use a PARTIAL statement,
the unpartial SSCP matrix is displayed, and the output data set does not contain an SSCP matrix.

VARDEF=DF | N | WDF | WEIGHT | WGT

speci es the variance divisor in the calculation of variances and covariances. The default is
VARDEF=DF.
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Table 2.2 displays available values and associated divisors for the VARDEF= option,mikéhe
number of nonmissing observatiokss the number of variables speci ed in the PARTIAL statement,
andw; is the weight associated with tfigd nonmissing observation.

Table 2.2 Possible Values for the VARDEF= Option

Value Description Divisor

DF Degrees of freedom n-k-1

N Number of observations

WDF Sum of weights minus one , E wp k1
WEIGHT | WGT Sum of weights W

i

BY Statement
BY variables ;

You can specify a BY statement with PROC CORR to obtain separate analyses of observations in groups that
are de ned by the BY variables. When a BY statement appears, the procedure expects the input data set to be

sorted in order of the BY variables. If you specify more than one BY statement, only the last one speci ed is
used.

If your input data set is not sorted in ascending order, use one of the following alternatives:

Sort the data by using the SORT procedure with a similar BY statement.

Specify the NOTSORTED or DESCENDING option in the BY statement for the CORR procedure.
The NOTSORTED option does not mean that the data are unsorted but rather that the data are arranged
in groups (according to values of the BY variables) and that these groups are not necessarily in
alphabetical or increasing numeric order.

Create an index on the BY variables by using the DATASETS procedure (in Base SAS software).

For more information about BY-group processing, see the discuss®A$Language Reference: Concepts
For more information about the DATASETS procedure, see the discussionBateSAS Procedures Guide

FREQ Statement
FREQ variable ;

The FREQ statement lists a numeric variable whose value represents the frequency of the observation. If you
use the FREQ statement, the procedure assumes that each observation repodssamisations, wheneis

the value of the FREQ variable. itfis not an integer, SAS truncates it.His less than 1 or is missing, the
observation is excluded from the analysis. The sum of the frequency variable represents the total number of
observations.

The effects of the FREQ and WEIGHT statements are similar except when calculating degrees of freedom.
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ID Statement

ID variables ;

The ID statement speci es one or more additional tip variables to identify observations in scatter plots and

scatter plot matrix. For each plot, the tip variables include the X-axis variable, the Y-axis variable, and the
variable for observation numbers.

PARTIAL Statement
PARTIAL variables ;

The PARTIAL statement lists variables to use in the calculation of partial correlation statistics. Only the
Pearson partial correlation, Spearman partial rank-order correlation, and Kendall's partial tau-b can be
computed. When you use the PARTIAL statement, observations with missing values are excluded.

With a PARTIAL statement, PROC CORR also displays the partial variance and standard deviation for each
analysis variable if the PEARSON option is speci ed.

VAR Statement

VAR variables ;

The VAR statement lists variables for which to compute correlation coef cients. If the VAR statement is not
speci ed, PROC CORR computes correlations for all numeric variables not listed in other statements.

WEIGHT Statement
WEIGHT variable ;

The WEIGHT statement lists weights to use in the calculation of Pearson weighted product-moment correla-
tion. The HOEFFDING, KENDALL, and SPEARMAN options are not valid with the WEIGHT statement.

The observations with missing weights are excluded from the analysis. By default, for observations with
nonpositive weights, weights are set to zero and the observations are included in the analysis. You can use
the EXCLNPWGT option to exclude observations with negative or zero weights from the analysis.
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WITH Statement
WITH variables ;

The WITH statement lists variables with which correlations of the VAR statement variables are to be

correlation matrix has a rectangular structure of the form

2 3
r.Yq; X1/ r.Y1; Xm/

r.Yn;Xq/ r.Yn: Xm/

For example, the statements

proc corr;
var x1 x2;
with y1 y2 y3;
run;

produce correlations for the following combinations:
2 3
r.Y1; X1/ r.Y1;X2/

4 rY2:X1 rY2:X2/ 5
r.Y3; X1/ r.Y 3; X2/

Details: CORR Procedure

Pearson Product-Moment Correlation

The Pearson product-moment correlation is a parametric measure of association for two variables. It measures
both the strength and the direction of a linear relationship. If one varkaldean exact linear function of
another variablé, a positive relationship exists if the correlation is 1 and a negative relationship exists if the
correlation is —1. If there is no linear predictability between the two variables, the correlation is 0. If the two
variables are normal with a correlation 0, the two variables are independent. However, correlation does not
imply causality because, in some cases, an underlying causal relationship might not exist.

The scatter plot matrix in Figure 2.4 displays the relationship between two numeric random variables in
various situations.
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Figure 2.4 Correlations between Two Variables

The scatter plot matrix shows a positive correlation between variatilesnd X1, a negative correlation

betweenY1l and X2, and no clear correlation betwe&2 andX1. The plot also shows no clear linear
correlation betweel2 andX2, even thoughv2 is dependent oX2.

The formula for the population Pearson product-moment correlation, dengted

_Cov.x;y/ D o E.x Ex/ly Eylll
v V.xIV.yl "Ex Exll? Ey E.y//?

Xy
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The sample correlation, such as a Pearson product-moment correlation or weighted product-moment correla-
tion, estimates the population correlation. The formula for the sample Pearson product-moment correlation
is

ryy D p

whereNis the sample mean of andNis the sample mean ¢f The formula for a weighted Pearson
product-moment correlation is

i Wi.Xj Nw_{-Yi NW/

ryy D pP =
PWiXi Nw/Z 0wy Nw/?

wherew; is the weight}y, is the weighted mean of andy, is the weighted mean gf

Probability Values
Probability values for the Pearson correlation are computed by treating
r 2 1=2

tD.n 2/%¥% —
1 r2

as coming from a& distribution with.n 2/ degrees of freedom, wherds the sample correlation.

Spearman Rank-Order Correlation

Spearman rank-order correlation is a nonparametric measure of association based on the ranks of the data
values. The formula is

P
D a iR FN.Si N/
- e

R, B2 5 9y

P
i

whereR; is the rank ofx;, S; is the rank ofy;, RNis the mean of th&; values, andNis the mean of th&;
values.
PROC CORR computes the Spearman correlation by ranking the data and using the ranks in the Pearson
product-moment correlation formula. In case of ties, the averaged ranks are used.
Probability Values
Probability values for the Spearman correlation are computed by treating
r2 1=2

tD.n 2/%¥% — _
1 r2

as coming from & distribution with.n 2/ degrees of freedom, wheres the sample Spearman correlation.
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Kendall's Tau-b Correlation Coef cient

Kendall's tau-b is a nonparametric measure of association based on the number of concordances and
discordances in paired observations. Concordance occurs when paired observations vary together, and
discordalgce occurs when paired observations vary differently. The formula for Kendall's tau-b is
i .Sgnxi xj/sgnyi v/l

T To TidTo To

P P

whereTo D n.n 1/=2,T: D | .ty 1/=2,andT, D | uj.u; 1/=2 Thety is the number of tied
x values in thekth group of tiedk values,u, is the number of tieg values in thdth group of tiedy valuesn
is the number of observations, asginz/ is de ned as

D

8 :
<1 ifz>0
sgnz/ D, 0 ifzDO
1 ifz<0

PROC CORR computes Kendall's tau-b by ranking the data and using a method similar to Knight (1966).

The data are double sorted by ranking observations according to values of the rst variable and reranking
the observations according to values of the second variable. PROC CORR computes Kendall's tau-b from
the number of interchanges of the rst variable and corrects for tied pairs (pairs of observations with equal

values of X or equal values of Y).

Probability Values

Probability values for Kendall's tau-b are computed by treating
S

V.s/

as coming from a standard normal distribution where

sD .sgnx;  xj/sgny; vyl
i<j
andV .s/, the variance o$, is computed as
o Vi W Vi Vo

V,
V.s/D 18 C2n.n l/CQn.n 1/n 2/

where

VoD nn 1/2nC5/
P
vi D K tx .tk 1/2tk C 5/

=]
voD |, u.u 1/2u; C5/

P P
vi D . K te -ty 1/1. uj.u 1/

= P
vo D . I ti .t 1/.tk 211 up.u 1/.U| 211

The sums are over tied groups of values whgie the number of tiea values andy; is the number of tied
y values (Noether 1967). The sampling distribution of Kendall's partial tau-b is unknown; therefore, the
probability values are not available.
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Hoeffding Dependence Coef cient

Hoeffding's measure of dependen&,is a nonparametric measure of association that detects more general
departures from independence. The statistic approximates a weighted sum over observations of chi-square
statistics for two-by-two classi cation tables (Hoeffding 1948). Each sexpf/ values are cut points for
the classi cation. The formula for Hoeffding® is
n 2/n 3D1CD, 2.n 2/D3

nn 1/n 2/n 3/n 4/

D D 30-

P P P
whereD; D ;.Q; 1/.Q; 2/,D,D ;R; 1.R; 2.S; 1.S; 2/,andD3 D ;.Rj
2/.Si 2/.Q; 1/. Rjistherankof;, S isthe rank ofy;, andQ; (also called the bivariate rank) is 1
plus the number of points with bothandy values less than thiéh point.

A point that is tied on only the& value ory value contributes 1/2 tQ; if the other value is less than the
corresponding value for thiéh point.

A point that is tied on botl andy contributes 1/4 t@);. PROC CORR obtains th@; values by rst ranking

the data. The data are then double sorted by ranking observations according to values of the rst variable and
reranking the observations according to values of the second variable. Hoefldiatgi$istic is computed

using the number of interchanges of the rst variable. When no ties occur among data set observations,
the D statistic values are between —0.5 and 1, with 1 indicating complete dependence. However, when ties
occur, theD statistic might result in a smaller value. That is, for a pair of variables with identical values, the
Hoeffding's D statistic might be less than 1. With a large number of ties in a small data sét dfiagistic

might be less than —0.5. For more information about HoeffdiBg'see Hollander and Wolfe (1999).

Probability Values

The probability values for Hoeffding® statistic are computed using the asymptotic distribution computed
by Blum, Kiefer, and Rosenblatt (1961). The formula is

n 1 4 4
60 72

which comes from the asymptotic distribution. If the sample size is less than 10, refer to the tables for the
distribution ofD in Hollander and Wolfe (1999).

Partial Correlation

A partial correlation measures the strength of a relationship between two variables, while controlling the
effect of other variables. The Pearson partial correlation between two variables, after controlling for variables
in the PARTIAL statement, is equivalent to the Pearson correlation between the residuals of the two variables
after regression on the controlling variables.

variables. The population Pearson partial correlation betweeithtlaed theth variables ofy givenz is the
correlation between errorg; E.yi// and.y; E.y;//, where

Eyi/D {Cz; and Ey;/D jCz;

are the regression models for variabygsandy; given the set of controlling variables respectively.
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For a given sample of observations, a sample Pearson partial correlation bgfves®ly; givenzis derived
from the residualy; @; andy; @ , where

WwDQCz® and YD Qq Cz?Q
are tted values from regression models for variablesndy; givenz.

The patrtial corrected sums of squares and crossproducts (CSS@Rjivan z are the corrected sums
of squares and crossproducts of the residyal€y. Using these partial corrected sums of squares and
crossproducts, you can calculate the partial covariances and partial correlations.

PROC CORR derives the partial corrected sums of squares and crossproducts matrix by applying the Cholesky
decomposition algorithm to the CSSCP matrix. For Pearson partial correlatioBddethe partitioned
CSSCP matrix between two sets of variableandy:

s D Sz Sy
$y S)’y

PROC CORR calculates,y, , the partial CSSCP matrix gfafter controlling forz, by applying the Cholesky
decomposition algorithm sequentially on the rows associatedapitte variables being partialled out.

After applying the Cholesky decomposition algorithm to each row associated with vaizaBIBOC CORR
checks all higher-numbered diagonal elements associatea ¥atrsingularity. A variable is considered
singular if the value of the corresponding diagonal element is less'thiares the original unpartialled
corrected sum of squares of that variable. You can specify the singularity critdronsing the SINGULAR=
option. For Pearson partial correlations, a controlling varialigeconsidered singular if tn@? for predicting
this variable from the variables that are already partialled out exceeds When this happens, PROC
CORR excludes the variable from the analysis. Similarly, a variable is considered singulaR# the
predicting this variable from the controlling variables excegds". When this happens, its associated
diagonal element and all higher-numbered elements in this row or column are set to zero.

After the Cholesky decomposition algorithm is applied to all rows associatedzyiitie resulting matrix has
the form

T2z sz
0 Sy

whereT;, is an upper triangular matrix with, T,; D S%,, T3 T,y D S3,, andSyy;; D Sy T3 Tzy.

TD

If S, is positive de nite, theril,y D TS *S3, and the partial CSSCP matri., is identical to the
matrix derived from the formula

Syz DSy S!Sy

The partial variance-covariance matrix is calculated with the variance divisor (VARDEF= option). PROC
CORR then uses the standard Pearson correlation formula on the partial variance-covariance matrix to
calculate the Pearson partial correlation matrix.

When a correlation matrix is positive de nite, the resulting partial correlation between variaatety after
adjusting for a single variableis identical to that obtained from the rst-order partial correlation formula
Fxy TIxzlyz

A orgllorgl

xyz D €

whereryy , I'xz , andry, are the appropriate correlations.
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The formula for higher-order partial correlations is a straightforward extension of the preceding rst-order
formula. For example, when the correlation matrix is positive de nite, the partial correlation bekvesety
controlling for bothz_1 andz_2 is identical to the second-order partial correlation formula

Mxyiz1  Txzoizilyzoizg

A r2 11 r2 /

XZ2:Z1 Yz2:Z21

eriz 122 D &

whereryy:; ,, I'xz,:z,,» andryz,:z, are rst-order partial correlations among variabley, andz_2 givenz_1.

To derive the corresponding Spearman partial rank-order correlations and Kendall partial tau-b correlations,
PROC CORR applies the Cholesky decomposition algorithm to the Spearman rank-order correlation matrix
and Kendall's tau-b correlation matrix and uses the correlation formula. That is, the Spearman partial
correlation is equivalent to the Pearson correlation between the residuals of the linear regression of the ranks
of the two variables on the ranks of the partialled variables. Thus, if a PARTIAL statement is speci ed with
the CORR=SPEARMAN option, the residuals of the ranks of the two variables are displayed in the plot.
The partial tau-b correlations range from —1 to 1. However, the sampling distribution of this partial tau-b is
unknown; therefore, the probability values are not available.

Probability Values

Probability values for the Pearson and Spearman partial correlations are computed by treating

n k272
A r2/1=2

as coming from a distribution with.n  k 2/ degrees of freedom, wheras the partial correlation ankl
is the number of variables being partialled out.

Fisher's z Transformation
For a sample correlationthat uses a sample from a bivariate normal distribution with correlatibnO, the
statistic
r 2 1=2
tt D.n 2/ —
' 1 r2

has a Student'sdistribution with f-2) degrees of freedom.
With the monotone transformation of the correlatioffrisher 1921)

1Cr
1 r

1
z D tanh 1r/ D > log

the statistiz, has an approximate normal distribution with mean and variance

E.Zr/ D C m

V.z,/ D !
o n 3

where D tanh 1./ .
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For the transformed, , the approximate variandé.z;/ D 1=.n 3/ is independent of the correlation
Furthermore, even the distribution af is not strictly normal, it tends to normality rapidly as the sample size
increases for any values of(Fisher 1973, pp. 200-201).

For the null hypothesiBloW D ¢, thep-values are computed by treating

0
2n 1/

Zr 0

as a normal random variable with mean zero and varidrce 3/, where ¢ D tanh 1. o/ (Fisher 1973,
p. 207; Anderson 1984, p. 123).

Note that the bias adjustmenty=.2.n  1//, is always used when computiqgvalues under the null
hypothesitHoW D ¢ inthe CORR procedure.

The ALPHA= option in the FISHER option speci es the valudor the con dence level |, the RHOO=
option speci es the valueg in the hypothesisl oW D ¢, and the BIASADJ= option speci es whether the
bias adjustment is to be used for the con dence limits.

The TYPE= option speci es the type of con dence limits. The TYPE=TWOSIDED option requests two-sided
con dence limits and g-value under the hypothedisgW D . For a one-sided con dence limit, the
TYPE=LOWER option requests a lower con dence limit ang-a@alue under the hypothedispW< D o,
and the TYPE=UPPER option requests an upper con dence limit apdaue under the hypothesis
HoW> D o.

Con dence Limits for the Correlation

The con dence limits for the correlationare derived through the con dence limits for the parametewvith
or without the bias adjustment.

Without a bias adjustment, con dence limits forare computed by treating
Zr

as having a normal distribution with mean zero and varidrca  3/.

That is, the two-sided con dence limits forare computed as
r

Dz z !
| r 1 =2/ n 3

r

1
Dz Cz; - —
u r 1 =2/ n 3

wherez; -, isthel00.1 =2/ percentage point of the standard normal distribution.

With a bias adjustment, con dence limits forare computed by treating
Zr bias.r/

as having a normal distribution with mean zero and varidnca 3/, where the bias adjustment function
(Keeping 1962, p. 308) is

r
biasr/ D ——
ast 2n 1/
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That is, the two-sided con dence limits forare computed as
r
1
n 3
1
n 3

These computed con dence limits gf and  are then transformed back to derive the con dence limits for
the correlation :

| Dz biasr/ z, -y
r
u Dz biasr/ Czq, -y

exp.2 ,/ 1

D tanh. |/ D ———————

4 ani- exp2 |/ C1
exp.2 4/ 1

D tanh. 4/ D —————
fu D tanh. o/ exp2 4/ C1

Note that with a bias adjustment, the CORR procedure also displays the following correlation estimate:
ragg D tanh.z, biasr//

Applications of Fisher's  z Transformation

Fisher (1973, p. 199) describes the following practical applications dof titzmsformation:

testing whether a population correlation is equal to a given value
testing for equality of two population correlations

combining correlation estimates from different samples

To test if a population correlatiory from a sample oh; observations with sample correlationis equal to
agiven o, rstapply theztransformation ta, and o: z; D tanh Y.ri/ and o D tanh 1. of.
Thep-value is then computed by treating

0
2.n1 1/
as a normal random variable with mean zero and varidroe, 3/.

Z;

Assume that sample correlations andr, are computed from two independent samplesofand n,
observations, respectively. To test whether the two corresponding population correlatiand, », are
equal, rstapply theztransformation to the two sample correlations:D tanh 1.ri/ andz, D tanh t.ry/.

The p-value is derived under the null hypothesis of equal correlation. That is, the diffezgnce; is
distributed as a normal random variable with mean zero and varianog 3/ C 1=.n, 3/.

Assuming further that the two samples are from populations with identical correlation, a combined correlation
estimate can be computed. The weighted average of the correspandiligs is
.Nny 3/z;C .ny 3z,
nnCny, 6
where the weights are inversely proportional to their variances.

AD

Thus, a combined correlation estimateNB tanh. N andV.N D 1=.n; C n, 6/. See Example 2.4 for
further illustrations of these applications.

Note that this approach can be extended to include more than two samples.
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Polychoric Correlation

Polychoric correlation measures the correlation between two unobserved, continuous variables that have a
bivariate normal distribution. Information about each unobserved variable is obtained through an observed
ordinal variable that is derived from the unobserved variable by classifying its values into a nite set of
discrete, ordered values (Olsson 1979; Drasgow 1986). Polycharic correlation between two observed binary
variables is also known as tetrachoric correlation.

The polychoric correlation coef cient is the maximum likelihood estimate of the product-moment correlation
between the underlying normal variables. The range of the polychoric correlation is from —1 to 1. Olsson
(1979) gives the likelihood equations and the asymptotic standard errors for estimating the polychoric
correlation. The underlying continuous variables relate to the observed ordinal variables through thresholds,
which de ne a range of numeric values that correspond to each categorical level. PROC CORR uses Olsson's
maximum likelihood method for simultaneous estimation of the polychoric correlation and the thresholds.

PROC CORR iteratively solves the likelihood equations by using a Newton-Raphson algorithm. The
initial estimates of the thresholds are computed from the inverse of the normal distribution function at the
cumulative marginal proportions of the table. Iterative computation of the polychoric correlation stops when
the convergence measure falls below the convergence criterion or when the maximum number of iterations is
reached, whichever occurs rst.

Probability Values

The CORR procedure computes two types of testing for the zero polychoric correlation: the Wald test and
the likelihood ratio (LR) test.

Given the maximum likelihood estimate of the polychoric correlatidand its asymptotic standard error
StdErr. O, the Wald chi-square test statistic is computed as

o 2
StdErr. ©

The Wald statistic has an asymptotic chi-square distribution with one degree of freedom.

For the LR test, the maximum likelihood function assuming zero polychoric correlation is also needed. The
LR test statistic is computed as
Lo

2log —
g L.

whereL 1 is the likelihood function with the maximum likelihood estimates for all parametersl.gnsl
the likelihood function with the maximum likelihood estimates for all parameters except the polychoric

correlation, which is set to 0. The LR statistic also has an asymptotic chi-square distribution with one degree
of freedom.

Polyserial Correlation

Polyserial correlation measures the correlation between two continuous variables with a bivariate normal
distribution, where one variable is observed directly, and the other is unobserved. Information about the
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unobserved variable is obtained through an observed ordinal variable that is derived from the unobserved
variable by classifying its values into a nite set of discrete, ordered values (Olsson, Drasgow, and Dorans
1982).

Let X be the observed continuous variable from a normal distribution with mesamd variance 2, letY
be the unobserved continuous variable, and le¢ the Pearson correlation betweéandY. Furthermore,
assume that an observed ordinal varidbls derived fromY as follows:

8
< d_l/ if Y < 1
DD dy if « 1 Y< ; kD2;3;::5;K 1

whered ; <d, <:::<d g, are ordered observed values, and< , < ::.: < ( 1 are ordered
unknown threshold values.

The likelihood function for the joint distributiorX( D) from a sample oN observationsx; ; d; / is

W W
LD f.xj;d/D fxj/P.D Ddjjx/
iD1 iD1

wheref .x j / is the normal density function with meanand standard deviation (Drasgow 1986).

The conditional distribution o¥ givenX D ¥; is normal with meanz; and variancel 2, where
zy D x; /= isastandard normal variate. Without loss of generality, assume the varidize a
standard normal distribution. Thendf D d, , thek!" ordered value i, the resulting conditional density

IS
8
Pl if kD1
<
PDDdgjx/D "~ p=L ° pLL ifkD23:K 1
N Ll if kD K

where” is the cumulative normal distribution function.

Cox (1974) derives the maximum likelihood estimates for all parameters and 1, ..., ¢ 1. The
maximum likelihood estimates for and 2 can be derived explicitly. The maximum likelihood estimate for
is the sample mean and the maximum likelihood estimate %ds the sample variance

P
N

The maximum likelihood estimates for the remaining parameters, including the polyserial correlation
and thresholdsy, ..., ¢ 1, can be computed by an iterative process, as described by Cox (1974). The
asymptotic standard error of the maximum likelihood estimate@dn also be computed after this process.

For a vector of parameters, the information matrix is the negative of the Hessian matrix (the matrix of second
partial derivatives of the log likelihood function), and is used in the computation of the maximum likelihood
estimates of these parameters. The CORR procedure uses the observed information matrix (the information
matrix evaluated at the current parameter estimates) in the computation. After the maximum likelihood
estimates are derived, the asymptotic covariance matrix for these parameter estimates is computed as the
inverse of the observed information matrix (the information matrix evaluated at the maximum likelihood
estimates).
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Probability Values

The CORR procedure computes two types of testing for the zero polyserial correlation: the Wald test and the
likelihood ratio (LR) test.

Given the maximum likelihood estimate of the polyserial correlat@md its asymptotic standard error
StdErr. O, the Wald chi-square test statistic is computed as

o 2
StdErr. O

The Wald statistic has an asymptotic chi-square distribution with one degree of freedom.

For the LR test, the maximum likelihood function assuming zero polyserial correlation is also needed. If
D 0, the likelihood function is reduced to

W W W
LD fxj;d/D fx g/ P.D Dd;/
jb1 jD1 iD1

In this case, the maximum likelihood estimates for all parameters can be derived explicitly. The maximum
likelihood estimates for is the sample mean and the maximum likelihood estimate %ds the sample
variance

N

In addition, the maximum likelihood estimate for the threshqldk=1, ... ,K-1, is
P !
-~ 1 gp1 Mg
N

. S . . P
whereng is the number of observations in ty€' ordered group of the ordinal variatile andN D SD 1 Ng
is the total number of observations.

The LR test statistic is computed as

Lo
2log —
g L.
wherelL ; is the likelihood function with the maximum likelihood estimates for all parametersLand
is the likelihood function with the maximum likelihood estimates for all parameters except the polyserial
correlation, which is set to 0. The LR statistic also has an asymptotic chi-square distribution with one degree
of freedom.

Cronbach's Coef cient Alpha

Analyzing latent constructs such as job satisfaction, motor ability, sensory recognition, or customer satisfac-
tion requires instruments to accurately measure the constructs. Interrelated items can be summed to obtain
an overall score for each participant. Cronbach's coef cient alpha estimates the reliability of this type of
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scale by determining the internal consistency of the test or the average correlation of items within the test
(Cronbach 1951).

When a value is recorded, the observed value contains some degree of measurement error. Two sets of
measurements on the same variable for the same individual might not have identical values. However,
repeated measurements for a series of individuals will show some consistency. Reliability measures internal
consistency from one set of measurements to another. The observed valdigided into two components,

a true valuel and a measurement erifer The measurement error is assumed to be independent of the true
value; that is,

YDTCE Cov.T;E/ DO

The reliability coef cient of a measurement test is de ned as the squared correlation between the observed
valueY and the true valué; that is,

Cov.Y;T/? V.T/2 V. T/

2 .
CYTID Yy NTT P vy ivT P vy

which is the proportion of the observed variance due to true differences among individuals in the sakhple. If
is the sum of several observed variables measuring the same feature, you can &sfimatronbach's
coef cient alpha, based on a lower bound #rT/, is an estimate of the reliability coef cient.

is the true value, anH; is the measurement error. The measurement erigrsdre independent of the
true vg,lues'['j ) and are also independent of each other.XeeD ~ ; Y} be the total observed score and let
ToD ; Tj be the total true score. Because
X X
p U V.T;/ Cov.Ti; T/
j ioj

a lower bound fol .Ty/ is given by
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iaj

With Cov.Y;;Y;/ D Cov.T; T/ fori a j, alower bound for the reliability coef cienl .To/=V .Yo/, is
then given by the Cronbach's coef cient alpha:
|
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If the variances of the items vary widely, you can standardize the items to a standard deviation of 1 before
computing the coef cient alpha. If the variables are dichotomous (0,1), the coef cient alpha is equivalent to
the Kuder-Richardson 20 (KR-20) reliability measure.

When the correlation between each pair of variables is 1, the coef cient alpha has a maximum value of 1.
With negative correlations between some variables, the coef cient alpha can have a value less than zero. The
larger the overall alpha coef cient, the more likely that items contribute to a reliable scale. Nunnally and
Bernstein (1994) suggests 0.70 as an acceptable reliability coef cient; smaller reliability coef cients are seen
as inadequate. However, this varies by discipline.
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To determine how each item re ects the reliability of the scale, you calculate a coef cient alpha after deleting
each variable independently from the scale. Cronbach's coef cient alpha from all variables exdept the
variable is given by

P !

RVAYY

D P = T - LA
p 2 VAR

If the reliability coef cient increases after an item is deleted from the scale, you can assume that the item is
not correlated highly with other items in the scale. Conversely, if the reliability coef cient decreases, you
can assume that the item is highly correlated with other items in the scale. Refer to Yu (2001) for more
information about how to interpret Cronbach's coef cient alpha.

Listwise deletion of observations with missing values is necessary to correctly calculate Cronbach's coef cient
alpha. PROC CORR does not automatically use listwise deletion if you specify the ALPHA option. Therefore,
you should use the NOMISS option if the data set contains missing values. Otherwise, PROC CORR prints a
warning message indicating the need to use the NOMISS option with the ALPHA option.

Con dence and Prediction Ellipses

When the relationship between two variables is nonlinear or when outliers are present, the correlation
coef cient might incorrectly estimate the strength of the relationship. Plotting the data enables you to verify
the linear relationship and to identify the potential outliers.

The partial correlation between two variables, after controlling for variables in the PARTIAL statement, is
the correlation between the residuals of the linear regression of the two variables on the partialled variables.
Thus, if a PARTIAL statement is also speci ed, the residuals of the analysis variables are displayed in the
scatter plot matrix and scatter plots.

The CORR procedure optionally provides two types of ellipses for each pair of variables in a scatter plot.
One is a con dence ellipse for the population mean, and the other is a prediction ellipse for a new observation.
Both assume a bivariate normal distribution.

Let NandS be the sample mean and sample covariance matrix of a random samplerfrsizea bivariate
normal distribution with mean and covariance matrik . The variableX is distributed as a bivariate
normal variate with mean zero and covarianten/t , and it is independent &. Using Hotelling'sT 2
statistic, which is de ned as

T°DnHN /SIHN

al00.1 [/ %con dence ellipse for is computed from the equation
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whereFz., 2.1/ isthe.l / critical value of arF distribution with degrees of freedom 2 and®.
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A prediction ellipse is a region for predicting a new observation in the population. It also approximates a
region that contains a speci ed percentage of the population.

Denote a new observation as the bivariate random variallg. The variable

Znew AD Znew /N /
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is distributed as a bivariate normal variate with mean zero (the zero vector) and covatighden/t , and
it is independent 06. A 100.1 / % prediction ellipse is then given by the equation

NN 1 /Dz'n—CﬂFz;n 2.1/
n 1 n 2

The family of ellipses generated by different critical values offhdistribution has a common center (the
sample mean) and common major and minor axis directions.

The shape of an ellipse depends on the aspect ratio of the plot. The ellipse indicates the correlation between
the two variables if the variables are standardized (by dividing the variables by their respective standard
deviations). In this situation, the ratio between the major and minor axis lengths is

S

1Cjrj

17

In particular, ifr=0, the ratio is 1, which corresponds to a circular con dence contour and indicates that
the variables are uncorrelated. A larger value of the ratio indicates a larger positive or negative correlation
between the variables.

Missing Values

PROC CORR excludes observations with missing values in the WEIGHT and FREQ variables. By default,
PROC CORR usegairwise deletiorwhen observations contain missing values. PROC CORR includes all
nonmissing pairs of values for each pair of variables in the statistical computations. Therefore, the correlation
statistics might be based on different numbers of observations.

If you specify the NOMISS option, PROC CORR usisswise deletiorwhen a value of the VAR or WITH
statement variable is missing. PROC CORR excludes all observations with missing values from the analysis.
Therefore, the number of observations for each pair of variables is identical.

The PARTIAL statement always excludes the observations with missing values by automatically invoking the
NOMISS option. With the NOMISS option, the data are processed more ef ciently because fewer resources
are needed. Also, the resulting correlation matrix is nonnegative de nite.

In contrast, if the data set contains missing values for the analysis variables and the NOMISS option is not
speci ed, the resulting correlation matrix might not be nonnegative de nite. This leads to several statistical
dif culties if you use the correlations as input to regression or other statistical procedures.

In-Database Computation

The CORR procedure can use in-database computation to compute univariate statistics and the SSCP matrix
if the DATA= input data set is stored as a table in a database management system (DBMS). When the CORR
procedure performs in-database computation for the DATA= data set, the procedure generates an SQL query
that computes summary tables of univariate statistics and the SSCP matrix. The query is passed to the DBMS
and executed in-database. The results of the query are then passed back to the SAS System and transmitted
to PROC CORR. The CORR procedure then uses these summary tables to perform the remaining tasks (such
as producing the correlation and covariance matrices) in the usual way (out of the database).



Output Tables F 33

In-database computation can provide the advantages of faster processing and reduced data transfer between
the database and SAS software. For information about in-database computation, see the section “In-Database
Procedures” irBAS/ACCESS for Relational Databases: Referémstead of transferring the entire data set

over the network between the database and SAS software, the in-database method transfers only the summary
tables. This can substantially reduce processing time when the dimensions of the summary tables (in terms of
rows and columns) are much smaller than the dimensions of the entire database table (in terms of individual
observations). Additionally, in-database summarization uses ef cient parallel processing, which can also
provide performance advantages.

By default, PROC CORR uses in-database computation when possible. If in-database computation is
used, the EXCLNPWGT option is activated to exclude observations with nonpositive weights. The ID
statement requires row-level access and therefore cannot be used in-database. In addition, the HOEFFDING,
KENDALL, SPEARMAN, OUTH=, OUTK=, OUTS=, and PLOTS= options also require row-level access

and cannot be used in-database.

In-database computation is controlled by the SQLGENERATION option, which you can specify in either a
LIBNAME statement or an OPTIONS statement. See the section “In-Database Proced 8AS/ACCESS

for Relational Databases: Referentm details about th&QLGENERATIONoption and other options that

affect in-database computation. There are no CORR procedure options that control in-database computation.

The order of observations is not inherently de ned for DBMS tables. The following options relate to the
order of observations and therefore should not be speci ed for PROC CORR in-database computation:
If you specify the FIRSTOBS= or OBS= data set option, PROC CORR does not perform in-database
computation.
If you specify the NOTSORTED option in the BY statement, PROC CORR in-database computation
ignores it and uses the default ASCENDING order for BY variables.

NOTE: In-database computing in the CORR procedure requires installation of the SAS Analytics Accelerator.

Output Tables

By default, PROC CORR prints a report that includes descriptive statistics and correlation statistics for each
variable. The descriptive statistics include the number of observations with nonmissing values, the mean, the
standard deviation, the minimum, and the maximum.

If a nonparametric measure of association is requested, the descriptive statistics include the median. Otherwise,
the sample sum is included. If a Pearson partial correlation is requested, the descriptive statistics also include
the partial variance and partial standard deviation.

If variable labels are available, PROC CORR labels the variables. If you specify the CSSCP, SSCP, or COV
option, the appropriate sums of squares and crossproducts and covariance matrix appear at the top of the
correlation report. If the data set contains missing values, PROC CORR prints additional statistics for each
pair of variables. These statistics, calculated from the observations with nonmissing row and column variable
values, might include the following:

SSCP('W','V"), uncorrected sums of squares and crossproducts
USS('W"), uncorrected sums of squares for the row variable

USS('V"), uncorrected sums of squares for the column variable
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CSSCP('W','V"), corrected sums of squares and crossproducts
CSS('W"), corrected sums of squares for the row variable
CSS('V"), corrected sums of squares for the column variable
COV('W','V"), covariance

VAR('W'), variance for the row variable

VAR('V"), variance for the column variable

DF('W','V", divisor for calculating covariance and variances

For each pair of variables, PROC CORR prints the correlation coef cients, the number of observations used
to calculate the coef cient, and thevalue.
If you specify the ALPHA option, PROC CORR prints Cronbach's coef cient alpha, the correlation between

the variable and the total of the remaining variables, and Cronbach's coef cient alpha by using the remaining
variables for the raw variables and the standardized variables.

Output Data Sets

If you specify the OUTP=, OUTS=, OUTK=, or OUTH= option, PROC CORR creates an output data set
that contains statistics for Pearson correlation, Spearman correlation, Kendall's tau-b, or HoebBding's
respectively. By default, the output data set is a special data set type (TYPE=CORR) that many SAS/STAT
procedures recognize, including PROC REG and PROC FACTOR. When you specify the NOCORR option
and the COV, CSSCP, or SSCP option, use the TYPE= data set option to change the data set type to COV,

CSSCP, or SSCP.

The output data set includes the following variables:

BY variables, which identify the BY group when using a BY statement
_TYPE_ variable, which identi es the type of observation

_NAME_ variable, which identi es the variable that corresponds to a given row of the correlation
matrix

INTERCEPT variable, which identi es variable sums when specifying the SSCP option

VAR variables, which identify the variables listed in the VAR statement
You can use a combination of the _TYPE_ and _NAME__ variables to identify the contents of an observation.
The NAME_ variable indicates which row of the correlation matrix the observation corresponds to. The
values of the _TYPE_ variable are as follows:

SSCP, uncorrected sums of squares and crossproducts

CSSCP, corrected sums of squares and crossproducts
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COV, covariances

MEAN, mean of each variable

STD, standard deviation of each variable

N, number of nonmissing observations for each variable

SUMWGT, sum of the weights for each variable when using a WEIGHT statement

CORR, correlation statistics for each variable
If you specify the SSCP option, the OUTP= data set includes an additional observation that contains intercept
values. If you specify the ALPHA option, the OUTP= data set also includes observations with the following
_TYPE_ values:

RAWALPHA, Cronbach's coef cient alpha for raw variables

STDALPHA, Cronbach's coef cient alpha for standardized variables

RAWALDEL, Cronbach's coef cient alpha for raw variables after deleting one variable

STDALDEL, Cronbach's coef cient alpha for standardized variables after deleting one variable

RAWCTDEL, the correlation between a raw variable and the total of the remaining raw variables

STDCTDEL, the correlation between a standardized variable and the total of the remaining standardized

variables

If you use a PARTIAL statement, the statistics are calculated after the variables are partialled. If PROC
CORR computes Pearson correlation statistics, MEAN equals zero and STD equals the partial standard
deviation associated with the partial variance for the OUTP=, OUTK=, and OUTS= data sets. Otherwise,
PROC CORR assigns missing values to MEAN and STD.

ODS Table Names

PROC CORR assigns a name to each table it creates. You must use these names to reference tables when
using the Output Delivery System (ODS). These names are listed in Table 2.3 and Table 2.4. For more
information about ODS, see Chapter 20, “Using the Output Delivery Syst8/mS{STAT User's Guijle

Table 2.3 ODS Tables Produced by PROC CORR

ODS Table Name Description Option

Cov Covariances cov
CronbachAlpha Coef cient alpha ALPHA
CronbachAlphaDel  Coef cient alpha with deleted variable ALPHA
Csscp Corrected sums of squares and crossproducts CSSCP
FisherPearsonCorr Pearson correlation statistics using FISHER

Fisher'sz transformation
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Table 2.3 continued

ODS Table Name Description Option
FisherSpearmanCorr Spearman correlation statistics using FISHER SPEARMAN
Fisher'sz transformation
HoeffdingCorr Hoeffding'dD statistics HOEFFDING
KendallCorr Kendall's tau-b coef cients KENDALL
PearsonCorr Pearson correlations PEARSON
PolychoricCorr Polychoric correlations POLYCHORIC
PolyserialCorr Polyserial correlations POLYSERIAL
SimpleStats Simple descriptive statistics
SpearmanCorr Spearman correlations SPEARMAN
Sscp Sums of squares and crossproducts SSCP
Varlnformation Variable information

Table 2.4 ODS Tables Produced with the PARTIAL Statement
ODS Table Name Description Option

FisherPearsonPartialCorr Pearson partial correlation statistics FISHER
using Fisher's transformation

FisherSpearmanPartialCorr Spearman partial correlation statistics FISHER SPEARMAN
using Fisher's transformation

PartialCsscp Partial corrected sums of squares CSSCP

and crossproducts
PartialCov Partial covariances cov
PartialKendallCorr Partial Kendall tau-b coef cients KENDALL
PartialPearsonCorr Partial Pearson correlations
PartialSpearmanCorr Partial Spearman correlations SPEARMAN

ODS Graphics

Statistical procedures use ODS Graphics to create graphs as part of their output. ODS Graphics is described
in detail in Chapter 21, “Statistical Graphics Using ODSAS/STAT User's Guijle

Before you create graphs, ODS Graphics must be enabled (for example, with the ODS GRAPHICS ON
statement). For more information about enabling and disabling ODS Graphics, see the section “Enabling and
Disabling ODS Graphics” in that chapter.

The overall appearance of graphs is controlled by ODS styles. Styles and other aspects of using ODS
Graphics are discussed in the section “A Primer on ODS Statistical Graphics” in that chapter.

PROC CORR assigns a name to each graph it creates using ODS. You can use these names to reference the
graphs when using ODS. To request these graphs, ODS Graphics must be enabled and you must specify the
options indicated in Table 2.5.
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Table 2.5 Graphs Produced by PROC CORR

ODS Graph Name Plot Description ~ Option

ScatterPlot Scatter plot PLOTS=SCATTER
MatrixPlot Scatter plot matrix PLOTS=MATRIX

Examples: CORR Procedure

Example 2.1: Computing Four Measures of Association

This example produces a correlation analysis with descriptive statistics and four measures of association: the
Pearson product-moment correlation, the Spearman rank-order correlation, Kendall's tau-b coef cients, and
Hoeffding's measure of dependenée,

TheFitness data set created in the section “Getting Started: CORR Procedure” on page 5 contains measure-
ments from a study of physical tness of 31 participants. The following statements request all four measures
of association for the variabl&geight, Oxygen, andRuntime:

ods graphics on;
titte Measures of Association for a Physical Fitness Study ;
proc corr data=Fitness pearson spearman kendall hoeffding
plots=matrix(histogram);
var Weight Oxygen RunTime;
run;

Note that Pearson correlations are computed by default only if all three nonparametric correlations (SPEAR-
MAN, KENDALL, and HOEFFDING) are not speci ed. Otherwise, you need to specify the PEARSON
option explicitly to compute Pearson correlations.

The “Simple Statistics” table in Output 2.1.1 displays univariate descriptive statistics for analysis variables.
By default, observations with nonmissing values for each variable are used to derive the univariate statistics
for that variable. When nonparametric measures of association are speci ed, the procedure displays the
median instead of the sum as an additional descriptive measure.

Output 2.1.1 Simple Statistics
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The “Pearson Correlation Coef cients” table in Output 2.1.2 displays Pearson correlation statistics for pairs
of analysis variables. The Pearson correlation is a parametric measure of association for two continuous

random variables. When there are missing data, the number of observations used to calculate the correlation
can vary.

Output 2.1.2 Pearson Correlation Coef cients

The table shows that the Pearson correlation betveatime andOxygen is —0.86843, which is signi cant

with a p-value less than 0.0001. This indicates a strong negative linear relationship between these two
variables. ARRuntime increasesPxygen decreases linearly.

The Spearman rank-order correlation is a nonparametric measure of association based on the ranks of the
data values. The “Spearman Correlation Coef cients” table in Output 2.1.3 displays results similar to those
of the “Pearson Correlation Coef cients” table in Output 2.1.2.

Output 2.1.3 Spearman Correlation Coef cients
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Kendall's tau-b is a nonparametric measure of association based on the number of concordances and
discordances in paired observations. The “Kendall Tau b Correlation Coef cients” table in Output 2.1.4
displays results similar to those of the “Pearson Correlation Coef cients” table in Output 2.1.2.

Output 2.1.4 Kendall's Tau-b Correlation Coef cients

Hoeffding's measure of dependenék,is a nonparametric measure of association that detects more general
departures from independence. Without ties in the variables, the valuesftiagistic can vary between
—0.5 and 1, with 1 indicating complete dependence. Otherwis® Hiatistic can result in a smaller value.
The “Hoeffding Dependence Coef cients” table in Output 2.1.5 displays Hoeffding dependence coef cients.
Since ties occur in the variablgeight, the D statistic for theweight variable is less than 1.

Output 2.1.5 Hoeffding's Dependence Coef cients

When you use the PLOTS=MATRIX(HISTOGRAM) option, the CORR procedure displays a symmetric
matrix plot for the analysis variables listed in the VAR statement (Output 2.1.6).
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Output 2.1.6 Symmetric Scatter Plot Matrix

The strong negative linear relationship betw@xygen andRuntime is evident in Output 2.1.6.

Note that this graphical display is requested by enabling ODS Graphics and by specifying the PLOTS= option.

For more information about ODS Graphics, see Chapter 21, “Statistical Graphics Using SE&STAT
User's Guidg.



Example 2.2: Computing Correlations between Two Sets of Variables F 41

Example 2.2: Computing Correlations between Two Sets of Variables

The following statements create the dataSstbsa, which contains measurements for four iris parts from
Fisher's iris data (1936): sepal length, sepal width, petal length, and petal width. The data set has been altered
to contain some missing values.

L Data on Iris Setosa -------------------- *
The data set contains 50 iris specimens from the species |

Iris Setosa with the following four measurements: |

SepalLength (sepal length) |
SepalWidth (sepal width) |
PetalLength (petal length) |
PetalWidth (petal width) |
Certain values were changed to missing for the analysis. |

$ o——— e — — —

data Setosa;
input SepalLength SepalWidth PetalLength PetalWidth @ @;
label sepallength=Sepal Length in mm.
sepalwidth= Sepal Width in mm.
petallength= Petal Length in mm.
petalwidth= Petal Width in mm.;
datalines;
50 33 14 02 46 34 14 03 46 36 . 02
51 33 17 05 55 35 13 02 48 31 16 02
52 34 14 02 49 36 14 01 44 32 13 02
50 35 16 06 44 30 13 02 47 32 16 02
48 30 14 03 51 38 16 02 48 34 19 02
50 30 16 02 50 32 12 02 43 30 11 .
58 40 12 02 51 38 19 04 49 30 14 02
51 35 14 02 50 34 16 04 46 32 14 02
57 44 15 04 50 36 14 02 54 34 15 04
52 41 15 . 55 42 14 02 49 31 15 02
54 39 17 04 50 34 15 02 44 29 14 02
47 32 13 02 46 31 15 02 51 34 15 02
50 35 13 03 49 31 15 01 54 37 15 02
54 39 13 04 51 35 14 03 48 34 16 02
48 30 14 01 45 23 13 03 57 38 17 03
51 38 15 03 54 34 17 02 51 37 15 04
52 35 15 02 53 37 15 02

The following statements request a correlation analysis between two sets of variables, the sepal measurements
(length and width) and the petal measurements (length and width):

ods graphics on;

titte Fisher (1936) Iris Setosa Data;

proc corr data=Setosa sscp cov plots=matrix;
var sepallength sepalwidth;
with petallength petalwidth;

run;
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The “Simple Statistics” table in Output 2.2.1 displays univariate statistics for variables in the VAR and WITH
statements.

Output 2.2.1 Simple Statistics

When the WITH statement is speci ed together with the VAR statement, the CORR procedure produces
rectangular matrices for statistics such as covariances and correlations. The matrix rows correspond to the
WITH variables PetalLength andPetalWidth), while the matrix columns correspond to the VAR variables

(SepalLength and SepalWidth). The CORR procedure uses the WITH variable labels to label the matrix
rows.

The SSCP option requests a table of the uncorrected sum-of-squares and crossproducts matrix, and the COV
option requests a table of the covariance matrix. The SSCP and COV options also produce a table of the
Pearson correlations.

The sum-of-squares and crossproducts statistics for each pair of variables are computed by using observations
with nonmissing row and column variable values. The “Sums of Squares and Crossproducts” table in
Output 2.2.2 displays the crossproduct, sum of squares for the row variable, and sum of squares for the
column variable for each pair of variables.

Output 2.2.2 Sums of Squares and Crossproducts



Example 2.2: Computing Correlations between Two Sets of Variables F 43

The variances are computed by using observations with nonmissing row and column variable values. The

“Variances and Covariances” table in Output 2.2.3 displays the covariance, variance for the row variable,
variance for the column variable, and associated degrees of freedom for each pair of variables.

Output 2.2.3 Variances and Covariances

When there are missing values in the analysis variables, the “Pearson Correlation Coef cients” table in
Output 2.2.4 displays the correlation, thevalue under the null hypothesis of zero correlation, and the

number of observations for each pair of variables. Only the correlation be®etalvidth andSepalLength
and the correlation betwe@®talWidth andSepalwidth are slightly positive.

Output 2.2.4 Pearson Correlation Coef cients

When ODS Graphics is enabled, the PLOTS= option displays a scatter matrix plot by default. Output 2.2.5
displays a rectangular scatter plot matrix for the two sets of variables: the VAR vargdpat ength and
SepalWidth are listed across the top of the matrix, and the WITH variab&slLength andPetalWidth are

listed down the side of the matrix. As measured in Output 2.2.4, the pl@etatwidth andSepalLength
and the plot forPetalWidth andSepalWidth also show slight positive correlations.
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Output 2.2.5 Rectangular Matrix Plot

Note that this graphical display is requested by enabling ODS Graphics and by specifying the PLOTS= option.
For more information about ODS Graphics, see Chapter 21, “Statistical Graphics Using SB&STAT
User's Guidsg.
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Example 2.3: Analysis Using Fisher's  z Transformation

The following statements request Pearson correlation statistics by using Fistnarisformation for the data
setFitness:

proc corr data=Fitness nosimple fisher;
var weight oxygen runtime;
run;
The NOSIMPLE option suppresses the table of univariate descriptive statistics. By default, PROC CORR
displays the “Pearson Correlation Coef cients” table in Output 2.3.1.

Output 2.3.1 Pearson Correlations

Using the FISHER option, the CORR procedure displays correlation statistics by using Figham'sforma-
tion in Output 2.3.2.

Output 2.3.2 Correlation Statistics Using Fisher's z Transformation

The table also displays con dence limits ang-&alue for the default null hypothedisoW D (. See the
section “Fisher's Transformation” on page 24 for details on Fishertsansformation.

The following statements request one-sided hypothesis tests and con dence limits for the correlations using
Fisher'sz transformation:

proc corr data=Fitness nosimple nocorr fisher (type=lower);
var weight oxygen runtime;
run;
The NOSIMPLE option suppresses the “Simple Statistics” table, and the NOCORR option suppresses the
“Pearson Correlation Coef cients” table.
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Output 2.3.3 displays correlation statistics by using Fishetransformation.

Output 2.3.3 One-Sided Correlation Analysis Using Fisher's z Transformation

The FISHER(TYPE=LOWER) option requests a lower con dence limit amevalue for the test of the
one-sided hypothesidgW 0 against the alternative hypothesigW > 0 . Here Fisher's, the bias
adjustment, and the estimate of the correlation are the same as for the two-sided alternative. However, because
TYPE=LOWER is speci ed, only a lower con dence limit is computed for each correlation, and one-sided
p-values are computed.

Example 2.4: Applications of Fisher's  z Transformation

This example illustrates some applications of Fishetfansformation. For details, see the section “Fisher's
z Transformation” on page 24.

The following statements simulate independent samples of varixbsesl Y from a bivariate normal
distribution. The rst batch of 150 observations is sampled using a known correlation of 0.3, the second batch
of 150 observations is sampled using a known correlation of 0.25, and the third batch of 100 observations is
sampled using a known correlation of 0.3.

data Sim (drop=i);
do i=1 to 400;
X = rannor(135791);

Batch = 1 + (i>150) + (i>300);

+
if Batch = 1 then Y = 0.3 *X + 0.9 *rannor(246791);
if Batch = 2 then Y = 0.25 *X + sqrt(.8375)  *rannor(246791);
if Batch = 3 then Y = 0.3 *X + 0.9 *rannor(246791);
output;

end;

run;

This data set will be used to illustrate the following applications of Fistzransformation:

testing whether a population correlation is equal to a given value
testing for equality of two population correlations

combining correlation estimates from different samples
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Testing Whether a Population Correlation Is Equal to a Given Value 0

You can use the following statements to test the null hypothési®&/ D 0:5against a two-sided alternative
H.1W o 0:5. The test is requested with the option FISHER(RHO0=0.5).

titte Analysis for Batch 1;

proc corr data=Sim (where=(Batch=1)) fisher(rho0=.5);
var X Y,

run;

Output 2.4.1 displays the results based on Fisher's transformation. The null hypothesis is rejected since the
p-value is less than 0.0001.

Output 2.4.1 Fisher's TestforHo W D ¢

Testing for Equality of Two Population Correlations

You can use the following statements to test for equality of two population correlatipasd ». Here, the
null hypothesidHHoW;, D » is tested against the alternatidgW; & 5.

ods output FisherPearsonCorr=SimCorr;

titte Testing Equality of Population Correlations ;

proc corr data=Sim (where=(Batch=1 or Batch=2)) fisher;
var X Y,
by Batch;

run;

The ODS OUTPUT statement saves the “FisherPearsonCorr” table into an output data set in the CORR
procedure. The output data S#nCorr contains Fisher'g statistics for both batches.

The following statements display (in Figure 2.4.2) the output datSisetorr:

proc print data=SimCorr;
run;

Output 2.4.2 Fisher's Correlation Statistics

Thep-value for testingH ¢ is derived by treating the differen@e z, as a normal random variable with
mean zero and variande=.n; 3/C 1=.n, 3/, wherez; andz, are Fisher's transformation of the sample
correlationg 1 andry,, respectively, and wherg andn, are the corresponding sample sizes.
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The following statements compute tpevalue in Output 2.4.3:

data SimTest (drop=Batch);
merge SimCorr (where=(Batch=1) keep=Nobs ZVal Batch
rename=(Nobs=nl ZVal=z1))
SimCorr (where=(Batch=2) keep=Nobs ZVal Batch
rename=(Nobs=n2 ZVal=z2));
variance = 1/(n1-3) + 1/(n2-3);
z = (z1 - z2) / sqrt( variance );
pval = probnorm(z);
if (pval > 0.5) then pval = 1 - pval;
pval = 2 *pval,
run;

proc print data=SimTest noobs;
run;

Output 2.4.3 Test of Equality of Observed Correlations

In Output 2.4.3, the-value of 0.2795 does not provide evidence to reject the null hypothesis;titat ».

The sample sizes; D 150andn, D 150are not large enough to detect the differenge o, D 0:05at a
signi cance level of D 0:05

Combining Correlation Estimates from Different Samples

Assume that sample correlations andr, are computed from two independent samplesipfand n;

observations, respectively. A combined correlation estimate is givéCbyanh. N, wherelis the weighted
average of the transformations of; andr;:

Nq 3/21 C .no 3/22
nnCny, 6

AND

The following statements compute a combined estimatelyf usingBatch 1 andBatch 3:

ods output FisherPearsonCorr=SimCorr2;

proc corr data=Sim (where=(Batch=1 or Batch=3)) fisher;
var X Y;
by Batch;

run;

data SimComb (drop=Batch);
merge SimCorr2 (where=(Batch=1) keep=Nobs ZVal Batch
rename=(Nobs=nl ZVal=z1))
SimCorr2 (where=(Batch=3) keep=Nobs ZVal Batch
rename=(Nobs=n2 ZVal=z2));
z = ((n1-3) =*z1 + (n2-3) =*z2) / (n1+n2-6);
corr = tanh(z);
var = 1/(n1+n2-6);
zlcl = z - probit(0.975) * sqgrt(var);
zucl = z + probit(0.975) * sqgrt(var);



Example 2.5: Computing Polyserial Correlations F 49

Icl=" tanh(zlcl);
ucl= tanh(zucl);
pval= probnorm( z/sqrt(var));
if (pval > .5) then pval= 1 - pval,
pval= 2 *pval;
run;

proc print data=SimComb noobs;
var nl z1 n2 z2 corr Icl ucl pval;
run;

Output 2.4.4 displays the combined estimate ofThe table shows that a correlation estimate from the
combined samples i50.2264. The95% con dence interval is (0.10453,0.34156), using the variance of the
combined estimate. Note that this interval contains the population correlation 0.3.

Output 2.4.4 Combined Correlation Estimate

Example 2.5: Computing Polyserial Correlations

The following statements create the datamgtess1. This data set contains an ordinal variabbeygen that
is derived from a continuous measurement of oxygen intake which is not directly observed.

* e Data on Physical Fitness ----------------- *
These measurements were made on men involved in a physical |
fitness course at N.C. State University. |
The variables are Age (years), Weight (kg), |
Runtime (time to run 1.5 miles in minutes), and |
Oxygen (an ordinal variable based on oxygen intake, |
ml per kg body weight per minute) |
Certain values were changed to missing for the analysis. |

o o——— e — — —

data Fitnessl;
input Age Weight RunTime Oxygen @@;

datalines;
44 89.47 11.37 8 40 75.07 10.07 9
44 85.84 8.65 10 42 68.15 8.17 11
38 89.02 . 9 47 77.45 11.63 8
40 75.98 11.95 9 43 81.19 10.85 9
44 81.42 13.08 7 38 81.87 8.63 12
44 73.03 10.13 10 45 87.66 14.03 7
45 66.45 11.12 8 47 79.15 10.60 9
54 83.12 10.33 10 49 8142 895 9
51 69.63 10.95 51 77.91 10.00 9

48 91.63 10.25
57 73.37 12.63
52 76.32 9.63

49 73.37 10.08 .
54 79.38 11.17 9
50 70.87 8.92 10
51 67.25 11.08 54 91.63 12.88 7
51 73.71 10.47 57 59.08 9.93 10
49 76.32 . . 48 61.24 1150 9
52 82.78 10.50 9

© ©O© © N ©
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The following statements compute Pearson correlations and polyserial correlations:

proc corr data=Fitnessl pearson polyserial;
with Oxygen;
var Age Weight RunTime;

run;

For the purpose of computing Pearson correlations, the variables in the WITH and VAR statements are treated
as continuous variables. For the purpose of computing polyserial correlations, the variables in the WITH
statement are treated as ordinal variables by default, and the variables in the VAR statement are treated as
continuous variables.

The “Simple Statistics” table in Output 2.5.1 displays univariate descriptive statistics for each analysis
variable.

Output 2.5.1 Simple Statistics

The “Pearson Correlation Coef cients” table in Output 2.5.2 displays Pearson correlation statistics between
Oxygen and the other three variables. The table shows a strong correlation between varagksand
RunTime.

Output 2.5.2 Pearson Correlation Coef cients

The “Polyserial Correlations” table in Output 2.5.3 displays polyserial correlation statistics beDwyagan

and the three continuous variables. The varig@)ggen is treated as an ordinal variable derived from oxygen
intake (the underlying continuous variable), assuming a bivariate normal distribution for oxygen intake and
each of the three continuous variablegge, Weight, andRunTime. The CORR procedure provides two
tests for a zero polyserial correlation: the Wald test and the likelihood ratio test. The table shows a strong
polyserial correlation betweeRunTime and the underlying continuous variable@fygen from both tests.
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Output 2.5.3 Polyserial Correlation Coef cients

Example 2.6: Computing Cronbach's Coef cient Alpha

The following statements create the data Biehl from the Fish data set used in Chapter 108, “The
STEPDISC Procedure’SAS/STAT User's GuilleThe cubic root of the weighi{eight3) is computed as a
one-dimensional measure of the size of a sh.

$ o——— e — —

Weight
Length3
HtPct
WidthPct (max width,

Fish Measurement Data
The data set contains 35 fish from the species Bream caught in |
Finland s lake Laengelmavesi with the following measurements: |
(in grams)

(length from the nose to the end of its tail, in cm) |
(max height, as percentage of Length3) |
as percentage of Length3) |

data Fishl (drop=HtPct WidthPct);
title Fish Measurement Data;

input Weight Length3 HtPct WidthPct @ @;
Weight3= Weight

Height=HtPct

Width=WidthPct
datalines;

242.0
340.0
430.0
500.0
450.0
475.0
500.0
600.0
700.0
610.0
575.0
620.0
700.0
720.0
850.0
920.0
925.0
950.0

30.0
311
34.0
34.5
35.1
36.2
36.4
37.2
38.3
38.6
39.5
39.7
40.5
40.6
41.6
44.1
45.3
46.5

38.4
39.8
36.6
41.1
39.9
39.4
37.8
40.2
38.8
40.5
38.3
39.1
40.1
40.3
40.6
40.9
41.4
37.9

** (1/3);
* Length3/100;

* Length3/100;
134 290.0 31.2
15.1 363.0 335
15.1 450.0 34.7
15.3 390.0 35.0
13.8 500.0 36.2
14.1 500.0 36.2
12.0 . 373
13.9 600.0 37.2
13.8 700.0 38.5
13.3 650.0 38.7
14.1 685.0 39.2
13.3 680.0 40.6
13.8 725.0 40.9
15.0 714.0 415
14.9 1000.0 42.6
14.3 955.0 44.0
14.9 975.0 45.9
13.7

40.0
38.0
39.2
36.2
39.3
39.7
37.3
41.5
38.8
37.4
40.8
38.1
40.0
39.8
44.5
41.1
40.6

13.8
13.3
14.2
134
13.7
13.3
13.6
15.0
13.5
14.8
13.7
151
14.8
141
155
14.3
14.7
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The following statements request a correlation analysis and compute Cronbach's coef cient alpha for the
variablesweight3, Length3, Height, andWidth:

ods graphics on;

titte Fish Measurement Data ;

proc corr data=fishl nomiss alpha plots=matrix;
var Weight3 Length3 Height Width;

run;

The ALPHA option computes Cronbach's coef cient alpha for the analysis variables.

The “Simple Statistics” table in Output 2.6.1 displays univariate descriptive statistics for each analysis
variable.

Output 2.6.1 Simple Statistics

The “Pearson Correlation Coef cients” table in Output 2.6.2 displays Pearson correlation statistics for pairs
of analysis variables.

Output 2.6.2 Pearson Correlation Coef cients
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Since the data set contains only one species of sh, all the variables are highly correlated. Using the ALPHA
option, the CORR procedure computes Cronbach's coef cient alpha in Output 2.6.3. The Cronbach's
coef cient alpha is a lower bound for the reliability coef cient for the raw variables and the standardized
variables. Positive correlation is needed for the alpha coef cient because variables measure a common entity.

Output 2.6.3 Cronbach's Coef cient Alpha

Because the variances of some variables vary widely, you should use the standardized score to estimate
reliability. The overall standardized Cronbach's coef cient alpha of 0.985145 provides an acceptable lower
bound for the reliability coef cient. This is much greater than the suggested value of 0.70 given by Nunnally
and Bernstein (1994).

The standardized alpha coef cient provides information about how each variable re ects the reliability of
the scale with standardized variables. If the standardized alpha decreases after removing a variable from the
construct, then this variable is strongly correlated with other variables in the scale. On the other hand, if the
standardized alpha increases after removing a variable from the construct, then removing this variable from
the scale makes the construct more reliable. The “Cronbach Coef cient Alpha with Deleted Variables” table

in Output 2.6.4 does not show signi cant increase or decrease in the standardized alpha coef cients. See the
section “Cronbach's Coef cient Alpha” on page 29 for more information about Cronbach's alpha.

Output 2.6.4 Cronbach's Coef cient Alpha with Deleted Variables

Example 2.7: Saving Correlations in an Output Data Set

The following statements compute Pearson correlations:

titte Correlations for a Fitness and Exercise Study ;
proc corr data=Fitness nomiss outp=CorrOutp;

var weight oxygen runtime;
run;

The NOMISS option excludes observations with missing values of the VAR statement variables from the
analysis—that is, the same set of 28 observations is used to compute the correlation for each pair of variables.
The OUTP= option creates an output data set na@wrDutp that contains the Pearson correlation statistics.
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“Pearson Correlation Coef cients” table in Output 2.7.1 displays the correlation angtakie under the
null hypothesis of zero correlation.

Output 2.7.1 Pearson Correlation Coef cients

The following statements display (in Output 2.7.2) the output data set:

titte Output Data Set from PROC CORR;
proc print data=CorrOutp noobs;
run;

Output 2.7.2 OUTP= Data Set with Pearson Correlations

The output data set has the default type CORR and can be used as an input data set for regression or other
statistical procedures. For example, the following statements request a regression analysisruding,
without reading the original data in the REG procedure:

titte Input Type CORR Data Set from PROC REG;
proc reg data=CorrOutp;

model runtime= weight oxygen;
run;

The following statements generate the same results as the preceding statements:
proc reg data=Fitness;

model runtime= weight oxygen;
run;
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Example 2.8: Creating Scatter Plots

The following statements request a correlation analysis and a scatter plot matrix for the variables in the data
setFish1, which was created in Example 2.6.

ods graphics on;

titte Fish Measurement Data;

proc corr data=fishl nomiss plots=matrix(histogram);
var Height Width Length3 Weight3;

run;

The “Simple Statistics” table in Output 2.8.1 displays univariate descriptive statistics for analysis variables.

Output 2.8.1 Simple Statistics

The “Pearson Correlation Coef cients” table in Output 2.8.2 displays Pearson correlation statistics for pairs
of analysis variables.

Output 2.8.2 Pearson Correlation Coef cients

The variables are highly correlated. For example, the correlation betdagint andwidth is 0.92632.
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The PLOTS=MATRIX(HISTOGRAM) option requests a scatter plot matrix for the VAR statement variables
in Output 2.8.3.

Output 2.8.3 Scatter Plot Matrix

Note that this graphical display is requested by enabling ODS Graphics and by specifying the PLOTS= option.
For more information about ODS Graphics, see Chapter 21, “Statistical Graphics Using SE&STAT

User's Guidg.

To explore the correlation betweeteight andwidth, the following statements display (in Output 2.8.4) a
scatter plot with prediction ellipses for the two variables:
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ods graphics on;
proc corr data=fishl nomiss

plots=scatter(nvar=2 alpha=.20 .30);
var Height Width Length3 Weight3;
run;

The PLOTS=SCATTER(NVAR=2) option requests a scatter plot for the rst two variables in the VAR list.
The ALPHA=.20 .30 suboption reques8% and70% prediction ellipses, respectively.

Output 2.8.4 Scatter Plot with Prediction Ellipses

A prediction ellipse is a region for predicting a new observation from the population, assuming bivariate
normality. It also approximates a region that contains a speci ed percentage of the population. The displayed

prediction ellipse is centered at the meai$yM. For further details, see the section “Con dence and
Prediction Ellipses” on page 31.
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Note that the following statements also display (in Output 2.8.5) a scatter plaeigint andwidth:

ods graphics on;
proc corr data=fishl
plots=scatter(alpha=.20 .30);
var Height Width;
run;

Output 2.8.5 Scatter Plot with Prediction Ellipses

Output 2.8.5 includes the poirt3:9; 5:1/, which was excluded from Output 2.8.4 because the observation
had a missing value faneight3. The prediction ellipses in Output 2.8.5 also re ect the inclusion of this
observation.

The following statements display (in Output 2.8.6) a scatter plot with con dence ellipses for the mean:

ods graphics on;
title Fish Measurement Data ;
proc corr data=fishl nomiss
plots=scatter(ellipse=confidence nvar=2 alpha=.05 .01);
var Height Width Length3 Weight3;
run;

The NVAR=2 suboption within the PLOTS= option restricts the number of plots created to the rst two

variables in the VAR statement, and the ELLIPSE=CONFIDENCE suboption requests con dence ellipses
for the mean. The ALPHA=.05 .01 suboption requé&i% and9%% con dence ellipses, respectively.
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Output 2.8.6 Scatter Plot with Con dence Ellipses

The con dence ellipse for the mean is centered at the melnM. For further details, see the section
“Con dence and Prediction Ellipses” on page 31.

Example 2.9: Computing Partial Correlations

A partial correlation measures the strength of the linear relationship between two variables, while adjusting
for the effect of other variables.

The following statements request a partial correlation analysis of varidklgkt andWidth while adjusting

for the variables.ength3 andWeight. The latter variables, which are said to be “partialled out” of the analysis,
are speci ed with the PARTIAL statement.

ods graphics on;

titte Fish Measurement Data ;

proc corr data=fishl plots=scatter(alpha=.20 .30);
var Height Width;
partial Length3 Weight3;

run;
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Output 2.9.1 displays descriptive statistics for all the variables. The partial variance and partial standard
deviation for the variables in the VAR statement are also displayed.

Output 2.9.1 Descriptive Statistics

When you specify a PARTIAL statement, observations with missing values are excluded from the analysis.
Output 2.9.2 displays partial correlations for the variables in the VAR statement.

Output 2.9.2 Pearson Partial Correlation Coef cients

The partial correlation between the variabksight andWidth is 0.25692, which is much less than the
unpartialled correlation, 0.92632 (in Output 2.9.2). Thealue for the partial correlation is 0.1558.

The PLOTS=SCATTER option displays (in Output 2.9.3) a scatter plot of the residuals for the variables

Height andWwidth after controlling for the effect of variablaength3 andweight. The ALPHA=.20 .30
suboption reques®0% and70% prediction ellipses, respectively.
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Output 2.9.3 Partial Residual Scatter Plot

In Output 2.9.3, a standard deviationtéight has roughly the same length on the X axis as a standard
deviation ofwidth on the Y axis. The major axis length is not signi cantly larger than the minor axis length,
indicating a weak partial correlation betwegaight andwidth.
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Overview: FREQ Procedure

The FREQ procedure produces one-waptvay frequency and contingency (crosstabulation) tables. For
two-way tables, PROC FREQ computes tests and measures of associatimwdyptables, PROC FREQ
provides strati ed analysis by computing statistics within strata and across strata.

For one-way frequency tables, PROC FREQ provides goodness-of- t tests for equal proportions or speci ed
null proportions. For one-way tables, PROC FREQ also provides con dence limits and tests for binomial
proportions, including tests for noninferiority and equivalence.

For contingency tables, PROC FREQ can compute various statistics to examine the relationships between
two classi cation variables. For some pairs of variables, you might want to examine the existence or strength

of any association between the variables. To determine if an association exists, PROC FREQ computes
chi-square tests. To estimate the strength of an association, PROC FREQ computes measures of association
that tend to be close to zero when there is no association and close to the maximum (or minimum) value
when there is perfect association. The statistics for contingency tables include the following:

chi-square tests and measures

measures of association

risks (binomial proportions) and risk differences for 2 tables
odds ratios and relative risks fa@r 2 tables

tests for trend
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tests and measures of agreement

Cochran-Mantel-Haenszel statistics

PROC FREQ computes asymptotic standard errors, con dence intervals, and tests for measures of association
and measures of agreement. Exaetlues and con dence intervals are available for many test statistics and
measures. PROC FREQ also performs analyses that adjust for strati cation variables by computing statistics
within and across strata forway tables. These statistics include Cochran-Mantel-Haenszel statistics and
measures of agreement.

In choosing measures of association to use in analyzing a two-way table, you should consider the study design

(which indicates whether the row and column variables are dependent or independent), the measurement
scale of the variables (nominal, ordinal, or interval), the type of association that each measure is designed

to detect, and any assumptions required for valid interpretation of a measure. You should exercise care in

selecting measures that are appropriate for your data.

Similar comments apply to the choice and interpretation of test statistics. For example, the Mantel-Haenszel
chi-square statistic requires an ordinal scale for both variables and is designed to detect a linear association.
The Pearson chi-square, on the other hand, is appropriate for all variables and can detect any kind of
association, but it is less powerful for detecting a linear association because its power is dispersed over a
greater number of degrees of freedom (excepgfor2 tables).

For more information about selecting the appropriate statistical analyses, see Agresti (2007) and Stokes,
Davis, and Koch (2012).

Several SAS procedures produce frequency counts; only PROC FREQ computes chi-square tests for one-way
to n-way tables and measures of association and agreement for contingency tables. Other procedures to
consider for counting include the TABULATE and UNIVARIATE procedures. When you want to produce
contingency tables and tests of association for sample survey data, you can use PROC SURVEYFREQ. For
more information, see Chapter 14, “Introduction to Survey ProceduBas3(STAT User's GuiyleWwhen you

want to t models to categorical data, you can use a procedure such as CATMOD, GENMOD, GLIMMIX,
LOGISTIC, PROBIT, or SURVEYLOGISTIC. For more information, see Chapter 8, “Introduction to
Categorical Data Analysis ProcedureSAS/STAT User's Guijle

PROC FREQ uses the Output Delivery System (ODS), a SAS subsystem that provides capabilities for
displaying and controlling the output from SAS procedures. ODS enables you to convert any of the output
from PROC FREQ into a SAS data set. See the section “ODS Table Names” on page 230 for more
information.

PROC FREQ uses ODS Graphics to create graphs as part of its output. For general information about ODS
Graphics, see Chapter 21, “Statistical Graphics Using O&T/STAT User's GuiyleFor information

about the statistical graphics that PROC FREQ produces, see the PLOTS= option in the TABLES statement
and the section “ODS Graphics” on page 234.
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Getting Started: FREQ Procedure

Frequency Tables and Statistics
The FREQ procedure provides easy access to statistics for testing for association in a crosstabulation table.

In this example, high school students applied for courses in a summer enrichment program; these courses
included journalism, art history, statistics, graphic arts, and computer programming. The students accepted
were randomly assigned to classes with and without internships in local companies. Table 3.1 contains counts
of the students who enrolled in the summer program by gender and whether they were assigned an internship
slot.

Table 3.1 Summer Enrichment Data

Enrollment
Gender Internship | Yes No | Total
boys yes 35 29| 64
boys no 14 27| 41
girls yes 32 10| 42
girls no 53 23| 76

The SAS data sesummerSchool is created by inputting the summer enrichment data as cell count data, or
providing the frequency count for each combination of variable values. The following DATA step statements
create the SAS data setmmerSchool:

data SummerSchool;
input Gender $ Internship $ Enroliment $ Count @@;
datalines;

boys yes yes 35 boys yes no 29

boys no yes 14 boys no no 27

girls yes yes 32  girls yes no 10

girls no yes 53 girls no no 23

The variableGender takes the values “boys' or “girls,' the variabteernship takes the values “yes' and

‘no,' and the variabl&nrollment takes the values “yes' and "no." The varialeunt contains the number of
students that correspond to each combination of data values. The double at sign (@ @) indicates that more
than one observation is included on a single data line. In this DATA step, two observations are included on
each line.

Researchers are interested in whether there is an association between internship status and summer program
enrollment. The Pearson chi-square statistic is an appropriate statistic to assess the association in the
correspondin@ 2 table. The following PROC FREQ statements specify this analysis.
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You specify the table for which you want to compute statistics with the TABLES statement. You specify the
statistics you want to compute with options after a slash (/) in the TABLES statement.

proc freq data=SummerSchool order=data;
tables Internship * Enrollment / chisq;
weight Count;

run;

The ORDER= option controls the order in which variable values are displayed in the rows and columns
of the table. By default, the values are arranged according to the alphanumeric order of their unformatted
values. If you specify ORDER=DATA, the data are displayed in the same order as they occur in the input
data set. Here, because “yes' appears before "no' in the data, ‘yes' appears rstin any table. Other options
for controlling order include ORDER=FORMATTED, which orders according to the formatted values, and
ORDER=FREQ, which orders by descending frequency count.

In the TABLES statementnternship* Enroliment speci es a table where the rows are internship status and the
columns are program enroliment. The CHISQ option requests chi-square statistics for assessing association
between these two variables. Because the input data are in cell count form, the WEIGHT statement is required.
The WEIGHT statement names the variabtunt, which provides the frequency of each combination of

data values.

Figure 3.1 presents the crosstabulatiomedrnship andEnroliment. In each cell, the values printed under

the cell count are the table percentage, row percentage, and column percentage, respectively. For example, in
the rst cell, 63.21 percent of the students offered courses with internships accepted them and 36.79 percent
did not.

Figure 3.1 Crosstabulation Table
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Figure 3.2 displays the statistics produced by the CHISQ option. The Pearson chi-square statistic is labeled
"Chi-Square' and has a value of 0.8189 with 1 degree of freedom. The assqeiatkak is 0.3655, which

means that there is no signi cant evidence of an association between internship status and program enrollment.
The other chi-square statistics have similar values and are asymptotically equivalent. The other statistics (phi
coef cient, contingency coef cient, and Craméng) are measures of association derived from the Pearson
chi-square. For Fisher's exact test, the two-sidedlue is 0.4122, which also shows no association between
internship status and program enroliment.

Figure 3.2 Statistics Produced with the CHISQ Option

The analysis, so far, has ignored gender. However, it might be of interest to ask whether program enroliment
is associated with internship status after adjusting for gender. You can address this question by doing an
analysis of a set of tables (in this case, by analyzing the set consisting of one for boys and one for girls). The
Cochran-Mantel-Haenszel (CMH) statistic is appropriate for this situation: it addresses whether rows and
columns are associated after controlling for the strati cation variable. In this case, you would be stratifying
by gender.

The PROC FREQ statements for this analysis are very similar to those for the rst analysis, except that there
is a third variableGender, in the TABLES statement. When you cross more than two variables, the two
rightmost variables construct the rows and columns of the table, respectively, and the leftmost variables
determine the strati cation.

The following PROC FREQ statements also request frequency plots for the crosstabulation tables. PROC
FREQ produces these plots by using ODS Graphics to create graphs as part of the procedure output.
ODS Graphics must be enabled before producing plots. The PLOTS(ONLY)=FREQPLOT option requests
frequency plots. The TWOWAY=CLUSTEROt-option speci es a cluster layout for the two-way frequency

plots.
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