Categorial Analysis - Part 1

Models for Binary Outcomes

Introduction

The ssimple or binary response (for example, success or failure) analysis models the relationship between a binary
response variable and one or more explanatory variables. For a binary response variable Y, it assumes:

glp) = p'=
where p is Prob(Y=y,) for y; asone of two ordered levels of Y F isthe parameter vector, X is the vector of explanatory

variables, and g is afunction of which p is assumed to be linearly related to the explanatory variables.

The binary response model shares a common feature with a more general class of linear models that a function g=g( k)
of the mean K of the dependent variable is assumed to be linearly related to the explanatory variables. The function g(

), often referred as the link function, provides the link between the random or stochastic component and the
systematic or deterministic component of the response variable. For the binary response model, logistic and probit
regression techniques are often employed among all others.

Logistic Regression
For abinary response variable Y, the logistic regression has the form:

logitip) = log % = p

or equivalently,
__ep(pE)
B= 1 +ezp(prz)

The logistic regression models the logit transformation of the ith observation's event probability, p;, as alinear function
of the explanatory variables in the vector x;. The logistic regression model uses the logit as the link function.

Logistic Regression with SAS
LOGISTIC Procedure

Suppose the response variable Y is0 or 1 binary (Thisisnot alimitation. The values can be either numeric or character
aslong as they are dichotomous), and X1 and X2 are two regressors of interest. To fit alogistic regression, you can
use:

proc logistic; model y=x1 x2; run;
SAS PROC LOGISTIC models the probability of Y=0 by default. In other words, SAS chooses the smaller value to

estimate its probability. One way to change the default setting in order to model the probability of Y=1in SASisto
specify the DESCENDING option on the PROC LOGISTIC statement. That is, use:

proc logistic descending;
Example 1: SAS Logistic Regression in PROC LOGISTIC (individual data)
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The following data are from Cox (Cox, D. R., 1970. The Analysis of Binary Data, London, Methuen, p. 86). At the
specified time (T) of heating, a number of ingots are tested for some temperature settings and whether an ingot is ready
or not (S) for rolling is recorded. S=0 means not ready and S=1 means ready. Y ou want to know if the time of heating
affects whether an ingot is ready or not for rolling.

T S
1 7 1

2 7
55 7 1
1 14 0
2 14 0
3 14 1
4 14 1
157 14 1
1 27 0
2 27 0
7 27 0
8 27 1
9 27 1
159 27 1
1 51 0
2 51 0
3 51 0
4 51 1
16 51 1

With this data set INGOT, you can use:

proc | ogistic data=i ngot;
nmodel s=t;
run;

Asaresult, you will have the following SAS output:
Sanpl e Program Logistic Regression
The LOAQ STI C Procedure
Data Set: WORK. | NGOT
Response Variable: S

Response Levels: 2
Number of Observations: 387
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Li nk Function: Logit

Response Profile

Or der ed
Val ue S Count
1 0 12
2 1 375

Model Fitting Information and Testing d obal Null Hypothesis BETA=0

| nt er cept
| nt er cept and
Criterion Only Covari at es Chi - Square for Covari ates
Al C 108. 988 99. 375
SC 112. 947 107. 291 :
-2 LOG L 106. 988 95. 375 11.614 with 1 DF (p=0.0007)
Score : : 15.100 wth 1 DF (p=0.0001)
Anal ysi s of Maxi mum Li kel i hood Esti nmates

Par anet er St andard val d Pr > St andar di zed Qdds
Variable DF Estimte Error Chi-Square Chi-Square Esti mat e Rati o
| NTERCPT 1 -5.4152 0. 7275 55. 4005 0. 0001 : :
T 1 0. 0807 0. 0224 13. 0290 0. 0003 0. 442056 1.084

Associ ation of Predicted Probabilities and Observed Responses

Concordant = 59. 2% Soners' D = 0.499
D scordant = 9.4% Gamma = 0.727
Ti ed = 31.4% Tau- a = 0. 030
(4500 pairs) c = 0.749

The result shows that the estimated logit is

lng% =.5.4152 + 0.0807*T

where p is the probability of having an ingot not ready for rolling. The slope coefficient 0.0807 represents the change in
log odds for aone unit increasein T (time of heating). Its odds ratio 1.084 is the ratio of odds for a one unit change in
T. The odds ratio can be computed by exponentiating the log odds, i.e., exp(log odds), which is exp(0.0807)=1.084 in
this example.

If you had used the DESCENDING option:

proc | ogistic descending;
nodel s=t;
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run;

it would have yielded the following estimated logit:

lng% =54152 - 0.0807*T with Tz odds ratio 0.922

where p is the probability of having an ingot ready for rolling.

Y ou may have the same data set arranged in the following frequency format:

T S F

7 1 55
14 0 2
14 1 155
27 0 7
27 1 152
51 0 3
51 1 13

In this case, to have the same output as above, you can use the syntax:

proc | ogistic;
freq f;

nodel s=t;
run;

The LOGISTIC procedure also allows the input of binary response data that are grouped so that you can use:

proc | ogistic;

nodel r/n=x1 x2;

run;
where N represents the number of trials and R represents the number of events.
Example 2: SAS Logistic Regression in PROC LOGISTIC (grouped data)

The data set described in the previous example can be arranged in a different way. At the specified time(T) of heating,
the number of ingots (N) tested and the number (R) not ready for rolling can be recorded. Now you have:

T R N
7 0 55
14 2 157
27 7 159
51 3 16

With this data set INGOT2, you can use:
proc | ogistic data=i ngot 2;

nmodel r/n=t;
run;

The SAS output will be:

Sanpl e Program Logistic Regression
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The LOGQ STI C Procedure

Data Set: WORK. | NGOT2
Response Variable (Events): R
Response Variable (Trials): N
Nurmber of Cbservations: 4
Li nk Function: Logit
Response Profile

Ordered Binary

Val ue CQutcone Count
1 EVENT 12
2 NO EVENT 375

Model Fitting Information and Testing d obal Null Hypothesis BETA=0

| nt er cept
| nt er cept and
Criterion Only Covari at es Chi - Square for Covari ates
Al C 108. 988 99. 375
SC 112. 947 107. 291 .
-2 LOG L 106. 988 95. 375 11.614 with 1 DF (p=0.0007)
Score : : 15.100 wth 1 DF (p=0.0001)
Anal ysi s of Maxi mum Li kel i hood Esti nmates

Par anet er St andard val d Pr > St andar di zed Qdds
Vari able DF Estimate Error Chi-Square Chi-Square Estimate Rati o
| NTERCPT 1 -5.4152 0.7275 55. 4005 0. 0001 : :
T 1 0.0807 0.0224 13. 0290 0. 0003 0. 442056 1.084

Associ ation of Predicted Probabilities and Observed Responses

Concordant = 59. 2% Soners' D = 0.499
D scordant = 9.4% Ganmma = 0.727
Ti ed = 31.4% Tau- a = 0. 030
(4500 pairs) c = 0.749

Sometimes you may be interested in the change in log odds, and thus the corresponding change in odds ratio for some
amount other than one unit change in the explanatory variable. In this case, you can customize your own odds
calculation. You can use the UNITS option:

proc | ogistic;
nodel y=x1 x2;
units x1=list;
run;

where list represents alist of unitsin change that are of interest for the variable X 1. Each unit of changein alist has
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one of the following forms:

nunber
SD or -SD
nunber * SD

where number is any non-zero number and SD is the sample standard deviation of the corresponding independent
variable X 1.

Example 3: Customized Odds Computation
Using the same data set in Example 2, if you use:
proc | ogistic data=i ngot 2;
nodel r/n=t;

units t=10 -10 sd 2*sd;
run;

you will have the following result in addition to the output in Example 2:

Conditional Odds Ratio

(dds
Vari abl e Uni t Ratio
T 10. 0000 2.241
T -10. 0000 0. 446
T 9.9361 2.230
T 19.8721 4,971

In this example, you calculated four different odd ratio, each corresponding to change in 10 unit increase, 10 unit
decrease, 1 standard deviation increase, and 2 standard deviation increase in T, respectively.

From the SAS PROC LOGISTIC output, you can aso obtain predicted probability values. Suppose you want to know
the predicted probabilities of having an ingot not ready for rolling (Y =0) at each level of time of heating in the data set
from Example 2. The predicted probability, p, can be computed from the formula:
__explprx)
p= 1 +ezp(prz)

Thus, for example, at T=7,

 exp(-5.4152+0.080747)
D= Toexp(-5.4152+0 0307+ 00747

This computation can be easily obtained as a part of the SAS output by using the OUTPUT statement and PRINT
procedure:

proc | ogistic;

nodel r/n=x1 x2;

out put out =fil enane predi cted=var nane;
run;

proc print data=fil enane;

run;
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where filename is the output data set name and varname is the variable name for predicted probabilities. The SAS
output will show al the predicted probabilities for all observation points.

However, if you need to know the predicted probabilities at some levels of explanatory variables other than levels the
data set provides, you need to do something different. Y ou need to create anew SAS data set with missing values for
the response variable. Then you merge the new data with the original data and run the logistic regression using the
merged data set. Because the new data set has missing values for the response variable, they do not affect the model fit.
But the predicted probabilities will be also calculated for the new observations.

Example 4: Predicted Probability Computation
Using the datain Example 2, if you use:

proc | ogistic data=i ngot 2;
nodel r/n=t;

out put out =prob predicted=phat;
run;

proc print data=prob,;

run;

you will have the following additional result to the output in Example 2:

Sanpl e Program Logistic Regression

oBS T R N PHAT
1 7 0 55 0. 00777
2 14 2 157 0. 01358
3 27 7 159 0. 03782
4 51 3 16 0. 21422

Now suppose you want to compute the predicted probabilities at T=10,20,30,40,50, and 60. Y ou can use the following
syntax:

data i ngot 2;
input t r n;
cards;

7 0 55

14 2 157

27 7 159

51 3 16
dat a new;

i nput t @@
r=.;

n=.;

cards;

10 20 30 40 50 60

dat a nerged;

set ingot2 new,

run;

proc | ogistic data=nerged;
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nodel r/n=t;

out put out =prob predict ed=phat;
run;

proc print data=prob;

run;

Y ou will have the following additional output to show the predicted probability at each level of T of interest:

Sanpl e Program Logi stic Regression

OBS T R N PHAT
1 7 0 55 0. 00777
2 14 2 157 0. 01358
3 27 7 159 0. 03782
4 51 3 16 0. 21422
5 10 0. 00987
6 20 0. 02185
7 30 0.04768
8 40 0. 10089
9 50 0. 20095

10 60 0. 36045

PROBIT Procedure

Y ou can even use the PROC PROBIT to fit alogistic regression by specifying LOGISTIC as the cumulative
distribution type in the MODEL statement. To fit alogistic regression model, use:

proc probit;
cl ass v;
nmodel y=x1 x2 / d=l ogi sti c;
run;
or
proc probit;
nodel r/n=x1 x2 / d=logistic;
run;

depending on your data set. If asingle response variable is given in the MODEL statement, it must belistedin a
CLASS statement. Unlike the PROC LOGISTIC, the PROC PROBIT is capable of dealing with categorical variables
as regressors as shown in the following syntax:

proc probit;

cl ass x2;

nodel r/n=x1 x2 / d=logistic;
run;

where X2 is a categorical regressor.
Example 5: SAS Logistic Regression in PROC PROBIT

Using the datain Example 2, you may use:
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proc probit data=i ngot 2;
nodel r/n=t / d=logistic;
run;

The resulting SAS output will be:
Sanpl e Program Logi stic Regression
Probit Procedure
Dat a Set =WORK. | NGOT2
Dependent Vari abl e=R
Dependent Vari abl e=N

Number of Observations= 4
Nunber of Events = 12 Nunber of Trials = 387

Log Likelihood for LOQ STIC -47.68727905

Probit Procedure
Vari able DF Estimate Std Err Chi Square Pr>Chi Label /Val ue

| NTERCPT 1 -5.4151721 0.727541 55.40004 0.0001 Intercept
T 1 0.08069587 0.022356 13.02885 0.0003

Probit Mddel in Terns of Tol erance Distribution

MJ SI GVA
67.10594 12. 39221

Esti mat ed Covari ance Matrix for Tol erance Paraneters

MJ SI GVA
MU 121. 813302 35. 655509
SI GVA 35. 655509 11. 786672

GENMOD Procedure

The GENMOD procedure fits generalized linear models (Nelder and Wedderburn, 1972, "Generalized Linear Models,"
Journal of the Royal Statistical Society A, 135, pp. 370-384). Logistic regression can be modeled as a class of
generalized linear model where the response probability distribution function is binomia and the link function islogit.
To use PROC GENMOD for alogistic regression, you can use:

proc gennod;
nodel y=x1 x2 / dist=binomal |ink=logit;
run;
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or

proc gennod;
nodel
run;

r/n=x1 x2 / dist=bi nom al

l'i nk=Il ogi t;

Example 6: SAS Logistic Regression in PROC GENMOD

Using the datain Example 2, you may use:

proc gennod dat a=i ngot 2;

nmodel
run;

r/n=t / dist=binom al

l'i nk=Il ogi t;

Y ou will have the following SAS output:

Sanpl e Program Logistic Regression

The GENMOD Pr ocedure

Model | nformation

Descri ption

Dat a Set

Di stribution

Li nk Functi on
Dependent Vari abl e
Dependent Vari abl e
(bservati ons Used
Nunber O Events
Nunber O Trials

Val ue

WORK. | NGOT2
Bl NOM AL
LOA T

R

N

4

12

387

Criteria For Assessing Goodness OF Fit

Criterion DF
Devi ance 2
Scal ed Devi ance 2
Pear son Chi - Squar e 2
Scal ed Pearson X2 2

Log Li kel i hood

Anal ysis O Paraneter

Par anet er DF Esti mate
| NTERCEPT 1 -5.4152
T 1 0. 0807
SCALE 0 1. 0000

Val ue Val ue/ DF
1.0962 0. 5481
1.0962 0. 5481
0. 6749 0. 3374
0. 6749 0. 3374

-47. 6873
Esti mat es
Std Err Chi Square Pr>Chi
0.7275 55. 4000 0.0001
0. 0224 13.0289 0.0003
0. 0000
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NOTE: The scal e paraneter was held fixed.

PROC GENMOD is especially convenient when you need to use categorical or class variables as regressors. In this
case, you can use:

proc gennod;

cl ass x2;
nodel y=x1 x2 / dist=binomal |ink=logit;
run;

where X2 is a categorical regressor.
Example 7: SAS Logistic Regression in PROC GENMOD (categorical regressors)

This exampleis excerpted from a SAS manual (SAS, 1996, SASSTAT Software Changes and Enhancements through
Release 6.11, pp. 279-284). In an experiment comparing the effects of five different drugs, each drug was tested on a
number of different’'s ubjects. The outcome of each experiment was the presence or absence of a positive responsein a
subject. The following data represent the number of responses R in the N subjects for the five different drugs, labeled A
through E. The response is measured for different levels of a continuous covariate X for each drug. The drug type and
the covariate X are explanatory variables in this experiment. The number of response R is modeled as a binomial
random variable for each combination of the explanatory variable values, with the binomial number of trials parameter
equal to the number of subjects N and the binomial probability equal to the probability of aresponse. The following
DATA step creates the data set DRUG:

data drug;

i nput drug$ x r n;
car ds;

A .1 1 10
A .23 2 12
A .67 1 9
B .2 3 13
B .3 4 15
B .45 5 16
B .78 5 13
C .04 0 10
cC .15 0 11
C .56 1 12
c .7 2 12
D .34 5 10
D .6 5 9
D .7 8 10
E .2 12 20
E .34 15 20
E .56 13 15
E .8 17 20

A logistic regression for these datais a generalized linear model with response equal to the binomial proportion R/N.
PROC GENMOD can be used as follows:

proc gennod dat a=drug;
cl ass drug;
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nodel r/n=x drug / dist=binomal |ink=logit;

run;

Y ou will have the SAS output:

Sanpl e Program Logi stic Regression

The GENMOD Pr ocedur e

Model I nformation
Descri ption Val ue
Dat a Set WORK. DRUG
Di stribution Bl NOM AL
Li nk Functi on LOGE T
Dependent Vari abl e R
Dependent Vari abl e N
Cbservations Used 18
Nunber O Events 99
Nunber O Trials 237

Cl ass Level Information

Cl ass

DRUG

Criteria For

Criterion

Devi ance
Scal ed Devi ance
Pear son Chi - Square

Scal ed Pearson X2

Log Li kel i hood

Par amet er

| NTERCEPT
X

DRUG
DRUG
DRUG
DRUG
DRUG

Level s Val ues

5 ABCDE

Assessi ng Goodness O Fit

DF Val ue Val ue/ DF

12 5.2751 0. 4396

12 5.2751 0. 4396

12 4.5133 0. 3761

12 4.5133 0. 3761
-114. 7732

Anal ysis O Paraneter Estimates

mooOw>»

DF

ORRRRRELR

Est

I mat e Std Err Chi Square Pr>Chi
. 2792 0.4196 0. 4430 0.5057
. 9794 0. 7660 6.6770 0.0098
. 8955 0. 6092 22.5894 0.0001
. 0162 0. 4052 24.7628 0.0001
. 7952 0. 6655 32.5258 0.0001
. 8548 0. 4838 3.1218 0.0773
. 0000 0. 0000
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SCALE 0 1. 0000 0. 0000

NOTE: The scal e paraneter was held fixed.

In this example, PROC GENMOD automatically generates five dummy variables for each value of the class variable
DRUG. Therefore, the same result could be obtained without using PROC GENMOD, but employing PROC
LOGISTIC:

if drug="A" then drugdunil=1; else drugdunl=0;

if drug="B then drugdunk=1; el se drugdun=0;

if drug="C then drugdunB=1; el se drugdunB=0;

if drug="D then drugdumd=1; el se drugdumi=0;

if drug="E then drugdunb=1; el se drugdunb=0;

proc | ogistic data=drug?;

nodel r/n=x drugdunil drugdun®? drugdun8 drugdumd drugdunb;
run;

where the first five lines must be included in the DATA step to create a new data set DRUG2. Notice that one of the
five dummy variables is redundant.

The resulting output will be:
Sanpl e Program Logi stic Regression
The LOd STIC Procedure

Data Set: WORK. DRUR2

Response Variable (Events): R

Response Variable (Trials): N

Nunber of Observations: 18

Li nk Function: Logit

Response Profile

Ordered Binary

Val ue CQutcone Count
1 EVENT 99
2 NO EVENT 138

Model Fitting Infornmation and Testing d obal Null Hypothesis BETA=0

| nt er cept
| nt er cept and
Criterion Only Covari at es Chi - Square for Covari ates
Al C 324. 105 241. 546
SC 327.573 262. 355 :
-2 LOG L 322. 105 229. 546 92.558 with 5 DF (p=0.0001)
Score : : 82.029 with 5 DF (p=0.0001)
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NOTE: The foll ow ng paraneters have been set to 0, since the variables are a
| i near conbi nation of other variables as shown.

DRUGDUVMb = 1 * |INTERCPT - 1 * DRUGDUML - 1 * DRUGDUMZ - 1 * DRUGDUMB - 1
* DRUGDUWVA

Anal ysi s of Maxi mum Li kel i hood Esti nates

Par armet er St andard Val d Pr > St andar di zed Qdds
Variable DF Estimte Error Chi-Square Chi-Square Esti mat e Rati o
| NTERCPT 1 0. 2792 0. 4196 0. 4430 0. 5057 : :
X 1 1.9794 0. 7660 6.6772 0. 0098 0. 259740 7.238
DRUGDUML 1 -2.8955 0. 6092 22.5895 0. 0001 -0.539417 0. 055
DRUGDUMZ 1 -2.0162 0. 4052 24. 7628 0. 0001 -0.476082 0. 133
DRUGDUMB 1 -3.7952 0. 6654 32.5336 0. 0001 - 0. 822382 0. 022
DRUGDUMA 1 -0. 8548 0. 4838 3.1218 0.0773 -0.154773 0. 425
DRUGDUMG 0O 0

Associ ation of Predicted Probabilities and Observed Responses

Concordant = 82. 3% Soners' D = 0. 686
Di scordant = 13. 7% Gamma = 0.714
Ti ed = 4. 0% Tau- a = 0. 335
(13662 pairs) c = 0. 843

CATMOD Procedure

SAS CATMOD (CATegorical dataMODeling) procedure fits linear models to functions of response frequencies and
can be used for logistic regression. The basic syntax is:

proc cat nod;

di rect x1;
response | ogits;
nodel y=x1 x2;
run;

where X1 is a continuous quantitative variable and X2 is a categorical variable. Y ou must specify your continuous
regressors in the DIRECT statement. Because the CATMOD procedure is mainly designed for the analysis of
categorical data, it is not recommended for use with a continuous regressor with alarge number of unique values.

Example 8: SAS Logistic Regression in PROC CATMOD
Using the datain Example 1, if you use:

proc catnod dat a=i ngot;
direct t;

response |l ogits;

nodel s=t;

run;
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you will see the result:

Sanmpl e Program Logistic Regression

CATMOD PROCEDURE

Response: S Response Levels (R) = 2
Wei ght Vari abl e: None Popul ati ons (S = 4
Dat a Set: | NGOT Total Frequency (N)= 387
Frequency Mssing: O Cbservations (Cbs)= 387
POPULATI ON PROFI LES
Sanpl e
Sample T Si ze
1 7 55
2 14 157
3 27 159
4 51 16
RESPONSE PROFI LES
Response S
1 0
2 1
MAXI MUM LI KELI HOOD ANALYSI S
Sub -2 Log Conver gence Par anet er Esti nates
I[teration Iteration Li kel i hood Criterion 1 2
0 0 536. 49592 1. 0000 0 0
1 0 152. 59147 0. 7156 -2.1503 0.0138
2 0 106. 76794 0. 3003 - 3.5040 0. 0361
3 0 96. 711696 0. 0942 -4.6746 0. 0633
4 0 95.411914 0.0134 -5.2884 0. 0779
5 0 95. 374601 0. 000391 -5.4109 0. 0806
6 0 95. 374558 4.5308E-7 -5.4152 0. 0807
7 0 95. 374558 6. 605E- 13 -5.4152 0. 0807

MAXI MUM LI KELI HOOD ANALYSI S- OF- VARI ANCE TABLE

Sour ce

DF Chi - Squar e

| NTERCEPT
T

LI KELI HOOD RATI O
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ANALYSI S OF MAXI MUM LI KELI HOOD ESTI MATES

St andar d Chi -

Ef f ect Paraneter Estimte Error Squar e Pr ob
| NTERCEPT 1 -5.4152 0. 7275 55.40 0.0000
T 2 0. 0807 0. 0224 13. 03 0.0003

LOGISTIC REGRESSION Procedure

Unlikein SAS, the SPSS procedure LOGISTIC REGRESSION models the probability of Y=1 or Y’s higher sorted
value. Suppose the response variable Y is0 or 1 binary (Thisisnot alimitation for SPSS either. The values can be
either numeric or character as long as they are dichotomous), and X1 and X2 are two regressors of interest. Torun a
logistic regression, use:

| ogi stic regression var=y with x1 x2.
Example 9: SPSS Logistic Regression in LOGISTIC REGRESSION procedure (individual data)

Using the datain Example 1, you can use:

| ogi stic regression var=s with t.

Y ou will have the SPSS outpuit:

LOGI STI C REGRESSI ON

Total nunber of cases: 387 (Unwei ght ed)
Number of sel ected cases: 387
Number of unsel ected cases: 0

Nurmber of sel ected cases: 387
Nunber rejected because of mssing data: O
Nunmber of cases included in the analysis: 387

Dependent Vari abl e Encodi ng:

Origi nal I nt er nal
Val ue Val ue
.00 0
1.00 1
Dependent Vari abl e. . S

Begi nning Bl ock Nunmber 0. Initial Log Likelihood Function
-2 Log Likelihood 106. 98843

* Constant is included in the nodel.
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Begi nni ng Bl ock Nunmber 1. Method: Enter

Vari abl e(s) Entered on Step Nunber
1.. T

Estimation term nated at iteration nunmber 6 because
Log Li kel i hood decreased by | ess than .01 percent.

-2 Log Likelihood 95. 375
Goodness of Fit 346. 446

Chi - Squar e df Significance

Model Chi - Squar e 11. 614 1 . 0007
| mpr ovenent 11. 614 1 . 0007
Classification Table for S
Predi ct ed
. 00 1.00 Percent Correct
o | 1
Cbserved to-m - - - Fo-mm - - - +
. 00 0 | o | 12 | . 00%
S oo - +
1.00 1 I O I 375 | 100.00%
o SO oo - - +

Overal | 96. 90%

---------------------- Variables in the Equation -------

Vari abl e B S. E val d df Sig
T -. 0807 . 0224 13.0289 1 . 0003
Const ant 5. 4152 . 7275 55.4000 1 . 0000

The output shows that the estimated logit is

1ugT% = 54152 - 0.0807*T

R Exp( B)

-. 3211 . 9225

where p is the probability of having an ingot ready for rolling. Thisis the same result as with the use of the

DESCENDING optionin SAS PROC LOGISTIC.

Probit Regression

Probit regression can be employed as an aternative to the logistic regression in binary response models. For a binary

response variable Y, the probit regression model has the form:

Tlp)=px

or equivaently,
p= o)
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where & isthe inverse of the cumulative standard normal distribution function, often referred as probit or normit, and
<€ isthe cumulative standard normal distribution function.

The probit regression model can be viewed also as a specia case of the generalized linear model whose link functionis
probit.

Probit Regression with SAS

LOGISTIC Procedure

The SAS LOGISTIC procedure can be aso used for a probit regression. To fit a probit regression use the
LINK=NORMIT (or PROBIT) option:

proc | ogistic;
nodel y=x1 x2 / link=normt;
run;

Example 11: SAS Probit Regression in PROC LOGISTIC
Using the datain Example 1, you can use:
proc | ogistic data=i ngot;

nmodel s=t / |ink=normt;
run;

Y ou will have the SAS output:
Sanmpl e Program Probit Regression
The LOAQ STI C Procedure
Data Set: WORK. | NGOT
Response Variable: S
Response Levels: 2

Number of Observations: 387
Li nk Function: Normt

Response Profile

Or der ed
Val ue S Count
1 0 12
2 1 375

Model Fitting Information and Testing d obal Null Hypothesis BETA=0

| nt er cept
| nt er cept and
Criterion Only Covari at es Chi - Square for Covari ates
Al C 108. 988 99.018
SC 112. 947 106. 934
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-2 LOG L 106. 988 95.018 11.971 wth

1 DF (p
Score : : 15.100 wth 1 DF (p

Anal ysi s of Maxi mum Li kel i hood Esti mates

Par anet er St andar d wal d Pr >

Vari abl e DF Estimate Error Chi - Squar e Chi - Squar e

| NTERCPT 1 -2.8004 0. 3284 72. 7050 0. 0001

T 1 0. 0391 0.0113 11. 9525 0. 0005

Associ ation of Predicted Probabilities and Cbserved Respo

Concordant = 59. 2% Somers' D = 0.499
D scordant = 9.4% Gamma = 0.727
Ti ed = 31.4% Tau- a = 0. 030
(4500 pairs) c = 0.749

PROBIT Procedure

Y ou can use the PROC PROBIT to fit a probit model. The basic syntax you can useis:

proc probit;
cl ass v;
nmodel y=x1 x2;
run;

or
proc probit;
nodel r/n=x1 x2;
run;

or
proc probit;
cl ass x2;
nodel r/n=x1 x2;
run;

depending on the nature of the data set.
Example 12: SAS Probit Regression in PROC PROBIT

Using the datain Example 1, you can use:

proc probit data=ingot;

cl ass s;
nmodel s=t;
run;

Y ou will have the following SAS output:

http://pytheas.ucs.indiana.edu/~statmath/stat/all/cat/printable.html (19 of 54) [2/24/2000 3:33:59 PM]

0. 0005)
0. 0001)

St andar di zed
Esti nat e

0. 388259

nses



Categorial Analysis - Part 1

Sanpl e Program Probit Regression

Probit Procedure
Cl ass Level Information

Cl ass Level s Val ues
S 2 01

Number of observati ons used = 387

Probit Procedure

Dat a Set =WORK. | NGOT
Dependent Vari abl e=S

Wei ght ed Frequency Counts for the Ordered Response Categories

Level Count
0 12
1 375

Log Likelihood for NORVAL -47.5087804
Probit Procedure
Vari able DF Estimate Std Err Chi Square Pr>Chi Label /Val ue

| NTERCPT 1 -2.8003508 0.331621 71.30839 0.0001 Intercept
T 1 0.0390757 0.011425 11.69807 0.0006

Probit Mddel in Terns of Tol erance Distribution

MJ SI GVA
71. 66476 25.59135

Esti nat ed Covari ance Matri x for Tol erance Paraneters

MJ SI GVA
MJ 186. 336614 98. 799500
SI GVA 98. 799500 55. 985053

Example 13: SAS Probit Regression in PROC PROBIT (categorical regressors)
Using the datain Example 7, if you use:

proc probit data=drug;

cl ass drug;

nodel r/n=x drug;
run;
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you will have the result:

Sanmpl e Program Probit Regression

Probit Procedure
Cl ass Level Information

Cl ass Level s Val ues
DRUG 5 ABCDE
Number of observations used = 18
Probit Procedure

Dat a Set =WORK. DRUG

Dependent Vari abl e=R

Dependent Vari abl e=N

Number of CObservations= 18

Nunber of Events = 99 Nunber of Trials = 237

Log Li kelihood for NORVAL -114.6516555

Probit Procedure
Vari able DF Estimate Std Err Chi Square Pr>Chi Label /Val ue

| NTERCPT 1 0.19031335 0.24926 0.582954 0.4452 |ntercept

X 1 1.15885442 0.438333 6.989539 0.0082
DRUG 4 64. 33502 0.0001
1 -1.7087998 0. 331686 26.5416 0.0001 A
1 -1.2286831 0.239099 26.40741 0.0001 B
1 -2.2309708 0. 343196 42.2574 0.0001 C
1 -0.5079719 0.291889 3.028612 0.0818 D
0 0 0 E

SAS PROC PROBIT models the probability of Y=0 or of Y’slower sorted value by default. This default can be altered
by using the ORDER option in the PROC PROBIT statement. For example,
proc probit order=freq;

specifies the sorting order for the levels of the classification variables (specified in the CLASS statement) in a
descending frequency count; levels with the most observations come first in the order.

Example 14: Altering Order

Y ou may need to model the probability of the value with the higher count. In Example 12, Y=1 has the count 375 and
Y=0 has 12. If you use:

proc probit order=freq data=i ngot;
cl ass s;
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nmodel s=t;
run;

you will have the following output:
Sanpl e Program Probit Regression

Probit Procedure
Cl ass Level Information

C ass Level s Val ues
S 2 10
Nunmber of observations used = 387
Probit Procedure

Dat a Set =WORK. | NGOT
Dependent Vari abl e=S

Wi ght ed Frequency Counts for the Ordered Response Categories

Level Count
1 375
0 12

Log Likelihood for NORVAL -47.5087804
Probit Procedure
Vari able DF Estimate Std Err Chi Square Pr>Chi Label /Val ue

| NTERCPT 1 2.80035085 0.331621 71.30839 0.0001 Intercept
T 1 -0.0390757 0.011425 11.69807 0.0006

Probit Mddel in Terns of Tol erance Di stribution

MJ SI GVA
71. 66476 25.59135

Esti mat ed Covari ance Matrix for Tol erance Paraneters

MJ SI GVA
MJ 186. 336614 98. 799500
SI GVA 98. 799500 55. 985053

Sometimes you will need to know the predicted probability values. For example, if you need to know the probability of
having an ingot not ready for rolling (Y=0) at T=7 from Example 12, you can compute the probability using the
formula

p =D E) = &(-2.3003508+0.0330757*7) = 0.005
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from the standard normal probability distribution table. Y ou can obtain this kind of computation using the OUTPUT
statement and the PRINT procedure:

proc probit;

nodel r/n=x1 x2;

out put out =fil enane prob=var nane;
run;

proc print data=fil enane,

run;

where filename is the output data set name and varname is the variable name for predicted probabilities. The SAS
output will show all the predicted probabilities for all observation points.

Example 15: Predicted Probability Computation
Using the datain Example 2, if you use:

proc probit data=i ngot 2;
nodel r/n=t;

out put out =prob2 prob=phat;
run;

proc print data=prob2;

run;

you will have the following additional result:

Sanpl e Program Probit Regression

OBS T S N PHAT
1 7 0 55 0. 00576
2 14 2 157 0.01212
3 27 7 159 0. 04047
4 51 3 16 0. 20969

GENMOD Procedure

Probit regression can be modeled as a class of generalized linear models in which the response probability functionis
binomial and the link function is probit. Therefore you can use the PROC GENMOD to fit a probit model:

proc gennod;
nodel r/n=x1 x2 / dist=binom al |ink=probit;
run;

Example 16: SAS Probit Regression in PROC GENMOD
Using the data asin Example 2, you may use:
proc gennod dat a=i ngot 2;

nodel r/n=t / dist=binomal |ink=probit;
run;

Y ou will have the following SAS output:
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Sanpl e Program Probit Regression
The GENMOD Procedure

Model | nformation

Descri ption Val ue

Dat a Set WORK. | NGOT2
Di stribution Bl NOM AL

Li nk Function PROBI T
Dependent Vari abl e R

Dependent Vari abl e N

Cbservati ons Used 4

Nunber O Events 12

Nunber O Trials 387

Criteria For Assessing Goodness O Fit

Criterion DF Val ue Val ue/ DF
Devi ance 2 0.7392 0. 3696
Scal ed Devi ance 2 0.7392 0. 3696
Pear son Chi - Squar e 2 0. 4228 0.2114
Scal ed Pearson X2 2 0. 4228 0. 2114
Log Likelihood . -47.5088

Anal ysis O Paraneter Estinmates

Par anet er DF Esti mate Std Err Chi Square Pr>Chi
| NTERCEPT 1 -2.8004 0. 3316 71.3084 0.0001
T 1 0. 0391 0.0114 11. 6981 0.0006
SCALE 0 1. 0000 0. 0000

NOTE: The scal e paraneter was held fixed.

Probit Regression with SPSS

Again, unlike in SAS, SPSS models the probability of Y=1 or of Y’s higher sorted value. To fit a probit regression, use:

probit r of n wth x1 x2
/ nodel probit.

Example 17: SPSS Probit Regression in PROBIT procedure

Using the datain Example 1, you can use:

conpute n = 1.
execut e.
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probit r of n with t
/ nodel probit
[ print none.

The resulting SPSS output will be:

* * % * % * % * * * * * PROBIT ANALYS'S************

Par anet er estimates converged after 13 iterations.
Opti mal sol ution found.

Paraneter Estimates (PROBIT nodel: (PROBIT(p)) = Intercept + BX):
Regression Coeff. Standard Error Coeff./S. E
T -. 03908 . 01142 - 3.42024

Intercept Standard Error Intercept/S. E
2. 80035 . 33162 8. 44443
Pearson Goodness-of-Fit Chi Square = 352. 383 DF = 385 P = .882

Since Goodness-of-Fit Chi square is NOT significant, no heterogeneity
factor is used in the calculation of confidence limts.

SPSS PROBIT procedure supports the inclusion of categorical variables as explanatory variables. However, it only
accepts numerically coded categorical variables. If your categorical variableis string, you need to reassign string values
to numerical valuesin anew variable before running PROBIT.

Example 18: SPSS Probit Regression in PROBIT procedure (categorical regressors)
Using the datain Example 7, you can use:
aut orecode variables = drug / into drug2.
probit r of n by drug2(1 5) wth x
/ nodel probit

/print none
/criteria iterate(20) steplimt(.1).

where AUTORECORD reassigns the string values A, B, C, D, and E of the variable DRUG to the consecutive integers
1,2,3,4, and 5 in the new variable DRUG2.

The resulting SPSS output will be:

* % % % % % % % * % % % PROBIT ANALYSIS************
DATA I nfornation

18 unwei ght ed cases accept ed.
0 cases rejected because of out-of-range group val ues.
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0 cases rejected because of m ssing data.
O cases are in the control group.

G oup Information

DRUG2 Level N of Cases Label
1 3 A
2 4 B
3 4 C
4 3 D
5 4 E

MODEL | nf ormati on
ONLY Normal Signoid is requested.

Paraneter estinates converged after 18 iterations.
Opti mal sol ution found.

Paranmeter Estimates (PROBIT nodel: (PROBIT(p)) = Intercept + BX):
Regressi on Coeff. Standard Error Coeff./S. E

X 1.15886 . 43833 2. 64378

Intercept Standard Error Intercept/S. E. DRUR

-1.51849 . 32692 -4.64487 A
-1.03837 . 26286 -3.95027 B
- 2. 04067 . 37455 -5.44829 C
-. 31766 . 33551 -.94678 D
. 19031 . 24926 . 76350 E
Pearson (Goodness-of-Fit Chi Square = 4. 383 DF = 12 P= .975

Si nce Goodness-of-Fit Chi square is NOT significant, no heterogeneity
factor is used in the calculation of confidence limts.

Models for Multiple Outcomes

Introduction

Analysis for multiple outcomes or choices models the relationship between a multiple response variable and one or
more explanatory variables. There are two broad types of outcome sets, ordered(or ordinal) and unordered. The choice
of travel mode (by car, bus, or train) is unordered. Bond ratings, taste tests (from strong dislike to excellent taste),
levels of insurance coverage (none, part, or full) are ordered by design. Two different types of approaches are
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employed for the two types of models.

Models for Ordered Multiple Choices

The ordered multiple choice model assumes the relationship:
glProb(Y</= oy + px for j=1,. .k

where the response of the variable Y is measured in one of k+1 different categories, 5 are k intercept parameters, and

b is the slope parameter vector not including the intercept term. By construction, 1 = Gz = - = Gy = & holds.
This model fits a common slopes cumulative model, which is a parallel lines regression model based on the cumulative
probabilities of the response categories. Ordered logit and ordered probit models are most commonly used.

Ordered Logit Regression

Ordered logit model has the form:
logit(p,) = log == g, + p'=
1-py
+
lagitip, + py) = lngl—?ﬁ—; oyt P

ettty
“P1-Pa- By

lﬂgit':P1+Pz+"'+Pk:'51'3%1 =yt pE

and pytpyt ot ppg =1

This model is known as the proportional-odds model because the odds ratio of the event <. isindependent of the
category j. The odds ratio is assumed to be constant for all categories.

Ordered Logit Regression with SAS

LOGISTIC Procedure

SAS PROC LOGISTIC isaprocedure you can use for an ordered multiple outcome model as well asfor abinary
model. All previous discussions about the binary logistic regression estimation in PROC LOGISTIC are also valid for
ordered logit model. To fit an ordered logit model, you can use:

proc | ogistic;
nodel y=x1 x2;
run;

whereY isthe ordinally scaled multiple response variable, and X1 and X2 are two regressors of interest.
Example 19: SAS Ordered Logit Regression in PROC LOGISTIC

The following data are from McCullagh and Nelder (McCullagh and Nelder, 1989, Generalized Linear Models,
London, Chapman Hall, p. 175) and used in a SAS manual (SAS, 1996, SAS/STAT Software Changes and
Enhancements through Release 6.11, pp. 435-438). Consider a study of the effects on taste of various cheese additives.
Researchers tested four cheese additives and obtained 52 response ratings for each additive. Each response was
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measured on a scale of nine values ranging from strong dislike (1) to excellent taste (9). The data set CHEESE has five
variables Y, X1, X2, X3, and F. Thevariable Y contains the response rating and the variables X1, X2, and X3 are
dummy variables, representing the first, second, and third additive, respectively; for the fourth additive, X 1=X2=X3=0.
F gives the frequency of occurrence of the observation. The following DATA step creates the data set CHEESE:

dat a cheese;
i nput x1 x2 x3 vy f;
cards;

el o

cNoNoloNoloNololololololololololololololoNolNoNoelNoNoRNol ol ol ol ol ol ol B el e
OO OO0 O0OO0CO0OO0OO0OO0OO0OO0OO0OO0CO0OO0CORFPFPPFPFRPPPPPOOOOOOOOO
OO O OO0 OCOORFRRFPFRPFPPFPPRPPPPOOOOOOOODOO0OO0OO0O0O0O0O0O0O00O0O0OO0o
OCONOUPAP,WNPFPOONOOUOITRARWNPOONOOOUOPRPRWNPOONOOPRAWNE

~NWPFRPOOOORPRUINWOORPRPFPOORPRONPEPNOORFRPROOOWOLOONRF, OO

Because the response variable Y is ordinally scaled, you can estimate an ordered logit model. Y ou can use:

proc | ogistic data=cheese;
freq f;

nodel y=x1-Xx3;

run;
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Y ou will have the following SAS output:

Sampl e Program O dered Logit Regression
The LOAd STI C Procedure

Dat a Set: WORK. CHEESE
Response Variable: Y
Response Levels: 9

Nunber of Observations: 28
Frequency Variable: F

Li nk Function: Logit

Response Profile

Ordered
Val ue Y Count
1 1 7
2 2 10
3 3 19
4 4 27
5 5 41
6 6 28
7 7 39
8 8 25
9 9 12

NOTE: 8 observation(s) having zero frequencies or weights were excluded since
they do not contribute to the analysis.

Score Test for the Proportional Odds Assunption

Chi - Square = 17.2868 with 21 DF (p=0.6936)

Model Fitting Information and Testing d obal Null Hypothesis BETA=0

| nt er cept
| nt er cept and
Criterion Only Covari at es Chi - Square for Covari ates
Al C 875. 802 733. 348
SC 902. 502 770. 061 .
-2 LOG L 859. 802 711. 348 148. 454 with 3 DF (p=0.0001)
Score : : 111. 267 with 3 DF (p=0.0001)
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Anal ysi s of Maxi mum Li kel i hood Esti mates

Par anet er St andard val d Pr > St andar di zed Qdds
Vari able DF Estinmate Error Chi-Square Chi-Square Estimate Rati o
| NTERCP1 1 -7.0802 0.5624  158. 4865 0. 0001
| NTERCP2 1 -6.0250 0.4755 160. 5507 0. 0001
| NTERCP3 1 -4.9254  0.4272 132. 9477 0. 0001
| NTERCP4 1 -3.8568 0.3902 97. 7086 0. 0001
| NTERCPS 1 -2.5206 0.3431 53.9713 0. 0001
| NTERCP6 1 -1.5685 0.3086 25. 8379 0. 0001
| NTERCP7 1 -0.0669 0.2658 0. 0633 0.8013
| NTERCP8 1 1.4930 0.3310 20. 3443 0. 0001 . :
X1 1 1.6128 0.3778 18. 2258 0. 0001 0. 385954 5. 017
X2 1 4.9646 0.4741 109. 6453 0. 0001 1.188080 143. 257
X3 1 3.3227 0.4251 61. 0936 0. 0001 0.795146  27.735

The LOGd STI C Procedure

Associ ation of Predicted Probabilities and Observed Responses

Concordant = 67.6% Soners' D = 0.578
Di scordant = 9.8% Ganmma = 0.746
Ti ed = 22.6% Tau- a = 0. 500
(18635 pairs) o = 0.789

Thisresult shows eight fitted regression lines as follows:

logit(p )= -7.05802 + 1 6128%31 + 4 964 6*32 + 3 3227%33
logitlp, + p,) = -6.0250 + 1 6128*X1 + 4 9646%H2 + 3 3227*H3

logitlp, + py+ - - -+ pg) = 1.4930 + 1LA128¥X 1 + 4 9646%K2 + 3.3227%XK3

where p; is the probability of being strongly disliked, i.e, the probability of Y =1, and so on. Positive coefficients of X1,

X2 and X3 indicate that adding those additives is associated with increased probability of the cheese being disliked.
The estimated odds are reported 5.017, 143.257 and 27.735 for X1, X2 and X 3 respectively. Each odd is constant for
all categories.

Example 20: Predicted Probability Computation

Y ou can compute the predicted probability at a certain level of independent variables. For example, you can use the
following formulato compute the predicted probabilities at X1=1, X2=0 and X3=0 for the model in Example 19:

_ exp(-7.0802+1.6128)
P1= Tremp (7 0802+1.6128)  L-000420

_ exp(-6.0250+1.6128) _ _
P+ = T80 250+ 1 6128y = 001 198 and thus p;=0.01138-0.000420=0.00773

and so on. However, this computation can be easily obtained for each combination of additives by using:

proc | ogistic data=cheese;
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freq f;

nodel y=x1-x3;

out put out =prob predict ed=phat;
run;

proc print data=prob,;

run;

Y ou will have the following additional output:

Sanpl e Program Ordered Logit Regression

OBS X1 X2 X3 Y F _LEVEL_ PHAT
1 1 0 0 1 0 1 0. 00420
2 1 0 0 1 0 2 0.01198
3 1 0 0 1 0 3 0. 03514
4 1 0 0 1 0 4 0. 09587
5 1 0 0 1 0 5 0. 28746
6 1 0 0 1 0 6 0. 51106
7 1 0 0 1 0 7 0. 82432
8 1 0 0 1 0 8 0.95713
281 0 0 0 9 11 1 0. 00084
282 0 0 0 9 11 2 0. 00241
283 0 0 0 9 11 3 0.00721
284 0 0 0 9 11 4 0. 02070
285 0 0 0 9 11 5 0.07443
286 0 0 0 9 11 6 0.17242
287 0 0 0 9 11 7 0. 48329
288 0 0 0 9 11 8 0. 81652

In this output you have 8 observations for each additive-response combination. The observation with LEVEL =1
shows the predicted probability of Y=1, the observation with LEVEL_=2 shows the predicted probability of Y=1or 2,
and so on.

PROBIT Procedure

To use the SAS PROC PROBIT to fit an ordered logit model, use the syntax:

proc probit;

cl ass v;

nodel y = x1 x2 / d=logistic;
run;

whereY isthe ordinally scaled multiple response variable, and X1 and X2 are two regressors of interest.
Example 21: SAS Ordered Logit Regression in PROC PROBIT

In this example, you are using the same data set as in Example 19. However, SAS PROC PROBIT does not accept a
data set in afrequency format. Y ou need to have the same data set in an individual dataformat; i.e., you need to have:

X1 X2 X3 Y
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1 0 0 3
1 0 0 4
1 0 0 4

'_\
o
o

4 (7 rows of the sane data)
5
1 0 0 5

'_\
o
o

1 0 0 5 (8 rows of the sane data)

With this new data set, CHEESEZ, you can use:

proc probit data=cheese2;

cl ass v;
nodel y = x1-x3 / d=logistic;
run;

The resulting SAS output will be:

Sanmpl e Program O dered Logit Regression

Probit Procedure
Cl ass Level Information

Cl ass Level s Val ues
Y 9 123456789

Number of observations used = 208

Probit Procedure

Dat a Set =WORK. CHEESE2
Dependent Vari abl e=Y

Wei ght ed Frequency Counts for the Ordered Response Categories

Level Count

-
10
19
27
41
28
39
25

O~NOOITh~WNPF
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Log Li kelihood for LOG STIC -355. 6739524

Probit Procedure

Vari able DF Estimate Std Err Chi Square Pr>Chi Label /Val ue

| NTERCPT 1 -7.0801649 0.56401 157.5844 0.0001 Intercept

X1 1 1.6127909 0.380544 17.96169 0.0001

X2 1 4.96463991 0.476721 108.4546 0.0001

X3 1 3.32268278 0.42183 62.04439 0.0001

| NTER. 2 1 1.0551848 0.324654 2
| NTER. 3 1 2.15474934 0. 387165 3
| NTER. 4 1 3.22336352 0.420573 4
I NTER. 5 1 4.55961327 0.454216 5
| NTER. 6 1 5.5116267 0.479248 6
| NTER. 7 1 7.01328969 0.520899 7
| NTER. 8 1 8.57313924 0.587685 8

Notice that intercept parameter estimates are computed as.

oy = - L0802, o= -T0802+1 0552, = -7 0802+2. 15477, = -7.0802+3.2234,
o= -7 0E02+4. 5596, = -T0802+5. 5116, .= -T0802+7.0133, o= -7.0802+E8. 5731

Ordered Probit Regression

The ordered probit model has the form:
P = oy *
Tlp,+ py =0y + B

q:;l(p1+p2+...+pkj=uh+ Brx
arnd p1+ p2+ ...+ph+1:]

or equivaently,
M= Cb{':fq + BFK:'
py= Foy + pE) - Ploy + R

= oy + ') - Plog, + pE)
P = L - Bl + prx)

where &1

isthe inverse of the cumulative standard normal distribution function, often referred to as probit or normit, and ¥
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denotes the cumulative standard normal distribution function.

Ordered Probit Regression with SAS
LOGISTIC Procedure

To fit an ordered probit model in PROC LOGISTIC, use the LINK=NORMIT (or PROBIT) option as:

proc | ogistic;
nodel y=x1 x2 / link=normt;
run;

Example 22: SAS Ordered Probit Regression in PROC LOGISTIC
Using the data set CHEESE in Example 19, if you use:

proc | ogistic data=cheese;
freq f;

nodel y=x1-x3 / link=normt;
run;

you will have:

Sanpl e Program Ordered Probit Regression
The LOd STIC Procedure

Data Set: WORK. CHEESE
Response Variable: Y
Response Levels: 9

Nunber of Qbservations: 28
Frequency Variable: F

Li nk Function: Normt

Response Profile

Or dered
Val ue Y Count
1 1 7
2 2 10
3 3 19
4 4 27
5 5 41
6 6 28
7 7 39
8 8 25
9 9 12

NOTE: 8 observation(s) having zero frequencies or wei ghts were excluded since
they do not contribute to the anal ysis.
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Score Test for the Equal Slopes Assunption

Chi - Square = 15.0251 with 21 DF (p=0.8217)

Model Fitting Information and Testing G obal Null Hypothesis BETA=0

| nt er cept
| nt er cept and

Criterion Only Covari at es Chi - Square for Covari ates

Al C 875. 802 729. 391

SC 902. 502 766. 104 .

-2 LOG L 859. 802 707. 391 152. 411 with 3 DF (p=0.0001)

Score : : 108.491 with 3 DF (p=0.0001)

Anal ysi s of Maxi mum Li kel i hood Esti nmates
Par anet er St andar d wal d Pr > St andar di zed

Vari abl e DF Esti mat e Error Chi - Squar e Chi - Squar e Esti mat e
| NTERCP1 1 -4.0762 0. 2867 202. 1202 0. 0001
| NTERCP2 1 - 3. 5087 0. 2496 197. 6200 0. 0001
| NTERCP3 1 -2.8628 0. 2248 162. 2226 0. 0001
| NTERCP4 1 -2.2356 0. 2067 117. 0124 0. 0001
| NTERCPS 1 -1.4641 0. 1858 62. 0947 0. 0001
| NTERCP6 1 -0. 9155 0.1730 28. 0144 0. 0001
| NTERCP7 1 -0. 0276 0. 1607 0. 0296 0. 8634
| NTERCP8 1 0.8779 0. 1841 22.7341 0. 0001 :
X1 1 0. 9643 0. 2119 20. 7122 0. 0001 0. 418540
X2 1 2.8618 0. 2508 130. 2471 0. 0001 1.242206
X3 1 1.9408 0. 2296 71. 4236 0. 0001 0. 842421

The LOGd STI C Procedure

Associ ation of Predicted Probabilities and Cbserved Responses

Concordant = 58. 4% Soners' D = 0.512
D scordant = 7.2% Gamma = 0.781
Ti ed = 34.4% Tau- a = 0. 443
(18635 pairs) c = 0. 756

This result shows eight fitted regression lines as:
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Flp)=-4.0762 + 0 9643%1 + 285618%H2 + 1.9408%X3
FTlip, +p) =-3.5087+ 0.9643%H1 + 2361 8% 2 + 1.0408*33

Flp +p,+ - +p) = 08773+ 0.9643%K1 + 2861 8%X2 + 1 940833

PROBIT Procedure

Y ou can use the SAS PROC PROBIT to fit an ordered probit model:

proc probit;

cl ass v;

nodel y = x1 x2;
run;

Example 23: SAS Ordered Probit Regression in PROC PROBIT
Using the data set CHEESE2 in Example 21, you can use:

proc probit data=cheese?;

cl ass v;
nodel y = x1-x3;
run;

Your SAS output will be:

Sanpl e Program Ordered Probit Regression

Probit Procedure
Cl ass Level Information

Cl ass Level s Val ues
Y 9 123456789

Number of observations used = 208

Probit Procedure

Dat a Set =WORK. CHEESE2
Dependent Vari abl e=Y

Wei ght ed Frequency Counts for the Ordered Response Categories

Level Count

5
10
19
27
41

g wWNPF-

http://pytheas.ucs.indiana.edu/~statmath/stat/all/cat/printable.html (36 of 54) [2/24/2000 3:34:00 PM]



Categorial Analysis - Part 1

O 00 ~NO®

Log Li kel ihood for NORMAL - 353.6953428

28
39
25
12

Probit Procedure

Vari able DF Estimate Std Err Chi Square

| NTERCPT 1 -4.0761911 0. 2868
X1 1 0.9642503 0.211624
X2 1 2.86184814 0.24956
X3 1 1.94080682 0.230248
| NTER. 2 1 0.56749271 0. 166663
| NTER. 3 1 1.21337982 0.200722
| NTER. 4 1 1.84054882 0.216171
I NTER. 5 1 2.61204661 0.229904
| NTER. 6 1 3.16070252 0. 241469
| NTER. 7 1 4.04855742 0. 263792
| NTER. 8 1 4.95412966 0.298786

This result shows eight fitted regression lines as:
Flp ) =-4.0762 + 0.9643*1 + 28615%H2 + 1.9408%33

Flp, +p)=-4.0762+ 05675 + 0.9643%31 + 2. 861 8%22 + 1.3408*K3

202

20. 761
131. 5057
71. 05121

Pr>Chi Label / Val ue

0. 0001 I ntercept
0. 0001
0. 0001
0. 0001

Flp +p,+ - tp)=-40762+ 4 9541 + 0.9643%H1 + 2 8618*%H2 + 1 B408*XK3

which are the same results as we obtained in Example 22.
Example 24: Predicted Probability Computation

Predicted probability computation can be easily obtained using:

proc probit data=cheese2;
cl ass v;

nodel y = x1-x3;

out put out =prob2 prob=phat;
run;

proc print data=prob2;

run;

Asaresult, you will have:

Sanmpl e Program Ordered Probit Regression

OBS X1 X2 X3 Y

1 1 0 0 3

_LEVEL_

1

PHAT

0. 00093
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2 1 0 0 3 2 0. 00547
3 1 0 0 3 3 0. 02881
4 1 0 0 3 4 0.10179
5 1 0 0 3 5 0. 30857
6 1 0 0 3 6 0. 51945
7 1 0 0 3 7 0. 82552
8 1 0 0 3 8 0.96728
1657 0 0 0 9 1 0. 00002
1658 0 0 0 9 2 0. 00023
1659 0 0 0 9 3 0. 00210
1660 0 0 0 9 4 0. 01269
1661 0 0 0 9 5 0.07158
1662 0 0 0 9 6 0.17997
1663 0 0 0 9 7 0. 48898
1664 0 0 0 9 8 0. 81001

Models for Unordered Multiple Choices

The unordered multiple choice model assumes the relationship:
giProb(Y=7= pf= for j=1,.. k+1

where the response of the variable Y is measured in one of k+1 different categories, and Fr isthe parameter vector for
each j. Thismodel is made operational by a particular choice of the distributional form of g. Although two models,
logit and probit could be considered as before, the probit model is practically hard to employ. Two different logit
models are commonly used; one is multinomial logit or generalized logit model and the other is conditional logit
(McFadden, 1974, "Conditional Logit Analysis of Qualitative Choice Behavior," Frontiersin Econometrics, Zarembka
ed., New York, Academic Press, pp. 105-142) or discrete choice model (thisis also often referred as multinomial logit
model, resulting in a conflict in terminology). The major difference between the two modelsisfound in the
characteristics of the vector x. The multinomial logit model istypically (but not necessarily) used for the datain which
X variables are the characteristics of individuals, not the characteristics of the choices. The conditional logit model is
typically (but not necessarily) employed in the case where x variables are the characteristics of the choices, often called
attributes of the choices.

Multinomial Logit Regression

The multinomial logit model has the form:

EEpLf/x)

= for j=1,0 k]
Ve em(m) T

Px+1 can be set to O (zero vector) as anormalization and thus:

_ 1
Pra1 = 2 EEp {BJ'HK)

Asaresult, thej logit has the form:

lngiﬂy}: for j=1,.. .k
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Multinomial Logit Regression with SAS
CATMOD Procedure

The SAS CATMOD procedure is capable of dealing with various types of the multinomial logit model. The basic
syntax to fit amultinomial logit model is:

proc cat nod;

di rect x1;
response logits;
nodel y=x1 x2;
run;

where X1 is a continuous quantitative variable and X2 is a categorical variable. Y ou must specify your continuous
regressorsin the DIRECT statement.

The RESPONSE statement specifies the functions of response probabilities used to model the response functions as a
linear combination of the parameters. Depending on your model, you can specify other types of responses beside the
LOGITS. For example, among all others,

P tp,
TPpp

CLOGITS {cumulative logits): log lp; , log I
1

ALOGITS (adjacent logits): lngE:*, lngEz, o llzlgijlL
3] Pa Pr1
The default is LOGITS (generalized logits) and it models:

i‘i—lzgﬁa for =1,k

Example 25: SAS Multinomial Logit Regression in PROC CATMOD

log

In this example, you are using a modified version of the data set CHEESE in Example 19. Zero frequency for some
observations causes a sparseness of the data and thus you may have problems in fitting the multinomial logit model. In
order to avoid the zero frequency, the following is being tried:

x
|
X
N
&
<
-

OO0 ORRRRRRLRRRRE
PRPRRPPRPOOO0OOOOOOO
eoNeoNoNololololololoNoNelNo)
PAWNRPFPOO~NOOPMWNE
'_\
PNOOROOW®MOU R R,

el o
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)
ORRPRPRPRPRRPRPANWOODRRERRERAN

eNeoNolNoNeoloNoloNolololololololololoNololNoeNeNe)
eNeololololololololololololelNoNolNololl i il ol o
OO OO0 OO OrFRPFPFRPFPFPPFPFRPPPOOOOO
OCONOUPWNPOONOUITRARWNREPOOWLONO O

PR
R oA

Y ou are supposed to rearrange this data in the way you have used in Example 21. Furthermore, you are collapsing the
nine response categories into three for asimpler illustration. That is, you will create a new response variable YLESS
such that

if y=1 or y=2 or y=3 then yless=1;
else if y=4 or y=5 or y=6 then yl ess=2;
el se yl ess=3;

With this new data set CHEESES3, if you use:
proc catnod dat a=cheese3;
di rect x1-x4;
response | ogits;

nodel yless=x1-x4 / noiter freq;
run;

the resulting output will be:

Sanpl e Program Miltinom al Logit Regression

CATMOD PROCEDURE

Response: YLESS Response Levels (R) = 3
Wei ght Vari abl e: None Popul ati ons (S = 4
Dat a Set: CHEESES Total Frequency (N)= 208
Frequency Mssing: O C(bservations (Qbs)= 208

http://pytheas.ucs.indiana.edu/~statmath/stat/all/cat/printable.html (40 of 54) [2/24/2000 3:34:00 PM]



Categorial Analysis - Part 1

POPULATI ON PROFI LES

Sanpl e

Sanple X1 X2 X3 X4 Si ze
1 0 0 0 1 52

2 0 0 1 0 52

3 0 1 0 0 52

4 1 0 0 0 52

RESPONSE PROCFI LES

Response YLESS
1 1
2 2
3 3

RESPONSE FREQUENCI ES

Response Nunber

Sanpl e 1 2 3
1 3 8 41
2 8 38 6
3 27 22 3
4 3 21 28

MAXI MUM LI KELI HOOD ANALYSI S- OF- VARI ANCE TABLE

Sour ce DF  Chi-Square Pr ob
| NTERCEPT 2 33. 46 0. 0000
X1 2 7.79 0. 0203
X2 2 36. 33 0. 0000
X3 2 37.07 0. 0000
X4 o*

LI KELI HOOD RATI O 0

NOTE: Effects marked with '*' contain one or nore

redundant or restricted paraneters.

ANALYSI S OF MAXI MUM LI KELI HOOD ESTI MATES

St andar d Chi -
Ef f ect Paraneter Estimate Error Squar e
| NTERCEPT 1 -2.6150 0. 5981 19.12
2 -1.6341 0. 3865 17. 88
X1 3 0. 3814 0. 8525 0. 20
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4 1. 3464 0. 4824 7.79 0.0053
X2 5 4.8122 0. 8532 31.81 0.0000
6 3. 6266 0. 7267 24.90 0.0000
X3 7 2.9026 0. 8058 12.97 0.0003
8 3. 4800 0. 5851 35.37 0.0000
X4 9
10

The estimation result shows two regression lines:

luggl =-26150 + 0.3814%31 + 4 5122%K2 + 2 902633
3

1|:|g§2 =-1.6341 + 1. 3464*F] + 3 6206%32 + 3 4500%H3

3

Thus, the estimated logit at each combination of X’sis

ar 3 1=1, 3 2=0, X 3=0 and X4=0, lngp—l =-2.6150+ 0.3514 = -2.2334

P
lngff =-1.6341+ 13484 =-0.2877
3
at 3 1=0, 3 2=1, 33=0 and X4=0, lngrp?l =-26150+48122=2.1972
3
lngff =-1.6341+ 362660 =1.9925
3
at 2 1=0, X 2=0, A 3=1 and 4=0, lng§—1 = 26150+ 29026 =0.2876
3
lngff =-1.6341+ 34800 =1.3459
3
at X 1=0, 3 2=0, 3 3=0 and 34=1, lngfp?l = -2.6150
3
Py _
log == = -1.A341
Pz

If you need to know the predicted probabilities you can compute them by applying the formula. For example, at X1=1,
X2=0 and X3=0,

B expl-2.2336)
P17 Tt exp (-2 2336 1 exp (-0. 2577

= 005749

_ expl-0.2877)
P2™ Tremp(2 2336 exp (-0.2877)

= 0.40354

This computation can be easily obtained by including the PROB statement in the MODEL command as:

proc catnod dat a=cheese3;
di rect x1-x4,
response |logits;
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nodel yless=x1-x4 / noiter freq prob;
run;

In addition to the output above, you will get the following:

RESPONSE PROBABI LI Tl ES

Response Nunber
Sanpl e 1 2 3
1 0.05769 0.15385 0.78846
2 0.15385 0.73077 0.11538
3 0.51923 0.42308 0.05769
4 0.05769 0.40385 0.53846

Example 26: SAS Multinomial Logit Regression in PROC CATMOD (categorical regressors)

In Example 25, X1, X2, X3, and X4 are dummy variables to denote each type of additive. The same result can be
obtained by employing a categorical variable to represent types of additives. To do this, you can create a new variable
X such that

i f x1=1 then x=1;

else if x2=1 then x=2;
else if x3=1 then x=3;
el se x=4;

Now if you use:

proc catnod dat a=cheese3;

response | ogits;

nodel yless = x / noiter freq prob;
run;

the resulting SAS output will be:

Sampl e Program Miltinom al Logit Regression
CATMOD PROCEDURE

Response: YLESS Response Levels (R) = 3
Wi ght Vari abl e: None Popul at i ons (S = 4

Data Set: CHEESE3 Total Frequency (N)= 208
Frequency Mssing: O bservations (Ohs)= 208

POPULATI ON PROFI LES
Sanpl e

Sanple X Si ze
1 52
52
52
52

A WNPF

2
3
4
RESPONSE PROFI LES
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Response YLESS
1 1
2 2
3 3

RESPONSE FREQUENCI ES

Response Nunber

Sanpl e 1 2 3

1 3 21 28

2 27 22 3

3 8 38 6

4 3 8 41
RESPONSE PROBABI LI Tl ES
Response Nunber

Sanpl e 1 2 3

1 0.05769 0.40385 0.53846

2 0.51923 0.42308 0.05769

3 0.15385 0.73077 0.11538

4 0.05769 0.15385 0.78846

MAXI MUM LI KELI HOOD ANALYSI S- OF- VARI ANCE TABLE

Sour ce DF Chi - Squar e Prob
| NTERCEPT 2 18. 26 0. 0001
X 6 78.70 0. 0000
LI KELI HOOD RATI O 0

ANALYSI S OF MAXI MUM LI KELI HOOD ESTI MATES

St andard Chi -
Ef f ect Paranmeter Estimate Error Squar e
| NTERCEPT 1 - 0. 5909 0. 2946 4.02
2 0.4791 0. 2242 4.57
X 3 -1.6427 0. 5209 9.95
4 -0.7668 0. 3032 6. 39
5 2.7881 0. 5215 28. 59
6 1.5133 0. 4895 9.56
7 0. 8786 0. 4823 3.32
8 1. 3667 0. 3831 12.73

The result shows each estimated logit can be calculated as:
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at X=1, lngf;l = -0.5909 -1 6427 = -2.2336 and llzlg]%2 =0.4791 - 07468 = -0.2877
3 3

at X=4, luggl =-0.5909 + 27881 =2.1972 and lngga =04731+1.5133=175524
3 3

at X=3, lngI%l = -0.5909 + 0.8786 =0.2877 and lng%’“ =04731 + 13667 = 158438
3 3

at =4, lugf;l =-0.5909 - {-1.6427+ 27581 + D.8786) = -2.6149
3

and 1ng§3 =0.4791 - (0. 7668 + 1.5133 + 1.366T) = -1.6341
3

Thisis exactly the same logit computation as in the previous example.

Multinomial Logit Regression with SPSS
GENLOG Procedure

The SPSS GENL OG procedure conducts the general loglinear analysis and the logit model can be treated as a special
class of loglinear models. However, SPSSis only capable of dealing with a multinomial logit model with categorical
independent variables. The basic syntax to fit amultinomial logit model is:

genlog y by x1 x2
/ model =nul ti nom al
/design y y*x1 y*x2 y*x1*x2.

whereY isresponse variable and X1 and X2 are categorical regressors.
Example 27: SPSS Multinomial Logit Regressionin GENLOG

Y ou are using the same datain Example 25. Y ou can use:

genl og yl ess by x

/ model =mul ti nom a

/print freq estim

/ pl ot none

/criteria=cin(95) iteration(20) converge(.001) delta(0)
/ desi gn yl ess yl ess*x.

The resulting SPSS output will be:

Data | nformati on

208 cases are accepted.
O cases are rejected because of m ssing data.
208 wei ghted cases will be used in the anal ysis.
12 cells are defi ned.
O structural zeros are inposed by design.
0 sanpling zeros are encountered.
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Vari able I nformati on

Fact or Level s Val ue

YLESS 3

. 00
00
00

N

00
00
00
00

PoONE

Model and Design |Information

Model : Multinom al Logit
Desi gn: Constant + YLESS + YLESS*X

Note: There is a separate constant term for each conbination of |evels
of the independent factors.

Correspondence Between Paraneters and Terns of the Design

Par anet er Aliased Term

1 Constant for [X = 1.00]

2 Constant for [X = 2.00]

3 Constant for [X = 3.00]

4 Constant for [X = 4.00]

5 [ YLESS = 1.00]

6 [ YLESS = 2.00]

7 X [ YLESS = 3. 00]

8 [ YLESS = 1.00]*[ X = 1. 00]
9 [ YLESS = 1.00]*[ X = 2. 00]
10 [ YLESS = 1.00]*[ X = 3. 00]
11 X [ YLESS = 1.00] *[ X = 4. 00]
12 [ YLESS = 2.00]*[ X = 1. 00]
13 [ YLESS = 2.00]*[ X = 2. 00]
14 [ YLESS = 2.00]*[ X = 3. 00]
15 X [ YLESS = 2.00] *[ X = 4. 00]
16 X [ YLESS = 3.00]*[ X = 1. 00]
17 X [ YLESS = 3.00]*[ X = 2. 00]
18 X [ YLESS = 3.00]*[ X = 3. 00]
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19 X [ YLESS = 3.00]*[ X = 4.00]

Note: 'x' indicates an aliased (or a redundant) paraneter.
These paranmeters are set to zero.

Convergence | nformation

Maxi mum nunber of iterations: 20
Rel ati ve di fference tol erance: . 001
Final relative difference: 2.92779E- 14

Maxi mum | i kel i hood estimati on converged at iteration 1.

Tabl e I nformati on

bser ved Expect ed

Fact or Val ue Count % Count %
X 1.00

YLESS 1.00 3.00 ( 5.77) 3.00 ( 5.77)
YLESS 2.00 21. 00 ( 40. 38) 21. 00 ( 40. 38)
YLESS 3.00 28. 00 ( 53.85) 28. 00 ( 53.85)
X 2.00

YLESS 1.00 27.00 ( 51.92) 27.00 ( 51.92)
YLESS 2.00 22.00 ( 42.31) 22.00 ( 42.31)
YLESS 3.00 3.00 ( 5.77) 3.00 ( 5.77)
X 3.00

YLESS 1.00 8.00 ( 15.38) 8.00 ( 15.38)
YLESS 2.00 38.00 ( 73.08) 38.00 ( 73.08)
YLESS 3.00 6.00 ( 11.54) 6.00 ( 11.54)
X 4.00

YLESS 1.00 3.00 ( 5.77) 3.00 ( 5.77)
YLESS 2.00 8.00 ( 15.38) 8.00 ( 15.38)
YLESS 3.00 41.00 ( 78.85) 41.00 ( 78.85)
Goodness-of -fit Statistics

Chi - Squar e DF Si g.
Li kel i hood Rati o . 0000 0
Pear son . 0000 0
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Anal ysi s of Dispersion

Source of Dispersion

Due t o Model 55. 4019
Due to Resi dual 163. 2376
Tot al 218. 6395

Measur es of Associ ati on

. 2534
. 2658

Ent r opy
Concentrati on

Par anet er Esti mat es

Const ant Esti nat e
1 3. 3322
2 1. 0986
3 1.7918
4 3.7136

Not e: Constants are not paraneters under

Par anet er Esti mat e SE
5 -2.6150 . 5981
6 -1.6341 . 3865
7 . 0000 .

8 . 3814 . 8525
9 4,.8122 . 8533
10 2.9026 . 8058
11 . 0000 .

12 1. 3464 . 4824
13 3.6266 . 7268
14 3. 4800 . 5851
15 . 0000

16 . 0000

17 . 0000

18 . 0000

19 . 0000

SPSS output shows the following model structure:

Z-va

- 4.
- 4.

Entropy Concentration

35. 2404
97. 3462
132. 5865

mul ti nom al
Therefore, standard errors are not cal cul at ed.

ue

37
23

. 45

aAN

. 64
. 60

.79
. 99
. 95

12
402
414

assunpt i on.

Asynptotic 95% Cl
Lower

- 3.
- 2.

-1.
3.
1.

79
39

29
14
32

. 40

2.
2

20

.33

Upper

- 1.

44

-.88

Assuming Y LESS=3 isthe reference category, the estimated logit of YLESS=1 at X=1is
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my) _ JYLESS=1 4 o VLESS=lmd =1

log )

where my, isthe predicted count for YLESS=1 at X=1 and mg, is the predicted count for YLESS=3 at X=1. Similarly,
the estimated logit of YLESS=2 at X=1is

My _ JTLESS=2 4 5 VLE55=2wd ¥=1

log iy,

where m,4 is the predicted count for YLESS=2 at X=1. Other possible logit computations at X=2,3 and 4 can be
derived in the same manner.

The output provides the following estimation results:

il

log —I1=-26150 +0.3814 = -2.2336

log =2 =_1 6341 + 1.3464 = -0 2877
My

log —2=-26150+4.8122=2.1972

log =& = .1 6341 + 3 6266 = 1.9925
My

log —E=-2.6150 + 2.9026 = 0.2876

log =& =1 341 + 3 4800 = 13459
My

log =% =2 6150 + 0.0000 = -2.6150

log =2 = .1 6341 + 0.0000 = -1.6341
)

Conditional Logit Regression

The conditional logit model has the form:
__eEpp)

W™ 5 explpx)

In this model, subjects are presented with choice alternatives and asked to choose the most preferred alternative. The

set of alternativesistypically the same for all subjects and the explanatory variables are all choice specific. Unlikein
the multinomial logit model, the parameters are not specific to the choice.

for j=1, . k+1

Conditional Logit Regression with SAS
PHREG Procedure

The SAS PHREG procedure performs regression analysis of survival data based on the Cox proportional hazards
model. Its likelihood function is similar to that of the conditional logit model.
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To fit aconditional logit model with PROC PHREG, you need to rearrange the data set in aform that is consistent with
survival analysis data. The most preferred choice is said to occur at time 1 and all other choices are said to occur at later
times or to be censored. Y ou also need to create a status variable to denote whether the observation was censored or
not, i.e., whether the alternative was chosen or not. The censoring indicator variable has the value of 0 if the alternative
was censored (not chosen) and 1 if not censored (chosen). The basic syntax is.

proc phreg;

strata strata_varnane;

nodel time_varnanme*status_varnane(0) = x1 x2;
run;

where strata_varname is the name of variable to specify the variable that determines the stratification, time_varnameis
the name of failure time variable (the smaller value means the alternative was chosen), status_varname is the name of
the censoring indicator variable, of which 0 is the value to indicate censoring, and X1 and X2 are explanatory variables.

Example 28: SAS Conditional Logit Regression in PROC PHREG

This exampleisfrom SAS (SAS, 1995, Logistic Regression Examples Using the SAS System, pp. 2-3). Chocolate candy
data are generated in which 10 subjects are presented with eight different chocolate candies. The subjects choose one
preferred candy from among the eight types. The eight candies consist of eight combinations of dark(1) or milk(0)
chocolate, soft(1) or hard(0) center, and nuts(1) or no nuts(0). The following data step creates the data set CHOCO:

dat a choco;
I nput subj ect choose dark soft nuts @@
t =2- choose;

cards;

10000 10001 10010 10011
11100 10101 10110 10111
20000 20001 20010 20011
20100 21101 20110 20111
30000 30001 30010 30011
30100 30101 31110 30111
40000 40001 40010 40011
41100 40101 40110 40111
50000 51001 50010 50011
50100 50101 50110 50111
6 0000 6 0001 6 0010 6 0011
6 0100 61101 6 0110 6 0111
70000 71001 70010 70011
70100 70101 70110 70111
80000O0 80001 80010 80011
80100 81101 80110 80111
90000 90001 90010 90011
90100 91101 90110 90111
100000 100001 100010 1000112
100100 101101 100110 100111

where SUBJECT is the subject number, CHOOSE is the status variable, and T is the time variable. Because this data
set isarranged in asurvival analysis form you can use the PROC PHREG. Y ou can use the syntax:

proc phreg data=choco;
strata subject;
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nodel t*choose(0)=dark soft nuts;
run;

Asaresult, you will have:
Sanpl e Program Conditional Logit Regression
The PHREG Procedure
Data Set: WORK. CHOCO
Dependent Variable: T
Censoring Variabl e: CHOCSE

Censoring Value(s): O
Ti es Handl i ng: BRESLOW

Summary of the Nunber of Event and Censored Val ues

Per cent

Stratum SUBJECT Tot al Event Censor ed Censored

1 1 8 1 7 87.50

2 2 8 1 7 87.50

3 3 8 1 7 87.50

4 4 8 1 7 87.50

5 5 8 1 7 87.50

6 6 8 1 7 87.50

7 7 8 1 7 87.50

8 8 8 1 7 87.50

9 9 8 1 7 87.50

10 10 8 1 7 87.50

Tot al 80 10 70 87.50

Testing d obal Null Hypothesis: BETA=0
W t hout Wth
Criterion Covari at es Covari at es Model Chi - Squar e

-2 LOG L 41. 589 28. 727 12.862 with 3 DF (p=0.0049)

Score : : 11. 600 with 3 DF (p=0.0089)

Wal d : : 8.928 with 3 DF (p=0.0303)

Anal ysi s of Maxi num Li kel i hood Esti nmates

Par anet er St andar d Wal d Pr > Ri sk
Vari abl e DF Esti mate Error Chi - Squar e Chi - Squar e Rati o
DARK 1 1. 386294 0. 79057 3.07490 0.0795 4. 000
SOFT 1 -2.197225 1. 05409 4. 34502 0. 0371 0.111
NUTS 1 0. 847298 0. 69007 1.50762 0. 2195 2.333

The result shows the estimation result as;
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__exp(1.386294*DARK; - 2.197225*SOF Ty + 0.84 7298 ¥ UTS)
B = % exp(1.336204* DARK, - 2.197225*S0F I, + 0.847208* N UTS,)

for j=1,..,8

The positive parameter estimates of DARK and NUTS mean that dark and nuts each increases the preference. The
negative parameter estimate of SOFT denotes soft center decreases the preference.

For each of eight types of candies, the predicted probabilities can be computed as follows:

Choice O&Flk SCFT WUTS Expl g ;) Fredicted Frobability

1 1] 0 0 1.000 0.0584
2 1] 0 1 2,333 0.126
3 1] 1 0 o111 0.006
4 1] 1 1 0.259 0.014
g 1 0 0 4,000 0.216
G 1 0 1 9,333 0.504
Fi 1 1 0 0.444 0.024
g 1 1 1 1.057 0.058E

sum 15,618 1.000

This shows that the most preferred type of candy is the dark chocolate with a hard center and nuts.

Conditional Logit Regression with SPSS
COXREG Procedure

With SPSS, you can use the COXREG procedure to fit a conditional logit model. The basic syntax is:

coxreg tinme_varnane with X1 X2
/ st at us=st at us_var nane( 1)
/ strata=strata_varnane.

where time_varname is the name of the failure time variable (the smaller value means the alternative was chosen),
status varname is the name of the censoring indicator variable, of which 1 isthe value to indicate the event has
occurred (not censored), strata_varname is the name of variable to specify the variable that determines the
stratification, and X1 and X2 are explanatory variables.

Example 29: SPSS Conditional Logit Regressionin COXREG procedure
Using the datain Example 28, if you use:

coxreg t with dark soft nuts
/ st at us=choose(1)
/ strat a=subj ect .

you will have the following SPSS output:

COX REGRESSI|I ON
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80 Total cases read
0 Cases with m ssing val ues
0O Valid cases with non-positive tines

0O Censored cases before the earliest event

O Total cases dropped
80 Cases available for the analysis

Dependent Variable: T

SUBJECT Events Censored
1.00 1 7 (87.5%
2.00 1 7 (87.5%
3.00 1 7 (87.5%
4. 00 1 7 (87.5%
5.00 1 7 (87.5%
6. 00 1 7 (87.5%
7.00 1 7 (87.5%
8. 00 1 7 (87.5%
9. 00 1 7 (87.5%
10. 00 1 7 (87.5%

Tot al 10 70 (87.5%

in a stratum

Begi nni ng Bl ock Nunber 0. Initial Log Likelihood Function

-2 Log Likelihood 41. 589
Begi nni ng Bl ock Number 1. Method: Enter
Vari abl e(s) Entered at Step Nunber 1..
DARK
NUTS
SOFT

Coefficients converged after 5 iterations.

-2 Log Likelihood 28. 727
Chi - Squar e df Sig
Overal |l (score) 11. 600 3 .0089
Change (-2LL) from
Previ ous Bl ock 12. 862 3 .0049
Previ ous Step 12. 862 3 .0049

-------------------- Variables in the Equation ---------------------

Vari abl e B S. E wald df Sig
DARK 1. 3863 . 7906 3.0749 1 . 0795
NUTS . 8473 . 6901 1. 5076 1 . 2195

R

. 1608
. 0000
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SOFT -2.1972 1. 0541 4. 3450 1 .0371 -.2375 21111

Covari ate Means

Vari abl e Mean
DARK . 5000
NUTS . 5000
SOFT . 5000

The estimation result is exactly the same as what you obtained with SAS.
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