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IXOR provides maximum marginal likelihood estimates for mixed-effects ordinal probit, logistic, and co 
mentary log-log regression models. These models can be used for analysis of dichotomous and ordinal ~~t~orn~s from 

longitudinal design. For clustered data, the mixed-effects model assumes that data 
degree of dependency is jointly estimated with the usual model parameters, thu 
from clustering of the data. Similarly, for longitudinal data, the mixed-effects 

for individual-va~ing intercepts and slopes across time, and can estimate the degree to which these 
vary in the ulation of individuals. MIXOR uses marginal maximum likelihood estimation, utilizing a F 
solution. F ng solution, the Cholesky factor of the random-effects variance-covariance matrix 
along with of model covariates. Examples illustrating usage and features of ~~XOR are pr 

Keywords: Longitudinal data; Clustered data; Random effects; Correlated responses; multilevel data; ~a~dorn coefi- 
cients models; Dichotomous outcomes; Graded responses; Categorical data 

els for dichotomous and ordinal responses 
ortant in many areas of research, since sub- 

jects are often classified or may respond on a 
dic~ot5mo~s or ordinal scale. In biomedical stud- 
ies? for example, subjects may be classified in terms 

onse versus non-response, or exhibiting 
mild, or no symptomatology of a given 
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disease or condition. Additio~~l~y~ it is often the 
case that subjects are nested ~it~~~ c~~st~~~ Qie. 

mixed-effects regression mo 
creasingly popular, and seve 
ly been written on this topic 
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nesting. In clustered data, subjects are clustered or 
nested within a larger context, for example, a hos- 

ital, school, clinic, or firm. In longitudinal data, 
where ~~~ivi~~als are repeatedly assessed, mea- 
sures are clustered or nested within individuals. In 
order to take the nesting of data into account, 

els with random effects are typically em- 
ployed. For clustered data the random effects rep- 
resent the ~~~s$er effects, while for longitudinal 
ata. the random effects represent the subject 

uch of the work in this area has focused on 
s for contmuous response data, and variants 

s regression models for con- 
muous data have n developed under a variety 

of names: random-effects models [6,7], variance 
~o~~o~~~t models [g], hierarchical linear models 
$41, muhilevel models [3], two-stage models [9], 
r om coefficient models [lo], mixed models 
ill], empirical l&ayes models [12], unbalanced 

fated-rnea~~res models [13], and random 
regression models [ 14- 181. The approaches 
presented in these articles generally involve linear 
regr~$si~~ models that allow the possibility that 
some parameters sides the residuals are random, 
a 

ts regression model generally 
foxtails some fixed effects in the model in addi- 
tion to the random effects. For longitudinal data, 
axed-affects models allow for presence of missing 
data (i.e. subjects are not assumed to be measured 
at the same number of timepoints), time-varying or 
i~va~a~t covariates, and subjects measured at dif- 
ferent timepoints. In the analysis of clustered data, 
o~~orn~s at the individnal level are modeled in 
terms of both individual and cluster level vari- 
ables, while concurrently estimating and adjusting 
for amount of intraclass correlation present in the 
data. Further, these models make no assumption 
re cluster sample size, allowing for a vary- 
in er of subjects within each cluster. 

n increasing amount of work has focused on 
ra models for non-continuous 
re data. Mixed-effect models for both 
di~~Qtorno~s 119-231 and ordinal 124-271 out- 
corn ve recently been proposed. This paper 
dese the FQRTRAN program MIXOR 
~~x~d~~ffe~ts ordinal regression) for the analysis 

of longitudinal or clustered responses which are 
either dichotomous or ordinal. 
commodate multiple random e 
for a general form for model co 
either a probit; logistic, or corn 
response function, a m 
likelihood solution is implem 
dimensional quadrature to numerically 
over the distribution of random effects. 
scoring solution provides r 
vergence and standard errors for the model 
ameters. examples of analysis 

sponse data will il- 
lustrate features 0 

Some commerce software exists to 

continuous outcomes. The 

though, can also handle 
available both for the 

2. Computatiand methods 

Hedeker and Gibbons [27] 
statistical development of the r 
dinal regression model; here we 
key computational features. To 
dinal regression model, it is oft 
there is an unobservable latent v 
is related to the actual respo 
‘threshold concept’. For the dichotomous mo 
one threshold value is assumed, while for the or- 
dinal model, a series of thre 
7J- l is assumed, where J e 
ordered categories, y0 = --o) 
response occurs in category 9 (5’ = ~1 if the latent 
response process y exceeds the threshold value 
rj _ 1) but does not exceed the thresh 

Using the te~~olo~ of mult~$~ve~ 
let i denote the level-2 units (clus 
clustered data context, or subjects i 
nal data context), and let k denote tbe level- 
(subjects in the clustered data context or t-e 
observations in the ~o~~t~di~~l 
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that there are i = I ,...N level-2 units and 
,ni level-l units nested within each level-2 
e mixed-effects regression model for the la- 

tent response strength yik can be written as 
follows: 

Yik = x$3j -+ w~a + e& (1) 

ik is the p x 1 covariate vector and nik is 
the design vector for the r random effects, both 
vectors being for the kth level-l unit nested within 
level-2 unit i. Also, a is the p x 1 vector of un- 
known fixed regression parameters, flj is the r x 1 
vector of unknown random effects for the level-2 
unit i, and E& are the model residuals. The distri- 
bution of the random effects is assumed to be 
multivariate normal with mean vector c and 
covariance matrix I+.. and the residuals are 
assumed to be independently normally distributed 
with mean 0 and variance a*. 

with the above mixed-effects regression model 
erlying and unobservable variable yik, 
lity, for a given level-2 unit i, that yk = 
e occurs in category J], conditional on 

is given by the following equation: 

where .rk = nib c w& and @(-) represents the cu- 
mulative standard normal density function. 

oss of generality, the origin and unit of 
chosen arbitrarily. For convenience, let 

y1 = 0 and a = 1. 
atively, if the logistic response function is 

as then the logistic function q(.) replaces 
@(.) in the conditional probability, where, 

noiher choice for the response function is the 
complementary log-log function, in which case, 
T( - ) replaces @(. ), where 

T(Tj - %k) = 1 - eXp[-eXp(yj - ZjJ] 

For either the logistic or complementary log-log 

response function, again, we let y1 = 
the residual variance equals ?r*/S and 
tively, for the standard logistic and 
tary log-log distributions. In 
normal response function will 
modifications for the logistic and ~rn~le 
log-log response functions will be i~~icat 

Letting yi denote the vector 
item responses from level-2 unit i for t 
units nested within, the probability 
yi, given fl and o, is equal to the 
probabilities of the level-l responses: 

“i 9 
e (Yil @,a) = lW(Yj - zik) 

k=l j=l 

where dikj = 1 if v, = j 

It is convenient to orthogonal 
response model, so that fl = 
TT’ = C,r is the Cholesky decomposition of I$. 
The reparameterized model is then 

Then the marginal density of yi in 
is expressed as the following i 
likelihood, P ( - ), weighted by 
g(e): 

where g(8) represents the m~ltivariat~ sta 
normal density. 

For the estimation of the cov 
(Y, the population parameters p and 
r,ti = 2,...,.J - 1) threshold 
marginal log-likelihood for the p 
N level-2 units, 
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is differentiated with respect to each parameter 
vector (see Hedeker and Gibbons [27]. Fisher’s 
methyl of scoring can then be used to provide the 
solution to these likelihood equations. Provisional 
estimates for the vector containing all parameters 

9 on iteration L are improved by 

-1 ai0gL 

w  
(3) 

where the i~fo~atio~ matrix, or expectation of 
the ~trix of second derivatives, is given by 

In order to solve the above likelihood equations, 
numerical integration on the transformed 8 space 

For this, Gauss-Hermite quadrature 
mate the above integrals to any prac- 

tical degree of accuracy. The integration is approx- 
ion on a specified number of 
for each dimension of the in- 
he transformed 0 space, the 

s over Qr points. As the number of 
r is increased, the terms in the 

‘) increases exponentially in the 
re solution. Fortunately, as is noted by 
bbons and Muraki [31] in the context of 

otomous factor analysis model, the number 
of points in each dimension can be reduced as the 
dime~~ionaI~ty is increased without impairing the 
a~~r~ey of the approximations; they indicated 
that for a five-dimensional solution as few as three 
points per dimension were necessary to obtain ade- 
quate accuracy. 

Hedeker and Gibbons [27] discuss how the 
above solution can be modified to accommodate 
weighted data, for example, when the same re- 
sponse pattern yi and covariate vector wi is 
observed for a rmmber of level-2 units. Ts mo 
the solution for the logistic regression fo 
the logistic function 9(. ) replac 
response function cP(.) and the pro 
- 9( e )) replaces the standard no 
tion $I( .) in the above derivatives. 
tution using r( .) is used for the 
log-log response function. 

At convergence, the MME estimates 
accompanying standard errors can be us 
struct asymptotic z-statistics by ~ividin 
ameter estimate by its standard err 
this use of the standard errors to per 
sis tests (and construct co~~~e~ee ~~te~aI 
the fixed effects (the coefficient vect 
vector of the random effects p) is 
able for the variance and covari 
(13 this practice is problematic (see 
Raudenbush [4] p. 55). Instead, in or 
hypotheses related to the variance and covariance 
components, as well as the fled effects, the 
likelihood~ratio x2 test can be used for com- 
parison of nested models. 

am description and usage 

MIXQR is currently ava 
form for both MS-DOS and 
puters. In the MS-DOS envir 
be run in either batch (MIX 
tive mode (MIXOR.EXE), 
TOSH environment only the 
W B) is possible. For batch 
MI 
MIXORDEF (described b 
live mode the user can spe 
using the menu-orientated user interface. 
will discuss the procedure 
primarily in batch mode. 
active processing, MIX 
following files: 
0 input data file 
0 MIXQRDEF - main definition file for analysis 
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use interactive mode only, and is described 
more fully below. 

3.1. structure of the input data Jile 

This file contains all data (i.e. responses and 
tes) to be read in by the program. It is read 

The fields of variables that are read in, 

in free format and must be a standard text (ASCII) 
file with no hidden characters or word processing 
format codes. Variable fields must be separated by 
one or more blanks. The data are assumed to con- 
sist of multiple level 1 observations within a 
higher~order (2nd level) unit, for example, in the 
longitudinal data setting, there are repeated obser- 
vations (level 1) within individuals (level 2). There 
must be a level-2 ID variable for each record and 
the data must be sorted by this level-2 ID variable. 
The repeated measurements of an individual take 
up as many records in this file as there are 
measurements for that individual. Thus, some in- 
dividuals will have, for example, four records 
while others may have two or five records. Alter- 
natively, if missing value codes are utilized, each 
individual may have data on the same number of 
records, but some records will contain missing 
value codes for some (or all) of the variables. 
Similarly, in the clustered data setting there are 
nested observations (students, employees, pa- 
tients) within clusters (schools, firms, clinics). The 
nested measurements (level 1) of a cluster (level 2) 
take up as many records in this lile as there are 
level 1 units within that cluster. Thus, some 
clusters will have, for example, 40 records while 
others may have 20-50 records. 

separated by one or more b~a~ks, 
lines) are as follows (the order of 
does not matter): 

ID DepVar Xvector 

where, in the longitudinal context, 

across timepoints, DepVar is t 
pendent measure at the parti 

data context, ID refers to the c 
which does not change across ne 

Xvector is the part of the desi 
dom effects, and Wveetor is 

ables are read as 
the (level-2) IDS w  

3.2. Analysis options and settings - 

Except where noted, this file is read in free 

This file contains the info~at~~~ t 
which statistical model should be fit t 
the input data file. Although a word 
be used to create this file, it must be 
standard text (ASCII) file with no hi 
acters or word processing format codes. 
ysis options and settings that co 
described in Tables la, 1 

Table Ia 
Analysis options and settings specified in MIXORDEF: lines I-5 

Line 1 - A title of 60 characters 
Line 2 - A subtitle of 60 characters 
Line 3 - Name of input data file. Any legal filename of 80 characters or less can be specified. 
Line 4 - Name of main output file. Any legal filename of 80 characters or less can be specified. 
Line 5 - Name of definition tile to be saved or retrieved. Any legal filename of 80 characters or less can be specified. N&e that 

a name for this file must be specified even in batch processing, although in batch processing nothing is done to tbis 
file. In interactive mode, after a filename is entered in the appropriate menu field, the program settings and options 
of the specified file will be retrieved if that file exists. Prior to running the statistical procedure from interactive mode, 
the current MIXOR options and settings selected by the user will be saved into the specified file. 
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Table lb 
Analyds options and settings specified in MIXOR.DEF: line 6 

Line 6 - NPR NF R P CONV MAXJ MISS START WI CATYX NQUAD FUNC 
R = number of level-2 units whose data will be listed on the screen (usually set to 1). 

NF = number of fields of data to read from the input data file. 
R = number of random effects. 
P = number of fured effects (not including the mean vector of the random effects). 
COW = convergence criterion (usually set to 0.001 or 0.0001). 
MAXJ - number of ordered dependent variable categories. 
MISS = 0 if no missing values are present in the data or 1 if missing values are present (codes for which will later bc defined). 
START = 0 if automatic starting values are to be used, or 1 if user-defined starting values are to be used. 
WT = 0 if each 2nd level unit (person or cluster) is weighted equally, or 1 for differential weighting. 
CATYX = 0 if a crosstab of any variable by the dependent variable is not requested, and 1 if such a crosstab is req~cste~. 
hIQUAD= number of quadrature points (per random-effect dimension) to use in the numerical integration (usually set ~twee~ 

10 and 20 for models with one random effect, and between 5 and 10 for models with multiple random effects). 
FUNC = 0 for the probit response function, 1 for the logistic response function, or 2 for the complemental log-log response 

function. 

Table 9c 
Analysis options and settings specified in MIXOR.DEF: lines 7-9 

Line 7 - Two parameters are to be read on this line: the field of the input data file which contains the (level-z) IDS, foll~~~~ 
by the field of the input data file which contains the dependent variable. 

Line 8 - R parameters are to be read on this tine: the field(s) of the input data file which contains(s) the R random effects. 
Line 9 - P parameters are to be read on this line: the field(s) of the input data file which contains(s) the P fued effects, 

Table ld 
Analysis options and settings specified in MIXOR.DEF: remaining lines after line 9 

next line 

next line 
next line 

next line (if MISS = 1) 
next line (if MISS = 1) 
next line (if MISS = 1) 
next line 
next line 
next line (if START = 1) 
next line 
next line (if START = 1) 
next line (if START = 1) 

final line 

- (if WI = 1) -The field of the input data tile which contains the weight to be assi 
unit. 

- The MAXJ values of the ordinal dependent variable. 
- (if CATYX = I) - Two parameters and a list of values: the field of the input data tile which contains 

the variable that is to be crosstabulated with the dependent variable, followed by the number of levels 
of this variable, and a list of the values for all of these levels. 

- Missing value code for the dependent variable. 
- R missing value codes for the random-effect variables. 
- P missing value codes for the fixed covariates. 
- An I-character label for the dependent variable 
- R labels for the random effects in eight-character width fields. 
- R starting values for the means of the random effects. 
- P labels for the covariates in eight-character width fields (a maximum of ten labels per line). 
- P starting values for the covariate effects. 
- ((R x (R + 1))/2) starting values for the variance and covariance terms of the random effects given 

in ‘packed’ form, e.g. for a 2 x 2 covariance matrix, the order of the starting values should be: vari- 
ance (I), covariance (1,2) and variance (2). 

- (if START = 1 and MAXJ > 2) - MAXJ -2 starting values for thresholds. 
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format. In batch processing, this tile is created by 
the user directly before typing the command MIX- 

(or on the MACINTOSH, double-clicking 
on the MIXORB file), while in interactive mode 
(typing the command MIXOR), this tile is 
created using the menu-orientated user interface. 

h mode, this filename and extension 
DEF) must be used and should be in the 
ctory as the program MIXORB.EXE or 

accessible via appropriate PATH statements. In 
interactive mode, the creation and storage of this 
file is done by the program. 

This file contains descriptive information about 
the variables read in to MIXOR as well as the 
main results of the specified analysis. The ex- 
amples of the output file provided below illustrate 
the contents of this tile. In terms of numbers of 
obse~ations, the number of level-2 units, the total 
number of level-l units, and the number of level-l 
units for each level-2 unit are listed. For each 
variable (except the ID variable) read in to the pro- 
gram, the following descriptive statistics are pro- 
vided: minimum, maximum, mean, and standard 
deviation. These descriptive statistics are based on 
the total number of level-l observations. For the 
dependent variable, a frequency count is provided 
which lists for each category the number (and pro- 
portion) of level-l observations. An optional 
listing of the frequencies and proportions of the 
dependent variable by the levels of one of the 
model covariates may be obtained. Starting values, 
either user-defined or program-generated, are 
listed for all model parameters. Finally, MIXOR 
indicates the number (and percentage) of level-2 
units with non-varying level-l responses on the de- 
pendent variable. As this percentage approaches 
the maximum value of lOO%, computational diffi- 
culties can arise, since, in this case, for every level- 
2 unit, all of the nested level-l responses for that 
level-2 unit are the same. 

In terms of program results, the number of itera- 
tions required to achieve convergence is listed, 

by the number of quadrature points re- 
and the value of the log-likelihood at con- 

vergence. As mentioned, the log-likelihood value 

information matrix if the 
1 e$ements of the 

e~~~~~ters a 

encountered. At convergence, 

rors for the model parameters, however? the listin 
of the ridge value indicates its va 
reset to zero. As such, the listed 
dicative of the degree of computa 
that the program encountered. 

For each parameter of the 

P-values are the 

standard errors to perform hypot~e$~s tests for the 
variance and covariance param 
sial (see Bryk and Raudenbush 
is important to realize that for 
it is the Cholesky factor of the rand 
variance-covariance m 
and not the variance-covariance 
only one random effect is request 
the Cholesky factor is simply th 
variance, that is, 

Analogously, with multiple rando 
Cholesky factor represents the matrix squa.re root. 

Following the parameter esti 
ated statistics), ~IXOR lists re 
estimated random-effects variance terms, 
ing on the type of model 
intercepts model is spe 
calculates and lists the value 
cluster correlation. If a mo 
random effect is speeified, 
the estimated Cholesky or as a var~a~~e~ 
covariance matrix, and then as a ~o~r~l~tio~ ma- 
trix. Finally, correlation matrices are also 
ed for the estimates of all model para 
correlation matrices are not co~~e~a,~io~~ of the 
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v~~ab~~~ themselves but correlations of the 
estimated model parameters. These matrices may 
be ~el~~u~ in determining the degree to which col- 

resent in terms of the model par- 

OR errors 

There are a few errors which can prevent 
MIXOR from running correctly, or even running 
at all. First, as mentioned, missing values that are 
not given a s~eci~ed numeric missing value code, 

fields, may cause the 
e a model which is in- 

r’s perspective. To see if this is 
ck the correctness of 

riptive statistics (minimum, 
axlmum, mean and standard deviation) listed in 

the output file. If these descriptive statistics are in- 
correct, the data are not being read into the pro- 
gram correctly and a common reason is that 
missing values are being left as blank fields in the 

econd, the CATYX option (described in 
and Id) is fairly unforgiving at this 

oint. The values listed by the user for the levels 
f the erosstabulation variable must be exactly the 

same as the values that are found in the data file. 
If a strange error prevents MIXOR from running 
and this option is selected, the user can set 
CATYX = 0 to avoid this option. Third, the NPR 
option [described in Table lb), which is used to list 
data to the screen, can cause MIXOR to stop in 
certain cases (essentially, when the number of 

e listed for a variable exceeds the format 
speecification of the program). If the program stops 
after indicating (on the screen) the number of ran- 
dom and fixed effects in the model but prior to 

erative results to the screen, the user 
= 0 and re-run the program. Finally, 

if the program ‘blows up,’ it may be that the model 
that is specified is not estimable. In this case, the 
user should try fitting a less complicated model by 
specifying fewer random effects, or fewer 
covariales, or cohapsing some of the ordered out- 
come categories if these are very sparse. If the 
number of random effects is 1, and problems still 

e thai the random-effect variance 
cannot be reliably estimated as being different 

from zero. In this case, a model ~vit~5~t ran 
effects may be warranted. 

can estimate a variety els for 
clustered and longitudinal data. An a~~l~~i~ of a 
clustered dataset where st~d~~~~ are clustered 
within classrooms and schools is first to 
illustrate features of mixed 
clustered data. In the mixe 
clustered data, one random te 
order to account for the 
within classrooms. This random 
describes the way in which §t~dent§ 
classroom respond similarly, 
as a whole. To illustrate 
regression analysis for longitu 
an analysis of a psychiatric dataset 
are rated on symptom severity a 
timepoints will be presented. This a~aIy~i~ includes 
two random effects in order to 
ential baseline starting points (i 
and differential trends across ti 
verity across time) for the 
These two examples 
the results that are 
analysis, and will be accomp 
specific file setups that are u 

EIedeker, Gibbons, and 
mixed-effects regression for ~lu~t~~ed 
dataset where students are clust 
classrooms and schools. In t 
dent variable is treated co 
mixed-effects approach is c 
individual-level analysis wbi 
ing of data, and classroom-bevel ana 
gregates individual data. Mere, we 
MIXOR for analysis of an ordinal outcome in the 
clustered data context to perfo 
analysis, The data for this e 
Television School and 
and Cessation Project 

For this illustration, 
was used. 1600 students from 135 ~~~$~~oo~~~ and 
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Table 2 
Data from example 4.1: first 18 students from five classrooms 
and two schools 

403 
403 
403 
403 
403 
403 
403 
403 
403 

3 
3 
3 

403 
403 
403 
4Q3 
403 
403 
403 
403 
403 
403 
403 

404 
404 
404 
404 
404 
404 
404 
404 
404 
404 
404 
404 
404 
404 
404 
404 
404 
404 
404 
404 
404 
404 
404 
404 

403101 
403101 
403101 
403101 
403101 
403101 
403101 
403101 
403101 
4031OL 
403101 
403101 
403101 
403101 
453101 
403101 
403101 
403101 
483101 
403801 
403102 
403102 

3102 
404101 
404101 
404101 
404101 
404101 
404101 
404101 
404101 
454101 
404101 
404101 
404102 
404102 
4a4102 
4Q4102 
404102 
404102 
404102 
404102 
404102 
404103 
404103 
404103 
404103 
4@4103 

3 
4 
3 
4 
4 
3 
2 
4 
4 
4 
3 
4 
3 
4 
2 
4 
4 
3 
3 
4 
2 
4 
3 
3 
4 
2 
3 
2 
1 
3 
4 
2 
3 
4 
3 
1 
1 
4 
4 
3 
3 
4 
2 
3 
2 
2 
3 
3 

1 
1 
1 
1 
1 
1 
0 
1 
1 
1 
1 
1 
1 
1 
0 
1 
1 
1 
1 
1 
0 
1 
1 
1 
1 
0 
1 
0 
0 
1 
1 
0 
1 
1 
1 
0 
0 
1 
1 
1 
1 
1 
0 
1 
0 
0 
1 
I 

1 
1 
1 
1 
1 
1 
1 
1 
1 
1 
1 
1 
1 
1 
1 
1 
1 
1 
1 
1 
1 
1 
1 
1 
1 
1 
1 
1 
1 
I 
1 
1 
1 
1 
1 
1 
1 
1 
1 
1 
1 
1 
1 
1 
1 
1 
I 
1 

2 
4 
4 
3 
3 
4 
2 
4 
5 
3 
3 
3 
1 
2 
2 
1 
4 
3 
0 
3 
0 
1 
5 
1 
2 
4 
3 
1 
1 
2 
0 
1 
2 
2 
1 
1 
0 
4 
1 
2 
1 
2 
2 
2 
1 
2 
1 
1 

1 
1 
1 
1 
1 
1 
1 
1 
1 
1 
1 
1 
1 
1 
1 
1 
1 
1 
1 
1 
1 
1 
1 
1 
1 
1 
1 
1 
1 
1 
1 
1 
1 
1 
1 
1 
1 
I 
1 
1 
1 
1 
I 
1 
1 
1 
1 
1 

0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
1 
1 
1 
1 
1 
1 
1 
1 
1 
1 
1 
1 
1 
1 
1 
1 
1 
1 
1 
1 
1 
1 
1 
1 
1 

0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 

0 
0 
0 
0 
0 
0 
0 
0 
0 
1 
1 
1 
1 
1 
1 
1 
1 
1 
1 
1 
1 
1 
1 
1 
1 
1 
1 
1 
1 
1 
1 
1 
1 
1 

28 schools are included, where xhools were ran- 
domized to one of four study c 
social-resistance classroom curric 

(television) intervention; (e) a s~~~~~-r~~~st~~~e 
sroom curriculum cornbi~~~ with a 

media intervention; and (d) a no-treatment c 
group. These conditions form a 2 x 2 design of 
social-resistance classroom c~r~i~~l~rn (CC = yes 
or no) by mass-media intervention (TV = yes or 
no). The outcome variable for this illustration is a 
tobacco and health knowledge scale ~T~~~~ 
score. A student’s score was damped as the rmmber 
of correct answers to seven items on tobacco and 
health knowledge. The Fre~~e~~y distri n of 

Table 3a 
MIXOR.DEF file for example 4.1: s~~~e~t~~cvcl analysis ignor- 
ing clustering 

TVSFP study - Post-test THKS ORDINAL 
Students treated as independent observations - 0 random 
TVSFPORS.DAT 
TVSFPORO.OUT 
TVSFPORO.DEF 
1 9 0 5 O.oOOl 4 0 0 0 0 10 1 

2 3 

561 8 9 
123 4 

THKScore 

Intrcpt PrcTHKS CC TV cc*Tv 

Table 3b 
MIXOR.DEF tile for example 4.1: st~deRts~w~t~i~~~a$sro~~s 
analysis 

TVSFP study - Post-test THKS ORDINAL 
Students nested within CLASSR~~~~ - 1 random effect 
TVSFPORSDAT 
TVSFPORCOUT 
TVSFPORC.DEF 
1 9 1 4 O.OGul 4 0 0 0 0 IO ! 

2 3 
5 
6 I 8 9 
1234 

THKScore 
Intrcpt 
PreTHKS CC TV cc*Tv 
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the post-inte~ention THKS scores indicated that 
approximately half the students had scores of 2 or 
ess, and half with 3 or greater. In terms of quar- 
tiles, four ordinal classifications were suggested 

onding to O-1, 2, 3, and 4-7 correct 
r~s~o~s~s. 

A partial list of these data is given in Table 2. 
The variables are, in order, school ID, class ID, or- 
dinal post-i~te~e~tio~ THKS (with 1 = 0- 1, 
2 = 2 3 = 3, and 4 = 4-7), dichotomous post- 
i~te~~~tion THKS (with 0 = O-2, and 1 = 3-7), a 
column of ones for the intercept, pre-intervention 

(from 0 to 7), CC (with yes = 1 and 
), TV (with yes = 1 and no = 0), and the 

produet of CC and TV. 
For these data, in addition to performing a 

axed-erects analysis (to include and estimate the 
effect of clustering on the students’ outcomes), 

IXBR can be used to perform a more basic anal- 
ysis ignoring data clustering. Tables 3a and 3b list 

EF files for the models ignoring and in- 
cluding data clustering, respectively. 

In both, the ordinal post-intervention THKS 
H&Score) is modeled in terms of baseline 

score (PreTHKS) and effects of CC, TV, 
by TV interaction. The titles for these two 
s are slightly different to reflect the dif- 

ferent analyses. In the file designations on lines 
3-5, the same input data file is specified in both 

Table 4 
utput Me for example 4.1: students-within-classrooms analysis 

DEF tiles, however, different 
dicated so that the results of bot 
ed to different files. 

Line 6 in the DEF files c 
specifications for these two 
NPR = 1, so the data from th 
listed to the screen prior to th 
of variables are to be read from the input 
with the first model having 
fixed effects, respectively, while t 
specifies 1 random and 4 fixed effects. 
of specifying zero random effects (in Table 3a), 
blank lines are given be 
specifications of the 
vergence criterion of 0.0001 is e~o~~~~ 
ordered categories are indicated for the 
variable (with actual values of 1, 2, 3, a 
below in both DEF files). The number of 
quadrature points is set to ten for both els, 
though the model without random effects not 
use quadrature for the solution (~~~~ for this 
model only, this speci~cati~~ is irre Habib 
it must be given). Finally, line 6 of F files 
indicates that the logistic r~~po~~e function is se- 

EF files, the classro 
identified as the cluster ID (thou 
model without random effects this is i~r~l~va~t 
though a specification is necessary). The rernai~i~~ 

MIXOR - The program for mixed-effects ordinal regression analysis 
Response function: logistic 
TVSFP study - Post-test THKS ORDINAL 
Students nested witbin CLASSROOMS - 1 random effect 

Numbers of observations 
Level 2 observations = 135 
Level I observations= 1600 

The num”ber of level 1 observations per level 2 unit are: 

20 3 II 9 5 26 11 10 15 12 12 10 21 10 17 19 2 4 21 
16 15 13 2 14 13 1 12 18 21 17 16 15 16 21 21 27 17 3 
2 15 7 24 22 15 19 7 12 8 6 11 7 7 8 3 § B 3 
8 9 8 2 11 9 21 13 12 12 14 9 6 11 10 12 11 6 6 

14 10 14 2 3 2 4 3 6 10 14 11 6 22 4 7 22 18 23 
19 14 5 14 28 15 15 11 12 II 11 15 17 24 20 1.5 6 8 34 
5 11 9 17 14 11 17 15 6 7 14 10 14 18 4 9 7 12 15 

II 10 
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scriptive statistics for all variables 

Qa~abl~ Minimum Maximum Mean SD. 

THKSCOK l.OOOOO 4.00000 2.58688 1.11612 
Intrcpt 1mooo l.OOOOO 1.00000 0. 
~~e~~K~ O.OOOOO 6.OOOOO 2.06931 I. 
cc o.ooooO 1.ooooO 0.47687 0.49962 

O.OOOOO 1.OOOOO 0.49938 
cc*Tv O.OOOOO 1.OOOOO 0.23938 0.42684 

ries of the response variable THKScore 

Category Frequency Proportion 

1.00 355.00 0.22187 
2.00 398.00 0.24875 
3.00 4. A0 0.25000 
4.00 447.50 0.27931 

Starting values 
mean 
covariates 
vae. terms 
threskoids 

0.580 
0.212 0.451 0.140 -0.201 
1.040 
1.137 2.202 

r of level 2 observations with non-varying responses = 6 (4.44%) 

*Final results - maximum marginal likelihood estimates* 

Total iterat~on§ = 12 
d pts. per dim = 10 
~~ke~~bo~d = -2115.381 
e -;: 0.000 

Intrcpt 0.07573 0.15356 
PreT~KS 0.41480 0.04082 
CC 0.86137 0.18730 
TQ 0.20572 0.16810 
CY?TQ -0.30097 0.25186 

Variable Estimate S.E. P-value 

Random effect variance term (SD.) 
Intrcpt 0.43454 
Thresholds 
1 0.00000 
2 1.27344 
3 2.47899 

0.07627 5.69709 

0.06295 20.22913 0. 
0.08021 30.90619 0. 

note: P-values are two-tailed except for thresholds and variance terms which are one-tailed 
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Calculation of the intracluster correlation 
residual variance = pi x pi/3 (assumed) 
cluster variance = (0.435 x 0.435) = 0.189 
intracluster correlation = 0.189/(0.189 + (pi x pi/3)) = 0.054 

Correlation of the maximum marginal likelihood estimates 

1 
Intrcpt 

2 3 4 5 6 
PreTHKS cc TV Cf?TV Var&vf 

Intrcpt 1.oooo 
PreTHKS -0.5333 
CC -0.5608 
TV -0.6027 
CPTV 0.3688 
VarCov 1 -0.008 1 
Threshd2 -0.0186 
Threshd3 0.0239 

1.0000 
0.0282 1.0000 

-0.0147 0.4952 1.0000 
0.0891 -0.7179 -0.6605 I. 
0.0997 0.1411 -0.1750 0. 1. 
0.3161 0.1145 0.0842 -0.0240 0.1458 
0.3119 0.04ti4 0.0031 0.0624 0.3201 

7 
8 

Threshd2 
Threshd3 

7 
Threshd2 

1.0000 
0.7603 

8 
Threshd3 

l.O@OO 

lines in the DEF files indicate the fields and labels 
for the dependent and independent variables, as 
well as information depending on the options se- 

d line 6. Table 4 lists the results for the 
el cified by the DEF file given in Table 3b, 

that is, from the analysis treating students nested 
within classrooms. 

As can be seen from Table 4, the nesting of the 
1600 students within the 135 classrooms is associ- 
ated with classroom sizes between 1 and 28. De- 
scriptive statistics are listed for all variables 
considered in the analysis, including a listing of the 
frequencies in each of the ordered categories. 
Following the descriptive statistics, the program 
lists the number and percentage of classrooms (i.e. 
the level-2 units) with non-varying responses 
across students; six classrooms (4.44%) had iden- 

vaiues from students. In terms of 
ant effects of PreTHKS and CC are 

the intracluster correlation (in this 
case, the intr&lassroom correlation) from this 

analysis equals 0.054. Comparing the fit of this 
model to a model that does not include a random 
classroom effect (i.e. the model s 
DEF file in Table 3a), yields a like1 
x2 = -2[-2125.103 - (-2115.381)] = 1 
degree of freedom (P < O.QOl), 
there is clear evidence of a ~o~-zer~ intra- 
classroom correlation. 

It should be noted that two mixe 
sion models could be considere 
students within schools, and 
classrooms. At present, MIX0 oes not allsw a 
three-level analysis which would consider the 
students as nested within both classrooms and 
schools concurrently. For the st~~~nts~wit~i~- 
classrooms analysis performed, the class ID (the 
second variable field in the datafile) was indicated 
as the cluster ID on line 7 of the DEF file: To per- 
form a students-within-schools analysis, the school 
ID (the first variable field) would be indicated as 
the cluster ID. 
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Data from example 4.2: first eight subjects 

5.500 
3. 

-9. 
2. 

-9. 
-9. 

4.ow 
6.OW 
3. 

-9.oGQ 
1.500 

-9. 
-9. 

2. 
4.m 
3.ooo 

-9.ooo 
1.ooo 

-9.ooo 
-9.oQiI 
-9.m 

3.ooo 
l.QOO 

-9mJ 
1.500 

-9.ooo 
-9.ooo 

1.ooo 
5.ooo 
5.ooo 

-9.ooo 
5.ooo 

-9.m 
-9.ooo 

5.500 
6.ooQ 
6.ooo 

-9.ooo 
3.500 

-9mo 
-9.000 

4.500 
4.ooQ 
2.ooo 

-9.ooo 
2.050 

-9.ooo 
-9.050 

2.500 
4.ooo 
4.500 

-9. 
4. 

-9.m 
-9.ooo 

3.500 

1 4 1 1 0 
0 2 1 1 1 

-9 -9 1 1 2 
0 2 1 1 3 

-9 -9 1 1 4 
-9 -9 1 1 5 

1 2 1 1 6 
1 4 1 1 0 
0 2 I 1 1 

-9 -9 1 1 2 
0 1 1 1 3 

-9 -9 1 1 4 
-9 -9 1 1 5 

0 2 1 I 6 
1 2 1 1 0 
0 2 1 1 1 

-9 -9 1 1 2 
0 1 1 1 3 

-9 -9 1 1 4 
-9 -9 1 I 5 
-9 -9 1 1 6 

0 2 1 1 0 
0 1 1 1 1 

-9 -9 1 1 2 
0 1 1 1 3 

-9 -9 1 1 4 
-9 -9 1 1 5 

0 1 1 1 6 
1 3 1 0 0 
1 3 I 0 1 

-9 -9 1 0 2 
1 3 1 0 3 

-9 -9 1 0 4 
-9 -9 1 0 5 

1 4 1 0 6 
1 4 I 1 0 
1 4 1 1 I 

-9 -9 1 1 2 
1 2 1 1 3 

-9 -9 1 1 4 
-9 -9 1 1 5 

1 3 1 1 6 
1 2 1 1 0 
0 1 1 1 1 

-9 -9 1 1 2 
0 1 1 1 3 

-9 -9 1 1 4 
-9 -9 1 1 5 

0 2 1 1 6 
1 2 1 1 0 
1 3 1 1 1 

-9 -9 1 1 2 
1 2 1 1 3 

-9 -9 1 1 4 
-9 -9 1 1 5 

1 2 1 1 6 

O.OWO 
1.0000 
1.4142 
1.7321 
2. 
2. 

2.4495 
0. 
I.QOOO 
1.4142 
1.7321 
2.0000 
2.2341 
2.4495 
0.0000 
1.0000 
1.4142 
1.7321 
2.0000 
2.2361 
2. 
0. 
1. 
1.4142 
1.7321 
2.0 
2.2341 
2.4495 
o.oooo 
l.oQW 
1.4142 
1.7321 
2.oooo 
2.2361 
2.4495 

1.7321 
2sme 
2.2361 
2.4495 

o.ooQo 
l.QGW 
1.4142 
1.7321 
2.0000 
2.2361 
2. 
0. 
1. 
1.4142 
I.7321 

0. 
1. 
1. 
1. 
2. 
2. 

2.4495 
0. 
1. 
1.4142 
1. 
2. 
2. 
2. 
0. 
1.oQoo 
I.4142 
I.7321 
2.00@0 
2. 
2. 
a 
I. 
lAE42 
1.7321 
2.0000 

1.4142 
1. 

2. 
2. 
2. 
0. 
I .QOOO 
1.4142 
i.7321 
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4.2. 

To iIi~st~a%~ application of the mixed-effects or- 
1 to longitudinal data, 

in the NIMH 
hrenia Gollaborative Study on treatment- 

all severity. Specifically, we 
atient Multidimen- 

PS; [35]). Item 79, 
S79) was scored as: 
= borderline mentally 

ill; 3 -r coldly ill; 4 - moderately ill; 5 = markedly 
ill; and 7 = among the most ex- 

viously, we have analyzed these 
ata both assuming 8 continuous scale for these 

response categories using mixed- 
ion [ 151 and also dichotomizing 

respo~~l~s using bed-effects binary probit regres- 
illustration of the or- 

9 we recoded the seven 
mto four: (1) normal or 

Idly or moderately ill; 
erely or among the 

n this study, patients were ran- 
receive one of four medications: 

fluphenazine, or 
tbi~~~~i~~~ Since our previous analyses revealed 

r effects for the three anti-psychotic drug 
s, they were combined in the present analy- 

ased on previous analysis, to 

Table 6a 
EF file for example 4.2: random-intercepts probit model 

linearize the relationship of the IMPS79 scores 
over time a square root transf~~ati~~ of ti 
chosen. Table 5 lists the data from the fir 
subjects. 

The nine variables are, in 
IMPS79 score, dichotomous 

79 score, a column of 
tercept, treatment group, week, t 

of treatment 
square root of week. Not all 
need to be included in a given a 
OR allows the user to choo 
in an input data file for a parti 

ta file, each subject’s data c 
tice that there are missing 

some subjects at specific ti 
from these timepoints will n 
sis, however, data from these subjects at other 
timepoints where there are. no 
used in the analysis. Thus, fo 
analysis, a subject’s data (both 
variable and all model covariates being u 
particular analysis) at a specific timep~~nt 
complete. The number of reheated 
per subject then depends on the 
points for which there are non- 
that subject. The use of missing vaI~~ codes is not 
the only way of dealing with missing dat 
alternative way of handling the 
the user to physically remove the recor 

,___ 
NIMH Scti data - two groups - seven timepoints 
IMPS79 (ordinal) across SQRT week - one random effect 
~C~I~Xl .DAT 
SCNIZol.OuT 
~~~I~ol.~~F 
1913 0. 10 41001 200 
14 
5 
689 
123 
8 7 0. I. 1.4142 1.7321 2.OOOO 2.2361 2.4495 
-9 
-9 
- 9 -9 -9 
Hmp5790 
lntercpt 
‘TxDrug ~q~WeekTx~SW~k 
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Table 6b 

10 41001 100 
14 
58 
69 
123 
8 7 0. 1. 1.4142 1.7321 2.OCtQO 2.2361 2.4495 
-9 
-9 -9 
-9 -9 

ek 
eek 

data, so that each subject would have a 
~nmber of records in the file. 

Tables 6a and 6b list the MIXOR.DEF files for 
cts ordinal probit regression models 

. For both models, the repeated or- 
score (IMPS790) is modeled in terms 

ded drug effect (TxDrug: 
drug = l), a time effect 

: square root of week) and a drug by 
action (Tx*Sweek). In terms of the ran- 

t DEF file specifies a random- 
while the second requests a 

model alIowi~~ patients to vary in terms of both 
their i~t~r~pt and their trend across time (random 

pes). Again, the titles for these 
reflect the different analyses, and 

tiles are indicated so that the results 
re saved to different files. 
the DEF files, one random and 
are specified for the first model, 
and two fixed are specified for 

Four outcome categories (with values 
4) are indicated, and the missing value 

(MISS) option is requested. Missing value codes of 
subsequently for all variables. The 

on is specified, and subsequent infor- 
mation m the EF files indicates that a 

crosstabulation of IMP~79~ 
square root of week) is reques 
levels of SqrtWeek and all act 
variable assumes in the input data file are liste 
subsequently in the DEF files. 

The number of quadratu 
univariate ra~dom~effects 
(random-intercepts model), 
sion for the bivariate random-effects no 
bution (i.e. a total of 10 x 1 
Finally, line 6 of the DEF files i 
probit response function is 

In terms of the missing 
lice that even though missi 
ly for the dependent varia 
numeric missing value codes must 
the MIXORDEF file 
MISS = 1). In this case, the value -9 
for all variables since for the dewed 
this value is the correct missing val 
for all other model terms ~i~te 
SqrtWeek, and Tx*Sweek) this v 
observed. 

Table 7 lists the results fro 
tercepts and slopes model (the 
the DEF file in Table 6b). 

the descriptive i~fo~~ti~~ ~rovi 
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Table 7 
Output tile for example 4.2: random intercepts and slopes probit model 

MIXOR - The program for mixed-effects ordinal regression analysis 
Response function: normal 
NIMH Schiz data - two groups - seven timepoints 
IMPS79 (ordinal) across SQRT week - two random effects 
Numbers of observations 
Level 2 observations = 437 
Level E observations = 1603 

The number of level 1 observations per level 2 unit are: 
4 
4 
4 
4 

4 
4 
4 
2 

4 
4 
3 
4 

4 
4 
4 
4 
3 
4 
4 
4 
3 
4 
4 

4 
4 
4 
3 
2 
2 
4 
4 

4 
4 
2 
4 
4 
4 
4 
4 
3 
4 
4 
4 
3 
4 
4 

3 
4 
2 
4 
2 
3 
4 
4 

3 
4 
4 
4 
4 
4 
3 
4 
4 
4 
4 
2 
3 
2 
4 

4 
3 
3 
4 
4 
4 
4 
4 

4 
4 
4 
4 
3 
4 
3 
4 
2 
4 
4 
4 
4 
4 
4 

4 
3 
4 
3 
2 
4 
4 
4 

2 
4 
4 
4 
4 
2 
4 
3 
4 
4 
4 
4 
4 
4 
4 

4 
2 
3 
2 
4 
4 
4 
4 

4 
4 
4 
3 
4 
4 
4 
3 
3 
4 
2 
4 
4 
4 
4 

4 
4 
4 
3 
4 
2 
5 
4 

4 
4 
4 
4 
4 
4 
4 
4 
3 
4 
4 
4 
4 
4 
4 

4 
4 
4 
4 
3 
5 
2 
4 

3 
4 
3 
4 
4 
4 
4 
2 
3 
4 
4 
3 
4 
3 
3 

Descriptive statistics for all variables 

4 
4 
4 
4 
3 
3 
4 
4 
2 
4 
3 
4 
4 
2 
3 
4 
4 
4 
4 
4 
2 
4 
4 

3 
4 
3 
4 
4 
4 
3 
4 
3 
4 
4 
4 
4 
4 
3 
4 
4 
4 
4 
4 
3 
4 
4 

4 
4 
4 
4 
4 
4 
4 
4 
4 
4 
4 
4 
4 
4 
4 
4 
4 
4 
4 
4 
4 
4 
4 

4 
3 
4 
4 
4 
2 
4 
4 
4 
2 
4 
4 
4 
4 
3 
4 
4 
4 
4 
4 
2 
4 
4 

4 
4 
2 
4 
4 
4 
2 
4 
3 
3 
4 
2 
3 
3 
4 
4 
4 
4 
4 
3 
4 
4 
2 

2 
4 
2 
2 
4 
4 
2 
4 
3 
3 
4 
3 
4 
3 
4 
4 
4 
4 
4 
4 
2 
4 
4 

3 
4 
4 
4 
4 
4 
4 
2 
4 
5 
4 
4 
4 
4 
4 
4 
4 
4 
4 
4 
2 
4 
4 

4 
4 
5 
4 
4 
2 
4 
4 
3 
4 
4 
4 
3 
3 
4 
4 
3 
4 
4 
4 

4 
4 
4 

3 
4 
4 
4 
4 
4 
4 
4 
4 
3 
4 
4 

4 
4 
4 
3 
2 
4 
4 
4 
4 
4 
4 

4 
4 
2 
5 
3 
4 
4 
2 
4 
4 
4 
2 
4 
2 
3 
4 
3 
4 
4 
4 
3 
4 

3 
4 
4 
4 
3 
4 
4 
4 
4 
4 
4 
4 
2 
4 
4 
4 
4 
4 
4 
4 
4 
4 
4 

Variable Minimum Maximum Mean SD. 

Imps790 1.GGOOO 4.GGGOO 2.79601 ~.G28~G 
Intercpt 1.00000 1.00000 1.00000 0. 
SqrtWeek O.OOOGG 2.44950 1.22041 0.89651 
TxDrug O.OOOGO 1.00000 0.76419 (3.424 
Tx*Sweek O.OOOGO 2.44950 0.94424 0.94541 

Categories of the response variable Imps790 

Category Frequency Proportion 

l.Go 190.00 0.11853 
2. 474.00 0.29570 

3. 412.00 0.25702 
4. 527.00 0.32876 
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Crosstabulation of variable SqrtWeek by the response variable Imps790 

SqrtWeek 1.00 2.00 3.00 4.00 Total 

0.00 1.0 (0.00) 54.0 (0.12) 122.0 (0.28) 257.0 (0.59) 434.0 
1.00 23.0 (0.05) 135.0 (0.32) 124.0 (0.29) 144.0 (0.34) 426.9 
1.41 3.0 (0.21) 4.0 (0.29) 2.0 (0.14) 5.0 (0.36) 14.0 
1.73 54.0 (0.14) 132.0 (0.35) 113.0 (0.30) 75.0 (0.20) 374.0 
2. 5.0 (0.45) 3.0 (0.27) 2.0 (0.18) 1.0 (0.09) 11.0 
2.24 3.0 (0.33) 4.0 (0.44) 0.0 (0.00) 2.0 (0.22) 9.0 
2.45 101.0 (0.30) 142.0 (0.42) 49.0 (0.15) 43.0 (0. i3) 335.8 

Total 190.0 474.0 412.0 527.0 li603.0 

Starting values 

mean 1.673 -0.264 
covariates -0.028 -0.345 
var. terms 1.000 0.000 0.500 
thresholds 1.037 1.700 

- The number of level 2 observations with non-varying responses = 79 (18.08%) 

*Final results - maximum marginal likelihood estimates* 

Total iterations 
Quad pts. per dim 
Log likelihood 
Ridge 

=21 
= 10 
= -1663.326 
= 0.000 

Variable Estimate SE. Z 

Intercpt 4.10961 0.25198 16.30959 0. 
SqrtWeek -0.50513 0.13054 -3.86970 0. 

TxDrug 0.03882 0.22477 0.17271 a. 
Tx*Sweek -0.95060 0.14891 -6.38371 0. 

Random effect variance and covariance terms (Cholesky of var-covariance matrix) 
Intercpt 1.48620 0.14130 
covariance -0.31464 0.08993 
SqrtWeek 0.73034 0.06951 

Thresholds 
t 
2 
3 

O.OOOOO 
2.18421 0.10994 
3.65376 0.14426 

lOSlg38 0. 
-3.49875 0. 
10.50678 0. 

19.86701 0. 
25.32735 0. 

note: P-values are two-tailed except for thresholds and variance terms which are one-tailed 
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Calcularion of the random effects variancecovariance matrix 

Iratercpt variance =(I.486 x 1.486) = 2.209 
covariance = (1.486 x -0.315) = -0.468 

SqrtWeek variance = (-0.315 x -0.315) + (0.730 x 0.730) = 0.632 

Cbovariance expressed as a correlation = -0.396 

Correlation of the maximum marginal likelihood estimates 

Hntercpt 
SqrtWeek 
Txxklig 
TX * Sweek 
Varcovl 
VaXod 
VarCov3 
Threshd2 
Threshd3 

I 
Intercpt 

1.0000 
-0.5922 

-0.6265 
0.2380 
0.3407 

-0.2288 
0.3442 
0.5464 
0.6302 

2 

SqrtWeek 

1.0000 
0.5456 

-0.7911 
-0.1709 

0.0743 
0.0248 

-0.0741 
-0.1499 

3 

TxDrug 

l.OOOCl 
-0.6254 

0.0424 
-0.1031 

0.1210 
0.0981 
0.0716 

4 

TX * Sweek 

1.oooo 
-0.1611 

8.1516 
-0.2737 
-0.2880 
-0.3006 

5 

VarCovl 

1. 
-0. 

0.3396 
0.2699 
0.4758 

6 

VarCov2 

1. 
-0.SB22 
-0.2551 
-0.3617 

7 8 9 
VarCov3 Threshdi! Threshd3 

7 rCov3 mooo 
8 reshd2 0.5942 1.0000 
9 Threshd3 0.6435 0.8735 1.0000 

IXQR, the results indicate that the treatment 
do not significantly differ at baseline 

g term is not significant), the placebo 
group does improve over time (SqrtWeek term is 
significant and negative), and that the drug group 
has greater improvement over time relative to the 
placebo group (Tx*Sweek term is significant and 
negative). The user should keep in mind that in 
this model with the Tx*Sweek interaction, the in- 
te~ret~tio~ of the main effects (SqrtWeek and 
TxDrug) depends on the coding of these variables. 
To compare this model to a random-intercepts 
mode1 (the model specified by the DEF lile in Ta- 

6a)? the likelihood-ratio x2 test can be used. 
ed on this test, there is clear evidence of signifi- 

cant variation in the linear time-trends (likelihood- 
ratio x2 = -2[-1699.739 - t-1663.326)] = 72.83, 
d.f. = 2, P < 0.001) over and above the individual 
intercept variation. Significant negative associa- 
tion between the intercept and linear time terms is 
indicated, suggesting that those patients with the 
highest initial severity show the greatest improve- 
ment across time (e.g. largest negative time- 
trends). 

5. Hardware and software 

MIXOR is written in standar 
with double arithmetic precision 
developed for MS-DOS pers 
later ported over to the MA 
ment. As a result, it’s use on 
sonal computers does not ta 
system’s menu-orientated in 
either the MS-DOS or MA 
ment MIXOR requires a m 
program stores all necessary matri 
in a single one-dimensional array. 
no fixed limitations on the numbers o 
units, level-l units, or model variables. 
utilizes some MATCAL su 
forming the matrix algebra operations. 

6. Availability 

The MIXOR program is available at no 
Those interested in obtaining a copy of t 
gram should contact the first author by 
mail at HEDEKERQUIC.EDW or sen 
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diskette by normal mail to Ann Hohmann, Ph.D., 
ervices Research Branch, 5800 

oom #lOC-06, Rockville MD, 
20857. 
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