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1 Models for ordinal outcomes

1.1 Two-level ordinal analysis of TVSFP data

1.1.1 Introduction

The term "ordinal" is applied to variables where the response measure of interest is
measured in a series of ordered categories. Examples of such variables include
Likert scales and psychiatric ratings of severity. Nominal and ordinal outcome
models can be seen as generdizations of the binary outcome model. The ordina
model becomes important when the outcome variable is not dichotomous, or not
truly continuous. If an ordinal outcome is analyzed within a continuous model, such
amodel can yield predicted values outside the range of the ordinal variable. As with
binary data, some transformation or link function becomes necessary to prevent this
from happening. The continuous model can aso yield correlated residuas and
regressors when applied to ordinal outcomes because the continuous model does not
take the celling and floor effects of the ordinal outcome into account. This can then
result in biased estimates of regression coefficients, and is most critica when the
ordinal variable in question is highly skewed. Armstrong & Sloan (1989) also report
efficiency losses between 89% and 99% when comparing an ordinal to a continuous
outcome, depending on the number of categories and distribution within the ordina
categories.

Extensive work on the development of methods for the analysis of ordinal response
data has been undertaken by numerous researchers, including Hedeker & Gibbons
(1994). These developments have focused on the extension of methods for
dichotomous variables to ordinal response data, and have been mainly in terms of
logistic and probit regression models. The proportional odds model proposed by
McCulloch (1980) is a common choice for analysis of ordina data. This model,
which is described in detail in Section 1.1.3, is based on the logistic regression
formulation.

In this chapter we will now build on the dichotomous model discussed earlier and
introduce the ordinal model, illustrating the use of this model using the TVSP (Flay,
et. al., 1988) data previously used in this manual.



1.1.2 The data

The study was designed to test independent and combined effects of a school-based
socia-resistance curriculum and a television-based program in terms of tobacco use
and cessation. The data from the study included a total of 1,600 students with both
pre- and post-intervention scores from 135 classrooms drawn from 28 schools.
Schools were randomized to one of four study conditions:

0 A socia-resistance classroom curriculum
o0 A media(television) intervention

0 A socid-resistance classroom curriculum combined with a mass-media
intervention, and

0 A no-treatment control group

A tobacco and heath knowledge scae was used in classifying subjects as
knowledgeable or not. In its original form, the student's score was defined as the
number of correct answers to seven items on tobacco and health knowledge.

The structure of this study indicates a three-level hierarchical structure. However,
for illustration purposes in this chapter we will consider a two-level structure in
which students are nested within schools. Data for the first 10 participants on most
of the variables used in this section are shown below in the form of a SuperMix
spreadsheet file, named tvsfpors.ss3, located in the Examples\Ordinal subfolder.

E¥ tvsfpors.ss3 o ] 4
404 Apply |
(&) School | (B) Class | (CLTHKSer | (DLTHKSH | ELPeTHE | FLCC | GLTY | (HLCooTy =

1 40300 403101.00 3.00 1.00 2.00 1.00 0.00 0.00/_|

2 40300 40310100 4.00 1.00 400 1.00 0.00 0.00

3 40300 403101.00 3.00 1.00 4.00 1.00 0.00 0.00

1 40300 403101.00 4.00 1.00 3.00 1.00 0.00 0.00

5 40300 403101.00 4.00 1.00 3.00 1.00 0.00 0.00

5 40300 403101.00 300 1.00 4.00 1.00 0.00 0.00

7 40300 403101.00 2.00 0.00 2.00 1.00 0.00 0.00

5 40300 403101.00 4.00 1.00 400 1.00 0.00 0.00

5 40300 403101.00 4.00 1.00 5.00 1.00 0.00 0.00

10 40300 403101.00 4.00 1.00 300 1.00 0.00 0.00/ =
] »




The variables of interest are:

0 School indicates the school a student isfrom (28 schoolsin total).

0 Class identifiesthe classroom (135 classroomsin total).

0 THKSord represents the post-intervention tobacco and health knowledge
scaled score, with 4 categories ranging between 1 and 4. The frequency
distribution of the post-intervention THKS scores indicated that
approximately half the students had scores of 2 or less, and half of 3 or
greater. In terms of quartiles, four ordina classifications were suggested
correspondingto 0—1, 2, 3, and 4 — 7 correct responses.

0 PreTHKS indicates a student's score prior to intervention, i.e. the number
correct of 7 items.

0 CcC is a binary variable indicating whether a social-resistance classroom
curriculum was introduced, where 0 indicates “no” and 1 “yes.”

0 Tvisanindicator variable for the use of media (television) intervention, with
a“1” indicating the use of mediaintervention, and “0” the absence thereof.

0 CC*TV was constructed by multiplying the variables Tv and cc, and
represents the cc by Tv interaction.

In this chapter we will explore a random intercept model using the ordina variable
THKSord as outcome. In Chapter XXX, the post-intervention score was assumed to
be a continuous variable. In contrast, here categories are created and the implied
data collapse may lead to a loss of information and thus results may differ from
those obtained previously.

1.1.2.1 Exploring the data

The focus in this chapter is on the influence of the intervention on the tobacco
health knowledge scores of the students, as represented by the ordinal outcome
variable THKSord. A cross-tabulation of the variables CC, TV,and THKSord are given
in Table XXX1 below.

In general, students not exposed to the social-resistance classroom curriculum (CC =
0) seem to have less health knowledge than those students exposed to the social-
resistance classroom curriculum (CC = 1), regardless of their exposure to media
intervention. The opposite is true for students from groups assigned the social-
resistance classroom curriculum (CC = 1).



Table XXX1: Crosstabulation of CC, TV and THKSord

TV | cC Total
0 1
0 THKSord 1 117 62 179
2 129 78 207
3 89 106 195
4 86 134 220
Total 421 380 801
1 THKSord 1 110 66 176
2 105 86 191
3 91 114 205
4 110 117 227
Total 416 383 799

The trend is also apparent when the post-intervention scores are expressed as
proportions (see Table XXX2).

Table XXX2: Observed proportion of high post—intervention scores

TV | cC Total
0 1
0 THKSord 1 0.0731 0.0388 0.1119
2 0.0806 0.0488 0.1294
3 0.0556 0.0663 0.1219
4 0.0538 0.0838 0.1375
Total 0.2631 0.2375 0.5006
1 THKSord 1 0.0688 0.0413 0.1100
2 0.0656 0.0538 0.1194
3 0.0569 0.0713 0.1281
4 0.0688 0.0731 0.1419
Total 0.2600 0.2394 0.4994




First, notice that the outcome variable. THKSord has a skewed distribution. By
combining the proportions per category over interventions, we find that 0.2219 of
the 1600 students had a value of 1 for THKSord, 0.2488 had a value of 2, 0.25 had a
value of 3, and 0.2794 a value of 4 for THKSord. The monotonic increase in the
proportion observed in each category of THKSord indicates that it would be
inappropriate to try to fit a continuous model to the data.

The pre-intervention scores of the students may be used as a covariate in the
anaysis. To get some idea of the relationship between the scale score PreTHKS and
the post-intervention score THKSord, an exploratory graph may be useful. To take a
closer look at the distribution of PreTHKS, select the Data-based Graphs,
Univariate... option from the File menu after opening the SuperMix sSpreadsheet
tvsfpors.ss3.

File Edit ‘wWindow Help

Mew Project Chrl+M i

Import Data File, . ChF+T

Close

Mew Madel Setup Chrl+ HkSor | [D)_THKSbi |

Open Existing Model Setup... Ctrl+E 3.00 1.00

Corwert MIX Definition File. .. Cbrl-+M 4.00 1.00
3.00 1.00

Mew Syntax File 4.00 1.00

Open Syntax File... 4.00 1.00

Data-based Graphs Exploratory...

Cpen Graph... Chrl+G Univariate. ..

Bivariate...

Save Chrl+5

Multivariate. ..
Save As...

Exit
I A0 UETOT o0 3.00 1.00

The Univariate plot dialog box is activated. Select the variable PreTHKS, and request
aBar Chart. Click Plot.



Univariate plot

List of \ariables
MName

=
=3
»

Schoal
Class
THKSord
THESbin
Intrcpt
PreTHES

233 e e e

& Bar Chart
" Pie Chart
3D Pie Chart
© Hiztogram

=
=l

Flaot | Cancel |

Mumber of class intervals: |10

The graph shown below is obtained. In contrast to the outcome variable THKSord,
the distribution of the PreTHKS score has a lower mean, with very few students
exhibiting extensive knowledge on the subject matter (PreTHKS =5 or PreTHKS =
6).

PreTHKS

500 4

500

4004

3004

200

100

04
o 1 2 3 [:}

Figure XXX.1: Distribution of the PreTHKS scores
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We now take a closer look at the distribution of the outcome variable at each
distinct pre-intervention score value by utilizing the Data-based Graphs, Bivariate
option on the File menu. By default, a bar chart will be produced. Select the variable
THKSord in the Y column and the variable PreTHKS in the X column, and request a
Box and Whisker plot before clicking the Plot button.

Ligt of \ariables
Mame | i | S —

Schoal | _I
Clazz | r
THESard W |
THESbin | r
Imtrept |
PreTHKS - v
cc |
Ik | r
CCATY |
" Scatter Plat
= Line Orly Plat
" Scatter and Line Plot
& Bow and Whisker
" Bivariate Bar Chart
Mote: Only one X variable may be selected

Plat | Cancel |

The figure below shows a reasonably steady increase in the mean THKSord with
increasing PreTHKS scores. This seems to be expected: students with more initial
knowledge ending up having higher post-intervention scores as well. Note that only
55 of the 1600 observations showed a score of 5 or higher on the pre-intervention
score, and that no student obtained a post-intervention score of 7 out of 7.
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THKSord vs. PreTHKS

THKSord

0 i 1 3 4 3 8
PraTHKS

Figure XXX.2: Box-and-whisker plot of THKSord for values of PreTHKS

Finally, we also take a look at the mean pre-intervention scores of the students for
each of the four subgroups. These are summarized in Table XXX3 below, and show
that the mean pre-intervention scores do not differ much.

Table XXX3: Mean pre-intervention scores

Study condition | Mean
cc=0,Tv=0 | 2152
cc=0,Tv=1 | 2087
cc=1T1v=0 | 2050
cc=1T1v=1 | 1979

1.1.3 A multilevel ordinal model with logistic link function
1.13.1 The proportional odds model

The model we use for the analysis of ordinal data is based on McCulloch's (1980)
proportional odds model, which characterizes the ordina responses in C categories
in terms of C - 1 cumulative category comparisons, specifically Cc - 1 cumulative
logits. The McCulloch model can be written as

12



Ply<c) |_ .
log{—l_P(ygcJ—n xp

where

o c=1..,C-1 for the C categories of the ordina outcome
x isthe vector of explanatory variables, plus the intercept

7. represent the threshold parameter(s); and reflect the cumulative odds
when x=0.

The positive association between a predictor variable x and the ordinal outcome
variable y isreflected by f. It isassumed that the effect of x isthe same for each

of the cumul ative odds ratios.

Toillustrate, consider a model with a single predictor x.The odds that the response

is less than or equal to ¢ (for any fixed c) is divided by €’ for every unit change in
X, as shown below:

{ P(y<c)

m} =exp(7, —xp)

()"

On the other hand, the odds that the response is greater than or equal to ¢ (again for
afixed c) ismultiplied by €’ for every unit changein x:

1- P(yﬁ C) s X(eﬂ)x
P(y<c) '

It can be illustrated that the ordinal model, when used for a dichotomous variable
(coded O or 1), is equivaent to the model discussed in Chapter XX. In that model,

13



however, no thresholds were introduced. To motivate the ordinal regression model,
it is often assumed that there is an unobservable latent variable (y*) which is

related to the actual response through the "threshold concept.” An example of thisis
when respondents are asked to rate their agreement with a given statement using the
categories "Disagree,” "Neutral," "Agree." These three options leave no room for
any other response, though one can argue that these are three possibilities along a
continuous scale of agreement that would also make provision for "Strongly Agree"
and "Disagree somewhat." The ordinal responses capture in y and the latent

continuous variable y* arelinked through some fixed but unknown thresholds.

For the dichotomous model, one threshold value is assumed, while for the ordinal
model, a series of threshold values y,,7,,7,,....,7., Where C equals the number of
ordered categories, y,=-, and y. =, is assumed. Here, a response occurs in
category ¢ (Y =c) if the latent response process y exceeds the threshold value
7., but does not exceed the threshold value y,. The cumulative probabilities are
given in terms of the cumulative logits with C—1 strictly increasing model
thresholds 7,,7,,...,7c_,. In the current case, we will thus have C -1 = 3 cumulative
probabilities, given in terms of 3 thresholds y,, 7, and y,. The thresholds represent

the marginal response probabilities in the C categories. We will illustrate the use of
the logistic link function in this example.

To set the location of the latent variable, it is common to set a threshold to zero.
Usually, the first of the threshold parameters () is set to zero. Alternatively, the

model intercept (5,) is set to zero and C -1 thresholds are estimated.

1.1.3.2 The mixed-effect ordinal logistic regression model

A limitation of the model specified in the previous section is that it is assumed that
the effect of covariates is the same across the cumulative logits. To overcome this
limitation, an extension of the mixed-effects ordinal logistic regression model to
alow for nonproportional odds for a set of regressors was developed by Hedeker &
Mermelstein (1998). This generalization of the proportiona odds model can be
formulated as

14



Ply<c) |_ . ry .
logL—P(ySC)}_% [Xijﬁ"‘zijvi]

In this model, as in the proportional odds model, the origin of the latent variable y
is set by setting the first threshold, y,, equal to zero. It is assumed that

v, ~ NID(0,%,) . The unit of measurement is o = 7 /+/3.

For this model, the category probabilities are defined as

P(yij <c) :'/’(VC_(X;]B"‘Z;]Vi))
and

P(yij :C) :V/(Vc _(X;jl}+z;jvi ))_l//(yc—l_(xgjl}+z;jvi ))
where the cumulative standard logistic distribution function is

1
1+ eXp[_?/c _(X;jﬁ +Z;j Vi )] |

l//(j/c ~(x;B+2,V, )):

Various link functions may be used with this model. If we define G’l[P(y”. < c)]
as

G P(y; <) |=r.—(x;B+7zv,),

or, equivaently,

P <¢)=6[r.-(xprzv)]

15



three types of models can easily be fitted:

o Using G*(P)=log|[ P/(1-P)]will give a cumulative logit model, i.e. a
proportional odds model,

0 using Gfl(P):qfl[P/(l— P)] will produce a cumulative probit model,
and

o using G™*(P)=log|-log(1-P)], the so-called complementary log-log
link, will give a proportional hazards model.

For more on the use of link functions, please see Section XXX.

1.1.3.3 A general multilevel ordinal model

The multilevel representation of the ordinal model follows the same logic as the
dichotomous model discussed in Section XXX. When the multilevel model is
expressed in terms of the observed response variable y, the level-1 model is written

in terms of the cumulative logits, as shown below.

Level-1 model:

Iog{P(y'—SC))]—yc—[iji].

1-P(y, <c

where x; represent the values of the covariates corresponding to level-1 unit |
nested within level-2 unit i .

Level-2 model:

If all the elements of the coefficient vector b, are allowed to vary randomly across
level-2 units, then

b =p+v,

16



which models the level-2 effects as a function of an overal mean B and a unique
random component v, ~ NID(0,X,). The latter is aso referred to as the level-2

residuals and indicates the extent to which a given level-2 unit differs from the
average, as estimated by the first part of the level-2 model.

Note that the level-2 model does not depend on the response variable. As the
regression coefficients g, B, 5, and S, are without subscript, it is assumed that

they do not vary across the categories and hence that the relationship between the
predictor variables and the cumulative logits is not dependent on c¢. McCulloch
(1980) referred to this as the assumption of identical odds ratios across the C-1
categories.

In practice, a subset of the coefficients b, are assumed to have fixed, but unknown,

values. For example, a random intercept-and-slope model with 2 predictors of which
the first has arandom slope would have alevel-2 model of the form

bOi = ﬂo Vo

bli = ﬂ1 TV

i 2

In this model, only the first two coefficients are assumed to vary randomly across
the level-2 units.

Another characteristic of the current model is that a positive coefficient for a
regressor indicates that the odds that the response is greater than or equal to ¢
increases with an increase in regressor values. However, another formulation as
shown below, in which the regression parameters p are identical but of opposite

sign, is commonly used in survival analysis models (see Chapter XX X):

log i =y.+[xb, ] (c=1..C-1)
1_Pijc c i~ e :

17



1.1.34 An ordinal model with 2 covariates and an interaction term

As in the case of the binary variable THKSbin, we intend to explore the relationship
between the type of intervention, the pre-intervention scores of students and the

ordinal outcome variable THKSord. We do so using a 2-level model, with students
nested within schools.

Level-1 model:

At thefirst level, the pre-intervention score is used as predictor.

ij —

1-P(THKSord, < c)} = 7o —[ by +yPreTHKS, | (j=1...n subjects)

g{ P(THKSord, <c)

Level-2 model:

At the school level, the types of intervention (represented by the dummy variables
cc and TV) are used to explain differences in the intercepts of the groups. In
addition, the interaction between cC and TV isincluded in the model.

by = By + B,CC + B, TV, + B,(CC*TV). +v; (i=1,...,N groups)
b, =4

It is assumed that v, ~ NID(0,57) .

The model can aso be formulated in asingle expression as:

[ P(THKSord, <c) }
log
1- P(THKSord, <c)

=7, ~[ B, + BPreTHKS; + B,CC, + BTV, + B,(CC*TV). +V,]

18



Recall that the outcome variable has 4 categories. There are thus 3 thresholds. In
this model

o 0-p, (remember that y, =0 for identification purposes) is the first logit
(category 1 vs. categories 2 to 4) for groups with no intervention (CC =Tv =
0). Thislogit is adjusted for the effect of PreTHKS.

o0 y,—pf, isthe second logit, representing categories 1 and 2 vs. categories 3
and 4, for groups with no intervention (CC = TV = 0). This logit is aso
adjusted for the effect of PreTHKS.

0 y,—p, isthethird logit, representing categories 1 to 3 vs. category 4, for the
same groups and again adjusted for the effect of PreTHKS.

The coefficient S, represents the effect of PreTHKS on THKSord.
The coefficient S, denotes the PreTHKS adjusted logit differences between
cc=1landcc =0 ((forTv=0).

0 The coefficient S, denotes the PreTHKS adjusted logit differences between
TV =yesand TV =no (for cc =0).

o0 The coefficient g, is the adjusted difference in logit attributable to
interaction between cc and TV (CC*TV).

0 The random school deviation is represented by v, . Note that we assume a
single, fixed and thus common PreTHKS slope over the level-2 units.

0 The interpretation of the coefficients is dependent on the coding of the
variables used in the model.

1.1.35 Setting up the analysis

Using the data in tvsfpors.ss3, we consider the situation where students are nested
within schools and fit a two-level model with the ordinal variable THKSord as
outcome. We wish to examine the relationships between the outcome and the two
intervention methods employed, ssimultaneously taking students pre-intervention
scores into account. To do so, we use the model described above with schools as the
level-2 units.

Use the File, Open Spreadsheet option to activate the display of an Open dialog box.
Browse for the file tvsfpors.ss3 in the Examples\Ordinal folder. Select the file and
click the open button to return to the main SuperMix window, where the contents of
the SuperMix system file are displayed. We are now ready to provide model
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specifications.

We use the SuperMix interface to provide the model specifications. From the main
menu bar, select the File, New Model Setup option. The Configuration tab of the
Model Setup dialog box is displayed by default.

Eariablesl Starting \r"aluesl Eatternsl advancedl Linear Tranzforms

Title 1: | TYSFP Ordinal

Title 2 IStudents in Schools

Dependent Y ariable Type: Iordered j Level-2 Dz ISchool j
Dependent Wariable: ITHKSDIEI j Level-3 IDs: I j
Categories: T Valus WWite Bayes Estimates: Ino j
2 |2 Convergence Criterian: IU.DDD1
i i Number of [terations: |1DEI

Mizsing Values Present: |falze j Perform Crosstabulation: Ino 'I

|Jze the amow keys ar click on the desired tah to select the categaory of interest for the model.

Start by selecting the ordinal outcome variable THKSord from the Dependent
Variable drop-down list box. The type of outcome is specified as ordered using the
drop-down list box in the Dependent Variable Type field. Once this selection is
made, the Categories field is displayed. The School identification variable is used to
define the hierarchical structure of the data, and is selected as the Level-2 ID from the
Level-2 IDs drop-down list box. A title for the analysis is entered in the Title fields.
A convergence criterion of 0.0001 is requested. By default, the maximum number of
iterations allowed is 100. Default settings for al other options associated with this
tab are used. Proceed to the variables tab by clicking on this tab.

The Vvariables tab is used to specify the fixed and random effects to be included in
the model. Start by selecting the explanatory (fixed) variables using the drop-down
list box next to the first row in the Explanatory Variables box. After selecting al the
explanatory variables, the random effect(s) at level 2 must be selected. In this case,
we wish to allow only the intercept to vary randomly over the schools. By default,
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the intercept is assumed to vary randomly over higher levels of the hierarchy as
indicated by the checked boxes for the Include Intercept options.

¥ Model Setup o ] |

LConfiguration  Yanables |§talting Valuesl Eattemsl Advanced | Linear Trangforms

Awailable | E | 2 Explanatary Y ariables L-2 Flandom Effects |
Schoal | PreTHES
Class | CC
THESord | X
THESbin | CCeTY
Intrept i
PreTHES v |
CC v |
T v |
CLITY el ¥ Include Intercept

¥ Include Intercept

Select the columnzs of the spreadsheet to be used as explanatory variables and random effects.

We opt to increase the number of quadrature points to be used during estimation. To
do so, select the Advanced tab and change the Number of Quadrature Points field to
25. We also request the use of alogistic link function from the Function model drop-
down list box..
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Qonfigurationl Eariablesl Starting Valuesl Patterts

Linear Transforms |

— Explanatary Y ariable Interactions

Include Interactions: Ino j Right-Censoring:; Inone j
Madel Terms: Isubtracl j
— Ordered Dependent Yariable Settings
Urit Weighting: quual j
Function Model: IIogistic j

Murnber of Quadrature Points: |25
Prior for Murnerical Quadrature: Inormal ’l
Priar Diistributiot: Ispecific 'I

Use the arrow keys or click ot the desired tab to select the categom of interest for the model.

Before running the analysis, the model specifications have to be saved. Select the
File, Save option, and provide a name for the model specification file, for example
TVOS.mum. Run the analysis by selection the Run option from the Analysis menu.

1.1.3.6 Discussion of results
Portions of the output file TVOS.out are shown below.

Program information and syntax

% T¥0S.0ut =]
Model=0Ordinal; ;I
Options Conwerge=0.0001 Maxiter=100 Bayez=Ho ModelTerms=subtract

NOuadPTE3=25 Prior=normal; _J
Link=logistic;

Varnames= S&chool Class THESord THES2bin Intreopt PreTHES CC TV 'CC*TV' intcept;
Titlel=TVEFP Ordinal;

Titlez=8tudents in Schools;
DataFile=C:\Program Files)SuperMix)\TWOS. dat;
LevelzID= School;

Dependent= THESord;

Categories= 1 & 3 4;

Predictors= intcept PreTHES CC TV 'CC*IV';
LZPandom= intcept;

FixPatType=Free;

CoviPatType=Correlated;

Save As.. Cloze
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At the top of the file, the syntax saved to the TvOS.mum fileis shown. The first part
states the selection of iteration control options, requests for Bayes residuals, and the
specifications necessary to define the model fitted as an ordinal model with logistic
link function. The second part of the syntax provides information on the structure of
the data, the name and structure of the outcome variable, and the predictors included
in the model. Note that this part now also includes information on the categories of
the outcome variable and the link function selected.

The next section contains a description of the model specifications. The use of a
logistic response function (logit link function), with the assumption of a normal
distribution of random effectsisindicated. It is also noted that covariate and random
effect means are subtracted from the thresholds, implying that a positive coefficient
indicates a positive association between the outcome and the predictor in question.
To add the covariate and random effect means instead of using the default subtract
setting, the add option must be selected in the Model Terms field on the Advanced
tab of the Model Setup dialog box.

# TV0S.0ut =10l x|

TUSFP Ordinal
Students in Schools

Response function: logistic
Random-effects distribution: normal

Covariate(=s) and random—-effecti{s) mean subtracted from thresholds
==r positive coefficient = positive association between regressor

and ordinal ocutcome -
4| | 3

Save Az | Cloge |

Descriptive statistics and starting values

After the observation counts, descriptive statistics for all variables included in the
model are followed by a frequency table for the categories of the outcome variable,
and starting values for all coefficients. The starting values for the predictors cc, Tv,
CC*TV and PreTHKS are given in the first line (covariates), while the starting value
for the variance component associated with the random level-2 intercept is given in
the second line (var. terms). Finaly, starting values for the second and third
thresholds (y, and y,) are given.
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= TYDS.out

Category Frequency
1.00 25500
z.00 29800
3.00 40000
4_00 447 _00

Starting values

covariates o_0o0 0,000
VAr. Lerms 0_&574
thresholds 1.1z27 EZ.z20z

l

0.o0oo0

Proportion

o.zzZleg
0.z427%
0.z5000
0.z7338

0.o0o00  0.000

Save bz | LClose

Fixed effects results

=10l x|

* Final Results - Maximum Marginal Likelihood Estimates *
Total Iterations = 329

Tuad Prs per Dim = Z5&

Loy Likelihood = —Z11%.743

Dewviance (-ZlogL) = 4739, 4868

Bidge = 0.100

Wariahle Eztimate Stand. Error 2
intcept 0.08855 0.31306 O_Z8Z286
PreTHES 0.40331 0.04233 Q_39E13
cc 0.92353 0.371z8 Z.487E6
v 0.27485 0.31E0%9 087231
CC*TVW -0.46570 0.40813 -1.146E7
<]

p-values
0.777E8 (&) J
0.00000 (E)
0.0lz86 (&)
0.328304 (EZ)
0.ZE1E8Z (Z) -
| v

Save Ag... | LClogze
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The output describing the estimated parameters after convergence is shown next.
Thirty-nine iterations were required to obtain convergence, using 25 quad points per
dimension. The likelihood function value at convergence as well as the deviance are
also given, and may be used to compare a set of nested models. The estimates are
shown in the column with heading Estimate, and correspond to the coefficients
Bos Bis -, B, in the model specification. Significant effects of PreTHKS and CC are
observed. With the exception of the CC*TV interaction term, positive relationships
between the predictors and the ordinal outcome variable are indicated by these
results. We also note that the coefficient associated with the curriculum-based
intervention (CC) is amost three times the size of the estimated coefficient for
mediaintervention (TV).

Random effects results

The last part of the output file contains information on the random effects,
thresholds, and calculation of the intracluster correlation coefficient. The variation
in intercept over schools is estimated at 0.271, with the associated p-vaue of 0.001

indicating its statistical significance. The estimates of y, and y, are 1.242 and
2.420 respectively — recall that for identification purposes y, was set to zero.

%2 T¥DS5.0ut - -0 x|
Pandom effect wvariance term (standard deviation) _:J
intecept 0.z27118 0.091z4 Z.97z04 0.00148 (1)

Thresholds (for identification: threshold 1 = 0)

z 1.24187 0.08830 14.05354 o_ooooo (1)
3 2.42044 0.08361 28.94770 0.00000 {1}
note: (1) l-tailed p-walue

(2 Z-tailed p-walue

Caleulation of the intracluster correlation

residual wariance = pi*pi / 2 {assumed)

cluster wariance = (0,271 * 0_.z271) = 0.074

intcracluster correlaticn = 0.074 7 ¢ 0,074 + {(pi*pis3)) = 0_0ZZ =
< | | v
Save Az | Close
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In the case of the fixed effects, a 2-tailed p-value is used, as the aternative
hypothesis considered here is of the form H,: g # 0. As variances are constrained

to be elements of the interval [0,+x), the p-values used for these effects are 1-
tailed. If the model istrue, it is assumed that the level-1 error variance, &7, is equal

to 7% /3 for the logistic link function, where 7 represents the constant 3.141592654
(see, e.g., Hedeker & Gibbons (2006), p. 157).

Finally, the calculation of the intracluster correlation is shown. In this calculation it
is assumed that the residual variation, o7, is equa to /3. The value of 0.022

indicates that amost all variation is attributable to students, rather than to the
schools.

1.1.3.7 Interpreting the output
Model-based graphs

Activate the Model Setup window by clicking on it. Using the Plot Equations for
Outcome Variable dialog box that appears when the File, Model-based Graphs,
Equations option is selected, we can graphically depict the trend in post-intervention
scores as a function of pre-intervention scores, taking the type of intervention into
account. The dialog box below shows the selection of the predictor PreTHKS.
Grouping of plots by the categories of CC is requested, while marking of the plots
by TV is indicated by the selection in the Mark column. Two graphs will thus be
displayed on the same set of axes. one for each value of the indicator variable Tv.
By default, all variables present in the model, but not selected for inclusion in the
graph, will be assumed to have avalue of 0. In the current situation, this means that
CC*TV is kept constant at zero. In effect, the graphs are for students from schools
where only one of the interventions was administered; students from schools where
both were implemented would have avalue of 1 on the variable CC*TV.
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Plot Equations for Outcome ¥ari

List of Wariables

Hame | F'reu:lictorl Group | bark |~
intcept I I [ I
PreTHES v I [

CC I [ [
TV o
CC*TY I I B

¥ Femaining predictors fixed at 0
" Femaining predictors fixed at their means

Mote: Only one wariable may be zelected for
grouping and only one for marking.

Plot | Cancel |

Figure XXX.3 shows dlightly modified versions of the graphs obtained when the
Plot button is clicked. For publication purposes, the line type associated with the
value TV = 1 was changed to a dotted line. This was accomplished by clicking on
the top line to activate the Plot Parameters dialog box and changing the line
parameters so that the color is green and the style is dotted rather than solid. The
plots show that the curriculum-based intervention had a larger effect on the post-
intervention score: the intercept in the case where cC = 1 is appreciably higher than
when cC = 0. In both graphs, the solid line indicates the absence of media-based
intervention. The use of media-based intervention seems to have had a positive,
albeit small, effect on the outcome.
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Logit{THKSord) vs. PreTHKS (Threshold 1)
=]

CC=0 5] cCc=1
T

B
1

Logt THKS ard)
Logt THKS ard)

=]
(]

FreTHKS PraTHKS

Figure XXX.3: Model-based graphs of THKSord by PreTHKS for groups
Interpretation of fixed effect estimates

The outcome variable has four categories, and there are thus 3 thresholds. The first
of the thresholds, y,, is set to zero in this analysis. The second and third thresholds
are estimated under this model as ;72 = 1.24187 and ;73 = 2.42044. The coefficient
B, representing the effect of PreTHKS on THKSord, is estimated as 0.40331. The
PreTHKS adjusted logit differences between cc = 1 and cC = 0 (keeping TV = 0) is
estimated as ﬁz =0.92359, in contrast with the PreTHKS adjusted logit differences
between TV = yes and TV = no (keeping cCc = 0) which is estimated as
ﬁ3 =0.27485. The coefficient S, denotes the adjusted difference in logit

attributable to the interaction between cc and Tv (CC*TV) and is estimated at
—0.46570, which diminishes the combined effects of cc and Tv.

Logits for groups with no intervention
Thefirst logit for groups with no intervention, for category 1 vs. categories2to 4, is
0- ﬁo =-0.08855. The second logit for the same group, for categories 1 and 2 vs. 3
and 4, can be calculated as y,— 3, =1.24187—0.08855=1.15332. The third and

final logit for this group, for categories 1 to 3 vs. 4, is 773 —,BO = 2.42044—0.08855

= 2.33189. All of the logits are adjusted for the effect of the pre-intervention score
PreTHKS.
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Logits for groups with classroom curriculum intervention (CC = 1)
Turning to the groups with classroom curriculum intervention (CC = 1), logits can
be obtained in similar fashion. 0-j,— /3, =-0.0885—0.92359 = —1.00909,

7,—PBo— B, =1.15332-0.92359=0.22973, and 7, - 3, — 3, = 1.4083.

Logits for groups with media intervention (TV = 1)

For the groups where media intervention was employed, the logits are:
0-B,—B,=-0.3634, y,— B, — B, =0.87847,and y,— B, — B, = 2.05704.
Estimated outcomes for groups: unit-specific results

To evaluate the expected effect of the cc, Tv, CC*Tv, and PreTHKS variables we use
the expression below:

[ P(THKSord, <c)

~ = ¥ ~| Bo+BoCC, + BTV, + B,(CC*TV), + B,PreTHKS,
1P(THKSorngc)} 4 [ﬂO & Ps Pa )+ Py 1}

=7, —| 0.08855+0.92359CC, +0.27485TV, —0.46570(CC* TV ), +0.40331(PreTHKS; )|

The variable PreTHKS is treated as a continuous variable in this example, although it
too is originally a scale score. In order to facilitate comparison of treatment groups,
the mean PreTHKS score for groups can be used to obtain the logits. The mean
PreTHKS scores for each of the four treatment groups were given in Table XXX3.
Thistable is reproduced below.

Table XXX3: Mean pre-intervention scores

Study condition | Proportion
cc=0,Tv=0 2.152
cc=0,Tv=1 2.087
cc=1T1v=0 2.050
cc=1T1v=1 1.979
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The probabilities for the responses of typical subjects from the group with no
intervention (Tv = cc = 0) can be obtained using the modified equation

P(THKSord, <c) | -
~ = 7, —[0.08855+0.40331(2.15202)]
1- P(THKSord, <c)

=y, —0.95648.

Let

. { P(THKSor, <c) ]
M =10 = :
1- P(THKSor, <c)

j =

Similar equations for the groups with classroom curriculum intervention and media
intervention respectively are then

My = 7. —[0.08855+ 0.92359+ 0.40331(2.05000)
~ 7. -1.83893
and

Tye = 7o —[0.08855+0.27485 + 0.40331(2.086538)
— 7, -1.20492.

When both intervention methods were employed and thus TV = cC = cc*Tv =1, we
have

7A7ijC = 7A/C - [0.08855+ 0.92359+0.27485-0.46570 + 0.40331(1.979112)]
=y, —1.619486.

In this example, the logistic link function was specified, and we can rewrite any
formula of the form

nijczyc_a
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in the alternative form

~ c-a 7lijc
P(THKSord, <c)=———=—.
1+ eﬂ’c 1+ e’]l]c

Table XXX4 contains the cumulative response probabilities obtained through
substitution in the above formulae for the first three categories of the ordind
outcome THKSord.

Table XXX4: Cumulative response probabilities for various groups and
categories

Category | cc | TV ﬁijc =y.—XP | Probability of response
1 010 -0.9565 0.2776
1 1|0 -1.8389 0.1372
1 01 -1.2049 0.2306
1 1|1 -1.6195 0.1653
lor2 00 0.28539 0.5709
lor2 1|0 -0.5971 0.3550
lor2 01 0.0370 0.5092
lor2 1|1 -0.3776 0.4067
1,20r3 00 1.4640 0.8121
1,20r3 1|0 0.5815 0.6414
1,20r3 01 1.2155 0.7713
1,20r3 1|1 0.8010 0.6902

The probabilities reported in Table XXX4 are cumulative: for example, the
probability of a response in either category 1 or 2 for the group withcc =Tv=01s
equal to 0.5709. The probability of aresponsein category 1is0.2776, and therefore
the probability of aresponse in category 2 is 0.5709 — 0.2776 = 0.2933. Similarly,
the estimated response probability of a category 3 response for a respondent from
the same group is 0.8121 — 0.5709 = 0.2412. To obtain the category 4 response for a
respondent from the first group, the value of the estimated response in categories 1,
2, or 3 has to be subtracted from 1, so that the probability of a response in category
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4 for atypical respondent with cc = Tv=0is1— 0.8121 = 0.1879. The cumulative
probabilities for the first 3 categories of the ordinal outcome are plotted in Figure
XXX 4.

Cumulative probabilitiez for first 3 categories

Probability
1.0

: CC=TV=0
: CC=1, TV=0
: CC=0, TV=1
: CC=TV=1

== =]

T T T
1 2 2

Category

Figure XXX.4: Cumulative response probabilities for categories 1 to 3 of
THKSord

The graph shows two groupings: one representing cC = 0, regardless of the value of
TVv; and the other cc = 1, again regardless of the value of Tv. The smallest
probability to fall in categories other than category 1 (normal) is for the combination
cc =TV = 1. Thefact that the plotted cumulative probability linesfor cc =1 and Tv
=1 are close to the line for cC = TV = 1 suggests that the implementation of media
intervention (Tv = 1 if implemented) has less impact on the outcome than the use of
aclassroom curriculum (cc = 1 if implemented).

To obtain category probabilities, differences between the cumulative probabilities
obtained above are calculated. In other words,

P(THKSord, =c) = P(THKSord, <c)- P(THKSord, <c-1)
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The category probabilities are reported in Table XXX5 and are graphicaly
displayed in Figure XXX.5.

Table XXX5: Estimated unit-specific probabilities for THKSord categories

Category | cC | Tv | P(THKSord, =c)
1 0|0 0.2776
1]0 0.1372
01 0.2306
1] 1 0.1653
2 00 0.2933
1]0 0.2178
01 0.2786
1)1 0.2414
3 00 0.2413
1]0 0.2864
01 0.2620
1)1 0.2835
4 00 0.1879
1]0 0.3586
01 0.2287
1)1 0.3098

A typical respondent from the control group (no intervention) was less likely to
respond in categories 3 or 4 of the ordinal post-intervention outcome variable. For
both this group and the group which was assigned to media intervention only, the
most likely response was in category 2 and the least likely response in category 4. In
contrast, groups that were subjected to the classroom curriculum intervention, with
or without mediaintervention, were most likely to display ahigh level of knowledge
(i.e., aresponse in categories 3 or 4), and least likely to respond in the first category.
From this graph we conclude that the classroom curriculum intervention was key —
groups subjected to the intervention tended to increase in knowledge over the study
period.
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E=ztimated category probabilities for 4 groups

Probability
0.5 7

Category

group o= CC=TV=0 #—— CC=1,TV=0
% CC=0,TV=1 +— CC=TV=1

Figure XXX.5: Estimated category probabilities for THKSord
Estimated outcomes for different groups: population-average results

In the introduction to this section, we defined the latent response variable model as
Yi = Zayby +XyiBey + &

making the assumption that &, ~i..d.(0,c) . For aprobit link function c? =1, and
for a logistic link function it is assumed that o’ =n*/3, as indicated in the final

lines of the output file. Under the assumption that v, and ¢; are independently
distributed, it follows that

2 _ 2
oy, = z,®,z; +o,.
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Let

The quantity d; is caled the design effect. The estimated population-average
probabilities (Hedeker & Gibbons, 2006) are obtained in a similar fashion as the

unit-specific probabilities, but replacing 7,, with ?7, =7 Jd; -

From the output, we have var(ui0)=(0.27118)2 =0.074, where u, denotes the

random intercept coefficient. In this case, z; =1 and hence, with 2 ==*/3 for the
logistic link,

cf,” =1x0.074+(3.1416)* / 3= 3.3639.

Therefore
~3.3639

= =1.0225.
3.2899

To obtain the population-average probability estimates, we now replace the 7,
values calculated for the unit-specific case with 7, =7, 1Jd; .

We can compare these estimated popul ation-average probabilities with the observed
data for the four groups formed by the categories of Tv and cC as shown in Table
XXX4 previousdy. Table XXX6 shows the estimated population-average
probabilities.

A comparison of these probabilities with those reported in Table XXX4 shows little
difference between the unit-specific and population-average category probabilities
for treatment groups. The population-average category probabilities for the first two
categories are dightly smaller than the corresponding unit-specific probabilities,
while those for category 3 are dslightly larger. The extent of differences between
unit-specific and population-average results are highly dependent on the "scaling”
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induced by dividing the 7, s by \/a . In the current example, \/E =1.0112 and

thus no large differences could be expected. To obtain category probabilities,
differences between the cumulative probabilities may be calculated, asillustrated in
the case of the unit-specific results.

Table XXX6: Cumulative response probabilities for various groups and

categories
Category | cc | TV fy,]c =1.//d; | Probability of response
1 0 | 0| -0.9565/1.0112 0.2797
1 1| 0 | -1.8389/1.0112 0.1396
1 0 | 1 |-1.2049/1.0112 0.2330
1 1|1 |-16195/1.0112 0.1678
lor2 0 | 0 |0.28539/1.0112 0.5701
lor2 1 | 0 |-05971/1.0112 0.3565
lor2 0 | 1 | 0.0370/1.0112 0.5092
lor2 1|1 |-03776/1.0112 0.4077
1,20r3 0 | 0 | 1.4640/1.0112 0.8097
1,20r3 1 | 0| 05815/1.0112 0.6399
1,20r3 0 | 1| 1.2155/1.0112 0.7689
1,20r3 1| 1| 0.8010/1.0112 0.6883
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1.2 Two-level ordinal analysis of SCHIZX data

1.2.1 The data

To illustrate the application of the mixed-effects ordinal logistic regression model to
longitudina data, we examined data collected in the NIMH Schizophrenia
Collaborative Study on treatment-related changes in overall severity. Specificaly,
Iltem 79 of the Inpatient Multidimensional Psychiatric Scale (IMPS; Lorr & Klett,
1966) was used. In this study, patients were randomly assigned to receive one of
four medications. placebo, chlorpromazine, fluphenazine, or thioridazine. Since
previous anayses (Longford, 1993, and Gibbons & Hedeker, 1994) reveaed similar
effects for the three anti-psychotic drug groups, they were combined in the present
anaysis. Finally, again based on previous analysis, a square root transformation of
time was chosen to linearize the relationship of the IMPS79 scores over time.

Data for the first 10 observations are shown below in the form of a SuperMix
spreadsheet file, named schizx.ss3.

JRI=TE
BH Fl= Edit Window Help 1= =]
[1103 &pply |
) ID [B1 IMPS79 | [CI IMPS79D | (D) IMPS790 | [E] DRUG | [F] WEEK | 5] SORTWEEK | [H] WSORT:DRUG | =

1 1103.00 5.50 1.00 4.00 1.00 0.00 0.00 .00 _|

2 1103.00 .00 0.00 200 1.00 1.00 1.00 1.00

3 1103.00 8,00 -5.00 -3,00 1.00 200 1.4 1.41

4 1103.00 250 0.00 200 1.00 200 1.73 1.73

5 1103.00 8,00 5,00 -0 1.00 4.00 200 200

B 1103.00 800 -5.00 -a,00 1.00 5.00 224 224

7 1103.00 4.00 1.00 2.00 1.00 £.00 245 2.45

8 1104.00 E.00 1.00 4.00 1.00 0.00 0.00 0.00

g 1104.00 3.00 0.00 200 1.00 1.00 1.00 1.00

10 1104.00 8,00 -9.00 -0 1.00 200 1.4 14
o i sl

The variables of interest are:

0 ID indicates the subject (437 patientsin total).

0 IMPS79 represents the original score on Item 79 of the Inpatient
Multidimensional Psychiatric Scale. It was scored as: 1 = normal, or not at
al ill; 2 = borderline mentally ill; 3 = mildly ill; 4 = moderately ill; 5 =
markedly ill; 6 = severely ill; and 7 = among the most extremely ill.
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0 IMPS79D is arecoded version of the same scale, but in binary form, where
scores up to, but excluding 3.5 were coded O, and scores of 3.5 or higher
were coded 1. The value "0" is associated with measurements classified as
normal, borderline, mildly, or moderately mentaly ill, while the value "1"
was assigned to measurements corresponding to "markedly ill" through
"most extremely ill."

0 IMPS790 is aso arecoded version of the same scale, but with the 7 original
categories reduced to four: 1 = normal or borderline mentaly ill, 2 = mildly
or moderately ill, 3 = markedly ill, and 4 = severely or among the most
extremely ill.

0 DRUG indicates the treatment group, where O indicates the placebo patients,
and 1 refers to the drug patients.

0 WEEK represents the time during the course of the study when a specific
measurement was made, and ranges between 0 and 6.

0 SQRTWEEK isthe square root of WEEK. This variable is generated within the
SuperMix spread sheet. For more information, please refer to section XXXX.

0 WSQRTXDRUG is the product of the treatment group and the square root of
WEEK.

In this data file, each subject's data consist of seven lines, these being the repeated
measurements on seven occasions. Notice that there are missing value codes (-9) for
some subjects at specific time points. The data from these time points will not be
used in the analysis, but data from these subjects at other time points where there are
no missing data will be used in the analysis. Thus, for inclusion into the analysis, a
subject's data (both the dependent variable and all model covariates being used in a
particular analysis) at a specific time point must be complete. The number of
repeated observations per subject then depends on the number of time points for
which there are non-missing data for that subject. The specification of missing data
codes will beillustrated in the model specification section to follow.

1.2.1.1 Defining column properties

Defining column properties for the ordinal data is recommended. We use the
column of IMPS790 as an example. First, highlight the column of IMPS790 by
clicking on its header. Then right click and select the Column Properties option as
shown below to open the Column Properties dialog box.
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# SuperMix - [SCHIZX.553] (]

BH Fle Edt window Help =181
|4 Apply |
@10 | Bl IMPS73 | 01 IMPS7AD | D) IMPS7aD |1 nenG | E wiEEk | im snRTwrREK | H] WSORTSDRUG | 4|

1 1103.00 5.50 1.00) |  Column Praperties... 0.00 000 _|

2 1103.00 3.00 0.00 20 1.00 1.00

3 1102.00 400 4,00 a0 E"'t Etr:Jrz 1.41 141

4 1103.00 250 0.00 g WY i 1.73 1.73

5 1103.00 .00 .00 qp Paste Gk 200 200

B 1103.00 400 400 gp Pastelvalueonly)  SHFHHCEEY oy 224

7 1103.00 4.00 1.00 21— 245 245

5 1104.00 B.00 1.00 40 pete ol oo 0.00

5 1104.00 3.00 0.00 20 1.00 1.00

10 1104.00 800 800 80 Sort Ascending 1.41 1.4

11 1104.00 150 0.00 10 Sort Descending 173 173

47 1404 NN ann a nn an eXainl ".lnr;F
ﬂJ Clear » 4

The header of the Column Properties dialog box indicates the current variable name.
Keep the default number of decimal places unchanged. Enter -9 in the Missing Value
Override string box. Select the Ordinal radio button to activate the grid field to enter
the labels for each category as shown below.

olumn Propertie =1o1=l
Header: |IMPS790
Nurnber of Decimal Places: |2—
Mizzing Valuz Owverride: |9—

€ Nominal ' Ordinal ~ Continuous

Walue | Lahel &
2 Marmal
3 |2 Moderate _I
4 |3 Marked
5 |4 Severe -
I 5l
Ok | Cancel |

Click on the ok button and save the change to the data set by clicking on the File,
Save option.
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The outcome variable: univariate graphs

As afirst step, we take alook at the ordinal variable IMPS790 which is the potential
dependent variable in this study.

Pie chart
To generate a pie chart for IMPS790, first open the schizx.ss3 in the SuperMix spread
sheet. Next, select the File, Data-based Graphs, Univariate option to load the
Univariate plot dialog box. Select the variable IMPS790 and indicate that a 3D Pie
Chart is to be graphed as shown below.

List of Wanables
Mame | Plat ©
D - I
IMPS5T3 -
IMPSTI0 l_
IMF5750 g
DRUG I
WEEK, r
SORTWEEK, r
WSRRTDRUG N
" Bar Chart
" Pie Chart
' 3D Pie Chart
" Histogram
henaie |10 =
Mumber of class intervals: |10 =

Click the Plot button to display the following pie chart. Note that most of the
observations fall into the Severe illness category. Keep in mind that the pie chart
takes all observations, regardless of the time of measurement, into account. As such,
it is informative about the distribution of al observed values of the potentia
outcome, but does not provide any information on possible trends in illness level
over time.
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':F‘ SuperMix - [3D Pie Chart - IMPS790] _ | Dlll
,'P File Settings Window Help 1= x|

IMPS790

Mormal

HMormal 180
Severe

Maiked M2
erate

Marked

Figure XXX.6: Pie chart of IMPS790 values

Relationships between variables: bivariate bar chart

It is hoped that the severity of the illness (IMPS790) will decrease over the treatment
period. Before considering fitting a model to these data, we would like to explore the
rel ationship between IMPS790 and WEEK using a bivariate bar chart.

Bivariate bar chart

A bivariate bar chart is accessed via the Data-based Graphs, Bivariate option on the
File menu. The Bivariate plot dialog box is completed as below: select the outcome
variable IMPS790 as the Y-variable of interest, and the predictor WEEK to be plotted
on the x-axis. Check the Bivariate Bar Chart option, and click Plot.
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Bivariate plokt

List of Warigbles

{1 {7

Mame |

18]

IMPS73
IMPS73D
IMPS730
DRUG

WEEK,
SORTWEEK
WELRT=DRUG

{1 | <

" Scatter Plot

" Line Only Plot

" Scatter and Line Plat
" Bow and Whisker
(O

£
Mote: Only one ¥ variable may be zelected

Flaot | Cancel |

As shown below, most patients did not participate in the study at weeks 2, 4 and 5.
At the beginning of the study (week 0), alarge percentage of patients are markedly
or severely ill. By the end of the study (week 6), most patients are reported as
normal or moderate.

':F‘ SuperMix - [Bivariate Bar Charkt - IMPS790 s YEEK] i =] ]
7 Fle Settings window Help ==l
IMPS790 vs. WEEK

300
d— B tomal
250 -l
W niarked
200 -
150 —
1004
a0
Ik i 1 H 3 4 5 [

Figure XXX.7: Bar chart of IMPS790 vs. WEEK
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1.2.2 An ordinal regression model with random intercept
1.2.2.1 Introduction

As discussed in Section XX.1.1, an ordina variable is a categorical variable where
there is a logical ordering to the categories. In most cases, treating an ordinal
outcome as a continuous variable is inadvisable, due to the reasons discussed in
Section XX.1.1. Asin the case of a binary outcome variable, alink function is used
in order to take the ceiling and floor effects of the ordina outcome into account. The
available link functions in SuperMix include probit, logistic, complementary 1og-log
and log-log. Detailed information on these link functions are given in section
XXXX.

1222 The model

Let the outcome variable be coded into ¢ categories, where ¢c=12,...,C . In this
example, the ordinal variable IMPS790 defines the severity of the illness in terms of
four categories, and thus C =4. As ordina models utilize cumulative comparisons
of the categories, define the cumulative probabilities for the C categories of the

outcome Y as P

ijc

=Pr(Y, <c)=3 p, . where p,, represents the probability that
k=1

the response of the jth measurement on patient i occurs in category k.

The type of drug, time elapsed since start of treatment, and the interaction between
drug taken and time elapsed are of interest as predictors. The logistic regression
model with IMPS790 as outcome can then be written as

Level 1 model:

Y, = Iog{%] =7, —[ by + b;DRUG, + b, SQRTWEEK, +b, (WSQRT*DRUG), |,

ijc

j=1--n;c=12--,C-1
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Level 2 model:

bOi :ﬂ0+V0i, i=1---,N

b.li :ﬂl
bZi :ﬁz
bsi :ﬁs

The cumulative probability can be expressed by

eyc—[q)i +b;DRUG; + by SQRTWEEK +by; (WSQRT*DRUG), |

P =

ijc

1+ eyc—[boi +1;DRUG; + by SQRTWEEK +by; (WSQRT*DRUG), |

To obtain the probability for category c,

Bijc=Fjca— Fi)j,c

As shown above, the intercept b, is estimated by a level-2 equation. It indicates

that patient i’s initial IMPS790 value is not only determined by the population
average f,, but also by the patient difference v, . In other words, patients may have

different average intercepts, and the model makes provision for this eventuality. The
slopes are assumed to be the same for al the patients, which implies that each
patient’strend line is parallel to the population trend.

The connection between an ordina outcome variable y with C categories and an
underlying continuous variable y' is

y=coy, <y <y, c¢c=12..,C

where it is assumed that y, =—o0 and y. =-+co. In addition, y, isusualy set to O to
avoid identification problems.
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1.2.2.3 Setting up the analysis

Open the SuperMix spreadsheet schizx.ss3 and select the File, New Model Setup
option. In the Configuration screen of the Model Setup window, enter artitle for the
anaysis in the Title text boxes. Select ordered from the Dependent Variable Type
drop-down list box. Select the outcome variable IMPS790 from the Dependent
Variable drop-down list box. Once this selection has been made, the Categories grid
is displayed, with the distinct values of the categories shown.

¥ Model Setup: SCHIZZ1.mum o ] 3

Wariables 5tarting\u"alues| Eattems' Advanced LinealTransformsl

Title 1: |Hand0m intercept ordinal logistic regression model

Title 2 [NIMH SCHIZ Data

Dependent Yariable Type: Im Level-2 1Ds: m
Dependent Y ariable: Im Lewvel-3 1Ds: Iﬁ
Categaries: T Value ‘write: Bayes Estimates: m

2z |2 Corergence Criterion: |000m—

%i Mumber of [terations: I‘IDD—

Mizzing Yalues Prezent: Itrue 'l Perform Crozstabulation: Ino 'l
Migsing Yalue for the Dependent Var: |-9
Global Missing Value: I-S

Usze the arrow keys or click on the desired tab ta select the categary of interest for the madel.

We notice that the missing value -9 is also included as a category. The Missing
Values Present drop-down list box is used to specify the values of missing data for
both outcome and predictors. As a first step, set the value of the Missing Values
Present drop-down list box to True. The appearance of the screen will change when
this is done, and text boxes for the specification of the missing data codes are
displayed. Start by entering the value -9 in the Missing Value for the Dependent Var
text box. Do the same for all the predictors included in the model by entering -9 in
the Global Missing Value text box. Finally, select the patient ID from Level-2 IDs
drop-down list box to produce the Configuration screen seen above.

Proceed to the variables screen by clicking on this tab. The Variables tab is used to
specify the fixed and random effects to be included in the model. Select DRUG,
SQRTWEEK and WSQRTxDRUG as explanatory (fixed) variables using the E check
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boxes next to the variables names in the Available grid at the left of the screen. The
Include Intercept check box in the Explanatory Variables grid is checked by default,
indicating that an intercept term will automatically be included in the fixed part of
the model. Next, specify the random effects at level 2 of the hierarchy. In this
example, we want to fit a model with random intercepts at level 2. By default, the
Include Intercept check box in the L-2 Random Effects is checked, indicating the
inclusion of arandom intercept at thislevel in the model.

% Model Setup: SCHIZX1.mum o ] 3

I Starting \"'alues' Eattems' gdvancedl Linear Transforms'

Available | E | 2 Explanatory ¥ ariables L-2 Random Effects
D r DRUG
IMP579 i SORTWEEK
IMP5790 r WiORT:DRUG
IMP5790 r
DRUG Wi
WEEK i
SORTWEEK |~
WSART=DRUG =i

¥ Include Intercept

¥ Include Intercept

Usze the arrow keys or click on the desired tab to select the categary of interest far the madel.

The default link function for the ordinal outcome variable is the probit link function.
To change it to the logistic link function corresponding to the model formulation
above, click on the Advanced tab and select the logistic link function from the
Function Model drop-down list box as shown below. Use 25 quadrature points.
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¥ Model Setup: SCHIZX1.mum o ] 3
Qonfigurationl Eariablesl Starting Valuesl Palterns  Advanced |I:inear Transformsl

— Ewplanatony Variable Interactions

Include Interactions: I no A l FRight-Cenzoring: I nohe A l

Maodel Terms: I subtract A l

— Ordered Dependent Yariable Settings

Unit ‘weighting: I equal v l

Function Model: ({1

Mumber of Quadrature Paints: |25
Prior for Mumerical Quadrature: Inormal 'l
PFriar Distribution: Ispecific 'l

I Select from probit, logistic, complementary log-log, and log-log responsze functions.

Before running the anaysis, the model specifications have to be saved. Select the
File, Save As option, and provide a name (SCHIzX1.mum) for the model

specification file. Run the analysis by selecting the Run option from the Analysis
menul.

1.2.2.4 Discussion of results

Syntax

The syntax corresponding to the model setup is given in the model specifications.
These lines of SuperMix syntax are saved as a *.inp file with the same name as the

model setup file (*.mum). At the top of the output file, the syntax lines are printed as
shown below.

The first part indicates that an ordinal outcome is analyzed, states the selection of
iteration control options, does not request Bayes residuas, and contains al the
specifications necessary to define the modd fitted as an ordinal model with logistic
link function. The second part of the syntax provides information on the structure of
the data, the name and structure of the outcome variable, the missing values and the
predictors included in the model.
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% SuperMix - [SCHIZX1.0ut] =10l x|

37 Flle  Analysis  Window Help 8] x|
The following lines were read from file SCHIZX1. inp ;I
Model=0rdinal ;

Options Converge=0.0001 Maxiter=100 Bayes=No ModelTerms=subtract

NQuadPTE=2ZE5 Pricr=normal;
Link=logistic;|
VWarnasmes= ID IMP373 IMPS73D IMPE750 DRUG WEEE SQRTWEEE WSQRTxDER intcept;
Titlel=Random intercept ordinal logistic regression model;
TitleZ=NIMH S5CHIZ data;
DataFile=C:%Program Files'\SuperMix\ SCHIZX1. dat;
LeweliID= ID;
Dependent= IMPE730;
Categories= 1 Z 3 4;
Dependent Miss=-3;
Global Miss=-9;
Predictors= intcept DREUG SQRTWEEE WSQRTxDER:
LZRandom= intcept;
FixPatType=Fres;
CoviPatType=Correlated; ;I

Save As.. LCloze

Data summary

The next section of the output file contains a description of the hierarchical structure
and model specifications. The use of a logistic response function (logit link
function) with the assumption of a norma distribution of random effects is
indicated. This is followed by a summary of the number of observations nested
within each patient. As shown below, 437 patients with atotal of 1603 observations
are included in this study after listwise deletion. The number of observations per
patient (level 2 unit) varies between 2 and 5.

¥ SuperMix - [SCHIZX1.0ut] =10l =]

:93 Eile Analysis Window Help _||5’|5|
Level 1 cbserwvations = 16032 ;I
Level Z cbservations = 437
The number of lewesl 1 obserwations per lewel £ unit are:

4 4 2 4 4 4 4 4 4 2 4 4 4 Z 2 4 2 4 2 J
4 4 4 3 i} zZ 4 4 4 4 4 i} 4 4 4 4 4 4 4
4 4 z 3 4 3 4 4 4 3 4 4 z z 4 5 4 z 4
4 2 4 4 2 z 2 4 4 4 4 4 4 z 4 4 4 3 4
4 Z zZ 4 z 4 4 e} 3 4 4 4 4 4 4 4 4 3 i}
4 Z <} 4 4 4 Z 5} 3 4 4 Z 4 4 4 Z 4 4 4
4 4 4 4 4 4 £ z 4 2 4 4 z z 4 4 4 4 4
Z2 4 4 4 4 4 4 4 4 4 4 4 4 4 Z2 4 4 Z 4
4 4 <} 4 Z 4 4 i) Z <} 4 4 i€ <} 4 3 4 4 4
4 4 4 4 4 4 4 4 4 4 4 z 3 3 5 4 3 4 4
] b 4 4 4 4 4 ] k] 4 4 4 4 4 4 4 4 4 a LI
Save Asz.. LCloze
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Descriptive statistics and starting values

Next, the descriptive statistics for al the variables are given. Notice that the variable
name WSQRTxDRUG is truncated to WSQRTxDR. This is because SuperMix only
recognizes the first 8 characters of a variable name.

# SuperMix - [SCHIZX1.0ut] =10l
;g Eile analysis  Window Help ;IEIEI
=

Descriptive statistics for all wvariables

Variable Mindmuam Mazximum Mean Stand. Dewv.
IMPE730 1.00000 4_00000 £.79601 1.0z840
intcept 1.00000 1.00000 1.00000 0.00000
intcept 1.00000 l.00000 1.00000 0. ooooo
DERUG 0. ooooo l.00000 0.75419 0.4z24564
S0RIWEEE 0. 00000 Z.44250 1.Zz2041 0.296E1
WMEOQRTxDE 0. ooooo Z.443E0 0.394474 0.3454]1

Saveds.. I Cloze I

As shown below, the output file for the ordinal outcome aso provides a frequency
table for the dependent variable. The data summary is followed by descriptive
statistics for all the variables included in the model (not shown). We note that 33%
of the measurements were in the highest category of the outcome variable, and
correspond to the "severely or among the most extremely ill" group. Only 12% of
measurements are in the first category ("normal, not at al ill").

¥ SuperMix - [SCHIZX1.0ut] B [w] 5|
:? Eile Analysis window Help &1 x|
[
Categories of the response wariable IMPETS0
Category Fregquency Proportion
l.00 1lz0.00 o.11853 [l
Z.00 474_00 0_25570
2.00 41z.00 O_Z570Z
400 EE7._00 o.2E876
|
Save Az LCloze
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Descriptive statistics are followed by the starting values of parameters. The starting
values for the predictors intercept, DRUG, SQRTWEEK and WSQRTxDR are given in
the first line (covariates), while the starting value for the variance component
associated with the random level-2 intercept is given in the second line (var. terms).
The third line shows the starting values of the thresholds. In 18% of the subjects, no
change in the category assigned for measurements was observed, as indicated by the
last two lines shown below. Since the first threshold is fixed at O for identification
purposes, starting values for the second and third thresholds only are listed.

# SuperMix - [SCHIZX1.0ut] =10l
;g Eile analysis  Window Help ;IEIEI
=

Starting wvalues

covariates 0.000 0.000 0.000 0.000
var. Lerms O.E74
thresholds l.660 2.720

==r The mumber of lewvel I observations with non-varying responses
= 79 0 12.08 percent

Saveds.. I Cloze I

Fixed effects estimates

The final results after 16 iterations are shown next. The estimates are shown in the
column with heading Estimate, and correspond to the coefficients f,, g, ..., B; in

the model specification. The standard error, Z-value and p-value are also printed.
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% SuperMix - [SCHIZX1.0ut] =100

;? File Analysis Window Help o =l |

Total Iterations = 16

Quad Pts per Dim = Z&

Log Likelihood = —-1701.3832

Deviance (-ZlogL) = 240E_TEE

Ridge = 0.000

Variable Estimate Stand. Error 2 p-valus
intcept 5.8524Z 0.34Z85 17.0%057 0. 0oooo (2
LRUG -0.0E530% 0.321083 -0.19011 0.849232 {2}
SQRTWEEEK -0.7eE71 0.11374 —-&_.3350Z 0. 0oooo (&)
WSART=DR -1.z0&E0% 0.13314 -3_058301 0.00000 (2}

RPandom effect wariance term (standard deviation)
intcept 1.94Z28 0.12749 15 zz482 0.00000 {1y

Thresholds (for identification: threshold 1 = 0}
2 2302264 0.12z37 E2.9100& 0.o00o00 (Y]
i} E.lEOED 0.173zE5 Z8.73307 0. 0oooo (L)
note: (1) = l-tailed p-value
{2} = Z-tailed p-value _J
-
Save bs.. | Close |

The variation in the intercept over the subjects is estimated as 1.94225% = 3.77233,
and from the associated p-value we conclude that there is significant variation in the
(random) intercept between the patients included in this analysis. In the case of the
fixed effects, a 2-tailed p-value is used, as the alternative hypothesis considered here
isof theform H,: g # 0. Asvariances are constrained to be elements of the interval

[0,4+) and thresholds are constrained so that y, <y, <y,, the p-values used for

these effects are 1-tailed. The results indicate that the treatment groups do not differ
significantly at baseline (the estimated DRUG coefficient is not significant). The
placebo group seems to improve over time, as the SQRTWEEK coefficient is both
significant and negative. Note that the interpretation of the main effects depends on
the coding of the variable, and on the significance of the WSQRTxDR interaction
which forms part of the model.

As noted before, it is assumed that y, =—o and y. =+, with y, usualy set to 0
to avoid identification problems. For the present example, C = 4, and from the
output we see that ;72 =3.03264 and ;73 =5.15150. These values are used in
combination with the coefficients of DRUG, SQRTWEEK, and WSQRTxDR to
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calculate estimated outcomes for different groups of patients (see Section XXX).
Intraclass correlation (ICC)

Below the estimate the intracluster correlation (ICC) is given. The residual variance
for the logistic link function is assumed to be 7°/3.

% SuperMix - [SCHIZ%1.out] Ny [=] 3|
:;3 File Analysis Window Help _|51|5|
=
Caleulation of the intracluster correlation
residual wvariance = pi*pi / 3 {(assumed)
cluster wariance = (1.942 * 1_94Z7) = 3. 772
intracluster correlation = 3.772 f ( 3.77E + (pi*pisf3ir = 0.534 r |
=l
Save As... | LCloze |

The Icc in this model refers to the intra-person correlation. It is reported as 0.534,
which is fairly high. Generally, the shorter the interval between the repeated
measurements, the higher the IcCs will be.

1.2.2.5 Interpreting the output
Estimated outcomes for groups: unit-specific probabilities

To evaluate the expected effect of the treatment group and the square root of time of
treatment, while allowing for the interaction between treatment and the square of
time, we use the expression below:

P IR . n
Iog(l 5 }y -, + B,DRUG, + B, SQRTWEEK, + b, (WSQRTXDRUG) ]
— Fjc
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or, in the notation introduced in Section XXX,

ijc
= 7, —5.85942 + 0.05909x DRUG, + 0.76571x SQRTWEEK
+1.20609x (WSQRT*DRUG) .

Whenc = 1and y, =0, we find that, for a patient from the control group (DRUG =

0, SQRTWEEK = WSQRTXDR = 0),

P .
|og£1 & J =1, =0-5.85942

P, =——— =0.002844

Similarly, the probabilities that atypical patient from the control group responded in
a specific category at the start of the study are obtained by substituting 7, =0 with

;72 =3.03264, and ;/3 =5.15050. The cumulative probabilities we calculated are

. e’}" 2 3.08264.5.85042

R, = 14 g 1+ °03264.5.85042 =0.05589

5 _ eﬁus ~ 51505585942 032084
ij3 — 14 e,;ug - 1+ e5.1505-5.85942 -

Thus, the estimated category probabilities we have for such a group (category 1 to
4) are obtained as
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P, = 0.00284— 0 = 0.00284
p,» = 0.05589-0.00284 = 0.05305
P, = 0.32984 - 0.05589 = 0.27394
p,, =1-0.32984 = 0.67016

For this group of patients (DRUG = 0) at the starting week, the expected percentages
of patients in each of the categories are as follows: 0.3% of the patients are normal
or borderline mentally ill; 5.3% of the patients are mildly or moderately ill; 27.4%
are markedly ill and 67% are severely or extremely ill. Similarly, we can calculate
the estimated percentages for both groups at al the time points as shown in Table

XXXT.

Table XXX7: Estimated % for both groups at 7 time points

Placebo patients (drug = 0)

Drug patients (drug = 1)

severityl normal moderate marked severe | normal moderate marked severe
week 0| 0.28% 530% 27.39% 67.02% 0.30% 5.61% 28.39% 65.70%
week 1| 0.61% 10.68%  40.13% 4858%  2.13% 28.96% 47.86% 21.05%
week 2| 0.84% 14.05% 44.36% 40.76%  4.69% 45.83% 38.94% 10.54%
week 3| 1.06% 17.17% 46.73% 35.04%  8.43% 57.21% 28.43% 5.92%
week 4| 1.30% 20.19% 47.98% 30.52% 13.51% 62.91% 20.00% 3.58%
week 5| 156% 23.15% 4847% 26.83% 19.92% 63.85% 13.95% 2.28%
week 6| 1.83% 26.04% 48.39% 23.75% 27.48% 61.24% 9.78% 1.51%

The above table can be graphically represented in the following bar charts. It clearly
shows that the numbers of markedly and severely ill patients decrease dramatically
over time. The improvement for the drug patientsis larger than the placebo patients.
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Figure XXX.8: Estimated percentage of patients over time (control group)
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Figure XXX.9: Estimated percentage of patients over time (treatment group)
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1.2.3 A 2-level random intercept model and trend model

In this section, we fit a model with random intercept and slope. To do this, the level-
1 model is unchanged; only the level-2 model is modified.

1231 The model

Level 1 model:

1-P

ijc

Y, = Iog[iJ = 7. —[ by + B, DRUG,; + b, SQRTWEEK, +b, (WSQRT*DRUG), |,

j=1--,n;c=12--,C-1

Level 2 model:

bOi :ﬂo+VOil |:]=:N

bli :ﬂl
bzi :ﬁz Vs
bsi :ﬁs

As shown above, the slope of the time variable b, is now estimated by a level-2

equation containing both a fixed and a random effect. It indicates that patients are
now not only assumed to have different intercepts, but may also exhibit different
responses to the treatment over time.

1.2.3.2 Setting up the analysis

Use the File, Open Spreadsheet option to re-open the previously used spreadsheet
schizx.ss3 from the Examples\Ordinal folder. Next, use the File, Open Existing
Model Setup option to locate and open the syntax file SCHIzX1.mum. Click on File,
Save as to save the model setup in a new file, such as SCHIzX2.mum. Next, we
change the string in the Title 1 text box on the Configuration screen (optional).
Request a crosstabulation of the variable SQRTWEEK by the response variable
IMPS790 by selecting the yes option from the Perform Crosstabulation drop-down
list box, followed by the selection of SQRTWEEK as the Crosstab Variable.
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% Model Setup: SCHIZE2.mum o ] 3

arables 5tarting\u"alues| Eattems' Advanced LinealTransformsl

Title 1: |Hand0m intercept and trend ordinal logistic model

Title 2 [NIMH SCHIZ data

Dependent Yariable Type: Iordered 'l Level-2 IDs: |ID A
Dependent Y ariable: IIMPS?SD 'l Lewvel-3 1Ds: I 'l

Categaries: Yalue

Wiite Bayes Estimates: |no A

Conwergence Criterian: ID.DDD1
Mumber of Iterations: |1 ]

DD P —

Migsing Yalues Prezent: Itrue Yl Perform Crosstabulation: Iyes Yl
Hissing Yalue far the Dependent Yar: |-9 Crosstab Yariable: ISQHTWEEK 'l
Global Missing Value: I-S

Usze the arrow keys or click on the desired tab ta select the category of interest for the model,

Proceed to the variables tab, and check the 2 check box for SQRTWEEK to select it
as alevel-2 random variable as shown below.

=lolx|
Starting Valuesl Eatternsl deancedl Linear Transformsl
| E | 2 Explanatory Y ariables L-2 Random Effects |
i DRUG SORTWEEK
r SORTWEEK
IMP5790 r WEHRTDRUG
IMP5790 r
DRUG W
WEEK r
SORTWEEK v [
WSORT«DRUG Wi

¥ Include Intercept

¥ Include Intercept

Usze the arrow keys or click on the desired tab to select the categary of interest far the madel.

Keep al the other settings unchanged. Save the changes to the file SCHIZX2.mum
and click the Analysis, Run option to produce the output file SCHIZX2.out.
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1.2.3.3 Discussion of results
Crosstabulation

The following portion of the output is a crosstabulation of the seven distinct values
of the variable SQRTWEEK by the four categories of the outcome variable IMPS790.
We note that there are relatively few observations for the third, fifth and sixth
weeks. For example, for week 5 (SQRTWEEK = 2.24), measurements on only 9 of
the 437 patients are available. Looking down the columns (SQRTWEEK) we see the
severity of symptoms (IMPS790) declining.

# SuperMix - [SCHIZXZ.out] =10l
:? Eile Analysis  Window Help ;IEIEI
=

Crosstabulation of wvariable SQRTWEEE by the response wariable IMPE720

IMPE720
SQRTWEEE 1.00 £.00 3.00 4. 00
———————————————————————————————————————— Total
0.00 1.0 540 1zz.0 ZE7.0 434.0
(0.0} (0.1E) (0.28) (O_E59)

l.00 Z3.0 13E.0 lz4.0 144.0 4zZe6.0

(0.0E&) (0.2 (0.z9) (0,24

1.41 2.0 4.0 Z.0 £.0 14.0
[ ] (o.z9) (0. 14} (0.3

1.72 L4.0 1220 11z.0 7E.0 a74.0
(0. 14} (0.35) (0.30) (o.z0)

Z.00 £.0 2.0 z.0 1.0 11.0
(0.45) (n.z7) (0.18) (0.0

Z.24 3.0 4.0 0.0 z.0 2.0

(0.33) (0.44) (0.00) ({0.22)

Z.45 inl.0 14Z.0 43.0 43.0 335.0
o.z0) 0.4z ({3 (o.13)

Total 1s0.0 4740 41z.0 5z7.0 le03.0

Save Az . | Cloze

Fixed effect results

The final results after 23 iterations are listed below. While the values of the
estimated coefficients differ from those in the random-intercept-only model, the
overal picture remains very similar. The decline in severity over time noticed in the
crosstabulation is captured by the significant fixed effect coefficient of -0.88295 for
SQRTWEEK.
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Total Iterations = E5

Quad Ptz per Dim = EE

Loy Likelihood = -1l66E._741

Deviance (-ZloglL) = 3Z25.483

Bidege = a.oo0

Wariabhle Estimate Stand. Error 2 p-walue
intcept T.2EZlEE 0.4207E lE.zz888 o.ooooo {zZ)
TaDrag 0.0E5534 0.39307 0.13933 0.88872 (&)
Sgrelleck —-0.88235 0.23481 -3.76353 0.00a17? (2}
Tx*EWeek -l.65941¢ 0.Z6215 -6.31737 0.00000  (Z)

Bandom effect wariance & covariance terms (Cholesky of war-covariahce matrix)

intoept Z.54543 0_ZLaEk3 10. 23036 o.ooooo {1y
covariance —0.E70E54 0.151lZE -2.5381 000040 (Z)
Sgrtileck 1.23774 | 0. 1z7z7 10,1964l o.oo0oo (1)

Threshaolds (for identification: threshold 1 = 0)

z 3.90143 0.z21324 1g.29E81 0.0000d i1y
2 &, EO732E 0.z293g ZZ. 44245 0. oooon 1l
note: (1} l-tailed p-wvalus

LE) Z-tailed p-walue

-
4| | 3

Save Az | LClose |

Random effects results

We note from the results above that the estimated coefficient for the random
SQRTWEEK slope is highly significant, indicating that patients not only start at
different points but follow different paths during the treatment period. At the end of
the output file, the calculation of the random effects variance-covariance matrix is
given.
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=
Calculation of the random eiffects variance-covariance matrix
intcept wariance = (Z.645 * Z_g645) = £_3938

cowariance = (Z_&4E5 * —-_E71) = #*¥*x%

Sqrtleek wariance = {(-_571 * -_E71) + (l.2%8 * 1_Z5%8) = zZ.0l1l0

= |
Covariance expressed as a correlation = -.40Z -
a | 3
Save ba. | Cloze |

1.2.34 Interpreting the output

Estimated outcomes for groups: unit-specific results

To evaluate the expected effect of the treatment group and the square root of time of
treatment, while allowing for the interaction between treatment and the square root
of time, we use the expression below:

|09(1 ”E’ ]: Ve _[bm +b;DRUG, + b, SQRTWEEK; +b, (WSQRTXDRUG)J

so that

My =7, — 7.3086 - 0.1109x DRUG, + 0.87523x SQRTWEEK
+1.72433x (WSQRT*DRUG)

As illustrated in the previous example, by substituting the values for DRUG,
SQRTWEEK and WSQRTXDRUG, the results shown in Table XXX8 below can be
obtained.
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TABLE XXX8: Estimated unit-specific results for random intercept & slope model

Placebo patients (drug = 0)

Drug patients (drug=1)

severity|

normal moderate marked severe normal moderate marked Severe

week 0
week 1
week 2
week 3
week 4
week 5
week 6

007% 317% 2819% 68.57% 0.06% 2.85% 26.18%  70.91%
0.16% 7.28% 44.93%  47.63% 0.80%  27.94% 55.92%  15.34%
0.23% 10.12% 50.89%  38.76% 231% 51.90% 39.98% 5.81%
0.30% 12.93% 54.37%  32.40% 513% 67.87% 24.36% 2.63%
0.38% 15.78% 56.35%  27.48% 9.79%  74.65% 14.23% 1.33%
047% 18.69% 57.28% 23.56% 16.70% 74.23% 8.35% 0.72%
057% 21.65% 5741% 20.37% 25.89% 68.70% 5.00% 0.42%

We can again represent the results from the above table graphically, as shown in the
following two graphs. The graphs tell us the same story as the previous model:
patients from the treatment group showed more improvement over time than
patients from the control group. While a very small proportion of treatment patients
were still diagnosed as being severdly ill at the end of the treatment period (0.42%
according to table XXX8), 20% of the control group were still classified as being
severely ill by week 6.

100%

0%

0%

T0%

B0%

50%

40%

30%

20%

10%

0%

Estimated % of different categories for IMPST90 (drug = 0)

week 0 wieek 1 week 2 week 3 week 4 week 5 week B

O severe
O marked
W moderate

@ narmal

Figure XXX.10: Estimated percentage of patients over time (treatment group)
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Estimated % of different categories for IMPS790 (drug = 1)

O severe
O marked
W moderate

O normal

week 0 week 1 week 2 week 3 week 4 week 5 week B

Figure XXX.11: Estimated percentage of patients over time (treatment group)

Estimated time trend variance

When we consider the heterogeneity in responses across time, we notice that the
estimated variance in the time trend is o, = (1.29774)° + (-0.57054)” = 2.0096 . The

estimates for the time trends are -0.88295 for SQRTWEEK and -1.69416 for
WSQRTxXDR respectively. Thus the estimated trends for the placebo and drug groups
are -0.88295 and -0.88295 -1.69416 = -2.57711. Thus the 95% confidence interval

of the time trend for the placebo group is -0.882951(1.96x\/2.0096)

=(-3.6615,1.896). Similarly, the confidence interval for the drug group is

(-5.3556, 0.2014). Notice that both intervals are fairly large and include negative

and positive slopes, which reflects the wide heterogeneity in trends. The estimated
correlation vaue is -0.402, which is moderately large. This indicates that the
patients who are initialy less severely ill improve at a smaller rate. The more
severely ill patientsimprove at a greater rate.
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