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2

Models for binary outcomes

2.1 Introduction

The nominal and ordinal outcome models can be seen as generalizations of the
binary outcome model. In order to understand these models, an understanding of the
binary outcome model is required.

A binary random variable is a discrete random variable that has only two possible
values, such as whether a subject dies (event) or lives (non-event). Such events are
often described as success versus failure, and coded using the values 0 or 1.
Consequently, the assumption that this type of outcome variable has a normal
distribution does not hold anymore.

The most common distribution used for a binary outcome is the Bernoulli
distribution, which takes a value 1 with probability of success p and avaue 0 with

probability of failure q=1- p. The selection of the distribution for the outcome

variable is not fixed. For example, if the occurrence is very rare, the Poisson
distribution can be used.

2.1.1 Link functions

In the case of a binary variable, observed values are usually assigned as either O or
1. When such a variable is treated as if it were continuous, predicted
values, indicating the probability of the event occurring, can fall outside the (0,1)
interval. Moreover, the assumption of normality at level 1 is not realistic as the
random effects can no longer be assumed to have a normal distribution or to have
homogeneous variance.

The multilevel generalized linear model (MGLM) generalizes the multilevel model
for continuous outcomes by additionally allowing for error distributions from the
exponential family (see, for example, McCullagh & Nelder, 1989). Let y denote

the outcome variable, and E(y) the expected value of y. The key to MGLM models
4



is that a nonlinear relationship between E(y) and g is allowed, with the aid of a
link function.

Suppose that x =(x,---X,) is the vector of al the predictors and that p=(/,--3,)

is the vector of unknown regression parameters. In the models discussed up to now,
it was assumed that the outcomes were normally distributed variables and that a
model of the form

Y =X;B+z;v,+g;, j=12..n

could be used to describe the relationship between the outcome and predictor
variables. The vector z; denotes a design vector for the random effects contained in

the vector v, , and x;j is the design vector for the predictors in the fixed part of the
model with corresponding vector B of regression parameters. The covariance

matrix of v, isdenoted by @, and thevariance of ¢; by o?.

The link function specifies a nonlinear transformation between the linear predictor
n and the assumed distribution function. These link functions transform the

observed outcome value to a function n=x'p and ensure that the predicted
probability lies within the (0,1) interval. Instead of y, 7 is being analyzed. For the
binary outcome, the probability of success 7 isthe predictor of interest.

The most commonly used link functions are the log, logit, probit and
complementary log-log link functions. The log link generally is used for the count
variable with Poisson distribution, which will be discussed in the next chapter. The
link functions available in SuperMix include the logit, probit and complementary log-
log functions for models with an ordinal dependent variable, and the logit link
function for models with a nominal dependent variable. Table XXX.1 shows these
link functions, along with their distribution functions (CDF), means and variances.

Table XXX.1 Link functions for the Bernoulli distribution



Link function CDF

Link name F*(p) 0<p<1 o< W< Mean|Variance
w 2
logit (logistic) Iogit(p):m(lppj le 0 z°
B +e" 3

®'(p) , where @ is the

probit inverse of the standard normal @ (w) 0 1
cumulative distribution

complementary
log-log

log(~log(1- p)) l-exp(—exp(w))  |-0.577 %j

These link functions map the probability 7 with an open interval (0,1) to the entire

set of rea numbers R . Figure XXX.1 illustrates how a rea number w is
transformed to the probability 7.

As shown below, the logit and probit link functions are both symmetric around a
value of 0. Thelogit function has alarger variance. The complementary log-log link
function is asymmetric. When the probability of a successful outcome ( p) is
extremely small or large, the linear relationship does not hold. Understanding the
nature of the link function used in an analysis is essentia to the correct
interpretation of the results.
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Figure XXX.1 Cumulative density of link functions

logit — — probit = = - -Clog-log |

In this chapter, we will consider examples of two- and three-level models based on
two data sets, both with binary outcome variables. These data will also be used to
illustrate the ordinal outcome model in Chapter XXX.

2.1.2 Methods of estimation

For models with binary, ordinal, count, and hominal outcomes, SuperMix offers two
methods of estimation: maximization of the posterior distribution (MAP) and
numerical integration (adaptive and non-adaptive quadrature) to obtain parameter
and standard error estimates.

The MAP method of estimation can be used to obtain a point estimate of an
unobserved quantity on the basis of empirical data. It is closely related to Fisher's
method of maximum likelihood (ML), but employs an augmented optimization

7



objective which incorporates a prior distribution over the quantity one wants to
estimate.

Quadrature is a numeric method for evaluating multi-dimensional integrals. For
mixed effect models with count and categorical outcomes, the log-likelihood
function is expressed as the sum of the logarithm of integrals, where the summation
is over higher-level units, and the dimensionality of the integrals equals the number
of random effects.

Typicaly, MAP estimates are used as starting values for the quadrature procedure.
When the number of random effects is large, the quadrature procedures can become
computationally intensive. In such cases, MAP estimation is usually selected as the
fina method of estimation. Numerical quadrature, as implemented in SuperMix,
offers users a choice between adaptive and non-adaptive quadrature. Quadrature
uses a quadrature rule, i.e., an approximation of the definite integral of a function,
usually stated as a weighted sum of function values at specified points within the
domain of integration.

Adaptive quadrature generally requires fewer points and weights to yield estimates
of the model parameters and standard errors that are as accurate as would be
obtained with more points and weights in non-adaptive quadrature. The reason for
that is that the adaptive quadrature procedure uses the empirical Bayes means and
covariances, updated at each iteration to essentially shift and scale the quadrature
locations of each higher-level unit in order to place them under the peak of the
corresponding integral.

A full description of these methods is given in Chapter XXX. A brief description of
MAP estimation and quadrature follows below.



2.1.21 MAP estimation

For level-2 unit i, let v;,Vi,,...,v, denote the random effects and v, ¥;,,.... ¥, the
outcomes. Let f(v,,y,) denote the joint distribution of v, =(v,V,,...,v, ) and

Yi :(yil' Yizreos Yin )

Using standard results for conditional distributions, it follows that
f(Vi |yi): f(Yi |Vi) f (Vi)/f(yi)'

By taking logarithms on both sides of the equation, the following density function is
obtained:

Inf(v,ly)=Inf(y |v,)+Inf(v,)-K

where K isaconstant. Mode estimates vi of the random effects and estimates |§ of
the fixed parameters are obtained by iteratively solving the equations

0
L Inf(v.|y)=0,
p (vily,)

Yk

where y, is a typical element of the unknown parameters v,,V.,,...,v, and

As a by-product of the iterative procedure, estimates of cov(\7i),i =12,..,N ae

obtained and these, in turn, are used to estimate @, =cov(V;).

2



2.1.2.2 Numerical quadrature
Since
f(Yi’Vi): f(Yi |Vi)f(vi)

it follows that the marginal distribution of y; can be obtained as the solution to the
multi-dimensional integral

f(y,)= jj fy;ilv,)f(v)ay,..av,.

i V%

Sinceit is assumed that v, ~ N(0,®,, ) it follows, for example, that

@)
_ -r/2 -1/2 1. .
f(v,)=(27) " |®,[" exp —Evitl)(z)vi )

In general, a closed-form solution to this integral does not exist. To evaluate
integrals of the type described above, we use a direct implementation of Gauss-
Hermite quadrature (see, e.g., Krommer & Ueberhuber, 1994, Section 4.2.6 and
Stroud & Sechrest, 1966, Section 1).

With thisrule, an integral of the form

|(t)=j f (t) exp[ —t* |t
is approximated by the sum

Q
|(t)zZWuf (Zu),

10



where w, and z, are weights and nodes of the Hermite polynomial of degree Q. A
Q-point adaptive quadrature rule is a quadrature rule constructed to yield an exact

result for polynomials of degree 2Q -1, by a suitable choice of the n points x and
nweights w .
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2.2 Models based on a subset of the TVSFP data
2.2.1 The data

The data are from the Television School and Family Smoking Prevention and
Cessation Project (TVSFP) study (Flay, et. al., 1988). The study was designed to
test the independent and combined effects of a school-based social-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,
0 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,
we will first consider two two-level structures. In the first, students are nested
within schools; in the second, students are nested within classrooms. Findly, a
three-level model recognizing the role of both classroom and school in the
hierarchical structure of the datawill be considered.

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\Binary subfolder.

12
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BH Fle Edit window Help ===l
|403— Apply |
&) Schoal | (B] Clase | i) THKSar | D) THKSEI | £ PreTHi | Lo | oy | ooty | 4]
1 a0z00]  402101.00 200 1.00 200 1.00 0.00 0.0 |
2 30300, 403101.00 400 1.00 400 1.00 0.00 0.0
3 40200 403101.00 200 1.00 400 1.00 0.00 0.00
4 40300 403101.00 400 1.00 200 1.00 0.00 0.00
5 40300 403101.00 400 1.00 200 1.00 0.00 0.00
5 40300 403101.00 200 1.00 400 1.00 0.00 000
7 40300 403101.00 200 0.00 200 1.00 0.00 0.00
8 40300 403101.00 400 1.00 400 1.00 0.00 0.00
5 40300 403101.00 400 1.00 500 1.00 0.00 0.00
10 40300 403101.00 400 1.00 200 1.00 0.00 000 -
A LIJ

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 tobacco and health knowledge scale, 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 ordinal
classifications were suggested correspondingto 0— 1, 2, 3, and 4 — 7 correct
responses.

0 THKSbin is a recoded version of the ordinal variable THKSord, but in binary
form: avalue of "0" indicates an origina scale score of 1 or 2, while avalue
of "1" indicates an scale score of 3 or 4. This variable will serve as our
outcome variable in the current chapter.

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, with O indicating "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*TVvisthe product of the variables Tv and cC, and represents the CC by TV
interaction.

13



In this chapter, we consider models for binary outcomes, using quadrature as
method of estimation.

2.2.1.1 Exploring the data
Crosstabulation

The focus is on the influence of the intervention on the tobacco health knowledge
scores of the students, as represented by the binary outcome variable THKSbin. A
cross-tabulation of the variables cc and TV for the two categories of the binary
variable THKSbin is given in Table XXX.2 below.

Table XXX.2: Crosstabulation of CC, TV and THKSbin

THKSbin CC Total
0 1

0 TV 0 246 140 386
1 215 152 367

Total 461 292 753

1 TV 0 175 240 415
1 201 231 432

Total 376 471 847

The proportion of students with high scale scores (THKSbin = 1) in each of the four
cells formed by the categories of cC and TV can be derived from Table XXX.2. For
example, 246 studentsin the category cC =0, TV = 0 had alow score (THKSbin = 0),
while 175 students had a high score (THKSbin = 1). The proportion of students in

this cell with a high score is thus _1n =0.4157 . The observed proportions of

175+ 246
high scores are summarized in Table XXX.3 below.

14



Table XXX.3: Observed proportion of high post—intervention scores

Study condition |Proportion| odds logits
CC=0,TV=0| 04157 | 0.711 | -0.340
CC=0,TV=1| 04832 | 0935 | -0.067
CC=1Tv=0 06316 | 1.714 | 0539
CC=1Tv=1| 0.6031 1.520 0.418

Proportions less than 0.5 indicate odds less than one and negative logits, while
proportions above 0.5 yield odds greater than one and positive logit values. We note
that, based on the observed proportion of high post-intervention scores, the use of
only the social-resistance classroom curriculum (as represented by the variable cC)
seemed the most successful, followed by the use of both curriculum and media
intervention (cc =1, Tv=1).

Exploratory graphs

The pre-intervention scores of the students may be useful as a covariate in the
anaysis. To get an idea of the relationship between the scale score PreTHKS and the
post-intervention score THKShin, an exploratory graph is created. Select the Data-
based Graphs, Exploratory option from the File menu.

The New Graph dialog box is activated. Select the binary outcome variable THKSbin
as the Y variable and the pre-intervention score PreTHKS as the X variable. Uncheck
the Draw points check box, which is checked by default, to obtain the settings as
shown.

15



. | THKSbin

% |PreTHKS

Owerlay: I

[V Drawline [~ D
Multiple v walues for same =
’7 % Stack vertically
) fyerage value

Calar: I

[
Filter: I j
QK. I Cancel | Help |

Click ok to obtain Figure XXX.2. The value associated with the tick marks on the
X-axis represents the proportion of students with that PreTHKS score that had a
value of 1 on the THKSbin variable, in other words the proportion of students with a
post-intervention score of 3 or 4. We note that the relationship is reasonably linear,
and that higher post-intervention scores are more often observed for students with
high pre-intervention scores, which is what one intuitively would expect.

4 THKSbin vs. PreTHKS B =101 x|

THKSbin vs. PreTHKS

1.00 4
0.90
0.80 4
0.70 4
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050+
0.40
0.30
0.20 4
0.10 4
0.00

o
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T T T T T 1
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PreTHKS

15 e | .
| [+

Figure XXX.2: Exploratory graph of THKSbin vs. PreTHKS
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Univariate graphs

We now take a closer look at the distribution of the pre-intervention scores by
utilizing the Data-based Graphs, Univariate option on the File menu. By default, a
bar chart will be produced. Select the variable PreTHKS in the Plot column, and click
Plot.

Univariate plot

List of \ariables

MName | Flat —
Schaal - _
Clazz r
THESard I~
THK.Skin r
Intrept I~
PreTHKS i
CcC -
™ -
CC*TY l_
% Bar Chart
" Pie Chart
" 3D Pie Chart
" Hiztogram

Mumber of class intervals: |10 j
Fliot | Cancel |

By clicking anywhere in the bars, the Bar Graph Parameters dialog box is activated.
Click the Data button and then OK to display the data used to construct the bar chart.
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Figure XX X.3 below shows both the graphing window with bar chart and the data
in spreadsheet format. Note that only 55 of the 1600 observations showed a score of
5 or higher, and that no student obtained a post-intervention score of 7 out of 7.

% Bar Chart - PreTHKS

Bar Graph Parameters

Type

Data.. |

[v Border BORDER ATTRIBUTES... I

Hatch Styles

I Mare - l 4 4 =
Position  © Right
 Left N

* Center 0128 0

Bar Color

width [0.6728 Cancell

6004

500

4004

3004

200+

1004

PreTHKS

PreTHKS

Copy  Format

Figure XXX.3: Bar chart of PreTHKS values

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 XX X.4 below, and show

that the mean pre-intervention scores do not differ much.




Table XXX.4: Mean pre-intervention scores

Study condition | Mean

cC=0,Tv=0 | 2152
cc=0,Tv=1 | 2.087
cc=1,T1Tv=0 | 2050
cc=1T1v=1 | 1.979

2.2.2 A 2-level random intercept logistic model with 2 predictors
2.2.2.1 The model

The outcome variable THKShin used here is binary. It assumes avaue of "0" when
the original scale score was either 1 or 2, and avaue of "1" for an origina scale
score of 3 or 4. The predicted value of the outcome can be viewed as the predicted
probability that THKSbin is 1. Asexplained in Section 2.1.1, predicted values outside
the interva [0,1] would not be meaningful and a model constraining predicted
values to lie in this interval would be appropriate, in contrast with the model for a
continuous outcome (see above) where effect sizes outside this interval would be
interpretable. In addition, the assumption of normality at level 1 is not redlistic, as
the level-1 random effect can only assume one of two values: 0 or 1. This random
effect can thus not have homogeneous variance.

In order to insure that the predicted values lie within the (0,1) interval, a
transformation of the level-1 predicted probability can be used. For the binary case
considered here, the following link function is used:

e’]ij
1+¢"

Prob(THK Sbin; =1|B,Vv) =

where 7, represents the log of the odds of success.
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For the current model, we want to explore the relationship between the post-
intervention scores and the type of intervention applied. This relationship can be
expressed as

Level 1 moddl:

1y =0y +b, xCC +by, xTV, +b; x CC*TV, +b, x PreTHKS, +g;

Level 2 model:
by = By + Vo
b, = p
b, =5,
b, =5,
b4| = 134

An equivaent expression for the model is

M = Po+ P xCC, + B, xTV, + B, xCC, *TV” + B, % PreTHKS”. +Vg + 6

20



The interpretation of the logistic regression model is made in terms of the logits, as
the model is linear in terms of the logits. Thus the coefficients g, S, ..., B, can be

interpreted as follows:

0 f, isthe THKS logit for cCc = 0, TV = 0, that is the log odds of a positive

outcome for an individual from the control group where no intervention was
made and with a pre-intervention score of 0. One could also refer to 3, as

the PreTHKS adjusted logit for the cc = 0, TV = 0 subgroup.
o0 p, =thelogit difference between (cc =1, Tv =0) and (cC =0, TV = 0) for
the case where PreTHKS =0:
ny =By + (B + B TV,)CC, + B,TV, + B,PreTHKS; + v, ,
in other words, the PreTHKS adjusted logit difference between these two
subgroups.
o p, =thelogit difference between (Tv =1, cc =0) and (Tv = 0, cC = 0) with
PreTHKS = 0:
= By+ (132 + B,CC, )Tvi +BCC + ,B4PreTHKS|j + Vi -

0 pf,isthe difference in logit attributable to the interaction between the two
intervention methods.

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

2.2.2.2 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 binary variable THKSbin 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.

21



Use the File, Open Spreadsheet option to activate the Open dialog box. Browse for
the filetvsfpors.ss3 in the Examples\Binary 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.

ol
BH Fle Edic window Help ===l
403 Apply |
8] School | (Bl Class | [CLTHKSwr | DL THKSE | (ELPeTHE | FLoc | wov | mcooTy | =
1 303.00] 403101.00 300 1.00 200 1.00 0.00 o.00] _|
2 30300 403101.00 4.00 1.00 4.00 1.00 0.00 0.00
3 40300 403101.00 3.00 1.00 4.00 1.00 0.00 0.00
4 40300 403101.00 4.00 1.00 3.00 1.00 0.00 0.00
5 40300 403101.00 400 1.00 3.00 1.00 0.00 0.00
B 40300 403101.00 300 1.00 4.00 1.00 0.00 0.00
7 40300 403101.00 200 0.00 200 1.00 0.00 0.00
B 40300 403101.00 4.00 1.00 4.00 1.00 0.00 0.00
5 40300 403101.00 400 1.00 5.00 1.00 0.00 0.00
10 40300 403101.00 400 1.00 3.00 1.00 0.00 ooaf -
Al LIJ

Next, we use the SuperMix interface to provide the model specifications. From the
main menu bar, select the File, New Model Setup option.

The Model Setup dialog box that appears has six tabs. Configuration, Variables,
Starting Values, Patterns, Advanced, and Linear Transforms. In this example, only
three of the tabs are used.

As afirst step, the binary outcome variable THKSbin is selected from the Dependent
Variable drop-down list box. The type of outcome is specified as binary 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 asthe Level-2 ID from the
Level-2 IDs drop-down list box. A title for the analysis (optional) is entered in the
Title fields. A convergence criterion of 0.0001 is requested. By default, the
maximum number of iterations performed is set to 100. Empirical Bayes residuals,
written to additional output files, are requested by setting the Write Bayes Estimates
option to means and (co)variances. Default settings for all other options associated
with this tab are used. Proceed to the variables tab by clicking on this tab.
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¥ Model Setup: T¥BS.mum . ]

Canfiguration IEariabIesl Starting Valuesl Eatlernsl Advanced | Linear Transforms

Title 1: |Logistic 2 level random intercept model

Title 2 |TVSFP data

Dependent W ariable Type: Ibinary j Level2 1Ds: ISchool j
['ependent ¥ arable: ITHKSbin j Level-31Ds: I j
Categaries: 0 Value ‘witite B apes E stimates; Imeans % [colvarances j
2 |1 Convergence Criterion: |D.DDD1
Mumber of lterations: |100
Mizsing Walues Prezent: |falze j Perfarm Crozstabulation: lm

Enter the maximum number of ikerations to perform.
The default value i 100.

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 first column
of boxes in the Available group field. The first variable selected is PreTHKS,
followed by cc, Tv, and the interaction term cc*Tv. After selecting these
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,
the intercept is assumed to vary randomly over higher levels of the hierarchy as
indicated by the checked box for the Include Intercept option in the L-2 Random
Effects group field. A common fixed intercept coefficient is also included, as shown
in the Explanatory Variables group field.
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& Model Setup =]

Configuration  %anables Iﬁtarting Values' Eatternsl Advanced | Linear Transforms

Available | E | 2 Explanatary 4 ariables L-2 Fandom Effects |
School | PreTHKS
Class | cC
THESard | ™
THEShin | CCeT
Irtrept I
PreTHKS v [
Cc W
K v [
LLTY Al ¥ Include Intercept

W Inchude Intercept

Select the columnz of the spreadsheet to be used as explanataory variables and randor effects.

We opt to increase the number of quadrature points to be used during estimation. To
do s0o, click the Advanced tab. First select adaptive quadrature from the Optimization
Method drop-down list box, then change the Number of Quadrature Points field to
25. The default distribution for a binary outcome variable is Bernoulli and the
default link function is probit. Change probit to logistic by using the drop-down list
box in the Function Model field.
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% Model Setup: TYBS.mum =101 x|

Qonfigurationl Eariables' Starting Valuesl Patterns  Advanced |I:inear Tranzforms

— General Settings

I nit Weighting: I equal j

Optimization Method: |ElE{aiE=RalEs Em]
Mumber of Quadrature Paints: |25

— Dependent [Binary) Wanable Settings
Diztribution Madel: IBernouIIi j Function Model: |logistic j

Estimate Scale: I hiohe j

Select the optimization method,
The default iz non-adaptive quadrature.

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

2.2.2.3 Discussion of results
Portions of the output file tvbs.out are shown below.
Syntax

At the top of the file, the syntax saved to the TvBS.mum file is 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 binary model with alogistic
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. Text to the left of the equal sign in each line denote keywords
recognized by the program; text to the right are either keywords (for example, in the
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case of Cov2PatType = Correlated) or variable names as given in the ss3 file (for
example, Level2ID = School).

—imix

:93 Eile Analysis Window Help _||5’|5|

The following lines were read from file C:%Tan'3M MENU EXAMPLESWEINARTWTWES. inp _:J

Hodel=Binary; J
Opticons Conwerge=0.0001 Maxiter=100 Bayes=Cow_ Means Method=ADAP MQuadPTE=ZL;
Link=logistic;

Distribution=Ber;

Scale=none;

Varnames= School Class THESord THESbin PreTHEE CC TV 'CC*TV' intcept;
Titlel=Logistic & level random intercept model;

TitleZ=TVSFP data;

DataFile=C:%Tan' 5M MENU EXAMPLESWEBIMNARYYTWES. dat;

LewelZID= School;

Dependent= THEShin;

Categories= 0 1;

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

LZRandom= intcept;

FizPatType=Fre=s;

CowZPatType=Correlated;

Save Asz.. | LCloze |

Model and data description

The next section of the output file contains a description of the hierarchical structure
and model specifications.

i x4

;? File analysis Window Help _|5|5|

Model and Data Descriptions

Sawpling Distribution = Bernoulli

Link Function = Logistic
Number of Lewel-Z Units Ze
Number of Lewel-l Units 1e00
Nuwber of Lewel-1 Units per Level-Z Unitc =

z32 ZE Z& 70 2l 4z Ltz EE 29 32 Ltz &

Z7 a0 33 1z 24 28 &7 72 70 74 =34 114
113 33 94 137

=
Save Az LCloze
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The use of alogistic response function (logit link function) with the assumption of a
Bernoulli distribution is indicated. Thisis followed by a summary of the number of
students nested within each school. The number of students per school (level-2 unit)
ranges between 23 and 137.

Descriptive statistics

The data summary is followed by descriptive statistics for all variables included in
the model. We note that 47% of the students had a value of 0 on the binary
knowledge score outcome variable THKSbin, and 53% a vaue of 1.

¥ SuperMix - [T¥BS.out] B [w] 4|
:P Eile Analysis Window Help =l
| Descriptive statistics for all the wvariables in the model |
g===========================================================¢g
Standard
Variable Minimum Maximum Mean Dewviation
THESbinl 0.o000 1.0000 0.4706 0.49932
THEEbhinZ 0. o000 1.0000 0. 5294 0.43932
intcept 1.0000 1.0000 1.0000 o.oooo
PreTHES 0.o000 &.0000 Z.0694 l.ze0z
cc 0. o000 1.0000 0.4783 0.4336
v 0.0000 1.0000 0.4%34 0. 5002
CC*TV 0. o000 1.0000 0. 2394 0.4Z68 _I
-
Save Asz.. LCloze

Results for the model without any random effects

Descriptive statistics are followed by parameter estimates obtained under the
assumption that all random effects are zero. The parameter values for the predictors
CC, TV, CC*TV and PreTHKS are given in the first column, followed by the standard
errors and z- and p-values.
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¥ SuperMix - [T¥BS.out] _|of x|
l‘? File Analysis ‘Window Help _|ﬁ'|ﬂ
| Besults for the model without any random effects |
p==================================================¢
Goodness of fit statistics
=
Statistic Walue LF Datio
Likelihood Ratio Chi-scuare Z073.31583 1538 1.2995
Pezarson Chi-soquare 1le03_ 73E1 1535 1.00EE
Dewviance Z073 21EZ2
Akaike Information Criterion Z087.3153
Schwarz Criterion Z124.950¢ J
-
Save Az | LClose |
¥ SuperMix - [T¥BS.ouk] _ o] =]
;? File analysis Window Help _|ﬁ'|5|
Eztimated regression weights ﬂ
Standard
Parameter Estimate Error =z Value P Value
N, el
inteoept =1.2171 0,141z -8.6137 o.oooo
PreTHES o.3337 0. 0441 9.0873 o.oooo
cc 0.972& 0.1500 €. 4842 o.o00o00
v o.21l56 0. 1434 Z.1999 o.0E7g
CC*TW -0.41z7 0. zo3sg =1.3&70 0.0432
|
Save fsz. LCloze

Results for the model fitted with adaptive quadrature

The output describing the estimated parameters after convergence is shown next.
Three iterations were required to obtain convergence. The number of quad points
used per dimension was 25. 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.
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~i0i x4

;? File Analysis Window Help _|ﬁ'|ﬂ
| Optimizmation Metho Adaptive Ouadrature |
g==========================================¢

Humber of cquadrature points = Z5

Munber of free parameters = [

Number of iterations used = 2

-Zlnl {deviance statistic) = Z063.15541 =

Akaike Information Criterion Z07E5.15341

Zchwarz Criterion Z107.46537 _I
-

Save Az | LCloze |

The estimates are shown in the column with heading Estimate, and correspond to the
coefficients f,, g, ..., B, in the model specification. Significant effects of PreTHKS
and cC are observed. The variation in the intercept over the schools is estimated as
0.1065, and from the associated p-value we conclude that there is significant
variation, at a 10% level of significance, in the intercept between the schools
included in thisanalysis.

_igix]

Eztimated regression weights

Standard
DParameter Estimate Error z Walue P Walue
intcept -1.2z81 0.15435 -6.3012 0_a0aa
PreTHES 0.3871 0.0451 2. 584e 0.0000
cc 1.083z 0. z4E4 4.43230 0.0000
T 0.3741 0. z3&0 1.E59E&3 0.1113
CC*TY -0._587& 0.3403 -1.6392 0.101z

Estimated lewel Z wariances and covariances

Standard
Parametar Estimate Error =z Walue P Talus
intcept,/intcept 0.l0ek 0.o0E7e 1.8413 0.0&EE
-
4| | >
Save Az.. | Llose
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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 modd is true, it is assumed that the level-1 error variance is equal to 7°/3 =
3.29895 for the logistic link function (see, e.g., Hedeker & Gibbons (2006), p. 157),
where 7 represents the constant 3.141592654.

Thus the estimated ratio between level-2 variation and the total variation is
caculated as

ico=— 22005 03
0.1065+ 7% /3

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

2.2.2.4 Interpreting the adaptive quadrature results

The expected log-odds of having a high post-intervention knowledge score (THKSbin
score of 1) for a student with a zero value on all the predictors (that is, no social-
resistance curriculum, no media intervention, and a pre-intervention knowledge
score of 0) is represented by the estimated intercept of -1.2281. When a social-
resistance curriculum was in place (CC = 1), or a mass-media intervention was
performed (Tv = 1), the log-odds of a typica student is expected to increase, as
indicated by the positive estimated coefficients for cc and Tv. Similarly, a higher
score on the pre-intervention knowledge test is associated with higher log-odds of a
higher post-intervention knowledge score. It can be concluded from the results that
the implementation of a classroom curriculum was more likely to lead to a higher
post-intervention knowledge score than was the case when mass-media intervention
was used. In contrast, the log-odds of a high post-intervention knowledge score was
expected to be lower for atypical student from a school where both socia resistance
classroom curriculum and mass-media intervention defined the study condition for
that school, as the estimated coefficient for the interaction term CC*TV was negative.
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Estimated outcomes for different groups: unit-specific results

To evaluate the expected effect of cc, Tv, cc*Tv, and PreTHKS on the predicted
probability that the post-intervention score is equal to 1, we use the following
expression for the predicted log odds of success

My = Bo+ Bix CC + B, x TV, + B, xCC, x TV, + 3, x PreTHKS,

for the four groups defined by the categories of cC and TV. Note the similarity of
this equation with that given for 7, earlier: random coefficients are not included, as

their expected valueisO.

For a typica student with a PreTHKS score of O from any school where no media
television intervention and no socia-resistance classroom curriculum was
implemented, CC = TV =0, and thus

7 =B,

In the case of atypical student with a PreTHKS score of O from any school where
only mediatelevision intervention was implemented (TV = 1),

M =Bo+ B, xTV,.

The equations for similar students from a school with only a socia-resistance
classroom curriculum implemented (CC = 1, TV = 0), and from a school with both
interventionsimplemented (Tv =1, CC=1)are
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My = Bo+ Bux CC, + B, x PreTHKS,
and

My = Bo+ Bux CC + B, x TV, + B, x CC, x TV, + 3, x PreTHKS,
respectively.

For a student with an average PreTHKS score (2.152, see exploratory analysis) from
any school with similar values of cc and Tv we find that

Ny = Bo+ B * PreTHKS,
= By+ B, *2.152.

Using the S, and 3, estimates of -1.2281 and 0.3871 respectively as obtained for

the current analysis, we can cal culate the estimated probability of a THKSbin score of
1 for typical students with PreTHKS scores of 2.152 and O respectively as

e—l.2281+0.387l(2.152)

Prob(THKSbin; =1|CC=TV =0; PreTHKS=2.152) =

e—1.2281+0.3871(2.152)

—0.39506

e
= 1+ 039506
= 0.40250
and
o 12281
Prob(THKSbin; =1|CC=TV = PreTHKS=0) = 1+ e L2281
+e

=0.22651.
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A student with an average observed score of PreTHKS is amost twice as likely to
have a THKSbin score of 1 as a student with the lowest observed score on the same
variable. Note that we opted to use the mean pre-intervention score for this specific
subgroup.

On the other end of the scale in terms of intervention, we have schools where both a
socia-resistance classroom curriculum and a mass-media intervention were
implemented (CC = TV = 1). For two typical students from these schools, an
observed PreTHKS score of O or the mean score of 1.979 will imply a predicted
probability of a THKSbin score of 1 of 0.4201 for the first and 0.6091 for the second.
Again, the higher the pre-intervention score, the higher the predicted probability of a
high post-intervention score.

In Table XXX.5, the estimated probabilities of high post-intervention scores on the
tobacco and health questionnaire are given for typical students with high or low pre-
intervention scores for each of the subpopulations formed by mass-media
intervention and implementation of social-resistance classroom curriculum.

Table XXX.5: Estimated unit-specific probability of a high post-intervention
knowledge score

Group prescore  prob. prescore  prob.

cc=0,Tv=0 0 22.65% | 2152  40.25%
cc=1Tv=0 0 4654% | 205  6581%
cc=0,Tv=1 0 29.86% | 287  48.85%
cc=1Tv=1 0 42.01% | 1979  60.91%

These estimated probabilities can also be presented graphically, as shown in the bar
chart below.
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Figure XXX.4: Bar chart of estimated unit-specific probabilities

Students with a high pre-intervention score were predicted to have a high post-
intervention score too, regardless of the study conditions. Similarly, students with a
low pre-intervention score were generally likely to have a low post-intervention
score too. If only curriculum intervention (CC = 1) was used, scores for students
were likely to be higher regardless of their pre-intervention scores. On both ends of
the pre-intervention knowledge score scale, in groups where mass-media
intervention was used (TV = 1), scores were predicted to be higher than where media
intervention was not used, except when both mass-media and curriculum
intervention were used. For these groups, with cCc = TV = 1, the estimated
probabilities of a high post-intervention score were actually lower than for the group
where only a classroom curriculum was used (42.01% vs. 46.54%, and 60.91% vs.
65.81%).

We conclude that for most students, the implementation of a social-resistance
classroom curriculum is more likely to be effective in increasing their knowledge
(predicted probabilities of a high score being 46.54% and 65.81% respectively) than
mass-media intervention (predicted probabilities of a high score being 29.86% and
48.85% respectively). The control group, where neither method was implemented,
had the lowest predicted knowledge scores (22.65% and 40.25% respectively).
While the implementation of both procedures was associated with higher
probabilities than either the control group or the group where only mass-media
intervention was used, its predicted gain was disappointing when compared to the
use of only socia-resistance curriculum implementation. Generally speaking, the
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implementation of a curriculum only seems to be most effective in increasing the
predicted knowledge of students on the tobacco and health questionnaire.

Estimated outcomes for different groups: population-average results

In the introduction to this section, we defined the latent response variable model as
Y =x;B+z,vi+g;, j=12..,n

where z; denotes a design vector for the random effects contained in the vector v,
and x;j the design vector for the predictors in the fixed part of the model with
corresponding vector B of regression parameters. The covariance matrix of v, is

denoted by @, and thevariance of ¢; by 7.

For a probit link function > =1, and for alogistic link function it is assumed to be
o2 =n”/3. Under the assumption that v, and ¢; are independently distributed, it
follows that

2

I 2
oy, = Zijd)Vi Z; +o;.

The design effect d; isdefined intermsof o7 and o?, :

Yij

This design effect may be used to obtain the estimated population-average
probabilities in asimilar fashion as the unit-specific probabilities, but with replacing

7, with 7, =7, /,/d, (Hedeker & Gibbons, 2006).
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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
XXX.6. To illustrate, we calculate the estimated population-average probabilities
for afew of the subgroups.

From the output, we have var(v,)=0.1065, where v, denotes the random

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

o, =1x0.1065x1+3.2899 = 3.3964.

Therefore

_ 3.3964
" 3.2899

=1.0324.

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

For the subgroup where Tv = CcC = 0 and the mean PreTHKS value is equal to 2.152,
for example, we find that

;7” =-1.2281+ 0.3871(2.152)
=-0.39506

S0 that

1, =-0.39506/+/1.0324
_ _0.38881
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and

i
P(THKSbin; =1|CC=TV =0,PreTHKS=2.152) = © "
1+e”
= 0.67786 = 40.40%.
1.67786

Similarly, for the group where TV =CC =0 and PreTHKS = 0, we find that

A~

7, =—1.2281

AK

7, =—1.2281/1.01606

J

=-1.2087.

Table XXX.6: Estimated population-average probabilities

Group prescore prob. prescore prob.
cc=0,Tv=0 0 22.99% 2.152 40.40%
cc=1T1v=0 0 46.59% 2.05 65.57%
cc=0,Tv=1 0 30.14% | 2.87 | 48.87%
cc=1T1v=1 0 42.13% 1.979 60.74%

A comparison of these probabilities with the observed ratios given in Table XXX.7
for the control group at the end of the study indicates that the population-average
results are slightly closer to the observed ratios than is the case for the unit-specific

results. Recall that \/E =1.0161. The extent of differences between unit-specific
and population-average results is highly dependent on the "scaling” induced by

dividing the ;s by ,[d; .

37



Table XXX.7: Observed and predicted proportions of high post—intervention
scores

. Unit-specific Population-average
Group Proportion observed predicted prob. predicted prob.
cc=0,Tv=0 41.57% 40.25% 40.40%
cc=1T1v=0 63.16% 65.81% 65.57%
cc=0,Tv=1 48.32% 48.85% 48.87%
cc=1T1v=1 60.31% 60.91% 60.74%

2.2.2.5 Interpreting the contents of the level-2 residual file

In addition to the standard output file, the write Bayes Estimates field on the
Configuration tab of the Model Setup dialog was used to request Bayes estimates for
the individual random terms. These estimates are written to the file TvBS.ba2. The
first few lines of thisfile are shown below.

Four pieces of information per school are given:

al 1sfor thelevel-2 model,

the school’s ID,

the value of random intercept,

the empirical Bayes estimate,

the associated posterior variance for the school estimate, and
the name of the associated random coefficient.

O O O O O ©
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—ii x|

File Edit Format View Help

1.00 403 .00 1 0. 289084R5 0.0746508 1intcept _:J
1.00 A0 00 1 0.1160134 0.0660369 1ntcept
1.00 193.00 1 0.0893923 0.0651102 1intcept
1.00 194 .00 1 0.0983555 0.039295F7  intcept
1.00 196,00 1 0. 2469951 O.066R1559 intEEpt
1.00 197.00 1 0.0137773 0.0528812 1intcept
1.00 198,00 1 -0, 2769779 O.046603 2 intEEpt
1.00 199,00 1 -0.1872501 0.0453496  intcept
1.00 4071 .00 1 0.3173720 0.0580872 intcept
1.00 02,00 1 -0.0834452 0.0591895  intcept
1.00 405 .00 1 -0.0530730 0.0463621  intcept
1.00 407 .00 1 0.4107440 0.0408293  intcept
1.00 0800 1 -0.1502285 0.066427F6  intcept
1.00 409,00 1 0. 2301995 0.0354459  qintcept
1.00 410,00 1 -0.4219231 0.0585430 intcept
1.00 411.00 1 0. 2728001 0.0755663  intcept
1.00 412,00 1 0.0151303 0.0586932 intcept
1.00 414 .00 1 -0.1034214 0.0556330 1intcept
1.00 415 .00 i 0. 3657644 0.0440240  1ntcept
1.00 BEO5 .00 1 =0, 2049495 0.0377749  intcept
1.00 E0a.00 1 -0.4732580 0.0411038  1ntcept
1.00 07 .00 1 -0.2183398 0.0381740  intcept
1.00 BOE.00 1 0.2533768 0.0358708 intEEpt
1.00 09,00 1 =0, 1449054 0.0281281 1intcept
1.00 BE10.00 1 -0.1526582 0.0291689 intcept
1.00 513.00 1 -0.3504516 O.0621495 intEEpt
1.00 514,00 1 0.1042001 0.032893F7 intcept
1.00 515.00 1 o.0021r722 0.0244088 intcept

.

Kl ;I_I

| | Lnt, ol y

The mean of the empirical Bayes estimates is— 0.0002. The estimates ranged from —
0.473258 for school 506 to 0.410744 for school 407. In both cases a mass-media
intervention procedure was applied, and thus Tv = 1, but cc = cc*Tv = 0. For
students with a PreTHKS score of 3 from each of these schools, thisimplies

—0.473258+0.3741+0.3871(3)

. e
Prob(THKSbin; =1|CC =0, PreTHKS=3,1D = 506) = 17 o O O O
e1.062142
= —1+ oz =0.7431
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and

0.410744+0.3741+0.3871(3)

. e
Prob(THK Shi n; = 1|CC=0,PreTHKS=3,ID =407) = 11 QAT OO
e1.946144

respectively. The fact that the intercept for school 407 lies higher than the average is
reflected in the higher probability (87.5%) that a student with average pre-
intervention knowledge score will obtain a high post-intervention score. School 506,
on the other hand, has an intercept far below the average, and a student from this
school has, in effect, a 74.31% chance of obtaining a high post-intervention score.

2.2.3 A 2-level random intercept logistic regression model

Using the same data (tvsfpors.ss3) and syntax file TvBS.mum from the previous
example, we now consider the situation where students are nested within classrooms
and fit a two-level model of the form described earlier, again with the binary
variable THKSbin as outcome.

2.2.3.1 Setting up the analysis

Use the File, Open Spreadsheet option to re-open the previously used spreadsheet
tvsfpors.ss3 from the Examples\Binary folder. Next, use the File, Open Existing
Model Setup option to browse and open the syntax file TvBS.mum.

The biggest change to be made to the syntax file is in terms of the ID variable.
Change the Level-2 IDs field on the Configuration tab of the Model Setup dialog box
from School to Class, as shown below. Also, turn of the writing out of Bayes
estimates by setting the Write Bayes Estimates field to no.
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 Model Setup: TYBC.mum o ] 5

| Eariables' Starting Valuesl Eatternsl Advanced | Linear Transforms

Title 1 ILogistic 2 level random intercept model

Title 2 |TWSFP data

Dependent Yariable Type: Ibinar_l,l j Level-2 [Ds: IEIass j
Dependent Yariable: ITHKSbin j Level-3 IDs: I j
Categories: = 10 Walue Wiite Bayes Estimates: Ino j

2 |1 Canvergence Criterion: [0.0001

Mumber of Iterations; |100

Mizsing Yalues Present: |false j Perform Crosstabulation: Ino 'l

Save the revised syntax file under a new name such as TvBC.mum and run the
anaysis.

2.2.3.2 Discussion of results

Partial output for thisrun is provided below. The summary of units now reflects the
number of students nested within each classroom. The number of students per class
(level-2 unit) ranges between 2 and 28. In this analysis, there were 135 level-2 units,
compared to 28 in the previous analysis.
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% SuperMix - [TYBC.out] B[] 3
,‘? Eile Analysis Window Help o =] |
[
Hodel and Data Descriptions

Sampling Distribution = Bernoulli

Link Function = Logistic

Humber of Level-Z Units 1zt

Number of Level-l Units 1&e00

MNumber of Lewel-1 Units per Lewel-Z Unit =

Z0 2 11 El 13 26 11 10 15 12 12 10

Z1 10 17 13 Z 4 z1 1a 15 13 4 14

1z 1 1z 1g 21 17 1& 158 1a 21 21 27 LI

Save Az | LCloze I

Estimated coefficients with adaptive quadrature and the estimated level-2 variances
are given below.

JRT=TE

:? Eile analysis window Help _|5||i|

Estimated regression weights

Standard
Parameter Estimate Error z Value P Walue
intcept -1.£5835 0.1895 -7.3331 0. oooo
PreTHES 0.4010 0.0461 2.6370 0.oo000
CcC 0.38383 0.137z E.ooss 0. oooo
paod 0. 2870 0.13Z20 1.4347 0.1350
CC*TW -0.z2850 0.2774 —-1.232032 0.1834

Estimated lewel Z wariawnces and covariances

Standard
Parameter Estimate Error z Value I Walue J
intoept fintocept 0,219z 0.020z Z2.73E8 0,006z

Save Az | Cloze I

The estimates for the classroom analysis are very similar to those of the school
analysis. All estimated fixed coefficients are slightly lower than was the case in the
previous analysis. There seems to be more variation between classrooms than
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between schools, as indicated by the estimated variation in the random intercept of
0.2193, compared to the similar estimate of 0.1065 in the school analysis.

The estimates can again be used to obtain predicted probabilities by first calculating
the ﬁijs, using the formulae

~

n; =—1.2535+0.9883x CC, +0.2870x TV, —0.369x (CCxTV)
+0.401x PreTHKS,

and fy,] =7A7ij /\/dTJ. where

2

Oy 0.2193+7%/3
dii =72 = 2
c n/3

€

~ 0.2193+3.289865
3.289865

=1.0666.

A comparison of unit-specific and population-average predicted probabilities for the
current model are given in Table XXX.8. For comparison purposes, similar results
for the previous model can be found in Table XXX.7.

Table XXX.8: Observed and predicted proportions of high post—intervention
scores

. Unit-specific Population-average
Group Proportion observed predicted prob. predicted prob.
cc=0,Tv=0 41.57% 40.36% 40.66%
cc=1,T17v=0 63.16% 63.57% 63.16%
cc=0,Tv=1 48.32% 46.76% 46.87%
cc=1T1v=1 60.31% 60.98% 60.64%
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2.2.4 A 3-level random intercept logistic regression model

Having fitted 2-level models where students were nested within either classrooms or
schools thus far, we now consider a 3-level model with both classroom and school
defining levels of the hierarchy.

2.24.1 The model

The level-1 and level-2 models are the same as for the previous two models, as
shown below.

Level 1 model (k=1---,n;):

THKSbin,, =h,, + b, PRETHKS,, + &,

Level-2mode (j=1---,n):
bou = bOOi +b0]jCCij + boziTVij + b03i (CCij XTVij)+VOij
b.lij = bmi

With classrooms nested within schools, however, a third level of the hierarchy is
defined. At this level, the level-2 coefficients become outcomes again, and can
potentially vary over the schools (level-3 units). In the current model, we allow only
the intercept to vary randomly over the schools.

Level-3mode (i=1---,N)

By = By + Vs
by =B
By = B,
By = B
Bo =B,
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2.2.4.2 Setting up the analysis

We modify our model setup saved to the syntax file TvBS.mum by first using the
Open Existing Model Setup option on the File menu to retrieve the syntax file. Then
click on File, Save as to save the model setup in a new file, such as TvBSC.mum.
Next, select CLASS as the Level-2 ID and SCHOOL as the Level-3 IDs as shown
below. We now have both level-2 and level-3 IDs selected.

% Model Setup: TYBCS.mum =0l

Configuration |Ealiables| Starting Values' Eattemsl Advanced | Linear Transforms

Title 1: |Logistic Hlevel random intercept mode!

Title 2 |TVSFP data

Dependent Yariable Type: Ihinary j Level-2 [Ds: IEIass j
Dependent Y ariable: ITHKShin j Level-3 [Ds: ISchooI j
Cateqaries: 0 Value Write Bapes Estimates: Ino j
2 Convergence Criterion: |D.DDD1
Mumber of lterations: |1 00
Migzing Values Present: |false j Perform Crozstabulation: Im

Enter the main title to be displayed in the output,
The maximum length is B0 characters.

Keep al the other settings unchanged. Save the changes to the file TvBCS.mum and
select the Run option on the Analysis menu to run the analysis.

2.2.4.3 Discussion of results

The portions of the output file TBVSC.out containing the estimates of the fixed and
random coefficients in the current model are shown below.
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~i0i x4

;? File Analysis Window Help _|ﬁ'|ﬂ

o -l
| Optimizmati
p=========
Humber of cquadrature points = Z5
Munber of free parameters = 7
Number of iterations used = &
-Zlnl {deviance statistic) = Z055.70206 ol
Akaike Information Criterion Z0E2. 7020
Zchwarz Criterion Z107. 34637 _I
-

Save Az | LCloze |

il

:? Eile analysis window Help _|5||i|

Estimated regression weights

Standard
Parameter Estimate Error z Value P Walue
intcept -1.2465 0.1357 —-6.3687 0. oooo
PreTHES 0.3954 0.04632 2.E33E 0.oo000
CcC 1.0383 0. 2448 4. 2416 0. oooo
paod 0.3328 0.Z2358 1.4104 0.1534
CC*TW -0.4644 0.323427 —-1.32EEZ 01754

Estimated lewel Z wariawnces and covariances

Standard
Parameter Estimate Error z Value I Walue J

intecept fintcept 0.1543 0.o0sl1z2 z.0z77 0.04Z¢

Save Az | Cloze I
-lalx]
33 File Analysis ‘Window Help =181=l
Estimated lewel 3 wariances and covariances ;I
Standard
Parameter Estimate Error z Value P Walue
intcept rintceps o.0s30 Coosie 10213 0.307m1 —
=
Save As... | LCloze |

Results for this model are compared to those obtained using the two 2-level models
in Table XXX.9. Generdly, thereis close agreement between the models in terms of
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both the sign and size of the effects. Note that the only intervention method that
consistently has an estimated coefficient significantly different from zero is cc.
While use of the media intervention (TVv) can positively influence the post-
intervention score, it seems clear that using both methods simultaneously does not

have any real benefits.

Table XXX.9: Comparison of results for three models with binary variable
THKSbin as outcome

Coefficient 2-level: 2-level: 3-level
CLASS as ID SCHOOL as ID
Fixed effects:
estimate -1.2535 -1.228 -1.2465
Intercept standard error 0.1695 0.1949 0.1957
estimate 0.401 0.3871 0.3954
PRETHKS standard error 0.0461 0.0451 0.0463
estimate 0.9883 1.0893 1.0383
cC standard error 0.1973 0.2454 0.2448
estimate 0.287* 0.3741* 0.3325*
TV standard error 0.192 0.235 0.2358
estimate -0.369* -0.5578* -0.4644*
CCxTV standard error 0.2774 0.3403 0.3427
Random effects:
Var(between |estimate 0.2193 0.1649
classrooms)  |standard error 0.0802 0.0813
Var(between estimate 0.1065 0.063*
schools) standard error 0.0578 0.0616

*: Not significant at 5% level of significance.




2.2.4.4 Interpreting the adaptive quadrature results
3-level ICCs

Intraclass correlation coefficients can be obtained for the three-level dichotomous
outcome model. As mentioned earlier, it is assumed that the level-1 error varianceis

equal to 7> /3 for thelogistic link function if the model is true (see, e.g., Hedeker &
Gibbons (2006), p. 157). Using this approximation, the formulae for the standard
|CCs can be adjusted.

From the output for the random effects, we have

Level-1: error var = 7%/3=3.2899
Level-2: dlassvar = 0.1649

Level-3: school var = 0.0630.

Based on this information, we can calcul ate the | CCs as shown below.
Similarity of students within the same school:

2

oo Tw__ 0.063
2 2 2
Gly + 0y +0°  0.063+0.1649+3.28986

=0.0179.
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Similarity of students within the same classrooms (and schools):

2

o Tw _ 0.1649
2 2 2
Gly + 0y +0°  0.063+0.1649+3.28986

V

=0.04688.

Similarity of classes within the same school:

IcC - Owy _ 01649
ol +02, 0.063+0.1649
v(3) v(2)
=0.7236.

Estimated unit-specific and population-average probabilities

Under the assumption that v;, v, and ¢, are independently distributed, it follows

that for the three-level model the design effect is defined as

2 2 2
d. - (Gv(a) +Oyp +O )

ijk 2
(¢)

=1.0692.
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The estimated unit-specific probabilities are calculated using

My = —1.2465+1.0383x CC, +0.3325x TV, —0.4.644x CC, x TV,
+0.3954x PreTHK S,
and

1

Prob(THKSbin=1|g) = -
1+e "™

The estimated population-average probabilities (Hedeker & Gibbons, 2006) are
obtained in a similar fashion as the unit-specific probabilities after replacing 7A7ijk

with fyijk = ﬁijk /,/d;. inthe second of the equations shown above.

50



2.3 Models based on the subset of NESARC data
2.3.1 The data

The data set is from the National Epidemiologic Survey on Alcohol and Related
Conditions (NESARC), which was designed to be a longitudinal survey with its first
wave fielded in 2001-2002. This data file has been used in some of the examplesin
Chapter XXX. Detaled information about the survey is available at
http://niaaa.census.gov/index.html.

In Section 4 of the description of the NESARC study, information on the data
regarding occurrences of major depression, family history of major depression and
dysthymia are collected. This information was used, in combination with the
demographic information provided in Section 1 of the study description, to produce
the nesarc_berc.ss3 data set used in this section. The image below shows the first
ten records of this data set. There are 2339 dysthymia respondents in the survey;
after listwise deletion, the sample sizeis 1981.

B nesarc_berc.ss3 N [u]

Apply |

(5] PSU | [B] FINWT | [C1 &GE | (D1 SEX | (] FULLTI| (F1 ¥R2 D | [G] WHITE | ]
1 1001000 4270.43 24.00 0.00 1.00 0.00 100 _|
2 1007.00 1899.53 33.00 Q.00 0.00 0.00 1.00
3 1007.00 237019 G0.00 Q.00 1.00 0.00 0.00
4 100100 3897.07 23,00 1.00 1.00 0.00 1.00
5 100100 GG10.44 £0.00 1.00 0.00 0.00 1.00
G 1007.00 373937 36.00 1.00 0.00 0.00 0.00
¥ 1007.00 6729 GE.00 1.00 1.00 0.00 1.00
g 1007.00 953.70 G5.00 1.00 0.00 0.00 0.00
3 100100 HE7.29 71.00 1.00 0.00 0.00 1.00
| ml 100100 723197 54.00 1.00 0.00 0.00 milﬂ
4 [
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http://niaaa.census.gov/index.html

The variables of interest are:

0 PSU denotes the Census 2000/2001 Supplementary Survey (C2SS) primary
sampling unit.

0 FINWT represents the NESARC weights sample results used to form national
level estimates. The final weight is the product of the NESARC base weight
and other individual weighting factors.

0 AGE represents the age of the respondent.
0 SEXisthe gender of the respondent (1 for male, O for female).

0 FULLTIME is recoded from question S1Q7A1. It is the response to the
statement "present situation includes working full time (35+ hours a week)"
with 1 indicating yes and O indicating no.

0 YR2_DEP isthe observed response to the statement that the respondent had a
period of at least 2 years with low mood, and being sad or depressed most of
day (1 =yes, 0 =no.) It isrecoded from S4CQ1 in the source data.

0 WHITEOTH represents the origin of white and other ethnicities, excluding
Black and Hispanic. It is recoded from items S1Q1C, S1Q1D2, S1Q1D3 and
S1Q1D5 in the NESARC source code (1 for white and other, O for black and
Hispanic).

0 BLACK represents African American respondents in the sample. It is recoded
from s1Q1cC and s1Q1D3 (1 for African American, O for others).

0 HISPANIC is an indicator for Hispanic respondents in the sample data. It is
recoded from S1Q1C, S1Q1D3 and S1Q1D5 (1 for Hispanic, O for others).

0 YOUNG is recoded from AGE. Respondents younger than 35 have the value
1; otherwise, YOUNG = 0.

0 MIDDLE is recoded from AGE. Respondents with 35< AGE<50 have the
value 1. Otherwise, MIDDLE = 0.

0 OLD is recoded from AGE. Respondents with AGE > 50 have the vaue 1.
Otherwise, OLD = 0.
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We recoded the ethnicity variables because of the unbalanced numbers of
respondents from different ethnicities in the original NESARC data. While weights
are supplied with the data and should be used to adjust for the disproportionality of
the sample, the use of indicator variables offers the opportunity to obtain estimated
coefficients for individual groups while using one of the other ethnic groups as a
reference group. The recoding of ethnicity is discussed in detail in Section XXXXX
. Similarly, an explanation of the motivation for the replacement of AGE with 3
indicator variables representing different age groupsis given in Section X XXXX.

In this section, we discuss the fitting of three Bernoulli models to these data.
2.3.2 A 2-level random intercept probit model
2.3.2.1 The model

In the previous models (see Section 2.2) the logistic link function was used. We now
fit amodel by using the probit link function.

The outcome variable of interest is YR2_DEP has the values O or 1. For this binary
outcome variable

Prob(YR2_DEP, =1|g,) =@ (#, )
where 7, represents the log of the odds of success, and can be expressed as
1m; = by + B xAGE; +b, xSEX;; + b, x FULLTIME; + b, +V,; + €

for the intended model. This transformation, commonly referred to as the probit link
function, constrains Prob(y; =1|p) tolieintheinterval (0,1).

53



2.3.2.2 Setting up the analysis

Open the SuperMix spreadsheet nesarc_berc.ss3. From the main menu bar, select the
File, New Model Setup option.

0 The Configuration screen is the first tab on the Model Setup dialog box. It is
used to define the outcome variable and level-2 and level-3 IDs. Some other
settings such as missing values, convergence criterion, number of iterations,
etc. can aso be specified here. For al the available settings, please refer to
Chapter XXXX.

& Model Setup: nesarc_ber1.mum =10 x|

Configuration |Eariahles| Starting Values' Eatterns' Advanced | Linear Transfarms

Title 1: |Ievel 2 Bemoulli - probit model with weight vaniable

Title 2 [NESARC datd

Dependent Varniable Type: Ibinar_l,l j Level-2 D= IF'SU j
Dependent Variable: |YR2_DEF =l Levet3 Ds: | M
Categaries: = Value wiite Baves Estimates: Ino j

2 |1 Convergence Criterian: |D.DDD1

Mumber of [berations: |'| 0o

Figsing Yalues Present: |false j Perform Crozstabulation: I_l,les 'I

Crozstab Vanable: IAGE j

Enter the subtitle to be displayed in the output.
The masimum length iz 60 characters.

To obtain the model shown above, proceed as follows.

0 Select the binary option from the Dependent Variable Type drop-down list.

0 Select the outcome variable YR2_DEP from the Dependent Variable type
drop-down list box.
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0 Select PSU from the Level-2 ID drop-down list box.
o Enter atitlefor the analysisin the Title text boxesif needed (optional).

0 Request a crosstabulation of the outcome variable against AGE by selecting
Yes from the Perform Crosstabulation drop-down list box, and select AGE as
Crosstab Variable.

0 Keep al the other settings on the Configuration screen at their default values.
Proceed to the variables screen by clicking on this tab.

The Vvariables screen is used to specify the fixed and random effects to be included
in the model. Select the explanatory (fixed) variables using the E check boxes next
to the variables AGE, SEX and FULLTIME in the Available grid at the left of the
screen. After selecting al the explanatory variables, the screen shown below is
obtained. 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.

& Model Setup o =] 3

LConfiguration | Starting Valuesl Patterns gdvancedl Linear Transforms
Available | E | 2 E xplanatory Yarniables L-2 Random Effects |

PsU i AGE

WEIGHT - SEx

AGE W FULLTIME

SEX Al

FULLTIME W

‘YR2_DEP i

WHITEOTH -

BLACK, i

$|DSL'|3NG F F V' Include Intercept
MIDDLE i

oLD -

V' Include Intercept

Usze the armow keys or click on the desired tab to select the category of interest for the model.

55



The Advanced tab enables the user to define the weight variable. Weights are often
used in complex sampling to adjust the existing sample for known biases. In
SuperMix, the weight is normalized by default. To include a weight variable, proceed
asfollows.

0 Select differential from the Unit Weight drop-down list to activate the
Assigned Weight.

0 Select FINWT from the drop-down list of the Level-1 Weight field.

0 Sedlect adaptive quadrature as method of estimation in the Optimization
Method field.

| Lingar Transforms

— General Settings

Urit Weighting: | differential =l
Level1 Weight: [FINWT =l
Level-2 Weight: I j

Optimization Method: Iadaptive quadrature j
Mumber of Quadrature Paints: |1 ]

— Dependent [Binary) Variable Settings
Distribution Model: IBemDuIIi j Function Model: | prabit j

E stimate Scale: Inc-ne j

Save the model specificationsto the file nesarc_berl.mum and run the analysis.
2.3.2.3 Discussion of results

Portions of the output file nesarc_ber1.out are shown below.
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Model and data description

As shown in the model and data description section, the Bernoulli sampling
distribution and probit link function are specified. The weight variable FINWT is
used to include sampling weight. There are 419849 observations from 435 PSUS
included in the data we are analyzing.

Model and Data

Descriptions

Sampling Distribution = Bernoulli
Link Function = Probit
Leval-1 WMeight Variakle = FINWT
Number of Lewel-Z Units = 43&
MNumber of Lewel-1 Units = 41843
Mumher of Lewvel-1 Tnits per Lewel-Z Tnit =
z3 z3 1as Ze pud=] 171 =] S0 13
44 1 lak 7E 454 ZEB laz 23 20
37 111 3Z 11z &4 78 36Z 85 pud=]
T& 32 Q& 47 101 1481 347 47z 387
144 114 11z 47 289 2 =1 11 23
20 zZE z23 135 & 45 2 122 L1
o 53 43 lez &7 43 374 £33 20
100 43 k] 1z0 lad 6l 44 530 12k
| |
Save s | LCloze |

56
7E
ZE8
z38
ZE
40
25
15

167
zZ1
L4
aa

177

a2

-1
33

13
22
EZ
37
za7
1]
20

30 .
»

Descriptive statistics

The data summary is followed by descriptive statistics for all the variables included
in the model. As shown below, about 94.41% of the respondents did not have a 2+
year period of low moods or being sad or depressed most of day.
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=lolx|

f" File Analvsis ‘Window Help

=12 x|

Variable Minimum
TRE_DEPL 0.000o0
TRE_DEPE 0.0000
intcept 1.0000
AGE 150000
SEX 0_aaaoag
FULLTIME o.o0ooo0
Sawve fs.. Cloze

Maximum

S&8_0000
1.0000
1.0000

Standard
Hean Deviation
e |
0.9441 0.zza7
0.0EESD 0.zz97
1.0000 0. 0000
46 3563 181728
0.E713 0.494%
O.517& 0.4997

Results for the model without any random effects

'F‘ SuperMix - [nesarc_berl.out] ;lglil

:? File Analysis Window Help

=18

Pearson Chi-soquare
Deviance

Schwarz Criterion

Likelihood Ratio Chi-soquare

Ikaike Information Criterion

Parameter Estimate

intocept -1.5463

AGE -0.001E

EEX 0. zZ04&

FULLTIME -0, 2296
Save Az Cloze

Etandard
Error

17310.5854
418z21.174z2
173109553
17322 9553
173748063

Estimated regression weights

-4z 5951
-Z.483¢

S.e2032
—-l0.540%

LF Batio

41845 04137
41245 0.3354
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Descriptive statistics are followed by the results for the model without any random
effects. These results are used as the starting values for the model with random
effects.

Results for the model with random effects

The total number of iterations, the goodness of fit statistics and the estimated
regression weights are shown below.

'?:‘ SuperMix - [nesarc_ber1.out] ;IEIEI

# Fle Analysis Window Help 8] x|

g========================================z==¢g
Mumber of guadrature points = 10
Mumber of free parameters = &
Nuwber of iterations used = 3
-Zlnl {deviance statistic) = 17203.108E55
Akaike Information Criterion 17&12.108E8
Schwarz Criterion 17256.31571

Estimated regression weights

Standard
Parameter Estimate Error z Value P Value
intcept -1.5E46 0.0z28 -40.0711 0.0000
AGE -0.001% 0. 0008 -E_E308 0.0114
3EX 0.z1z21 0.0Z16 3.8123 00000
FULLTIME -0.Zz200 0O.0Z2Z2 -l0. 2641 0. o000

Estimated lewel Z wariances and covariances

Standard
Parameter Estimate Error z Value P Value
intcept/intcept 0.0363 0.00&64 E.ez2l 0.0000 =)

Save Az | Lloze I

The estimated intercept coefficient is -1.5546. The estimated coefficient associated
with AGE is— 0.0015, which implies that for every year increase in age of atypical
respondent, the estimated probit 7, is expected to decrease by 0.0015. The

coefficient seems small, but keep in mind that age has a wide range, and
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consequently this estimate may have a big effect on the overall probability. The
estimated coefficient associated with gender is 0.2121, which indicates that the male
respondents (SEX = 1) have alarger 7, . The estimate for the indicator of FULLTIME

shows that respondents with full-time jobs were expected to have a lower 7, value

than respondents with a similar profile in terms of age and gender but without full-
time employment.

2.3.2.4 Interpreting the adaptive quadrature results

The probit link function is now used to transform these estimates into probabilities.
First, we substitute the regression weights and obtain an expression for 7, :

Ay =By +, x(AGE), +1, x(SEX), +by x(FULLTIME),
= -1.5546-0.0015x (AGE), +0.2121x(SEX ), —0.23x (FULLTIME)

i ij ij"

For atypical 30-year-old male with afull-timejob, SEX = 1, FULLTIME = 1 and AGE
=30, and thus

A, = —1.5546—0.0015x 30+ 0.2121- 0.23
— _1.6025. '

Transform the 7, into the corresponding probability by using the probit link
function:

Prob(YR2_DEP, =1) = ®*(~1.60937) = 0.0545.

In terms of percentages, 5.45% of males with this profile would be expected to
suffer from long-term depression episodes. Similarly, the probability of having a
depression episode of 2+ years’ duration for different gender and age combinations
can be calculated. These probabilities, expressed as percentages, are reported in
Table XXX.10 below.
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Table XXX.10: % probabilities of having a depression episode

Age 20 30 40 50 60 70
not fulltime, female| 5.65% | 5.48% | 5.32% | 5.16% | 5.00% | 4.85%
not fulltime, male | 8.50% | 8.26% | 8.04% | 7.82% | 7.60% | 7.39%
fulltime, female 3.48% | 3.37% | 3.25% | 3.15% | 3.04% | 2.94%
fulltime, male 5.45% | 5.29% | 5.13% | 4.97% | 4.82% | 4.67%

In general, males without full-time employment were more likely to have depression
episodes than their female counterparts. Surprisingly, thisis also true of males with

full-time employment.

These probabilities can also be depicted in a line plot as shown below. The line
associated with males without full-time jobs is considerably higher than for any
other groups, again illustrating that this group has the highest probability of having
2+ years’ period with low mood regardless of their age. For all the correspondents,
asthey grow older, the probability of having lengthy depression episodes decreased.

9.20%

Estimated % of YR2_DEP =1

5.50% ——

7.a0%

. B.50%

Prob

5.50%

4.50%

3.50% ——

2.50%

20

T
a0 40

al
Age

G0

Ta

—m—not fulltim e, female

not fulltim e, male

fulltime, ®male ——fulltime, male

Figure XXX.5: Expected probabilities for subgroups
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2.3.3 A 2-level random intercept model with additional predictors
2.3.3.1 The model

In the previous section, we modeled the outcome variable YR2_DEP in terms of its
relationship with the predictors AGE, SEX and FULLTIME. The model discussed in
this section takes the ethnicity of patients into consideration by including two
dummy variables, BLACK and HISP. Since the group of WHITEOTH is not included, it
isautomatically regarded as the reference category.

For the current model, the log of the odds of success (7, ) can be expressed as

1; =0, + b, x AGE; +b, xSEX|; +b, x FULLTIME; +b, x BLACK; +hb, x HISP,
+Vy +6§;.
2.3.3.2 Setting up the analysis

We can modify the model setup file nesarc_ber1.ss3 by opening it and then saving
it under adifferent name, such asnesarc_ber2.ss3.

Click on the variables tab of the Model Setup window. Add the predictors BLACK
and HISP to the model by checking the boxes next to these variables in the E
column, as shown below.
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& Model Setup: nesarc_ber2.mum =10 x|

Configuration  ariables |§talting Valuesl Eattemsl Advanced | Linear Transforms

Auvailable | E | 2 Explanatary ' ariahles L-2 Randam Effects |
PsU r AGE
WEIGHT i SEX
AGE v [ FULLTIME
SEx v [~ BLALCE,
FULLTIME v [ HISP
YRZ_DEP i
WHITEOTH r
BLALK, v [~
‘?ISSLTNG g F IV Include Intercept
MIDDLE r
oLn i

¥ Inciude Intencept

Select the columnz of the zpreadshest to be used az explanaton vanables and random effects.

Save the modified model specification file, and select the Run option from the
Analysis menu to perform the analysis.

2.3.3.3 Discussion of results
Portions of the output file nesarc_berc2.out are shown below.
Results for the model fitted with adaptive quadrature

The goodness of fit statistics are shown below. Since the previous model can be
considered as a submodel of the current model, the deviances of these two models

can be used to perform a y? test to evaluate possible improvement in model fit.
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'?:‘ SuperMix - [nesarc_berZ.out]

l‘? File Analysis ‘Window Help

=10 x|
=18 ]

Mumber of cuadrature points = 10
Nuawber of frees paramsters = 7
Number of iterations used = 2

1717663878
1715063873
17EE1.191Lke

=ZlnlL {deviance statistic) =
Akaike Information Criterion
Schwarz Criterion

Estimated regression weights

Standard

Iarameter Estimate Error z Walue I Value
intcept =-1.E071 0.0z98 =-37.9014 0. o000
AGE —-0.00z0 0.0006 -3.ZEE3 0.0011
SEX 0.2121 0.0zZ1s 9.8141 0. o000
FULLTIME -0.Z3358 0.0zzz -l0.5176 0. o000
ELACE -0.0891 0.0z2E50 —E._ 5487 o.oLo9
HISP -0.181le 0.0388 -4._6733 0. o000
Estimated level Z wariances and covariances
Standard
Iarameter Estimate Error z Walue I Walue
intcept/intcept 0.0333 0. 00&8E 54878 0.0000
Save &s.. | Llose |

The output describing the estimated fixed effects after convergence is shown next.
As shown above the estimated logit for the intercept is -1.5071, the estimated logit
associated with AGE is -0.002, etc. It is interesting to note that the only positive
estimate is for gender. Maes are thus more likely to show long-term depression,

while it will be less likely in those who are older or fully employed. The ethnicity

indicators coefficients also indicate that white respondents are most likely to have

depression, with the Hispanic population the least likely.
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2.3.3.4 Interpreting the adaptive quadrature results
Estimated outcomes for different groups: unit-specific results

To evaluate the simultaneous impact of these estimates on the expected probabilities
for respondents from the subgroups formed by the categories of age, gender, and
ethnicity, we may use the estimated regression weights and the link function to
calculate probabilities of having depression in the same way as for the previous
model.

For the current model, ;7” can be expressed as:

~

7; =-1.5071-0.0020x AGE, +0.2121x SEX, —0.2335x FULLTIME,
~0.0891x BLACK ; —0.1816x HISP,.

Table XXX.11 contains a subset of these estimated probabilities. Only typical
respondents 30 or 50 years old are considered here, and probabilities are expressed
as percentages.

Table XXX.11: % Probabilities of having depression episodes for selected age
groups

Age 30 50
Ethnicity White | Black | Hispanic | White | Black | Hispanic
not fulltime, female| 5.85% | 4.88% | 4.02% |5.40% | 4.49% | 3.68%
not fulltime, male |8.77%|7.44%| 6.22% |8.15%|6.89% | 5.74%
fulltime, female 3.59% | 2.94% | 2.37% |3.28%|2.68% | 2.16%
fulltime, male 5.61% | 4.67%| 3.84% |5.17%|4.29% | 3.51%
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Y ounger white males without full-time employment have the highest risk of having
long-term depression, while femae Hispanic respondents with full-time
employment were least at risk.

Theresultsin Table XXX.11 can also be depicted as a bar chart. Figure xxx.6 shows
that white respondents are more likely to get depressed for a long period than
African American or Hispanic respondents.

Estimated prob. of YR2Z_DEP =1

9.00%
g.00%
7.00% +
6.00% 4
5.00% +
4.00% +
3.00% +
2.00% +
1.00% +
0.00% +

Prob.

W hite | Black |Hispanic White | Black |Hispanic

30 a0

||:|not yltime, female @not fulltime, male Ofultime, female Ofulltime, male |

Figure XXX.6: Estimated probabilities for subgroups

Model comparison

Since the two models in this section are nested models, the chi-square difference test
can be used. The deviances, AIC, and SBC statistics for these models are summarized
in Table XX X.12. These statistics suggest that the second model fits the data better.

Table XXX12: Model comparison

Difference]
Statistic Model 1 Model 2 | difference in d.f.
—2InL (deviance statistic) |17203.107|17176.699| 26.4078 2
Akaike Information Criterion| 17213.107 | 17190.699 | 22.4078 2
Schwarz Criterion 17256.316|17251.192| 5.12415 2
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