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Abstract

Medical and epidemiological researchers commonly study ordinal measures of symptoms or
pathology. Some of these studies involve two correlated ordinal measures. There is often an
interest in including both measures in the modeling. It is common to see analyses that consider one
of the measures as a predictor in the model for the other measure as outcome. There are, however,
issues with these analyses including biased estimate of the probabilities and a decreased power due
to multicollinearity (since they share some predictors). These issues create a necessity to examine
both variables as simultaneous outcomes, by assessing the marginal probabilities for each outcome
(i.e. using a proportional odds model) and the association between the two outcomes (i.e. using a
constant global odds model). In this work we extend this model using a parsimonious option when
the constraints imposed by assumptions of proportional marginal odds and constant global odds do
not hold. We compare approaches by using simulations and by analyzing data on brain infarcts in
older adults. Age at death is a marginal predictor of gross infarcts and also a marginal predictor of
microscopic infarcts, but does not modify the association between gross and microscopic infarcts.
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1. Introduction

Medical and epidemiological researches commonly study ordinal measures of symptoms or
pathology. Such is the case in studies of stroke, a common and deleterious neurological
condition associated with aging. On postmortem neuropathologic examination of older
people, brain infarcts are much more common than clinically recognized strokes, with
about half of older people showing infarcts [1-4]. Some infarcts are large enough to

be seen and counted by visual examination of the brain. These are termed “gross”
infarcts. Smaller infarcts, however, can only be seen with a microscope and are termed
“microscopic” infarcts. Because microscopic infarcts are too small to be seen by
conventional neuroimaging, much less is known about microscopic infarcts than about
gross infarcts. Moreover, though infarct size is associated with morbidity and mortality,
microscopic infarcts are associated with multiple morbidities including dementia [5]. One
measure of the burden of gross and microscopic infarcts is the number of gross and
microscopic infarcts counted at autopsy. A robust measure of the infarct burden for an
individual consists of summarizing the numbers of infarcts as None/Single/Multiple. A
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natural analysis for this type of outcome is a cumulative constrained ordinal model, or
“ordinal logistic regression.”

Gross and microscopic infarcts are correlated. However, the correlation is not perfect and it
is quite possible that gross and microscopic infarcts have some separate predictors. For this
reason, infarct types are often studied in separate models [5], and the alternate type of infarct
is sometimes used as a covariate in these models. For example, a term for gross infarct may
be included in a model of microscopic infarct as the outcome [6]. Problems arise with such
strategies. Bias may be introduced when attempting to estimate the patient probability of
having a combination of the two outcomes. In addition, power to detect associations may be
decreased.

An alternative approach is to use a type of shared-parameter model, termed global

odds model [7] to model both outcomes simultaneously. This model assesses the
marginal probabilities for each outcome and the association between the two outcomes
simultaneously. The marginal probabilities are assessed using a proportional odds model
[8], and the association between the two outcomes is assessed using a constant global
odds model (i.e. the Dale model) [9]. The model has some important constraints. These
constraints lead the log odds for each marginal outcome, as well as the global odds, to be
independent of the ordinal level.

In this paper, we first review the proportional odds and global odds concept and constraints.
We introduce a parsimonious alternative for situations where the models assumptions do

not hold. We compare the simultaneous and separate modeling approaches using computer
simulations, as well as data on gross and microscopic infarcts based on 1,135 deceased
participants from the Religious Orders Study and the Rush Memaory and Aging Project [10,
11]. We present models showing the association of these infarcts with age at death and other
demographic factors. Finally, we present simulation results of the global odds model and
approaches using marginal and conditional marginal modeling and provide sample code to
fit global odds with SAS PROC NLMIXED (Appendix A; Supplementary Material).

2. Constrained ordinal models for marginal modeling of each ordinal

outcome

Suppose there is an ordinal outcomes Y with I+1 categories (Y=0, 1, ..., I). Ata given
cut-point i that can be assigned the values {1, ..., 1}, we can calculate the probability
of being above or below the cut-point. Consider a single covariate X that modifies this
probability. The log cumulative odds () is therefore:

PY 2i|X=x)| . _,

v =log |y <ifx =x ) 1= 1

An unconstrained cumulative odds model posits that all i of these logits are linear
functions of X, with different coefficients for each cumulative logit. Following Agresti’s
[12] taxonomy, the marginal cumulative logit for a single predictor X is:
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vi=a +BX Q).

These models reduce to a binary logistic model when the outcome has only two levels (1=1).
For outcomes with more than two levels (1=2), it is possible to use a more parsimonious
model than the model represented by equation 1. For example, it is common to use the
proportional odds model [8] in which the cumulative odds for cut-point i is proportional to
the cumulative odds for cut-point i+1. This implies that ;= p for all i, and

ve=a + ﬂYX ().

The proportional odds assumption may not hold in certain cases. The trend odds model

was introduced as an alternative model when the cumulative logits differ but demonstrate
increasing or decreasing trends. For example, assume that the proportional odds assumption
is violated but the trend odds assumption holds for Y. In this case a trend parameter yY can
be introduced, such that

vh=a +BV +7 X, <.
where tj is a multiplicative scalar that varies with the cut-point (i.e. t;=0 and tj+1= tj+1).

For models including multiple covariates, it may not be necessary to include the trend
parameters for all the covariates.

3. Constrained ordinal approaches for analyzing associated ordinal

outcomes

Models of bivariate ordinal outcomes involve simultaneous marginal models of each
individual outcome, while including a parameter that characterizes the associations of the
outcomes. To understand the association portion of the model, suppose the ordinal outcome
Y has I+1 categories (Y=0, 1, ..., I) and Z has J+1 categories (Z=0, 1, ..., J). The log
global odds ratio is the logarithm of the odds ratio defined by requiring that both Y and Z are
at least equal to, respectively, cut-points i and j. Consider that a single covariate X modifies
the probabilities that compose the global odds ratio. The log cumulative global odds ratio
(w.x) is therefore:

1l PO 20 Z > | X = )P <i,Z < j|X =x)
Vin =08 PpY <1, Z> jIX=x)P(Y 21, Z < j| X = x)

©)2
The general form of the association model described by Dale is
Vijx = aicj; + ﬂGX-

Further, Dale describes the constrained form of the equation above based on constant odds
assumption, such that
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wix=a%+ ﬂGX (4).

Figure 1 shows a constructed numerical example of the global odds calculation for which
the constant odds assumption holds. Note that the general and constrained forms described
assume a uniform predictor effect in which g = 5, forall (i, j). It is possible, however, to
have a completely unconstrained model. Such unconstrained model posits that each of these
log global odds is a linear function of X but with different coefficients for each cumulative
log global odds. The unconstrained global odds model [9, 12, 13] for a single predictor X is
therefore:

Yix = 013 + ﬁsX ®)-

Parameterizations with parsimony between equation 4 and 5 can be used in modeling. For
example one may consider a model that includes a monotonic increase in global odds with
i and j, such as w,,x = a¥ + X + yv, where ~y represents a type of trend and v; and ya
monotonic scalar associated with the level i and j.

The assumptions of proportional odds, trend odds and the constant odds can be verified
using the likelihood ratio tests, as the models with fewer parameters are nested in the models
with more parameters. Other strategies include score tests and graphical visualization [14].

4. Latent underlying distributions

Although this section is theoretical in the sense that we don’t model or try to characterize
the underlying distribution, it is important for a deeper understanding of models. The models
used to assess the marginal probabilities of each outcome (proportional odds and the trend
odds model) were developed from the idea of an underlying distribution that is unobserved
or latent. That is, while Y is the observed ordinal realization, Y* is a continuous distribution
that is not observed.

The proportional odds and the trend odds models were developed considering an underlying
logistic distribution. The concept was introduced by Snell in 1964 and was popularized by
McCullagh [8, 15] under the assumption of proportional odds and extended by Capuano
and Dawson [16] under the assumption of trend odds. Consider again that underlying

the observed ordinal variables Y and Z, there are unobserved continuous distributions,
respectively Y* and Z*. Suppose that each ordinal variable, Y and Z, takes on values 0, 1,
2, ..., |, respectively based on the latent variables, Y* and Z*, according to c; and d; values.
Specifically, let

Y=i & Y* e(ccirl

Y> =ioY*>q,
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Z=j < Z* €(d;djs4).and

Z> =je7* >d,

where cg=—00, ¢|+1=090, and d;4+1=00. The proportional odds model and the trend odds
model can be derived from the assumption that the latent Y* and Z* follow separate

logistic distributions with the location parameter /77and scale parameter sbeing function

of a predictor variable X. For example, in the next section, we will discuss a dataset
containing two variables (gross and microscopic infarcts), with each variable having three
ordinal levels: None/Single/Multiple. These measures represent categories of increasing
cerebrovascular disease, where the ordinal levels of gross and microscopic infarcts (say

Y and Z) come from unobserved continuous distributions burdens of two types of
cerebrovascular disease (say Y* and Z*). These marginal distributions can be represented by

Y*IX =x ~ Logistic(mxw, sf*)

and

Z¥1X =x ~ Logistic(mf*, sf*) .

The proportional odds model results from a shift in the location of the underlying variable
with the predictor (e.g. m~, > m;,). In contrast, the trend odds model results from a shift
in the location and scale of the predictor (e.g. my~, > m_, and s;_, > s_,). Note that if the
cut-points cj and dj are known, then they can be used as the multiplicative scalar. Further
details on the latent underlying distribution concept are provided elsewhere [8, 16].

The global odds ratio, also termed the cross ratio in the literature, is based on the idea

of an underlying bivariate distribution. In 1965, Plackett proposed a family of bivariate
distributions defined by the marginal distributions and a single association parameter [17].
Plackett’s approach was to divide the plane into quadrants at any given point (Y*= ¢;, Z*=
d;), which then results in four probabilities: a=P(Y*2 ¢, Z*= d;), b=P(Y*2 ¢j, Z*< d),
c=P(Y*<¢j, Z*2 dj) and d=P(Y*< cj, Z*< d;). Plackett proved that for any two marginal
distributions, there is a unique bivariate distribution with these margins having the property
that the odds ratio determined by these probabilities is the same for every pair (cj, dj), which
implies that this odds ratio is then a natural measure of association between Y* and Z*:

d
v = log(z—c) (6).

Given any underlying marginal distributions, the bivariate distribution is derived from types
of multinomial allocation of the marginal probabilities and measures of association[17, 18],

the true global odds ratio, or e“’+, is asymptotically normal with mean e¥ and variance
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2" (a1 4 b1 4 =14+ a7 1) [17]. Building upon Plackett’s work, in 1986, Dale gave an
explicit solution to Plackett’s equation expressing the probability of the ordinal bivariate
outcomes in terms of cumulative marginal and a constant global odds ratio, as a function of
the fixed set of predictors [9].

Let the marginal cumulative distribution function be

F,=PXY*>ilX =x)

and

Fj = P(Z* 2 jIX =),

and let the joint cumulative distribution function be

Fio=P(Y*>i,Z*> j|X =x).

When there is no association between Y and Z, the cell cumulative probabilities can be
calculated as the simple product of the marginal probabilities, Fijx=Fix@Fjx. Otherwise, for
e > 0 or e¥ix < 0 the probability will be

L+ (Fu+ F) (e’ = 1) - [[1 +(Fo+ F,)(e" - 1)]2 +4e”(1 - e?’)FF] 2 .
- 2(ei — 1)

The bivariate probability Fijx depends on the global odds ¥, and on the marginal
probabilities Fix and Fjy So, although the global odds ratio was not theoretically justified
by the underlying marginal that specifically follows the logistic distribution, this is the
underlying theory of the joint modeling.

It is important to note that the bias generated by ignoring the association between observed
Y and Z can be seen as a function not only of the levels of association between the latent
Y*and Z*. It is also a function of the variation in location and shape of the underlying
distribution. Figure 2 illustrates differences in the bivariate probability obtained when a
global odds of 10 is compared to a global odds of 1. In the figure, Y* and Z* have

the same scale but different location, and Y* and W* differ in both location and scale,
showing that the change in the bivariate distribution as a function of the location and shape
of the underlying distribution. Heatmaps of these differences in the bivariate probability
are available in appendix B of the supplementary material. In addition, figure 3 illustrates
changes in probability differences with changes in the scale of W*.
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5. Gross and microscopic infarcts

The data that motivated this work were collected in two clinical neuropathologic cohort
studies of cognitive decline in aging: the Religious Orders Study and the Rush Memory
and Aging Project [10, 11]. These studies enroll older people without known dementia
who agree to brain donation at death and have high follow-up and autopsy rates. Both
studies are designed to examine associations among clinical predictors, brain findings at
autopsy, and clinical phenotypes measured prior to death. The essential details of clinical
and pathologic data collection are identical in the two studies [5, 19]. The numbers of gross
and microscopic infarcts was examined at autopsy following established protocols [10, 11].
About half of the 1,135 autopsied participants had at least one infarct of any kind, and less
than one fifth had both gross and microscopic infarcts (Table 1).

The question we examine here arose in assessing clinical predictors for brain infarcts. It

is well established that brain infarcts are an underlying pathology associated with clinical
strokes, clinical events characterized by the acute onset of focal neurologic deficit [20, 21].
In addition, it is also well-established that brain infarcts detected at autopsy can be found in
people without a clinical history of stroke. These infarcts are often referred to as evidence
of “silent strokes”. About one third of older brains harbor gross infarcts and about one third
harbor microscopic infarcts. Gross infarcts are detected by visual examination of brain at
autopsy, and microscopic infarcts are detected by examination of specific brain region under
the microscope [5]. Gross and microscopic infarcts are separately classified as None/Single/
Multiple.

To apply the general notation to this example, we take Y to represent gross infarcts and Z to
represent microscopic infarcts. Since Y and Z each have three levels, there are four marginal
cumulative odds:

Y =
Oddspresem gross = € 1= Pr(Y Lor 2)

TP(Y=0) °
0dds uitipie gross = e\I/; = Prf;(zigfr)l)’
0ddSpresent microscopic = €71 = %’ and
0ddS mutipte microscopic = e‘l’% = %'

There are also four possible global odds denoted with a double subscript corresponding to
the four possible choices of points to determine quadrants:
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P(Y>21,Z>1P(Y<1,Z<1)
PY<LZ>1)P(Y>1,Z<1)

glObal oddspor present — eVn =

P(Y >2,Z>2)P(Y <2,Z<2)
P(Y<2,.Z>2P(Y >2,Z<2)’

glObal oddsporn multiple = eV2 =

P(Y > 1.Z>2P(Y <1,Z <2)
—eWio
globalodds @ s = CTBRY<LZ22P(Y > 1L.Z<2)

multiple microscopic

nd

vy POY22,Z> DP(Y <2,Z<1)
=er2l = .
multiple gross and PY<2,Z>1)P(Y>2,2<1)"

present microscopic

global odds

Our complete analyses of two associated ordinal outcomes follow four steps; we provide an
overview before we discuss all of the steps for our example. Preliminary analyses included
an examination of the frequency distributions of each outcome [22]. As shown in table 1, the
data are not too sparse, because each level has more than 50 observations. Our second step
was to compute the association between gross and microscopic infarcts by calculating the
global odds values. The third step is represented as models I and 111 in Table 2, where we
fit separate marginal models for each outcome employing the covariates of interest. These
models can be programmed in SAS using PROC LOGISTIC. Violations of the proportional
odds assumption can be detected with the score test for proportional odds or with the
likelihood ratio test. If the proportional odds assumption does not hold, a trend odds model
can be fit in SAS with the PROC NLMIXED, as described in a detailed tutorial [22]. The
parameter estimates from the marginal models (proportional odds or trend odds model) are
stored to be used as initial values in the fourth step. In our analyses, all models include
three demographic covariates: age at death, years of education and sex (coded as an indicator
variable of male sex). As entered into the models, age and education were centered at
round numbers near their means so that intercept terms correspond to a typical participant:
a female 88 years old at death and with 16 years of formal education. The fourth and

final step is to fit the global odds model. This can be accomplished in PROC NLMIXED
and shown in the sample SAS code supplied in Appendix A; Supplementary Material. The
results of the global odds models include simultaneous estimates of the odds of each infarct
type marginally and of the association of these outcomes quantified via the global odds
parameter.

Preliminary analyses indicate that there is a substantially greater burden of gross infarcts
in people with microscopic infarcts. Specifically, Table 1 shows the frequency distribution
from which we can determine the marginal odds and the global odds, ignoring covariates.

The odds of having at least one gross infarct was 0.5 (eﬁ = 399/736) and of multiple gross
infarcts was 0.2 (eWzY = 202/933). The odds of having at least one microscopic infarct was 0.4

(e‘T’f = 324/811) and multiple microscopic infarcts was 0.1 (eﬁ = 120/1015). Thus for each
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level of severity, the odds of gross infarcts is higher than the odds of microscopic infarcts.
Similarly it is possible to estimate the four global odds: e¥' = 4.4, e¥12=2.9, e¥2 = 4.2 and
e¥2 = 3.0. All of these global odds are around 3 to 4, suggesting a strong association
between gross and microscopic infarcts. The association is especially strong when
microscopic infarcts are classified as present/absent, but these global odds parameters are
similar enough that it will be appropriate to examine models in which the global odds is
constrained to be the same over all i and j (%, = ).

In the third step, we fit marginal models considering each infarct type as a single outcome.
In additional to the models needed in the global odds process described above (Table 2,
models I and I11), we also illustrate models with the other type of infarct outcome as a
covariate (Table 2, models 11 and 1V). Finally, we fit a series of global odds models. We

saw no major violation of the proportional odds assumption (non-significant trend odds
parameter), therefore proportional odds are assumed for marginal probability estimation.
The first marginal model for gross infarcts (Table 2, model 1) shows that two demographic
covariates are associated with higher odds of gross infarcts: the log-odds for men is 0.307
higher than for women (p=0.020) and an increment of ten years in age at death is associated
with 0.52 higher log-odds (estimate per year of age: 0.052, p <0.001). In the corresponding
marginal model of microscopic infarcts (Table 2, model I11), we only found higher odds for
age at death (estimate of 0.28 per decade, p=0.010). In the models with the other type of
infarct as a covariate (Models Il and IV in Table 2), the demographic coefficients were closer
to 0, and p-values less significant. Indeed, age is not significant when the marginal model of
microscopic infarcts includes gross infarcts as a covariate (Table 2, model 1V).

Table 3 shows estimates from two constant global odds models that include the three
demographic covariates. Model | of Table 3 shows that neither of the covariates entered have
significant effect on the association between gross and microscopic infarct. The model also
provides information on the covariates that increase odds of more gross and microscopic
infarcts marginally. Similar effects are found when comparing these results to the results of
separate models of gross infarcts as an outcome and of microscopic infarcts as an outcome
(Table 2, models | and I11). We reran the model removing covariates that are non-significant
(Table 3, model I1). With the estimates obtained it is possible to predict the set of two-way
probabilities of gross and microscopic infarcts for different combinations of age, sex and
education.

6. Simulations

Simulation was performed in SAS software, Version 9.3, of the SAS(R) system for Linux.
Three procedures were compared. First, the constant global odds model and marginal
proportional odds models were coded together using the PROC NLMIXED. Second,
separate marginal proportional odds model were fit for each outcome using the PROC
LOGISTIC. Finally, separate marginal odds controlling for the other type of infarct was fit
using the PROC LOGISTIC. The simulation followed suggestions by Burton et al [23].

Simulated scenarios included different combinations of a.®, B, ¥ and < (Table 4).
A total of 500 datasets with 300 observations per binary predictor group was randomly
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generated from a multinomial distribution using different seeds. Bias, coverage, and
accuracy performance were evaluated in the statistical methods for different scenarios. In
addition, cell probability estimates were computed using the conditional probabilities based
on the proportional odds model with and without the other type of predictor.

Pr(Y,Z|X) = Pr(Y|Z, X) o Pr(Z|X)

For example, the probability that Y=1 and Z=1 given X=0, would correspond to the
probability of exactly one gross and exactly one microscopic infarct given that the person
did not have the predictor under study. We examine whether the additional complexity in
coding global odds model using PROC NLMIXED (versus two separate proportional odds
models using PROC LOGISTIC) would result in decreased bias in the estimation of cell
probabilities.

Table 4 shows the simulation results for the global odds model and the proportional odds
model. The marginal proportional odds with or without the parallel modeling of global odds
gave essentially identical results for intercept and effect when the global odds was 2 or

less. Controlling for the other type of infarct increased absolute bias, especially when both
outcomes were highly associated. Not surprisingly, the power to detect significant predictors
was also decreased, with inflated mean square errors. Table 5 provides comparison of the
true cell probability under the eight scenarios of Table 4. Bias is reduced when probabilities
are estimated using the global odds model versus two separate proportional odds models
given that X=1 (i.e. having the predictor).

7. Discussion

Understanding how different predictors can alter the association between gross and
microscopic infarcts may help advance knowledge about the etiology and consequences
of these common vascular disorders. The predicted probabilities of the combination of
gross and microscopic infarcts may be important information for medical decisions. These
probabilities depend on the marginal probabilities and on the association of the outcomes,
represented by the global odds. We examined how shifts in location versus shifts in scale
of the theoretical marginal underlying logistic distributions would influence the departure
from the bivariate probability under independence given a constant global odds value. As
illustrated, the gain in information will depend on the location and scale of the underlying
latent variables.

Simulation results indicated that the global odds models yield decreased bias when
compared to approaches using marginal and conditional marginal modeling. Although
modeling the global odds requires more advanced statistical methods, models with global
odds parameters provide better summaries of the data and better information. For example, it
can be difficult to reconcile separate models.

The use of the proportional odds assumption to ascertain the marginal probabilities relies on
the theory that there is an underlying unobserved variable that follows a logistic distribution
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and that is observed as an ordinal manifestation. The marginal probabilities, along with

the association level, are important determinants of the distribution of the bivariate ordinal
distribution. If there is a shift in location and scale of such marginal logistic distribution, the
trend odds assumption will hold. The global odds with trend odds margins can be considered
as an extension of the global odds with proportional odds margins. Similarly, the constant
global odds assumptions may not hold in some cases. In this case, exploring trend of global
odds can be a parsimonious alternative.

The appropriate modeling choice will depend on the research question. Regardless, if two
correlated outcomes are to be studied and separate models are used, these models should
not include the other outcome as a covariate. A global odds model should be considered if
different predictors can alter the association between two outcomes. The global odds model
should also be considered when estimating the probability that an individual has a specific
combination of the two outcomes.

In this paper, we applied the global odds model to data on gross and microscopic infarcts.
This approach can be used to answer other research questions involving associated ordinal
outcomes, such as Likert scales or levels antibodies for virus that cross-react. Although the
examples include just three ordinal levels, for reason of parsimony, the approach becomes
even more appealing for more than three levels, as long as trend odds or proportional odds
holds for the margins and constant global odds holds for the association.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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Bivariate probability distribution with global odds of 10 and global odds of 1, where
Y*~Logistic(15,2), Z*~Logistic(10,2) and W*~Logistic(10,1).
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Table 1.

Observed cell frequencies for gross and microscopic infarcts of the Religious Order Study and the Memory
and Aging Project

Microscopic infarcts Grossinfarcts

None Single Multiple Subtotal

None 585 122 104 811
Single 110 48 46 204
Multiple 41 27 52 120
Subtotal 736 197 202 1135

Biostat Epidemiol. Author manuscript; available in PMC 2024 January 01.



Page 17

Capuano et al.

"UOITRINPS [BLUIOY JO SIBAA 9T ULIM U1eap e pjo sieak gg siuedioned ajewa) 0) puodsaliod swiia) 1dadJaiul 1eyl 0S Palsiusd aJam S[apow ay} Ul S31eLIeA0D UOITBINpPa pue afy

700>  90T0  T€90 Juasge "sA a1dmniA

2980 1T0 70 1uesqe ‘sA a)buls
10JBJUI SS0IS)

700> 9210  TE80 Juasge "sA s1dmniA

9950  TT0  £€90°0- 1uesqe ‘sA a)buls
10.B4U1 91d0IS0IDIIN
Ly90 6100  800°0- €0  8I00 6TI00- 8.0 8I00 ¥200-  2E€T0  LT00  920°0- (K) uoneonp3
v280  ¥PT0  2E00 er0  ¥T0 110 €00 GETO 6820 200  TET0  LOEO I
GeT'0  TIO0 9100 9000  T00 8200 100> 100 9v0'0 100> 100 2500 (K) uresp 1e 8By
700> 2600  8€90-  TOO> €800 9960- €000 G600 88Z0-  TOO> 800  9vL0- (wesaid) 1daosz|
100>  ¥IT0  6¢6'T— 100>  TT0  26T'C- 100> ¥0T0  6CT- 100>  ¥600  G89'T- (ardmnw) 1deosayul

anpen-d Is arewsy anpea-d s arewsy anpea-d s arewsy anpea-d s arewsy
AI'PPON 111 PPOIN 11BPON I BPOIN
S10JeJu | 91d0ds0 01 N SREINEIL) RpPwe red
sppo JeuonJiodoid Bulwinsse s)aJegul JO S|9AS] [RUIPJO JO S|9POIA Jeulbieln
‘¢ 9lgel

Author Manuscript

Author Manuscript

Author Manuscript

Author Manuscript

Biostat Epidemiol. Author manuscript; available in PMC 2024 January 01.



Page 18

Capuano et al.

“UOI1BONPS [BLIOY JO SIeak 9T UMM U1eap e pjo sieak gg siuedionued sjewsy 0) puodsaliod swiis) 1dadlaiul 1ey) 0S Palsluad aJam S[apoW 8y} Ul S8JeLIBA0D UOITRINPS pue aby

8Iy'0 8100  ST00- (£) uorreanp3
270 ¥T0 FA41] a[ewsay 'sA afeN
¥000 100 6200 G000 100 6200 sreak yresp 1e 8By
T00> 9900 €260~ T00> €800  S6°0- (o16uts) a1dodasooiw 3daose3u|
700> /600 9¥T'z-  TO0>  TTO  ¢8TC- (e1dninw) ardoosouoiw 1dsaseiul
S10.e4U1 91d02S0J01W 0} Sid1aweled [eulbrey
2eT0 100 920°0- (K) uoneonp3
00 92T0  8¥C0 2200  CET0  ¥0E0 a[ewdy 'sA d[eN
700> 100 €500 700> 100 2500 sreak yeap Je aby
100>  6.00 €L°0- 100> 800 rL0- ('91Buis) sso4b 1dadaiu|
700> €600 699T-  TO0> ¥600  €89T- (a1dninw) ssouf 1dsaueiu
s104ejul $S0.6 10y siaraweled [eulbieln
LS7'0 1800 8200 (K) uoneonp3
60  S/T0  ¥EOO- a[ewsay 'sA afeN
GST0 6100  820°0- LT'0 200  L200- (A) yeap ye aby
100> €10 SYT'T T00>  /9T0  8YT'T o1jel sppo Jeqo|f fo - 1dadsaiu|

sia1owesed sppo [ego|o

anfen-d 35 orewnsy  anpea-d 3Js  orwis3y

11 PPOIN | BPON opWwe red

SPPO [2qo|6 1ULISUOD BUILINSSE S12URJUI JO S[3A3] [RUIPIO B1BLIBAIQ JO [SPOIAl SPPO |Bq0|D

‘€ 9l1qeL

Author Manuscript Author Manuscript Author Manuscript Author Manuscript

Biostat Epidemiol. Author manuscript; available in PMC 2024 January 01.



Page 19

Capuano et al.

Author Manuscript

9¥T  9ve YOI 092 2769  TIT 9IS 96 29 - 9NOd

vOT 082 z9 Zzz  8v9  TET 08 066  A9-9WOd

8¥6  ¥S6 ¢S 86  v¥S6  9¥6 96 86 29 - WOd

7S6  7S6 ¢S ZS6 ¢S6 CS6  ¢S6 256 A9 - Wod

vs6  ¥S6  vve 956 956 Y'Y  2S6 256 79 - WOD

9%  ¥S6 966  0S6 856  YV6  9V6  v'S6 A9 - W09
(%) abeianod

TV0 €20 9S50 TEE0  02ZT0 OTY0  v9T0 Tvo0  z9-9WOd

2990 0980  16L0 EE¥0  6YIO  ¢vS0 2020 8v00  A9-2WOd

9800 9€00  /E00 9800  GEO0  8E00 9500  9€00 29 - WOd

W00  Tv00 Tv0O0  T¥O0  TVOO  TVO0  Tv00  THOO A9-Wod

SE00  SE00 9500 9800 GEO0  Z€00 9500  9E00 79 - W09

0¥00  0Y00  Ov00  0¥00  O¥00 OO0  Ov00  TFOO A9- 0D
s

9¥9'0- 6.7'0- 60L0- YESO- ¥8Z0- €09'0- SE0-  T00 29 -9NOd

GLL0- 6SG0- /S80- 290~ GZ€0- 20L0- 9650~ 2T00  A9-9NOd

S000 8000 Y000 €000 6000 2000 SO0 6000 29 - WOd

ZI00 2100  2T00  ZI00 2100 200 2I00 2100 A9 - Wod

S000 8000 Y000 €000  TO0 €000 SO0 6000 78 - W09

2100 TI00  2I00 2100 TI00 2100  2T00  ZI00 29 - W09
selg

z z z z z z z z 29

4 z 4 z z z z z 29

4 4 1 T T 0 0 0 o9

1 0 4 T 0 4 T 0 5P
sig)aweted anll

8 L 9 g v 3 z T

JBquinu uoe|nwis

|[opow sppo euoiniodoid pue [apow Sppo [eqo|b ayl 10} S} NSal uone|nWIS

‘v al|qeL

Author Manuscript

Author Manuscript

Author Manuscript

Biostat Epidemiol. Author manuscript; available in PMC 2024 January 01.



Page 20

Capuano et al.

A J0j Buijjonuod z 1o Z 1oy Buijjonuod A Jo [apow sppo [euoiniodold =dNQOd ‘[apow sppo jeuontodoid = NOJ ‘[apow sppo [egolb = INOD

Author Manuscript Author Manuscript Author Manuscript

Author Manuscript

Biostat Epidemiol. Author manuscript; available in PMC 2024 January 01.



1duosnuey Joyiny 1duosnuen Joyiny 1duosnuey Joyiny

1duosnuep Joyiny

Capuano et al. Page 21

Table 5.

Cell probability based on simulation results for the global odds model and proportional odds

Simulation number

1 2 3 4 5 6 7 8

True probabilities, %
Pr(Y=1,Z2=1|X=1) 1056 1551 20.20 1551 20.20 24.06 20.20 24.06
Pr(Y=1,2=2|X=1) 9.37 9.11 7.90 9.11 7.90 6.09 7.90 6.09
Pr(Y=2,Z2=1|X=1) 7.60 7.90 7.48 7.90 7.48 6.46 7.48 6.46
Pr(Y=1,Z=3|x=1) 1187 718 370 718 370 165 370 165
Pr(Y=3,Z2=1|X=1) 15.05 9.79 5.52 9.79 5.52 2.68 5.52 2.68
Pr(Y=2,Z2=2|X=1) 6.74 7.47 9.49 7.47 949 1241 949 1241
Pr(Y=2,2=3|X=1) 8.54 7.51 591 7.51 591 4.02 591 4.02
Pr(Y=3,2=2|X=1) 1335 1289 12.07 1289 12.07 10.97 12.07 10.97
Pr(Y=3,Z2=3|X=1) 16.92 2264 27.72 22,64 27.72 31.67 27.72 31.67
Bias, E-2

GOM

Pr(Y=1,Z2=1|X=1) 0.00 000 -0.04 000 -002 -0.02 -0.02 -0.01
Pr(Y=12Z=2|X=1) -0.03 -0.04 -003 -0.05 -0.04 -0.04 -0.04 -0.05
Pr(Y=2,2=1|X=1) 0.02 0.03 0.02 0.03 0.03 0.05 0.03 0.06
Pr(Y=1,Z2=3|X=1) 000 -0.02 -0.01 -0.02 0.00 0.00 0.00 0.00
Pr(Y=3=1]X=1) -0.02 -001 -001 -0.01 -001 000 -0.01 0.0
Pr(Y=2,2=2|X=1) 0.06 0.06 0.06 0.06 0.04 0.03 0.04 0.02
Pr(Y=2,Z2=3|X=1) 0.02 0.01 0.02 0.01 0.02 0.01 0.02 0.02
Pr(¥=3,Z=2|X=1) -0.03 -0.02 -0.03 -0.03 -0.04 -0.02 -0.05 -0.04
Pr(Y=3,Z2=3|X=1) -0.01 0.00 0.01 0.00 0.02 -0.02 0.03 0.00
POM times POMc

Pr(Y=1,Z2=1|X=1) 0.01 003 -0.04 -095 -128 -128 -225 -253
Pr(Y=1,Z2=2|X=1) -0.02 0.10 0.55 0.16 0.79 1.46 0.94 1.87
Pr(Y=2,Z2=1|X=1) 0.03 0.05 0.14 0.08 0.36 0.70 0.49 1.05
Pr(y=1,Z=3]X=1) -0.02 -0.04 -014 079 069 030 139 0098
Pr(Y=3,Z2=1|X=1) -0.04 -0.08 -0.12 0.89 0.93 0.63 1.78 1.55
Pr(Y=2,Z2=2|X=1) 004 -028 -105 -040 -145 -257 -169 -3.23
Pr(Y=2,2=3|X=1) 0.02 0.05 0.21 0.32 0.70 0.98 1.05 1.60
Pr(Y=3,2=2|X=1) -0.03 0.17 0.49 0.22 0.62 1.08 0.70 1.29
Pr(Y=3,Z2=3|X=1) 001 -001 -004 -110 -135 -131 -239 -258

GOM = global odds model, POM = proportional odds model, POMc= Proportional odds model of Y controlling for Z or Z controlling for Y
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