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Abstract: The present article proposes a latent variable based mixed model for
bivariate ordered categorical data in a Bayesian framework. The proposed model allows
for random effects and covariates for the margins. A Dirichlet process mixing through
the random effects adds considerable flexibility to this model. Recent computational
advances enable them to be fitted easily. Illustration of the proposed model uses data
from Wisconsin Epidemiologic Study of Diabetic Retinopathy for identifying risk fac-
tors for diabetic retinopathy among younger-onset diabetics. Some other examples are
given where the proposed model is applicable. An analysis has also been indicated in

situations where a few cells in the bivariate categorical data are not available.
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AMS 1991 subject classification: Primary 62J12; Secondary 62F15.

1. Introduction

In many areas of medical and social sciences, two-way contingency tables for paired
data with natural ordering in both margins, occur frequently. The responses in each
pair are recorded on an ordinal scale, for example, mild, moderate, severe etc. (see
for example, Ashford (1959), Cox (1970), McCullagh (1980) and Snell (1964)). The
ordered responses in each pair may be clustered and hence the responses of the individ-
uals within the clusters can be positively correlated. Further there are many covariates
measured not only for the pair but also for each member of the pair separately. Our im-
mediate concern is to develop a flexible model which describes the relationship between
bivariate ordered categorical responses and the various covariates available.

Eversince Dale (1986) proposed the analysis of bivariate ordinal categorical data,
a considerable studies have been made in this fascinating research area in statistics.
Molenberghs and Lesaffre (1994) have used a multivariate Placket distribution for the
extension of Dale model. Recently, Williamson, Kim and Lipsitz (1995) have used
the generalized estimating equations approach as an alternative to computationally
expensive likelihood methods considered by Dale (1986) and Molenberghs and Lesaffre
(1994). (See also Kim, 1995, Lesaffre and Molenberghs, 1991, in this context.) But
most of the models are not as flexible as desired and in fact none of these models has
taken into account the severity or the cluster effects.

We have considered here a semiparametric Bayesian approach for the analysis of
latent variable based bivariate ordinal categorical model that allows random effects and

subject specific (continuous, binary or count) covariates. Some examples have been



chosen to illustrate the wide range of applications of the model. The first example
is an ophthalmologic study where the bivariate ordinal responses are observed. The
second example is a study on anxiety scores (overt and covert) which are also recorded
in an ordered categorical manner. The third example is a study relating to depth of a
river bed where the pre- and post-monsoon depth are actually the ordered categorical
responses.

In the Bayesian paradigm a nonparametric distribution of the random effects has
been considered earlier by West et al. (1994) in the context of repeated measures and
Bush and MacEachern (1996) in the context of randomized complete block designs.
We provide a general framework for Bayesian analysis of mixed effects models in which
a nonparametric Dirichlet process prior for the random effects has been taken into
consideration. This may better express the uncertainty about the true distribution of
the random effects.

Essentially in the nonparametric Bayesian approach, the usual normal prior for the
random severity factor b; has been replaced by a nonparametric distribution followed
by a Dirichlet process prior as the general prior distribution for b;. The fundamental
foundational work has been given in Ferguson (1973). Its application, particularly in
Gibbs sampler, has been done by Doss (1994), MacEachern (1994), Escobar (1994),
Bush and MacEachern (1996), Liu (1996), Muller et al. (1996) and MacEachern and
Muller (1998).

The examples mentioned above are discussed in details in section 2. In section
3, Dirichlet process mixed models for bivariate categorical data are presented and
the method of analyzing such data in a Bayesian framework is described. An oph-
thalmologic dataset from the Wisconsin Epidemiologic Study of Diabetic retinopathy
(WESDR) are analyzed in section 4. The advantages of our method over the classical

probit analysis of the data performed by Kim (1995) are also discussed there. Finally,



in section 5, a more general set up is considered where a few cells in the two way

contingency table ceases to be present. Some concluding remarks are made at the end.

2. Examples

In several biomedical studies categorical outcomes are quite common. Ordinal
scales for measurement are often used in the absence of well defined non-invasive di-
rect measurements. One classical example of bivariate categorical responses arises in
the context of ophthalmologic studies, where measurements on both eyes are taken in
an ordered categorical fashion. For example, one often considers retinopathy of the
two eyes which are generally measured in four ordered categories namely no retinopa-
thy, mild nonproliferative retinopathy, moderate to severe nonproliferative retinopathy
and proliferative retinopathy, respectively. Several person- and eye-specific covariates
also dictate the retinopathy levels. The Wisconsin Epidemiologic Study of Diabetic
Retinopathy (WESDR) dataset on 996 insulin-taking younger-onset diabetics, reported
by Klein et al. (1984), has earlier been analyzed in various ways by some leading statis-
ticians.

In some psychological studies anxiety scores are of interest. The anxiety levels
are scored with the help of the Anxiety Scale Questionnaire (ASQ) (see Krugg et al.
(1976)) that consists of 40 questions divided into two parts. Consequently, the total
anxiety score (based on responses to all the 40 questions) has a breakdown into overt,
i.e., symptomatic anxiety score (based on responses to 20 questions) and a covert, i.e.,
unrealized anxiety scores (based on responses to 20 questions). Often the overt and
covert scores are further categorized in an ordinal scale for better understanding, and

we are left with a similar bivariate ordinal set up. Several person-specific covariates



influence such anxiety scores. See Mukhopadhyay (1989) for details.

In some geographical studies interest may be to look into the depth of river beds at
different points of time. Siltation is a continuous natural process by which the depth
and water carrying capacity of a river bed decreases through accumulation of silt,
sand, pebbles etc. in the river-bed. This natural process is mainly due to a number of
(identifiable) random causes like rainfall, amount of discharge of water through river-
bed, geological characteristics of soil of the catchment area and path of the river etc.
Both pre- and post-monsoon depths of the river bed may be of interest in several
studies, and these depths are often observed in an ordered categorical manner. An
experiment was conducted by the Calcutta Port Trust authority during 1990-1994
on the part of river the Ganges in between two places Cossipore and Gardenrich in
Calcutta.

There may be situations when due to some reason, observation in some cells may
not be available. Classical likelihood based analysis of such a truncated bivariate or-
dinal data seems to be extremely difficult (see Weiss, 1993). A brief discussion on this

kind of data has been made in section 5.

3. Bivariate Ordinal Model and its Analysis

3.1. The model

The concept of latent variables is often used for binary or categorical responses.
Snell (1964) postulated the idea of continuous latent variables in the context of linear

logistic models for ordered categorical data. several authors have used this idea in the



analysis of their problems. McCullagh (1980) and Muthen (1984) and others have used
them in the context of ordinal response model. Let y be a categorical response and
y* be an underlying latent variable. Then one observes only the categorical variable y

with

y==Fk if vy <y <y,

where the cut-off points v;_1, 7 are usually unknown. In the context of analyzing
ophthalmologic data of the WESDR study, Kim (1995) extended the latent variable
technique to a bivariate probit regression model. Also Weiss (1993) used a truncated
bivariate ordinal model in his study of a dataset on motorcycle injuries in Los Angeles.
The latent variable technique for the bivariate case can be considered as follows.

Let y1; and yo; denote the bivariate ordered categorical responses on two components
for the i-th subject. Suppose y; can take values 0,1,2,---,k; and similarly y,; can
take values 0, 1,2, -+, ky. Corresponding to each pair (yi;, y2;), we can think of a pair

of latent variables (yi;,v3;) such that

Y1i :] if V14 < yfz S AVESE) j - 07 17 ot '7k17

Yo =1 it vy <y <varpr, [=0,1,-- kg,

where the two sets of cut-off (break) points 71 = (7Vi0, ", Y1k21) and v =
(720, * * s Y2ko+1) are unknown. To avoid complications, we take y19 = 799 = —00 and
Yiki+1 = Yaket1 = 00. Thus the pair of responses (y1;, y2;) can take (k1 + 1) X (ko + 1)
possible values (7,1) where (j,1) € S1 ={(j,): j=0,1,---, k1, | =0,1,--- ko}. We

assume that (y;, ys;) follow a bivariate model

* ! !
Y = x5+ 201 + €y



Yo = x/zzﬂz + Z,zibzz' + €2, (3.1)

where x1; and xo; are the vector of covariates for the i-th subject for the two components
of the bivariate response, the disturbance vector ¢; (: (611,622'),), 1 = 1,---,n, are
independently distributed as No(0,%), ¥ = ((0,,)), 8,8 = 1,2. Also by; and by
are vectors of random effects (or the random severity factors) with associated design
vectors being z; and zy; respectively.

Denote
! AN

b= (ﬂiaﬁé),a Y= ('71772) , b= (bllablz)lv

the response vector

Y= (ylla o '7y7lja o '7y;7,),7 Yi = (yilayQi)la

and similarly the latent vector

!

y :(yla"'ayja"'ay;)a y;:(y;ay;i)

Clearly, y; can be expressed as

y; = XiB+ Zibi + e,

x’lz 0 z’lZ 0
Xi = , and Zz = , .
0 xy 0 2y

Thus there are p(= p; + po) fixed effects and r(= r; 4+ 1) random effects in the model.

where

Then, conditional on 3, ¥, v and b, the joint distribution of y and y* is



n

m(y* Y8, 8, 7,b) = H Z 13‘11 (715 < ¥1s < Vgt Yo < Yz < Vaig1)
=1 [4,l€S

where the set S; is defined earlier, 1(X € A) =1 or 0 according as X € A or not and

13‘1 =1 or 0 according as yy; = J,¥2 = [, or not.

3.2: A Bayesian Framework

The prior belief of the experimenter can be set in the form of a suitable prior
(83,2, ) for 3,3 and 7. Observe that the conditional joint posterior density is there-

fore

(8,5, 7,bly",y) = cw(B, 2,7, 0)w(b)7 (y*, y|B, X, 7,b), (3.3)

where ¢ is a generic constant and 7(b) is the marginal density of b. Note that, although
it is difficult to work with (3.3), analytically it is possible to use Monte Carlo Markov

Chain (MCMC) sampling to explore the posterior distributions of 5, %, v and b.

3.3: Markov Chain Monte Carlo Technique

To apply such a technique we look at the full conditionals. We assume a diffuse

prior

m(8,%,7) o |72, (3.4)



and a Dirichlet Process (DP) prior is assumed for the unknown distribution G of b;

such that

b, ~ G,

G ~ DP(O[,G()),

with

GO ~ NQ(Oa P)v

where I' is a known dispersion matrix of order 2. When Gy is known, i.e., G is a fully
parametric prior, the posterior distributions can be easily obtained as in Wilks et al.
(1993). Suppose the density of Gy is go. Analytic derivation of the posterior p.d.f. of
§ is quite hard and we do not proceed to do that. In view of (3.4), the conditional

posterior of 3 can be obtained as

181, 7,6, y%,y] ~ N, (By*, (X'Q‘1X>_1> , (3.5)

where

By = (X’Q—lx)_lX'Q‘lﬂ*,
o= = Zibe 5 =)
Q= 1,9%,

X = (X1 Xy - Xi - X)),

with X; being a 2 x p matrix. Also, the conditional posterior of ¥ can be computed as

* n —nts 1 -
(218,79, b, 5%, y] o< |A|"2[5| "5 e 274, (3.6)
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Clearly, this is an inverted Wishart distribution with

A=y = XiB = Zib) (f — Xi — Ziby)

=1

and finally the conditional posterior of (v, Y1) is

)

n * !
. ; Yj-1 < Y1 < M1y i Y15 < Y < Vgt
B,y i\, by, ] x [?_ _1( . )—l—l-_l( *
Ty Yy g T s < g < P\ a1 < 5 <

Yi-1 < Y1 <y i (i < Y < Vij+1

j—1, < * ) 7,0 ( * ) 7(37)
Yor < Yz < Yaut1 Yo < Yz < Va1

where V- is the collection of all vi,,72,’s except 7;; and 7. This conditional
l

distribution can be seen to be uniform over the region specified by the four points

ay = (di,dy) ,ap = (ds,dy)’, a3 = (dy,dy)’, ag = (ds,dy) in the two dimensional plane,

where

dy = max{max{yj;:yu =7 —1},7-1},
dy = max{max{ys; :ys=1—1}, 71},
dy = min{min{y};, 1y =Jj+1}, 7,1},

dy = min{min{ys; : yo; =1+ 1}, 7241} -

For each i, the conditional distribution of y is

lyf

which is the truncated bivariate density with a rectangular domain specified by the four

J T <Yy < ’Y1j+1>
,E, ,b, 5 = = N Xz +Zzbuz 1 ; 38
5.5t = (1) | = 3 0 (WSS

points (’Ylj,’}/gl),, (717j+1,721)', (fyl,jﬂ,fyg,l“)' and (fylj,ny,lH)' in the two dimensional

plane.
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We denote by b_; the random effects of the observation vectors excluding that for

the i-th observation. Then arguing as in Escobar (1994) and West et al. (1994), we

write
[bz |B7 27 e b—iv y*v y] X Z Qjébj +aq gO(bz) p(yi7 y:|bla Ba 27 7)7 (39)
J#i
where
Note that

p(yza y:|bza 67 27 7) = p(yz‘y:a bi7 57 E: /Y) X p(yﬂbu Ba E? 7)

After some routine algebra we obtain

[bl |ﬁ7 E? v, ba y*7 y]
1, o
x (g exp {_i(yj - XiB—Z;b;)) ¥ 1(yj — X8 — Zjbi)} .61,].)
Ve
1 , ,
+a(2m) I e =S - Xi) [87 - ST 2025 (4 - XB) )

XgO(bzll—‘)p(yw y:(|bl7 55 Ei 7)7

where

v, = (" +2z52) .

Thus with probability proportional to

1, . 1
exp { =3 = Xif — Zib) S ! — Xi6 — Ziby) )
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we select from distribution d;,, which means that we select b; = b;. Also, with proba-

bility proportional to

. _ _ 1 ., - _ . .
a(2m) T W R exp { (- Xip) 571 - T 20 Zm ] (47 - Xi)

we select from

This means we sample b; from its full conditional,

[bz |B7 2777 b—ivy*vy] ~ Nr <\IIZZZ,E_1(y: - XZB); \Ilz) .

This results in a mixture distribution where one piece is a normal distribution and all
other are point masses.

Now to implement the well known Gibbs sampler (Geman and Geman, 1984,
Gelfand et al., 1990) we start with an initial guess at 5, ¥, v (may be MLE), y*,
b and simulate from the conditional distributions (3.5) — (3.9). Thus after a large
number (t) of iterations we obtain a sample from [, X, v, y*, b|y|, and work with such

samples.
3.4. Prior for T':

In case I' is unknown, we can assume some prior for I'. Suppose

! ~ Wishart (d, Dy),

d > 2, and Dy is a 2 x 2 known positive definite matrix. Then

12



= 1
p(T'|d, Gy) o [T71|5" exp {—itrace (DO_IF_I)} .

After choosing random effects for each subject, the subjects will be grouped into clus-
ters in which the subjects have a common b;. Suppose in the sample the number
of distinct b;’s are v, and the distinct values are 7,75, ---,7,. Then the conditional
posterior distribution of all the other remains as usual. In addition, the posterior

distribution of ['"! is obtained as

-1
071 18,%,7,b,y",y| ~ Wishart | d+ v, (Dal +3 mn})

i=1

4. WESDR Data and Computational Studies

In this section, we discuss elaborately the WESDR dataset and carry out a semi-
parametric analysis.

The study was conducted to assess risk factors for diabetic retinopathy among
younger-onset diabetics. Ocular examination was done for 996 insulin-taking younger-
onset diabetics and the severity of diabetic retinopathy of those diabetics was graded
according to a 10 point ordinal scale. These are then grouped into four categories e.g.
no retinopathy, mild nonproliferative retinopathy, moderate to severe nonproliferative
retinopathy, and proliferative retinopathy, separately for both the eyes. Thus we are left
with a 4 x 4 squared arrangement of the data. Of the 996 samples a few covariates are
missing from quite a large proportion of data. Accordingly we discard those samples
from our analysis, and carry out our analysis based on 691 observations for which
complete information are available.

In all, 3 eye-specific covariates are recorded along with 11 person-specific covari-

13



ates. The eye-specific covariates are the right and left eye macular edema (ME)
(present/absent), right and left eye refractive error (RE) in diopters, right and left
eye intraocular pressure (IOP) in mmHg., while the person-specific covariates are age
at diagnosis (AgD) of diabetes in years, duration of diabetes (DuD) in years, glycosy-
lated hemoglobin (GH) in percent, systolic and diastolic blood pressures (SBP & DBP)
in mmHg., body mass index (BMI) in kilograms per meter squared, pulse rate (PR) in
beats per 30 seconds, sex, urine protein (UP) (present/absent), doses of insulin (DI)
per day and area of residence (AR) (urban/rural).

For computation we use the Gibbs sampler approach using WINBUGS (see
hitp:/ /www.mre-bsu.cam.ac.uk/bugs/ for details). A 4000 update burn in followed
by a further 4000 updates provides the posterior summary statistics like mean, s.d.,
median and 95% probability interval. The Monte Carlo error involved in the computa-
tion is also reported in Table 1 for known I' (= identity matrix). Some computations
are also carried out using a prior for I' with D, as the identity matrix. Here, for all
the computations, we have considered r =ry =1, and Z; = I>.

The WESDR data has earlier been analyzed by Kim (1995) from a frequentist’s
point of view. Although in the present paper, we consider a similar bivariate probit
function as in Kim (1995), our approach is somewhat different. Besides the basic
philosophical difference, there is some additional merit in our model. In our model a
random severity component has been introduced to explain the variability. Analysis
based on Kim’s procedure would become extremely complicated, had there been any
cluster specific random effect (severity factor) with the covariates in their model. As
explained by Zeger and Karim (1991) in the context of random effects generalized linear
models, the likelihood involves high dimensional integration over the distribution of
the random effects and as such no analytically tractable form of it can be obtained. For

this basic reason, in the present article we do not follow the likelihood based approach.
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Here we compare our results with that obtained by Kim. Note that apart from
considering the random effects, we have taken a larger number of covariates in our
analysis and hence the numerical figures of the estimates of Kim are not directly
comparable with us. For comparison we consider the computations presented in Table
1 only (I" is known). We have kept a possibility of different cut-off points (v;;’s and
7Y2;’s) for two eyes, while Kim assumed 7;; = v,; for all j. Assumption of same cut-off
points for the two variables may seem to be alright in the WESDR, data context, but
there are situations where the two variables may not be similar in nature. For example,
if one considers the anxiety scores, there is reason to believe that the two sets of cut-
off points are not same for overt and covert scores. Our present model allows that
flexibility. The estimates of cut-off points are also not comparable with those of Kim.
Kim used an arbitrary scaling of the latent variables (which is difficult to relate with
the retinopathy levels), while in our analysis the scale of the latent variable is taken
with due attention to the values of the retinopathy levels. This leads to the advantage
of easy interpretation of our result. For example, the posterior mean of v;; to be 12.44
can be easily interpreted in terms of the groupings used (10, 21-37, 43-53, 60-85). The
posterior distributions of our cut-off points justify the groupings used.

Kim derived the estimate of the polychoric correlation coefficient p as p = 0.922,
while using our posterior means it comes out to be 0.8262. Note that Kim obtained
the effect of the covariates combining the two eyes, and we have obtained them sepa-
rately. The basic trend of our results remains same as those of Kim. In Kim’s analysis
DuD, DBP and GH have positive coefficients which is similar in our analysis for both
the eyes. In our case the other regression coefficients have similar interpretation. For
example, DI has positive posterior means and positive 2.5% quantile for both the eyes
implying DI tends to increase retinopathy. The error variances are separately esti-

mated for both the eyes as most part of the distribution falls in the positive domain
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of the real line. The computations with some other priors for S have also been carried
out. As the basic trend of the results remain same, we skip those here for the sake of

brevity.

5. Analysis in the Truncated Set Up

Quite often, in some studies on bivariate ordinal data, observations corresponding
to a few cells are not recorded at all. The likelihood based analysis of such truncated
data becomes very much complicated as no global maximum of the likelihood function
exists. This fact has been noted by Weiss (1993) in the analysis of motorcycle accident
data (see Hurt et al., 1980). Hurt’s data actually provides observations on two types
of injuries, e.g., head or neck injury and body injury. Note that a motorcycle accident
was recorded only if at least some (head/neck and/or body) injury occurred. Typically
accidents with no head or neck injury and no body injury are not observed at all. The
injury levels were classified on an ordinal scale between 1 and 6, reflecting its severity,
using the abbreviated injury scale (AIS) (Committee on Injury Scaling, 1980), with
‘0’ corresponds to no injury. Several covariates like helmet use (indicator), speed,
alcohol use etc. were responsible for the responses. Weiss (1993) analyzed this dataset
from a frequentist’s viewpoint. But he rightly mentioned the problem that arises in
estimating the coefficient parameters as the loglikelihood function ceases to be globally
concave. In fact, if the information matrix is positive definite and the sample size is
sufficiently large, the log-likelihood function will be concave in some neighborhood of
the true vector of parameters and will have a local maximum in this neighborhood.
Weiss (1993) described some iterative procedure and this should converge to the local

maximum if the iteration is started in this neighborhood. But the difficulty remains
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as an initial consistent estimate is not readily available.

Bivariate or multivariate categorical responses with a few unobserved cells arise
quite often in real life problems. For example, in psychological studies, bivari-
ate/multivariate categorical responses are usually observed for those individuals for
whom the anxiety levels are significant. Also in the geographical studies relating to
depth of a river bed, only the pair of measurements are recorded for which at least one
measurement, is significant.

Without loss of generality, let us assume that the cell (0,0) is truncated in the
data. Clearly, truncation occurs as observations with both yi, < 71, y5; < 721 are
not observed. Thus here the pair of responses (y14, y2;) can take the values (j,1) where
(7,0) € So ={(,1) : j=0,1,--- ky, 1 =0,1,-+- ko, (j,I) # (0,0)}. Incidentally, it
is quite pertinent to mention that Weiss (1993), in his frequentist probit model, did
not consider the random components although these components are required to be
introduced into the model as the severity factors. Then the joint distribution of y and

y* become

n
W(y*vmﬁv 277) = H Z 1;11 (71]' < yTz S Yij+1, Yl < y;z S YV2i+1 |(]7 l) # (070))
=1 | j,l€S2

XNo (Xif + Z;bi, ) [1 = L(yf; < vi1y Y2 < 71)]- (5.1)
Note that here the last term within square bracket in the right hand side of (5.1)
represents the truncated nature of the bivariate distribution of y;. The posterior dis-
tribution of all the parameters will remain same as in section 3 except that there will
be no y¥ in (3.8) defined in the domain {y}; < v11,95; < Y21}. This is intuitively clear
from the basic nature of the data. The Gibbs sampler can be effectively employed in

this case in a similar manner.
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6. Concluding Remarks

The present article is an attempt to analyze bivariate ordinal data using a random
component bivariate threshold model in the presence of random severity factors. The
approach is well applicable in the multivariate set up with possibly some additional
difficulty in the modeling. As in the case of most of the data analysis works in the
literature, here the present analysis is done assuming model validation. The examples
show that if the data fits into a linear model described in section 3, the method works
well. Analysis of the truncated data on motorcycle accidents could be an interesting
task for better illustration of the method in the truncated set up. But, we could not

access that data set in the form of accident specific raw data.
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Table 1:

Posterior summary statistics for noninformative prior.

eye node mean s.e. MC error 2.5% median 97.5%
Constant 0.0212 0.469 0.1134 -0.561 0.534 1.729
RS 4.128 0.1379 0.02431 3.82 4.15 4.556
left ME 2.333 1.219 0.164 0.1576 2.398 4.887
left RE -0.0555 0.103 0.0088 -0.3075 -0.08065 0.1234
left IOP 0.1226 0.0444 0.007814 0.0357 0.1366 0.1976
AgD 0.0127 0.02179 0.00558 -0.00123 0.02718 0.0544
left DuD 0.07023 0.0341 0.004422 0.02356 0.07375 0.1109
GH 0.04922 0.03677 0.01669 0.02754 0.05637 0.1116
SBP -0.03346 0.01723 0.002224 -0.05429 -0.02567 -0.0602
DBP 0.05715 0.03169 0.005054 0.009234 0.02674 0.07978
BMI 0.12282 0.03326 0.00508 0.00806 0.12394 0.16199
PR 0.0940 0.01833 0.003004 0.02524 0.0778 0.1297
Sex 0.4012 0.0314 0.0121 0.3180 0.3914 0.4728
UpP 0.6094 0.1607 0.1366 0.1736 0.6229 0.8688
DI 0.4488 0.1433 0.0902 0.0842 0.4237 0.6949
AR 1.156 0.7012 0.1198 -0.05947 0.9972 2.36
Constant 0.0406 0.341 0.108 -0.663 0.674 1.876
RS 4.235 0.112 0.01934 3.654 4.209 4.578
right ME 2.455 1.127 0.1566 0.1635 2.456 4.997
right RE -0.1084 0.0976 0.0089 -0.2876 -0.0913 0.1314
right IOP 0.1308 0.0432 0.007677 0.0555 0.1448 0.2105
AgD 0.0144 0.02287 0.00439 -0.00521 0.02574 0.0601
right DuD 0.06653 0.0321 0.006264 0.02498 0.0811 0.1137
GH 0.0534 0.02254 0.01102 0.02867 0.07654 0.1239
SBP -0.03826 0.01055 0.002044 -0.0542 -0.02913 -0.004449
DBP 0.0149 0.02742 0.004886 0.00382 0.020446 0.04936
BMI 0.11302 0.04033 0.006129 0.008555 0.0928 0.1748
PR 0.0874 0.02302 0.004005 0.02319 0.07899 0.12625
Sex 0.3874 0.0841 0.00933 0.3262 0.3801 0.4726
UP 0.7285 0.1342 0.1055 0.2425 0.7099 0.9214
DI 0.5052 0.1366 0.0744 0.1244 0.4977 0.7432
AR 1.123 0.3672 0.06494 -0.0464 0.9742 2.2485
Y11 12.44 0.349 0.05008 12.21 13.62 14.4
left Y12 40.58 0.643 0.1056 38.55 40.24 41.52
Y13 62.68 1.167 0.2064 57.69 61.45 64.28
o1 13.66 0.4786 0.0828 12.88 14.13 15.92
right Y22 39.48 0.5834 0.1019 38.24 39.88 41.65
Y23 60.44 0.996 0.1247 58.02 61.05 64.66
o11 5.48 0.723 0.1113 3.57 5.12 6.08
o192 3.54 0.342 0.0513 2.53 3.21 4.16
022 3.35 0.318 0.0451 2.27 3.21 4.165
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