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Abstract

This thesis consists of two_parts which are nutrition related problems. In the first
part, we study the relationships between oral health:and nutrition for community-dwelling
in U.S.A.. Malnutrition is common in elder people, it may influence the elder people’
health and the life quality. However, elder people are usually unable to eat due to teeth, it
results in poor nutrition. Thus, oral health is also important component for elder people’s
health. We use factor analysis to obtain the possible associations between oral health and
nutrition. In the second part, it is a longitudinal data set for hospitalized elder people of
National Taiwan University Hospital, we collect the data in different time points as
follows: before discharge, three month post index hospitalization and six month post
index hospitalization. Factor analysis and Generalized estimating equations (GEEs) are
employed to study the change of the nutritional status over time and find the risk factors
such as personal physical factors, psychosocial factors and so on.

Key words: Factor analysis; Generalized estimating equations
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Chapter 1

INTRODUCTION

Malnutrition is prevalent in elder people, so it is not overlooked for elder
people’s general health. In‘this article; \We are interested in discovering
the nutritional status related problems; thus there are two main questions.
First, what is the relationship between nutrition and oral health? And
second, what are the nutritional. ¢changes of hospitalized elderly patients
over time.

Nutrition and oral health are measured by multiple indicators. Previ-
ous study uses the total sums of nutrition and oral health indicators to
study their relationship. This may mask the association. Here, we use fac-
tor analysis to find underlying structure of nutrition and oral health, thus
they can be more accurate. The former papers have many discussions on
oral health and nutrition respectively, but here we put two together to find
the possible relationships. In this thesis, we are interested in discovering

the relationships of oral health and nutrition for community-dwelling elders



and we also add some risk factors including comorbidity, depressive symp-
toms, satisfaction with support and so on. By adding risk factors, we can
construct the relationships between oral health and nutrition excluding the
effects due to confounders.

Nutrition is measured by multiple indicators. Previous study uses the
sum of these indicators to represent the nutrition status. This might mass
the true nutrition. We use factor analysis to draw the distinct dimension
of nutrition. Previous studies have not collected the longitudinal data of
nutrition status. The main advantage of a longitudinal study is its effec-
tiveness for studying change. Another merit of the longitudinal study is
its ability to distinguish the degree of variation in response variables across
time for one person from the variation in response variables among people
(Digglen et al.,2002).Thus, .longitudinal__ data emable us to study the associ-
ation between nutrition and risk factors atdifferent stage of hospitalization,
and to study the nutrition change and its associated causes.

In the second part of this thesis, we combine factor analysis and longitu-
dinal data analysis to study the nutritional change for different dimension
of nutrition. Using longitudinal data, our study examined factors that are
associated with nutritional change over time in hospitalized elderly persons
and investigated interactions among those risk factors. In this work we
applied generalized estimating equations (GEEs) for the analysis of nutri-
tional change for hospitalized older people. The advantage of the GEE
approach is that it requires weaker distributional assumptions and main-

tains the properties of consistency and asymptotic normality of parameter



estimates. And useful of the GEE approach is that it is not necessary
for the “working” correlation matrix to be correctly specified to construct

consistency and asymptotic normality of parameter estimates (Zeger and

Liang,1986).




Chapter 2

LITERATURE REVIEW

This chapter reviews some useful statistical tools for modeling data that
are used by this thesis and. are implemented in Mplus Version3.13 and R
package. First, latent variable models-and factor analysis with categorical
indicators are illustrated with éommunity—dwélling elder people’s health
studies. The factor analysis has diseussed by several authors (Reyment
and Joreskog ,1993; Basilevsky,1994). It is generally understood to refer
to a set of closely related models intended for exploring and establishing
correlation structure among the observed variables. In short words, the
factor analysis uses the fact that measured variables can be correlated in
such a way that their correlation may be reconstructed by a smaller set
of factors, which could represent the underlying structure in a concise and
interpretable form.

In Mplus ( Muthén and Muthén,1998-2005), there are two types of

factors analysis: exploratory factor analysis (EFA) and confirmatory factor



analysis (CFA). EFA is used to determine the number of continuous latent
variables (or factors) that are needed to explain the correlations among a
set of observed variables (or factor indicators). The goal of EFA is to find
the smallest number of interpretable factors that can adequately explain
the correlations among a set of variables. Furthermore, CFA is used to
describe the relationships between a set of observed variables and a set
of continuous latent variables. It enables the investigators to theorize an
underlying structure and justify whether the observed data fit this a prior
hypothesized model. Traditional EFA and CFA are for continuous observed
variables. For categorical observed variables, the liability threshold model
is used, which postulates the existence of an unobserved continuous variable
and a set of thresholds.

In Mplus, it also provided several ﬁt indices to assess the performance
of data-model fits. CFA are us_ed frequently in preparation for analyzing
more general structural equation models (SEM) on the side. CFA plays an
important role in structural equation modeling. Structural equation mod-
els (SEMs), also called simultaneous equation models, are multivariate (i.e.,
multi-equation) regression models. Unlike the more traditional multivariate
linear model, however, the response variable in one regression equation in
an SEM may appear as a predictor in another equation; indeed, variables in
an SEM may influence one-another reciprocally, either directly or through
other variables as intermediaries. These structural equations are meant to
represent causal relationships among the variables in the model. In fact,

SEM is composed of two parts: the measurement model and the structural



model. The measurement model relates observed indicators to latent vari-
ables and sometimes to observed covariates. The structural model then
specifies relations among latent variables and regressions of latent variables
on observed variables. When the observed indicators are categorical, we
need to modify the conventional measurement model for continuous indi-
cators. However, the structural model can remain essentially the same as
in the continuous case (Skrondal,2005). SEM may be used as a more pow-
erful alternative to multiple regression, path analysis, factor analysis, time
series analysis, and analysis of covariance. That is, these procedures may
be seen as special cases of SEM, or, to put it another way, SEM is an
extension of the general linear model (GLM) of which multiple regression
is a part. Bollen (1989) provide a introduction to the general structural
equation system and emph_asize the application of techniques. Also, SEM
has emerged as a helpful multivériate data*analysis tool in social science
research settings, especially in the fields of sociology, psychology, and edu-
cation (Mueller ,1996).

Secondly, many researchers are interested in analyzing data from lon-
gitudinal studies whose feature is that individuals are measured repeat-
edly through time. Zeger and Liang (1992) discuss the statistical methods
for the analysis of discrete and continuous longitudinal data using three
approaches, marginal, transition and random effect models. Liang and
Zeger (1986) describe the marginal expectation of the outcome variable as
a function of the covariates while accounting for the correlation among the

repeated observations for a given subject. In addition, they specify a “work-



ing” correlation matrix for the observations for each subject. These authors
also formalized an approach to this longitudinal data using generalized es-
timating equations (GEESs) to extend generalized linear models (GLMs) to
a regression setting with correlated observations within subjects. This set-
up leads to generalized estimating equation (GEEs) which give consistent
estimators of the regression coefficients and of their variances under weak
assumptions about the actual correlation among a subject’s observations.
In general, GEEs are used to characterize the marginal expectation of a
set of outcomes as a function of a set of study variables. In a marginal
model, the analyst is interested in modeling the marginal expectation (av-
erage response for observations sharing the same covariates) as a function of
explanatory variables. However, in this article we are instead of the expec-
tation of factor scores as d_ependent Val_fjables. Nicholas and Stuart (1999)
compare the GEEs implemént_aﬁons of several general purpose statistical
packages including SAS, Stata, SUDAAN, and S-Plus. In this paper, we
utilize an R package to analyze the nutritional status of hospitalized elders
using GEEs approach. The use of GEEs to estimate regression coefficients
specified by marginal models has been studied extensively over the last fif-
teen years. For more detailed treatments, see Prentice (1988), Zhao and
Prentice(1990), Thall and Vail(1990), Liang et al.(1992), and Fitzmaurice
and Laird(1993). In the followings, we will describe the detailed statistical

model of factor analysis and GEE approach.



2.1 Factor analysis

(1)Variables

Let y; = (yi1, ---, Yip) (dependent variables) be p-dimensional categorical
variables of  individual corresponding to continuous latent response vari-
able yf. Let i(i = 1,2, ...,n) denote the observational unit (the individual)
and j(j = 1,2, ..., p)denote the observed dependent variable. A categorical

variable y;;, j =1,2,...,p with C ordered categories is defined as

Yij :C,iij7c<y;kj STj,c-l—l ,i:1,2,...,n (21)

for categories ¢ = 0,1, 2, ..., C' =sland 79 =,—0c0, 7. = 00.
(2)Model

The exploratory factor-analysis model is defined as

yi =v+An;, +e;, (2-2)

where y* is a p-dimensional vector of response variables, v is a p-dimensional
parameter vector of measurement intercepts , A is a p X m parameter
matrix of factor loadings, 1 is an m-dimensional vector of factors, € is a
p-dimensional vector of residual.

The equation (2.2) can be extended as the following to incorporate

covariate effects,

y: =V + A’I’]z + KXZ' +¢£;, (23)
here K is a p x ¢ parameter matrix of regression slopes, x is a ¢-dimensional

8



vector of independent variables. This equation (2.3) is the measurement
part of SEM model, and another part of SEM model is the structural part
which is defined in terms of the latent variable regressed on each other and

the independent variables,

n,= a + Bn,+I'x;+(; , (2.4)

where a is an m-dimensional parameter vector, B is m x m parameter
matrix of slopes for regressions of latent variables on other latent variables,
I’ is an m x ¢ slopes parameter matrix for regressions of the latent vari-
ables on the x variables, and ¢ is an m-dimensional vector of residuals(see
Muthén1979,1983,1984,19891);

(3)The scaling parameter of A

The scaling parameter A is usedasthescale of original response variable

k
yi7

Ve = AY;.

The diagonal elements of A are useful when comparing the same y
variables over time, the A element for the first time point can be standard-
ized to one whereas A elements can be estimated for other time points to
capture differences in y* variances over time.

(4)The threshold parameter of T

The threshold parameters are used in the model for categorical y vari-

ables. As previous equation (2.1), 7,. and 7.1 are the threshold pa-



rameters. Given the conditional normality assumption this leads to the

univariate and bivariate probability expressions

Py, = 1[x) = / by Xy

F—H5 (%)

P(y; = 1,yp = 1x) = / / Do(Y5 Yl X)dydy;
() )

w—pg(x

where 77 is the threshold parameter for y; multiplied by the jth diagonal
element of A | ¢, is a univariate standard normal density, ¢, is a bivariate
normal density with unit variances, zero means, and correlation coefficient
o7, which is an off-diagonal element, of 3% The off-diagonal elements of
Y *are referred to as probit residual correiations. The elements of AII are
referred to as probit slopeé,

(5)Estimator

For categorical outcomes, the model parameters are estimated by the
mean-adjusted and variance-adjusted weighted least square estimating method
(WLSMV). WLSMV-weighted least square parameter estimates using a di-
agonal weight matrix with robust standard errors and mean-adjusted and
variance-adjusted test statistic. Following is the brief description of this es-
timator. Muthén (1981a) proposed a three-stage limited information WLS
estimator. The three parts are respectively a mean/threshold /reduced-form
regression intercept structure, a reduced-form regression slop structure, and
a covariance/correlation structure.

Consider the three population vectors o; , o5 and o3 ( Muthén,1983):

10



Partl contains a mean, or threshold, or intercept structure

o1 = A K 7.-K,(v.+A.(I-B,) 'a.)],

Part2 contains a slop structure

oy = vec|[AA,(I-B,)"'T,],

Part3 contains a covariance, correlation, or residual correlation structure

o3 = Kvece{ A[A_(I-B,) ' ¥, (I-B,) 'A.+©.]A} .

Here, A is a diagonal p X ¢ matrix of scaling factors, A*contains the
same element as A but diagonal elements are duplicated for categorical
variables with more than one threshold, K, and'K, similarly distributed el-
ements from the vectors théy pre—'multﬁﬁy, the vec operator strings out ma-
trix elements row-wise into a coiumn vector, and Kselects lower-triangular
elements from the symmetric matrix elements it pre-multiplies, where a
diagonal element if only included if the corresponding observed variable is
continuous, A, is a p X m matrix of loadings, B, is an m x m matrix of
slopes for the regression among the m latent variables, I' is an m x ¢ matrix
of slopes for the regression of the m latent variables on the gx variables,
W, is m X m an covariate matrix for the latent variables and the residuals
in the latent variable relations.

With the normality specification on the latent response variables, any

model that fits in the general framework is identified if and only if its

11



2)

parameters are identified in terms of o, o@ .. @)

.09 | where 0@ =
(09 6% 6. Muthén (1981a) utilized this fact in that statistics s
were produced as consistent estimators of o9, in order to estimate the
model parameters in a final estimation stage. Preceding estimation stages
give s(9, where only limited information from bivariate distributions is

needed. In the final estimation stage , a WLS fitting function with a general,

full weight matrix is used

a
F = Z(S(g) — o @W)YWO-1(50) _ 5

g=1

where the generalized least squares, estimator is obtained when W) is a
consistent estimator of the asyinptotic covariance matrix of s(9).

(6)Fit indices:

The most commonly used tesf_ of model ade(iuacy is the y? goodness-of-
test. The null hypothesis for thistestiis that the model adequately accounts
for the data, while the alternative is that there is significant amount of dis-
crepancy. The x? approximation is sensitive to sample size and violation
of the multivariate normality assumption. Muthén and Kaplan (1992) pro-
posed that the y? is also sensitive to model complexity. The Mplus provided
some model fit measures, the model fit information obtained from these fit
indices are very different from that obtained from the x? measure where a
hypothesized model is compared to a saturated model. The first fit indices

are Tucker-Lewis Index (TLI) and Comparative Fit Index (CFI),

12



TLI = (x3/ds — X%,/dm)/ (X5/ds — 1),

CFI =1—max(xy, — duy, 0)/maz(Xiy, — due, X5 — dB,0) ,

where dp and dp,are the degree of freedom for the baseline and hypothe-
sized models, respectively. TLI, compare the fit of the proposed model to
that of a “null model”, it has been shown to be much less sensitive to sam-
ple size. Hu and Bentler (1999) recommended cutoff values of TLI and CFI
both close to 0.95. Both TLI and CFT are incremental fit indices, which
measure the improvement of fit by comparing a hypothesized model with
a more restricted model. JAnd the second ﬁt. index is Root-mean-square
Error of approximation (RMSEA): -Wi_t__h categorical outcomes, RMSEA is

defined as

RMSEA = \/max((2F(9)/d — 1/n),0]

-~

where d is a function of the sample variances, and F'() is the minimum
of the fitting function F'(f). Browne and Cudeck (1993) suggested that
RMSEA values larger than 0.1 are indicative of poor fitting models , values
in the range of 0.05 to 0.08 are indicative of fair fit , and values less than
0.05 are indicative of close fit. Also, Hu and Bentler (1999) recommended
a cutoff value of RMSEA close to 0.06.

The final fit index is Weighted Root-mean-square residual (WRMR), it

is expressed as

13



~

where F'(0) is the minimum of the fitting function F'(0), and e is the number
of sample statistics. Small values of WRMR indicate good fit. Yu and
Muthén (2001) recommended the value of WRMR < 0.9 for good models

with categorical outcomes.

2.2 Factor scores

Factor scores which are the estimated values of the common factors
are not estimates of unknowns«parameters in the usual sense. Rather, they
are estimates of values forthe unobserved raﬁdom factor vectors. Factor
scores, an quantify individual cases-on a-latent continuum using a z-score
scale which ranges from af)proximateiy -3.0to +3.0. Bartlett (1937) has
suggested that weighted least squares be used to estimate the common
factor values.

The weighted least squares method to calculate the factor scores, ]/‘3 ,

as follows

A~y A~ ~ A~y A~

VL) LU (x,—0) =AT DU (x,-7) , =120

where J1 denote the estimates of the mean vector, L denote the estimates
of the factor loadings, U are the estimates of the specific variances, A=1

!/

UL isa diagonal matrix, and x; is the observed values.

14



2.3 Generalized Estimating Equations (GEEs)

2.3.1 Marginal models

In the regression, we model the marginal expectation, E(Y;), as a func-
tion of explanatory variables. By marginal expectation, we means the av-
erage response over the sub-population that shares a common value of z.
Assume that

(1)the marginal expectation of the response Yy, E(Yi) = u,; ,depends

on explanatory variables, x;; , by

g(ﬂ“zt) e xitIB s
where ¢ is a known link function such as the logit for binary responses or

log for counts;

(2)the marginal variance depends-on the marginal mean according to

Var(Ya) = v(pi)o

where v is a known function and ¢ is a scale parameter which may need to
be estimated;
(3)the covariance between Y;; and Yy, s < t = 1,...,n; is a function of

the marginal means and additional parameters « , that is,

COU(Y;'t, Y;S) = C(:uiw Hoit s Oé) )

where ¢ is a known function (see Zeger & Liang,1992).

15



2.3.2 Quasi-Likehood

This quasi-likelihood was first proposed by Wedderburn (1974) and later
tested extensively by McCullagh (1983). An alternative generalization was
proposed by Lee and Nelder (1996, 2001). An extensive review of the
development of the GEE approach is given by Ziegler, Kastner, and Blettner
(1998).

Assume the observations (y;;, x;;) for times ¢;;, j = 1,2, ...,n; and sub-
jects i =1,2,.... K.

Let Y; = (Y1, Yio, .., Yit, oo, Y;ni)/ and x;be n; X p matrix (x;1, T;9, .., xmi)/for
the ith subject and the expectations F(Y;;) = p,; be related to the p-

dimensional regressor x;; bysthe mean-link function g

S liETs (2:5)

where 3 is a p x 1 vector of parameters. Let

V&T(}/;t) = h’lt¢ 5 (26)

where ¢ is a scale parameter and h;; = h(p;,) is a known variance function.
The focus of quasi-likelihood is on methods for inference about 3. Hence,
¢ is treated as a nuisance parameter. The quasi-likelihood estimator is the

solution of the score-like equation system

K /
Z zVar (Y,—p;)=0,k=1,2,...,p (2.7)

=1

16



This equation (2.7) are in fact score equation for 8 when Y, has distrib-
ution from the exponential family. Their solution can be obtained by an
iteratively reweighted least squares (see Zeger and Liang,1986). The result-
ing estimator is asymptotically Gaussian under mild regularity conditions
(McCullagh, 1983). It also possesses a Gauss-Markov-like optimally in that
is asymptotically the minimum variance estimator among those with lin-
ear influence function. Wedderburn (1974) and McCullagh (1983) provide

details about quasi-likelihood in the regression context.

2.3.3 Generalized Estimating Equations(GEEs)

Zeger and Liang (1986) introduced. the GEEs approach for the regres-
sion analysis of correlated ‘observations. To utilize the quasi-likelihood ap-
proach above, we need to._suppo'se the-mean ‘and covariance of the vector
of responses,Y; , for subject..

Let R;(a) be the n; x n;working correlation matrix for each Y; with

the working covariance matrix V;(a),

Vi(a) = A’Ri(a)A}? /¢,

where A;is an n; X n; diagonal matrix with entries h;; .

The extension of equation (2.7) is defined by

K
Y DV;'s=0, (2.8)

i=1

where S;=Y;—p; with p; = (1, ..., Nz’m)/and D;= dp;/0B.

17



More generally, U;(8,a) = D;Vi_ 1S, is equivalent to the estimating
function suggested by Wedderburn (1974) except that the V;’s here are
functions of o as well as 3. For any given R;(a), the estimate, B r, of 3

is defined as the solution of

Z U,{3,8[8,6(8)]} =0. (2.9)

Under mild regularity conditions, Liang and Zeger (1986) show that B
r is a consistent estimator of 3 in the equation (2.9) as K — oco. To solve
the GEE for B r, We iteratively solve for the regression coefficients and the
correlation and scale parameters, o and ¢. Given an estimate of R;(a) and
of ¢, we can calculate an updated estimate of 3 by iteratively reweighted

least squares as described by (McCullagh & Nelder,1983).

2.3.4 The working correlation

In addition, it is important to specify the working correlation matrix
R. There are a variety of common structures including independence, ex-
changeable, unstructured, auto-regressive, m-dependent, and fixed. Fitz-
maurice et al.(1993) discuss four common specifications of the working cor-
relation matrix R;(a) for observations Y;;and Y, as follows:

()R;(x) =1, where I is a n; x n; identity matrix. This corresponds
to the” working independence” assumption, and gives estimating equations
identical to (2.8).

(2) Exchangeable correlation: corr(Yi, Yi) = « for s # t.

18



(3) Autoregressive correlation: corr(Y,, Yy;) = ol*7!l for s # t.

(4) Unstructured or pairwise correlation: corr(Yis, Vi) = ag , where «
is a n;j(n; — 1)/2 x 1 vector containing all the pairwise correlations.

Generally speaking, if the number of observations per cluster is small
in a balanced and complete design, then an unstructured matrix is recom-
mended (Horton and Lipsitz,1999). Here, we only use the exchangeable

working correlation matrix in our analysis.
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Chapter 3

FACTOR ANALYSIS FOR
MULTIPLE NUTRITIONAL

DATA

3.1 Introduction

Malnutrition is prevalent in elder people. In the United States, it is
estimated that 40% of nursing home residents, 50% of hospitalized elders,
and 45% of home care elders are malnourished (Nutrition Screening Initia-
tive,1993). And oral health is often neglected component of elder people’
health, the tooth loss affects dietary quality and nutrient intake. In general,
oral health may influence nutrition, speech, communication and self-image.
Furthermore, poor oral health can affect dietary quality and nutrient intake

in a manner that potentially increases the risk of several systemic diseases

20



(Ritchie et al.2002). Hence, nutrition and oral health are both important
factors for the health of elder people. Because of the two problems, they
would affect gradually quality of life for elder people.

Nutrition and oral health status are measured by multiple indicators.
Previous study uses the total sums of nutrition and oral health indicators to
study their relationship. This may mask the true association. Here, we use
factor analysis to find underlying structure of nutrition and oral health, thus
they can be more accurate. The former papers have many discussions on
oral health and nutrition respectively, but here we put two together to find
the possible relationships. In this paper, we are interested in discovering the
relationships of oral health and nutrition for community-dwelling elders and
we also add some risk factors including comorbidity, depressive symptoms,
satisfaction with support a_nd so.omn, By adding factors, we can construct
the relationships between nﬂtriﬁon and.oral health excluding the effects
due to confounders.

Later, we will present the used statistical methods, including exploratory
factor analysis (EFA), confirmatory factor analysis (CFA) and structural
equation modeling (SEM) and depict how to collect the sample in section
3.2. Section 3.3 shows the results of the analysis, and in section 3.4 we

discussed some findings and provided suggestions for future researches.
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3.2 Method

3.2.1 Sample

This study was designed as a cross-sectional population-based study.
Subjects were recruited from an inner-city senior housing complex in South-
ern Connecticut. The facility was independent living in nature and approx-
imately one-third of the residents were subsidized by public funds. Each
resident in the facility was invited to participate. Subjects were excluded if
they are unable to give consent (n =5), hospitalized or too ill (n =7), or not
English-speaking (n =26). Consent by proxy was not used due to its eth-
ical and methodological difficulties. At therend of a 7-month recruitment
period, 243 subjects, from an eligible population of 268 subjects, completed
a structured in-home assessment by a trained Geriatric Nurse Practitioner
(GNP). In order to alleviate the respondent burden, subjects were giving
the option of breaking the interview into two sessions and only two out of
243 subjects used this option. The participation rate was 91%. The non-
participants (n =25) were not significantly different from the participants
on age (p = 0.38), gender(p = 0.23),marital status (p = 0.10),or ethnicity

(p=0.74).

3.2.2 Risk factors and measured instruments

Chen et al.(submitted) proposed possible factors which impacted on
malnutrition in the elderly. In that paper, they provided four conceptual

texts including loss, chronic illness, dependency and loneliness to test the
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relationships with the development of malnutrition in the elderly. In loss
part, it contains some empirical indices including age, oral health. The
chronic part includes as follows: comorbidity, number of medications. For
illness, there are several indices including gender/education, functional sta-
tus. And the loneliness mainly contains social support and depression em-
pirical indices.

Demographics collected in the interview included age, gender, ethnicity,
living status, marital status, education and religion.

Oral health was measured by 12-item Geriatric Oral Health Assessment
Index (GOHAI). The GOHAI assessed the dimensions of function (eat-
ing and speaking), pain, discomfort, worry,and social functioning. In the
questionnaire, each item states an oral health related problem and partici-
pants are asked to indicaté_three-choi(?eg (always/sometimes/never) of how
they feel the way described. Thé sum seores range from 12 to 36 with a
high value indicating better self perceived oral health (Atchison and Dolan,
1990).

Nutritional status was measured by the 18-item Mini-Nutritional As-
sessment (MNA). The MNA contained a substantial component of anthro-
pometric measurements as well as subscales for dietary behavior, general
assessment and subjective health. Each item in MNA can have two or three
or four possible choices (Guigoz et al.1996).

The Comorbidity Checklist was used to assess the presence of 14 chronic
illnesses, including myocardial infarction, angina, heart failures, other heart

disease, hypertension, diabetes, arthritis, stroke, lung disease, vision prob-
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lems, hearing problems, Parkinson’ s disease, hip fracture, and cancer(Guralnik
,1989). Each item has two choices(yes=1,n0=0), and we sum up the scores
of the 15 items of Comorbidity Checklist. SumC is denoted the total score
of Comorbidity Checklist. Polypharmacy, operationally defined as the num-
ber of medications taken, was assessed by a medication review. Subjects
were asked whether, currently, they have taken any prescriptive or over-the-
counter medications and, if so, to show the interview all these medications.
The total number of medications was treated as a continuous variable.

Depressive symptoms were measured by the 30-item Geriatric Depres-
sion Scale (GDS). And each item in GDS are two possible choices (yes=1,
no=0) for participants. Here;sSumD is used to be the total score for GDS.
Using a cutoff score of 1lor_above, the 'scale is 84% sensitive and 95%
specific for diagnosing depression mn th(_; elderly (Yesavage et al.,1983).

Functional status, was méasured by the 10-item Enforced Social Depen-
dency Scale (ESDS). The ESDS measures physical and social competence.
Physical competency includes six activities: eating, dressing, walking, trav-
eling, bathing, and toileting. Social competence includes home, work, and
recreational activities, and communication. SumE is denoted the sum score
of ESDS, the sum scores range from 10 to 51, with higher scores reflecting
greater dependency.

Satisfaction with support was measured by the subscale of Social Sup-
port Questionnaire Short Form (SSQSF). In 6 common situations, subjects
were asked to list up to nine people who could be counted on (number score)

and specified overall degree of satisfaction (satisfaction score). There are
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12 items in SSQSF, and each items can be six or nine possible choices for

elder to ask. Here, SumsS is the total score of SSQSF items.

3.2.3 Statistical methods

Data were analyzed using Mplus, version3.13. We used factor analysis
to construct the underlying structures of MNA and GOHALI. Factor analysis
seeks to discover the observed items of MNA and GOHAI to be explained
largely in terms of a much smaller number of factors. Typical factor analy-
sis is for continuous measured variables. Since MNA and GOHALI items are
categorical, categorical version of factor analysis is used. For categorical
observed variables, the liability threshold model is used, which postulates
the existence of an unobsetved continuoué variable and a set of thresholds.
There are two types of fé_ctor analysis;wwe first used exploratory factor
analysis (EFA) to determiné the number. of factors and construct hypo-
thetical categorization of measured items. Generally speaking, we should
like to see a pattern of loadings such that each item loads highly on a
single factor and has small-to-moderate loadings on the remaining factors.
Rotated loadings can evaluate to find a meaningful interpretation of the
original data. Here, we did promax rotation which is assumed to be corre-
lated among the factors. We then used confirmatory factor analysis (CFA)
to verify the categorization determined by EFA.

The factor analysis for MNA and GOHALI has three stages. At the first
stage, we use EFA to determine the number of factors that are needed to

explain the correlations among observed MNA and GOHALI items, respec-

25



tively. After deciding the number of factors, the second stage used CFA to
specify the relationships among factors and determine how the factors will
be measured. At final stage, structural equation modeling (SEM) was used
to build up the relationships between MNA factors and GOHAI factors. We
also add some covariates (Age, Gender, Education, SumC, Number of med-
ications, SumD, SumE and SumS) into SEM model to adjust for possible
confounding effects for the relation between nutrition and oral health.

In Mplus, it provided some fit indices: weighted root mean square
residual (WRMR), the Tucker-Lewis Index(TLI), the Comparative Fit In-
dex(CFI), and the root mean square error of approximation (RMSEA).
Hu and Bentler (1999) suggests the following fit index cutoff value guide
for good models with continuous outcomes; TLI > 0.95, CFI > 0.95,
RMSEA < 0.06. Simula'pion studies in Yu and Muthén (2001) suggest
that these cut off values are reasonable also for categorical outcomes. Yu
and Muthén (2001) suggests W RM R < 0.90 for good models with contin-
uous as well as with categorical outcomes. We used these criteria to judge

whether a good model fit was obtained.

3.3 Results

3.3.1 The descriptive analysis

Two hundred forty three elders participated in the questionnaire. They

were able to provide complete data on all variables of interest and to answer
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questions. Participants’ mean standard deviation age was 81.6 + 9.4. The
characteristics of the study population are reported in Table A.1. The
mean scores standard deviation of SumC, SumE and SumS were 4.2+ 1.8 ,
20.246.4 and 464+10.7. For SumD used a cutoff score of 11 or above, 89.7%
reported scores below 11. Initially, there were eighteen observed indictors
in MNA. Due to one or more zero cells, so we deleted three variables:
independent living (N7), pressure sore (N9), mid-Arm circumference (N17)
from the nutrition. If the proportion of a category of a variable was below
0.025, this category was merged with other category. We remerged the
some variables as the follows: intake decline (N1) merged “sever loss of
appetite” (0) and “moderate lgss of appetite’(1), depression/dementia (N5)
merged “sever dementia or‘depression”(0) and “mild dementia” (1), number
of meals/day (N10) mergéd “ one meal” (0) and “two meals” (1), self view
of nutrition (N15) merged “view self as-being malnourished”(0) and “is
uncertain of nutritional state”(1); fluid intake (N13) merged “intake at
least one serving of dairy products”(0) and ”intake two or more servings of
legumes” ( 0.5).

In general, the correlation matrix was used as the input for the mea-
surement and structural model testing. Hence, spearman correlation is
calculated to examine the correlation between each pair of oral health and
nutritional outcomes, respectively. The correlation coefficients of spearman
correlation test are 0.77 for O1 and O2, 0.75 for O1 and O5, 0.74 for O2 and
05, 0.54 for O2 and 09, 0.5 for O6 and O11, 0.54 for O9 and O10, 0.5 for

N6 and N18, the results have shown strong positive correlations between
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two observed indicators (see Table A.2 and Table A.3).

3.3.2 Exploratory factor analysis and confirmatory
factor analysis

At first, we use EFA to determine the number of factors for the items of
GOHAI and MNA, respectively. However, determining the optimal num-
ber of factors to extract is not a straightforward task since the decision is
ultimately subjective. The Kaiser criterion which was proposed by Kaiser
in 1960 retains only factors with eigenvalues greater than one and it is
probably the one most widely useds:In our oral health data, using this
criterion, we would retain three factors: In EFA , two-factor fits the data
with x? = 29.303 with df = | value = 0.0614, and RMSEA = 0.047;
three-factor fits the data With % < 17.803 with df = 16, p—value = 0.3355,
and RMSEA = 0.022. The chi-square test of model fit is non-significant,
indicating that the null hypothesis that the model fits the data cannot be
rejected (the model fits the data well). Although two-and three-factor so-
lutions indicated a good fit between data and model (RMSEA < 0.06),
finally we specified the number of factors to be two (see Figure A.1). Al-
though the three-factor model fits the data is better than two-factor model,
there are two observed indicators O6 and O10 which have negative residual
variances. Theoretically, such situation suggests that too many factors are
being extracted, so we could accept the solution for one less factor, or not

use these variables (by Mplus discussions). Therefore, we use two factors
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instead of three factors for GOHAL

Secondly, we perform CFA to confirm and get the significance of fac-
tor loadings in EFA, and we would give the names for each factor based
on significant loadings. The items significantly loaded on the first fac-
tor, Factorl, are limit the food (O1), trouble biting/chewing (02), swal-
low comfortably (O3), eat without discomfort (O5), happy with looks of
teeth/gums/dentures variable (O7). These items are orally presented and
require physical function. Therefore, this factor may be named” Physical
functioning of oral health”. The second factor, Factor2, is identified by
the following items: prevent from speaking (O4), limit contacts with others
(06), use med to relieve pain (O8), worried. or concerned with oral prob-
lems (09), feel nervous /self-conscious (0.10); uncomfortable eating in public
(O11), gum/teeth Sensitivé_ to hot /cold/sweets (0O12). Most of these items
have a common feature in them: .these variables are concerned on the self-
image, so this factor may be named” Social functioning of oral health” (see
Figure A.1 for oral health data). This CFA model fits the oral health data
well (CFI = 0.992, TLI = 0.993, RMSEA = 0.055, WRMR = 0.936).
CFA results also show that the correlation between Factorl and Factor2 was
statistically significant (Figurel). Hence, it could explain that the physical
function could affect the social function of oral health.

Moreover, for nutrition data, four-factor model fits to data is better
than three-factor model (three-factor fits the data with y? = 55.217 with
df = 36, p—value = 0.0212, and RM SFEA = 0.047; four-factor fits the data

with x? = 37.214 with df = 29, p—wvalue = 0.1408, and RMSEA = 0.034),
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but we only take three factors. When fitting four-factor model for MNA,
N10 will form a new factor by itself, which cause the factor covariance
matrix is not positive definite, thus the variance estimates of factors can
not be calculated. Hence, we use three factors instead of four factors for
MNA.

In CFA, there are six items including intake decline (N1), weight loss
(N2), stress/acute disease (N4), number of meals/day (N10), protein intake
(N11), self view of nutrition (N15) in F1(Figure A.1). The first factor,
F1, is interpreted as” the nutritional health appraisal.“ But this item N11
(p —value = 0.37) is not significantly loaded on F1. The second factor, F2,
has five items including BMI(N6), >3 meds.(N8), feeding mode/help with
cating (N14), self view of health (N16), calf circumference (N18), it focus
on “the general health appr_aisal.’-’ Herg,__ .the N8 (p —value = 0.23) and N16
(p — value = 0.85) items are no_t. significantly loaded on the F2. The final
factor, F3, has four items including mobility (N3), depression/dementia
(N5), fruit/veggie intake (N12), fluid intake (N13) and it is interpreted
as “the dietary behavior appraisal” (see Figure A.1 for nutrition data).
This confirmatory three-factor model of MNA excluding N7, N9 and N17
displayed the goodness—of — fit measures as follows: CFI = 0.876, T LI =
0.868, RMSEA = 0.056, WRMR = 1.079. As mentioned above, the
correlations among those factors, it could show some potential relationships.
The measurement model shows the estimate of correlations among factors
significantly, as illustrated in Figure A.1. In our sense, the impact of the

dietary behavior on the nutritional health is major factor, and the general
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health has influenced by the nutritional health.

3.3.3 The structural equation model

In addition to EFA and CFA, we use Mplus to fit structural equation
models that feature causal relationships among latent variables (factors).
The Figure A.2 below shows a structural equation model for two indepen-
dents (Factorl and Factor2) as causes of three dependents (F1, F2 and F3).
It has shown the SEM model fit, most of observed indicators correspond-
ing to their factors are significant except N11, N8 and N16. The physical
function (Factorl) influences the general health (F2) (p — value = 0.005),
and the social function (Factor2) affects two additional factors: the nu-
tritional health (F1) (p =walue = 0.035) and the general health (F2)
(p — value = 0.015). Theﬁ_, Figute-A=3vpresents the SEM model after ad-
justing for Age, Gender, Edﬁcation, SumC, Number of medications, SumD,
SumE and SumS. Most of observed indicators in their factors are significant
except N11 , N8, N16 and N5. Unfortunately, there are no significantly ca-
sual relationships among those nutrition and oral health factors. However,
there were some significant associations between nutritional factors and risk
effects as shown in Table A.4, for instance, age affects the nutritional health
(F1) and the general health (F2), the influence of gender on the nutritional
health (F1) and the general health (F2) are significant. SumD only affect
the nutritional health (F1), and SumE will affect the general health (F2)
and the dietary behavior factor (F3). The nutritional health (F1) and the

dietary behavior (F3) are influenced by SumS.
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Comparing two SEM models, Table A.5 presents the fit indices to the
data of two models with or without adjusting for risk factors. The chi-
square tests of overall model fits are statistically significant for both mod-
els, they suggest that the two models may need some modification before
they fit the data well. However, both values of RMSEA are well below
the recommended 0.06 cutoff that indicates good model fit, so we still con-
sider that these two models fit the data well. It is interesting to find that
the causal relationships between nutritional factors and oral health factors
disappeared after adjusting for identified risk factors. The confounding
effects may be occurred due to SumD, SumE and SumS. Also, Age is im-
portant component because ;older people have nutrition and oral health

related problems.

3.4 Discussion

1. Discuss the fit indices.

Since the chi-square test is sensitive to sample size (such that large
samples often return statistically significant chi-square values) and non-
normality in the input variables, Mplus also provides the RMSEA statistic.
The RMSEA is not as sensitive to large sample sizes. Sample size has
also been shown to be a prominent factor that affects the performance of
model fit indices. Because of our sample size, we don’t discuss the fit index
SRMR, which cut off does not work well with small sample sizes (N < 250)

of this article. A cutoff value close to 1.0 for WRMR is suitable under most
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conditions but it is not recommended for latent growth curve models with
more time points. CFI performs relatively better than TLI and RMSEA,
and a cutoff value close to 0.96 for CFI has acceptable rejection rates across
models when N > 250 (Yu,2002).

2. How to select the model?

For measurement part of oral health, theoretically, O7 (happy with looks
of teeth/gums/dentures) should be load on Factor2 (Social functioning of
oral health), however, O8 and O12 (gum/teeth sensitive to hot/cold /sweets)
should be load on Factorl (Physical functioning of oral health). After
transferring these indicators, the result is not as good as expected (x? =
42.905 with df = 20, p — value = 0.0021p.C'FI = 0.987, TLI = 0.989,
RMSEA = 0.069, WRMR = 1.048). . To_select suitable model is most
difficult step because the '(;omputer Cap’t help-at this stage, you actually
have to think on your own. Yousspecify themodel, based on your knowledge
of the field, on your reading of the literature, or on theory. Sometimes the

sample size results in model unstable.
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Chapter 4

LONGITUDINAL ANALYSIS
FOR MULTIPLE

NUTRITIONAL DATA

4.1 Introduction

Study nutrition is important because the nutrition is key point for hos-
pitalized elderly patients’ general health. Many studies indicated that the
cognition, nutrition, and function deteriorate steadily during hospitaliza-
tion and such significantly affect clinical outcomes for elder people. The
purpose of this article is to observe the changes of nutritional status for
hospitalized elder patients. Thus, we focus on the nutritional status and
some related risk factors.

Here, nutrition is measured by multiple indicators. Previous study uses
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the total sum of these indicators to repeat the nutrition status. This might
mass the true nutrition. We use factor analysis to draw the distinct di-
mension of nutrition. Previous studies have collected cross-sectional data
of nutritional status, not longitudinal data. However, the main advantage
of a longitudinal study is its effectiveness for studying change. Another
merit of the longitudinal study is its ability to distinguish the degree of
variation in response variables across time for one person from the varia-
tion in response variables among people (Digglen et al.,2002). Therefore,
longitudinal data enable us to study the association between nutrition and
risk factors at different stage of hospitalization, and to study the nutrition
change and its associated causes.

Due to longitudinal data, in this work we applied generalized estimat-
ing equations (GEEs) for the analysis Qf__nutritional changes for hospitalized
older people. The advantage of the GEE approach is that it requires weaker
distributional assumptions and maintains the properties of consistency and
asymptotic normality of parameter estimates. And useful of the GEE ap-
proach is that it is not necessary for the “working” correlation matrix to
be correctly specified to construct consistency and asymptotic normality of
parameter estimates (Zeger and Liang,1986).

In this paper, we combine factor analysis and longitudinal data analysis
to study the nutritional changes at different dimension of nutrition and
investigate interactions among some risk factors and nutritional factors in
section 4.2 and the results for those statistical methods would present in

section 4.3. And the section 4.4 would discuss some findings or statistical
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methods.

4.2 Metohd

4.2.1 Sample

Hospitalized patients age 65 years and older of National Taiwan Univer-
sity Hospital would be collected into the study. The sampling frame is 20
medical and surgical adult units (excluding oncology, AIDS, and Hospice
units) from a 2500-bed tertiary medical center. Four units (2 medical and 2
surgical units) would be randomly selected as the study sties. Face-to-face
assessments would be condueted with. standardized measures by trained
research nurses in four datacollection pbints. Subjects with severe cog-
nitive impairment would b_e exéluded;rsince the study design involved use
of self-report questions. Scéring less than 20 in the Chinese Mini-Mental
State Exam (MMSE) at baseline would meet this exclusion criterion. After
completing the baseline assessment before older patients discharge to home,
each subject would be followed for six months. Up to February, 2006 , the
four data collection points contain patients as follows: 302 patients within
48 hours of admission (Timel), 288 patients before discharge (Time2), 217
patients for three month post index hospitalization (Time3), 167 patients

for six month post index hospitalization (Time4).
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4.2.2 Instruments

Chen et al.(submitted) proposed possible factors which impacted on
malnutrition in the elderly. In that paper, they provided four conceptual
texts including loss, chronic illness, dependency and loneliness to test the
relationships with the development of malnutrition in the elderly. In loss
part, it contains some empirical indices including age, oral health. The
chronic part includes as follows: comorbidity, number of medications. For
illness, there are several indices including gender/education, functional sta-
tus. And the loneliness main contains social support and depression em-
pirical indices.

Demographics and Treatment-related:Chart Data

A demographic form will 'be designed to collect the data including age
at admission, gender, mafital status, living stétus, education, and ethnic
group, etc. Additionally, chaft datatracking form will be developed to elicit
the admission diagnosis, LOS, NPO days, cost of care (from the hospital
billing system) and laboratory data including serum albumin, cholesterol
and count of blood cell data.

Comorbidities

The history and number of comorbidities will be elicited from the med-
ical record. A standardized comorbidity checklist will be used to assess
common chronic illnesses including myocardial infarction, angina, heart
failure, hypertension, diabetes, Hyperlipidemia, arthritis, stroke, lung dis-

ease, renal disease, version problems, hearing problems, Parkinson’s dis-
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ease, osteoporosis, hip fracture, pressure sore, and cancer, etc. There are
20 items in Comorbidity list, and each item can have two possible choices
(yes=1, no=0). SumC is used to be the total score of comorbidity items.

Medication

Medication review will be conducted. The number and type of pre-
scription and over-the-counter medications taken by subjects will be docu-
mented. A protocol will be developed.

Oral Health

A 12-item Chinese General Oral Health Assessment Index (GOHAI)
will be used to assess oral health. The GOHALI is designed to assess the
dimensions of oral function (eating and speaking), pain, discomfort, worry,
and oral health related social functioning (Atchison & Dolan,1990). Infor-
mation on number of remaining- teeth,__ dental status(full denture, bridge,
partial denture, or natural teeth), fitness of denture, and dental care uti-
lization (regular dental check-up or not) will also be solicited. Each item
can have five possible choices (always/often/sometimes/seldom/never), and
SumO is the total score of these items in GOHAL

Nutritional Status

The 18-item Chinese version of Mini-Nutritional Assessment (MNA)
along with some other nutritional makers will be used to measure nutri-
tional status. Additionally, weight loss per unit of time, percentage of usual
weight, and serum albumin and cholesterol levels will also be reported. Each
item in MNA can have two or three or four possible choices.

Funtional Status
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Functional status, was measured by the 10-item Enforced Social Depen-
dency Scale (ESDS). The ESDS measures physical and social competence.
Physical competency includes six activities: eating, dressing, walking, trav-
eling, bathing, and toileting. Social competence includes home, work, and
recreational activities, and communication. Each item can have three or
four or six possible choices, and SumE is used to count the total score of
ESDS.

Depressive Symptoms

The 30-item Chinese version of Geriatric Depressive Scale (GDS) will
be used to measure the presence of depressive symptoms. The Institute
of Medicine has recommended GDS for ¢linical use. Here, we only use
15-items GDS. Each item states depressive symptoms and participants are
asked to indicate yes/no thgy feel the Wy described. SumD is counted the
total score of the 15 items in"GDS.

Social Support

Satisfaction with support was measured by the subscale of Social Sup-
port Questionnaire Short Form (SSQSF). In 6 common situations, subjects
were asked to list up to nine people who could be counted on (number
score) and specified overall degree of satisfaction(satisfaction score). There
are 12 items in SSQSF, and each items can be seven or ten possible choices

for elder patients to ask. Here, SumS is the total score of SSQSF items.
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4.2.3 Statistical analysis

Data were analyzed using Mplus,version 3.13 and R package. We mea-
sured the nutrition situation at four different time points: within 48 hours
of admission (Timel), before discharge (Time2), three month post index
hospitalization (Time3), six month post index hospitalization (Time4).

For Timel nutrition data, do EFA to determine the number of factors
and possible indicators of each factor. The relations obtained from Timel
are applied to other time points. In this study, we want to know how the
nutrition changed over time and to predict future nutritional status from
the preceding ones, thus , it was reasonable to apply the factor structure
obtained from Timel to all*other time points. We then combined all the
data from four time points. For each factor of all four time points, do
CFA as shown in Figure A.4—Figure A6, and the relations between each
indicator and factor at all féur time points are all constrained to be equal.
We obtained the factor scores for each factor and time points based on the
above CFA models.

For each factor, the factor scores from four time points are correlated.
We used GEE approach to model the correlations. In the following, we
take the Factorl as an example to illustrate the implemented GEE model.
Let Factorll, Factorl2, Factorl3 and Factorl4 be the factor scores of
Factorl from four time points, respectively. The primary variables of
interest in these analyses were the indicators of Time2(ty), Time3(t3 )

and Time4(ty), Age, Gender, Education(EDU), SumO, SumC, Number-
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of-medication(N M), SumD , SumE and SumS. The interaction terms of
the time point indicators with other variables were also put into the model.
The marginal model for factor scores of Factorl, Factorlscore , as a func-

tion of the covariates is assuming to be followings:

E(Factorlscore) = [+ Pita + Bots + PBsts + 5, Age + S5Gender
+084EDU + (3,5umO + BgSumC + BgNM + [31,SumD
+B11SumE + B1,5umS + Bi3ta Age + Btz Age
+B15taAge + Bigt2Gender + B;tsGender
+5,staGender + Bgta EDU + Bots EDU + By t4 EDU
+ B9t SumO + ﬁZthsumO + BogtsSumO + Bosta SumC
+ Bats SUIHC dreBont 1 SWNC + Bogts N M
+5297£3NM +Bagta N M + Sg1t2SumD + Sgot3SumD
+B33taSumD + LaytoSumE + BastsSumE + BygtaSumE

+/637t25um5 + @38t35um5 + /839t4SU/mS (4:.].)

where to= 1 if measures at Time2 and 0 if not,
ts= 1 if measures at Time3 and 0 if not,
t4= 1 if measures at Time4 and 0 if not.
From this model, we can obtain the relationship between factor scores
and risk factors at each time point, and the relation of the nutritional
change between two adjacent time points with risk factors. The relationship

between Factorl and, for example, Age at Timel can be represented by the
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regression coefficient 3, , which is the Factorl score change per one-year
increase in age ; at Time2 is 5, 4+ (,5; at Time3 is 5, + 5,4 ; and at Time4
is 8, + B15- Also, let’s take Age as an example to show how the difference
in factor scores between two adjacent time points related to risk factors.
For every one year increase in age, the difference in Factorl score between
Time2 and Timel has a [;5-unit change. Therefore, if 3,5 is positive, it
means that the older the people, the larger the difference in Factorl score
between Time2 and Timel. Furthermore, the difference in Factorl score
between Time3 and Time2 has a (5;, — §,3)-unit change and the difference
between Time4 and Time3 has a (8,5 — $14)- unit change, for every one-
year increase in age.

The model for the corrélation among Factorl scores in four time points

is modeled as

corr(Factorlscore;, Factorlscore,) = a for j<t=1,234.

We here assumed an “exchangeable” correlation model.

4.3 Results

4.3.1 The descriptive analysis

Hospitalized elders’ age ranged from 64 to 89 years with mean of 72.14
years and standard deviation of 5.72 years. The characteristics of the study

population is reported in Table A.6. At Timel, the mean scores + standard
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deviation of SumQO, SumC, Number of medications, SumD ,SumE, and
SumS were 50.30 £+ 6.57, 15.86 +1.80, 3.27 +2.57, 4.58 £ 3.52, 16.11 £ 6.26
and 53.52 4+ 10.44, respectively ; at Time2 were 49.62 + 6.36, 15.73 4 1.66,
4.22 +£2.01, 7.56 4+ 3.73, 29.79 4+ 7.91 and 51.29 + 10.70, respectively ; at
Time3 were 47.86+5.93, 15.12+2.59, 4.014+1.62, 5.21+£3.97, 20.47+8.13
and 52.14 4+ 10.06, respectively ; at Timed were 47.33 + 6.02, 15.51 4+ 2.30,
3.734+1.67,5.32 +£4.15, 21.18 £ 7.65 and 50.48 + 9.27, respectively. Above
the mean scores , SumO changed decreasingly over time. The mean scores
of others also changed over time excluding SumC. They neither increased
nor decreased strictly over time.

Initially, there were eighteen variable indictors in MNA. Due to one or
more zero, so we deleted three variables psychological stress /recent illness
(NT), depression/dementia. (N9), pressure sore (N10) from the nutrition
data. If the proportion of a’category of @ variable was below 0.025, this
category was merged with other category. We remerged the some variables
as the follows: weight loss (N4) in Time3 merged “weight loss greater than
3kg” (1) and “weight loss betweenl and 3kg” (2); mobility (N8) for all Timel
to Time4 merged “bed or chair bound” (0) and “able to get out of bed/chair
but does not go out”(1); number of meals/day (N11) for all Timel to Time4
merged “one meal” (0) and “two meals”(1); feeding mode/ help with eating
(N16) for all Timel to Time4 merged “unable to eat without assistance” (0)

and “self-fed with some difficulty ”(1).
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4.3.2 Exploratory factor analysis at Timel

We used Timel to construct the relations between indicators and fac-
tors, and then the results are applied to other time points. At first, we
need to decide the number of factors by doing EFA in Mplus, the EFA
fit measure as the follows: x? = 55.724 with df = 39, p — value = 0.0402,
RMSEA = 0.038, hence we select three factors at Timel. We took two dif-
ferent categorization of measured indicators to perform CFA and compare
the fit indices between the two (see Table A.7). The first categorization
which is in line with EFA, the results has shown as follows: there are three
items including N1, N2 and N3 in Factorl. The second factor, Factor2, has
five items including N4, N1154 N12, Nildand N17 .The final factor, Factor3,
has seven items including N5, N6, N8,/ N13, N15, N16 and N18. However,
in the second Categorizatién, we 'put flig-observed indicators N13 and N15
into Factor2 because these fwo indicators are thought to be more similar
in theory to indicators of Factor2. The CFA fit has shown in Table A.7.
Both the values of chi-square are significant, and it means that two CFA
models did not fit the data well. The RMSEA shows that the second cate-
gorization is better than the first categorization. Finally, we still took the
first categorization for analyzing the data. Since the residual variance for
N11 variable was not positive from the second categorization, so the factor
scores of Factor2 at Time3 could not be computed. Hence, we could not

use the second categorization.
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4.3.3 Confirmatory factor analysis combining four time
points

The categorization of indicators at Timel was applied to other time
points. We then do CFA for each factor combining all four time points.
The relation between each indicator and the factor are constrained to be
equal across different time points to make sure the measurement invari-
ance of the factors across time. After obtaining the model, the Figure
A.4-Figure A.6 displayed the relations among indicators and each factor.

7 Anthropometric indices.” When

Factorl (Figure A.4) is interpreted as
the score of mid arm circumferenee(IN2),is high, it would decrease in Fac-
torl. But the higher score of icalf circumferénce (N3), it would increase
in Factorl. That is, the higher scores of N2 and N3 indicators mean that
the person is fatter than Others.. Factor2 (PFigure A.5) is interpreted as
”Nutritional behavior indices.” When the patients get high scores for those
items as follows: number of meals/day (N11), protein intake (N12), intake
decline (N14), self view of nutrition (N17), it would increase in Factor2.
That is, their nutritional behaviors are better than others. Factor3 (Fig-
ure A.6) is interpreted as ”Nutritional risk indices. If the patients get
high scores as follows: >meds(N6), mobility(N8), fruit/veggie intake(N13),

fluid intake(N15), feeding mode/help with eating(N16), it would increase

in Factor3.
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4.3.4 Generalized estimating equations(GEEs)

The results of the GEE analysis predicting risk factors which influence
nutrition at each time point are reported in Table A.8. For Factorl (An-
thropometric indices), only Age and SumD are significant at Timel. For
Factor2 (Nutritional behavior indices), SumO and SumD are significant
over different time. For Factor3 (Nutritional risk indices), Number of med-
ications, SumD and SumE decrease significantly over different time. Hence,
we could make other comments. We summarized the results from the Table
A.8. At Timel (with 48 hours of admission), each nutritional factor (Factol
- Factor3) is influenced by SumD, thus depressive symptoms would affect
the nutritional status. Besides, Factord.is influenced by most risk factors.
For Time2 (before discharge before), some risk factors are statistical signif-
icant especially Gender, SumD and SamE. For Time3 (three month post
index hospitalization), the iﬁlpacts of SumD and SumE on Factor2 and Fac-
tor3 are major factors. For Time4 (six month post index hospitalization),
SumO and SumD would affect nutritional status significantly.

Table A.9 demonstrated the results GEE for associations between nu-
tritional difference and identified risk factors. The nutritional difference is
defined as Timel to Time2, Time2 to Time3, Time3 to Time4. An interac-
tion term of time by risk factors that is statistically significant with p-value
<0.05 indicates that the risk factor is associated with the difference of nu-
tritional status. For instance, the difference in Factorl (Anthropometric

indices) score between Timl and Time2 are significant associated by Num-
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ber of medications and SumE. And the difference in Factor2 (Nutritional
behavior indices) score between Timel and Time2 has largely changed by
SumC and SumD. Some risk factors would affect the differences in Factor 3
score between Timel and Time2 or Time2 and Time3 such as Gender, Edu-
cation, Number of medications, SumE. Moreover, the difference in Factor3
score between Tim3 and Time4 has largely changed by SumO, Number of

medications and SumS.

4.4 Discussion

For longitudinal data, there are two distinct types: subject-specific
(SS) models and population-averaged (PA) (Zeger,Liang& Albert,1988).To
model SS, the random effé_cts model can-be used (Zeger and Liang,1992).
In general, it is useful for doctors to do individual patients diagnosis. How-
ever, the GEE approach used in this thesis is for modeling PA. We here
focused on PA models which describe how the average response across sub-
jects changes with covariates. For epidemiology, we applied the average of

the population to understand all characteristics for the population.
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Chapter 5

CONCLUSION

Of this thesis, it contains two primary sections. First, we are inter-
ested in discovering the relation between. nutrition and oral health. Since
nutrition and oral health are multiple indicators, the former studies used
total sums of MNA and GOHAT$0do analysis. .To get the true association,
we use factor analysis to draw‘distin¢t dimension of nutrition. From the
results, we took two SEM models with or without adjusting for identified
risk factors. Those risk factors are used to adjust for possible confounding
effects for the relation between nutrition and oral health. Besides, Mplus
provided the some useful indices for readers to examine how the model fits
to data. Here, we mainly use the RMSEA value with cutoff 0.06 to evaluate
CFA and SEM models. However, some of chi-square values for models are
statistically significant, then we would reject null hypothesis. It means the
models don’t fit to data well. Maybe we have to collect large sample size

in the further study.
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In the second part, we take longitudinal data for nutrition instead of
cross-sectional data. The purpose of this section is to observe the rela-
tionships of nutritional factors with risk variables at different time points
and understand how the difference in factor scores between two time points
related to risk factors. Thus, we here apply factor analysis and general-
ized estimating equations (GEEs) approach. Also, from the results, SumD
played an important role in the relationship between factor score at each
time point. However, it was not significant for the difference in factor score
between two adjacent time points. On the contrary, SumO had reverse
conditions. Education seemed to have no association with factor score at
all four time points. But it was significant for. the difference in Factor3 (Nu-
tritional risk indices) scorés between Timel and Time2. Similarly, SumS
was only significant for the _difference 1n .Fact0r3 scores between Time3 and
Time4. To sum up, most of the.identiﬁed risk factors would affect nutri-
tional status. It may improve the nutritional status with controlling those

identified risk factors for hospitalized elderly patients.
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Table A.1: Characteristics of community-dwelling elders in U.S.A.

Number %
Demographics

Age Group

74 years and below 42 17.28%

75 to 84 years 80 32.92%

85 to 90 years 68 27.98%

91 years and above 53  21.81%
Gender

Male 52 21.4%

Female 191 78.6%
Ethnicity

White | 168 69.14%

Other 75 30.86%
Living Status '

Live Alone - 223 91.77%

Live with Others A Yerm 20 8.23%
Marital Status : :

Windows . 159  65.43%

Married 19  7.82%

Divorced 39 16.05%

Single/Never Married 26 10.70%
Education

Less than high school and hingh school 160 65.84%

Greater 83 34.16%
Religion

Catholic 29 11.93%

Protestant 73 30.04%

Jewish 136 55.97%

Buddhist 1 0.44%

Others 4  1.65%
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Table A.4: The relationship between each nutritional factor and adjusted

risk factors from the SEM model

Nutritional General Dietary

health (F1) health (F2) behavior (F3)

Variables p-value p-value p-value
Age 0.0468* 0.0080* 0.1188
Gender 0.0033* 0.0280* 0.4827
Education 0.6803 0.3794 0.1352
SumC 0.1031 0.1081 0.2325
#Medication 0.8243 0.3865 0.0733
SumD 0.0149* 0.2117 0.1585
SumE 0.2801 0.0407* 0.0466*
SumS 0.0370* 0:2960 0.0207*

* Results are statistically significamnt with p-value<0:05

Table A.5: Goodness-of-fit indices for"the SEM models with or without

adjusting for risk factors

Unadjusted Adjusted

Chi-Square Test of Model Fit

Value 108.936 145.654
Degrees of Freedom 59 92
P-value 0.0001 0.0003
Comparative Fit Index (CFI) 0.959 0.957
Tucker-Lewis Index (TLI) 0.961 0.955
Root Mean Square Error Of Approximation
(RMSEA) Estimate 0.059 0.049
Weighted Root Mean Square Residual
(WRMR) Value 1.137 1.120
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Table A.6: Baseline characteristics of elderly hospitalized patients in Na-

tional Taiwan University Hospital, March , 2006

Number %
Demographics

Age Group

65 to 74 years 199  65.89%

75 to 84 years 94  31.13%

85 years and above 9 2.98%
Gender

Male 170 56.29%

Female 132 43.71%
Ethnicity

Taiwanese 242 80.13%

Others . 60 19.87%
Living Status | ’

Live Alone - _ 35 11 3.64%

Live with Others “3 291 96.36%
Marital Status

Windows 81 26.82%

Married 214 70.86%

Divorced 3 0.99%

Single/Never Married 4 1.32%
Education

Less than high school and hingh school 255  84.44%

Greater 47 15.56%
Religion

Buddhist 187  61.92%

Daoism 44  14.57T%

Others 71 23.51%
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Figure A.1: The Measurement models for oral health and nutrition

(Ellipses represent factors, rectangles are indicators, signal-arrows are loadings.

double- arrows are correlations)
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* Results are statistically significant with p-value < 0.05
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Figure A.2: Structural equation modeling: Combining measurement and

structural models

(Ellipses represent factors, rectangles are indicators, signal-arrows are loadings,

double- arrows are correlations)
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Figure A.3: Structural equation modeling: Combining measurement and
structural models. The relationship is adjusted for risk factors (Age, Gen-

der, Education, SumC, #Medication, SumD, SumE, SumS)
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Figure A.4: CFA for Factorl at different time points

(Ellipses represent factors, rectangles are indicators, signal-arrows are loadings,
double- arrows are correlations)

Factorij: 1 presents factor and7 = 1,23 ; j presents time point and j = 1.2.3.4

Nij: i presents indicator and7 =1.2.....18; j present time point and j =12.3.4
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Figure A.5: CFA for Factor2 at different time points

(Ellipses represent factors, rectangles are indicators, signal-arrows are loadings,

double- arrows are correlations)

Factorij: 1 presents factor and7 = 1,2,3 ; j presents time point and j = 1,2.3.4

Nij: i presents indicator andi = 1.2.....18; j present time point and j = 1,2.3.4
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Figure A.6: CFA for Factor3 at different time points

(Ellipses represent factors, rectangles are indicators, signal-arrows are loadings,

double- arrows are correlations)

Factorij: i presents factor and7 =1.2.3 ; j presents time point and j =1.2.3.4

Nij: 1 presents indicator and7 = 1.2.....18 ; j present time point and j =1,2.3.4
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