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GLENN M. DAVIES. Applications of Sample Survey Methodology to Repeated
Measures Data Structures in Dentistry ( Under the direction of Gary G. Koch.)

ABSTRACT

In many dental studies, responses are measured at the site or tooth level
within each subject. Consequently, standard methods which are based on simple
random samples are not appropriate since they do not adjust for the correlation of
sites within' each individual. Also, methods like MANOVA for continuous data
and weighted least squares MANOVA for cross-classified rates, would not be
feasible in many dental applications since they require complete data vectors for
each subject. In this research we propose the use of a variety of methods used to
analyze data from large stratified multi-stage cluster samples to handle the
clustered data structures in dentistry. Survey regression methods, such as survey
linear regression, survey logistic regression and ratio estimation, are applicable
when continuous, dichotomous and multicategory outcomes measured at the site
level are of interest. Taylor series approximations and design-based variance
estimation can be used to obtain a variety of measures of association such as the
odds ratio or relative risk with an appropriate confidence interval which is
adjusted for the intrasubject correlation. These contingency table methods are

presented in the spirit of a Mantel - Haenszel analysis.
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CHAPTER I
ISSUES IN DENTAL RESEARCH

1.1  Introduction

Dental research is an area of science that provides the statistical researcher
with many interesting problems. Complex study designs, correlated responses,
multi-stage sampling schemes as well as a variety of data structures are just a few
of the statistical problems that need to be addressed in many dental studies.
These problems are not new in statistical research in general but methods used to
‘tackle them have not been used readily in the dental setting. For this research,
examples from two studies will illustrate the range of statistical problems in

dental research.

111  North Carolina School Oral Health Survey ( NCSOHS )

The NCSOHS is a stratified cluster sample of classrooms in public schools
for grades K-12 in North Carolina. All the students in the chosen classrooms were
eligible for this cross-sectional study. The sample was stratified by the four North
Carolina Department of Human Resources regions, degree of urbanism, percent
white race in the county and grade level. The primary sampling units were the
classrooms identified either by English or language arts subject matter. This cross-
sectional study involved dental exams for every student in the chosen classes that
wished to participate in the study. These exams collected a variety of measures
on dental health of which the decayed, missing, or filled surfaces ( DMFS ) score

and presence of dental sealants were considered the most important. Additional



diseases affecting the collagen and bone that support the tooth, Goodson, 1989.
Periodontitis is typically thought to have some of the same characteristics of a
slowly progressing chronic inflammatory disease with some aspects being non-
reversible even though the infectious agent is removed, Beck and Loe, 1993. The
disease usually affects multiple sites on multiple teeth within the same individual
resulting in repeated and correlated outcomes. Assessment of periodontitis is
typically based on the inflammation of the gingiva and destruction of the
“periodontal supporting tissues ( fibrous attachment and alveolar bone ), Beck and
Loe, 1993. Attachment loss appears to be the main clinical indicator of
periodontal destruction used in practice. Bone loss is another important disease
indicator; however it is assessed much less frequently in epidemiological studies
since it requires cumber'some and time consuming radiographic measurement of
alveolar bone, Beck and Loe, 1993. Attachment loss is a function of gingival
recession and pocket dépth, which in epidemiological studies usually is measured
by manual probe with millimeter markings. Using such probes can cause a great
deal of variability in attachment loss measurements making it difficult to
delineate between measurement error and real disease. Haffajee, Socransky and
Goodson, 1983, proposed the tolerance method to assess periodontal disease. A
similar method that was used in the PDS study calculates the standard deviation
between replicate measurements on sites within the mouth. With this method,
disease is defined as attachment loss greater than 3 standard deviation units. For
example, if the standard deviation upon replicate examination was found to be 1.0
mm , then disease at a site is defined as having attachment loss greater than 3
mm. To be more conservative, one may also define disease in an individual if they
have multiple sites with significant attachment loss. This is the approach taken by
Brown et. al., 1994, in measuring 18 month incidence of periodontal disease in the

PDS study.



For periodontal destruction, there are other sources of error that one must
consider for epidemiological or clinical studies. Site selection, partial mouth
recordings and observer bias are important considerations that can affect
systematic error, Beck and Loe, 1993. Observer bias is important in any study;
however site selection and partial mouth recordings are particular to periodontal
assessment. Attachment loss can be measured at any one or more of the following
six sites: mesiobuccal, midbuccal, distobuccal, mesiolingual, midlingual and
distolingual. Ideally one would want to evaluate each of these sites; however this
is frequently not possible because of cost, patient burden and examiner reliability,
Beck and Loe, 1993. Buccal sites are often chosen since they are directly visible
and have better examiner reliability. However using a subset of sites can result in
underestimation of prevalence and incidence of periodontal destruction, Beck and
Loe, 1993. In the PDS study', attachment loss is measured at the mesiobuccal and
midbuccal aspect of each tooth. In a cross-sectional study of attachment loss in
Ushiku, Japan all six sites were probed for 319 patients, Yoneyama et. al. 1988. A
1981 study of periodontal disease in the United States only measured the mesial of
each tooth for a sample of 7078 individuals, Brown et. al., 1981. To further reduce
cost and patient burden, half-mouth examinations may be conducted by randomly
selecting two quadrants of the mouth. However the half mouth examinations can

also result in underestimation of periodontal disease.

Risk factors for periodontal disease cover a wide range of variables
including clinical, microbiological and host response factors, Simpson, 1990.
Typically attachment loss and bone loss are indicators for disease however other
clinical factors such as gingival bleeding, suppuration, plaque, calculus, crevicular
fluid flow, tooth mobility and periodontal abscesses could be considered disease
and/or risk indicators. The presence of certain bacteria at a particular site are

concluded to be risk factors and Socransky and Haffajee, 1989 give a list of



bacterium associated with periodontal disease. Some of these bacteria are well
documented in the literature such as Actinobacillus actinomycetemcomitans,
Porphymonas gingivalis and Provetelle intermedius. Response of the body to
bacterial invasion of a site in the mouth is the same as any other part of the body;
Abnormalities in these response mechanisms can result in the individual being
more susceptible to periodontal disease. Abnormalities in phagocytic leukocyte
function and ones. ability to metabolize cytokines and aracidonic acid are some
factors associated with periodontal destruction. Typically these factors are

associated with periodontal disease in those less than 35 years of age, Page, 1990.

1.2.3 Root Caries and Coronal Caries

Besides periodontal disease, root caries and coronal caries are major areas.
of interest in dental epidemiology. The literature for coronal caries is quite
significant, while root caries research has only come to the forefront in the last
decade. Root caries are typically defined as a lesion on the supragingival portion
of the root. Subgingival root caries are typically not included in the definition
since they are difficult to detect, and these caries may represent a different disease
altogether, Katz, 1990. Another major question of concern involves whether
inactive lesions should be included with active lesions in defining root caries.
Inactive lesions are usually excluded from the definition of root caries. Excluding
inactive lesions can result in underestimation of the prevalence or incidence of
root caries disease, however measurement of inactive lesions is less reliable than

active lesions and can result in decreased precision, Katz, 1990.

The recent interest in root caries has stemmed from the decreased
prevalence of coronal caries in children in industrialized countries, Beck, 1990.
Recent studies suggest that the prevalence of root caries is high, particularly for
older adults. Preva.lencé has been estimated to be anywhere from 7% to 70 %,



Beck, 1990, in a variety of cross-sectional studies. Although only a few
longitudinal studies exist, incidence has been found to be as high as 6.3 surfaces
per 100 surfaces at risk, Beck, 1990. These studies include large national surveys,
small community studies and clinical trials. Factors associated with increased risk
of root caries include age, gender, presence of micro-organisms, education,
presence of coronal caries, attachment loss, and number of teeth among other
factors, Beck, 1990. For the few incidence studies, similar risk factors have been
suggested. It appears from the various studies that only age has been shown to be
a consistent risk factor for root caries. Number of teeth also has shown an
association - with decreased risk of root caries, and these studies suggest that older
individuals with more teeth have a lower risk for root caries. This finding suggests
that there may be a healthy survivor effect. Research for root caries is still
expanding, and there is a greater need for standardization of the measurement of

root caries disease as well as for more data on the incidence of root caries.

The epidemiology of coronal caries is well established in the. dental
literature and disease has been traditionally measured by the Decayed, Missing,
and Filled ( DMF ) index. Given the phenomenal decline among children and
adolescents in coronal caries over the last twenty years, the major focus of coronal
caries research has been to identify individuals who are at high risk for disease.
Although there has been a steady decline in coronal caries disease, very few
individuals are caries free by age 17, DePaola, 1990. Consequently high risk
individuals are those whose extent of disease is much gfeater than those of low
risk, and appropriate cut-offs need to be chosen to identify those individuals.
DePaola, 1990 suggested that for a recent childrens survey in New England, using
a simple cutoff of no increment in DMF versus some increment could result in
almost 95% of the sample being misclassified at 12 months. For 48 month

increments, 48% of the children could have potentially been misclassified. When



disease risk was classified as none, low, ( 1 or 2 ), or high, ( 3+ ), then potentially
20% of the individuals at 12 months could be misclassified; for 48 months, using
cut-offs of 0, 1-5 and 6+ could result in 26% of the individuals being misclassified,
DePaola, 1990. Selecting appropriate diagnostic criteria also is important to
obtaining precise and accurate estimates of prevalence and incidence. Setting
strict criteria for coronal caries can result in underestimation of these population
parameters, but strict guidelines can result in more precise estimation. On the
other hand, less strict criteria can result in over estimation and decreased

precision.

Risk for caries can be attributed to a wide range of factors including
sociodemographic, behavioral, microbiological, physical, environmental, and
salivary factors. Sociodemographic data have been collected on age, race, gender,
socioeconomic status and geographic location. Gender has been associated with
caries with school aged girls showing higher risk than boys, however this
association has typically been weak. The results for race have been mixed, and
there is really no consensus whether blacks or whites are at higher risk, Hunt,
1990. Socioeconomic status also has shown some association with caries disease
and it usually is measured on a scale of low, moderate or high, Hunt, 1990.
Studies have tended to show lower rates of coronal caries for individuals with
higher economic status. Behavioral factors have focused on oral hygiene and
dietary practices. Oral hygiene includes brushing, flossing, fluoride and niouth
rinsing. Diets high in sugars have shown an increased risk for coronal caries.
National data have indicated a correlation between frequency of consuming soft
drinks at meals and increased caries risk when controlling for age, race, income
and education, Hunt 1990. Data for oral hygiene and dietary practices are
“generally difficult to measure, consequently associations between these factors and

caries disease are not well defined. Like periodontal disease, increased risk for



coronal caries has been found to be associated with presence of various
microorganisms. Streptococcus mutans and various Lactobacillus organisms are
two types of pathogens associated with increased risk of coronal caries, Hunt,
1990. Physical factors associated with caries disease include previous caries history
and the number of surfaces at risk. Protective factors include fluoride treatment
and sealants. Reduced salivary flow rate is also associated with increased caries

risk.
1.3 Statistical Concepts

13.1 Study Design Issues

As for many other areas of research, study design plays an important role
in deciding on a proper analysis for dental data. A poorly designed study makes it
impossible to evaluate the hypotheses under study effectively and can result in

problems of validity.

One of the first considerations is how one plans to measure the response of
interest. Typically, a researcher may be interested in a response at one point in
time or a change in an individual’s response status over time. Cross-sectional
sfudies are most commonly used when prevalence of a respoﬁse at a single time

point is of interest. The North Carolina School Oral Health Survey ( NCSOHS ) is

one example of a cross-sectional study.

Longitudinal studies collect data on individuals at multiple time points to
be able to assess change in an individual’s response over time. These studies
address change in the same individual’s response over time, which differs from
repeated cross-sectional studies that do not generally attempt to collect data on
the same individuals. One major limitation of longitudinal studies is that a great

amount of subject attrition can take place over the period of the study. This can



result in invalid conclusions since the individuals who drop out may differ from
those who do not. Also, the characteristics of the sample one starts with may be
very different from the sample at the end of the study. The Piedmont Dental
Survey involves follow-up over a span of three years, and individuals may be lost
due to death, refusal of continued participation, relocation as well as several other
reasons. For example in the PDS study individuals who are less educated may be
more likely to refuse continued participation than those who are more educated.
Consequently, if level of education is associated with dental health, spurious
conclusions may be drawn about associations of other risk factors with dental

health.

Another feature of longitudinal studies is that several measurements are
taken on the same individual over time. Consequently one needs to consider the
correlation between observations on the same individual. In addition the responses
are collected over time and observations that are closer together in time may be
more highly correlated than those that are farther apart in time. The assumption
of the correlation structure of these measurements can be very important in
making proper inferences. In the PDS study, measures of attachment level are
taken at baseline, 18 and 36 months. Consequently measures of attachment level
between baseline and 18 months may be more highly correlated than those

between baseline and 36 months.

The method of sampling is another consideration when designing a study
that is representative of the population of interest. The most common method of
selection is simple random sampling ( SRS ). Individuals are chosen with equal
probability of selection with SRS and all samples of a given size are equally likely.
Most statistical methods are based on this type of sampling. This method of
sampling may be extended by choosing separate samples within pre-defined strata. .

These samples are independent of each other by the fact that each sampling unit
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occurs in only one stratum. Stratification often results in reduction of variance of

estimates of population parameters.

Population units may be chosen by more complex sampling methods
involving multiple stages of selection. The population may be stratified into
various subgroups within which clusters of individuals may be chosen. Often, the
sampling units within the same cluster are generally correlated with each other.
Statistical methods that assume independence between sampling units would be
| inadequate to analyze data from such a design. Methods adjusting for the
intracluster correlation should be considered for analysis of data for the designs.
The NCSOHS sample initially was stratified by various geographic characteristics
as well as grade level. For each of these strata a sample of classrooms was selected
in which each student was to participate in the study. For this example, the
intracluster correlation is represented by the correlation of responses of individuals

in the same classroom.

The PDS sample was a subsample of the PHSE study. The first stage of
sampling for the PHSE involved selection of Census blocks or Enumeration
districts or clusters of these units in the target area by a sequential zone sampling
procedure. Housing units within the primary sampling units ( PSUs ) were then
stratified by race of head of household. Housing units were then selected by a
method similar to the PSUs and one eligible individual was chosen at random in
each selected household. The PDS subsample was chosen by a probabilities
proportional to size ( PPS ) systematic procedure with measure of size equal to
the individual’s PHSE sampling weight. In the PDS study responses from
individuals living in the same Census blocks or Enumeration district may be
correlated with each other due to the fact that such individuals may have the
same sociodemographic characteristics or by the fact that they all have or don’t

have a fluoridated water supply.
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One characteristic of complex samples is that the probability of selection is
not always equal for a.ll individuals in the sample. Consequently, equally weighted
estimates of population parameters may be biased in either direction. For analysis
of such samples, an individual’s response is weighted by the inverse of their
selection probability with this being interpreted as the number of individuals that
person represents in the population. The weight is used to remove the bias due to
the unequal probability of selection. This is not a problem for SRS since each

sampling unit has the same probability of selection.

Often studies do not incorporaté any type of probability sampling into
selection ofv study units. Researchers take whomever they can get to participate in
the study and this strategy is commonly called a sample of convenience. Such a
sample may not be representative of the population, consequently any
,generalizations to that population may not be strictly valid. Any comparisons
among groups within this sample may also be biased becaﬁse of imbalances with
respect to ot_;her explanatory variables. Consequently, analyses which take into

account such imbalances need to be considered.

1.3.2 Data Structure

Studies in dental research involve many different kinds of data and analysis
of such data is dependent on their structure. Responses can be univariate or
multivariate in nature with multiple measurements over time. These data can be
either categorical, continuous or time-to-event variables. Figure 1 gives an
illustration of a possible data structure where Y., is the value of the response of
the 1*® site at the m*'® time point in the n** individual and X, is the value for
the p** explanatory variable for the 1 site at the m'* time point for the n*:

individual.
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Figure 1.1 - Sample Data Structure for a Typical Dental Study

Ylll x1111 ---------- x111p
Y211 X2111 oooooooooo X211p
Yimn Ximny e xlmnp

The categorical variables may be either dichotomous, nominal or ordinal. A
dichotomy is formed when only two outcomes are of interest. Multicategory
responses may be either nominal or ordinal. An example of an ordinal response
variable at the tooth level would be whether or not a tooth was lost, carious, pre-
carious or normal. If the variable has multiple categories that do not have any
particular ordering, then the variable would be considered nominal. Typically
logistic regression, the proportional odds model and other contingency table

methods are used to analyze these data, Koch and Edwards, 1988.

Continuous variables are not as common as categorical variables in dental
research. Attachment level for a particular site in the mouth is a good example of
a continuous variable in dental research. The attachment level is measured as the
sum of pocket depth and gingival recession for the site of interest. Analysis for
continuous variables usually involves some type of multiple linear regression
technique. Often the assumptions for these techniques are not met, consequently

transformations of the data or nonparametric methods are used in these cases.

Time-to-event variables are also present in dental research. At the tooth
level, time until a tooth is lost is an important response variable. At the person

level, time to edentulism ( or time until all the teeth are lost ) is another example
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of a time-to-event variable. Time-to-event may be measured at discrete or
continuous time points. Life table methods and the proportional hazards model

can be used to evaluate such data.

Dental research includes both measurements at the site and person level.
Previously, researchers have treated sites as independent units in analysis,
Haffajee et. al., 1983. However Koch and Beck, 1992, Imrey, 1986 and Fleiss et.
al., 1987 believe that the correlation between sites should not be ignored in
analysis. Ignoring such correlation can result in incorrect inferences about the
population. Commonly measures at the site level are aggregated up to the person
level. For periodontal disease, the percent of sites with attachment loss greater
than or equal to 3 mm within each person could be used as a response variable.
For caries, the increment of coronal caries can be classified as having an increase
or no change. This increment is an aggregate measure of caries disease across all
the coronal surfaces in the mouth. One limitation in forming summary measures is
that they do not account for the extent to which the nature of risk and the
association of response variables with it may vary across multiple observational
units within the same subject and varies in different ways in different subjects,

Koch and Beck, 1992).

Missing data are another problem that is commoniy found in dental
databases. Data missing in a systematic maﬁner can cause problems with validity
and hypothesis testing. Small amounts of missing data are usually not a problem,
and the corresponding units can be deleted from analysis. Imputation methods or
giving summary measures across individuals can be used to alleviate missing data
problems at the site level. Missing data due to non-response of entire subjects can
be controlled for in some cases by using non-response adjustments or weighting to
control potential bias. This is commonly done in large sample surveys like the

NCSOHS and PDS studies.
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The NCSOHS collected data on a variety of dental measures and
soc: emographic chaiacteristics. The primary analysis variables include DMFS
sco: > and number of sealed surfaces. Sealed surfaces also may be defined as a
dichotomy with either presence or absence of sealants. Presence or absencé of
sealants also can be specified at the tooth type level for first and second molars
and first and second premolars. The sociodemographic variables also are
continuous and categorical. Both race and gender are dichotomous variables with
parent education and degree of urbanism being defined as ordinal variables.
Region of the state defined as either the Coast, Piedmont or Mountain region of
North Carolina is an example of a nominal categorical variable. Age is often the

only continuous explanatory variable.

Data for the PDS study involved measurements at baseline, 18 and 36
“months for the mesio-buccal and mid-buccal aspect of each tooth. Consequently
measures of oral health for the PDS study are multivariate in nature with
multiple sites at multiple time points. Periodontal destruction is measured in
millimeters at each site. The extent of periodontal disease can be defined at the
person level as the number of sites with periodontal destruction or as presence or
absence of any disease. Severity can be defined as the percent of sites over a
certain threshold or mean attachment loss in sites with attachment loss. Coronal
and root caries increment are continuous variables that represent changes in
coronal and root caries over time. These variables also may be dichotomized as
either an increase or no change in caries increments. Also caries increment can be

represented as ratio variables by the amount of increment per surfaces at risk.

1.3.3 Role of Assumptions

The main goal of any research study is to make valid inferences about the

population of interest. Often several types of bias can enter into a study causing
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the validity of any inferences to be questioned. Several types of bias are outlined
in Koch and Beck, 1992. Selection bias can result by including sampling units that
are not eligibie for the study and by excluding those who are eligible.
Consequently, the sample is not representative of the population of interest.
Measurement bias can result when systematic factors affect how the data are
collected on different sampling units. This can result in a periodontal disease
study when attachment level is measured by one method ( manual probe ) for
some subjects and another method ( pressure-sensitive probe ) for other subjects.
Management bias can be the result of how different subjects participate or are
cared for in the study. For example, in a longitudinai study male subjects may
drop out at a faster rate than females so the sample may not be representative of

the population.

There are two postures for inferential statistical methods, design based and
model based. The design based or non-parametric methods are those that require
minimal assumptions that are internal to the structﬁre of the study design. Such
assumptions might be affected by measurement and management bias, but
selection bias is not a problem since inference can only be made to the populafion
that the sample directly represents, Koch and Beck, 1992. Non-parametric
methods require only minimal assumptions and make no distributional

assumptions about the analysis variables.

Often researchers want to generalize to much larger populations and
typically formulate a statistical model for a particular relationship of interest.
These model-based methods require more assumptions than the design-based
methods and make distributional assumptions as well. Although these methods
have the advantages of being able to make wider generalizations and have greater
statistical scope, they are vulnerable to controversy because of the larger number

of assumptions.
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For longitudinal studies it may be necessary to make assumptions about
the correlation structure of the repeated observations over time as well as the
individual sites in the mouth. One may choose to make an assumption about the
structure of the correlation matrix rather than estimate all of its components. Fof
example, one may choose to assume equal correlation between all of the sites at
each time point. However this assumption may not be the true for reasons
mentioned in Section 1.3.2. Also it is likely that contiguous sites in the mouth
may be more highly correlated with each other than more distant sites in the

mouth.

14 Examples

As was pointed out in earlier sections, there are many considerations when.
choosing appropriate analysis methods for dental data. In this section some
specific analysis examples will be expiored and references will be made to the

corresponding methodology in later chapters.

14.1 Example 1

In the PDS study, researchers take measurements on attachment level at
both baseline and 18 months. The change in attachment, attachment loss, is
computed by subtracting the baseline attachment level from the 18 month
attachment level. Individuals are considered to have a worsening of periodontal
disease if the attachment loss is greater than or equal to 3 mm. This can be the
result of increased pocket depth, gingival recession or both. In addition to
attachment loss, presence or absence of a particular bacterium is determined for a
subsample of the sites in the individual’s mouth at baseline. In this case
researchers would like to know if sites with the presence of the bacterium at

baseline are more likely to have a significant increase in attachment loss at 18
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months than those sites that do not have the bacterium present. The following
2x 2 table illustrates the relationship of interest.
Table 1.1 - 2x2 Table of Association of Presence of Bacterium and Attachment Loss
Attachment Loss at 18 Months

>3mm <3mm
Bacterium Present a b n;
Bacterium Absent c d n,

The measure of association of interest is the risk ratio or relative risk,
which is computed by RR = (a/ng)/(c/ny). The individual measurements are
taken at the site level, and the sites cannot be managed as independent
observations. For this analysis, one must be aware of the intra-individual
correlation between sites. The methodology in Chapter 3 gives a comprehensive

approach to handling such data by controlling for the sampling design.

In epidemiology, researchers often want to look at the relationship of two
variables while accounting for other variables of interest. Table 1.1 can be broken
down into several tables where the number of tables equals the number of
subgroups of the stratification variables. If one chooses to stratify on race, then
Table 1.1 can be broken down into two tables.

Table 1.2 - 2x2x2 Table of Presence of Bacterium, Attachment Loss and Race
Race Bacterium Attachment Loss at 18 months  Total

>3mm <3mm

Black Present Ab Bb N 1b
Absent Cb Db N2b
White Present Ay ‘Bw Niw

Absent Cw Dw No
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This data structure is a natural extension of Table 1.1; however, there are
additional issues to consider. The first is whether the association of presence of
bacterium and attachment loss is homogeneous across levels of race. If the
association is homogeneous across race, it is possible to derive a composite
measure of association across race groups and a corresponding confidence interval.

The methodology to approach this problem is outlined in Chapter 3.

As previously mentioned categorical variables are not always dichotomous
but may be nominal or ordinal as well. It may be of interest to define attachment
loss as none, ( < 0 mm ), some, ( 1-2 mm ), or severe, ( > 3 mm ). It would be
beneficial to incorporate this information into the analysis to provide a more
powerful method. Table 1.3 gives a illustration of the data structure for this

problem.

Table 1.3 - 2x3 Table of Presence of Bacterium at Site aﬁd Attachment Loss

Bacterium Attachment Loss at 18 Months Total
Omm 1-2mm >3mm

Present A B C Nl

Absent D E F N

For this analysis, the same considérations apply as those for Example 1.
However attachment loss is defined as an ordinal variable rather than a
dichotomous variable. In this situation, it would be extremely advantageous to
choose statistical methods that account for the ordering of the response variable.
In other situations, it may be necessary to account for multiple categories for both
the response and the explanatory variables. The methods outlined in Chapter 4
give a comprehensive approach to such data. As for Example 1, one may stratify

Table 1.3 across levels of other variables of interest. This methodology is also
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explored in Chapter 4.

The change in attachment level from baseline to 18 months can remain as
a continuous variable representing the attachment loss between 18 months and
baseline. The model can include both patient level and site level explanatory
variables. Such variables of interest would be race, sex, presence of bacteria at
baseline, baseline attachment level, tooth type, jaw and site. Also interactions of
these variables can be assessed. Methodology for continuous response variables will

be reviewed and extended in Chapter 5.

1.4.2 Example 2

Tooth loss is another important variable for which data are collected in the
PDS study. The status of each tooth in the mouth is evaluated at 18 month
intervals. One can create a response variable that is dichotomous representing the
presence or absence of the tooth at 18 months. Contingency table methods like
those mentioned for Example 1 can be used to evaluate the relationship between
18 month tooth loss and patient level variables like race and sex as well as site
level variables like tooth type and jaw. Simple 2x2 tables and stratified 2x2

analyses could be explored.

Tooth status can be defined as an ordinal variable where tooth status is
given as lost, carious, pre-carious or sound. Once again analyses of tables with
more than two levels of the response and/or the explanatory variables can be
assessed by methods which are the same as those for Example 1. These methods
can be extended to their stratified counterparts. For the PDS study, tooth status
is evaluated at 36 months as well. Consequently tooth loss is assessed at two time
intervals. In this case one can use an incidence density ratio instead of an odds‘
ratio or relative risk to assess the association between tooth loss and various

explanatory variables. The incidence density would be represented by the ratio of
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the dichotomous variable for tooth loss divided by the total number of tooth
months a particular tooth was at risk for being lost. A more complete assessment
of the survival experience for each tooth can be evaluated through a piecewise

exponential model or other survival methods using discrete survival times.

Continuous explanatory variables also may be of interest. For example, one
might consider worst attachment level for a particular site on a tooth as a
potential predictor of tooth loss. In this case, regression methods may be helpful
in explaining the variation for tooth loss. In addition worst attachment level may
be categorized into 3 ordinal categories and analyses that can handle ordinal

response and ordinal explanatory variables become of interest.

143 Example 3

In the NCSOHS study, researchers were interested in which variables were
associated with the presence or absence of dental sealants. Age, race, sex, degree
of urbanization, geographic location, parental education and participation in a
school lunch program are given as potential explanatory variables associated with
§eala.nt use. Also presence or absence of dental sealants is collected for each
surface type and tooth type. Both contingency table methods, Koch and Edwards,
1988 and survey regression methods, Binder, 1983 are applicable to this example

for survey data.

A natural extension for this example would be to classify persons or teeth
in the NCSOHS as having 0, 1-2, or > 3 sealed surfaces. In this situation both the
response and the explanatory variables would have multiple categories. Methods

that will be used for Examples 1 and 2 are applicable for this example.

15 Summary

Statistical considerations for dental studies are the same as those for
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studies in other areas of health science. Study design issues, data structure and
assumptions are important concerns when choosing a data analysis strategy. The
NCSOHS and the PDS studies both have complex sampling schemes for the
selection of the sample. Analysis for such studies should consider weighting sample
estimates to control bias and use survey based measures of variance to get valid
estimates of precision. In addition, the correlation between participants as well as
the correlation between measurements on sites within each participant should be
accounted for when site is the unit of analysis. Both the NCSOHS and the PDS
come from specific populations in the state of North Carolina and any
generalizations to larger populations should be made with caution. In such cases,

non-parametric or design-based methods may be appropriate.

The data structure for dental studies involves a variety of outcome
variables that include categorical, ordinal and continuous response variables.
There is a similar diversity among the explanatory variables. Also the majority of
these variables may be represented at the person, tooth or site level. The PDS
study has time as an added component to its data structure. Consequently,
measures of individual change can be explored for possible associations with

explanatory variables.

The remaining chapters for this research will focus on methods that can
analyze the data structures given in the examples. Methods to analyze 2x2 and
stratified 2x2 contingency tables by a Mantel-Haenszel (MH) approach will be
illustrated in Chapter 3. Given the site specific nature of the response and
explanatory variables observations within tables as well as across tables are
correlated. Consequently, the standard MH methods are not appropriate in these
cases. Chapter 4 will extend the methods in Chapter 3 to include ordinal response
“and explanatory variables. The research in Chapters 3 and 4 will involve

developing new methods for such data structures.
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Chapters 5, 6 and 7 will focus on modeling site specific response measures
with site and patient level explanatory variables. Chapter 5 will concentrate on
methods for continuous response measures with site and patient level covariates.
Both survey linear regression and generalized estimating equations (GEE) will bé
applied to this type of data structure, and comparisons will be made. Chapter 6
will compare survey logistic regression with GEE for dichotomous responses
measures. The methods in Chapter 7 will focus on extensions of methods in
Chapter 6 to ordinal response measures. Although ordinal response data has been
researched in the GEE framework, very little has been done in the survey

regression setting.



CHAPTER I
STATISTICAL METHODS FOR DENTAL RESEARCH

2.1 Introduction

Statistical methods for dental research encompass a wide variety of
techniques to evaluate the hypotheses of interest. These techniques can handle
many types of data structures including continuous, categorical and time-to-event
variables. Methods for repeated measures or clustered data are used when the site
is the unit of analysis. In the case of data from complex sample surveys, methods

that account for the design of the study need to be considered.

This chapter will review current methods for various data situations in
dental research. Data situations will include those that are based on patient level
and site level variables. Current methods for data from complex sample surveys

will be reviewed for continuous and categorical data.

2.2 Statistical Methods for Patient Level Variables

Patient level variables are those variables that are collected at the
individual level. Some examples of patient level variables include: Total DMFS
score, time to edentulism, age, race, sex and presence of mild, moderate or severe
periodontitis. These examples show that these variables encompass a wide variety

of data structures.
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221 Methods for Continuous Patient Level Variables

The General Linear- Univariate Model ( GLUM eq 2.1 ) is the most
commonly used method with univariate continuous data based at the patient
level.

Y, = a+ 51X + BaXijg + ceevrvenenann + BpXip + € eq 2.1
The GLUM is a linear function of the explanatory variables, x;;

xip

, with their
coefficients, a, f;........ By, and an error term e; for potentially explaining the
variation in the response vaﬁable, YI Several assumptions are made when
obtaining estimates of parameters for the GLUM. First the GLUM assumes that
the variance of the e;’s are homogeneous across the subjects in the population and
that this variance is finite for each subject. The next important assumption for
~estimation of the parameters is that each e; is independent of one another. The
final assumption states that equation 2.1 is linear in the parameters, but the
explanatory variables may take on various non-linear ‘forms. To make inferences
about the parameters in equation 2.1, it is necessary to make the assumption that
the conditional distribution of Y given the X’s is the multivariate normal

distribution.

The GLUM is commonly referred to by several different names depending
on the types of explanatory variables in the model. The term multiple linear
regression is used when the explanatory variables are continuous. On the other
hand if the explanatory variables are categorical, the GLUM is usually referred to
as Analysis of Variance (ANOVA). When the model is comprised of both
continuous and categorical explanatory variables, it is usually referred to as

Analysis of Covariance (ANCOVA). More information on the GLUM can be

located in Neter, Wasserman and Kutner, 1985.

When the assumptions for the GLUM are not satisfied, it will be necessary
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to use some non-parametric or design-based methods. These methods are usually
based on the rank transformed data. For one-way ANOVA situations, either the
Wilcoxon rank sum test or the Kruskal-Wallis test is used. For block design
situations, Friedman’s Chi-Square is the method of choice. More complex models
may require some knowledge of rank ANCOVA. More details on these methods

and other design based methods are given in Daniel, 1990.

222 Methods for Categorical Patient Level Variables

Statistical methods for categorical variables include both model-based and
design-baséd methods. Model based methods include logistic regression for
dichotomous variables and the proportional odds model for ordinal data. Log-
linear models can be used for dichotomous, ordinal, as well as nominal response
variables. Design-based methods include the Fisher’s exact test and the Mantel-
Haenszel test for dichotomous variables and the Ktuska.l-Wa.llis test or extensions

of the Ma.nte_l-Ha.enszel test for ordinal data.

Logistic regression is a model-based method which is used to explain the
association between a dichotomous response variable and a set of explanatory
variables which can be continuous and categorical. The underlying distribution for
the response of interest in a particular subgroup is represented by the product
binomial distribution where the probability of ”success” is given by the equation:

m={1+exp[-(a+x/8)]}! eq 2.2
where 7 is the probability that the i'* patient with characteristics represented by
the vector x; has the response of interest. The parameters a and P represent the
regression coefficients for equation 2.2. The model for 7; has the desirable property
of =; being constrained between 0 and 1. The model in equation 2.2 can be
transformed to a more friendly form by the logit transformation given in equation

2.3.
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log I’%’ = a+x;8 eq 2.3

The logit represents the log odds of the response of interest versus the other
response given X;. Estimates of the parameters are computed by maximum
likelihood techniques. For logistic regression it is necessary to solve the maximum
likelihood equations by an iterative procedure like the Newton-Raphson
procedure. Goodness-of-fit may be assessed for large sample situations with
categorical explanatory variables by either Pearson’s Chi-square, Likelihood ratio
test or a Rao Score statistic. The Rao Score statistic or the likelihood ratio
statistic must be used when assessing goodness-of-fit for models with continuous
explanatory variables. One can evaluate linear combinations of the parameters by
a Wald chi-square sta.tisti'c. The model for the logit illustrates that the log odds is
a linear function of the explanatory variables. This may not always be the case,
and it may be necessary to assess linearity by adding quadratic terms to the
model. More detailed information on logistic ;egressit)n can be found in Koch and

Edwards, 1988, KleinBaum, Kupper and Morgenstern, 1982.

Often the response variable may have more than two categories and those
categories may be ordered in nature. Consequently, it may be of interest to look
at relative increases or decreases in probabilities of higher-ordered outcomes
relative to a set of explanatory variables, Koch and Beck 1992. Model-based
analyses for such data may be conducted by either the proportional odds model or
log-linear models. The proportional odds model (eq 2.4) has a similar structure to
equation 2.2 except separate intercepts are associated with each of the cumulative

logits.

log 1_’—: = o5+ X538 eq 2.4
Y
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The cumulative logits can be interpreted as

l _ Prob{ response > j }
I-x; = Prob{ response < j }

for the j=1....r response categories. The structure of the proportional odds model
assumes that the relative increase or decrease in the log odds is the same for each
of the logits. As for logistic regression, estimates of the regression parameters are
obtained by maximum likelihood estimation and these equations are solved by
iterative techniques. Goodness-of-fit may also be assessed by the same methods as

those for logistic regression.

The proportional odds model is not appropriate when the response variable
has multiple categories that are nominal or the proportional odds assumption is
not valid. For such situations a log-linear model (eq 2.5) is a more appropriate
method.

Tij

log ! = o+ X' ' eq2.5
This model represents the log odds of the j** versus the r*h outcome for subjects
from the i** subpopulation, and the regression parameters represent the rates of
change of the log odds per unit change in the x;, Koch and Beck, 1992. The
parameters for equation 2.5 a.fe usually estimated by maximum likelihood
methods based on the product multinomial distribution, but the parameters may
be estimated by weighted least squares methods, also the underlying distribution
may be chosen to be Poisson. The estimates of the regression coefficients have
approximately normal distributions with large sample sizes of 80 or more, Koch

and Beck, 1992. In addition, the log-linear model can provide predicted values for

7; by equation 2.6
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___xp( o + X'85)
T = r-1
1+ ) _exp( o + 5'53)

=1

eq 2.6

for j=1........ r-1. Log-linear models make it possible to evaluate the equal adjacent
odds assumption for ordinal data structures as well as various log odds ratios for
nominal response variables. However, the log-linear model procedure is
multivariate in nature, and it is not evident what is provided beyond fitting
models for the separate dichotomies. More details on log-linear models are given

by Imrey et. al., 1981 and 1982.

Design-based methods for categorical variables involve a variety of
contingency table methods that are based on SRS or stratified SRS designs. These
methods will be reviewed for the 2x2 and hxsxt data situations. For the 2x2
case, both the response variable and the explanatory variable have a dichotomous
data structure. In many settings, particularly clinical trials, the sampling design
implies that the row and column marginals are fixed. Consequently, the

probability model implied by the randomization is given by the hypergeometric

distribution
p H = n,.! n,! n,! n,,! 9.7
r{og | 8o} = orn o T Tot eq 2.
where
n.' n‘.
E{n; | Ho } == = my
and

n,, Dy, N,y 0,
V{niiIHo}= 1 n;(n-ll) 2=Vi.i'

If the sample sizes are large, n;; has an approximate normal distribution by

central limit theory, Koch and Edwards, 1988. To test the null hypothesis of no
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association the following Chi-square statistic with one degree of freedom is

computed by

Qun = (nﬁ-!:;ﬁ F eq 2.8
The choice of cell for the test is unimportant since the test statistics ‘are
equivalent. The test is asymptotically equivalent to the well known Pearson’s Chi-
square. For small samples one may calculate the exact p-values based on the
hypergeometric distribution. This is commonly referred to as the Fisher’s exact
test. When the row (or column) totals are equal then the hypergeometric
distribution is symmetric and the 2-sided p-value is equivalent to twice the one-

sided p-value.

Often both the response variable and the explanatory variable have
multiple categories and adjustment for other explanatory variables may .be
needed. Consequently it is necessary to have a more general form of Quy to
handle the variety of data situations encountered in hxsxt contingency tables.
Landis, Heyman and Koch, 1978 devised a general form for Quy given by

equation 2.9

Qwn =GV, 'G - eq 2.9
where G=§:G|.®Bi.(l}h'%)

h=1
and V, = 3-(GuoBs) Vo, (GuoBa)

The matrices Cy, and R; are chosen based on the data. structure of the response
and explanatory variables. For example, if both the response variable and the
explanatory variable are ordinal then C, and Ry, represent 1xs and 1xr vectors
of scores respectively. A variety of scoring methods can be chosen for these vectors

and these are outlined by Koch and Edwards, 1988. If the structure of the table is
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such that the explanatory variable is nominal and the response variable is ordinal
then R, would have the structure Ry, = [ L, , -J,, ] with J, representing a (s-1)
x 1 vector of ones and G, would be a 1xt vector of scores. If both variables are
nominal then Ry =[L,,-J,, ] and G, = [L,, -J,, ] . This general form is helpful
when evaluating the association of the response variable with one of the
explanatory variables in the presence of other covariates. However to use this
method one assumes that the association between the response variable and the
explanatory variable is homogeneous with respect to the odds ratio across the
levels of the other covariates. If the association of the response variable and the
explanatory variable is in opposite directions across levelé of the covariates then
the test statistic will show no association when in fact there may be a strong

association for some of the strata.

2.2.3 Statistical Methods for Time-to-Event Patient Level Variables

In many dental epidemiological studies, patients are followed over time to
determine whether a particular event occurs or not. Some examples include time-
to-edentulism, time-to-periodontitis and time to tooth loss for tooth level
variables. For these examples, each variable has a categorical component, whether
or not the event occurred, and a time component, which is the duration of follow-
up. In some cases the event does not occur during the follow-up time and these
data are considered censored. The follow-up time may be evaluated at disérete
intervals or continuously. It is important to use statistical methods which include

information for both censored or non-censored data.

For time-to-event data based on discrete nonoverlapping intervals, a simple
model for the hazard rate, ), for the i*® individual in the j*® time-interval is
given in equation 2.9.

In(Ay) =5+ 58 eq 2.9
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Within each of the intervals an exponential distribution is assumed and the
parameters for the piecewise exponential model are the hazards for the rates of
occurrence of events in the j*® interval per unit of time. The parameter o
represents the predicted value of the In();) for subjects with x=0 and p represents
the parallel rates of change of the In();) per unit change in elements of x. These
parameters are usually estimated by maximum likelihood techniques where the
likelihood is based on the product of the exponential distributions from the cross-
 classification of the time intervals and the explanatory variables. When the overall
sample size is large (i.e. > 80) and the number of events in each interval is not
small, > 15, standard central limit theory applies making it possible to make

inferences and obtain confidence intervals.

The piecewise exponential model assumes that the hazards are proportional
and the exponential likelihood holds within each interval. When the proportional
hazards assumption is not valid, one may extend the model so that B is replaced
by B; which represents separate parameters for each time interval. Such a model
would make it possible to evaluate time by explanatory variable interactions.
When the piecewise exponential likelihood assumptions are in question, one may
use Cox’s proportional hazards model (eq 2.10 )

At :x) = At : 0 ){ exp(x8) } eq 2.10
where A( t : x ) denotes the value of the hazard function at time t for an
individual with characteristics represented by x. The hazard function A(t: x) can
be interpreted as the relative likelihood for the occurrence of the event of interest
at time t among those subjects who have not previously experienced the event.
The parameters in equation 2.10 are estimated by maximum likelihood methods
for a conditional likelihood that applies to the ordering of the subjects according
to the times the events took place but does not involve the actual times, Koch

and Beck, 1992. More details on the proportional hazards model are given in Koch
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and Edwards, 1988 and Cox and Oakes, 1984.

23 Statistical Methods for Data from Complex Samples

Data from complex samples are collected in a manner that may involvé
stratification as well as multiple stages of sampling. In the NCSOHS, study
classrooms, which are the primary sampling units, are stratified by the
demographic characteristics of the county to which the school belongs. For the
PDS study, housing units are stratified by race of the head of household and
within each household one eligible individual is chosen at random. Analyses for
data from these complex samples need statistical methods that will adjust for the
sampling design. This section will review common statistical methods for analysis
of data from complex samples. Statistical methods will include survey regression
for continuous variables, and Weighted Least Squares, Log-linear models and Chi-
squaxéd tests for categorical responses. A logistic regressién model approach to

categorical survey data will be reviewed in the spirit of Binder, 1983.

23.1 Survey Regression for Continuous Variables

Methods for survey regression are like other analytical methods for survey
data. Essentially one chooses an estimator for a parameter of interest and in the
case of ratio estimators either Taylor series approximation, Balanced Repeated
Replication (BRR) or other variance estimation methods are used to approximate

the variance of the estimator.

For regression the parameter of interest is B = (XX)'X’Y which is
estimated by the ordinary least squares estimator b = (;;’J_:)'l;’z for the model
Y=Xp + € . For survey data, population totals, X'X and X'Y are estimated by
the following Horvitz-Thompson estimators ( eq 2.11a , eq 2.11b ) for a stratified

two stage design:
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where h, i, j represent the indices for the strata, PSUs and units within the PSUs
respectively, while n, and n,; represent the number of sampling units in the h*®
stratum and the number of sampling units in the i*® PSU in the h*® stratum
respectively. Since b is a non-linear function of two bopulation totals, it is not
possible to obtain the variance of b directly. Consequently, it is necessary to use
an approximation method to obtain estimates of V(b). Taylor series linearization
(TSL) is the most common approximation method for non-linear functions of

population totals and Folsom, 1974 has shown the TSL for b ( eq 2.12) to be

[~
=

H
b~B + 2
: h=1i

Zh.i - eq2.12

Il
[

where

Zu= (X% ) z'"l { XalYag - Xagh 1w } -
J=

This linearized version of b makes it possible to obtain an approximate estimate
for V(b). A conservative approximation for V(b) assuming a stratified SRS of
PSU’s is given by eq 2.13 .

V(b) = f: % Du{ 2 - Zn }{1'—: “Znt eq 2.13

To test hypotheses of the form Hy: Cg=0, Folsom 1974 suggested a test statistic

(eq 2.14) based on Wald’s theorem. This statistic has an approximate F
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distribution with degrees of freedom equal to ¢ and d-h which are the row rank of
C and the number of PSU’s minus the number of strata respectively.

Fean = (Cb) { CV(R)C’ }* (Cb) eq 2.14
This methodology for survey regression makes it possible to perform survey
equivalents of the two sample t-test, ANOVA, as well as multiple linear

regression.

2.3.2 Methods for Analyzing Categorical Data from Complex Samples

Analysis of categorical data from complex samples is usually undertaken by
the survey equivalents of weighted least squares (WLS), log-linear models and
logistic regression. Tests of Goodness-of-Fit and hypotheses for linear contrasts are

based on Wald tests, Pearson’s Chi-square and Likelihood ratio statistics.

B The WLS methodology is based on the model ¢,(F) = Xp where X is the
design matrix, B is a vector of regression parameters and F is the response
function of interest. For complex samples F is a vector of ratio estimates that are
functions of unbiased Horvitz-Thompson estimators for population totals. For the
multiway contingency table the ratios are estimates of population proportions for
a particular cross-classification of response and explanatory variables. The
variance-covariance matrix for F can by approximated by Taylor series
linearization, and this computation is outlined in Koch, Freeman and Freeman

1975. The WLS estimator for B is given by b in equation 2.15.
b=(XV¢'X ) XVe'F eq 2.15
Goodness-of-Fit of the model can be assessed by the Wald statistic in equation

2.16 where Q,, is distributed approximately Chi-square with df=u-t, which is the

difference in the number of subgroups in the cross-classification and the number of
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parameters in the model.

Q.= (F-Xb)Vg'(F-Xb) eq 2.16

Hypotheses of the form H,: CA = 0 can be tested by the Wald statistic in
equation 2.17 where Q. is approximately distributed Chi-square with the degrees
of freedom equal to the row rank of C.

Q. = (Cb)'{ CV4C'}'Ch eq 2.17
and

V= {XVFX

Predicted values are given by F = Xb with a consistent estimate of Yﬁ= XVpX'.

Log-linear models can also be used as an alternative method to WLS for
analyzing categorical data from complex sample surveys. The model in equation

2.5 can also be expressed by equation 2.18

xs = Dy'{ exp(XP) } eq 2.18

where

7=[11 oL exp(X8)]
 and r is the dimension of the number of subpopulations of interest and s equals
the number of populations from which one has sampled from. Based on the
product multinomial distribution the maximum likelihood equations are givén by
equation 2.19.

¥ Dy( L1'oL)ln = X's eq 2.19
For complex sample survey situations n is replaced by fi, which is a vector of
weighted frequencies based on the Horvitz-Thompson estimators for the
‘population totals of the contingency table of interest, Imrey et.al 1982. Estimates

for B are obtained through iterative techniques like iterative proportional fitting
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and YV, is approximated through Taylor series approximation by the following

equation
V= { H(%) V,H(7)'} eq 2.20
where
s
H(#) ={ Yo X[ Dz -#81X)'X
.=1 ~1
and '

n = =
V. = % B ny (S5 B ua) (B Bs)’
=¥ = Byl

for a stratified SRS of primary sampling units. Goodness of fit of the model may
be assessed through a residual score statistic, Imrey et. al., 1982. Tests of
statistical hypotheses of the form H,: CB=0 can be tested by.the Wald Chi-square
statistic in equation 2.17, Imrey et. al., 1982.

In a series of papers, Rao and Scott, 1981 have used an alternative
approach to the use of log-linear models for survey data. A summary of these
papers is given by Rao and Thomas, 1989. Rao and Scott, 1981 have shown that
the standard Pearson’s Chi-square and the likelihood ratio statistic are distributed
approximately as a weighted sum of I-r-1 independent x,? variables where I is the
number of cell proportions, r is the number of parameters in the model and the
weights are equal to the eigenvalues of the design effects matrix for the complex
design. Typically the design effects matrix is defined by equation 2.21,

D=V.,'Vp eq 2.21
which is the product of the inverse of the variance-covariance matrix under the
SRS assumption times the variance-covariance matrix under the complex design.
For a simple goodness of fit test, D is given by equation 2.21 for a univariate

-~

vector of proportions. However, for more complex hypotheses from multiway
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contingency tables, D takes a more complex form, Rao and Thomas, 1989. In
many cases it is not necessary to have the whole design effects matrix but only it’s
diagonal elements since for the complex design %,?=x,?/8. where b= tr(D)/I-r-1

and x,2is the standard Pearson’s Chi-square under SRS assumptions.

The first order correction can be further supplemented by the

Satterthwaite approximation in the following way %,?=x,%/{ 5 (1+4?) } where
2 Rl 2, 2291
@ =35 (e 32yt
i=

The second order adjustment to x,? is much better than the first order correction
at controlling type I error when the variation in the 6,’s is substantial, Rao and

Thomas, 1989.

Another method for analyzing categorical data from complex sample
surveys is based on the logistic model in equation 2.2. The underlying theory for
equation 2.2 does not account for complex designs consequently some adjustments
need to be made to prdvide asymptotically unbiased estimates of § with proper
estimates of V(B) as presented by Binder in 1983. For complex designs the
weighted likelihood equations based on the logistic model for the product binomial

distribution are given in equation 2.22

I n
YW B =) wix'y; eq 2.22
where y;= 1lif the i*t sample member has the characteristics of interest

0 otherwise

w;=the inverse of the selection probability for the i** sample unit
and

p= [1+exp-(5'B)N.
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Solution to these equations are usually obtained through Newton-Raphson or some
other type of iterative procedure. The next step is to provide an estimate for Y(?)
which accounts for the stratification and clustering in the survey design. Given

the solution for ? the Fisher information matrix is given by

INF = ZIX. x:w;D;(1-;)-
1=

The delta method covariance matrix estimator for B is derived from the following

Taylor series linearized variate vectors (LaVange et. al., 1986).

Zhoyi= X'hmyi{ Yhayi™ Phoyi}

Consequently, if one assumes a stratified SRS of PSU’s the estimate forY(é) can
be obtained by a conservative estimator based on the Taylor series linearization

methods given in equation 2.23.

n

h Tnr

V(B) = { INF )1 Z Zn" 7';)("" 72 ¢ v )1 eq 2.23
h=1i=

Once the estimates for # and Y(?) are obtained hypothesis tests concerning linear

contrasts of the parameters may be tested in the same way as those for survey

linear regression.

24 Methods for Repeated Measures and Clustered Data Structures
for Continuous Responses

Repeated measures or clustered data structures are formed in dentistry

when the responses are collected at the site or tooth level or are obtained at
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several time points. Responses at sites within the same individual are correlated
as well as measurements taken over time for that individual. Consequently it is
important to choose statistical methods that will control for this aspect of the
data structure. This section be give a brief review of statistical methods .for
repeated measures analysis. The literature on this subject is considerable so only
standard methods for repeated measures data analysis will be reviewed.

To illustrate these methods a simple example will be explored involving
two sites and two time points. Let yy,;; represent the attachment level for the itk
site for the j** time point for the k** individual in the h** group. For this example
i=1 for sit'e» 1, i=2 for site 2, j=1 for the first time point and j=2 for the second
time point. The group variable is represented by race either black, h=1, or white,
h=2, and there are n;, individuals in each group. The classification of site by time
‘is commonly referred to as the condition. For this example there are 2x2=4
conditions. For such a study one may be interested in severai hypotheses involving

group, site and time effects as well as interactions of these factors.

One approach for this example would be to look at summary functions
within each individual in the study. To evaluate the hypothesis of a site effect one
would be interested in the difference in attachment level between site 1 and site 2
given by equation 2.24.

f=py.-pnt s - b2 eq 2.24
Similar summary functions for time effects and site by time interaction may be
specified. Analysis of these summary measures can be undertaken in the usual
way by the standard least squares methods presented in section 2.2.1. This
method although computationally appealing is somewhat disjointed in its

approach and is less powerful, Koch and Beck, 1992 .

Repeated measures analysis of variance is one method that is generally

more powerful than the previous method. This method assumes equal variance
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across conditions, and the correlations between conditions are all equal. If one
chooses orthonormal contrasts to test the hypotheses of interest, then these
contrasts are independent and have equal variances. The choice of contrasts is
unimportant as long as these contrasts are orthonormal. Given such assumptions
repeated measures ANOVA may be undertaken by application of least squares
methods. In the case of site effects one might define the contrast with the
following form.

1/2v2 { g1 - tann + Bz -trze + Ban - oo + Baiz - Baze ) €9 225
Additional contrasts may be specified for the time effects (eq 2.26) and group
effects (eq. 2.27)

1/2v2 { pynr + Baa1 - Praz -Brzz + Banr - oz + bz - Hazz } eq 2.26

1/2v2 { a1 + a1 + Bz Fhze - Banr - Barz - Baan - Pazz } eq 2.27

Interactions of these effects may be specified in a similar manner. This type of
analysis allows one to assess two cémponents of variability, one between
conditions within the same individual and the variability of groups across
subjects. The variance for the j*® site is the sum of the components of the within
and the across subjects variability, v = v+ v,. Consequently, the intrasubject
correlation between the j** and the j™! site within the same subject is given by
= v,/v. The analyses of site and time effects are only concerned with v,
however analyses of group effects as well as the overall mean involve both

components of variability.

Repeated measures ANOVA does have some notable drawbacks. In
particular the assumption of equal variances for sites as well as equal correlation

between sites is often not valid. Sites that are adjacent in the mouth may be more
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highly correlated than those that are not. Also teeth of a particular tooth type
may have different variances from those of another tooth type. If the assumption
of compound symmetry does not hold then it will be necessary to choose an

alternative method with fewer assumptions about the variance-covariance matrix.

Multivariate analysis of variance ( MANOVA ) does not make such a
strong assumption about the variance-covariance matrix of the response variables.
The distribution of the conditions for each individual is assumed to be
multivariate normal and the variance-covariance matrix for each individual is
assumed to be the same. This assumption is essentially equivalent to the
homogeneous variance assumption of the GLUM. The MANOVA or the general
linear multivariate model ( GLMM ) can be written in the following manner

Y = a5 + By + BoXig + ceeenenenne + BpiXip eq 2.28
where Y;; is the response for the j*B condition, j=1...d, in the i** individual, the x;’s
are the values of the explanatory variables for the i*® individual and the B’s are
the regression coefficients. One feature of this model is that the same set of
explanatory variables is being evaluated for each condition. Separate analyses for
each condition would give the same results as performing d univariate analyses,
however certain aspects of the analysis may be inherently multivariate. For
example one may be interested in the structure of the correlation between
conditions on the same individual. Also linear contrasts across conditionsb within
each individual may be important, such as trends across time or differencés in
responses for the different sites. Such analyses would not be possible in the
separate linear regression analyses. It is important to note that the GLMM
requires more parameters to be estimated, in particular the entire variance-
covariance matrix for Yj; , than the repeated measures ANOVA. Consequently
one would need more data for each condition than the repeated measures ANOVA

since one is estimating more parameters.



42

The methods previously discussed are somewhat limited in their
application in dentistry. The GLMM requires complete data and data missing for
one condition would result in the deletion of that individual from analysis. In
addition, GLMM does not have the ability of including site or time-specific
explanatory variables in the analysis. The repeated measures ANOVA has the

drawback requiring a restrictive covariance structure.

2.5 Methods for Repeated Measures and Clustered Data Structures
for Categorical Responses

The preceding discussion concerning statistical methods for repeated
outcomes dealt only with a continuous response variable and it is important to
cover methods for categorical situations as well. Koch et. al., 1977, outlined such
methods based on weighted least squares ( WLS ) methodology. Such
.methodology makes it possible to model functions of first order marginal
probabilities for a given set of explanatory variables. Examples of such functions
include the log odds ratio, rank measures of association as well as linear functions
of the probabilities. To illustrate such methods the example from the previous
discussion will be used except the response variable is defined as the tooth being
present or absent for two teeth at two time points and for race being either black

or white.

For this example define

0 otherwise
where Yy is an indicator variable denoting whether Y, has the tooth absent or
not for the i** individual in the h*® race group for the j'® tooth at the k'™ time

point. For each individual in the hth subpopulation a response vector can be
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formed by:

— !’
Yii.. = { Yninnn Yninnz Yoo Yhinaz Yhizno Yhizies Yhizor Yhizaz }-

The mean for each race is represented by

B
Po. =) Y. /m. eq 2.29

i=1
Consequently, the vector P = { P/, , P/, }'is a 16x1 vector of proportions for
each race by site by by time by response cross classification. An estimate for the

variance of P can be computed by the following block diagonal matrix with blocks

n
h
Vo= o) 3 (Yoo Ba)(Yas - B eq 230

It may be of interest to model functions, F = X8, of these proportions instead of
the proportions themselves. The variance for these functions, F , can be obtained
by taking the variance of the Taylor series expansion of F about P through the

following general formula

Vi = HYpE' i eq 2.31
where H = [¢F(z)/6z lz=p ].

Estimation of b and V, can be undertaken by the theory outlined by Grizzle,
Starmer and Koch, 1969. Some hypotheses of interest might include comparisons
of responses for races across teeth, teeth across visits or races across visits. Also
interactions between race, teeth and visit can also be evaluated with WLS
methods. This methodology although relatively straightforward requires large
sample sizes and a relatively small number of repeated measures per individual. In
addition the WLS methods can not handle covariates that are time dependent or
covariates that are obtained at each of the repeated measures. This is true for the

continuous response case as well. Consequently alternative methods are necessary



when such a data structure exists.

2.6 Generalized Estimating Equations

The methods for multivariate ANOVA for continuous responses and those
of Koch et. al. 1977 for categorical response variables although straightforward do
not have the ability to incorporate time dependent covariates into the analysis.
For example, data concern.ing presence or absence of a particular bacterium for a
particular tooth at each time point could not be incorporated into an analysis
using such methods. Generalized Estimating Equations (GEE) proposed by Liang
and Zeger, 1986 and Zeger and Liang, 1986 make it possible to analyze data
structures with time dependent covariates. The GEE methodology is an extension
of quasi-likelihood theory presented by Wedderburn in 1974 to the longitudinal
data case. This procedure can model the marginal expectation of the response
variable as a function of a given set of explanatory variables while controlling for
the correlation between responses at different sites and different time points
within the same individual. These methods are applicable to a wide variety of
responses including continuous and categorical response variables. This
methodology has been previously applied to dental data structures by DeRouen

et. al. 1991 and will be briefly reviewed in the context of the previous example.

For each of the i=l....... n individuals in this example let y; , j=1.....k
represent a 4x1 vector of responses with each element corresponding to the cross-
classification of tooth by time. Although in this example the dimension of the
response vector is the same for each individual this is not a restriction of GEE.
Also a 4xp matrix of covariates can be defined for each individual. In this
example one can specify race, tooth, visit and presence or absence of a bacterium

for each tooth and visit as covariates.

Under quasi-likelihood one is interested in defining the expectation of y;
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through a model where y; = h(x;8) and var(y;) = g(u;)/4. The inverse of the
function h is defined as the link function and var(y;) is a function of y; and a scale
parameter ¢. The link function is typically chosen as the identity link for
continuous data and the logit or log link is chosen for binary or categorical
outcomes. The function g(y;) for a continuous response is typically chosen to be
identity and for binary responses g(u;)=g;(1-4;). Solutions for B are obtained by
solving the following score-like equations through an iteratively reweighted least

' squares approach, Zeger and Liang, 1986.
Sy (B) = Z vil(y;-4)=0,k=12.... P eq 2.32

For GEE, these equations are extended to their vector equivalents through

the following form:

233_ -1l(yl “1)_0 k=12,..... P eq 2.33
1=

The matrix V; = 1_\,%13,4,%/ ¢ represents the covariance matrix between responses
on the same individual. The matrix A; is a diagonal matrix with ¢v;; on the
diagonal and R; is a working correlation matrix representing the correlation
between responses on the same individual. The matrix R; can be estimated in its
entirety or an assumed correlation structure may be substituted for R;. One may
choose an independent structure, an exchangeable correlation structure, an
autoregressive correlation structure, a m-dependent structure or any correlation
structure of interest. Consistent estimates of B and V(B) are obtained when the
link function is correctly specified, and both # and V() are robust to the choice
of R;, Zeger and Liang, 1986. The efficiency of V(B) is increased when the

assumed correlation matrix is close to the true correlation matrix. GEE
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methodology has a wide range of applications to the data structures in dentistry,
however well documented and user friendly software is not yet available for these

methods.

2.7 Other Methods for Site Specific Data Analysis

Other researchers have proposed various statistical methods for the analysis
of repeated measures data structures in dentistry. As previously mentioned
DeRouen et.al. 1991 proposed a generalized estimating equations approach to
analyzing site specific data. Donner and Banting, 1988 and 1989 and Donner and
Eliasziw, 1991 proposed a series of test statistics based on an adjustment to
several standard test statistics. In Donner and Banting, 1988, the distribution of
the number of events for an individual in a particular subpopulation of interest is
assumed to be beta-binomial. Comparison of binomial distributions is the basis for
the Pearson’s Chi-square statistic. The adjusted statistic (éq 2.34) is obtained by
adjusting the_ standard Pearson’s Chi-square statistic by the weighted average of

design effects across the subpopulations of interest

2_ & o=
Xa = 2 X; /Ci eq 2.34
i= _
_ k B
where Ci = . mijCij / .Z .Z mij
1=1 i=1)=1

and m;; is the number of sites for the j** individual in the i** subpopulation. The
intraclass correlation coefficient, p is estimated by the standard analysis of

variance estimator of p for a stratified cluster design, Donner and Banting, 1988.
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Donner and Banting, 1989 used this same adjustment procedure for the Chi-
square test of trends in proportions as well as the Mantel-Haenszel test. A similar
approach has been used by Donner and Eliasziw, 1991, for the paired t-test and
the McNemar’s Chi-squared test for matched-paired data. These adjustment
methods to standard statistical tests are relatively straightforward; however, they
have some of the same disadvantages as MANOVA and WLS for repeated
measures do for dental data. These adjustment methods cannot accommodate site

specific covariates in the analysis like GEE or other methods.

The methods reviewed for longitudinal and repeated measures data analysis
are only a small portion of the existing literature for this type of data. Methods
for mixed model data analysis, extensions of GEE and other methods for repeated
categorical outcomes are available and directly applicable to a variety of data
structures in dentistry. However many of these methods are not common in
everyday statistical practice. A more complete review of this literature is beyond
the scope of this research and so only the more standard statistical methods for

repeated measures were reviewed.

2.8 Summary

This chapter has reviewed a variety of statistical methods used by
statisticians who work with dental data on a regular basis. Statistical methods in
the dental setting frequently have lagged behind those of other biomedical
recently come to the forefront as a statistical issue in dental research. The GEE
approach of Liang and Zeger, 1986 has recently been proposed. as one possible
solution to analyzing site specific response data in the presence of site specific
covariates. Well documented and user friendly software for implementing the
GEE methodology is not yet available and given the complex correlation structure

of sites within the individual it is not evident what the gains in efficiency might
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be using GEE.

Survey regression methods are available to analyze data with clustered
outcomes. These methods were initially designed to analyze data from large
stratified multi-stage cluster samples like those of the National Health and
Nutrtion Examination Survey ( NHANES ), National Medical Care Expenditure
Survey ( NMCES ) as well as other government surveys. Recently some
researchers have used these methods for non-survey settings where clustered data
outcomes were of interest. LaVange et. al., 1994. have used the survey data
approach to analyze data from a study of lower respiratory illnesses in children
and have compared this approach to GEE. Localio et. al., 1993, has compared
GEE and survey regression methods for binary data in an opthalmalogic setting.
Results from these studies suggest that the survey regression methods compare
quite favorably to GEE and in the case of an independent correlation structure for
GEE, survey regression methods assuming a SRS of PSU’s produce essentially the
same results. The survey regression methods are appealing in that they are design-
based requiring very few assumptions and have the ability to accommodate site
specific covariates. These methods appeal to the large sample properties of the
estimators to make inferences about population parameters, but their small
sample performance is suspect. This is typically not a problem in the dental
epidemiologic setting since sample sizes tend to be quite large. Also survey
regression methods presently have well documented and user friendly software

available to implement such methods.

An important part of this research is to show how one might implement
survey regression methods to analyze dental data with site specific structures.
Applications of these methods will be evaluated for continuous and categorical
outcomes and comparisons to the GEE methodology will be investigated. Also,

methods for ordinal data will be reviewed. Also, use of survey strategies to



formulate and apply some extended methods to dental data will be presented.
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CHAPTER III
MEASURES OF ASSOCIATION FOR 2x2 TABLES
IN ORAL EPIDEMIOLOGY

3.1 Introduction

Various measures of association may be of interest in any epidemiological
study. For example, in a case-control study, the principal measure of interest is
the odds ratio. The incidence density ratio is the main measure of interest for
density or follow-up studies. For prospective studies, relative risk or the risk
difference are usually the measures of association of interest. Estimating such
measures with their corresponding estimate of variance in a dental setting is more
difficult since observations at the site level within subjects are correlated.
Consequently, if one assumes the data were obtained by SRS, confidence intervals

for these measures could be narrower resulting in incorrect inferences.

In any epidemiological study, crude measures of association always are
viewed with caution since other explanatory variables may confound or effect
modify the relationship between the risk factor and the principal disease indicator.
One may control for other extraneous factors by stratified analyses in the spirit of
Mantel-Haenszel or some form of categorical regression analysis. Stratified
analyses also are complicated by the correlated data structure in dentistry. When
stratifying on site specific variables, such as jaw and tooth type, observations from
the same subject may occur in two or more strata resulting in non-independent
strata. Consequently, to estimate variances for summary measures of association

across the strata, statistical methods must be undertaken to control for the
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clustered data structure. Methods proposed by Donner and Banting 1989 and Rao
and Scott, 1992 have considered this problem when stratifying on patient level
characteristics only. Consequently methods are needed to handle non-independent
strata situations that arise in dental epidemiology. These situations, also arise in
large stratified multi-stage cluster samples like those found in national

government surveys.

The methods proposed in this chapter combine multivariate Taylor series
methods and estimators of variance based upon the sampling design to obtain
variance estimators for measures of association of 2x2 and gx2x2 tables. This
enables formation of the corresponding 100(1 — @)% confidence intervals. Measures
of association of interest will include the odds ratio, relative risk, risk difference
and the incidence density ratio. Summary measures will be weighted by precision-
based and Mantel-Haenszel (MH) based weights. Methods addressing homogeneity

will be considered for the gx2x2 case.

32 Methodology for the 2x2 Case

For the 2x2 case in dentistry, it is possible to have a table where the
response variable and the risk factor are both measured at the site level.

Consequently, for each subject, a contingency table can be illustrated by Figure

3.1
Figure 3.1 - General 2x2 Table for the i** Subject
Response
Yes No
Risk Factor Yes n;, D2
No Diz1 Diz2

where n;; is the weighted number of sites in the it subject that are classified in
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the jk* subgroup. For example, the risk factor could be identified by tooth type,
either molar or non-molar and the response as tooth loss at 18 months, yes or no.
For each subject one can form a vector of totals, ;; = [ 0y, , Djyz , Digy , D2 )’ and
the vector of the totals for the entire sample is given by

8 =[ny,n0;, 0y , 0y | whered = igi
and m is the number of subjects in the sample. Asslt:rlning these data were
obtained by a SRS of subjects or PSU’s, the variance-covariance matrix for @ can

" be estimated by eq 3.1

eq 3.1

S a & m(n-8)(n-7)
where T = fi/m. If these data were obtained by some other sampling design, the

corresponding variance-covariance matrix can be substituted for V( 4 ).

Given 3 and Y( i ), one can compute measures of association, f, and their
corresponding 100( 1-a )% confidence interval through matrix operations and
multivariate Taylor series methods. The variance of these measures of association
can be given by the general form, V; = H V(4 ) B, where H = [ 6f/6n ] . These
methods will be used to compute estimates for the odds ratio, relative risk, risk
difference and the incidence density ratio with their corresponding confidence

interval.

32.1  Odds Ratio and ( 1-a )% Confidence Interval

The odds ratio is defined by equation 3.2.

OR = -g:;—g:—:— eq 3.2

The OR can be computed by the following matrix operations upon 1,



53

OR = expA,logii where A; =[1-1-11].
To compute the 100( 1-a )% confidence interval for OR, it is necessary to
compute V(In(OR)). Given the general form for Vy, the variance of InOR can be
approximated by H V( 4 ) H' where H = A,D,? and D, is a diagonal matrix of
the estimated totals. Consequently the 100( l-a )% confidence interval can be

computed by equation 3.3.
exp{ InOR +Z, ,,1/V(In(OR)) } eq 3.3

In addition to the confidence interval, a simple test statistic can be formed
to test the null hypothesis, Hy: InOR=0, of no association between the risk factor
and response variable. The Wald statistic, Q, in equation 3.4 is distributed

approximately chi-square with 1 degree of freedom.

_ (In(OR))?

Q= W eq 3.4

322  Relative Risk and 100( 1-a )% Confidence Interval

Given the format of the table in Figure 1, the relative risk, RR, is defined

by equation 3.5.

n;,/(n41410,,)
RR = 2w/ A it 2/ eq 3.5
n2l/ (n21+n22) E

RR can be computed by performing the following mathematical operations on fi:

RR = expAjlogA,i

where A,=[1-1-11]and41=1,®[}‘1’].

An estimate for V(In(RR)) can be obtained by using the general form given in
Section 3.2 where H = A,D ;‘lz}l and a, = A;i. The 100( 1-a )% confidence

interval for RR is constructed in the same way as for OR by equation 3.6.
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exp{ InRR +Z, ,/5y/V(In(RR)) } eq 3.6

To test the null hypothesis, Hy: InRR = 0, of no association, a Wald statistic, Q,
distributed approximately chi-square with 1 degree of freedom, ( eq 3.7 ) can be

computed.

(In(RR))?

Q = V{I(RR)) °q 3.7

3.23  Risk Difference and 100( 1-a )% Confidence Interval

For prospective or follow-up studies RR or OR are used in practice to
measure the association between the risk factor and the response variable. In
addition, one may be interested in the difference, RD, of the proportions of disease
between those who have and do not have the risk factor; it is expressed in
equation 3.8.

Dy

= __byn _ _
RD = n,+ny;  nytny; Py — P _ eq 3.8

P, and P, are commonly referred to as the cumulative incidence for groups 1 and

2 respectively.

Given the vector of estimated totals one can derive RD through the

following matrix operations upon i:

RD = Aj expAjlogA,i

where As:[1'1]aé~2=12®[1'1]a»nd61=12®[i 2]

The variance for RD can be computed by using the general form in Section 3.2

where H = A;D, A,D A, with a, = exp A; log A8 and 2, = A48 .

Since RD is a difference, it is not necessary to exponentiate the upper and
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lower limits of the confidence interval. The 100(1-a)% confidence interval for RD

is given by equation 3.9.

RD 2, o/,1/V(RD) eq 3.9

Similarly one can test the null hypothesis, Hy: RD=0, by the Wald test statistic

in equation 3.10

_ _RD?
Q= V(RD) eq 3.10

it is distributed approximately Chi-square with 1 degree of freedom.

3.24  Incidence Density Ratio and 100( 1 - a )% Confidence Interval

The format of Figure 3.1 cannot be used directly for incidence densities
since some measure of patient time must be used in the calculation of the
incidence density ratio, IDR. Figure 3.2 illustrates the structure of a 2x2 table for
a density study.

Figure 3.2 - General 2x2 Table for the i*® Subject in a Density Study

Number of Site

Responses Time
Risk Factor Yes n; T
No n;, Tz

The number of responses for the j* level of the risk factor in the i'P subject is
given by n; and Tj; is the total amount of site specific time for the j*® level of the

risk factor in the i subject. If time were measured continuously, then

where Ty, is the exposure time for the k™ site in the j*® subgroup for the it

subject. The incidence density ratio is defined as:
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nl/Tl

where n; =f:nij forj=1,2
i=1
and Tj=mTij forj=1,2.

i=1

The new vector of interest is 4* = [ n;, T; , ny, T; ]’. The IDR in equation 3.11
can be computed by the following matrix operations:

IDR = exp A,log 4*
where A; = [1-1-11]. Furthermore, V(In(IDR)) is estimated by

V(In(IDR)) = (A,D1)V(4* )( A,DsY)"

where l)n. is a- diagonal matrix with the elements of i* on the diagonal. The

*

variance-covariance matrix for i* can be estimated by replacing @ with 4* in

equation 3.1.

These calculations are similar to those for the odds ratio. Also, the
100(1 - a)% confidence interval for IDR ( eq 3.12 ) is similar to the other ratio
measures.

exp{ In(IDR) % 2, 4,,/V(In(IDR)) } eq 3.12
One can test the null hypothesis, Hy: In(IDR)=0, by the Wald statistic in

equation 3.13
(In(IDR))?

Q=\7_(—IT1'(ID—_R)7’ eq 3.13

it is distributed approximately chi-square with 1 degree of freedom.
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33 Methodology for the gx2x2 Case

The methodology given in Section 3.2 of this chapter is for crude measures
of association which do not control for potential effect modifiers or confounders.
Stratification is necessary to control for these other covariates; however these
strata are not independent when controlling for site specific explanatory variables
since sites from a particular subject may be present in several strata at the same
time. Stratification on subject level variables will result in independent strata.
The approach for this section is similar to the one taken in Section 3.2 except the

methods are extended beyond a single stratum.

For this case, one has multiple 2x2 tables, one for each of the g strata.
Figure 3.3 gives a simple illustration of such a data structure.

Figure 3.3 - General gx2x2 Table for the i*h Subject

Response
Yes No
H=1 Risk Yes Dyinq Dy512
Factor No Dy Dyi22
Response
Yes No
H=2 Risk Yes (DY D12
Factor No Ny Dgio2
Response
Yes No
H= Risk Yes Dgin Dgi12

Factor No Dgin Dg2
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For each subject, define p; = [ D110 Byin2s Dyjgry D122y oecee Ngi11s Dgi12y Dgioly ngi22]’ as

the vector of totals for the i** subject. Given n; , the population total can be
m

estimated by i = Z‘—'i where il is the estimated vector of totals for the gx2x2
i=1

subgroups. Given this information, one can compute an estimate for the variance-

covariance matrix of ii by equation 3.14

Y(lj)=im(gu'ﬁ)(gn'§)l eq 3.14

where® =i / m.

Given @ and V( & ), one can compute adjusted measures of association, f,
and their corresponding 100( 1-a )% confidence interval through matrix operations
and multivariate Taylor series methods. The estimated variance of these measures
of association can be given by the general form, V,=HV(d)H’, where H = [6f/6n].
These methods will be used to compute adjusted estimates for the odds ratio,
relative risk, risk difference and the incidence- density ratio with their
corresponding confidence interval. Weighting for the MH analyses will focus on
MH based weights and precision based weights. Also, homogeneity will be

evaluated for the precision based measures.

3.3.1 Adjusted Odds Ratio with MH weights and
100( 1- a)% Confidence Interval

The adjusted OR based on MH weights can be estimated by equation 3.15

g
Znhunlm / Dhtt
mOR =-bgl eq 3.15

Enhl'znlﬂl / Dpyt
h=1

where ny,, , is the number of sites in the ht® stratum, Kleinbaum et.al., 1982. An
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estimate of mOR can be computed by the following matrix operations upon
mOR = expA, log A3 expA, log A, 8
where Ac=[1-1] As=[1/ e L]

éz=!;@[;?g(l):}] 131:{1;@[L|l4]'}-

The estimated variance of In(mOR) can be computed by the general form
V(ln(mOR))= BV( 3 )8’

where H =A,D?
a; = AgexpA;log A, 1i, a, = expA,log A, i and a, = A, i

As in Section 3.2, the 100( 1-a )% confidence interval for mOR is given by

equation 3.16.
exp{ In(mOR) + Z, 4,1/ V(In(mOR)) } eq 3.16

One can test the null hypothesis, Hy: In(mOR)=0, by the Wald statistic

(In(mOR))*

Q=Wn(rﬁ_O_R_))’ eq 3.17

it is distributed approximately Chi-square with 1 degree of freedom.

332 Adjusted Relative Risk with MH weights and
100( 1- a)% Confidence Interval

The adjusted RR based on MH weights can be estimated by equation 3.18
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g
Enhllnh2+ [ Dnyy
mRR =-bg! eq 3.18

Enh2lnhl+ [ Dot
h=1 .

where ny,,, is the number of sites in the h*® stratum, Kleinbaum et.al. 1982. An
estimate of mRR can be computed by the following matrix operations

mRR = expA, log A; expA; log A, 1
where Ay=[1-1] A;=[1/ e L]
\ 1 1- 1
a=ke[i 000 m=(Lelhey ]Iy

The estimated variance of In(mRR) can be computed by the general form

V(ln(mRR))= BV( § )&
where | H =A4D;; éal.).?éz],.) :AI
ay = Az expA;log A, 1, a, = expA;log A, i and a, = A, 1.

As in Section 3.2 the 100( l-a )% confidence interval for mRR is given by

equation 3.19.

exp{ In(mRR) £ Z, 4,4/ V(In(mRR)) } eq 3.19

One can test the null hypothesis, Hy: In(mRR)=0, by the Wald statistic which is

(In(mRR))?

Q= mﬁR—)) eq 3.20

distributed approximately chi-square with 1 degree of freedom.



333 Adjusted Risk Difference with MH Weights
and 100( 1 - @)% Confidence Interval
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The adjusted risk difference based on MH weights is estimated by equation

3.21

g n n n
—..h___

mRD = k=L

4
E Dpy14Dh24
& Dt

eq 3.21

An estimate for mRD can be computed in a similar manner to mOR or mRR by

the following matrix operations:
mRD = expA, log A3 expA, log A, 1

where A, is the same as for mOR and mRR and

and AI={L®.[LI12®12I14]’}'

The estimated variance of RD can be computed by using the general form

V(RD) = HV( & )B'
where H =D.4A4D;; AaD.zézp;llél

a, = expAogA; expA, log A, 1, a3 = AsexpA;log Ay 4
a, = expAlog A4 and a, = A4

Confidence intervals for mRD are computed in the same way as for RD by

equation 3.22.

mRD +Z,_,/,1/V(mRD)

eq 3.22
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Similarly one can test the null hypothesis, Hy: mRD=0, by a Wald test statistic,
eq (3.23):
_ _mRD? '
Q= V(mRD) eq 3.23
it is distributed approximately Chi-square with 1 degree of freedom.

334 Adjusted Incidence Density Ratio with MH Weights
and 100( 1 - a)% Confidence Interval

The vector n for the adjusted incidence density ratio takes on a slightly
different form than for the other adjusted measures of association. For a particular

stratum the 2x2 table would look like Figure 3.4

Figure 3.4
General 2 x2 Table for the h*® Strata in the i*® Subject in a Density Study

Number of Site

Responses Time
Risk Factor Yes Dy T
No Dhiz Thia
where n,; = number of events in the hth stratum and jth subgroup for
subject i
and Ty; = amount of site time in the hth stratum and jth subgroup for
subject i. '
For each subject define n;* = [ ny;1, Thirs Duizy Thigy oovee Dgi1s Tyir, Dgizy Tgio]’ Where

ny,;; is the number of responses for the h® stratum of the j** level of the risk factor
in the i*® subject and Ty; is the total amount of site specific time for the htk
stratum of the j*® level of the risk factor in the i*® subject. If time were measured

continuously then

lj
Thij = ZThl.lk .
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where Ty, is the amount of exposure time for the k'® site in the j*® subgroup of
the h*® stratum for the i** subject. The vector of estimated population totals is

m
given by 4* = 21.1;‘. The variance-covariance matrix for 4* can be estimated by

i=1

replacing # with 4* in equation 3.14.
The adjusted IDR, (mIDR) is estimated by equation 3.24

g
znthhz/ Ty
mIDR = L?l————— eq 3.24

hz=:l o Thy /Th
where Ty, = Ty, + T} is the total amount of site specific time for the h*® stratum.
The mIDR can be computed by the following matrix operations :
mIDR = expA, log A; expA, log A, &*
where A, , Ajand A, are the same as for mOR and A, = { L, ®[ L |[0101] ]}
The estimated variance for mIDR is calculated the same way as for mOR with the
appropriate matrices be being changed. The estimator for the confidence interval,

and statistic to test the null hypothesis, Ho: In(mIDR) = 0, are similar to mOR

and are given in equations 3.25 and 3.26 respectively.

exp{ In(mIDR) + Z, ,/,1/V(In(mIDR)) } eq 3.25

, _ (In(mIDR))?

X1" = V{In(mIDR)) eq 3.26

335 Stratified Analyses with Precision Based Weights

Stratified analyses with precision based weights are undertaken with
~weighted least squares (WLS) methods which estimate a common measure of
association across strata. In WLS, one is interested in fitting a model of the form

F = Xb where F is a vector of stratum specific measures, X is a design matrix and
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b is the parameter vector of interest. A summary measure of interest b=f can be
estimated when X = 1,. The summary measure is estimated by equation 3.27

?= (lg’YF-llg)-llg’YF-lE eq 3.27

where Vp = HV( 4 )H and H = [ 6F/én].

Homogeneity of the measure of association across strata can be evaluated
by testing the goodness-of-fit, GOF, of the model F = Xb with the Wald Chi-
square statistic ( eq 3.28 ) with g-1 degrees of freedom.

Q= (F-T1)Ve'(E-T1) eq 3.28
If this model is determined to have a reasonable fit, a 100( 1-a )% confidence
interval can be formed by equations 3.29 and 3.30 for ratio and difference

measures respectively
exp{ T £2, q/2/V()} eq 3.29

T+2Z, 4/ V({E) eq 3.30

where V(f) = ( 1,/Vi'l, )"

To perform the stratified analyses using precision based.weights, one needs
F and Vf to estimate each of the measures of association of interest. As for the
methods based on MH weights, f and V(f) are given for the adjusted odds ratio,
adjusted relative risk, adjusted risk difference and the adjusted incidence density

ratio.

For the adjusted odds ratio, the vector of stratum specific log odds ratios,
F, is given by A,logn where A; = [®[ 1 -1 -11]. The variance-covariance matrix
of F is estimated by the general form Vg = H\:’( i )H’ where H = A,D, "' and D,

is a diagonal matrix of cell counts. The adjusted odds ratio and it’s corresponding
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confidence intervals then can be estimated by equations 3.27 and 3.29

respectively.
The stratum specific log relative risks can be estimated by AjlogA,ii where

Ay=Le[1-1-11]and A= L@{I,@[i (1)] } . The variance covariance matrix

for F is estimated by Ve = (A:D A1) V(8 )(A,D}A,)’ where a,= Asf.

To calculate the adjusted risk difference, the vector of stratum specific risk

differences is given by F =Aj; expAjlogA,ii where:

A;=Le[1-1], A=Le{hLa[l-1]}and A= l,a{m[} ‘1’]}.

The variance covariance matrix for F is estimated by
V= (63].).2132]?:61)?( ] )(Asl.).,ézl.);llél)'

where a; = expAjlogA,ii and a,= A,
For the adjusted IDR with precision based weights the calculations for F

and Vp are the same as those for the adjusted OR except i is replaced by @*.

34 Example 1

To illustrate the methods presented in Sections 3.2 and 3.3, an example
from the Piedmont Dental Survey is presented. The investigators were interested
in event rate comparisons for the change in attachment level between baseline and
36 months for those sites that were examined for presence or absence of various
micro-organisms. Two organisms commonly found associated with periodontal
disease are Porphymonas gingivalis and Provetella intermedius. This information was
collected on no more than 4 mesio-buccal sites in the mouth. Also, the

investigators were interested in the association between race and attachment loss.
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Consequently, the response measure of interest, attachment loss > 3mm, and the
presence of the two bacteria were measured at the site level and race was

measured at the person level.

Comparisons of change in attachment level were made for race, presence of
P. gingivalis and P. intermedius. Such comparisons were made by computing the
odds ratio, relative risk and the risk difference with their corresponding confidence
intervals. Variances for the different measures of association were computed by
A assuming either a simple random sample of sites or a simple random sample of
subjects. Stratified measures of association were computed by stratifying on one of
the other explanatory variables. Adjusted measures of association were computed
based on Mantel-Haenszel ( MH ) and precision based weights. Stratification
beyond a single variable was not done because of zero cells. Tests of homogeneity

also are presented. Computations for these analyses were performed using PC-

CARP and SUDAAN.

3.5 Results for Example 1

Results for the MH analyses are presented in Tables 3.1 - 3.9 of Appendix
1. In general, the confidence intervals assuming a SRS of teeth are narrower than
those based on a SRS of subjects sampling design. This was the case for both
stratified and unstratified analyses. For the stratified analyses, identical estimates
are obtained for the adjusted measures of association based on MH weights
regardless of the sampling design; however this is not the case for the precision
based measures. This result stems from the fact that V(a) is different for each of
the sampling designs. In addition to narrower confidence intervals, p-values for
tests of homogeneity of the measures of association across strata tend to be

smaller for the standard MH analyses.

The results from these analyses suggest that only P. gingivalis is associated
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with significant attachment loss at the site level. The crude relative risk suggests
that sites with P. gingivalis present at baseline are at 3 times greater risk of
attachment loss at 36 months than sites not having P. gingivalis present (Table
3.7). When adjusting for race or P. intermedius the increased risk of attachment
loss for those sites with P. gingivalis are at least 2.8 times greater. The tests for
homogeneity did not suggest any significant departures from homogeneity for any
of the measures. Both stratified and unstratified analyses suggest that race and
presence of P. intermedius are not associated with significant attachment loss at 36

months at the site level.

3.6 Example 2

In Example 1, associations between two microorganisms with race and site
specific periodontal destruction were evaluated through the odds ratio, relative
risk and the risk difference. To evaluate associations for tifne to event responses,
the incidence density ratio is the measure of interest. For the PDS, teeth were
evaluated for their presence or absence at baseline, 18 and 36 months.
Consequently, for each tooth present é,t baseline tooth loss is categorized as not at
all, occurring between baseline and 18 months, between 18 and 36 months or lost
to follow-up. For those subjects who became edentulous from 0 to 18 months or 18
to 36 months, each of their teeth was considered lost at the midpoint of the '
interval prior to their follow-up visit. For each tooth present at baseline, the tooth
is designated as lost or not and assigned a certain number of tooth months of
exposure. Table 3.10 summarizes the tooth exposure experience for each tooth

that was present at baseline.
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Table 3.10 - Tooth Specific Time of Exposure

18 months 36 months Exposure Time
in months

Lost to follow-up Lost to follow-up 0

Tooth Lost Tooth Lost 9

Tooth Present Tooth Lost 27

Tooth Present Tooth Present 36

Tooth Present Lost to follow-up 18

Lost to follow-up Tooth Present 36

Lost to follow-up Tooth Lost 18.01

Teeth which had no follow-up information were assigned 0 months of exposure
and excluded from the analysis since there was no knowledge of their tooth status
during either of the follow-up intervals. Teeth not followed at 18 months but
known to have been lost at 36 months were assigned 18.01 months since there was

no knowledge of their status in the first interval.

Associations with respect to the rate of tooth loss were evaluated for race,
tooth type and baseline tooth status separately by the incidence density ratio,
(IDR) and its corresponding 95% confidence interval. Adjusted IDR’s with
confidence intervals were computed based on MH or precision based weights.
Tests of homogeneity to evaluate homogeneity of the IDR’s across strata also were
computed. Results are presented based on an assumption of a SRS of teeth or a
SRS of subjects. For each analysis, race is defined as either black or white, tooth
type as either molar or non-molar and baseline tooth status as sound or not sound.

Computations for these analyses were performed using PC-CARP and SUDAAN.

3.7 Results for Example 2

Results for evaluating the rate of tooth loss with respect to race, tooth type
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or baseline tooth status are given in Tables 3.11 - 3.13 of Appendix 1. The results
suggest that the confidence intervals based on a simple random sample of subjects
are wider than those for a simple random sample of teeth. This is particularly
evident for the patient level variable of race. The results for the stratified analyses
also suggest that confidence intervals for a SRS of subjects sampling design are

wider, especially for race.

The results for the unstratified analyses suggest that teeth from blacks are
lost at a rate 3 times faster than those from whites. Molar teeth and teeth that
are not sound at baseline are lost at only a slightly faster rate than non-molar and

sound teeth respectively.

The results for the adjusted IDRs in Tables 3.14 - 3.16 of Appendix 1 are
similar to those for the unadjusted analyses, however the adjusted IDR’s should
be viewed with caution since the test for homogeneity is significant in each case.
For race, the molar sound stratum in Table 3.14 showed no association between
race and rate of tooth loss; however the relationship was much stronger for the
other strata. For tooth type, sound molars from whites were lost at a much faster
rate than sound non-molar teeth from whites. However, molar teeth were lost at
only a slightly faster rate for the other three strata. When evaluating the
relationship between baseline tooth status and rate of tooth loss, the unadjusted
IDR suggests that teeth which are not souﬁd are more likely to be lost at a faster
rate than sound teeth (Table 3.13). However, for molar teeth from whites, the
relationship was in the opposite direction resulting in the heterogeneity (Table

3.16).

3.8 Discussion

For Examples 1 and 2 confidence intervals based on a simple random

sample of subjects were wider than those for a SRS of teeth. Although the results
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for the hypotheses were unchanged for these examples, the narrower widths for
the SRS of teeth can result in falsely rejecting the null hypotheses in other
examples. Also relationships between site-specific explanatory variables and the
site-specific responses tended to have narrower confidence intervals than
relationships between patient level explanatory variables and site specific
responses. This suggests that a good portion of variance is across subjects and not

within subjects. -

These methods are appealing since they require only basic knowledge of
MH type analyses, Taylor series methods and survey sampling. However, the
stratified methods can result in large matrix computations, so care must be taken

in the number of variables used in the analysis.



CHAPTER IV
CONTINGENCY TABLE METHODS FOR ORDINAL RESPONSE DATA

4.1 Introduction

The methods presented in Chapter 3 focus on cases where both the
response variable and the explanatory variable are dichotomous. In any clinical
study some of the response measures of interest may be measured on more than
two levels. In addition, these responses may be categorized such that there is a
natural ordering to them. For example, attachment loss at 18 months may be
categorized as none, 0 mm, some, 1-2 mm or severe, >3 mm. Consequently, it is
necessary to extend the methods of Chapter 3 to handle ordinal response outcomes
at the site level. For simple random samples, response functions commonly used
to 'analyze ordinal data include the mean score function, rank measures of
association and the cumulative logit response function. For the mean score
function, a score is assigned to each level of the response variable with there being

‘severa.l different methods of scoring to choose from. The rank measures of
association are equivalent to common non-parametric statistics like the Mann-
Whitney statistic. The cumulative logit response function evaluates all possible

logits of the form:

(p(y<u))

log (v > )

where y is the response variable with levels k=1,2....... r and u=1,2 ...... r-1 indexes

the logits.
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For most dental situations the simple random sampling methods are
inadequate since they do not adjust for the correlated structure of observations in
the mouth. The focus of this chapter will be to extend the methodology of
Chapter 3 by using the design-based variance-covariance matrix of the cell counts
or proportions and Taylor Series methods to obtain variance estimates of the
mean score, Mann-Whitney statistic and the cumulative logit response function
which adjust for the intra-subject correlation. These methods will be similar to the
Mantel-Haenszel methods discussed by Koch and Edwards, 1988. In addition,

stratified methods will be considered.

4.2 Methods for the 2xr Case

The methods for this chapter are similar to those for Chapter 3 in that a
contingency table for each individual is of interest. Figure 4.1 gives an illustration
of such a table for the i*® subject.

Figure 4.1 - Example of a 2xr Table for the jth Subject

Response Categories

RJSk yes 011 D19 | eeeesccccnnnanns Oy
Factor no Do 1 TOO I Do,
For each individual let n;={ n;;;, n;19, «e.-e.. s Dizpy Diggy ceceeeees , Do}’ represent the

vector of cell totals for the i*® subject. The vector of sample totals can be obtained

by @ =Egi where m is the sample size. The variance-covariance matrix of @i can
i=1
be estimated by V(i) in equation 4.1.

Vo) = Em(n. n)(n. n)’ eq 4.1
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where @ = #i/m. Given 1 and V(i) one can compute non-linear functions of @i with
their corresponding estimate of variance from Taylor series methods; The
variance-covariance matrix of the function can be given by the general form
HV(2)H' where H =[6F/6n]. Functions of interest for ordinal data include the
cumulative logit response function, row mean score difference statistic, and a

statistic related to the Mann-Whitney statistic.

In some cases it is easier to express these statistics as functions of the
within group proportions rather than the cell counts. If one treats Py as a ratio of

variables Y, and Xj;,

where

Yi;x =  Number of observations in the j*® subgroup with the k*® response for
the i*® subject

X;i. = Number of observations in the j*® subgroup for the i*? subject

then P, is represented in equation 4.2 as a ratio of the two totals across all m

subjects in the sample.

eq 4.2

i=1

Through Taylor series methods one can approximate the variance-covariance

matrix of é = [ P11s P12y oee- y Piry P215 P22y --ee¢ ’ p2r]’ by equa'tion 4.3

Y(E) = Dp{ DXJY:D!-I' Dx-leyl.)y.l' (Dx-leny.l)"" Dy-leDy-l}Dp eq 4.3
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where -x=i£—rvn_:1m(’-‘i - nzl(l’.‘- -X)'
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and D, D, and D, are diagonal matrices of the within group proportions and cell

totals, respecfively.

Given p and \:/(1:)) one can calculate response functions, confidence intervals
and test statistics which are like those based on fi. The variance-covariance matrix
for these functions are calculated in the same way as they are for those based on @

by using the general form EY(I:’)E’ where H=[6F/ ép).

4.2.1 Analysis of 2xr Contingency Tables Based on Cumulative Logits

Contingency table methods based on the evaluation of the cumulative
logits can be undertaken through weighted least squares regression or by a
Mantel-Haenszel based estimator. The weighted least squares methods are for
modeling the cumulative logits by the model F = Xb where F is the r-1 column

vector of cumulative logits, X = 1., , and b = f is the global log odds ratio
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assuming proportional odds. The vector F can be computed by performing the

following matrix operations upon i, F = AjlogA,i, where

A.=Le 7T lfor u=1,2,.....r-1
Vru L
A= [A'1A 129 eeeeeenee rA-'l,r-l]’

A, =L,8(1-1-11]

The variance of F can be computed by the general form H\:/(x_'i)ﬂ' where
. E=Azg,llél _
and a;, = A,i. The global odds ratio, f, is estimated by f=(11, V& L)1, V¢ F.
The proportional odds assumption can be evaluated by assessing the goodness of
fit (GOF) of the model through the Wald statistic in equation 4.4 which is
distributed approximately Chi-square with 1-2 degrees of freedom.

(F - Xb)'V(F - Xb) eq 4.4
If the results for the GOF test support the proportional odds assumption a
corresponding 100(1-a)% confidence interval for the global odds ratio can be

estimated by equation 4.5

exp { f £2, 42/ V() } eq 4.5

where V(f) = ( ‘]."r-lYl;l llr-l )-l .

The analyses based on weighted least squares estimation of the global log
odds ratio is semsitive to departures from the proportional odds assumption.

Consequently, one can use Mantel-Haenszel methods which are less sensitive to
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departures from proportional odds. A Mantel-Haenszel estimator for the global

odds ratio is given by equation 4.6.

r-1 u r
(S L)
gOR _ u=‘l j=1 j=u+l eq 4.6

The MH estimator of the global odds ratio can be computed by performing the
following matrix operations upon #; AJogAsexpAjlogAi where A,=[1 -1],
As=1,0 L, A, = L,®[ o) (1)] and A, is the same as for the WLS methods.
The variance of gOR can be approximated by the general form given in Section
4.2 where B = A AsD, A;D] A1d and 2 = AgexpAsloghsd, a; = expAsloghyd
and a; =Afi. Given In(gOR) and V(In(gOR)), one can compute the 100(1-a)%

confidence interval for gOR by equation 4.7.

exp { In(gOR) £Z, 4/,1/V(In(gOR)) } eq 4.7

To test the hypothesis,Hy: In(gOR) = 0, one can form the Wald statistic given in
equation 4.8 which is distributed approximately Chi-square with one degree of

freedom.
(In(gOR))*

9= Via(zoR) ca 49

4.2.2 Analysis of 2xr Contingency Tables Based on Mean Score Function

In an analysis of mean scores for 2xr tables one is interested in comparing
the mean score of group 1 versus group 2. To perform such an analysis it is easier

to work with the within group proportions rather than the cell counts. The
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difference in the mean scores can be estimated by equation 4.9

T
-f= Ea'kplk - ;%sz eq 4.9

where a; is the score for the k*® response category and py is the within group
probability for the k*® response in the j*! subgroup. There are various types of
scoring methods from which to choose and more details on these methods are
given in Koch and Edwards, 1988. The function in equation 4.9 can be computed

by performing the following matrix operations upon p, A,p, where

A1=[1 '1] ®[ala a2y =y a'r]

The variance of f; — f, can be approximated by the general form given Section 4.2
where H = A,. To test the null hypothesis, Hy: f; —f, = 0, one can perform the
Wald statistic in equation 4.8 which is distributed approximately Chi-square with

1 degree of freedom.

One can reject the null hypothesis if the value of the Wald statistic is greater than

or equal to the critical value for the chosen a level.

423 Analysis of 2xr Contingency Tables Using the
Mann-Whitney Statistic

Analysis of ordinal response data through mean scores assumes the scoring
method is appropriate to the natural ordering of the responses. Non-parametric
‘statistics like the Mann-Whitney statistic do not make any assumptions about
scoring. A test statistic like the Mann-Whitney test can be expressed by equation
4.11.
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r k
w =k21pn {( szn) — 0.5p5 } eq 4.11

=1

where p,, and p, represent the marginal probabilities of the k' response for
group 1 and group 2 respectively. The function W can be computed by performing

the following matrix operations upon p; W = A; expA, logA,p where A; = 1,
A2=[ 1; ® L]a and
L o
A= =
- |: Qr T.ﬁ

The matrix T g is a lower triangular matrix with 1 below the diagonal, 0.5 on the
diagonal and 0 above the diagonal. To compute an estimate for the variance of W
one can use the general form, V(W)= HY(;:))I_I’, that is given in Section 4.2 where
H = AD,A.D Aip, 2, = expAjlogh;p and a, =Ap. Given W and V(W) one
can test the null hypothesis, Hy: W = 0.5, by the Wald statistic in equation 4.12

which is distributed approximately Chi-square with 1 degree of freedom.

(W — 0.5)?

Q= W—— eq 4.12

If Q exceeds the critical value for the chosen o level then one can reject the null

hypothesis that W = 0.5.

43 Methods for the gx2xr Case

The methods in Section 4.2 evaluate simple relationships between the
response variable and a single explanatory variable. As in Chapter 3 evaluation of
such relationships may have limitations due to confounding or effect modification
from other explanatory variables. The methods for this section are similar to those

in Section 4.2 except they are extended to g strata. Stratification may be done by
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using patient level variables, site level variables or both. Stratification on patient
level variables, such as race or gender, will result in distinct group of subjects. On
the other hand stratification on site level variables, such as jaw and tooth type,
will result in multiple strata per person. The data structure for the i*® subject can
be illustrated by Figure 4.2.

Figure 4.2 - Example of a gx2 xr Table for the ith Subject

Response Categories

H=1 Risk yes Dyinp | Dyjag |eeeeeeerceceees Dy

Factor no Dyigr | Dyigg |eeeeereereeneens Dyor

Response Categories

H= R.lsk yeS n2i11 n2i12 ................ nzilr

Factor no nzizl D9j22 [ receerrosssecces Naior

Response Categories

H=g Risk yes Dgiyp | Dgirg |-eeeeeressesees Dgitr
Factor no Dgor | Dgiog |eeereeeersvenns Dgior
For each subject let n; = [n};,0%,........ 0]’ where ny; is the vector of totals for the

h*® stratum within the i** subject. For the stratified case V(@) can be estimated

m
by equation 4.1. Also variances for functions of @i =E!!i can be approximated by

i=1
the general form, HV(2)H’ where H =[6F/6u).

When p is of interest, one can compute pyy by forming the variables Yy

and X,,; where

Yy =  Number of observations with the k*® response in the htP stratum
and j** subgroup for the i** subject
Xp;. =  Number of observations in the h*® stratum and j** subgroup

for the it® subject



80

The within strata by group probabilities, Py, , are represented in equation 4.13 as

a ratio of the two totals across all m subjects in the sample.
=]

Through Taylor series approximation, \:/(é) can be approximated by equation 4.3

where x; = [ X}, Xgeeor X 1> ¥ = [ Yii» Y2 Y |’ and p = [ p}, P2, Pg |-
Approximate estimates for variances of functions of p can be computed by the

general form H\:’(@)E' where H =[6F/ép).

Adjusted measures fqr the cumulative logits, mean score and Mann-
Whitney statistic can be obtained through Mantel-Haenszel or precision based
methods. Mantel-Haenszel estimates are more difficult to obtain and will not be
explored here. Precision based methods are undertaken by WLS estimation where
a common measure is estimated across strata. The measure, b, can be estimated
by equation 4.14

b=(X'VAX) X' VAF eq 4.14
where Vg = H\:/(Z)I_I', % equals p or 1 and F is a gx1 vector of stratum specific
response functions. Homogeneity of the response measures across strata can be
assessed by evaluating the fit of the model F = Xb through the Wald statistic in
equation 4.4 which is distributed approximately Chi-square with g-1 degrees of
freedom. To test the null hypothesis, H,: b=0, one can evaluate the Wald statistic
in equation 4.15 which is distributed approximately Chi-square with 1 degree of

freedom

b? eq 4.15
where V(b) = (X'V#X)™.
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4.3.1 Analysis of hx2xr Contingency Tables Based on Cumulative Logits

For this section methods for stratified analyses for the precision based and
MH estimator of the global odds ratio will be evaluated. When considering the
precision based estimator, two types of homogeneity are of concern. First, the
homogeneity of the cumulative logits across strata must be evaluated. The
homogeneity of the cumulative logits across strata can be assessed by the model
F=Xb where F = [ F{,F4-...... Fg |’ is a g(r-1)x1 vector of stratum specific
cumulative logits, X = 1.®L,, and b is a vector of adjusted cumulative logits.
The vector .E can be formed by performing the following matrix operations upon
8; F =(L;®Aj)log(I;® A))ii where A, and A, are defined in Section 4.2.1. The
matrix, V@#, can be estimated in the same way as in Section 4.2.1 except A, is
replaced by [;® A, and A; by L,® A,;. To test the across stratum homogeneity of
the cumulative logits, the goodness-of-fit of the model ca.ﬁ be evaluated by the
Wald statisti(_: in equation 4.4 which is distributed approximately Chi-square with
(8-1)(r-1) degrees of freedom. If homogeneity of the cumulative logits across strata
is not violated, the proportional odds assumption can be tested by equation 4.16
where C = [ L, , -1,, ] and Q is distributed approximately Chi square with r -2
degrees of freedom. ‘
Q = (Cb)'(CY(R)C)(CD) eq 4.16
If this test is not significant, then the proportional odds assumption is not violated
and a model with a common intercept, X = 1,.,, can be fit to estimate the
adjusted global log odds ratio and it’s corresponding 100(1-a)% confidence

interval.

Alternatively, one can evaluate the proportional odds assumption within
each stratum through the model F=Xb where X = I,®1., and b is a vector of

stratum specific global log odds ratios. To test the proportional odds assumption
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within strata, the goodness-of-fit of the model can be evaluated by the Wald
statistic in equation 4.4 which is distributed approximately Chi-square with gr-2g
degrees of freedom. When the proportional odds assumption within each stratum
is not violated one can assess homogeneity across strata by equation 4.16 where
C=[ L1, -1g1 ] and Q is distributed approximately Chi-square with g-1 degrees of
freedom. When both types of homogeneity assumptions appear to be met, an
adjusted global log odds ratio can be estimated from the model F = Xb where
X=1,. The global log odds ratio, b, can be estimated by equation 4.14. To assess
homogeneity across strata ome can evaluate the fit of the model by the GOF
statistic in equation 4.4 which is distributed approximately Chi-square with gr-g-1
degrees of freedom. A non-significant result would support the fit of the model.
The test statistic in equation 4.15 can be used to test the null hypothesis, Ho:
b20. A significant result would suggest there is an association between the

response variable and explanatory variables when controlling for other covariates.

Another method of evaluating these two types of homogeneity in a more
uniform way is to form a main effects model with r-2 indicator variables for the
cumulative logits and g-1 indicator variables for the strata. A test of the goodness
of fit of this model will evaluate the hypothesis for homogeneity of the non-
proportional odds across strata. This can be done by performing t'he GOF statistic
in equation 4.4 which is distributed approximately Chi-square with (g-1)(r-2)
degrees of freedom. A test of the across strata homogeneity can be performed by
the Wald statistic in equation 4.16 where C = [11,® 0g; | L1 ] is a contrast
matrix and Q is distributed approximately Chi-square with g-1 degrees of
freedom. Test of the within stratum homogeneity can also be undertaken by
equation 4.16 where C = [0 | L3 | 151 ®0,4] and Q is distributed approximately

Chi-square with r-2 degrees of freedom.

For the adjusted MH estimator of the global odds ratio a slightly different
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approach is taken. Let F = Xb represent a model where F is a gx1 vector of
stratum specific global log odds ratio and b is the adjusted MH estimator of the
global log odds ratio. The vector F can be computed by performing the foHowing

matrix operations upon 1;

(Ig® Ag)log(L ® Ag)exp(L; ® Aj)log(I @ A,)d.

The variance covariance matrix of F can be computed in the same way as the
MH estimator in Section 4.2.1 by substituting the appropriate matrices for A,, A,,
A and A,. Homogeneity can be assessed by the GOF test in equation 4.4 which is
distributed approximately Chi-square with g-1 degrees of freedom. The null
hypothesis, Hy: b=0, can be evaluated by the Wald statistic in equation 4.15.

432 Analysis of gx2xr Contingency Tables Based on the
Mean Score Function

Stratified analyses for ordinal response data can be undertaken by
comparing the mean scores of groups 1 and 2 across strata. When the difference
between the groups across strata is homogeneous, an adjusted difference between
the groups can be obtained by WLS estimation. The stratum specific differences
in the mean scores can be modeled by F = Xb where F = [f;,-f;3, £5;-T23,..., fo1-fga]’
are the stratum specific differences, X = 1, and b is the adjusted difference in the
mean scores . The stratum specific differences can be estimated by performing the
following matrix operations upon p; (I, ® A,)p where A, is defined in Section 4.2.2.
The variance-covariance matrix of F is estimated in the same as in Section 4.2.2
by replacing A; with I, ® A;. Homogeneity of the stratum specific differences can
be evaluated by the GOF statistic in equation 4.4 which is distributed
approximately Chi-square with g-1 degrees of freedlom. A test of the null .

hypothesis, Hy: b=0, can be performed by equation 4.15.



433 Analysis of gx2xr Contingency Tables Using the
Mann-Whitney Statistic

For stratified analyses of rank measures of association, the stratum specific
W’s can be modeled by F = Xb where F = [ W,, W,,...,W_ ], X =1 and b is
the adjusted Mann-Whitney statistic. The stratum specific W’s can be estimated

by performing the following matrix operations upon p;

F = (L;®As) exp(L;® Aj)log(L; @ Ay)p

where A,,A,; and A; are defined in Section 4.2.3. The variance-covariance of F can
be estimated in the same way as in Section 4.2.3 where the appropriate matrices
are substituted for A;,A, and A;. Homogeneity of the stratum specific Mann-
Whitney statistics can be assessed by the GOF statistic in equation 4.4 which is
distributed approximately Chi-square with g-1 degrees of freedom. A test of the
null hypothesis, Hy: b=0, can be performed by equation 4.15.

44 Example

The methods given in Sections 4.2 and 4.3 can be illustrated by evaluating
the relationship between race and P. gingivalis with attachment loss at 36 months,
which is defined as 0 mm, 1-2 mm or >3 mm. For this example, race is defined
as black or white and P. gingivalis as present or absent. The bivariate association
of race and P. gingivalis with attachment loss can be evaluated by the methods in
Section 4.2. The analysis of mean scores will be undertaken by using integer
scores. Stratified analyses will be undertaken with the methods in Section 4.3. In
the case of the WLS model for the cumulative logit response function, tests of

homogeneity will be presented based on equations 4.4 and 4.16.
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4.5 Results

Results for the bivariate analyses are presented in Tables 4.1 - 4.2 of
Appendix 2. The results for the bivariate analyses suggest that confidence
intervals for the odds ratio are wider for the SRS of subjects design versus an
assumption of a SRS of teeth. Also, the p-values for the test of equality of the row
mean scores and the Mann-Whitney test are larger for the SRS of subjects design.
The results from Table 4.1 suggest that race is not associated with attachment
loss regardless of which method of analysis is used. This result should be viewed
cautiously since additional explanatory variables have not been adjusted for. The
results in Table 4.2 suggest that P. gingivalis is associated with attachment loss
when considering mean scores or the Mann-Whitney statistic; however this is not
the case for either of the cumulative logit analyses. This result is not surprising
since the test for proportional odds assumption is significant at the a=0.001 level.
The violation of this assumption suggests that use of the cumulative logit response
function may not be appropriate. Consequently, the mean score or the Mann-

Whitney analysis may be better in this situation.

The results for the stratified analyses in Appendix 2, Table 4.3-4.4, are
similar to those for the bivariate analysis with respect to differences between
confidence intervals for the odds ratio and test statistics for the mean score and
the Mann-Whitney statistic. Confidence intervals for the SRS of subjects design

were wider than those for the SRS of teeth and p-values were larger.

The stratified analyses in Table 4.3 suggest, for race by P. gingivalis by
attachment loss, the assumption of within stratum homogeneity of the cumulative
logit is violated; however the across strata homogeneity appears to be supported.
Consequently, a model using separate cumulative logits, use of mean scores or
Mann-Whitney statistic is recommended. The results for the mean score and the

Mann-Whitney statistic suggest that P. gingivalis is associated with attachment
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loss at 36 months when adjusting for race. The assumption of homogeneity for
both the mean score and Mann-Whitney analyses appears to be violated.
Inspection of the stratum specific measures suggest that within blacks there is a
strong relationship between P. gingivalis and attachment loss, however this is not

the case for whites.

The results in Table 4.4 suggest no relationship between race and
attachment loss at 36 months when controlling for P. gingivalis using cumulative
logits. Based on the three different test statistics for homogeneity, there is no
suggestion that either the within strata or between strata homogeneity assumption
is violated. Both the mean score and Mann-Whitney statistic show no association
between race and attachment loss when controlling for P. gingivalis; however the
test for homogeneity suggests that this assumption may be violated. Inspection of
the stratum specific measures suggest there is an association between race and
attachment loss for those teeth with P. gingivalis present but not for those

without P. gingivalis.

4.6 Discussion

The general conclusions that were drawn in Chapter 3 apply to the results
for the example in Chapter 4. The variances for measures of association in this
example tend to be smaller when the sample is assumed to be a simple random
sample of teeth or sites; however this can result in falsely rejecting the null
hypothesis. Also, the methods in this chapter are restricted to dichotomous
explanatory variables and these methods need to be generalized beyond the
dichotomous case. Although extensions to the nominal case is straightforward,
slightly different methodology is needed for the case where both the explanatory

and response variable are ordered.



CHAPTER V
MODELING CONTINUOUS OUTCOMES MEASURED AT THE SITE LEVEL

5.1 Introduction

Continuous outcomes, although not common, are present in dental
research. Given the complex structure of the data in dentistry, one can see that
standard methods for continuous responses like MANOVA and repeated measures
ANOVA are inadequate to handle such data. MANOVA and repeated measures
ANOVA requires each subject to have a complete data vector. In most cases the
analyses of interest will include people with an unequal number of sites as well as
site specific covariates. As previously mentioned, the generalized estimating
equations ( GEE ) approach of Liang and Zeger, 1986 and Zeger and Liang, 1986
or survey linear regression methods of Fuller, 1975 can be applied to clusters of
continuous outcomes in dentistry when site specific covariates are of interest. This
chapter will focus on the application of these methods to such data structures in
dentistry. Examples will be illustrated to compare results of GEE analyses to

survey linear regression using data from the Piedmont Dental Survey ( PDS ).

5.2 Example 1

As was previously mentioned, MANOVA cannot be applied satisfactorily
in most dental situations when missing data are an important issue and site
specific covariates are of interest. For MANOVA, missing data for any component
of a subject’s data will result in the deletion of that subject from the analysis.

Consequently, one must apply alternative methods like survey linear regression or
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GEE when some missing data would lead to the deletion of an entire person’s data
in the use of MANOVA. However, under ideal circumstances MANOVA can be
applied and it is of interest to see how these alternative methods compare to
MANOVA when missing data are not an issue. For this example MANOVA and
survey linear regression will be compared. This example will consider a straight
forward cell mean model where groups will be classified by race, gender, jaw,
tooth type and site on the tooth. Hypothesis tests for main effects and pairwise

interaction will be evaluated for both methods.

52.1 Methods

In this example, the response measure of interest is the change in
attachment level between baseline and 18 months for the Piedmont Dental Study.
This measurement is recorded for the mesio-buccal and the mid-buccal aspect of
each tooth at each visit. It is not possible to consider every 4tooth for every person
since only a few people have all their teeth. Only sites on the first molar and
second premolar for the maxilla and the mandible will be considered for this
analysis. Sites on opposite sides of the mouth will be averaged to give a more
complete dataset resulting in 8 observations per person. The response variable can
be represented by

th

site on

Y..

ijla = Change in attachment level from baseline to 18 months for the

the kP tooth for the jtB jaw in the it} individual for 1=1,2 j=1,2 k=1,2

and i1=1...n.

It may be of interest to model these responses with respect to a person’s

race and sex by equation 5.1.

¥=x g eq5.1
4x8

nx8 nx4
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where Xil = 1 if black male, 0 otherwise
Xip= 1 if black female, 0 otherwise
Xg3= 1 if white male, 0 otherwise
Xyg= 1 if white female, 0 otherwise
and f is a matrix of means for each Yy, in each race by sex category. The means

‘are estimated by equation 5.2.
B=(X%X)'¥'Y eq 5.2
The tests of main effects for race and sex as well as differences between sites,
tooth type and jaw and their interactions can be specified by contrasts with the
following form, (eq 5.3). .
Ho: CAU =0 eq 5.3
where C is a contrast matrix specifying linear combinations of the means across
race and gender groups and U specifies linear combinations of the means across

jaw, tooth type and site categories. Only results from the F tests will be presented

in the results.

For survey linear regression the dimensions of the response measure is
given by an 8nx1 column vector rather than an nx8 matrix. Consequently the
sample is treated as a SRS with replacement of individuals wixere there are 8
observations per subject. The vector of means p is estimated by equation 5.4

i = (XeXe) X' vec(Y) eq 5.4
where Yjjumy is the change in attachment level for the n*Psite on the m*® tooth on
the 1th jaw for the jth person in the jkt11 race by sex subgroup and the design
matrix, Xg = X ®Ig, is represented by a cell mean model for each of the 32 means
of interest. Hypothesis tests equivalent to those for the MANOVA can be specified
by equation 5.5.

Ho: Ceps =0 eq 5.5
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- where Cg = C®U'. Results for these hypotheses will 'be presented only for the
Wald test. Reduced models for both survey regression and MANOVA used

deviations from means coding instead of cell mean coding.

Survey linear regression methods were performed with the Survey Data
Analysis ( SUDAAN ) software developed by Research Triangle Institute. The
subject was treated as the cluster and each observation received a weight of 1.

MANOVA analyses were performed with the Statistical Analysis System ( SAS ).

5.2.2 Results

Tal;le 5.1 in Appendix 3 gives the results for the estimated mean change in
attachment level at 18 months for each of the 32 subgroups of interest for
MANOVA and the survey linear régression. One can see that identical estimates
are obtained by each method. This is not surprising since the methods of
estimation are equivalent. The main differences occur when one compares the
standard errors for the means. In general the standard errors obtained from survey
linear regression compare quite favorably with those from the MANOVA. In most
cases the standard errors from survey linear regression are within 3 one-
hundredths of a decimal point when compared to those from the MANOVA.
Larger differences do appear for buccal, molar and premolar sites on the maxilla
and the buccal premolar sites on.the mandible in black males as well as buccal
premolar sites on the maxilla in black females. These larger differences may be

due to smaller sample sizes in the black group.

Given that similar results are obtained for the means and standard errors,
results for the hypothesis tests also should be comparable. The results in Table 5.2
in Appendix 3.2 show that for this example the p-values for survey linear
regression are larger than those for the MANOVA, but only slightly. One reason

for this is that MANOVA estimates the covariance structure for sites on the
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same individual assuming homogeneous variance ( eq 5.6 ) across the race by sex
subgroups, however survey linear regression does not assume homogeneous
variances ( eq 5.7 ) across the subgroups and the covariance structure is based on
the deviation of cluster totals minus the mean of cluster totals. Consequently

survey linear regression makes a less stringent assumption.

Vi 9 0 0
) 0 V/a, 0 0
V(vec(h)) = " eq 5.6
0 ) Y/na 0
0 o 0 V/,
. 4. DMy — —
Y=§__,: Zl (Yhi'Yh)( Ym'Yh)' /n-4
Yl/lh 0 0 0

oy, _ _
3 (Yu- Y )(Yui- V)
Vu=1=L ) and h=1,2,3,4 and i= 1...ny and

— ]
Yhi - { Yhinn Yhiuz, -------- ) Yhi222 }

The results for the analyses suggest a strong site effect with buccal sites
showing a much greater change in attachment compared to mesial sites. Also,

both analyses suggest a strong gender by site interaction. This interaction was not
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confirmed in the main dataset as discussed in a later Section 5.3.2 so its
interpretation should be viewed cautiously. Borderline significance is suggested for

the sex effect and the race by jaw interaction.

The results for the cell mean model suggest that there is no race by gender
interaction. Consequently, reduced models removing the race by gender
interaction and other interactions involving race and gender were fit with effect
coding for the race and gender main effects in the MANOVA and main effects for
site specific variables and their interactions for survey linear regression. Results of
the reduced models are given in Table 5.3 of Appendix 3. These reduced models
suggest no significant difference between the first molar and second premolar
teeth. Also, results from this model suggest significant interactions of race with

jaw and gender with site.

P-values for the test statistics for MANOVA and sufvey regression give
similar results for the reduced models; however these models are not estimating
the same pararﬁeters as in the cell mean model. For example the intercept term
for survey linear regression represents the overall mean across all data points. On
the other hand, for the MANOVA, the overall mean is estimated for each of the

jaw by tooth by site subgroup.

Based on the results for the hypothesis tests from the cell mean model, a
final reduced model was fit using survey linear regression and effect coding. This
is not possible for the MANOVA since site specific covariates cannot be
incorporated in the MANOVA model. The results for the final model are given in
Table 5.4 of Appendix 3. These results suggest no tooth effect and significant
interactions between race and jaw, gender and site and race by gender by site.
Interactions for race by sex and race by site were not significant, however they
were retained in the model since they were lower order terms of the race by

gender by site interaction. Also, the tooth effect was retained since it was a
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variable of interest.

53 Example 2

The response measure of interest for Example 2 is the change in
attachment level between baseline and 18 months for each site. This is the same
response measure as in Example 1. Analyses for Example 2 included only molar
sites. In addition to race, sex, jaw, type of molar and site, baseline attachment
level was added to the models as a covariate. For this example analyses using the
person as a cluster and the tooth as a cluster of observations will be considered.
For each analysis the observational unit, the site, will receive an equal weight of
one. Consequently each site in the sample will represent one site in the
population. Analyses will be performgd using both survey linear regreséion and

GEE.

53.1 Methods

A simple model of interest for molar sites could include the patient level
variables, race and sex, and site level variables, jaw, either maxilla or mandible,
type of site, type of molar and baseline attachment level. This model is given by

equation 5.1

Yij = By + 81X + BoXy + B3X3 +84Xy4 + BsXs + BgXg + BrX4 eq 5.1
where Yij = Change in attachment level between baseline and 18 months for
the jth site in the itD individual

By = intercept

By = increment due to blacks

By = increment due to males

By = increment due to maxillary sites

ﬁ4 = increment due to buccal sites

By = slope for baseline attachment level

ﬂ6 = increment due to first molar

By = increment due to second molar.
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Initially, a model with main effects and pairwise interactions was fit to
evaluate the presence of any interactions. This model was fit assuming a simple
random sample of sites using the SAS PROC REG procedure. Pairwise
interactions were tested individually and combined through a series of F-tests to
see if they should be retained in the model. Evaluation of this model resulted in
the detection of a site by baseline attachment interaction and a first molar by
baseline attachment level interaction. Other pairwise interactions were not

significant at the «=0.05 level when assuming the data came from a simple
random sample. This approach to model reduction is appropriate since variances
for parameter estimates assuming SRS will be anti-conservative. Consequently,
any test of a parameter under a SRS assumption that is not significant usually

will not be significant under an assumption of a cluster design.

This reduced model was evaluated by both survey linear regression and
GEE methods. For both the survey linear regression models and the GEE models
the clustered structure was assumed to be at the person level or the tooth level.
For the GEE models the identity link was used and the mean and variance were
chosen to be independent of one another. Also, for the GEE model, both an
independent working correlation structure and an exchangeable working
correlation structure were used in the example. For exchangeability one assumes
that the correlation between sites in the same individual are equal. The survey
linear regression analyses computations were performed in SUDAAN. The GEE
analyses were performed in PROC IML with a SAS macro provided by Reaul

Kazim and Scott Zeger from Johns Hopkins University.

5.3.2 Results

For each of the analyses significant main effects for race, sex, and jaw type

were detected. The results in Table 5.5 of Appendix 3 suggest that sites within
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black individuals have a 0.27 mm greater increment in attachment level between
baseline and 18 months compared to whites. Also sites within males have a 0.21
mm greater increment in attachment level at 18 months when compared to
females. With respect to site level variables, maxillary sites have a 0.12 mm
greater increment in attachment level when compared to mandibular sites. To
interpret the interaction between baseline attachment level and site and baseline
attachment level and the first molar, one must break each interaction into its
different components. Looking at mesio-buccal and mid-buccal sites separately,
the slope for baseline attachment level for mesio-buccal sites is -0.231 suggesting
that sites with larger baseline attachment level have less change in attachment
over 18 months. For mid-buccal sites the slope is greater, -0.471, suggesting that
for a 1 mm increase in baseline attachment level there is about a 0.5 mm decrease
in attachment loss at 18 months. The interaction between baseline attachment
level and first molar suggests that the linear relationship between change in
attachment level and baseline attachment level is different between the first molar
and third molar. For the third molar the slope for baseline level is -0.231, however
for first molar, the slope is 0.086, suggesting a slight increase in change in

attachment level for each unit increase in baseline attachment level.

The results from Table 5.5 of Appendix 3 suggest that identical parameter
estimates are obtained between survey linear regression and the GEE model
utilizing an independent working correlation matrix. This is due to the fact that
survey regression assuming a sampling design of a SRS with replacement of PSU’s
and GEE with an independent working correlation matrix are solving the same
equations. The variances for these estimates are the same as well since the
computations are similar. The GEE model using an exchangeable working
correlation structure are slightly different from survey linear regression. For each

estimate, the absolute magnitude of the parameter estimate has increased and the
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variances of those estimates are the same to the second decimal place. The
parameter estimates differ since the working correlation matrix is involved in the
estimation of the parameters. Using a more structured correlation matrix that is
closer to the true correlation structure should result in a reduction in the standard
error of the parameter estimates. However, for this example, very little reduction

in variance is achieved by using the exchangeable working correlation matrix.

Also of interest is the difference in results when one assumes the person is
the cluster versus tooth as the cluster. From Table 5.5 in Appendix 3.3, the
parameter estimates for survey linear regression are the same regardless whether
the person or the tooth is the cluster of interest. Since the survey linear regression
is equivalent to GEE under an independent working correlation matrix and the
correlation matrix is an identity matrix in both cases, this result is not surprising.
Comparing results of the models with exchangeability, the parameters estimates
do change when one assumes clusters to be teeth rather than individuals. This
results from the fact that one is using a different correlation matrix in the
estimation process. These different correlations result from correlatioﬁ between
sites on the same individual and sites on the same teeth within the same person.
The estimated correlation between sites within the same subject is p=0.25 while
for sites within the same teeth within the same subject, p=0.44. Consequently
sites within the same teeth within the same subject are more highly correlated
than sites within people for this example. Ideally one might want to use a
modified exchangeable correlation structure where sites within teeth are equally

correlated and teeth within people have the same correlation.

The main difference between applying people as the PSU versus teeth as
the PSU is in the estimation of the standard errors of the parameters. These
differences are illustrated by the design effects in Table 5.6 of Appendix 3. When

comparing the variances of estimates from survey regression assuming the person
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is the cluster versus simple random sampling of sites, the variances for the
parameter estimates are 1.5 to 3.0 times greater when assuming a simple random
sample of individuals. When assuming a SRS of teeth all the design effects are
greater than 1 except for the indicator variable for buccal sites. When comparing
the estimates of a SRS of people to a SRS of teeth, the estimated design effects for
site level variables are all near 1. However for race and sex, the variances are
twice as great for the SRS with replacement of subjects.

5.4 Discussion

The results from Example 1 suggest that survey linear regression compares
quite favorably to MANOVA when missing data are not an issue and site specific
covariates are not of interest. However, for dental data, missing data always are a
consideration since people have varying numbers of teeth, in particular the
elderly. Also site specific covariates are of interest. MANOVA is not capable of

incorporating baseline attachment level into the analysis like in Example 2.

Example 2 features some important aspecfs of GEE and survey linear
regression. Under an independent working correlation matrix, GEE and survey
linear regression are equivalent. In addition, the gains in precision assuming an
exchangeable working correlation matrix were minimal for this example when
compared to survey linear regression. Some minor gains in precision may still be
gained if a more structured cbrrelation ‘matrix were proposed for the GEE
analyses. Such a correlation structure may assume a higher correlation between
sites on the same teeth and a lower correlation between sites on different teeth.
However with the large sample sizes available in most dental epidemiological
studies such gains in efficiency may not be worth the more difficult computations

in the GEE analyses.

Another important issue is whether to choose the person or the tooth as

the cluster for analysis. For the same reasons that it is not appropriate to assume
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a SRS of sites, it would not be appropriate to assume a SRS of teeth since teeth
within the same individual are correlated. Consequently, such an assumption
could underestimate the variance of the parameters in the model, possibly leading

to incorrect inferences for Example 2.



CHAPTER VI
MODELING DICHOTOMOUS OUTCOME MEASURES
AT THE SITE LEVEL

6.1 Introduction

Dichotomous responses are the most common type of response variables in
dentistry. Such variables are usually defined by presence or absence of disease at
either the person or site level. At the person level, disease may be defined as
presence or absence of periodontal disease, dentate or edentulous, presence or
absence of coronal caries as well as other variables. At the site or tooth level
variables may be defined as tooth, present or missing, presence or absence of
periodontal disease at a particular site or presence or absence of caries at a
particular tooth. Explanatory variables also may be measured at the person or site
level. For example, worst attachment level at baseline and presence or absence of

bacteria at a particular site are site specific explanatory variables.

As was mentioned in Chapter 5, the data structures found in dental
research lend themselves to a great deal of missing data within each person.
Consequently, the methods of Koch et. al., 1977, which are like MANOVA for
categorical outcomes would not be applicable. Such methods would require a
complete data vector for each subject. GEE methods of Liang and Zeger, 1986 and
Zeger and Liang, 1986 and survey regression methods for categorical outcomes can
handle subjects with incomplete data vectors. Survey regression methods would
involve weighted least squares methods using the design-based covariance matrix

Koch, 1975 or survey logistic regression, Binder 1983. This chapter will focus on
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the application of these methods to the clustered data structures in dentistry.
Examples using data from the PDS on tooth loss at 18 months as the response
variable will be used to illustrate these methods. In Example 1, survey regression
methods will be compared to those of Koch et. al., 1977, when missing data are
not an issue. For Example 2, GEE and survey regression methods will be

compared using the full data structure of the PDS.

6.2 Example 1

For this example the response variable of interest is tooth loss at 18
months. In order to compare methods of Koch et. al., 1977, with survey regression
methods, it is necessary to have a complete data vector for each individual.
Consequently, only the first molar and second pre-molar were chosen for this
example. Tooth loss was defined as having tooth loss on either side of the mouth.
If the same tooth was present on both sides of the mouth then the tooth was

defined as present.

The covariates of interest are race, sex, jaw and tooth type. For this
example tooth loss was modeled as a function of race, sex, jaw and tooth type for

the marginal proportion, logit response functions and survey logistic regression.

6.2.1 Methods

The methods used for the analysis of this example involved performing
weighted least squares analyses through PROC CATMOD or IML in the SAS
system and survey logistic regression in SUDAAN. The response variable of
interest is defined as:

Yiam = 1 if the m'™ tooth on the 1 jaw for the i*® individual in the jk*

race by sex subgroup is lost at 18 months.

0 Otherwise.
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It is of interest to model the proportion of teeth that have been lost in each race
by sex by jaw by tooth subgroup with the following model:

P=Xb eq 6.1
where X is an identity matrix with dimensions equal to the number of subgroups
of interest, P is the proportion of the teeth lost between baseline and 18 months
for each of the subgroups and b is a vector of parameters of interest. The

parameters b can be estimated by equation 6.2

b= XV, X)XV, P eq. 6.2
1 &2
where Voo =77 2 2 (T - P ) Y. - P )|
n.lk =1 k=1

Vonu 0 0 0
v, = 0 Vi 0 0
0 0 Vo 0

0 0 0 Vin

Yik.. = [ Vg1 > Yigiaz » Yigkan » Yikea )

and Pix.= ) Y. /1.
i=1

Using the cell mean model, tests of main effects and interactions were evaluated
to formulate a final reduced model. These hypothesis tests take the form Hy:
Cb= 0. Under H,, the test statistic is given by equation 6.3

Qc = 'C(CY,C)'Ch eq 6.3
where Vy, = ( X'V, X ), b is a vector of parameter estimates and C is a full rank

contrast matrix, has a chi-square distribution with degrees of freedom equal to the
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rank of C. Predicted values were estimated from the reduced model by I:’ =Xb
with the variance-covariance matrix of the following form:
V; = X,VuX. eq 6.4
Analyses also were performed on the logit response function, F = log(p/1-p). The
response function can be modeled by F = Xb where X is an identity matrix and F
is the logit for the jklm** subgroup. Since the logit is a non:linear estimator, V; is
approximated by Taylor series methods through the following form:
Y= l-)-lp(l-v) Yo D.lp(l-p)

The logit for each of the subgroups was estimated in the same manner as for the

eq 6.5

marginal proportions by equation 6.2. Hypothesis tests for the logits are performed
using equation 6.3. Model reduction and predicted values are obtained using the

same methods as those for the marginal proportion response function.

For survey regression, ratio estimation was used to find a suitable model
for the proportion of sites with tooth loss. The ratio for each subgroup of interest
is formed by equation 6.6

> Yigm

i=1

R.jklm =& . °X eq 6.6
Exijklm
=
where Xjum,=1 for all observations in data set. For this example R, is
equivalent to the proportion of tooth loss for the jklm®® subgroup. The general

form of the variance-covariance matrix for a vector ratios is given by

YR = DR{ Dy-leDy-l - Dy-leny.l - (l.)y-leny.l)' Dx-IYxDx-l } DR €q 6.7
n
d(%-TN%-T)

where Vv, = &=l

=y n(n-1)
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n

S (%-F)(H-F)
= 1=
Vs n(n-1)
. = = \/
Z;(lsi-; (y-7)
V,, = =
aiad n(n-1)
2.9 = [ Xi11112 Xi1112) coeveeeovens ’ xi2222],
Yi= [ Yir111r Yirna2y ceeecececeens ’ Yizz'n]'

(|

=¥x5/n, y:izi/n

i=1

and Dy and Dy are diagonal matrices with

n n
> Xijuim 20d ) Vijuim
1= 1=
on the diagonals respectively. For this situation V, andV,, are equal to 0 so

equation simplifies to

Vr =D,1V,D,

where Dy, is a diagonal matrix with the number of subjects on the diagonal.

The proportions or ratios may be modeled by equation 6.1 using weighted
least squares methods of Grizzle, Starmer and Koch, 1969. The survey regression
approach substitutes the design-based covariance matrix of R for V. For these

analyses, the sample is treated as a SRS with replacement of individuals.

The vector of parameters, b, for the model F = Xb is estimated in the
same manner as equation 6.2. Computations for hypothesis tests and predicted

values can be generated by equations 6.4 and 6.5, respectively. The analyses for



104

the logit also are performed using the same WLS methods as for the marginal

proportion.

For the final reduced model, survey logistic regression analyses also were
performed. A reference cell model with all possible interactions was fit to the data
and if no interactions were present then main effects were evaluated for their

presence in the model. Methodology for logistic regression is given in Chapter 2.

6.2.2 Results

For this example, the results for the WLS analyses using the survey
regression approach gives similar results to those of the repeated measures
methods of Koch et. al., 1977. Tables 6.1 and 6.2 of Appendix 4 give the results
for the cell mean model and the corresponding hypothesis tests respectively. For
both the marginal proportion and logit response functions the MANOVA analyses
and the ratio mean survey regression give identical parameter estimates. This is
true because of the form of equation 6.2. The standard errors for the cell means
are almost equivalent for both methods, differing by no more than .0015. This
result is not surprising since for the cell mean model the variance-covariance
matrix for R in equation 6.7 simplifies to a block diagonal matrix with blocks of

the following form:

1 2 g )
Vou = 5o D) . - e eq 6.8
Yrp njk(njk‘l) JZ_:, ;( Yik. - Pjk. )14 Yik.. - Pik. ) q

This matrix is equivalent to the one in equation 6.2 except the denominator is
ny(n;,-1) instead of n; 2.
The estimates of the cell mean and standard errors suggest that similar

results should be obtained for the hypothesis tests as well. The results for these

tests suggests that there are no interactions and there are significant effects for
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race and tooth type. Consequently, a model with only these effects was fit for
both the marginal proportion, the logit and survey logistic regression where the

design matrix is given by

1111111111111 111
X=(111 1111100 00 0 O 0O
1 010101 0101010 10

The parameter vector b is represented by by, intercept for premolars of whites, b,
effect for blacks and b,, the effect for molars. Table 6.3 of Appendix 4 gives the
results for the goodness-of-fit (GOF) for the reduced model as well as the
parameter estimates for the model of the marginal proportions, the logit response

function and survey logistic regression.

The results for the reduced model for each of the five analysis strategies
suggest that the GOF test for the reduced models is reasonable when compared to
the full model. The parameter estimates for the reduced model are equivalent
when comparing the CATMOD and ratio estimation methods for the marginal
proportion and the logit response function. As for the observed response function
the estimated predicted responses in Table 6.4 of Appendix 4 are equivalent for
the CATMOD and ratio estimation analyses. Survey logistic regression gives
similar results for predicted values and their standard errors when compared to

the CATMOD logit analyses and survey logit analyses through WLS.

The results for each of the analyses support the reduced model fit in Table
6.3 of Appendix 4. The results for the marginal proportions suggest that teeth
from blacks have a 10% greater chance of being lost at 18 months than teeth for
whites. Also, molars have a 21% greater chance of being lost at 18 months when

compared to pre-molars. For the logit analyses teeth from blacks have 1.6 times
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higher odds for being lost at 18 months than teeth from whites and molar teeth

have 2.8 times higher odds than pre-molar teeth for being lost at 18 months.

6.3 Example 2

In Example 1 it was necessary to find complete data vectors for each
individual in order to compare ratio estimation methods to those of Koch, et. al.,
1977. Example 2 is a further extension of Example 1, except teeth on the left and
right sides of the mouth are considered separately. Consequently, an individual
may have from 1 to 8 observations when considering second pre-molar and first
molar teeth. Also each tooth will receive an equal weight of 1 and the subject is

the cluster of interest. Tooth loss is defined in the same manner as in Example 1.

One draw back of the ratio estimation and WLS repeated measures
methods is the difficulty of incorporating continuous explanatory variables in the
analysis. This issue is not a concern for survey logistic regression or Generalized
Estimating Equations ( GEE ). For this example, worst attachment level will be
considered along with race, sex, jaw and type of tooth as explanatory variables. At
baseline each tooth is evaluated for the amount of attachment at the mid-bucccal
and mesio-buccal sites. The worst attachment level or the largest of these two
measures was chosen as the value of the continuous explanatory variable. For this
example tooth loss will be modeled by implementing survey logistic regression and
GEE methodology and their results will be compared to standard logistic

regression.

6.3.1 Methods

Survey logistic regression and GEE methods will be used to model tooth .'
loss while treating each subject as a cluster of teeth. The model of interest for

both methods is given by
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pr{Yy=1 %58} =(1+exp(-x58))" =py(B) eq 6.9
where
X1 1 if tooth is in sample
0 otherwise
Xii2 1 if black
0 if white
X3 1 if male
0 if female
Xij4 1 if mandible
0 if maxilla
Xij5 1 if tooth is molar
0  if tooth is pre-molar
Xii6 worst attachment at baseline
and
Y; 1 if the jth tooth in the ith subject is lost at
18 months
0  Otherwise.

Pairwise interactions were evaluated through PROC LOGISTIC in SAS to see if

any interactions should be included in the model. Interactions which had p-values,

p<.10 were retained in the models. Once a final set of variables was chosen,

analyses were performed in SUDAAN for survey logistic regression treating each

individual as a PSU and having an equal weight of one. The GEE analyses also

treated the subject as the cluster with either an independent working correlation

matrix or an exchangeable working correlation matrix. The survey regression

analyses were performed in SUDAAN provided by the Research Triangle Institute

and the GEE analyses were performed in PROC IML with a SAS macro provided

by Reaul Kazim and Scott Zeger from Johns Hopkins University.
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6.3.2 Results

From the model building procedure outlined in Section 6.3.1 a model with
race, sex, jaw, tooth type, worst attachment level and a race by tooth type
interaction was chosen. The results in Table 6.5 of Appendix 4 suggest that
identical parameter estimates are obtained for standard logistic regression, survey
logistic regression and GEE with an independent correlation structure. However,
parameter estimates were different for the GEE analyses with an exchangeable
working correlation matrix, especially for estimates of jaw and the race by tooth

interaction.

When comparing standard errors, estimates increased for patient level
variables when controlling for the clustering but stayed the same or decreased for
site specific variables. This is illustrated by the design effects in Table 6.6 of
Appendix 4. Some aﬂditiona.l improvement in precision was gained when the GEE

analyses were implemented with an exchangeable working correlation matrix.

The models for this analysis suggest a significant effect for worst
attachment level and a significant race by molar interaction. There were no
significant effects for sex and jaw explanatory variables. Teeth with 1 mm of
attachment have .1.35 times higher odds of having been lost than those with 0 mm
of attachment. For blacks, the odds of tooth loss for molars is 3 times lower than
pre-molars. For whites however, molars have twice the odds for loss at 18 months.
Such an interaction is not expected, and may be due to the small number of

events for whites.

6.4 Discussion

This section gives an illustrated view of statistical procedures for site

specific dichotomous outcomes in dentistry. Although the methods of Koch et. al.
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1977 are not practical for most dental situations they can be used when complete
data vectors are available for each individual. The survey ratio mean regression
compares favorably with the methods of Koch et. al. 1977 for the data in Example
1 and in the case of a cell mean model, these methods are asymptotically

equivalent for large n with respect to the variance of the estimates, P.

When continuous explanatory variables are of interest it is necessary to use
survey logistic regression or GEE with the logit link and V(y;) = py(1-p;). For
GEE, one also has the option of choosing a working correlation matrix. Typically
when controlling for the clustered nature of the data, the estimated variance of
the pa.ramefer increases; however, for Example 2, this was not the case for the site
spg\ciﬁc variables. This may be due to a moderately strong intraclass correlation

coefficient. From the GEE analyses with an exchangeable working correlation

matrix the estimated correlation was 0.42.

Another interesting finding from Example 2 is that the parameter
estimates from the GEE analyses can change considerably when different working
correlation matrices are chosen. This could be due to the lack of fit of the model

for unseen interactions.



CHAPTER VII
MODELING POLYTOMOUS OUTCOME MEASURES AT THE SITE LEVEL

7.1 Introduction

The previous two chapters discussed strategies for modeling continuous and
dichotomous site specific outcomes. This chapter will focus on strategies for
modeling multicategory outcomes at the site or tooth level. Multicategory
outcomes fall into either, ordinal, nominal or multiple dichotomies. Ordinal
outcomes are multicategory responses which are ordered. For example, a variable
defined as none, mild, moderate or severe disease would be considered ordinal.
An example of a nominal response variable would be whether a sound surface at
baseline was s;)und, decayed, filled, or missing at 36 months in the Piedmont
Dental Study. An example of multiple dichotomies would be whether a site had
pocketing and/or gingival recession. These dichotomies can be analyzed separately
or simultaneously in one model. Although the statistical methodology and/or
statistical software have not been developed for these types of outcomes, strategies
can be implemented to handle ordinal and nominal responses for the clustered
data structures in dentistry.

These strategies utilize the methodology for survey logistic regression and
multicategory logistic regression models, described by Binder 1983 and Imrey et.
al., 1981, 1982, and either survey software, like SUDAAN, or standard software,
like SAS, to analyze multicategory outcomes. These methods are practical to
implement and can be used in any setting where clustered data are to be

analyzed. The following sections will present methodology for the analysis of
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ordinal, multiple dichotomies and multicategory nominal responses respectively,
in the presence of both patient and site level explanatory variables. An example

will be given to illustrate the methods for an ordinal outcome variable.

7.2 Methods for Ordinal and Multiple Dichotomous Responses

The methodology for clustered multicategory responses can be presented in
much the same way as it was for survey logistic regression in Chapter 6 except

with a few extensions. Let the response variable y;;, be defined as follows:

¥ix =1 if y;; corresponds to the response of interest

= (0 otherwise

where k=1.....m, 0<m<r indices the logits of interest and y;; is the value of the
response variable for the j*® site in the i*® subject which can take the values
1,2,.....1. Consequently, a mx1 vector of dichotomous responses is created for
each observation corresponding to each dichotomy of interest. Given yj; the

model can be defined as:

a
-1
B
Pf{ Vi =1 | [Zig | K | Wﬂ][“élé]'}={l+exl’ [ 1] Zan | Ko | Winc ] ;
| i
where Zx is an 1 x(m-1) vector of indicator variables for the kB logit
Xix = X where Xj; is the row vector of p

predictors for the jth unit in the
jth subject or PSU
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and [a, B, T 8 = w represents the vector of parameters for the model. The
parameter o represents the overall intercept term, g is the vector of parameters
for the m-1 indicator variables of the m logits of interest. The vector 7 represents
the parameter vector for the p predictors. Lastly, § represents the parameter
vector of all possible cross-products of the Z’s and X’s. Estimation of these
parameters can be implemented by the theory presented by Binder in 1983, and
carried out by statistical software used for survey data like SUDAAN. A test of
the hypothesis, Hy: § =0, is equivalent to an equal slopes hypothesis, and can be
tested by using the Wald Statistic in (7.1) -

Q=(C&)(CL@CY (Ce) (7.1)

where C=[ 0 | L]

p(m-1) X (p+m)
V(w) is obtained as in Binder 1983 and Q is distributed approximately Chi-square
with p(m-1) degrees of freedom. If this test is not significant at the chosen
significance level, then the assumption of equal slopes is not violated. The model
can then be reduced to a model with just «a, E and % These remaining

parameters can be interpreted in the same way as they are for the logistic model.

7.3 Example

To illustrate the methods in Section 7.2 for an ordinal outcome, a simple
model to explain the variation in attachment loss for buccal sites at 18 months
with respect to race, tooth type, and jaw is explored. The response variables for

attachment loss are defined as follows:

Yin = 1 if attachment loss >3 mm
0 otherwise
Yz = 1 if attachment loss >1 mm

0 otherwise

The explanatory variables can be defined as:
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0 otherwise

0 otherwise
Xize = 1 if molar

0 otherwise
Xz = 1 if premolar

0 otherwise
Xim = 1 if mandible

0 otherwise

There were no significant interactions between the X terms in the model,
consequently none were included. As a first step, cross-products of Z with X;, X,
X; and X, were formed to test the proportional odds assumption. A non-
significant result would suggest that the proportional odds assumption is valid.
Results for this example are given in section 7.4 and compared to three alternative
methods. The second method implements a standard proportional odds model
assuming a simple random sample. Method 3 uses the same methodology as
Method 1 assuming a simple random sample. Method 4 uses a GEE approach with
a logit link, binomial variance function and an exchangeable working correlation

matrix using the subject as the cluster.

74 Results

Results for this example are given in Table 7.1 of Appendix 5. Analyses
were performed for each of the four methods described in Section 7.3. The analysis
using Method 2 was performed in SAS using PROC LOGISTIC and analyses using
Methods 1 and 3 were performed in SUDAAN. Analyses using Method 4 were
implemented with a SAS macro provided by Reaul Kazim from Johns Hopkins
University. The first step of the analysis was to check the validity of the

proportional odds assumption. Each of the analyses suggest that the proportional
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odds assumption was not violated, however the p-value for Method 1 was larger
than the one given for the other analyses. The estimates for the model parameters
are similar for the four methods as well as their standard errors. Estimates of the
standard errors based on Methods 2-4 were smaller than those for Method 1. This

result is consistent with those found in other chapters.

Each of the variables in the model show a significant relationship with
attachment loss on mid-buccal sites for both analyses. Using results from Method
1, teeth from black subjects showed a 1.44 times greater odds of attachment loss
than teeth from white subjects. Molar teeth showed a 1.65 times greater odds of
attachment loss than anterior teeth and pre-molar teeth a 1.43 times greater odds,
however there were no significant differences between molars and pre-molars. For
jaw, the teeth on the maxilla showed a 1.21 times greater odds of attachment loss

when compared to mandibular teeth.

7.5 Alternative Strategies for Multicategory Outcomes

In the multiple response outcome situation, it may be of interest to look at
each of the disease outcomes versus no disease. Consequently, if there are r
possible outcomes, then there would be r-1 logits of interest. A simple model that

compares the k*® response to the r** can be expressed by

o 7} ) = 56
where x is a vector of explanatory variables with xo=1 and 7, and =, are the
probabilities of having the k** or r*! response respectively. Methods presented by
Imrey et. al., 1981, 1982 and Binder, 1983 gave a framework for analyzing such
models for data from large stratified multi-stage cluster samples through
maximum likelihood. This methodology can be used for the clustered data

structures in dentistry. The probability that a particular observation has response

k can be represented by
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o= exp(xhs)
Ky Y exp(xBy)

k=1

Estimates for B, can be obtained through maximum likelihood methods assuming
a product multinomial distribution. The variance-covariance matrix for

p=(B4.-BL)' by the general form in equation 7.2, Binder, 1983,

V(8) = I'(8) T(8) I'(8) eq 7.2

where J?(g) is the inverse of the Fisher information matrix and Y (B) is a
consistent estimate of a total based upon the residuals. The residuals for the log-

linear model can be represented by equation 7.3,

eq 7.3

exp(x;;B) }

g.. = ;{i @{ y.. - F -
f"”a R l;exp(;gﬁgk)

where yj; is a rx1 vector of indicators variables for the r responses for the j*® site
in the i*! subject and x; is a row vector of explanatory variables for the jt* site in
the i*? subject. An estimator for 3 (8) is given by

2.n(3; - 3)(5; - )

2@) = ; n-1

™

Il
b

where z; = zl:gij andZ = ) z /n.

=1 i

For simple random samples, log-linear models can be undertaken with
PROC CATMOD in SAS. For stratified multi-stage cluster samples, Bull and
Pederson, 1989, devised a strategy where a design-based estimate of variance
could be obtained from PROC CATMOD and PROC IML in SAS. In step 1
parameter estimates and J?(B) are computed in PROC CATMOD through

maximum likelihood estimation. In step 2 calculation of z; for the j* site in the
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i*® subject is computed in PROC IML. In step 3, the %;'s are summed within each
subject by PROC MEANS. In step 4, 3>(8) can be computed by outputting the
sums of squares of cross-products matrix from PROC CORR. Also, Steps 3 and 4
can be implemented by outputting the variance-covariance matrix of the z’s from
a survey software package like SUDAAN or PCCARP. Lastly, \:’(/:9) can be
computed in PROC IML using equation 7.2.

7.6 Discussion

The methods in this chapter cover a variety of strategies for handling
multicategofy outcomes at the site or tooth level. These adhoc methods are simple
to implement; however they estimate the cumulative logits marginally in the
same model. The proportional odds model estimates the cumulative logits jointly,
however these methods only exist for simple random samples. The parameter
estimates for Methods 1 and 3 differ from those of Method 2. This is due to the
fact that different equations are being solved for Method 2. A brief summary of
methods for log-linear models for clustered data was presented. These methods
can be implemented by using a variety of statistical software. It would be of
interest to develop software which could implement these log-linear models and

design-based variance-covariance matrix directly.



CHAPTER VIII
SUMMARY AND FUTURE RESEARCH

8.1 Summary

The methods presented in Chaptérs 3 through 7 give a framework for
analysis for a wide variety of dental outcome variables that are collected at the
tooth or site level. These methods are based on principles used by survey
statisticians to analyze large multi-stage cluster samples. These methods have
been well documented in the survey literature and have only recently been applied

to non-survey settings. Some examples of such applications can be found in

LaVange et. al., 1994, and Localio, et.al. 1993.

Chapter 3 presented methods in which one can evaluate measures of
association between site specific dichotomous outcomes and explanatory variables
that can be measured at the site, tooth level or patient level. Also, adjusted
measures of association were presented when potential confounders or effect
modifiers were of interest. These methods are similar to standard Mantel-Haenszel
analyses for unclustered data, except adjustment for the clustered data structure
is implemented. These methods have advantages over methods proposed by
Donner and Banting, 1989, and Rao and Scott, 1992, since they are not limited to
stratification on only the person level. ‘These methods can be implemented easily
with available survey software like SUDAAN, PCCARP and SUPERCARP
and/or matrix software like SAS/IML. Although these methods are easy to
implement, they require computations with large matrices and suffer other

problems. Stratification upon too many variables can result in zero cells for the
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stratified 2x2 case. Consequently, taking logs of such a vector of totals is not
possible. It may be necessary to collapse strata or stratify on fewer variables in
the analysis. The Wald test of the null hypothesis, Hy: InOR=0, is based on
central limit theory where n, the number of subjects, goes to infinity. The
precision based measures in Chapter 3 are based on WLS methodology and are

subject to any limitations of WLS.

The considerations for methods in Chapter 4 are the same as those in
Chapter 3. Excessive stratification can result in zero cells causing certain functions
to become undefined. Also, large sample properties are based on the number of
subjects, not the number of observations. In addition, many of the methods in
Chapter 4 are based on WLS methodology and are subject to any limitations that
methodology may have. The response functions of interest in Chapter 4 include
cumulative logits, row mean scores, and the Mann-Whitney statistic. The results
for the example in Chapter 4 showed that different results can be obtained from
the cumulative logit analysis when compared to the row mean scores or the Mann-
Whitney analysis. For this example, differences were due to the violation of the

proportional odds assumption.

The methods in Chapter 5 apply survey linear regression to continuous
outcomes that are clustered and compares them to standard MANOVA analyses
and to the GEE methods of Liang and Zeger, 1986. When comparing survey linear
regression to MANOVA under an ideal situation of no missing data, the survey
methods gave similar results to the MANOVA for the example in Chapter 5. For
the cell mean model, identical parameter estimates were obtained for the cell
means for survey linear regression and MANOVA. The variance-covariance matrix
for the vector of cell means for MANOVA is a block diagonal matrix with
homogeneous variances across patient level groups. However, for survey linear

regression using a cell mean model, the variances are not assumed to be



119

homogeneous. Survey linear regression is not restricted to equal-sized clusters like
MANOVA. Consequently, missing data are not a major concern. Also survey

linear regression is capable of performing model reduction on site specific variables

where MANOVA cannot.

Survey linear regression also gives similar results to GEE with an identity
link, constant variance assumption and an independent working correlation
matrix. Using an exchangeable working correlation matrix for the GEE did not
seem to improve on the variance estimates very much. It is important to note
that for both survey linear regression and GEE, the asymptotic normality
assumption is based on the number of subjects, not the number of observations.
Consequently, neither of these methods would be appropriate in a small clinical
trial setting of a new dental treatment. A mixed model analysis may be more

appropriate for this situation.

The methods in Chapter 6 reviewed strategies for modeling dichotomous
outcomes at the site or tooth level. Comparisons were made between ratio
estimation and the methods of Koch et. al., 1977, and survey logistic regression
with GEE analyses. For Example 1 in Chapter 6, the ratio estimation methods
gave almost identical results when compared to the weighted regression
MANOVA methods of Koch et. al., 1977. The results in Example 1 showed that
under a cell mean model ratio estimation and the MANOVA methods are

asymptotically equivalent.

The second example in Chapter 6 compared a GEE analysis with a logit
link to survey logistic regression. As in Chapter 5, identical results were obtained
when comparing survey logistic regression to a GEE analysis with an independent
‘working correlation matrix. This is not surprising since GEE and survey logistic
regression are solving the same equations. An exchangeable working correlation

matrix did not seem to improve the estimates of the standard errors that much,
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however it did cause some parameter estimates to change considerably. This is a
concern and may be due to underlying interactions that are not included in the

model or effects from outliers.

In Chapter 7, methods were explored for modeling multicategory outcomes
at the site or tooth level. An adhoc strategy was proposed within the framework of
survey logistic regression where multiple dichotomies were created for each logit of
interest. This method is capable of looking at cumulative logits as well as
marginal logits for multiple dichotomies. The method is easy to implement,
however to test the equality of slopes assumption, many additional parameters
may need to be estimated. In many cases when data are sparse, estimation of
these parameters may be suspect or convergence problems may arise. The test of
equality of slopes for the proportional odds model under simple random sampling
uses a Rao Score test. This test statistic does not require the additional
parameters to be estimated which is one advantage over the Wald test. However,

neither test may be appropriate when too many parameters are in the model.

Table 8.1 gives a summary of statistical methods methods that were used
throughout this research. Methods for patient level response variables are not
appropriate for site specific outcomes since they do not adjust for the correlation
between sites in the mouth. Multivariate ANOVA and WLS MANOVA are
appropriate for site specific outcomes, however these methods require complete
data vectors for each subject. Survey methods and GEE are best suited for most
dental situations where site specific outcomes and site specific explanatory

variables are of interest.



Type of Response

Continuous

Chapter 5

Dichotomous

Chapters 3,6

Ordinal
Chapters 4,7

Time-to-Event
Chapter 3

Table 8.1
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Summary of Statistical Methods

Methods Site Level Responses

Survey Linear Regression
Multivariate ANOVA

Generalized Estimating Equations

MH methods adjusting for the
sampling design using the Odds
Ratio, Relative Risk and Risk
Difference

Survey Logistic Regression
WLS with Ratio Estimation
WLS MANOVA

Generalized Estimating Equations

Survey Logistic Regression
Log-linear models adjusting for the
sampling design

MH methods adjusted for the
sampling design using Cumulative
Logits, Row Mean Score and Rank
Rank Measures of Association

Generalized Estimating Equations

Incidence Density Ratio adjusting
for the sampling design

Methods Patient Level Responses

Linear Regression

ANOVA

MH methods assuming SRS
using the Odds Ratio, Relative
Risk and Risk Difference

Logistic Regression

WLS

Logistic Regression

Log-linear models assuming SRS

MH methods assuming SRS
using Cumulative Logits, Row
Mean Score and Rank Measures
of Association

Proportional Odds Model

Incidence Density Ratio assuming
SRS
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8.2 Future Research

The methods presented in this research cover a variety of response
outcomes that may be of interest to a dental clinician or epidemiologist. These
methods are based in large part on asymptotic normal theory, and are not
appropriate in dental studies with small numbers of subjects. This is true for both
the survey regression methods and the GEE methods. Some research needs to be
done where site specific outcomes are of interest in small dental studies. For
>mu1tica.tegory responses the methods in Chapter 7 are adhoc strategies using
logistic regression and GEE. Additional research needs to be done for both survey
regression and GEE to develop methods to handle ordinal outcomes. Bull and
Pederson, 1989 presented strategies for handling multiple response data from large
stratified multistage cluster samples. This process can be applied to various dental
situations, however one may need several different software packages to perform
the analysis. There is a need for well documented software that can handle
nominal outcomes that are clustered. Chapters 5-7 focused on comparing survey
regression methods to comparable GEE analyses. At present the survey regression
methods do not incorporate a working correlation matrix into the estimation of
the model parameters. It would be of interest to explore the use of such a matrix
in survey regression methods. The methods in chapters 3 and 4 explore
contingency table methods for the clustered data structures in dentistry. These
methods implemented Taylor series approximations and design based variances to
obtain a wide variety of measures of association and their corresponding
confidence interval. These methods may be used when other epidemiological
measures are of interest, such as prevalence measures or attributable risk. These
methods also are based on asymptotic normal theory and some research needs to
be done in the area of exact methods for small cluster samples. Possibly, some

extensions of the methodology used for exact logistic regression to clustered data
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structures could be implemented.
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APPENDIX 1
Results for Analyses in Chapter 3

Table 3.1
Measures of Association for Race with Attachment Loss at 36 Months

Attachment Loss

> 3mm < 3mm

Black 47 496
RACE

White 34 556
OR ORL ORU
SRS Teeth 1.550 0.981 2.449
SRS Subjects 1.550 0.937 2.563
- RR RRL RRU
SRS Teeth 1.502 0.981 2.299
SRS Subjects 1.502 0.941 2.400
RD RDL RDU
SRS Teeth 0.029 . -0.001 0.059
SRS Subjects 0.029 -0.005 0.062

Note: 1. Odds Ratio = OR, Relative Risk = RR and Risk Difference = RD

2. Those labeled with an L or U represent the lower and upper limit of the 95%
confidence interval respectively.
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Those measures prefixed with “P” are adjusted measures based on
precision-based weights.
3. 0Odds Ratio = OR, Relative Risk = RR and Risk Difference = RD
Those labeled with an L or U represent the lower and upper limit of the 95%
confidence interval réspectively.

Table 3.2 Measures of Association for Race with Attachment Loss at
36 Months Adjusted for Presence or Absense of P. gingivalis
-
P. gingivalis = yes P. gingivalis = no
Attachment Loss Attachment Loss
- >3mm  <3mm >3mm <3mm
RACE Black 17 67 Black 30 429
White 2 19 White 32 537
P-value for
MOR MORL MORU | POR PORL PORU | Homogeneity
SRS Teeth| 1.281 0.795 2.066 1.260 0.773 2.053 0.388
SRS 1.281 0.764 2.151 1.249 0.738 2.114 0.392
Subjects
P-value for
MRR MRRL MRRU PRR PRRL PRRU |Homogeneity
SRS Teeth| 1.259 0.807 1.964 1.241 0.786 1.957 0.215
SRS 1.259 0.777 2.039 1.232 0.754 2.014 0.223
Subjects
- P-value for
MRD MRDL MRDU | PRD PRDL PRDU |Homogeneity
SRS Teeth| 0.015 -0.014 0.045 0.013 -0.016 0.042 0.215
* SRS 0.015 -0.017 0.047 0.012 -0.019 0.043 0.223
Subjects
Note: 1. Those measures prefixed with “M” are adjusted measures based on
Mantel-Hanszel weights.
2.
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Table 3.3 Measures of Association for Race with Attachment Loss at
36 Months Adjusting for Presence of Absense of P. intermedius

P. intermedius = yes P. intermedius = no
. Attachment Loss Attachment Loss
>3mm <3mm >3mm <3mm
RACE Black 18 130 Black 29 366
White 4 78 White 30 478
P-value for
MOR MORL MORU POR PORL PORU | Homogeneity
SRS Teeth| 1.488 0.935 2.367 1.450 0.899 2.338 0.229
SRS 1.488 0.899 2.463 1.455 0.870 2.433 0.238
Subjects
P-value for
MRR MRRL MRRU | PRR PRRL PRRU |Homogeneity
SRS Teeth| 1.448 0.939 2.233 1.410 0.902 2.203 0.240
SRS 1.448 0.905 2.318 1.416 0.876 2.288 0.247
. Subjects
. P-value for
MRD MRDL MRDU PRD PRDL PRDU |Homogeneity
. SRS Teeth| 0.025 -0.004 0.055 0.025 -0.005 0.055 0.140
SRS 0.025 -0.007 0.058 0.024 -0.008 0.056 0.169
Subjects

Note: 1. Those measures prefixed with “M” are adjusted measures based on
Mantel-Hanszel weights.
2. Those measures prefixed with “P” are adjusted measures based on
precision-based weights.
3. Qdds Ratio = OR, Relative Risk = RR and Risk Difference = RD
4. Those labeled with an L or U represent the lower and upper limit of the 95%
confidence interval respectively.
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Table 3.4 Measures of Association for Presence of P. Intermedius

with Attachment Loss at 36 Months

Attachment Loss

2 3mm < 3mm

YES 22 208
P. intemedius

NO 59 844

OR ORL ORU
SRS Teeth 1.513 0.906 2.527
SRS Subjects 1.513 0.858 2.669

RR RRL RRU
SRS Teeth 1.464 0.917 2.337
SRS Subjects 1.464 0.873 2.456

RD RDL RDU
SRS Teeth 0.030 -0.011 0.072
SRS Subjects 0.030 -0.016 0.076

Note: 1. Odds Ratio = OR, Relative Risk = RR and Risk Difference = RD

2. Those labeled with an L or U represent the lower and upper limit of the 95%
confidence interval respectively.



Table 3.5

Loss at 36 Months Adjusted for Race

Blacks
Attachment Loss

Measures of Association for P. intermedius with Attachment

Whites
Attachment Loss
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>3mm <3mm >3mm <3mm
P. intermedius YES | 18 130 YES 4 78
NO 29 366 NO 30 478
P-value for
MOR MORL MORU | POR PORL PORU | Homogeneity
SRS Teeth| 1.409 0.837 2.371 1.443 0.843 2.469 0.229
SRS 1.409 0.797 2.493 1.388 0.778 2.478 0.237
Subjects
P-value for
MRR MRRL MRRU PRR PRRL PRRU |Homogeneity
SRS Teeth| 1.370 0.852 2.202 1.411 0.865 2.300 0.240
SRS 1.370 0.815 2.303 1.365 0.806 2.314 0.247
Subjects
- P-value for
MRD MRDL MRDU PRD PRDL PRDU |Homogeneity
SRS Teeth 0.025 -0.016 0.066 0.014 -0.024 0.053 0.140
’ SRS 0.025 -0.020 0.070 0.011 -0.029 0.051 0.169
Subjects
Note: 1. Those measures prefixed with “M” are adjusted measures based on

Mantel-Hanszel weights.

2. Those measures prefixed with “P” are adjusted measures based on

precision-based weights.

3. Odds Ratio = OR. Relative Risk = RR and Risk Difference = RD
4. Those labeled with an L or U represent the lower and upper limit of the 95%

confidence interval respectively.



Table 3.6 Measures of Association for Presence of P. intermedius with
Attachment Loss at 36 months Adjusting for
Presence or Absease of P. gingivalis

P. gingivalis = yes

P. gingivalis=no
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>3mm  <3Imm >3mm  <3mm
P. intermedivs YES | 10 55 YES | 12 153
NO 9 31 NO 50 813
P-value for
MOR MORL MORU | POR PORL PORU |Homogeneity
SRS Teeth| 1.024 0.577 1.815 1.032 0.597 1.784 0.244
SRS 1.024 0.561 1.867 1.089 0.613 1.935 0.249
Subjects
P-value for
MRR MRRL MRRU | PRR PRRL PRRU |Homogeneity
SRS Teeth| 1.021 0.611 1.705 1.009 0.621 1.640 0.240
SRS 1.021 0.596 "1.749 1.059 0.631 1.776 0.240
Subjects v
: P-value for
MRD MRDL MRDU PRD PRDL PRDU | Homogeneity
SRS Teeth| 0.002 -0.042 0.045 0.009 -0.032 0.050 0.299
SRS 0.002 -0.044 0.047 0.012 -0.029 0.053 0.322
Subjects

Note: 1. Those measures prefixed with “M” are adjusted measures based on
Mantel-Hanszel weights.

2. Those measures prefixed with “P” are adjusted measures based on
precision-based weights.
3. Odds Ratio = OR, Relative Risk = RR and Risk Difference = RD

4. Those labeled with an L or U represent the lower and upper limit of the 95%
confidence interval respectively.



Table 3.7

Attachment Loss

> 3mm < 3mm

Measures of Association for P. gingivalis with
Attachment Loss at 36 Months

YES 19 86
P. gingivalis

NO 62 966

OR ORL ORU
SRS Teeth 3.442 1.967 6.023
SRS Subjects 3.442 1.946 6.088

RR RRL RRU
SRS Teeth 3.000 1.869 4.816
SRS Subjects 3.000 1.854 4.856

RD RDL RDU
SRS Teeth 0.121 0.046 0.196
SRS Subjects 0.121 0.043 0.198

Note: 1. Odds Ratio = OR, Relative Risk = RR and Risk Difference = RD
2. Those labeled with an L or U represent the lower and upper limit of the 95%

confidence interval respectively.
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Table 3.8 Measures of Association of P. gingivalis with Attachment
Loss at 36 Months Adjusting for Race
Blacks Whites
Attachment Loss Attachment Loss
>3mm <3mm >3mm <3mm
P. gingivalis YES | 17 67 YES 2 19
NO 30 429 NO 32 537
. P-value for
MOR MORL MORU POR PORL PORU |Homogeneity
SRS Teeth| 3.223 1.802 5.766 3.240 1.786 5.876 0.388
SRS 3.223 1.789 5.806 3.240 1.773 5.910 0.392
Subjects
P-value for
MRR MRRL MRRU | PRR PRRL PRRU |Homogeneity
SRS Teeth| 2.820 1.715 4.637 2.847 1.712 4.732 0.420
SRS 2.820 1.706 4.662 2.845 1.702 4.755 0.424
Subjects
. P-value for
MRD MRDL MRDU PRD PRDL PRDU | Homogeneity
SRS Teeth{ 0.115 0.040 0.190 0.105 0.032 0.178 0.215
SRS 0.115 0.038 0.192 0.104 0.030 0.179 0.223
Subjects
Note: 1.

Mantei-Hanszel weights.
2. Those measures prefixed with “P" are adjusted measures based on
precision-based weights.
3. Odds Ratio = OR, Relative Risk = RR and Risk Difference = RD

4. Those labeled with an L or U represent the lower and upper limit of the 95%
confidence interval respectively.

Those measures prefixed with “M” are adjusted measures based on
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Table 3.9 Measures of Association of P. gingivalis with Attachment Loss at
36 Months Adjusted for Presence or Absense of P. intermedius

P. intermedius = yes P. intermedius = no
Attachment Loss Attachment Loss
" >3mm <3mm >3mm <3mm
P. gingivalis YES | 10 55 YES 9 3
NO 12 153 NO 50 813
P-value for
MOR MORL MORU | POR PORL PORU |Homogeneity
SRS Teeth| 3.217 1.719 6.020 3.448 1.903 6.248 0.244
SRS 3.217 1.740 5.950 3.450 1.911 6.227 0.249
Subjects
P-value for
MRR MRRL MRRU | PRR PRRL PRRU |Homogeneity
SRS Teeth| 2.814 1.644 4.815 3.058 1.865 5.016 0.240
SRS 2.814 1.663 4.762 3.054 1.867 4.993 0.240
Subjects
: P-value for
MRD MRDL MRDU | PRD PRDL PRDU |Homogeneity
SRS Teeth| 0.120 0.040 0.199 0.111 0.034 0.189 0.300
SRS 0.120 0.040 0.200 0.114 0.035 0.193 0.322
Subjects

Note: 1. Those measures prefixed with “M™ are adjusted measures based on
Mantel-Hanszel weights.

2. Those measures prefixed with “P” are adjusted measures based on
precision-based weights.
3. Odds Ratio = OR, Relative Risk = RR and Risk Difference = RD

4. Those labeled with an L or U represent the lower and upper limit of the 95%
confidence interval respectively.
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Table 3.11 Association of Rate of Tooth Loss with Race
* Number of
teeth lost teeth months
Black 612 188469
" RACE
White 223 174996
Design IDR IDRL IDRU
SRS Teeth 2.96 2.54 3.44
SRS Subject 2.96 1.88 4.65

Note: 1. Incidence Density Ratio = IDR.

2. Those labeled with L or U represent lower and upper limits of the 95%
confidence interval respectively.
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Table 3.12 Association of Rate of Tooth Loss with Tooth Type
Number of o
teeth lost teeth months
Molar 231 81513
Tooth Type
Non-Molar 604 281953
Design IDR IDRL IDRU
SRS Teeth 1.32 1.14 1.54
SRS Subject 1.32 1.07 1.63

Note: 1. Incidence Density Ratio = IDR.

2. Those labeled with L or U represent lower and upper limits of the 95%
confidence interval respectively.
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Table 3.13 Association of Rate of Tooth Loss with Baseline Tooth Status

Number of
teeth lost teeth months
Not Sound 422 154170
Tooth Status
Sound 413 209295
Design IDR IDRL IDRU
SRS Teeth 1.39 1.21 1.59
SRS Subject 1.39 1.07 1.81

Note: 1. Incidence Density Ratio = IDR.

2. Those labeled with L or U represent lower and upper limits of the 95%
confidence interval respectively.



Table 3.14 Association of Rate of Tooth Loss with Race Adjusted for
Tooth Type and Baseline Tooth Status
Sound, Molar Unsound, Molar
Number of Number of
teeth lost teeth months teeth lost teeth months
Black 62 6111.1 Black 93 15642
RACE
White 19 20934 White 57 38826
Sound, Non-molar Unsound, Non-molar
Number of Number of
teeth lost teeth months teeth lost teeth months
Black 62 6111.1 Black 93 15642
RACE
White 19 20934 White 57 38826 -
} P-value
Design | MIDR | MIDRL | MIDRU | PIDR | PIDRL | PIDRU Homogeneity
SRS Teeth 3.34 2.79 4.01 339 | 201 3.96 > 0.0001
SRS Subjects | 3.34 2.23 5.01 3.70 2.56 5.36 0.0025

Note: 1. Incidence Density Ratio = IDR.

2. Those labeled with L or U represent lower and upper limits of the 95%
confidence interval respectively.
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Table 3.15 Association of Rate of Tooth Loss with Tooth Type
Adjusted for Race and Baseline Tooth Loss
Black, Sound Black, Unsound
Number of Number of
teeth lost teeth months teeth lost teeth months
Molar 62 20934 Molar 93 15642
Tooth
Type Non-molar 266 105750 Non-molar 191 32670
White, Sound White, Unsound
Number of Number of
teeth lost teeth months teeth lost teeth months
Molar 62 6111.1 Molar 93 15642
Tooth
type Non-Molar 19 20934 Non-Molar, 57 38826
. _ P-value
Design | MIDR | MIDRL | MIDRU | PIDR | PIDRL | PIDRU Homogeneity
SRS Teeth 1.20 0.98 1.46 1.24 | '1.06 1.45 0.0002
SRS Subjects | 1.20 0.73 1.96 | 1.25 1.02 1.55 0.0016

Note: 1. Incidence Density Ratio = IDR.

2. Those labeled with L or U represent lower and upper limits of the 95%
confidence interval respectively.

137



Table 3.16 Association of Rate of Tooth Loss with Tooth Type
' Adjusted for Race and Tooth Type
Black, Molar Black, Non-Molar
Number of Number of
teeth lost teeth months teeth lost teeth months
No 93 15642 No 191 32670
Sound
Yes 62 20932 Yes 266 105750
White, Molar White, Non-Molar
Number of Number of
teeth lost teeth months teeth lost teeth months
No 57 38826 No 81 67032
Sound
Yes 19 6111.1 Yes 66 76500
P-value
Design | MIDR | MIDRL { MIDRU | PIDR | PIDRL | PIDRU Homogeneity
SRS Teeth 1.83 1.58 2.12 1.84 1.60 2.12 >0.0002
SRS Subjects | 1.83 1.34 2.50 1.90 1.45 2.47 0.0008

Note:

1. Incidence Density Ratio = IDR.

2. Those labeled with L or U represent lower and upper limits of the 95%

confidence interval respectively.
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APPENDIX 2
Results for Analyses in Chapt.e;' 4
Table 4.1 Analysis of the Association of Race with Attachment Loss
Attachment Loss

Omm 1-2mm > 3mm

Black 276 220 47

White 314 242 24

SRS SRS
Subjects Teeth

MH OR 0.984 0.984
MH OR Lower 0.802 0.821
MH OR Upper 1.208 1.179
WLS OR 0.949 0.957
v WLS OR Lower 0.776 0.800
WLS OR Upper 1.160 1.145
Test of Proportional Odds 2.680 3.367
P-value 0.102 0.067
Test for equality of mean score 1.535 2.014
P-value 0.215 0.156
Test for Mann — Whitney 1.053 1.394
P-value 0.305 0.238
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Table 4.2 Analysis of the Association of P. Gingivalis with Attachment Loss

.Attachment. Loss

0mm 1-2mm > 3mm

P. Gingivalis Present 40 46 19
Absent 550 416 62
SRS SRS
Subjects Teeth
MH OR 1.096 1.096
MH OR Lower 0.812 0.831
MH OR Upper 1.480 1.446
WLS OR 0.855 0.906
WLS OR Lower 0.642 0.692
WLS OR Upper 1.139 1.186
Test of Proportional Odds 18.429 20.650
P-value > 0.001 >0.001
Test for equality of mean score 12.113 14.145
P-value > 0.001 >0.001
Test for Mann — Whitney 10.932 13.100
P-value >0.001 > 0.001
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Table 4.3 Analysis of the Association of P. Gingivalis with Attachment Loss Adjusting for Race

Black

Attachment Loss

White

Attachment Loss

O0mm 1-2mm >3mm Omm 1-2mm >3mm
P. Gingivalis Present 28 39 17 12 7 2
Absent 248 181 30 302 235 32
SRS Subjects SRS Teeth
MH OR 1.101 1.101
MH OR Lower 0.807 0.835
MH OR Upper 1.500 1.472
Test of Homogeneity 1.254 1.401
P — value 0.263 0.237
WLS OR 0.875 0.943
WLS OR Lower 0.647 0.710
WLS OR Upper 1.183 1.254
Test of Homogeneity 2.257 2.384
P - Value 0.133 0.123
Test of Across Strata Homogeneity 1.228 1.575
P — value 0.268 0.209
Test of within Strata Homogeneity 15.634 18.025
P — value > 0.001 > 0.001
Test of equality of Row mean Scores 10.448 12.708
P — value > 0.001 > 0.001
Test of Homogeneity 3.794 4.176
P — value 0.051 0.041
Test for Mann — Whitney 9.864 12.640
P - value 0.002 > 0.001
Test of Homogeneity 3.819 4.269
P - Value 0.051 0.039
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Table 4.4 Analysis of the Association of Race with Attachment loss Adjusting for P. Gingivalis

P. Gingivalis = Yes
Attachment Loss
Omm 1-2mm 2 3mm

P. Gingivalis = No
Attachment Loss
Omm 1-2mm >3mm

Black 28 39 17 248 181 30
White 12 7 2 302 235 32
SRS Subjects SRS Teeth

MH OR 0.984 0.981
MH OR Lower 0.796 0.814
MH OR Upper 1.217 1.182
Test of Homogeneity 1.458 1.643
P — value 0.227 0.200
WLS OR 0.972 0.966
WLS OR Lower 0.789 0.801 .
WLS OR Upper 1.199 . 1.164
Test of Homogeneity 2.257 2.384
P — Value 0.133 0.123
Test of Across Strata Homogeneity 1.228 1.577
P — value 0.268 0.209
Test of within Strata Homogeneity 0.607 0.730
P — value 0.436 0.393
Test of equality of Row mean Scores 0.232 0.215
P - value 0.630 0.643

- Test of Homogeneity 3.794 4.176
P — value 0.051 0.041
Test for Mann — Whitney 0.204 0.154
P — value 0.651 0.695
Test of Homogeneity 3.904 4.375
P — Value 0.048 0.036




RACE SEX
Black Male

Black Female

White Male

White Female

JAW
Maxillary

Mandible

Maxillary

Mandible

Maxillary

Mandible

Maxillary

Mandible

* Change in attachment

Results for Analyses in Chapter 5

TOOTH
Molar

Premolar
Molaf

Premolar

Molar
Premolar
Molar

Premolar

Molar
Premolar
Molar

Premolar

Molar
Premolar
Molar

Premolar

APPENDIX 3

SITE

Mesial
Buccal
Mesial
Buccal
Mesial
Buccal
Mesial
Buccal

Mesial
Buccal
Mesial
Buccal
Mesial
Buccal
Mesial
Buccal

Mesial
Buccal
Mesial
Buccal
Mesial
Buccal
Mesial
Buccal

Mesial
Buccal
Mesial
Buccal
Mesial
Buccal
Mesial
Buccal

Table 5.1
Comparison of MANOVA to Survey Linear Regression for Example 1

MANOVA
Mean* SE
-0.024 0.15
1.000 0.18
-0.119 0.23
0.595 0.24
-0.167 0.17
0.286 0.16
0.119 0.16
0.476 0.21
0.478 0.15
0.109 0.17
0.391 0.22
0.391 0.23
0.065 0.16
0.043 0.16
0.087 0.15
0.043 0.20
0.314 0.11
0.430 0.12
0.209 0.16
0.534 0.17
0.302 0.12
0.709 0.11
0.233 0.11
0.488 0.15
0.113 0.09
0.089 0.10
0.008 0.13
0.371 0.14
0.073 0.10
0.194 0.09
-0.008 0.09
0.274 0.12

Survey Linear Regression

Mean®*
-0.024
1.000
-0.119
0.595
-0.167
0.286
0.119
0.476

0.478
0.109
0.391
0.391
0.065
0.043
0.087
0.043

0.314
0.430
0.209
0.534
0.302
0.709
0.233
0.488

0.113
0.089
0.008
0.371
0.073
0.194
-0.008
0.274

SE

0.15
0.29
0.25
0.30
0.15
0.17
0.16
0.29

0.16
0.19
0.20
0.30
0.14
0.16
0.15
0.17

0.11
0.09
0.19
0.14
0.11
0.13
0.09
0.12

0.08
0.08
0.11
0.11
0.11
0.08
0.10
0.12
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Table 5.2

Comparisons of Hypothesis Test for MANOVA vs Survey Linear Regression

Hypothesis

No Race effect

No Sex effect

No Jaw effect

No Tooth effect

No Site effect

No Race x Sex interaction

No Race x Jaw interaction

No Race x Tooth interaction

No Race x Site interaction

No Sex x Jaw interaction

No Sex x Tooth interaction

No Sex x Site interaction

No Jaw x Tooth interaction

No Jaw x Site interaction

No Tooth x Site interaction

No Race x Jaw x Tooth interaction

No Race x Jaw x Site interaction

No Race x Tooth x Site interaction

No Sex x Jaw x Tooth interaction

No Sex x Jaw x Site interaction

No Sex x Tooth x Site interaction

No Race x Sex x Jaw interaction

No Race x Sex x Tooth interaction

No Race x Sex x Site interaction

No Jaw x Tooth x Site interaction

No Race x Sex x Jaw x Tooth interaction
No Race x Sex x Jaw x Site interaction
No Race x Sex x Tooth x Site interaction
No Race x Jaw x Tooth x Site interaction
No Sex x Jaw x Tooth x Site interaction

No Race x Sex x Jaw x Tooth x Site interaction

Manova

P — Value

0.6713
0.0442
0.0610
0.9292
0.0001
0.2399
0.0214
0.7341
0.7665
0.4416
0.4327
0.00027
0.6585
0.6735
0.4351
0.0944
0.2588
0.3463
0.1715
0.1818
0.0789
0.9107
0.8016
0.0040
0.2721
0.0962
0.0855
0.7093
0.5554
0.4975
0.2868

Survey Linear Regression
P — Value

0.69825
0.06568
0.07971
0.9373
0.0001
0.2827
0.0310
0.7637
0.7890
0.4711
0.4874
0.00096
0.6675
0.6778
0.4779
0.1039
0.2654
0.3918
0.1838
0.1880
0.1098
0.9163
0.82410
0.0092
0.3000
0.1058
0.0899
0.7346
0.5779
0.5220
0.3147
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TABLE 5.3

Results of Deviations from Means Model .

Excluding Race by Sex and Interactions Involving Race by Sex

Parameter MANOVA P - Value
Race 0.7470
Sex 0.0076
Jaw 0.0618
Tooth 0.9246
Site 0.00002
Race x Jaw 0.0204
Race x Tooth 0.7496
Race x Site 0.9652
Sex x Jaw 0.4297
Sex x Tooth 0.3360
Sex x Site 0.0071
Race x Jaw x Tooth 0.1282
Race x Jaw x Site 0.3298
Race x Tooth x Site 0.3614
Sex x Jaw x Tooth 0.4446
Sex x Jaw x Site 0.4809
Sex x Tooth x Site 0.0796
Race x Jaw x Tooth x Site 0.6188
Sex x Jaw x Tooth x Site 0.7812
Jaw x Tooth 0.6343
Jaw x Site 0.6482
Tooth x Site 0.4402
Jaw x Tooth x Site 0.2846

Survey Linear Rzgn;ss'ion
P -~ Value
0.7263
0.0094
0.0792
0.9334
0.0001
0.0300
0.7789
0.9697
0.4390
0.3187
0.0060
'0.1385
0.3354
0.3946
0.4531
0.4677
0.0749
0.6272
0.7796
0.6457
0.6568
0.4867
0.3186
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TABLE 5.4

Results of Final Reduced Model Using Deviations From Mean Coding

Egrametg;

Overall Mean Change in
Attachment Level
Effect for Race

Effect for Sex

Effect for Jaw

Effect for Tooth
Effect for Site

Race x Sex interaction
Race x Site interaction
Race x Jaw interaction
Sex x Site interaction

Race x Sex x Site interaction

For Survey Linear Regression

timmate

0.2534

-0.0175
0.0833
0.0545

- 0.0025

-0.1237

—0.0484

—-0.0083
0.0634

-0.1045

-0.0819

SE

0.0275

0.0275
0.0275
0.0299
0.0250
0.0301
0.275

0.0301
0.0299
0.0301
0.0301

P —value

< 0.0001

0.5259
0.0025
0.0690
0.9197
< 0.0001
0.0785
0.7823
0.0344
0.0005
0.0067
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Table 5.5
Comparison Analyses for Change in Attachment Level at 18 Months
Molar Sites Only

PSU is Individual PSU is Tooth
w/in Individual
Standard Survey
Linear Survey Linear GEE w/ GEE w/ Linear GEE w/
Parameter  Regression Regression  independence exchangeability| Regression exchangeability
Intercept 0.954 0.954 0.954 1.371 0.954 1.127
(0.074) (0.098) (0.098) (0.100) (0.085) (0.083)
Race- -0.270 -0.270 -0.270 -0.438 -0.270 -0.334
Black (0.043) (0.073) (0.073) (0.082) (0.051) (0.052)
Sex- 0.207 0.207 0.207 0.233 0.207 0.213
Male (0.040) (0.069) (0.069) (0.079) (0.048) (0.048)
Jaw- 0.124 0.124 0.124 0.172 0.124 0.155
Maxillary (0.041) (0.051) (0.051) (0.046) (0.048) (0.049)
Site ID- -0.307 -0.307 -0.307 -0.313 -0.307 -0.280
Buccal (0.073) (0.073) (0.073) (0.069) (0.067) (0.060)
Baseline -0.231 -0.231 -0.231  ° -0.325 -0.231 -0.288
Attach. Level (0.019) (0.030) (0.030) (0.030) (0.027) (0.026)
First Molar 0.425 0.425 0.425 0.411 0.425 0.436
(0.101) (0.126) (0.126) (0.119) (0.136) (0.128)
Second Molar 0.172 0.172 0.172 0.164 0.172 0.177
(0.044) (0.045) (0.045) (0.044) (0.050) (0.051)
Site ID x Base. 0.067 0.067 0.067 0.066 0.067 0.054
Attach. Level (0.023) (0.029) (0.029) (0.028) (0.027) (0.024)
Base. Attach. -0.116 -0.116 -0.116 -0.142 -0.116 -0.120
x lst Molar  (0.030) (0.048) (0.048) (0.046) (0.054) (0.050)

Note: Standard errors are in parentheses



Table 5.6
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Comparison of Design Effect for Different Choices of ?rimary Sampling Units

Intercept
Race-Black
Sex-Male
Jaw-Maxillary
Site ID-Buccal

Baseline
Attachment Loss

First Molar

Second Molar

Site ID x Baseline
Attachment Loss

Base. Attach.
x 1st Molar

SRS of People vs SRS

1.757
2.904
2.910
1.557
1.006

2.576

1.555

1.055

1.555

2.569

Design Effect
SRS of Teeth va SRS
1.321
1.447
1.384
1.425
0.837

2.166

1.803

1.278

1.308

3.214

SRS of People vs SRS of Teeth
1.330
2.007
2.102
1.093
1.203

1.190

0.863

0.825

1.188
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APPENDIX 4
Results for Analyses in Chapter 6

TABLE 6.1
Comparison of Weighted Least Squares MANOVA and Ratio Estimation for Tooth Loss at 18 Months
Marginal Logit
Tooth
Race Sex Jaw Type CATMOD Survey CATMOD  Survey
Black Male Maxilla Molar 0.3846 0.3846 -0.4700 -0.4700
(0.0954)  (0.0957) (0.4031) (0.4043)
Pre-Molar  0.2692 0.2692 - 0.9985 ~0.9985
(0.0870)  (0.0873) (0.4421) (0.4435)
Mandible Molar 0.3462 0.3462 -0.6360 -0.6360
(0.0933)  (0.0936) (0.4122)  (0.4135)
Pre-Molar  0.1923 0.1923 -1.4351 —1.4351
(0.0773)  (0.0775) (0.4976)  (0.4991)
Black Female Maxilla Molat 0.5000 0.5000 0.0000 0.0000
(0.0945)  (0.0948) (0.3780)  (0.3791)
Pre-Molar  0.3214 0.3214 =-0.7472 - 0.7472
(0.0883)  (0.0885) (0.4047)  (0.4059)
Mandible Molar 0.6071 0.6071 0.4353 0.4353
(0.0923)  (0.0926) (0.3870)  (0.3881)
Pre-Molar  0.2500 0.2500 - 1.0986 — 1.0986
(0.0818)  (0.0821) (0.4364)  (0.4377)
White Male Maxilla Molar 0.3478 0.3478 - 0.6286 —0.6286
(0.0702)  (0.0704) (0.3096)  (0.3105)
Pre-Molar  0.1087 0.1087 -2.1041 -2.1041
{0.0459)  (0.0460) (0.4737) (0.4751)
Mandible Molar 0.3478 0.3478 - 0.6286 - 0.6286
(0.0702)  (0.0704) (0.3096)  (0.3105)
Pre-Molar  0.1522 0.1522 -1.71177 - L7177
(0.0530)  (0.0531) (0.4105)  (0.4117)
White Female Maxilla Molar 0.3231 0.3231 -0.7397 -0.7397
(0.0580)  (0.0582) (0.2652)  (0.2660)
Pre-Molar  0.2000 0.2000 - 1.3863 - 1.3863
(0.0496)  (0.0498) (0.3101)  (0.3110)
Mandible Molar 0.4000 0.4000 - 0.4055 - 0.4055
(0.0608)  (0.0609) (0.2532)  (0.2539)
Pre-Molar  0.1538 0.1539 - 1.7047 - 1.7047
(0.0448)  (0.0449) (0.3438) (0.3448)

Note: Standard errors are in parentheses



Comparison of Hypothesis Tests for WLS for Repeated Measures and
Survey Ratio Estimation from Table 6.1

Hypothesis
Black vs. White
Male vs. Female
Maxilla vs. Mandible
~ Molar vs. Pre-molar
Race by Gender Interaction
Race by Jaw Interaction
Race by Tooth Interaction
Gender by jaw Interaction
Gender by Tooth Interaction
Jaw by Tooth Interaction
Race by Gender by Jaw Interaction
Race by Gender by Tooth Interaction
Race by Jaw by Tooth Inter@ction
Gender by Jaw by Tooth Interaction
Race by Gender by Jaw by Tooth Interaction

TABLE 6.2

Marginal
CATMOD  Survey
0.0328 0.0334
0.1221 0.1232
0.9835 0.9835
<0.0001  <0.0001
0.3511 0.3526
0.5562 0.5574
0.9975 0.9999
0.5967 0.5978
0.5010 0.5023
0.1702 0.1715
0.5311 0.5324
0.2661 0.2676
0.5251 0.5264
0.1562 0.1574
0.9027 0.9031

Logit

CATMOD Survey
0.0273 0.0278
0.1330 0.1341
0.9350 0.9351

<0.0001 <0.0001
0.5155 0.5168
0.5185 0.5198
0.5443 0.5454
0.8248 0.8252
0.8218 0.8224
0.2392 0.2406
0.4586 0.4600
0.2904 0.2918
0.4817 0.4831
0.1666 0.1679
0.6418 0.6430
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TABLE 6.3
Results for Reduced Models Based on Hypothesis Tests fljom Table 6.2

CATMOD  Survey CATMOD  Survey ~ ° Survey
PARAMETER Marginal Marginal Logit Logit Logistic
' Regression
Intercept — 0.1479 0.1479 - 1.6244 - 1.6244 -1.6323
White Pre-molar (0.0254) (0.0254) (0.1840) (0.1845) (0.1815)
Effect for Blacks 0.0945 0.0945 0.4719 0.4719 0.5189
(0.0469)  (0.0471)  (0.2406)  (0.2413) (0.2437)
Effect for Molar 0.2090 0.2090 1.0364 1.0364 1.0133
(0.0321)  (0.0322)  (0.1737)  (0.1742) (0.1749)
Goodness of Fit x? 8.91 8.86 8.54 8.49 8.50
Degrees of Freedom 13 13 13 13 13
P — Values 0.7796 0.7834 0.8065 0.8103 0.8097

Note: Standard errors in parentheses
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TABLE 6.4

Predicted Values and Standard Errors from Reduced Models in Table 6.3

Marginal Logit Survey
Logistic
Regression
Tooth
Bace Sex daw Type CATMOD  Survey CATMOD  Survey
Black Male Maxilla Molar 0.4513 0.4513 -0.1161 -0.1161 -0.1001
(0.0449)  (0.0451)  (0.2088)  (0.2094) (0.2106)
Pre-Molar 0.2424 0.2424 - 1.1525 - 1.1525 -1.1134
(0.0419)  (0.0421)  (0.2128)  (0.2134) (0.2212)
Mandible Molar 0.4513 0.4513 ~0.1161 -0.1161 —0.1001
(0.0449)  (0.0451)  (0.2088)  (0.2094) (0.2106)
Pre-Molar 0.2424 0.2424 - 1.1525 -1.1525 ~1.1134
(0.0419)  (0.0421)  (0.2128)  (0.2134) (0.2212)
Black Female Maxilla Molar 0.4513 0.4513 -0.1161 -0.1161 -0.1001
(0.0449)  (0.0451)  (0.2088)  (0.2094) (0.2106)
Pre-Molar 0.2424 0.2424 -1.1525 -1.1525 - 1.1134
(0.0419)  (0.0451)  (0.2128)  (0.2134) (0.2212)
Mandible Molar 0.4513 0.4513 -0.1161 —0.1161 - 0.1001
(0.0449)  (0.0451)  (0.2088)  (0.2094) (0.2106)
Pre-Molar 0.2424 0.2424 - 1.1525 -1.1525 - 1.1134
, (0.0419)  (0.0421)  (0.2128)  (0.2134) (0.2212)
White Male Maxilla Molar 0.3569 0.3569  —0.5879 - 0.5879 - =0.6190
(0.0338)  (0.0339)  (0.1542)  (0.1547) (0.1562)
Pre-Molar 0.1479 "0.1479 - 1.6244 - 1.6243 -1.6323
(0.0254)  (0.0254)  (0.1840)  (0.1845) (0.1816)
Mandible Molar 0.3569 0.3569 - 0.5879 -0.5879 -0.6190
(0.0338)  (0.0339)  (0.1542)  (0.1547) (0.1562)
Pre-Molar 0.1479 0.1479 - 1.6244 - 1.62.43 -1.6323
(0.0254)  (0.0254)  (0.1840)  (0.1845) (0.1816)
White Female Maxilla Molar 0.3569 0.3569 -0.5879 -0.5879 -0.6190
(0.0338)  (0.0339)  (0.1542)  (0.1547) (0.1562)
Pre-Molar 0.1479 0.1479 - 1.6244 - 1.6243 -1.6323
(0.0254)  (0.0254)  (0.1840)  (0.1845) (0.1816)
Mandible Molar 0.3569 0.3569 -0.5879 -0.5879 -0.6190
(0.0338)  (0.0339)  (0.1543)  (0.1547) (0.1562)
Pre-Molar 0.1479 0.1479 - 1.6244 - 1.6243 -1.6323
(0.0254)  (0.0254)  (0.1840)  (0.1845) (0.1815)

Note: Standard errors are in parentheses



Parameter
Intercept
Race - Black
Sex - Male
Jaw- Mandible

Tooth - Molar

Logistic
Regression
with SRS

—5.163
(0.411)

-0.412
(0.373)

-0.015
(0.268)

0.477
(0.273)

0.695
(0.309)

Worst Attachment 0.301
Level at Baseline (0.052)

Race by Molar
Interaction

- 1.809
(0.719)

Table 6.5
Comparison of Logistic Regression, Survey Logistic Regresion and
GEE with Independent Working Correlation Matrix or

GEE with an Exchangeable Working Correlation Matrix

Survey logistic
Regression

-5.163
(0.555)

—-0.412
(0.480)

-0.015
(0.403)

0.477
(0.273)

0.695
(0.269)

0.301
(0.053)

-1.809
(0.594)

Note: Standard errors are in parentheses

GEE
w/Independent
Correlation
Structure

-5.163
(0.555)

-0.412
(0.480)

-0.015
(0.403)

0.477
(0.273)

0.695
(0.269)

0.301
(0.053)

~1.809
(0.595)
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GEE
w/Exchangeable
Correlation
Structure

—4.446
(0.446)

-0.370
(0.440)

-0.020
(0.351)

0.253
(0.204)

0.606
(0.235)

0.214
(0.055)

~1.046
(0.346)
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Table 6.6
Design Effects for Model in Table 6.5

Parameter Design Effect

Intercept 1.82
Race - Black 1.66
Sex - Male 2.26
Jaw - Mandible 1.00
Tooth - Molar 0.76
Worst Attachment 1.04
Loss

Race by Molar 0.68

Interaction
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APPENDIX 5
Results for Analysis in Chapter 7

Table 7.1 -
Analysis of Attachment Loss at 18 Months for Mid-Buccal Sites Only

Parameter Method 1  Method 2 Method 3 Method 4
Log odds of attachment loss - 3.6178 - 3.6055 - 3.6178 - 3.4816
2 3 mm vs <3 mm for anterior, (0.1119) (0.0777) (0.0759) (0.1090)
maxilla teeth in blacks
Log odds of attachment loss - 0.6463 - 0.6389 - 0.6463 - 0.5958
2 1 mm vs <1 mm for anterior, (0.0776) (0.0489) (0.0467) (0.0769)
maxilla teeth in blacks
Race — black 0.3636 0.3498 0.3636 0.3494

(0.0879)  (0.0480)  (0.0454)  (0.0900)

Tooth type — Molar 0.5002 0.4918 0.5002 0.5368
(0.0719) (0.0611) (0.0579) (0.0660)

Tooth type — Pre - Molar 0.3568 0.3672 0.3568 0.3517
(0.0598) (0.0563) (0.0531) (0.0570)

Jaw — Mandible - 0.1891 -0.1913 - 0.1891 - 0.1858

(0.0572)  (0.0479)  (0.0453)  (0.0550)

Test of proportional odds 4.7647 6.1816 5.2434 7.6596

x} p-value 0.3123 0.1860 0.2632 0.1049

Method 1 — Marginal Cumulative Logits using Subject as Cluster in PROC LOGISTIC in SUDAAN
Method 2 — Proportional odds model from PROC LOGISTIC in SAS

Method 3 — Marginal Cumulative Logits assuming at Simple Random Sample in PROC LOGISTIC

in SUDAAN

Method 4 — Marginal Cumulative Logits using Subjects as Cluster and Performing GEE Analysis with

Note:

Logit Link Binomial Variance Function and an exchangeable working correlation Matrix

Standard errors are in parentheses
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