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Summary

Quantitative research especially in the social, but also in the biological sciences has
been limited by the availability and applicability of analytic techniques that elabo-
rate interactions among behaviours, treatment effects, and mediating variables. This
gap has been filled by a newly developed statistical technique, known as graphical
interaction modelling. The merit of graphical models for analyzing highly struc-
tured data is explored in this paper by an empirical study on coping with a chronic
condition as a function of interrelationships between three sets of factors. These in-
clude background factors, illness context factors and four self—care practices. Based
on a graphical chain model, the direct and indirect dependencies are revealed and
discussed in comparison to the results obtained from a simple logistic regression
model ignoring possible interaction effects. Both techniques are introduced from a

more tutorial point of view instead of going far into technical details.

Key words: Categorical data; Graphical chain models; Exact p-values; Logistic re-

gression.



1 Introduction

Choosing appropriate statistical models for data analysis is a key aspect of obtaining
valid and meaningful results in investigations of population health issues. Alterna-
tive models available for analyzing multivariate data have different strengths and
limitations for providing information about how variables affect outcomes of inter-
est. The purpose of this paper is to illustrate what can be learned from comparing
and contrasting different statistical models. Two approaches to data analysis, lo-
gistic regression and graphical interaction models, will be compared by giving an
overview of their foundations and illustrating the information they provide using
an empirical example. While logistic regression is well-known, graphical models
are more recently developed statistical models with the special feature that certain
independence properties among the variables under consideration can be read off a
graph. Moreover, we consider here especially chain models that focus on revealing

indirect associations and identifying hidden and partial relationships.

The paper is organized as follows. After describing the empirical study, i.e. the
underlying sample and the variables under investigation as well as the methods
used for their measurement, Section 3 gives an introduction to the statistical models
which will be applied for analyzing the data set. We start with a brief survey of the
theoretical background of a logistic regression and then summarize the basic ideas
of graphical models before entering into the discussion of graphical chain models in
more detail. One of the most challenging phases of a data analysis is presumably that
of selecting an appropriate model for the data. We therefore present the selection
strategy used for our analysis where some of the problems which occurred during its
application are already briefly addressed. The results obtained from both methods
— logistic regression and graphical interaction analysis — are given and compared
in Section 4. The final discussion picks up the most important aspects related to

our analysis and gives a summarizing assessment of the results.

2 Case Example: Coping with a Chronic Illness

Population aging, coupled with the transition to the chronic disease era, has called
attention to the importance of facilitating health maintenance among persons with
chronic diseases (WISTER, 1995). The field of self-care and aging specifically ad-

dresses this issue. It is now well documented that the majority of illness-related



care is self-care, and that health maintenance depends on effective self-care (DEAN,
1989, 1992; ORY and DEFRIESE, 1998). A growing area of interest is the impact of
different self-care strategies. Research indicates that self-treatment of disease tends
to be helpful in reducing symptoms and the duration of illness episodes. In fact,
a large number of studies have shown that self management of disease, especially
chronic conditions, has a positive inpact on both physical and psychological health.
However, research in this field has not adequately documented the relative impor-
tance of different self-care practices and how they interact with other variables to

affect one’s ability to cope with chronic illness.

The subsequent analyses examine coping with a chronic condition as a function of
three sets of variables. These include: 1) background factors (age and sex); 2) ill-
ness context factors (the type of chronic illness, duration, and perceived seriousness);
and 3) four self-care practices representing diverse strategies of self-management of

chronic illness (exercise, reduction of stress, mutual aid, and prescription drug use).

The data have been collected as a part of the baseline of the North Shore Self-Care
Study, conducted in 1995 and 1996. Random digit dialling was used to identify
prospective respondents meeting the study criteria. Trained interviewers completed
telephone surveys with 904 older adults aged 50 and over living in North and West
Vancouver communities in Canada. In order to be included in the study, respondents
had to have been professionally diagnosed with one of four major chronic illnesses,
including: arthritis or rheumatism, heart problems, hypertension, and stroke. A
screening question was used to classify the chronic illness perceived to be most seri-
ous by the respondent. The current study omits the small number (25) of persons

with stroke, resulting in a subsample of 879 persons.

The sample of 879 persons included 417 (47.4%) persons with arthritis/rheumatism,
229 (26.1%) with a heart problem, and 233 (26.5%) with hypertension. The average
age of the sample was 69.3 with a range of 50 to 94. Of these persons, 513 (58.4%)

were females and 366 (41.6%) were males.

The dichotomous response variable selected for both sets of analyses is based on
the question: ”Overall, how well do you feel that you are coping with your con-
dition?” The frequencies for this question show a highly skewed distribution: 11
(1.3%) not at all successful, 44 (5%) a little successful, 368 (42.2%) moderately suc-



cessful, and 450 (51.5%) very successful (6 missing). We dichotomized this response
set into: 0 = persons reporting less than very successful coping (423, 48.5%); and 1
= those reporting very successful coping (450, 51.5%). The rationale for this mea-
surement decision is that the gerontology literature clearly demonstrates that older
adults tend to over-rate their well being, as well as subjective dimensions measuring

health status, making it a common practice to split skewed distributions in this way.

Nine variables were chosen for analysis. Quantitative variables (i.e., age, time since
diagnosis) were recoded into discrete measures. Age at the time of survey is mea-
sured using the following categories: 50 - 64, 65 - 74 and 75+. Chronic illness type
includes three categories: arthritis/rheumatism, heart problems, and hypertension.
Time since diagnosis was also asked of respondents and was recoded into: less than
5 years, 5 to 15 years and greater than 15 years. Perceived seriousness of the chronic
condition was measured using responses to the question: "How serious is your con-
dition?” The response set included: not at all serious, slightly serious, moderately

serious, and extremely serious.

Several coping behaviours were measured using yes/no responses to the following
question predicated by the opening statement: ”People try various things to improve
or cope with their condition.” ... ”Which of these are you doing now?” The coping
strategies included in the present study: 1) exercise or become physically active, 2)
consult anyone who has the same condition as you (mutual aid), 3) try to reduce

stress, and 4) take medications as prescribed by your doctor.

3 Analytic Techniques

Logistic regression and graphical interaction analyses are applied independently to
the data so that similarities and differences can be illustrated on the same substantial
background. The theoretical background of the logistic regression is first presented,
followed by the graphical interaction analysis. Since the aim of the paper is to
compare both techniques we will describe the necessary details but without going

too far into formal aspects.

3.1 Logistic Regression

Logistic regression, a widely used statistical model, is a technique developed to

assess the influence of explanatory variables (or covariates) on a dichotomous res-
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ponse. Since binary outcomes are often used to describe success/failure situations,
logistic regression is one of the most common statistical techniques in health and
social sciences. The covariates may be continuous or categorial but since the case
of continuous ones is well known and many if not most variables in applications in
the health and social sciences are categorical or ordinal measures, we restrict our

explanations to this latter situation.

To illustrate the model assumptions, consider a dichotomous response Y, as in our
example Y = 1 for very successful coping, Y = 0 for less than very successful coping,
and a couple of explanatory variables, Xi,..., Xg , where X, has I, categories or
different levels which are denoted by z,.. For example X; could be the age at the
time of the survey with the three ordinal levels as explained above. Then the main
effects logistic regression model states that the probability 7(xy, ..., zg) for a success
is given as a logistic function of the explanatory variables which may equivalently

be formulated as

log< m(z1,...,2R) )) B+ Y, (1)

1—m(xy,...,28

where 3; is the effect of the r—th explanatory variable when being in category
and [y a constant. This implies that the logit of w(xy,...,2g) is a linear function
of the betas. The logistic regression model thus assumes an effect of each level of
each covariate. Note that this is different from the case of continuous covariates
where one can hardly speak of effects of specific levels. Since the above model is
overparameterized we follow the convention that 3; = 0 for a reference category
xg of X,. In the ordinal case this is mostly chosen to be the highest category.
Then, the parameters of the logistic regression are most suitably interpreted in
terms of odds ratios. The simple exponential transformation of the beta coefficient
exp(f3; ) yields the odds ratio for persons with category w, of X, as compared to
the reference category and with all other explanatory variables unchanged. If the
beta coefficients of a specific covariate equal zero for every non—reference category
then the probability of success, 7(z1, ..., xg), is independent of this covariate given
the remaining covariates and given that the main effect model is appropriate. Since
the distribution of the response is fully specified by the probability for success it
further follows that if the beta coefficients of a specific covariate equal zero for
every non-reference category then the response and this covariate are conditionally
independent given the remaining covariates, e.g. if X; is this covariate we have that
PY =1|Xy,...,Xg) = P(Y = 1|Xy,...,Xg). This is the basic idea of variable



selection in regression models and an important link to graphical models where the
aim is to represent conditional independences as discussed in the following section
(WHITTAKER, 1990).

In this context it is also important to note that the above model is a main effects
model and that the interpretation in terms of odds ratios and possible conditional
independence is tied to this model assumption. It is a restriction which may be
imposed by the researcher and which has to be justified from the substantial back-
ground. However, in many practical situations it represents a serious limitation.
Consider for example in our application the covariates age (A) and exercise (E).
One could have reasons to assume that the effect of exercise on successful coping
is not the same for the different age—levels, e.g. exercise may be more important
for successful coping for older persons than for younger ones. If this is true, this
means that the effect of one explanatory variable is not the same for different levels
of another explanatory variable. This is precisely the meaning of a first order in-
teraction which has to be included in the above model if it is supposed that it has
to be accounted for. Since these and even higher order interactions are not allowed
by the main effects model it constitutes the most restrictive model in this class. In
contrast, a logistic regression model that allows for all possible interaction effects of
the categorial covariates on the response is always correct, i.e. it contains no restric-
tions at all. However, the more higher interactions are included in the model the
more parameters have to be estimated and the larger the sample size has to be in
order to get stable estimates. Further, the interaction parameters can no longer be
as easily interpreted in terms of odds ratios as the main effects. In our application,
we will therefore restrict ourselves to the main effects and the first order interaction

model.

3.2 Graphical Models

Graphical models are a broad class of statistical models for multivariate random
observations whose independence structure can be portrayed in a conditional inde-
pendence graph. In contrast to regression models, graphical modelling is concerned
with identifying association structures for all study variables, including those which
usually are regarded as explanatory. They are therefore appropriate in situations
where complex associations have to be dealt with as in the present study. Due to
the visualization in graphs, these models make it easier to display complex depen-
dence structures. Furthermore, the restriction to the class of graphical models is

often accompanied by technical simplifications of estimating and testing procedures.



In the presentation of a graphical model the vertices represent the variables and
the edges represent associations, where directed edges, i.e. arrows, point from an
explanatory to a response variable and thus indicate asymmetric associations. More
precisely, it is the absence of an edge which is meaningful in the sense that uncon-
nected variables are conditionally independent given the remaining variables which
are prior to or at the same level as the considered ones: Given a graph G = (V, E)
where V' is the set of vertices representing the components of a multivariate ran-
dom vector Xy = (Xy,...,Xg) and E CV x V is a set of ordered pairs such that
(a,b) A (b,a) € E corresponds to a symmetric association and an undirected edge in
the graph whereas (a,b) € E A (b,a) ¢ E corresponds to an arrow, then the basic

assumption reads as follows:
Xodl Xp| Xve\{apy Whenever (a,b) and (b,a) ¢ E, (2)

where V* consists of all variables prior to or at the same level as a and b and the
symbol X 11 Y|Z stands for conditional independence between X and Y given Z.
Note that the model assumptions are solely concerned with conditional independen-
cies of pairs of variables given the prior variables, without any further assumptions
concerning a more simple parametric specification of the probabilities. Therefore,
the above conditional independencies represent the key concept of graphical models.
Additionally, they lead to a factorization of the multivariate density and thus to a
decomposition into ’smaller’ models. It can be shown that the latter are essentially
given by the so—called cliques of the graph which are maximal complete subgraphs in
the sense that on the one hand all variables within the clique are associated and on
the other hand adding one of the remaining variables to this subgraph would lead to
a loss of this property. The cliques can easily be read off a given graph and represent
the basic modules for the multivariate association structure. Property (2) is called
the Markov property of the graph and it is the characteristic feature of graphical
models as compared to similar multivariate techniques such as path analysis.

Graphical models were developed by DARROCH, LAURITZEN and SPEED (1980)
in the framework of loglinear models and extended to cope with continuous vari-
ables by LAURITZEN and WERMUTH (1989). Graphical chain models have been
proposed by WERMUTH and LAURITZEN (1990) and are able to capture the depen-
dence structure in more detail since they take account of substantial knowledge to
form the dependence chain. Since graphical modelling may be unfamiliar to most

of the readers, we attempt to explain this approach in more detail without dwelling



too much on the mathematical background. For introductory monographs see ED-
WARDS (1995) and WHITTAKER (1990) and for a thorough mathematical treatment
of the subject see LAURITZEN (1996).

Graphical chain models

In our application we consider graphical chain models which are characterized by
the assumption of an underlying recursive structure of the variables, i.e. the latter
have to be ordered into a sequence of subsets of variables referred to as recursive
levels of the model. This means that starting with pure explanatory variables these
may influence some responses which again might be influential for others and so
on, until we arrive at the pure responses which are possibly influenced by all vari-
ables but do not in turn influence any additional variables. This recursive structure
has to be fixed a priori by the researcher and represents in most cases assumptions
on the data generating process based on the temporal and/or hypothesized causal
structure. Clearly, the recursive structure has similarities to the relationship of res-
ponse and explanatory variables within a regression model. But in contrast to usual
regression models, graphical chain models allow for variables that are simultane-
ously response and explanatory variables — so—called intermediates which account
for possibly indirect influences. To illustrate this, consider again the variables age,
exercise, and coping. A possible assumption on the dependence structure may be
that successful coping directly depends on exercise in the sense that physical activity
improves coping with the illness. That is, age may not affect coping directly, but
instead operate through intervening influences like exercise. Thus, age indirectly af-

fects coping. This special dependence structure can be read off the graph in Figure 1.

Figure 1. Hypothetical graph for age (A), exercise (E), and coping (C).
(@) ®) O

In this simple model each variable is on a different recursive level. The separation of

the vertices C' and A by F implies the conditional independence of C' and A given F|
i.e. P(C,A|E) = P(C|E)P(A|E). The indirect effect of A on C' would not be noted
in a usual regression model since it is mediated by E. It should be emphasized that
the direction of an arrow is not determined by data or statistics but only because

of subject matter knowledge.



Usually, a recursive level is formed by more than one variable resulting in a multivari-
ate regression of the variables at this level given those at lower levels. Variables at the
same level are assumed to be on equal footing, i.e. no sensible reponse—explanatory
relationship can be assumed within this subset. In the graphical representation
these form a so—called chain component. In contrast, dependencies between vari-
ables in different components are considered as directed from earlier or lower levels
(represented on the right hand side) to subsequent higher levels. The remaining
variables inbetween are intermediates. The recursive structure therefore partitions
the vektor Xy into subvectors Xy ), ..., Xy (k) such that the joint density f(zv) is

decomposed into a product of conditional distributions as follows

K
f@v) = flavay) [T f@velovay, - - zvi-m)- (3)
1=2

Each of the factors in (3) corresponds to the distribution of variables at one level
conditional on variables at all lower levels. Thus, one may regard a graphical chain
model as a sequence of regression models that describe these conditional distri-
butions and the choice of the recursive structure reflects that one is specifically
interested in the latter. In Figure 1 the indirect association of A and C' via E would
thus be revealed by the additional regression of E on A. If there is only one variable
at a given level, the corresponding regression model is a standard multiple regres-
sion model with a single dependent variable. If the dependent variable happens to
be a binary variable, as in our application the variable coping, it will be a logistic
regression model with the only unusual feature that the model includes higher order
interaction parameters, as will be explained below. To illustrate the interpretation

of a chain graph consider the recursive structure given in Figure 2.

Figure 2. Recursive structure for variables in this study. (C' = coping, F = exercise,
S = stress reduction, M = mutual aid, P = prescription drug use, X = perceived

seriousness, I = chronic condition, 7" = time since diagnosis, G = gender, A = age).
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This has to be interpreted as follows. In our application coping with the chronic
condition is the only pure response variable and gender as well as age are clearly
pure explanatory since they may not be influenced by any other variables. Vari-
ables on equal footing are for example the self-care strategies exercise (E), stress
reduction (S), mutual aid (M), and taking prescribed medications (P) in the second
box. By the recursive structure it follows that taking prescribed medications may
be influenced for example by the chronic condition or age but not by coping with
the chronic condition. The possibility of including such intermediates in the model
constitutes the most important difference between simple regression models as logis-
tic regression and graphical chain models. It offers the opportunity to find indirect
associations. In the assumed recursive structure of our study as depicted in Figure
2, age could influence coping via the mediating variables perceived seriousness (X)
and exercise (F). But it is also possible that age has a direct effect on coping.

Note that a factorization like (3) is possible for an arbitrary partition, but we con-
sider only such that is meaningful from a substantive point of view. It is the re-
searcher who decides which variables are at the same recursive level, i.e. in the same
block, and how to arrange the blocks. Afterwards it is the task of the statistical
model selection to detect a finer structure, i.e. to decide which undirected and di-
rected edges between pairs of variables have to be added in order to fit the data

appropriately.

Graphical loglinear models

The Markov properties (2), i.e. the postulation of conditional independence when-
ever there is no edge between two variables, impose specific restrictions on the un-
derlying statistical model which have to ensure that the model class reflects exactly
those independencies shown in the graph, no less and no more. This is important
since any further analysis relies on the validity of the Markov properties. The corres-
ponding restrictions have been explored for different kinds of graphs and different
classes of distributions, the most general being the so—called Conditional Gaussian
distribution (WERMUTH and LAURITZEN, 1990). In case of an undirected graph and
all variables categorial, graphical models are given as a subclass of loglinear models.
We thus restrict our considerations for the moment to the latter, the connection to
chain models which is the relevant model class in the present application is given

below. In case of a discrete random vector Xy the loglinear model is in the most
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general case given by the assumption that

log P(Xv = zv) = Y ug(za),

dCVv

where ug4 is a constant for d = (), main effects for |d| = 1 and interactions otherwise.
Graphical loglinear models are a subclass of hierarchical loglinear models. The latter
have the property that if an interaction of a certain order is included in the model
then the corresponding lower order interactions and main effects have to be included,
i.e. if ug is not restricted to be zero then neither is u,., e C d. Hierarchical models can
thus be characterized by the sets of variables forming the highest order interactions
which is called the generating class. These models are graphical, i.e. they hold the
Markov properties (2) of a specific graph, if the generating class is identical with
the cliques of a graph (DARROCH et al., 1980). Let C be the set of cliques then the

graphical loglinear model reads as

log P(Xv = zv) =logp(zv) = D> > ua(za).

Ccec dCC

In Figure 1, for instance, the cliques are {C, F'} and { E, A}. Thus, the corresponding

graphical loglinear model is given by

log p(w1, T, 3) = up + uc(w1) + up(w2) + ua(ws) + uce(v1,v2) + uga(ve, v3).

The fact that the ucy4 interaction and the second order interaction ucga are not
included in the model means that the desired conditional independence of C' and A
given E holds.

Graphical loglinear models can easily be modified to apply to chain graphs, i.e. to
model directed dependencies, by conditioning. Consider again the example in Figure
1: If the joint distribution P(C, E, A) follows the given graphical loglinear model
then the conditional distribution P(C|E, A) corresponds to a logistic regression with
a main effect of £ and no effect of A since

log (M> = logp(1,22,23) — logp(0, z2, x3)
1 —7o(xg, x3)
= uc(1l) +uc(0) + uce(l, z2) — ucw(0, xs),

such that uc(1) + uc(0) corresponds to fy and ucp(1, 22) — ucg(0,z2) to 2, in
(1). Similarly the conditional distribution P(FE|A) corresponds to a multinomial
regression with a main effect of A. Recall that we always have to condition on all

the variables at lower levels but not on those at higher levels in order to capture
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the Markov properties of the chain graph. Besides the already mentioned consider-
ation of intermediates an important difference to logistic regression is the inclusion
of higher order interactions.

A special feature of graphical loglinear models is that collapsible sets can easily
be identified. Collapsibility implies that the marginal distribution of a subset of
the variables follows the dependence structure of the corresponding subgraph and
thus can easily be read off the graph. This is done automatically by most of the
software for graphical models so that we resist from going into details. In Figure 1
for instance, the graph is collapsible onto the set {C, E'} but not onto {C, A} since
marginalization with respect to E would introduce a dependence between C' and
A whereas the subgraph Gyc 4y is an independence graph. Collapsibility is a very
convenient and important property because it ensures that the dependence struc-
ture within the corresponding subset of variables can be analyzed without having to
take the remaining variables into account, i.e. it helps in identifying sufficient sets
of variables relevant for assessing a pairwise conditional relation. Since the relevant
variables will typically be a true subset of the remaining variables, collapsibility is
the key to reducing computational effort and to increase the power of appropriate

tests of pairwise conditional independence.

Model selection in this study

Theoretically, it would be the best strategy to try all potentially adequate graphical
models and evaluate their goodness of fit. This is, however, in any realistic applica-
tion impossible due to the necessarily enormous effort. Instead, one has to face the
demanding task to find a selection strategy that calculates a graphical model on the
basis of a given data set and which allows for the above described interpretation of
the resulting graph in terms of the Markov properties, i.e. all the conditional inde-
pendencies represented by the graph should be supported by the data. In addition,
an adequate strategy should try to yield a parsimonious model being consistent with
the data, i.e. the graph should only show as much associations as necessary to fit the
data. Such a strategy can be based on e.g. forward and backward selections using
criteria such as p—values or Akaike’s information criterion. Other proposals have
for instance been made by Cox and WERMUTH (1996), EDWARDS and HAVRANEK
(1985) or SPIRTES, GLYMOUR and SCHEINES (1993).

Whensoever a graphical chain model is to be selected, the recursive levels of the

chain graph have to be fixed before starting the statistical analysis. In our appli-
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cation we choose the one already depicted in Figure 2. This recursive structure
is based on substantial knowledge on the possible causal relationships among the
variables and does not depend on the special data given here.

The selection strategy we propose relies on pairwise tests of conditional indepen-
dence corresponding to (2) for any two variables which are also known as tests of
zero partial association (BIRCH, 1965). If, for example, the hypothesis of conditional
independence between C' (coping) and E (exercise) given M (mutual aid) and I (ill-
ness) is to be tested, i.e. the inclusion or exclusion of an arrow from E to C, this
can be done by testing the loglinear model with generators {C'MI} and {EMI}
against the saturated model {CEMI}. Additionally, note that we can reduce our
considerations to three—dimensional tables since the conditioning variables may be
combined into one categorial variable. In the preceding example, define Z = M x [
and test C' 1L E|Z. From this it can also be seen that it is not necessary to fit re-
gression models. The recursive structure enters the analysis by placing constraints
on the model search which prevent from conditioning on sets of variables that are
at higher recursive levels than the considered ones and it determines the direction
of edges that cross levels. For our analysis, we use the software program DIGRAM
(Discrete GRAphical Modelling) developed by KREINER (1992) where approxima-
tions to exact p—values of any appropriate test statistic are calculated instead of
using the asymptotic distribution. KREINER (1987) has shown that the latter can
be very misleading when used for large sparse tables as it is the case with the data
analyzed here. The approxiamtion to the exact p—values is performed as described
in KREINER (1987): Consider a three-dimensional table given by variables X, Y
and Z. The restriction X Il Y'|Z implies that the sufficient tables are given by the
X X Z—and Y x Z-marginal tables. Thus, a test on conditional independence has
to condition on these marginals. The corresponding test procedure is carried out
according to the following algorithm: (1) Generate a random sample of tables ac-
cording to the distribution of the table given these sufficient marginals. This can be
done successively for the slices of two-dimensional X x Y tables, one for each level
of Z, resulting in samples from ordinary hypergeometric distributions. (2) Calculate
for each generated table the appropriate test statistic. (3) Approximate the level
of significance as the proportion of tables which are at least as favourable to the
alternative as the observed table.

The p-values generated in this way are of course subject to random error, but this
can be controlled whereas only little is known about the behaviour of p—values based

on the asymptotic distributions of the corresponding test. The known results suggest
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that the latter systematically underestimate the true p—values. The exact p—values
calculated here are based on 2000 simulation runs which yield a sufficient level of
accuracy for our purposes (cf. KREINER, 1987).

The tests on pairwise conditional independence implemented in DIGRAM are either
Pearson’s x? which is equivalent to the likelihood-ratio test based on the underlying
loglinear model assumption or the partial y—coefficient suggested by DAvis (1967),
where the latter is only computed if both variables under consideration are ordinal
or binary. The application of the v test goes beyond the loglinear framework but
since it uses more information, namely on the ordinal structure of the variables, it
yields a more powerful test. The partial y—coefficient of two variables X,Y given
Z is calculated as follows: Let Ny, = #{(2' < 27 and ¢’ < y/) or (2* > 27 and
y' > y?) while 2 = 27,4, j = 1,...,n}, i.e. the number of concordant pairs in X and
Y for constant Z, and Ny, = #{(z' <2/ and ¢y’ > y/) or (' > 2/ and ¢’ < y/)
while 2* = 27,4,5 = 1,...,n}, i.e. the number of discordant pairs conditional on Z.

Then,
] d
NX,Y|Z - NX,Y\Z
s d )
NX,Y\Z + NX,Y\Z

VX,\Y|z =

The above coefficient ranges between -1 and 1 where vy y|z = £1 stands for a
purely positive or negative monotone (not necessarily linear) relation, respectively.
Inference is based on the smaller of the p—values of both tests and carried out on
a 5% significance level. This raises the sensitivity for detecting possible monotone
dependencies between ordinal variables and it has been shown that the partial -
coefficient often discloses interactions not detectable by the likelihood ratio or y?
tests (KREINER, 1987). Note that logistic regression neither accounts for an ordinal
measurement scale of the explanatory variables nor does the usual software calcu-
late exact p—values. But especially with our data the exact p—values essentially differ

from the asymptotic ones.

Let us now come to the selection procedure itself. It is a modification of the stan-
dard stepwise selection for regression models and comparable to the one presented
in WHITTAKER (1990, Chapter 8). The first step is backward starting from the
saturated model, i.e. the complete graph containing all possible edges. The tests of
pairwise conditional independencies in this first step are carried out conditional on
all remaining variables, and then in the subsequent backward steps, on all relevant
variables. The relevant variables for a pairwise relation are at each step determined

by exploiting the collapsibility properties of the current graph. In contrast to usual
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stepwise selections, all non-significant edges are excluded at a time. Forward pro-
cedures again test all pairwise independencies and all significant edges are included.
Note that due to different conditioning sets chosen at each step accordingly to the
current graph, the backward and forward procedures do not cancel each other, but
yield different results. These steps continue until no further changes take place. Al-
though there is no obvious reason for this strategy to converge in general, we reach
a final graph with our data. In our example, the graph resulting from the analysis is
shown in Figure 3. It is important to bear in mind that data sets generally support
more than one plausible model, and there could conceivably be a model that fits
the data even better. A reason is that the omission of any non-significant edge
may mean that there is indeed a conditional independence, or it could mean that a

conditional dependence cannot be detected because the sample size is too small.

4 Results

The results of the statistical analysis given here should be interpreted with caution,
especially regarding their statistical significance since quite a large number of statis-
tical tests is carried out especially during the selection process without accounting for
multiplicity. For the sake of simplicity, effects are in spite of this objection referred
to as statistically significant if the p—value of the corresponding single statistical test

is below 0.05. The p—values are reported as additional exploratory information.

4.1 Logistic Regression

We consider a main effect logistic regression model where coping is regressed on
the basic variables age and sex, the three illness context factors, and on the four
self-care practices. The latter four variables are of special interest because on the
one hand they form those potential influences on coping which might be positively
influenced by an appropriate intervention strategy. On the other hand, the self—
care practices are located closest to the main response variable coping in the pre—
formulated dependence chain.

Coming now to the results in detail, it turns out that for persons engaging in exercise
to cope with a chronic condition the odds to cope very successfully are 1.41 times
as large as for those who do not exercise, controlling for all other variables. Note
that this control is w.r.t. the main—effects—only assumption which is not equivalent
to conditioning on all remaining variables as in the graphical model analysis. It

is interesting to note that those who engage in mutual aid or stress reduction, as
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measured in this data, are slightly less likely to report very successful coping than
persons not employing these self-care responses, odds ratios of 0.83 and 0.78, re-
spectively. Surprisingly, prescribed medications are not found to influence coping in
this data.

Besides these results, the main effect of age is rather low with an odds ratio of 1.47
compared to other potential influences as for instance the two chronic conditions
heart problem and hypertension. Here, we observe an odds ratio of 3.03 for persons
with heart problems compared to those with arthritis and rheumatism. The odds
to cope very successfully are for persons in the hypertensive group about two times
greater than those from the arthritis group. Furthermore, for persons reporting that
their chronic condition is not serious the odds are about three times (odds ratio of
3.24) greater. A weak association for sex can also be seen from the results with
males having a slightly lower probability (odds ratio of 0.86) of reporting that they
are coping very successfully than females. Finally, years since diagnosis do not come

up with a statistically significant influence. The above results are summarized in
Table 1.

4.2 Graphical Chain Model

Direct effects: The graph resulting from the above described selection strategy is
shown in Figure 3. From these results, we find exercise, perceived seriousness, mu-
tual aid, stress reduction, and age as direct influences on coping, i.e. these effects
persist even when conditioning on the remaining variables, respectively. They all
exhibit associations in the same direction as found in the logistic regression anal-
ysis. Due to the use of the 7— and y?-statistics the quantification of the strength
of associations is different (cf. Table 2; instead of the x? we report the corrected
contingency coefficient K* which is the normed x? such that K* = 0 if there is no
association at all and K* = 1 if there is an extreme association). In addition, neither
method supports a direct association between coping with a chronic condition and
prescription drug use, gender or time since diagnosis. However, while these results
parallel those generated using the logistic regression, there is also a discrepancy: The
graphical model shows no direct effect of chronic condition on coping. Since the first
step of the graphical analysis, i.e. analysing the first recursive level, is equivalent
to a logistic regression including all possible interactions, the different result is due
to these interactions and possibly to the use of exact tests and the choice of the
selection procedure of course. The local results described below will provide further

evidence for the presence of higher order interactions.
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Based on other selection strategies such as simple backward selection which we ad-
ditionally applied to get an idea about the stability of our obtained results, it can be
stated that the influence of the first three variables, i.e. exercise, perceived serious-
ness, and mutual aid, seems to be undoubted. The other direct influences in contrast
have to be interpreted with some caution since the corresponding pairwise associ-
ation heavily depends on the choice of the conditioning set which varies steadily
during the selection procedure. Especially the missing direct effect of the type of
the chronic condition will have to be considered in more detail. In contrast, the
missing edges between prescription, gender, and time on the one hand and coping

on the other hand are again stable results.

Indirect effects: Besides the analysis of direct effects the graphical model results
provide some evidence for indirect influences going beyond the findings of the logis-
tic regression. First, all those variables that have a direct effect also affect coping
through indirect pathways but we will not comment on this. More interestingly, type
of illness, gender, and time since diagnosis, i.e. all the remaining variables except
prescription drug use, have an indirect effect on coping with a chronic condition
and we will comment on the first two (the corresponding results can again be read
off Table 2). Note that indirect influences are also conveyed through symmetric
associations.

The chronic condition is symmetrically associated with perceived seriousness such
that the arthritis patients given gender tend to a higher perceived seriousness than
the others especially than the hypertension group which through the negative direct
effect of perceived seriousness implies that the arthritis group tends to cope less
than very successfully. Additionally, the chronic condition has an effect on stress
reduction and mutual aid. Inspection of the corresponding conditional tables can-
not suggest a simple pattern for the illness/stress reduction association, but it is
clear that the arthritis group is the one reporting most mutual aid. Moreover, the
graphical model suggests that the strong effect of illness type on coping detected
by the logistic regression, i.e. the hypertension and heart problem groups coping
more successfully than the arthritis group, can be explained ‘away’ by conditioning
on the variables F, S, M, X, and A. Note that conditioning on an arbitrary subset
of {E,S, X, A} or {M, S, X, A} already yields a significant influence of the type of
illness on coping implying that all these variables are relevant.

Gender, in turn, is symmetrically associated with age — women tend to be older

than men which is characteristic for this particular subpopulation of elderly persons
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and which results in women coping less successfully because of their age. Addition-
ally, gender also affects stress reduction, perceived seriousness, and illness type, i.e.
females are more likely to engage in stress reduction techniques (y=0.26), women
tend to report a slightly higher perceived seriousness than men (y=0.11), and the
chronic condition faced by most of the women is arthritis whereas men mainly have
to cope with heart problems. Taking into account that the indirect effect of illness
type on coping is such that the arthritis group is less probable to cope very success-
fully as explained above, these pathways give reasons for the slightly smaller overall
probability of women to cope very succesfully than men (the marginal G x C-table

shows a non-significant v = —0.07).

Local results: The above findings result from analysing conditional dependencies.
It is only natural to ask how each of these pairwise associations changes for the
different categories of the conditioning variables where it can be read off the graph
which variables are relevant. Note that only if the associations are the same for
the different conditions the assumption of no higher interactions made by the main
effect logistic regression would be supported. In this paragraph we present the local
results related to the self-care domain, i.e. to the influence of exercise, stress re-
duction, and mutual aid on coping. Each pairwise dependence is considered at the
different levels of each individual variable out of the relevant conditioning set which
contains all those that have a direct effect on coping.

From the results given in Table 3 the most striking one is that the effects of exer-
cise, stress reduction, and mutual aid on coping are extreme under the condition
that perceived seriousness takes the value ‘not at all serious’. The first effect is
positive and the latter two are negative corresponding to the global result.
Additionally, the significant effect of exercise on coping given mutual aid, stress
reduction, seriousness, and age is clearly replicated for almost all categories of the
conditioning variables but its strength is different depending on the condition al-
though it is generally quite high. Considering the interaction of self-care strategies
we note that exercise has a slightly weaker effect when mutual aid is present. Besides
these findings, it could of course be supposed that the strength of the effect varies
for the different types of chronic conditions. The results of the graphical analysis,
however, suggest that this is probably not directly due to the illness but to its rela-
tions to the remaining variables.

Considering the effect of stress reduction we can see that besides for the X = 1 cate-

gory there is only one significant results for the exercisers (7=-0.17). Obviously this
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is enough for the global test to be significant. Note that especially for the youngest
age group and when perceived seriousness is moderately serious the negative effect
almost vanishes. Since these results seem to be somewhat unsatisfactory it should
be given some more attention in future surveys.

The significant global effect of mutual aid is partially replicated in the different cate-
gories. It is low, for instance, for those who do not exercise and again quite strong for

those who do exercise. A similar pattern can be found with respect to the age groups.

Another interesting question which might be addressed using the results of the
graphical analysis could be concerned with the factors determining which of the
self—care practices are applied. It seems for instance to be clear that exercise is a
response to perceived seriousness only, while being independent from the type of the

chronic condition. But we restrain ourselves from going into details.

5 Discussion

There has been a growing concern that quantitative data analyses are not keeping
pace with conceptual, theoretical, and substantive research problems in a variety of
fields in the social and biometrical sciences. A necessary prerequisite for advancing
knowledge is the development of statistical methods that are better able to address
new generations of research questions. This paper compared and contrasted two
statistical approaches to quantitative data analysis, logistic regression and graphi-
cal interaction modelling, to show how model assumptions and selection strategies

affect findings in research investigations.

The findings illustrate how restricting statistical analyses to main effects models
can limit and distort findings in research studies. It is quite often the case that the
effects of an influence are not the same for different levels of one or more other ex-
planatory variables. In health and social research, failure to identify the conditions
under which influences affect an outcome can result in serious misapplications in
policy or practice. That graphical loglinear models include higher order interactions
given by the cliques of the graph consititues an important difference between the

two approaches to statistical analysis discussed in this paper.

While the example used to compare models can only be considered illustrative, it

was shown that graphical chain models can use substantive knowledge to capture
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complex dependence structures in data collected to study research issues. The find-
ings illustrate, as pointed out in the methods sections, that in contrast to usual
regression models, graphcial interaction models allow the explication of variables
that are simultaneously response variables and explanatory variables, to identify
relevant indirect influences. Since graphical chain models may be considered a as
sequence of regression models, they may be used to expand and refine the infor-
mation provided by traditional regression models. The methods used in this study
have the additional advantage that information on ordinal variables is utilized to

yield more powerful tests.

The graphical interaction results portray a complex set of direct relationships be-
tween the variables in the model, as well as interactions. One could conclude from
the logistic regression results that, other things being equal, persons who exercise
generally perceive themselves as coping very well more often than those who do not
exercise. If we turn to the graphical interaction results it can be seen that the effect
is not equally high for the different subgroups formed especially by the categories of
perceived seriousness and age. Additionally, we have to conclude that the strength
of the effect of exercise on coping does not depend on the type of chronic condi-
tion given the other relevant variables. This is a somewhat striking result which
may require additional investigation to further disentangle. It might for instance be
interesting to identify the specific attributes of a chronic condition that are most
relevant for succesfully coping. Such findings and conclusions have clear and pro-
found implications for our understanding of the complexity of the self—care/illness
nexus, as well as for health promotion design, implementation, and evaluation. For
example, they may be very useful in identifying persons who may be most likely to

be at a stage to change their exercise self-care.

Finally, we should balance our discussion with some of the limitations of graphical
modelling. As with any quantitative technique, oscillation, refinement, and repli-
cation of the theory-research relationship is fundamental to providing the rationale
for inclusion and modelling of variables. In addition, since multidimensional con-
tingency table analysis disaggregates data into small sub—sets to which statistical
tests are applied, issues of sample size and statistical power need to be addressed.
In the present research, we used a sample size of 879, and nine explanatory variables
with discrete categories ranging between two and four. Small or zero cell sizes were

therefore averted so that although the presence of an edge is ensured by the 5%
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level (not taking multiplicity into account), the absence is not necessarily based on
strong evidence for conditional independence. Here, statistical power is enhanced
by analyzing relationship in cliques and by using exact tests of statistical signifi-
cance as well as knowledge about ordinal scales. Another general caution has to
be formulated which is not restricted to graphical models but applies to all model
search techniques. The data generally support several maybe substantially different
models so that the model choice heavily depends on the selection strategy. Com-
parison of the results from different strategies might reveal which relations are the

most delicate as to enhance further and more specialized research.

In conclusion, this comparative case study demonstrates several advantages and dis-
advantages of conventional analytic techniques and graphical interaction analysis of
multidimensional contingency tables. While the newly developed techniques respond
to several deficiencies in their precursors, it is not a statistical panacea. Graphical
modelling does, however, move us in another direction — from simplification of
complex human behaviour to reflection of its inherent multidimensional nature. It
clearly responds to the need for methodological developments that can better cap-
ture linkages between dynamic systems (SMITH and TORREY, 1996; SUSSER and
SUSSER, 1996a; 1996b). The identification of antecedent and intervening variables,
coupled with elaboration of interactions between variables, makes an important con-
tribution to knowledge development. It is hoped that this paper prompts further
applications and evaluations of graphical models in response to the current debates

that preoccuppy the social and biological sciences.
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Table 1. Results of the main effects logistic regression (odds ratios are w.r.t. the

not-listed category).

Explanatory variable O.R. p-—value Explanatory variable O.R. p-value
Age group 50 — 64 1.47 0.001 || Seriousness Not at all 3.24 0.000
65 — 74 0.92 0.452 Slightly 0.95 0.727

Gender Male 0.86 0.052 Moderately | 0.59 0.000
[llness Heart prob. | 3.03 0.000 || Exercise Yes 1.41 0.000
Blood press. | 2.01 0.000 || Mutual aid Yes 0.83 0.038

Time <5 0.91 0.394 || Stress reduc. Yes 0.78 0.002
5-15 0.92 0.457 || Prescribed med. Yes 0.86 0.083
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Table 2. Conditional y— and K*-values (the latter in italics) for all non vanishing
pairwise relations in the graph (K* is the normed x? such that K* = 0 if there is
no association at all and K* = 1 if there is an extreme association; it is computed

for nominal variables).

Effects on coping Effects on self—care strategies
Hypothesis v/ K* p-value || Hypothesis v/ x* p-value
CL EISMXA 0.31 0.001 | 1L S|X 0.41 0.000
CU SIEMXA -0.16 0.036 | E1 X|S -0.23 0.000

ClL M|ESXA -0.22 0.009 | SI X|EIGA 0.22 0.000
ClU X|ESMA -0.50 0.000 | SLIIMXGA 0.46 0.034

ClU A|[ESMX -0.18 0.002 | SILG|IXA 0.26 0.001
Effects on illness context variables | S1L A|JMIXG | -0.28 0.001
X1UI1G 0.23 0.001 | M 1L S|IA 0.38 0.000
X1 G|I 0.11 0.029 | M1 I|SA 0.25  0.022
I G|IXA 0.45 0.000 | M1 A|ST *0.24 0.014
I ATG 0.54 0.000 || P1L X|IT 0.35 0.000
Tl I|A 0.23 0.001 || PLLI|XT 0.52 0.000
T1 Al 0.22 0.000 | PULT|IX 0.14 0.026

* This is the only case where the y?-test is significant but not the v, i.e. there is a significant

non—monotone association.
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Table 3. Local results for the direct effects of self-care strategies on coping.

Hypothesis
CUEMSXA|CILSIEMXA|Cl M|ESXA
Level v p-value v p-value v p-value
Exercise No — — | -0.11 0.246 | -0.15 0.229
Yes — — | -0.17 0.049 | -0.24 0.014
Mutual aid  No 0.31 0.001 | -0.14 0.067 — —
Yes 0.27 0.102 | -0.26 0.069 — —
Stress reduc. No 0.30 0.004 — — 1 -0.27 0.040
Yes 0.32 0.012 — — 1-0.20 0.054
Seriousness  Not at all | 0.59 0.004 | -0.49 0.018 | -0.49 0.012
Slightly 0.23 0.056 | -0.16 0.136 | -0.28 0.051
Moderately | 0.29 0.010 | -0.09 0.247 | -0.13 0.166
Extremely | 0.24 0.230 | -0.26 0.182 | -0.25 0.242
Age 50 - 64 0.28 0.036 | -0.07 0.335 | -0.01 0.459
65 - 74 0.42 0.003 | -0.24 0.063 | -0.34 0.009
> 75 0.23 0.061 | -0.16 0.151 | -0.40 0.019
Global effect 0.31 0.001 | -0.16 0.036 | -0.22 0.009
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Figure 3. Final graph resulting from stepwise selection (C' = coping, F = exercise,
S = stress reduction, M = mutual aid, P = prescription drug use, X = perceived

seriousness, I = chronic condition, 7" = time since diagnosis, G = gender, A = age).

E=< X = G

\
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