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Abstract

Characteristics associated with self-rated health: The CARDIA Study
by
Shilpa Nayak

Doctor of Philosophy in Epidemiology

University of California, Berkeley
Professor S Leonard Syme, Chair

Self-rated health is an independent predictor of future health outcomes, including
morbidity and mortality. Therefore, in a public health context, for high proportions
of populations to report very good or excellent subjective health is in itself an
important end point. To achieve this, public health interventions need to be
informed by knowledge of the determinants of both illness and wellbeing in
different groups. In this study, I used self-rated health as the outcome measure, and
studied the characteristics of individuals in a population who rated their health as
excellent or very good (classed as ‘good’ self rated health), versus those who rated it
as only good, fair, or poor (classed as ‘poor’ self-rated health). A broad range of risk
and protective multi-domain determinants of health were included in the analysis as
predictor variables. The study data were drawn from the CARDIA study, a United
States cohort started in 1985 to investigate the development of coronary artery
disease risk factors in a young adult population.

In the first analysis, I utilized classification tree methods to segment the study
sample of 3649 individuals, to identify subgroups with some shared characteristics
and relatively homogenous self-rated health status. Lifestyle, social and community
influences, and living and working conditions were all associated with self-rated
health. Combinations of these factors differed by population subgroup. Physical
activity rating emerged as the most important variable in the single tree
classification, and the model suggested interaction of lifestyle and medical factors
with socioeconomic factors, income and education.

In the second analysis, the study sample was first divided into subsets based on total
family income. I investigated the characteristics associated with self-rated health
within each income subset using classification trees. The findings suggested a social
gradient for several health determinants. The proportion of good self-rated health
increased with higher income category, and the proportion of poor self-rated health
decreased. Within population subgroups stratified by income, the combinations of
factors that were associated with self-rated health, and the predictor variable that
ranked as most important relative to self-rated health differed. This is suggestive of
potentially important differences in the factors that are responsible for self-rated



health and health inequalities among different income groups that have dissimilar
social, cultural and economic contexts.

The third analysis extended the single classification tree analysis with the
application of random forests. This method produced an ensemble of classification
trees, which improved accuracy and produced more robust variable importance
measures. Despite the inclusion of a wide range of predictor variables representing
fixed factors, lifestyle and medical conditions, social and community influences, and
living and working conditions, the model selected education and income as the
highest-ranking variables associated with self-rated health in the study sample. This
highlights the importance of addressing social determinants of health and
inequities.

This dissertation contributes to the literature on the determinants of self-rated
health, and adds a novel application of classification tree analysis and random
forests methods to the study of self-rated health. Capturing the complex interplay of
factors affecting health in populations can be difficult with parametric multivariate
regression. These models may not capture the full array of variables influencing
health. Recursive partitioning methods can serve as an initial tool to suggest
population subgroups that might have homogenous risks of an outcome, and
identify the relative importance of risk and protective factors in population
subgroups for further inquiry. This knowledge is valuable in developing
appropriate and targeted public health interventions that focus on specific needs.



This dissertation is dedicated to
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Chapter1 Introduction

Self-rated health represents a summary measure of the multi-domain determinants
that shape health in individuals. Though simply assessed, as a single measure item
on a Likert scale, self-rated health has been hailed as providing an indication of
global health status in a way that nothing else can (1). How a person evaluates and
ranks his or her wellbeing has been shown to provide a valid and valuable
assessment of objective or overall health status, and is acknowledged and used as a
key indicator in health research.

Self-rated health is known to be an independent predictor of future health
outcomes. Numerous studies have examined the relationship of self-rated health
with mortality, and found that the association persists independently of several
objective indicators including physician-rated health (1-4). These results signify the
“profound meaning of the answers evoked by this easily communicated and
deceptively simple question” (4)(p.103).

It is clear therefore, that in a public health context, for high proportions of
populations to report very good or excellent subjective health is in itself an
important end point. Furthermore, recognizing exactly what influences subjective
health in populations is vital to developing effective interventions. An
understanding of the common attributes within population groups that either
confer susceptibility to illness, (or to poor self-rated health), or support wellbeing
(and excellent self-rated health) is important if action is to be targeted at mitigating
adverse conditions and promoting protective factors. This is the focus of my
dissertation. In this study, I use self-rated health as the outcome measure, and study
the characteristics of individuals in a population who rate their health as excellent
or very good, versus those who rate it as only good, fair, or poor.

Health is a complex construct. The health implications of a single risk factor or
exposure may not be universally identical. That is, they may depend on interaction
with coexisting variables, so that different combinations of risk or protective factors
produce different outcomes. My aim is to investigate the joint influence on health of
a broad range of multi-domain factors. [ will assess the relative importance of
demographic, lifestyle, medical, and psychosocial factors, and indicators of living
and working conditions on self-rated health. The results should be interpretable
with a view to understanding differences in self-rated health status and so be
meaningful in both a statistical and practical sense. To achieve this, I have applied
recursive partitioning analytic methods, to a study population drawn from the
CARDIA Study (Coronary Artery Risk Development in Young Adults). As discussed
in more detail below, this prospective cohort study was initiated in 1985 to study
the impact of lifestyle and other factors on the development of coronary artery
disease in young adults. A total of 5115 men and women were recruited in four
urban areas of the United States: Birmingham, Alabama; Chicago, Illinois;
Minneapolis, Minnesota, and Oakland, California. The CARDIA study population at



baseline was approximately balanced in terms of subgroups of race/ethnicity,
gender, education and age (~18-24 and ~25-30). A majority of the group has been
examined at each of the seven follow-up examinations, in years 2, 5, 7, 10, 15, 20
and 25.

Background

Self-rated health

One of the most frequently used methods to assess self-rated is a single global
question on overall health, to the effect of, “in general, would you say your health is
excellent, very good, good, fair, or poor?” Alternative phrasings of the question exist
with differing response options (5, 6). The wording for frame of reference may also
vary, and be classed as ‘non comparative’ (whether health is rated as excellent, good,
fair, or poor), ‘age comparative’ (whether health is rated better, same or worse
compared to other people of their age), and ‘time comparative’ (health rated
compared to how it was at a previous point in time) (7). There is evidence that
though wording may differ, the questions appear to result in parallel assessments of
subjective health so that the exact phrasing is unimportant (1, 4-7). However, a few
studies conclude that there is sensitivity to reference points, so that differently
phrased self-rated health questions are not comparable measures in older age
groups, and may not have comparable relationships with mortality (8, 9). Bailis et al.
(10) further interpreted self-rated health as reflecting both a spontaneous
assessment of health, as well as enduring self-concept views. Using data from the
National Population Health Survey in Canada, they found that within a 2-year
period, self-rated health status changed for almost half the sample of adults,
reflecting changes in self-reported physical and mental health and health practices
(spontaneous assessment). Self-rated health was also found to be a significant
independent predictor of self-rated health 2 years later, reflecting an enduring self-
concept of health to some degree.

Assessments of self-rated health are simple to ascertain and provide broad
measures of population health that go beyond just morbidity and mortality (11). A
question on self-rated health has been included in some large-scale national level
surveys in the US, including, the National Health Interview Survey (NHIS) (12), the
National Health and Nutrition Examination Survey (NHANES) (13) and the
Behavioral Risk Factor Surveillance System (BRFSS) (14). In the United Kingdom
(UK), the 2001 census included a question on self-rated general health for the first
time, and this was repeated in the 2011 Census (15, 16).

Self-rated health as a predictor of future health outcomes

The first clear empirical evidence of self-rated health as an important predictor of
mortality is credited to the analysis of the Manitoba Longitudinal Study on Aging.
Early (within first two years) and late (years 3 to 7) mortality for persons with poor
self-rated health was 2.92 and 2.77 times higher than that of those with excellent



self-rated health, controlling for age, sex, objective health status and residence
location (2). In their 1997 review of 27 community studies on self-rated health and
mortality, Idler and Benyamini discovered a dose-response pattern so that the
probability of death was highest for the lowest rating of subjective health, and
stronger effects were observed for men compared with women (1). The relationship
between self-rated health and mortality is seen to persist independently of
numerous objective indicators, including objective measures of health status,
reported by individuals or medical staff. In a meta-analysis by DeSalvo et al. (17),
there was a two-fold higher mortality risk for persons with poor self-rated health
compared with persons with excellent self-rated health. Consequently, self-rated
health has been identified as an independent predictor of a range of other health
outcomes including functional ability (18, 19), morbidity (20) and health care
utilization (21).

Determinants of self-rated health

Internationally, several studies have sought to investigate the correlates of self-
rated health with a view to explaining this predictive capacity. Literature identifies
various independent determinants of self-rated health in different populations, from
demographic, lifestyle, medical, psychosocial and socioeconomic domains.
Generally, lower health ratings are associated with increasing age (22-25), being
female (7, 22, 26), being of black (26)or Hispanic ethnicity (25, 26) compared with
white. Higher education and income are positively associated with higher self-rated
health status (25-29). Behavioral factors associated with poorer self-rated health
include diet, physical inactivity, smoking, alcohol consumption, and higher body
weight (27, 30-32). Associations with self-rated health have also been observed for
chronic medical morbidity and physical functioning, fatigue, lack of energy, number
of medications, and negative affect (31, 33). Psychosocial variables include lack of
social support, sense of community belonging (34), low perceived control over life,
indicators of happiness, and working conditions (27, 28, 31). As described by
Kaplan and Camacho (3), cross sectional studies have demonstrated higher rates of
poor perceived health in people who also report higher levels of social isolation,
negative life events, depression, job problems, unhappiness, life dissatisfaction and
unemployment. Poor self-rated may be a common feature linking psychosocial
factors to disease outcomes via a decrease in host resistance (3, 35).

Considering a number of the studies that have sought to explore the determinants
or correlates of self-rated health, what conclusions can be drawn? There are two
major issues to consider - the lack of consensus across studies, and the methods
used.

Differences in the main determinants of self-rated health are evident across
populations drawn from different age groups (24, 36-38), occupations (39-43), and
geographies, such as USA (26), Canada (38, 44), Spain (36), Sweden (27), Greece
(22, 45), Syria (46), China (47) , Japan (48), Pakistan (49), and Australia (23). By
country, some determinants of self-rated health may be culturally shaped in that
they reflect specific gender roles, social norms and expectations (46).
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In the elderly, self-evaluations of health in community residents have reflected
objective health status, such that those with better self-perceived health also report
fewer illnesses, take fewer medications, and suffer from less disability (50). In a
study by Benyamini et al., 487 elderly participants from the Rutgers Aging and
Health Study were asked to rate health factors on which they formed their
assessment of self-rated health status (51). Each of 42 health-related factors was
perceived as at least somewhat relevant for some of the individuals when judging
their health. Factors relating to overall physical functioning and ‘vitality’ were rated
highly. People with higher ratings of self-rated health were more likely to rate risk
factors and indicators of good physical and psychological health; individuals with
poor or fair ratings were more likely to rate factors such as medications or current
symptoms and illnesses as important factors when rating their own health (51).

In adolescent populations, behavioral factors, physical health, family structure and
income, and psychological distress have all proven to be relevant to self-rated health
(52). Tremblay et al explored factors related to self-perceived health in a sample of
Canadian adolescents using a cross-sectional design, with data from the 2000-2001
Canadian Community Health Survey. The odds of reporting very good or excellent
health were lower for teens living in houses with lower income or educational
attainment. Smoking, episodic heavy drinking, physical inactivity during leisure
time, being obese, and low fruit and vegetable consumption were independently
related to lower health ratings (38). Even between the ages of 15 and 17 years, girls
were less likely to report good/excellent health compared with boys, and also more
likely to have a chronic condition and experience of depression in the previous year.
Younger age groups also seem to take health-compromising behaviors into
consideration, such as cannabis and hard drug use, which in turn may be reflected in
their poorer self-rated health assessments (53).

A large study of two occupational cohorts, using data from the Whitehall study in
England, and the Gazel cohort in France concluded that self-rated health was
essentially a reflection of physical and mental health (42). In populations with
chronic illness and disability, psychological resources, particularly a sense of high
mastery and self esteem (44), and psychosocial factors (54) were shown to
associate with better health. Occupational groups may be quite homogenous in
terms of socioeconomic factors or working conditions, and therefore, these factors
will not necessarily emerge as relevant to self-rated health. Similarly, in groups
defined by presence of a medical condition that is uniform across the population, it
is comprehensible that other domains of health determinants (psychological factors,
social support and networks, or economic resources,) might drive disparities in
subjective health.

Differences in determinants of self-rated health are hardly surprising when
considering dissimilar populations. In fact, when attempting to unpack the concept
of self-rated health in a particular population context, the value is in capturing the
diversity, that is, the unique determinants of health that are most important in that
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context and subgroup, and in gaining insight into the particular needs that could be
addressed through public health intervention.

Previous quantitative studies on correlates or determinants of self-rated health, as
discussed above, have used multivariate regression to model the relationship
between multi-domain variables and self-rated health based in both cross-sectional
and cohort studies (55). When considering the influence of such a broad spectrum
of health determinants on an outcome, it is difficult however, to satisfy the
requirements of traditional parametric statistical models in terms of the underlying
data structure of the predictor variables, or to model a large number of variables
and interactions. The results of traditional models may also be less meaningful
when translated to a practical or clinical setting (56). In a review of a sample of
fifty-six published studies on determinants of self-rated health, a number of
problems were identified in relation to multivariate modeling. These included over-
fitting, nonconformity to a linear gradient, and lack of reporting of tests for
interactions (57). A further observation was that though self-rated health is a
multidimensional measure, most studies do not cover its various components
concomitantly.

Methods

Analytic approach

It is known that a broad range of factors is relevant to health. The ecological model
of health emphasizes the relationships among these multiple determinants, and
assumes that health is affected by interaction between these factors, including
biology, behavior and the social and physical environment (58). Models that reflect
the layered multi-domain influences on health include those by Bronfenbrenner
(59), Dahlgren and Whitehead (60) (Figure 1) and Kaplan et al. (61). An ecological
model of population health (Figure 2) adapted from Dahlgren and Whitehead is
included in the 2003 Institute of Medicine report on Educating Public Health
Professionals for the 215t Century (58).



Figure 1: The main determinants of health (Dahlgren and Whitehead, 1991)
(60)
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Recognizing exactly what influences subjective health in populations is vital to
developing effective interventions. An ecological model of health promotion
considers both individual and social environmental factors as targets for public
health action (62). Kaplan et al. also highlighted the importance of a public health
approach that, “does not exclusively privilege the proximal, [or focus on molecular
explanations of disease] but seeks opportunities for understanding and intervention at
both upstream and downstream vantage points” (61)(p.42). The ecological
perspective proposed by Bronfenbrenner considers multiple interacting layers of
environmental influences as affecting individuals. Accordingly, ecological research
seeks to “control in as many theoretically relevant ecological contrasts as possible
within the constraints of practical feasibility and rigorous experimental design. This is
in contrast to classical experiments that attempt to ‘control out’ potential
confounders whilst focusing on a single variable (59)(p.518).



Figure 2: The Ecological Model of Population Health (The Future of the Public’s
Health, 1I0M 2003) (58)
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Thus, for this dissertation, in seeking to explore factors associated with self-rated
health, rather than consider only independent effects, or highlight single domains of
importance and focus on these, I propose that in a real-life context, all domains and
layers would be pertinent to self-rated health in some way, but the relative
importance may vary in different populations. Furthermore, it is not necessary that
determinants or correlates are uniform across populations. [ aim to identify
differences between population subgroups in terms of which factors or
combinations of factors are significant to self-rated health.

For this study, I use a dataset drawn from the CARDIA study, and apply recursive-
partitioning methods, namely classification tree analysis and random forests to
understand which variables or interactions of variables drive the phenomenon of
self-rated health status. As noted above, the CARDIA dataset is a prospective cohort
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study initiated in 1985 to study the impact of lifestyle and other factors on the
development of coronary artery disease in young adults, based in four urban areas
of the United States(63). The CARDIA Publications and Presentations Committee
and the Institutional Review Board at the University of California, Berkeley, have
approved the protocol for this study.

The CARDIA dataset will be systematically split into groups of maximum
homogeneity in terms of the specified outcome, thus identifying subgroups that
have relatively homogenous self-rated health status. At each split, the classifier is
the predictor variable that splits the remaining population into the most
homogenous groups. This process continues either up to a point where a
predetermined number of individuals exist in each group, or to the point of
saturation, where the largest possible tree is grown. Following refinement with
pruning and cross-validation, in the final tree, the population is ultimately divided
into a number of relatively homogenous groups, each categorized by a specific level
of self-rated health. As a result, the tree structure created from the data displays
how groups are generated, and identifies associations between specific self-rated
health status and exposures selected by the tree model.

This type of analysis gives a simple characterization of the conditions in terms of
risk and protective factors that determine when an individual is in one class of self-
rated health rather than another. To the best of my knowledge, this is the first
application of classification tree analysis to study the characteristics associated with
self-rated health.

The CARDIA dataset

The CARDIA study (Coronary Artery Risk Development in Young Adults) was
initiated in 1985. It is a prospective cohort study designed to study the impact (both
favorable and unfavorable) of lifestyle and other factors on the development of
coronary artery disease in young adults. A total of 5115 men and women were
recruited in four urban areas of the United States: Birmingham, Alabama; Chicago,
[llinois; Minneapolis, Minnesota, and Oakland, California. The recruiting age was 18-
30 years. The CARDIA study population at baseline was approximately balanced in
terms of subgroups of race/ethnicity, gender, education and age (~18-24 and ~25-
30). Cohort examinations have been carried out at year 2 (1987-1988), year 5
(1990-1991), year 7 (1992-1993), year 10 (1995-1996), year 15 (2000-2001) year
20 (2005-2006), and year 25 (2010-2011). A majority of the group has been
examined at each of the seven follow-up examinations: 91% (4624), 86% (4352),
81% (4086), 79% (3950), 74% (3672), 72% (3547), and 72% (3499), respectively.

A fuller description of the design, recruitment and characteristics of the CARDIA
cohort is given in the paper by Friedman et al. (63). Further information on the
CARDIA study is also available online (at www.cardia.dopm.uab.edu).



For this study, data were taken from the year-15 examination of the cohort,
conducted in 2000-2001, and collected through interviewer and self-administered
questionnaires (with the exception of information on race/ethnicity taken from the
1985-1986 data collection, and family history taken from the 1995 data collection).
In year-15, data were collected on both self-rated health and a broad range of
health-related factors of interest in this study. Though similar data were collected
in later years, I was interested in an initial study of a relatively young adult
population.

From an original total of 5115 participants at baseline, 3672 were examined in year
15. From the year 15-group, all participants who had a response for self-rated
health, and were coded as male or female were included in the final study sample of
3649 participants. The predictor variables chosen for this study are based on
domains considered to be fundamental determinants of health (Table 1). A number
of different models exist; [ have based the selection on the levels presented in the
model proposed by Dahlgren and Whitehead (60) (Figure 1 above). In the CARDIA
study, self-rated health was assessed in the CARDIA examinations as part of the SF-
12 questionnaire, a validated and widely used tool to assess quality of life (64).



Table 1: Predictor variables based on the determinants of health selected
from the CARDIA study dataset

Level 1: Age, sex & hereditary factors
= Age
= Sex
= Race / ethnicity
= Family history

Level 2: Individual lifestyle factors
= Medical history
= Diet
= Physical activity
=  Smoking
= Alcohol
= Tobacco
= [llicit drug use

Level 3: Social & community influences
= Social support / network (“feeling that family friends really care”)
= Sense of close knit neighborhood, neighborhood cohesion

Level 4: Living & working conditions
= Education
= Income
= Housing - rent or own house
= Employment - working versus unemployed
= Medical insurance
= Access to health services

Level 5: General socioeconomic, cultural and environmental conditions

This level will not be directly reflected in the choice of variables. All the data are collected
from study sites within the United States of America, during a known timeframe, and thus
knowledge of these forces during the period of study collection may be useful background
information in interpretation of results. Factors for level 5 will represent other relevant
influences on health, as below.

Level 5: Other influences on health
= Control & adequacy of resources (“how hard is it to pay for basics”)
=  Optimism for the future
= Experience of discrimination due to gender / race-ethnicity / socioeconomic status
= Limited function (“unable to do moderate activity”)
= Some type of on-going chronic burden
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Classification tree analysis

A brief description of the classification and regression tree model process follows
concepts and theory introduced in the seminal book, Classification and Regression
Trees, by Breiman, Friedman, Olshen and Stone (65). Their work is considered
referenced throughout this section, and notation appears as in the text.

Classification and regression trees (CART) are a form of recursive partitioning, and
may be used:

(i) to produce an accurate classifier, that is, to create a systematic way of predicting
class membership given a set of measurements on a case or,

(ii) to uncover the predictive structure of a problem, that is, to try and gain an
understanding of the conditions in terms of measurement / explanatory variables
that determine which class an object is in.

Classification trees are used when the outcome is dichotomous, and regression trees
when the outcome is continuous. This study uses classification tree analysis.

Tree construction begins with the root node, t;, which comprises the entire dataset.
A binary question is applied to split the parent node into 2 subsets. The proportion
of cases in the node answering yes, P1, goes to the left node, t;. The proportion of
cases in the node answering no, Pz, goes to the right node, tr. The resulting nodes
are more homogenous or ‘purer’ than the data in the root node. At every node, the
split adopted is that which maximizes the goodness of split function, i.e. results in
the largest decrease in impurity possible by a split of node t. In this analysis, the
splitting rule uses the Gini Index of diversity as a measure of node impurity. For
each explanatory variable in the data set, the best split is selected based on a
particular threshold or cut off point for that variable. These best splits are all
ranked according to reduction in impurity achieved. The variable and its split point
that most reduces the impurity of the root or parent node is selected for the split.
Splitting continues so that the largest possible tree is grown; at every node the data
in each of the descendant subsets are purer than the parent subset, and until all the
terminal nodes are small. Each terminal node is a subgroup of the dataset, and is
designated by a class label. There may be 2 or more terminal subsets with the same
label. The tree is then selectively pruned or recombined upward to produce a
decreasing sequence of sub trees. Cross-validation or test sample estimates pick out
the sub tree with the lowest estimated misclassification rate.

Cross-validation gives an internal estimate of the true misclassification rate of the
tree model. In v-fold cross-validation, the cases in the data set are randomly divided
into v subsets or folds of as equal size as possible. Ten fold cross-validation is a
commonly used value and shown to be optimal. In this case, each fold in turn is
withheld whilst the remaining 9 folds are used to build a test tree. The remaining
fold is used as an independent test sample. The 10-fold cross-validation error
estimate is calculated by averaging across all 10 trees. Cross-validation is
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considered parsimonious with data; every case is used in tree construction and
exactly once in the test sample.

Use of CART has a number of advantages. It is a non-parametric technique, which is
valuable when dealing with a broad complex set of predictor variables, and a large
sample size. CART analysis handles high dimensionality, a mixture of data types and
non-standard data structure well, whilst providing insight into the predictive
structure of the data (65). Missing variables can be adjusted for within the analysis,
and since the structure of the classification is apparent, the results in terms of
population subsets are relatively easy to interpret.

CART analysis has been applied in clinical studies. Podgorelec et al. described tree-
based methods as providing a simple representation of gathered knowledge, and a
valuable tool for medical decision making due to their high classification accuracy
(66). In partitioning a study population by clinical signs and symptoms, tree-based
methods have been used to establish high-risk groups (67). Trees may also capture
information not reflected in traditional parametric analysis. Nelson et al., in a study
of disease risk groups, concluded that recursive partitioning uncovered interactions
between variables that could be overlooked in traditional application of logistic
regression to case control data unless they are modeled based on a priori
knowledge (68).

The same positive features of CART are applicable also to public health research.
CART is a useful segmentation technique to identify groups with the purpose of
targeting public health action. Forthofer and Bryant (69) highlight a key benefit of
CART analysis: it is particularly useful when the aim is to identify differences and
appreciate specific features of subgroups; seeing the relative importance of different
factors may also shed light on where action could be prioritized. In contrast,
parametric multivariate regression essentially models the average effect of a
predictor on the outcome in a population (69, 70). Whilst this is clearly important
for many studies, it may not offer the best approach in terms of informing
intervention development. Also, the same intervention is not necessarily
appropriate across an entire population. BeLue et al. demonstrated this in a study
applying CART analysis to a population of US adolescents aged 12-17 years. They
identified subsets of the population with differing risk and protective factors related
to obesity, demonstrating that in terms of public health intervention, often “one size
does not fit all’ (71).

In summary, self-rated health is established as a key and informative indicator in
health research, and a recognized predictor of future health outcomes. For
populations to report high fractions of excellent or good self-rated health is in itself
a valuable outcome. To achieve this, public health interventions need to be
informed by an understanding of the characteristics associated with good or poor
self-rated health. Previous studies have examined the independent predictors or
correlates of self-rated health. In this study, in the context of the ecological model of
health, I seek to examine the joint impact of multi-domain and multilevel variables
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on health, and understand their relative importance in population subgroups. This is
achieved through the application of recursive partitioning methods.

Structure of dissertation
The next three chapters are structured as follows:

In chapter 2, I investigate and compare the characteristics of individuals in the study
population who appraise their health as excellent or very good, versus those who
rate it as only good, fair, or poor. I utilize classification tree analysis to segment the
CARDIA study sample of 3649 individuals, and identify subgroups with some shared
characteristics and relatively homogenous self-rated health status. A range of
predictor variables is used to represent a wide spectrum of multi-domain influences
on health.

In chapter 3, the CARDIA study sample is divided into subsets based on total family
income, to create a socioeconomic gradient. I then investigate the characteristics, in
terms of risks and protective factors, associated with self-rated health within each
income subset. Using classification tree analysis, my aim is to explore whether these
factors differ by subset across the socioeconomic gradient.

In chapter 4, [ extend the analysis in chapter 2, exploring characteristics associated
with self-rated health, with the application of random forests. This method
produces an ensemble of classification trees, which improves accuracy compared
with a single tree, and more robust variable importance measures. Predictor
variables are ranked in order of decrease in node impurity in the model. The use of
recursive partitioning methods can effectively highlight subgroups with relatively
homogenous risk for a self-rated health status, and important risk and protective
factors for further inquiry. This is valuable in developing appropriate interventions
that relate to the real-life mix of influences that impact health in different
populations.

In chapter 5, I summarize the findings from chapters 2, 3 and 4, with further
discussion and conclusions.
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Chapter 2 Characteristics associated with self-rated health in the
CARDIA Study: classification tree analysis

Introduction

Health is determined by multiple interacting influences. To reduce health
inequalities, action should be informed by knowledge of the drivers of both illness
and wellbeing in different groups. For many conditions, it is well known that even
well studied biological risk factors fail to account for all the disease that occurs (72).
Meanwhile, psychosocial factors and socioeconomic conditions are associated with
multiple disease outcomes. Thus, to be effective, public health strategies must take
into account upstream conditions, the ‘causes of the causes’ (73), so that
interventions are designed to consider both mitigation of adverse conditions and
promotion of protective factors. Furthermore, we need to improve our
understanding of the common attributes within population groups that either
confer susceptibility to illness, or support resilience and wellbeing.

Self-rated health represents a summary measure of the multi-domain determinants
that shape health in individuals. Though simply assessed, as a single measure item
on a Likert scale, self-rated health has been hailed as providing an indication of
global health status in a way that nothing else can. How a person evaluates and
ranks their wellbeing provides a valid and valuable assessment of objective or
overall health status, and is acknowledged and used as a key indicator in health
research. Of further significance is that self-rated health has a predictive value in
terms of future health-related outcomes, which is well established. In many
longitudinal studies, self-rated health has been shown to predict subsequent health,
even after adjusting for potential confounders of known importance, and after
taking account of objective physician-rated health.

Several studies have demonstrated the significant independent effect of self-rated
health on mortality in different countries and age groups (1-4). The validity of self-
rated health as a summary measure of health has been demonstrated by studies that
show that it is an independent predictor of mortality. The probability of death has
been shown to be highest for the lowest rating of subjective health, and stronger
effects have been observed for men compared with women. In a meta-analysis by
DeSalvo et al., there was a two-fold higher mortality risk for persons with poor self-
rated health compared with persons with excellent self-rated health (17). This
relationship has been observed for several racial/ethnic groups including blacks,
whites and Hispanics (74, 75). Generally, lower health ratings are associated with
increasing age (22, 23), being female (7, 22, 26), and being of black or Hispanic
ethnicity compared with white (25, 26). Higher education and income are positively
associated with higher self-rated health status (25-28).

In this paper, I investigate and compare the characteristics of individuals in a
population who appraise their health as excellent or very good versus those who
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consider it to be just good, fair or poor, using self-rated health as the outcome
measure. My aim is to segment the study population into subgroups, based on
similar health status, and identify the influences that determine group membership.
This process highlights factors suitable to an early intervention focus. The use of
classification trees as a data analysis tool in this context results in both a
specification of groups and a simple characterization in terms of variable
importance. Classification trees are a form of recursive partitioning and are useful
in uncovering predictive structure, that is, an understanding of the conditions in
terms of measurement or explanatory variables that determine which class an
individual is in (65).

[ have utilized classification tree analysis to conceptualize profiles of factors,
representing the main influences on health, and study their association with self-
rated health status. Such audience segmentation approaches have been shown to be
of value in a public health context (70) as they can serve as an initial tool to suggest
population subgroups that might have homogenous risk of disease, or as in this
study, similar self-rated health status. However, in contrast to the usual underlying
cluster analysis, classification trees operate through supervised machine learning
algorithms. As a result, rather than simply grouping based on like factors,
predictors are modeled on the specified condition or outcome. This type of analysis
offers several advantages by considering the joint impact of a broad range of health
determinants. Beyond the independent effects of single predictors, and small groups
of variables, recognizing the ‘real-life’ manner in which an array of influences can
interact to shape health outcomes is essential. This type of knowledge is useful in
guiding the design of public health programs so that they are focused and relevant
to need, and hence more successful in improving health outcomes.

Methods

Data: The CARDIA Study

[ utilized cross-sectional data collected during the CARDIA Study (Coronary Artery
Risk Development in Young Adults). The CARDIA longitudinal study began in 1985
with a cohort of 5115 black and white men and women, aged between 18 and 30 at
baseline, recruited in Birmingham, Alabama; Chicago, Illinois; Minneapolis,
Minnesota; and Oakland, California. For this study, data were taken from the year
15 examination of the cohort, conducted in 2000-2001, through interviewer and
self-administered questionnaires (with the exception of race/ethnicity information
taken from the 1985-1986 data collection, and family history information taken
from the 1995 data collection). From an original total of 5115 participants, 3672
were followed up in year 15. From the year 15 group, all participants who had a
response for self-rated health, and were coded as male or female were included in
the final study sample of 3649 participants.
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Outcome variable

Self-rated health was assessed on a five-point scale, by the question, “In general
would you say your health is excellent, very good, good, fair or poor?” Responses were
categorized by grouping together excellent or very good as ‘good’ self-rated health,
and responses of good, fair or poor, as ‘poor’ self-rated health.

Predictor variables

A range of predictor variables was used in the analysis in order to represent a wide
spectrum of multi-domain health determinants. These were based on the layers of
influence on health from the Dahlgren and Whitehead model (60)(Figure 1): age, sex
and hereditary factors; individual lifestyle factors and medical history; social and
community influences; living and working conditions. The method of assessment in
the CARDIA questionnaire and the format in which variables were included in this
study analysis are outlined in Table 1.

Figure 1: The Main Determinants of Health (Dahlgren and Whitehead, 1991)
(60)

Living and working
conditions
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Age, sex and hereditary factors

Variables included age in years, sex, race/ethnicity (Hispanic, black, or white), and
family history of maternal or paternal diabetes, high blood pressure, stroke, angina,
or heart attack.

Individual lifestyle factors and medical history

For medical history, respondents were asked in the questionnaire if a doctor or
nurse had ever said that they had any of a list of major diseases or health problems.
Conditions included in the analysis were self-reported history of high blood
pressure or hypertension, high blood cholesterol, heart disease, asthma, chronic
bronchitis, emphysema, diabetes, thyroid disease, liver disease, kidney disease,
cancer or malignant tumor, HIV, stroke or transient ischemic attack (TIA), multiple
sclerosis, epilepsy, nervous/emotional or mental disorder, and depression.

Physical activity over the past year was reported on a 5-point scale from physically
inactive to active, compared with others of the same age and sex.

For information on diet, specifically for frequency of consumption of fast food,
respondents gave the number of times per week that they ate out at any restaurant
from a list of fast food chains.

Smoking was included as having smoked previously, at least 5 cigarettes a day for at
least 3 months; being a current smoker, and number of cigarettes smoked per day
on average.

For alcohol intake, I used continuous variables relating to number of drinks per
week of wine, beer or hard liquor.

Drug intake was recorded as history of ever using marijuana, crack, non-crack
cocaine, amphetamines, or opiates.

Social and community influences

To represent social support, indicator variables were created representing how
much family or friends were perceived to care, and whether they could be relied on
to talk with about worries. For neighborhood cohesion, indicators were whether
respondents felt people were willing to help their neighbors; whether they lived in a
close-knit neighborhood; if people in the neighborhood could be trusted; whether
people in the neighborhood generally get along with each other, and if they share
the same values.

Living and working conditions

Variables measuring the highest grade of school completed, total combined family
income over the previous 12 months, and housing and employment status were
utilised, along with level of difficulty paying for basics and medical care, availability
of health insurance, and access to health services. Additional variables were
experience of discrimination due to gender, race/ethnicity or socioeconomic status,
in 7 different settings, reported on-going chronic burden, and measures of optimism
for the future and control over life events.

Though macro-level general socioeconomic, cultural and environmental conditions
were not directly reflected through the choice of variables, all data were collected
from urban study sites within the United States, during a known timeframe, and
thus knowledge of these forces during the period of study collection is useful
background information in interpretation of results.
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Data Analysis

Data analysis was carried out using IBM SPSS Statistics v19.0.0. [ produced
descriptive summaries for the study sample. 1 used the chi-square test for
independence (with Yates’ continuity correction for 2x2 tables) to assess the
bivariate relationship between individual categorical predictor variables and self-
rated health, and Mann Whitney U Tests for continuous predictor variables and self-
rated health, following tests for normality of distribution.

Classification trees were used to segment the population, and identify subgroups
with similar characteristics and self-rated health status. Indicator variables were
created for a number of predictors; in order to minimise restriction of the model a
priori, not all variables for which participants were asked to choose a response from
ordinal categories, were dichotomized (physical activity rating, education, income
and chronic burden). Responses of ‘don’t know’ to a question were grouped with
and treated as missing data. The parameters of the tree were specified as: cross
validation with 10 sample folds, minimum number of cases, 100 for parent node,
and 50 for child node.

[ note that interpreting the form of the tree, particularly the combination of
variables that define nodes as causal is very dubious, particularly in finite samples
(e.g., in the low 1000s). Small variations in the data can produce very large
variations in the structure of the tree, even though the prediction accuracy might
not vary much at all. This is due to the fact that this is not a well-defined statistical
parameter, and as such, there is no rigorous theory for providing inference on the
structure of the tree. Thus, the interpretation of the tree is entirely exploratory and
the results are interpreted in that light.

Table 1: Predictor variables used to analyze factors associated with self-rated
health in the CARDIA study

\Variable Method of assessment in CARDIA Variable format for study analysis
questionnaire

Age, sex and hereditary factors

Age In years Age in years

Sex Male or Female Male=1, Female=2

Race/ethnicity Hispanic, black (Not Hispanic), white (not Hispanic, black (not Hispanic), white, not
Hispanic) Hispanic

Family History Did your natural mother / father ever have | Indicator variable for history of maternal
any of the following: diabetes, high blood or paternal diabetes, high blood pressure,
pressure, stroke, angina, heart attack? stroke, angina, heart attack
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Individual lifestyle factors and medical history

Medical history -
presence of disease

Has a doctor or nurse ever said that you
have:

high blood pressure; high blood cholesterol;
heart disease; asthma; chronic bronchitis;
emphysema; diabetes; thyroid disease; liver
disease; kidney disease (excluding nephritis
or glomerulonephritis); cancer or malignant
tumour; HIV; stroke or TIA (transient
ischemic attack), multiple sclerosis, epilepsy|
(seizures), nervous / emotional or mental
disorder, depression?

Indicator variables for history of disease
for each condition.

Diet Thinking about how often you eat out, how | Continuous variables:
many times in a week do you eat breakfast, | Number of times per week that breakfast,
lunch, or dinner out in a place such as: lunch, or dinner eaten out in fast food
restaurant.
McDonald's, Burger King, Wendy's, Arby's,
Pizza Hut, or Kentucky Fried Chicken?
Physical activity Compared to other people your age and sex,| 5 point rating of physical activity
what number would you choose for rating | (physically inactive to very active)
your physical activity during the past year?
1=physically inactive
2=less than moderately active
3=moderately active
4=more than moderately active
5=very active
Smoking / Tobacco Have you ever smoked cigarettes regularly | Indicator variables for history, for at least
for at least 3 months? By regularly we mean| 3 months, of being regular:
at least 5 cigarettes per week almost every | Cigarette smoker (at least 5 per week
week? almost every week)
Do you still smoke cigarettes regularly? By | Still smoke cigarettes regularly (atleast 5
regularly we mean at least 5 cigarettes per | per week almost every week)
week almost every week? Continuous variable: number of
How many cigarettes do you smoke per day | cigarettes smoked per day on average (1
on the average? pack=20 cigarettes)
lAlcohol Number of drinks per week of wine (about a| Continuous variables for number of

50z. glass).

Number of drinks per week of beer (1 beer
is a 12 oz. glass, can, or bottle).

Number of drinks per week of hard liquor
(each shot of 1%0z. counted as 1 drink).

drinks per week for wine, beer and hard
liquor

[llicit drug use

History of ever using:
marijuana / crack / other forms of cocaine

that are not crack (including powder, free
base, and coca paste) / amphetamines
("Speed" or "Uppers") / opiates for non-
medical reasons (Heroin, Dilaudid,
Morphine, Demerol)?

Categorical indicator variables for history
of drug use for each drug type
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Social and community influences

Social support /
network (“feeling that
family friends really
care”)

How much do members of your family or
friends really care about you?

How much can you rely on them if you need
to talk about your worries?

1=Not at all, 2=A little, 3=Some, 4=A lot

Responses of some + a lot grouped
together, and not at all + a little grouped
together forming indicator variables for :
Family members or friends are perceived
to care

Can rely on family members or friends if
need to talk about worries.

Sense of close knit
neighborhood,
neighborhood
cohesion

In thinking about the neighborhood in
which you live, how strongly do you agree
or disagree that:

People around here are willing to help their
neighbors.

This is a close-knit neighborhood.

People in this neighborhood can be trusted.

People in this neighborhood generally
don't get along with each other.

People in this neighborhood do not share
the same values.

1=Strongly Agree 2=Agree, 3=Neutral,
4=Disagree, 5=Strongly Disagree

Strongly agree + agree grouped together;
and neutral + disagree + strongly
disagree grouped together, forming
indicator variables for:

People willing to help their neighbors.
Live in close-knit neighborhood.

People in the neighborhood can be
trusted.

Disagree + strongly disagree grouped
together, and strongly agree + agree +
neutral grouped together, forming
indicator variables for:

People in the neighborhood generally get
along with each other.

People in the neighborhood share the
same values

Living and working conditions

Education

\What is the highest grade (or year) of
regular school you have completed?
01-08=elementary school
09-12=High School

13-16=College

17-20+=Graduate School

Ordinal categories

Income

Which of these categories best describe
your total combined family income for
the past 12 months? This should
include income (before taxes) from all
sources, wages, veteran's benefits, help
from relatives, rent from properties,
and so on.

1 = Less than $5,000

2 =$5,000-$11,999

3 =$12,000 - $15,999

4 =$16,000 - $24,999

5 =$25,000 - $34,999

6 = $35,000 - $49,999

7 =$50,000 - $74,999

10=$75,000 - $99,999

11=$100,000 and greater

Ordinal categories
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Housing - rent or own
house

[s the home where you live:

1 Owned or being bought by you (or
someone in the household)?

2 Rented for money?

3 Occupied without payment of money
or rent?

4 Other (specify)

Categorical indicator variable for own
home versus rented, occupied or other

Employment - working
\versus unemployed

The following categories might best
describe your current main daily activities
and/or responsibilities:

IAre you working full-time?

lAre you working part-time?

)Are you unemployed or laid off?

1 No

2 Yes

9 No answer

Categorical indicator variable for
unemployed status

Control & adequacy of
resources (“how hard
is it to pay for basics”)

How hard is it for you (and your family) to
pay for the very basics like food and
heating?

How hard is it for you (and your family) to
pay for medical care?

\Would you say it is:
1 Very hard

2 Hard

3 Somewhat hard
4 Not very hard

1+2+3 grouped together versus 4 to
create indicator variables for:

Hard to pay for basics

Hard to pay for medical care

Medical insurance

In the past two years, have you always had
health insurance or other coverage for
medical care?

Health insurance coverage refers to health
insurance (like Blue Cross/Blue Shield) or
participation in an HMO. Other than
government programs, health insurance can
be obtained through an employer, union, or
school. Are you covered by health insurance
of this type?

iAre you self-insured? That is, do you or
someone else pay totally for your health

insurance?

1=yes, 0=no

Categorical indicator variables for:
Always had health insurance or other
coverage for medical care in the past two
years.

Covered by health insurance like Blue
Cross/Blue Shield or participation in an
HMO; health insurance obtained through
an employer, union, or school.

Self-insured
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lAccess to health
services

\Was there anytime during the past two
lyears when you did not seek medical care
because it was too expensive or health
insurance did not cover it? Do not include
dental care.

1 No

2 Yes

8 Not sure/refused

Overall, how hard has it been for you to get
the health services you have needed?

1 Very hard

2 Fairly hard

3 Not too hard

4 Not hard at all

9 No answer

Categorical indicator variables:

0=no, 1=yes

did not seek medical care in past 2 years
due to cost

Has been hard overall getting health
services

1="hard’ (grouped 1+2)

0="not hard’ (grouped 3+4)

Experience of
discrimination due to:
Gender
Race/ethnicity or
colour

Socioeconomic
position or social class

Have you ever experienced discrimination,
been prevented from doing something, or
been hassled or made to feel inferior in any
of the following seven situations because of
gender / Race-ethnicity or color /
Socioeconomic position or social class:

At school

Getting a job

Getting housing

At work

At home

Getting medical care

On the street or in a public setting

Categorical indicator variables for
experience of discrimination due to
gender,

Race-ethnicity or color, and
socioeconomic position or social class for
each setting

Some type of on-going
chronic burden

Please indicate whether you have
experienced any of these strains for longer
than 6 months.

Serious ongoing health problem (yourself).
Serious ongoing health problem (someone
close to you).

Ongoing difficulties with your job or ability
to work

Ongoing financial strain

Ongoing difficulties in a relationship with
someone close to you

1=No

2=Yes, but not very stressful
3=Yes, moderately stressful
4=Yes, very stressful

Ordinal categories for each of 5 options
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Optimism for the Please indicate how strongly you agree or Dichotomous categorical indicator
future disagree with each of the following variables:
statements.
[ have little control over the things that Have no control over the things that
happen to me happen (grouped 1+2 and 3+4+5)
[ often feel helpless in dealing with the Feel helpless in dealing with the
problems of life problems of life (grouped 1+2 and
['m always optimistic about my future 3+4+5)

Always optimistic about future
1=Strongly Agree (grouped 1+2 and 3+4+5)
2=Agree
3=Neutral
4=Disagree
5=Strongly Disagree

Results

In the final study sample of 3649 participants, there were 2135 individuals (58.5%)
in the good self-rated health category, and 1514 individuals (41.5%) in the poor
self-rated health category. The mean age was 40.2 years. There were 2036 women
(55.8%) and 1613 men (44.2%). In the sample, 52.6%, (1921) individuals were
white, 47.1% (1717) were black, and 0.3% (11) were Hispanic; 18% of the sample
had finished high school only, 25% had completed 4 years in college, and 5.6% had
completed 4 years in Graduate School. The majority of individuals owned their
home (2507, 68.7%) (Table 2).

Using chi-square tests for independence (with Yates’ correction for continuity for
2x2 tables), there were significant associations between self-rated health status and
sex, race/ethnicity, physical activity rating, cigarette smoking, perceived social
support and neighborhood cohesion, total family income, home ownership,
unemployment, health insurance, difficulty paying for basics, optimism for the
future, and serious ongoing health problems, at significance level p<0.05 (Table 2).
Most medical and family history variables were found to be significantly associated
with self-rated health in bivariate analysis at the p<0.05 levels apart from paternal
stroke, cancer and HIV. Due to small cell numbers, the result for multiple sclerosis
(p=0.234) and emphysema (p=0.008) may not have been valid at p<0.05 level.

For the poor self-rated health category, a Mann Whitney U Test revealed
significantly higher number of fast food meals per week, cigarettes smoked per day,
and liquor drinks per week (p<0.05). The number of wine drinks per week was
higher in the good self-rated health group (p<0.05) (Table 3).
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Table 2: Relationship between selected predictors and self-rated health

Self-rated health category

Chi-square
Poor Good for
Predictor variables independence
Count % Count %
Male 626 38.8% 987 61.2%
Sex p=0.004*
Female 888 43.6% 1148 56.4%
Hispanic 5 45.5% 6 54.5%
Black, not
887 51.7% 830 48.3%
Race/ethnicity Hispanic p<0.05*
White, not
Hisoan 622 324% | 1299 | 67.6%
ispanic
1 170 72.6% 64 27.4%
Physical activity rating 2 372 60.2% 246 39.8%
1= physically inactive 3 730 45.3% 881 54.7% p<0.05
5=very active 4 142 22.5% 490 77.5%
5 96 17.6% 449 82.4%
Still smoke  cigarettes No 264 38.9% 415 61.1%
regularly p<0.05*
Yes 452 56.4% 350 43.6%
Social support . No 56 62.9% | 33 37.1%
Family members perceived p<0.05*
to care Yes 1457 40.9% 2102 59.1%
Live in close-knit No 971 46.0% 1138 54.0% 05*
. p<0.
neighborhood Yes 543 353% | 997 64.7%
Less than
$5.000 67 77.0% 20 23.0%
$5,000
$11.999 97 69.3% 43 30.7%
11,
$12,000
$15.999 66 58.9% 46 41.1%
$16,000
Total family income $24.999 131 54.8% 108 45.2% p<0.05
$25,000
$34.999 183 53.5% 159 46.5%
$35,000
$49.999 268 47.1% 301 52.9%
$50,000
§74999 305 38.6% 486 61.4%
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$75,000 -
193 36.6% 334 63.4%
$99,999
> $100,000 183 22.9% 615 77.1%
No 582 51.2% 554 48.8% 05+
p<0.
Yes 929 37.1% 1578 62.9%
No 1324 40.1% 1981 59.9%
Unemployed p<0.05*
Yes 185 55.6% 148 44.4%
Had health insurance past 2 No 241 52.4% 219 47.6% 05+
p<0.
Yes 1269 39.9% 1913 60.1%
No 1054 36.2% 1861 63.8%
Difficulty paying for basics p<0.05*
Yes 452 62.6% 270 37.4%
No 578 54.5% 482 45.5%
Optimistic for future p<0.05*
Yes 936 36.2% 1653 63.8%
1 1003 34.6% 1899 65.4%
Serious personal ongoing 2 174 60.2% 115 39.8%
health problems (self) > 6 | 3 200 73.5% | 72 26.5% | p<0.05
4 137 73.7% 49 26.3%
Total 1514 41.5% 2135 58.5%

*Continuity correction

Table 3: Mann Whitney U Tests

Test Statistics (grouping variable: self - rated health category)

Fast food Number of
meals cigarettes
Age (vears) per week per day
Mann-Whitney U 1582321.500 1152260.000 73845.500
Wilcoxon W 3862501.500 2975355.000 135973.500
Z -1.084 -6.277 -2.014
Asymp. Sig. (2- 278 .000 .044

tailed)




Wine Beer Liquor
drinks drinks drinks
per week per week per week
Mann-Whitney U 879174.500 985571.000 937558.000
Wilcoxon W 1527265.500  1634801.000  2457454.000
Z -6.029 -.358 -3.212
Asymp. Sig. (2- .000 720 .001
tailed)
Ranks
Self-rated health
category N Mean Rank Sum of Ranks
Age (years) 0 poor SRH 1514 1847.37 2796923.50
1 good SRH 2135 1809.13 3862501.50
Total 3649
Fast food meals per 0 poor SRH 1381 1765.63 2438340.00
week 1 good SRH 1909 1558.59 2975355.00
Total 3290
Number cigarettes per 0 poor SRH 457 419.41 191671.50
day 1 good SRH 352 386.29 135973.50
Total 809
Wine drinks per week 0 poor SRH 1138 1342.06 1527265.50
1 good SRH 1743 1505.60 2624255.50
Total 2881
Beer drinks per week 0 poor SRH 1139 1435.29 1634801.00
1 good SRH 1743 1445.55 2519602.00
Total 2882
Liquor drinks per 0 poor SRH 1139 1489.86 1696949.00
week 1 good SRH 1743 1409.90 2457454.00
Total 2882
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Classification tree analysis

In the study sample (n=3649), 58.5% of individuals had good self-rated health, and
41.5% (n=1514) had poor self-rated health. The classification tree structure is
shown in Figure 2 with further detail in Table 4. There were 15 terminal nodes in
the classification tree model and an overall misclassification rate of 31% based on
cross-validation. There were 8 nodes with predominantly good self-rated health,
ranging from 54.9% of the subgroup to 92.9%. There were 7 nodes with
predominantly poor self-rated health, ranging from 50.3% of the subgroup to
84.7%. The primary split of the sample was on physical activity rating. The other
variables selected for classification in the model were total family income, serious
on-going health problem, highest year of school completed, perception that
neighbours can be trusted, difficulty paying for basics, history of high blood
pressure, on-going difficulty with job or working ability, and number of cigarettes
smoked per day.

The normalized importance of the independent variables is shown in Figure 3, and
detail of values in Table 5. Physical activity rating was the highest. The next 5 were
those splitting variables that appeared in the final classification tree model: chronic
burden from serious on-going health problems, highest year school completed, total
family income, difficulty paying for basics, and history of high blood pressure.
Race/ethnicity appears next which was also a discriminating factor between the
subgroups with the highest proportions of good and poor self-rated health.

The subgroup (node 1) that was more than moderately active or very active, had a
higher proportion of good self-rated health of 79.8% (n=939) compared with the
total study sample, and those who were moderately to physically inactive. The
higher physical activity group in Node 1 was further split by total family income.
Where this was less than $25,000 - $34,999, the proportion of good self-rated health
was lower at 59.9% (n=163), and the group was not split further by other predictors
(terminal node 3). In the subgroup with total family income greater than $25,000 -
$34,999 (node 4), the proportion of good self-rated health was higher at 85.7%
(n=776).

In the second pathway from node 2, in the presence of a serious on-going health
problem, 75.8% (n=449) of the group were classed in the poor self-rated health
category, a higher proportion than in the total population and in node 5. In the next
split, whether respondents felt that they could trust their neighbours also had an
impact on proportion of poor self-rated health in the subgroup. The subgroup (node
12) who reported that people in their neighbourhood could not be trusted, had a
higher fraction of poor self-rated health at 84.7% (n=238) compared with those who
felt they could, proportion of poor self-rated health, 67.8% (n=211).
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Figure 2: Classification Tree Analysis (see Table 4 for further detail)

self rated
health category

poor SRH :
I ® good SRH |
I

physical activity
ratin:
Improvement=0

more than moderately
moderately active; less
active; very than
active moderately
active;
physically
inactive
=
total family serious ongoing
income health
Improvement=0 problems (self}
-008 longer than 6
months
Improvement=0
.025
<= §25,000 - > §25,000 - no yes, but not
$34,999 §$34,999 very stressful;
yes, moderately
stressful; yes,
very stressful
Node 3 Node 4
=
serious ongoing highest year can trust
health school neighbours
problems (self} completed Improvement=0
longer than 6 Improvement=0 .002
months -012
Improvement=0
.003
no; yes, but not  yes, moderately <= college > college can trust cannot trust
very stressful stressful; yes, neighbours neighbours
| very slrelssful
Node 7 Node 8 Node 9 Node 10 Node 11
=
high BP difficulty paying high BP highest year
Improvement=0 for basics Improvement=0 school
.002 Improvement=0 .00s completed
.003 Improvement=0
.002
nlu yTs nlo yels nlo yes <= (iallege > (olllege
Node 13 Node 14 Node 15 Node 16 Node 17 Node 18 Node 19 Node 20
Ll =l (mm B =N Be B (B
highest year ongoing physical activity number cigs per
school difficulties with rating day
completed job or working Improvement=0 Improvement=0
Improvement=0 ability longer .003 .002
-001 than 6 months
Improvement=0
.002
<= college > college no yes, but not moderately  less than <= 125 > 12.5
very stressful; active moderately
yes, moderately active;
stressful; yes, physically
very stressful inactive
Node 21 Node 22 Node 23 Node 24 Node 25 Node 26 Node 27 Node 28

=0 LN

£0)

T

=l mm

28

B (B



Table 4: Classification tree (Figure 1) nodes in table format

0 poor SRH 1 good SRH Total
Node N Percent N Percent N Percent
0 1514  41.5% 2135 58.5% 3649 100.0%
1 238  20.2% 939 79.8% 1177 32.3%
2 1276  51.6% 1196  48.4% 2472 67.7%
3 109 40.1% 163  59.9% 272 7.5%
4 129  14.3% 776  85.7% 905 24.8%
5 827  44.0% 1053  56.0% 1880 51.5%
6 449  75.8% 143 24.2% 592 16.2%
7 102 12.1% 740 87.9% 842 23.1%
8 27 42.9% 36 57.1% 63 1.7%
9 497  55.4% 400 44.6% 897 24.6%
10 330 33.6% 653  66.4% 983 26.9%
11 211 67.8% 100 32.2% 311 8.5%
12 238 84.7% 43  15.3% 281 7.7%
13 75  10.0% 674  90.0% 749 20.5%
14 27  29.0% 66 71.0% 93 2.5%
15 325 50.3% 321 49.7% 646 17.7%
16 172 68.5% 79  31.5% 251 6.9%
17 263 30.2% 609  69.8% 872 23.9%
18 67 60.4% 44  39.6% 111 3.0%
19 122 772% 36 22.8% 158 4.3%
20 89 582% 64 41.8% 153 4.2%
21 32 221% 113 77.9% 145 4.0%
22 43 7.1% 561 92.9% 604 16.6%
23 205 45.1% 250 54.9% 455 12.5%
24 120 62.8% 71 37.2% 191 5.2%
25 151  24.6% 462  75.4% 613 16.8%
26 112 43.2% 147 56.8% 259 7.1%
27 31 585% 22 415% 53 1.5%
28 36 62.1% 22 37.9% 58 1.6%
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Figure 3: Normalized importance (see table 5 for further detail)
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Table 5: Normalized importance (values >10%)

Independent Variable Importance
Independent Variable Importance Normalized
Importance
Physical activity rating .051 100.0%
Serious personal ongoing health problems longer than 6 .028 55.1%
months
Highest year school completed .023 45.6%
Total family income .018 36.2%
Difficulty paying for basics .018 35.5%
High blood pressure .016 30.9%
Race / ethnicity .013 26.4%
Ongoing financial strain longer than 6 months .012 22.7%
Difficulty paying for medical care .011 21.3%
Difficulty getting health services .010 19.4%
Can trust neighbors .010 19.2%
Diabetes .008 15.8%
Optimistic for future .008 15.4%
People help neighbors .007 14.0%
Still smoke cigs regularly .007 13.7%
Number cigs per day .007 12.9%
Neighbors share values .007 12.8%
Racial discrimination at work .007 12.8%
Neighbors get along .006 11.9%
Ever used crack .006 11.5%
Wine drinks per week .006 11.1%
Control over events .006 11.0%
Beer drinks per week .006 10.9%
Growing Method: CRT
Dependent Variable: self rated health category
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[ separately compared the characteristics of two subgroups identified in the
classification tree model with the rest of the study population based on psychosocial
and socioeconomic variables that did not appear as splitting variables in the final
CART model:

(1) Node 22 which had the highest proportion of good self-rated health (92.9%,
n=561) - characterized by higher physical activity rating; higher income
bracket; no serious on-going health burden to self; or if present, not very
stressful; no history of hypertension; highest year of school completed is
graduate level.

(2) Node 12 which had the highest proportion of poor self-rated health (84.7%,
n=238) - characterized by lower physical activity rating; serious on-going
personal health problem; perception that people in neighbourhood cannot be
trusted.

Comparing proportions with z tests, membership in node 22 was also associated
with being white, owning a home, being employed, feeling that friends and family
care and can be relied upon, perception of neighbours helping each other, getting
along, sharing values, and the neighbourhood being close knit. Node 22 had a
significantly higher proportion of respondents who felt that they had control over
life events, were not helpless dealing with life problems, and were optimistic for the
future (Table 6).

Membership in node 12 was associated with being black, not owning a home, being
unemployed, not feeling that family and friends care, or can be relied upon for
support, perception that neighbours don’t help each other, the neighbourhood is not
close knit, neighbours don’t get along, don’t share values. Respondents felt they had
no control over life events, felt helpless dealing with life problems, and were not
optimistic for the future (Table 7).

Table 6: Characteristics of node 22 subgroup (highest proportion good self-
rated health) compared with remainder of study population 2

Membership in node 22
No (Remainder of study Yes (Node 22

population) subgroup)
(A) (B)
Race/ethnicity 3 Hispanic
4 Black, not Hispanic B
5 White, not Hispanic A
Own home 0 no B
1yes A
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Unemployed 0 no A
1yes
Friends family support 0 don’t feel friends/family B
care
1 feel friends/family care A
Rely on friends family 0 cant rely on friends and B
family
1 can rely on friends/family A
People help neighbors 0 neighbors don’t help each B
other
1 neighbors help each other A
Close-knit neighborhood 0 neighborhood not close B
knit
1 close knit neighborhood A
Neighbors get along 0 neighbors don’t getalong B
1 neighbors get along A
Neighbors share values 0 neighbors don’t share B
values
1 neighbors share values A
Control over events 0 no control over events B
1 control over events A
Helpless dealing with life 0 not helpless dealing with A
problems life problems
1 helpless dealing with life B
problems

Optimistic for future 0 not optimistic about future B

1 optimistic about future A

Results are based on two-sided tests with significance level 0.05. For each significant pair, the key of the
category with the smaller column proportion appears under the category with the larger column proportion.

a. Tests are adjusted for all pairwise comparisons within a row of each innermost sub table using the
Bonferroni correction.
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Table 7: Characteristics of node 12 subgroup (highest proportion poor self-

rated health) compared with remainder of study population?

Membership in node 12

No (Remainder of study

Yes (Node 12

population) subgroup)
(A) (B)

Race/ethnicity 3 Hispanic
4 Black, not Hispanic A
5 White, not Hispanic B

Own home 0 no A
1yes

Unemployed 0 no
1yes A

Friends family support 0 don’'t feel friends/family A
care
1 feel friends/family care B

Rely on friends family 0 cant rely on friends and A
family
1 can rely on friends/family B

People help neighbors 0 neighbors don’t help each A
other
1 neighbors help each other B

Close-knit neighborhood 0 neighborhood not close knit A
1 close knit neighborhood B

Neighbors get along 0 neighbors don'’t get along A
1 neighbors get along B

Neighbors share values 0 neighbors don’t share values A
1 neighbors share values B

Control over events 0 no control over events A
1 control over events

Helpless dealing with life 0 not helpless dealing with life B

problems problems
1 helpless dealing with life A
problems

Optimistic for future 0 not optimistic about future A

1 optimistic about future

B

Results are based on two-sided tests with significance level 0.05. For each significant pair, the key of the
category with the smaller column proportion appears under the category with the larger column proportion.

a. Tests are adjusted for all pairwise comparisons within a row of each innermost subtable using the
Bonferroni correction.
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Discussion

This study found that multi-domain health determinants - lifestyle (physical
activity), social and community influences (neighbourhood cohesion), living and
working conditions (education, income, and adequacy of resources) - are associated
with self-rated health in the study sample. I also found that combinations of these
factors differ by population subgroup. Physical activity rating emerged as the most
important variable in classification with a higher level of physical activity associated
with good self-rated health. Of interest is that in those with higher physical activity,
there appears to be interaction of lifestyle and medical factors with socioeconomic
factors, income and education. In the classification tree, with similar levels of
physical activity or chronic burden related to a serious health problem, subgroups
with higher income or education were also those with higher proportions of good
self-rated health. Furthermore, the subgroup with even moderate activity (node 25,
75.4%, n=462) had a higher proportion of good self-rated health compared with less
than moderate or no physical activity (node 26, 56.8%, n=147). The overall
misclassification rate for the single tree of 31% is similar to that found in previous
studies using classification tree analysis (71, 76).

Node 4 represented a subgroup with higher physical activity rating and higher
income. When this was split on history of a serious personal on-going health
problem, lack of associated stress was associated with a higher proportion of good
self-rated health, (node 7, 87.9%, n=740) than when some degree of stress was
present (node 8, 57.1%, n=36). Information on the nature of this stress was
unavailable in our dataset but appears relevant to explore further as an element
potentially amenable to intervention. Psychosocial factors, such as social support,
positive social relationships, an optimistic outlook on life, perceived control over life
outcomes, and a sense of purpose and direction in life, have been identified as health
protective factors; psychosocial factors also influence positive health behaviors
(77). Previous studies have shown that in populations with chronic illness and
disability, psychological resources, particularly a sense of high mastery and self-
esteem were shown to associate with better self-rated health (44, 54).

In the comparison of nodes 22 and 12, race/ethnicity, home ownership and
employment status emerged as differences in profiles between the two groups. The
subgroup with the highest proportion of good self-rated health (node 22, 92.9%)
had a statistically significant higher proportion of respondents who were white,
owned their home and were employed. This subgroup was also characterised by
higher physical activity rating, income greater than $25,000, no serious on-going
health problem, or one not associated with stress, and highest year of education as
beyond college (i.e. Graduate School). The subgroup with the highest proportion of
poor self-rated health (node 12, 84.7%) had a statistically significant higher
proportion of respondents who were black, did not own their home and were
unemployed. This subgroup was also characterised by lower physical activity
rating, severe on-going health problems and lack of trust in their neighbors.
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[ dichotomized the outcome variable, self-rated health, into ‘good’ and ‘poor’
categories. This meant that original responses of good were grouped with poor or
fair. I chose to separate the very good and excellent responses into one group, as
they were more definite positive statements of better health. Respondents may
have regarded a response of good, being the center of a 5-point scale, as a neutral or
‘average’ value. This also resulted in more equal group sizes. Fair and good self-
ratings of health have been associated with higher mortality; risk is not associated
solely with the poor group but there is a gradient (4). A limitation of this study is
the use of cross-sectional data so that I report only associations rather than
determinants of self-rated health. Though the predictor variables were selected
from an existing strong dataset to represent multiple layers of influences on health,
a few may not optimally represent the characteristic of interest. For example, diet is
included only by way of fast food intake. Nevertheless, the CARDIA dataset has
allowed me to consider several multi-domain variables relating to the ecological
model of health (58, 60), and thus conduct a valuable exploratory study.

In the bivariate analysis, using the chi-square test, a few predictor variables were
not significantly associated with self-rated health at the p<0.05 level, or the test was
invalid due to small cell numbers. However, I chose to include these in the
classification model. My interest was in exploring the way in which multilevel
factors could potentially interact in different population subgroups leading to
different health outcomes, even if alone they would not necessarily be independent
predictors. Effect modification would be relevant in the context of public health
action as there may be additional risk or protection with regard to health outcomes
depending on how variables interact. In addition, for some factors the test results
may have been invalid simply due to small cell numbers.

Classification tree modelling has a number of advantages. It is a non-parametric
technique, which is valuable when dealing with such a broad set of predictor
variables, and a large sample size. Missing variables can be adjusted for within the
analysis, and since the structure of the classification is apparent, the results in terms
of population subsets are relatively easy to interpret. Responses that were classed
as ‘don’t know’ in the original CARDIA data collection were labeled in this study as
‘missing’. It is possible that this could introduce some bias if people who responded
to certain questions with ‘don’t know’ were more likely to have a particular self-
rated health status. A further limitation is that this is a non-probabilistic method.
There is no rigorous theory for providing inference on the structure of the tree; my
interpretation of the tree is entirely exploratory and the results are interpreted in
that light. As noted above, single tree structures are unstable, and small variations in
the data can produce very large variations in the structure of the tree, even though
the prediction accuracy might not vary much at all. To address this, | extend the
analysis in chapter 4 to include random forests.

Earlier studies have used parametric multivariate regression to identify correlates
of self-rated health, and independent determinants, and establish which domain of
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health determinants is most important for predicting self-rated health. As the
setting and study population have differed by age, geography and occupation,
therefore unsurprisingly, the determinants of health have differed across the
population groups. In other populations, researchers have concluded that self-rated
health is largely determined by physical and mental health as opposed to non-health
circumstances too. This study also suggests earlier findings that have demonstrated
an association between lower self-reported health, and lower income, less education
and being black. However, rather than seeking to reach a consensus on the
determinants of self-rated health across entire populations, this study adds that
there is value in determining the different influences among population subgroups,
and acknowledging and addressing these when designing interventions to improve
health outcomes.

Knowledge of the relationship between single predictors and outcomes is clearly
essential. However, the strength of conceptualising the potential determinants of
self-rated health or other health outcomes using this type of analytic approach is
that classification trees build upon individual factor-outcome relationships, and add
detail on interactions and multilevel contributions. This may be a better reflection
of how multiple influences on health interact in practice, where relationships
between health determinants are not necessarily simple or represented by linear
models. Single elements of the broad range of health determinants reflect only
some aspect of health but without consideration of cofactors, are incomplete
predictors of overall health status (78). Studies have shown that biomedical risk
factors account for only a fraction of ill health. The results of the Whitehall study,
for example, highlighted that traditional ‘medical’ risk factors (such as cholesterol
level, smoking, systolic blood pressure, and diabetes) explained only a third of the
observed socioeconomic gradient in health (79). Thus upstream factors, or at least
the impact of the 'causes of the causes’ (73) have to be considered in tandem with
other foci of health promotion programs, even if they may be more difficult to
remedy.

The classification tree model also divides the population into population subgroups
that are relatively homogenous in terms of outcome. This offers greater insight into
needs of distinct subgroups rather than modelling an average relationship across
the population (69, 70). This is particularly of relevance when the goal is to inform
interventions. For example, BeLue et al. (71) demonstrated this in a study applying
classification tree analysis to a population of US adolescents aged 12-17 years.
Youth obesity is caused by multiple factors. The findings that obesity-related risk
and protective factors emerged differently among distinct socio-demographic
subgroups of the adolescent study population indicate that interventions that work
for one subgroup may not be optimal for another. Intervention would need to be
tailored to meet the needs of different subgroups. Friel et al. (76) applied
multivariate classification tree analysis to study the profiles (by way of socio-
demographic, socioeconomic factors and health-related lifestyle behaviors) of adults
who comply with fruit and vegetable dietary recommendations. This was based on
the rationale that food choice is complex and influenced by economic social and
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environmental context. Social characteristics were not the same for males and
females in terms of relative importance in predicting fruit and vegetable
consumption. This has implications for setting dietary strategies and policy.

[ am not aware of previous work that has applied a classification model to self-rated
health in order to consider population subgroups and interacting multilevel factors
in this way. The results of this initial exploratory study raise issues that are relevant
to public health practice. Lifestyle choices are rooted in our socioeconomic context.
Thus, even if we are interested in intervention only on behavioral factors, such as
physical exercise, smoking or alcohol consumption, there is value in understanding
the concurrent upstream setting of living and working conditions, and how other
factors might be associated with, and influence or restrict, these choices.
Contextualizing risk factors is important if action is to be taken on the “fundamental
factors that put people at risk of risks” (80)(p.85). Second, multivariate logistic
regression models demonstrate the average relationship between predictor and
outcome over the population. Classification tree analysis can serve as an initial tool
to suggest population subgroups that might have homogenous risks of disease or an
outcome. Intervention strategies can be developed and tailored to address these
unique characteristics and needs within subgroups. A better understanding of
need-based on multilevel health determinants would allow typically limited
resources to be targeted. Third, a central message of the Marmot Report, Fair
Society, Healthy Lives (81), was the need for proportionate universalism. In order to
reduce the steepness of the gradient in health, we need to engage in a population
approach but target those most in need. Health is shaped in a complex manner. The
impact upon health of a single exposure or risk factor may vary across the
population depending on position on the gradient, and therefore through coexisting
factors and specific socioeconomic context. This concept is analogous to the
framework used by infectious disease epidemiologists, in which there is
consideration of the agent, the host, and susceptibility, or the environment. A better
understanding of how these multi-domain factors come together in population
subgroups is essential to designing public health interventions that are most
suitable for the individuals they target.
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Chapter 3 Characteristics associated with self-rated health in the
CARDIA Study: a study of population subgroups along a
socioeconomic gradient

Introduction

To reduce health inequalities and the steepness of the socioeconomic gradient in
health, the Marmot report recommends proportionate universalism (81). This
requires a population approach to public health action that also includes targeting
those most in need. A Kkey first step in this process is to understand the influences
on health outcomes amongst different population subgroups. This is essential to
designing public health interventions that are most appropriate for the individuals
they target.

In this study, I investigate the distribution of known health determinants across
socioeconomic groups, in a population drawn from the CARDIA study (Coronary
Artery Risk Development in Young Adults), and explore the factors associated with
self-rated health within different socioeconomic groups.

Self-rated health is a key parameter gathered in many health surveys (12-14, 16). It
is known to be an independent predictor of a range of future health outcomes,
including functional ability (18, 19), morbidity (20) and health care utilization (21).
Several other studies have examined the relationship of self-rated health with
mortality, and found that the association persists independently of numerous
objective indicators (1). Therefore, in a public health context, for high proportions of
populations to report good subjective health is in itself an important end point.

Ecological models reflect the multiple wider influences on health and the
interactions between them that determine health; in addition to addressing
biological risk factors, public health action should regard the impact on health of
these upstream environmental, social and behavioral factors, and develop
appropriate policy (58). Given the complexity of the socioeconomic status and
health gradient, Adler et al. (82) suggested that a number of conceptual and
methodological issues have constrained earlier research. It is difficult to unravel in
full the mechanisms that might contribute to the gradient using only analysis
techniques such as parametric multivariate regression. These methods are limited
in their ability to capture a large number of multi-domain interrelated variables
(78). In this paper, I aim to capture the joint impact and relative importance of
multi-domain health determinants in relation to the chosen outcome measure, self-
rated health, by applying classification tree analysis. Classification tree analysis is a
form of recursive partitioning. This method is useful in uncovering the predictive
structure of a problem, that is, to try and gain an understanding of the conditions in
terms of explanatory variables that determine which class (of outcome) an
individual is in (65). Classification tree methods may capture information such as
particular interactions not reflected in traditional parametric analysis (68). The
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method is particularly useful when the aim is to identify differences, and appreciate
specific features, of subgroups; seeing the relative importance of different factors
may also shed light on where action could be prioritized (69).

Lower social position is related to greater exposure to hazardous behavioral,
psychosocial and material risk factors (83, 84). Resources available to those in
higher socioeconomic positions afford a better chance of protection from disease
risk and the consequences of illness (80). This supports the notion that public
health intervention across the gradient needs to be proportionally weighted
depending on need. However, it is unclear whether the relative importance of
factors, in terms of impact on health outcomes, remains the same between different
socioeconomic groups. Dahlgren and Whitehead recommend that reduction in
health inequities will be aided by an understanding of which risk factors are
important for different socioeconomic groups, and whether these differ from those
for the overall population (83). I investigate this further in this study, and
hypothesize that the combinations of factors associated with health outcomes differ
between population subgroups, based on lifestyle choices, psychosocial factors, and
living and working conditions. This would imply that an intervention that is
appropriate for one subgroup would not be optimal for another due to differing
priorities and need (71). If this is the case, such knowledge has value in the context
of public health action.

In this study, I divide the data sample from the CARDIA study into groups based on
total family income to represent socioeconomic status. I then investigate the health-
related factors associated with self-rated health within the different population
subgroups. Using classification tree analysis, my goal is to understand whether
these differ across the socioeconomic gradient.

Methods

[ utilized cross-sectional data collected as part of the CARDIA study, a United States
cohort study started in 1985 to investigate the development of coronary artery
disease risk factors in a young adult population. For this study, data were taken
from the year 15 examination of the cohort, conducted in 2000-2001, through
interviewer and self-administered questionnaires (with the exception of
race/ethnicity information taken from the 1985-1986 data collection, and family
history information taken from the 1995 data collection). In year-15, data were
collected on both self-rated health and a broad range of health-related factors of
interest in this study. Though similar data were collected in later years, I was
interested in an initial study of a relatively young adult population. From an original
total of 5115 participants, 3672 were followed up in year 15. From the year 15

40



group, all participants who had a response for self-rated health, and were coded as
male or female, were included in the final study sample of 3649 participants.

For each individual in the study sample, data were available for self-rated health,
and a wide range of multi-domain health determinants (Table 1). I selected the
variables based on the Dahlgren and Whitehead model on the determinants of
health (60) to include age, sex and hereditary factors; individual lifestyle factors;
social and community influences, and living and working conditions.

In the CARDIA study, self-rated health was assessed on a five-point scale, by the
question, “In general would you say your health is excellent, very good, good, fair or
poor?” Responses were categorized by grouping together excellent or very good as
‘good’ self-rated health, and responses of good, fair or poor, as ‘poor’ self-rated
health. I chose to separate the very good and excellent responses into one group, as
they were more definite positive statements of better health. Respondents may
have regarded a response of good, being the center of a 5-point scale, as a neutral or
‘average’ value. This also resulted in more equal group sizes. Indicator variables
were created for a number of variables as outlined previously in chapter 2 (page 18,
Table 1).

Data Analysis

Data analysis was carried out using IBM SPSS Statistics v19.0.0. In the CARDIA
study, respondents were asked to report their total family income over the previous
12 months. [ split the CARDIA study sample into 5 groups based on income
category. I used the Mantel-Haenszel chi-square test for trend to assess the
relationship between the multi-domain predictor variables and ordinal income
categories.

For each income category subgroup, I ran a classification tree analysis using the
predictor variables (see chapter 2, page 18, Table 1 for more detail), excluding total
family income. Classification trees were used to segment the population, and
identify the variables selected by the model as associated with self-rated health.
With the smaller samples for each tree analysis, [ proportionately reduced the tree
growing criteria to a minimum parent node size of 20 and child node size of 10
(compared with the full sample classification tree analysis in chapter 2). Again, as
emphasized in chapter 2, one has to consider this as exploratory data analysis as
such an estimate of variable importance is not a robust measure (since small
changes in the data can result in large changes in the structure of the tree, as well as
variables selected). However, it serves as an interesting tool for highlighting
potential risk groups in future studies.
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Table 1: Multi-domain health determinants drawn from the CARDIA study

Level 1: Age, sex & hereditary factors
Age

Sex

Race / Ethnicity

Family history of medical conditions

Level 2: Individual lifestyle factors
Medical history

Diet

Physical activity

Smoking

Alcohol

Tobacco

[llicit drug use

Level 3: Social & community influences
Social support / network
Feeling that friends and family care
Can rely on friends and family
Sense of close-knit neighborhood, neighborhood cohesion
Neighbors help each other
Live in close-knit neighborhood
Neighbors can be trusted
Neighbors generally get along with each other
Neighbors share the same values

Level 4: Living & working conditions
Education
Income
Housing - rent or own house
Employment - working versus unemployed
Control and adequacy of resources
Difficulty paying for basics or medical care
Medical insurance
Access to health services
Experience of discrimination due to gender, race/ethnicity or colour,
socioeconomic position, or social class in 7 settings (at school, getting a job, getting
housing, at work, at home, getting medical care, on the street, or in a public setting)
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Results

The income distribution for the CARDIA study sample is shown in Table 2. Data on
total family income was available for 3605 respondents. As noted above, the study
sample was divided into 5 subsets based on income. The categories formed, and the
size of the study sample population in each, are shown in Table 3. The proportions
of the study sample within each category were: 16% under $25,000; 25.3%
$25,000-$50,000; 21.9% $50,000 -$75,000; 14.6% $75,000 - $100,000; and 22.1%
$100,000 and over.

Table 4 shows the distribution of the predictor variables by income category. Using
the Mantel-Haenszel chi-square test for trend, there was a significant association
(p<0.05) between income category and self-rated health status. There was also a
social gradient for a number of predictor variables related to lifestyle, social
influences, and living and working conditions. For the indicators of chronic burden,
there were significant associations between 3 of the indicators and income category
using the chi-square test for independence (p<0.05). The specific indicators for
which there were associations were experience of strain for longer than 6 months
due to serious on-going personal health problem; on-going financial strain; or on-
going difficulties in a relationship with someone close.

Table 2: Income distribution in the CARDIA study sample

Value Count  Percent

Values 1 < $5,000 87 2.4%
2 $5,000 - $11,999 140 3.8%

3 $12,000 - $15,999 112 3.1%

4 $16,000 - $24,999 239 6.5%

5 $25,000 - $34,999 342 9.4%

6 $35,000 - $49,999 569 15.6%

7 $50,000 - $74,999 791 21.7%

10 $75,000 - $99,999 527 14.4%

11 2$100,000 and 798 21.9%

greater
Total 3605 1.2%
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Table 3: Income categories based on total family income

Frequency Percent Valid Percent Cumulative Percent

Income 1 under $25,000 578 15.8 16.0
category 2 $25,000-$50,000 911 25.0 25.3
3 $50,000-$75,000 791 21.7 21.9
4 $75,000- 527 14.4 14.6
$100,000
5$100,000 plus 798 219 221
Total 3605 98.8 100.0
Missing 4 1.2
Total 3649 100.0

16.0
41.3
63.2
77.9

100.0

Table 4: Distribution of selected predictor variables by income category and
Mantel Haenszel chi-square test for trend

Variable Income categories N (% within income category)
<$25,000 $25,000- $50,000- $75,000- $100,000 | Total p value
$50,000 $75,000 $100,000 plus for chi -
square
test for
trend:
linear-by-
linear
association
Self-rated health
Poor 361 (62.5) 451 (49.5) 305 (38.6) 193 (36.6) 183 (22.9) | 1493
Good 217 (37.5) 460 (50.5) 486 (61.4) 334 (63.4) 615 (77.1) | 2112 <0.05
Sex, race/ethnicity and hereditary factors
Male 215 (37.2) 392 (43.0) 327 (41.3) 254 (48.0) 404 (50.6) | 1591
Female 363(62.8) 519 (57.0) 464 (58.7) 274 (52.0) 394 (49.4) | 2014 <0.05
Hispanic 4(0.7) 3(0.3) 2(0.3) 0(0) 2(0.3) 11 <0.052
Black 431 (74.6) 529 (58.1) 344 (43.5) 210 39.8) 167 (20.9) | 1681
White 143 (24.7) 379 (41.6) 445 (56.3) 317 (60.2) 629 (72.8) | 1913
Maternal 97 (20.6) 120 (15.2) 109 (15.4) 53 (11.4) 54 (7.6) 433 <0.05
diabetes
Maternal 246 (55.0) 348 (47.5) 294 (45.2) 190 (45) 226 (34.1) | 1304 <0.05
high
blood
pressure
(BP)
Maternal 52 (10.8) 49 (6.1) 54 (7.6) 21 (4.4) 27 (3.8) 203 <0.05
stroke
Maternal 45 (10.0) 72 (9.5) 52 (7.7) 47 (10.5) 36 (5.2) 252 <0.05
angina

44




Maternal 59 (12.4) 64 (8.0) 40 (5.6) 29 (6.2) 24 (3.4) 216 <0.05
heart

attack

Paternal 58 (15.6) 108 (16.1) 78 (12.5) 57 (13.1) 83 (12.3) 384 <0.05
diabetes

Paternal high | 163 (48.4) 265 (45.4) 250 (43.8) 186 (48.3) 272 (44.7) | 1136 >0.05
BP

Paternal 46 (12.2) 80 (11.6) 64 (9.9) 44 (10.0) 43 (6.3) 277 <0.05
stroke

Paternal 58 (16.7) 93 (15.3) 77 (13.3) 65 (16.3) 119 (18.8) | 412 >0.05
angina

Paternal 78 (20.9) 149 (21.5) 108 (16.6) 102 (23.1) 143 (21.2) | 580 >0.05
heart

attack

Lifestyle factors and medical history

High BP 153 (26.7) 162 (18) 113 (14.4) 90 (17.2) 78 (9.8) 596 <0.05
High 80 (14.4) 151 (17.1) 142 (18.3) 93 (18.1) 163 (20.7) | 629 <0.05
Cholesterol

Heart disease | 70 (12.3) 97 (10.8) 90 (11.5) 52 (10.1) 94 (11.9) 403 >0.05
Diabetes 42 (7.4) 61 (6.8) 39 (4.9) 31 (5.9) 33 (4.1) 206 >0.05
Transient 10 (1.7) 4(0.4) 10 (1.3) 4(0.8) 1(0.1) 29 <0.05
Ischemic

Attack /

stroke

Asthma 84 (14.7) 114 (12.6) 94 (11.9) 61 (11.6) 86 (10.8) 439 <0.05
Chronic 36 (6.3) 59 (6.5) 31 (3.9) 16 (3.0) 17 (2.1) 159 <0.05
bronchitis

Liver Disease | 27 (4.7) 18 (2.0) 16 (2.0) 10 (1.9) 17 (2.1) 88 <0.05
Epilepsy 22 (3.8) 9 (1.0) 8(1.0) 7 (1.3) 6 (0.8) 52 <0.05
Nervous 81 (14.1) 66 (7.3) 52 (6.6) 34 (6.5) 33 (4.1) 266 <0.05
emotional or

mental

disorder

Depression 121 (21.1) 152 (16.9) 122 (15.5) 74 (14.1) 97 (12.2) 566 <0.05
Physical 61 (10.6) 69 (7.6) 46 (5.8) 28 (5.3) 28 (3.5) 232

activity

1 inactive <0.05*
2 89 (15.5) 148 (16.3) 163 (20.7) 99 (18.8) 113 (14.2) | 612

3 262 (45.5) 418 (45.9) 364 (46.1) 220 (41.7) 331 (41.5) | 1595

4 78 (13.5) 140 (15.4) 115 (14.6) 107 (20.3) 187 (23.5) | 627

5 very active 86 (14.9%) 135 (14.8) 101 (12.8) 73 (13.9) 138(17.3) | 533

Current 248 (76.1) 244 (63.0) 136 (43.7) 70 (39.3) 87(34.0) 785 <0.05
smoker

Social and community influences

Friends and 533 (92.2) 883 (96.9) 786 (99.4) 522 (99.2) 791 (99.1) | 3515 <0.05
family care

Can rely on 444 (76.8) 768 (84.3) 706 (89.3) 485 (92.2) 740 (92.7) | 3143 <0.05
friends and

family

People help 352 (60.9) 609 (66.8) 605 (76.5) 406 (77.0) 658 (82.5) | 2630 <0.05
neighbors

Close knit 214 (37.0) 337 (37.0) 324 (41.0) 234 (44.4) 416 (52.1) | 1525 <0.05
neighborhood

Can trust 213 (36.9) 453 (49.7) 477 (60.3) 346 (65.7) 607 (76.2) | 2096 <0.05
neighbors

Neighbors get | 307 (53.1) 602 (66.1) 612 (77.4) 414 (78.6) 670 (84.0) | 2605 <0.05
along

45




Neighbors 191 (33.0) 367 (40.3) 389 (49.2) 298 (56.5) 507 (63.5) | 1752 <0.05
share values

Living and working conditions

Own home 183 (31.7) 510 (56.0) 610 (77.1) 452 (85.8) 730 (91.5) | 2485 <0.05
Unemployed 158 (27.4) 63 (6.9) 36 (4.6) 28 (5.3) 38 (4.8) 323 <0.05
Hard to pay 295 (51.1) 245 (27.0) 111 (14.1) 38(7.2) 21 (2.6) 710 <0.05
for basics

Hard to pay 300 (52.0) 243 (26.8) 93 (11.8) 32 (6.1) 33 (4.1) 701 <0.05
for medical

care

Health 371 (64.3) 771 (84.6) 735 (92.9) 507 (96.2) 775(97.1) | 3159 <0.05
insurance

coverage past

2 years

Did not seek 134 (23.2) 112 (12.3) 50 (6.3) 22 (4.2) 24 (3.0) 342 <0.05
medical care

last 2 years

due to cost

Control over 417 (72.1) 746 (81.9) 687 (86.9) 462 (87.8) 736 (92.2) | 3048 <0.05
events

Helpless in 105 (18.2) 98 (10.8) 58 (7.3) 26 (4.9) 28 (3.5) 315 <0.05
dealing with

life problems

Optimistic for | 359 (62.1) 619 (67.9) 563 (71.2) 403 (76.5) 616 (77.2) | 2560 <0.05
future

a5 cells (33.3%) have expected count less than 5. The minimum expected count is 1.61.
*chi-square test reported

Self-rated health

The proportion of ‘good’ (excellent to very good self-rated health) increased with
higher income category, and the proportion of ‘poor’ (good, fair or poor) self-rated
health decreased.

Sex, race/ethnicity and hereditary factors

There was an increasing proportion of males and whites with higher income. There
was an inverse social gradient for the proportion of respondents with family history
of maternal diabetes, maternal blood pressure, maternal stroke, maternal heart
attack, and paternal diabetes and paternal stroke. Higher income groups had higher
age respondents (Table 5).

Lifestyle factors and medical history

Medical conditions showing a significant inverse social gradient included high blood
pressure, diabetes, stroke, asthma, chronic bronchitis, liver disease, nervous/
emotional or mental disorder, and depression. There was no significant trend for
heart disease in this study sample, and the proportion of respondents with high
cholesterol increased with higher income. The chi-square test was significant
(p<0.05) for the relationship between physical activity rating and income category.
The lowest income category (< $25,000) had a higher proportion of respondents
who rated themselves physically inactive compared to the highest income category
($100,000 plus). Wine drinks per week increased with income category, and fast
food consumption, beer and hard liquor (bourbon, vodka, etc.) drinks per week
decreased with income category (Table 5).
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Social and community influences

There were significant social gradients for social and community influences. Larger
fractions of respondents in higher income categories reported good social support
and sense of neighbourhood cohesion (Table 4).

Living and working conditions

The proportion of home ownership increased with higher income category, and
unemployment decreased. There was an inverse social gradient for proportion of
respondents reporting difficulty in paying for basics and medical care, and not
seeking medical care due to cost. The proportion of respondents with health
insurance over the previous two years increased with higher income category.
Respondents in higher income categories were also more likely to be optimistic for
the future, have a feeling of control over life events and be less likely to report
feeling helpless in dealing with life problems (Table 4).
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Table 5: Kruskall-Wallis test for continuous variables

Income N Mean Rank p value

categories

1 under $25k 578 1721.02

2 $25k to

$50k 9211 1713.82

3 $50k to 791 178114  p<0.05
Age (years) $75k

4 $75k to

$100k 527 1830.34

5$100k+ 798 1967.8

Total 3605

1 under $25k 527 1652.03

2 $25k to

$50k 843 1744.65
Fast food 2 $§’]?k to 712 1669.79  p<0.05
meals per 7
week 4 $75k to

$100k 489 1568.58

5$100k+ 683 1462.08

Total 3254

1 under $25k 392 1272.1

2 $25k to

$50k 675 1314.13

3 $50k to
Wine drinks $75k 626 1351.49 p<0.05
per week 4$75k to

$100k 427 1425.96

5$100k+ 731 1675.66

Total 2851

1 under $25k 393 1640.29

2 $25k to

$50k 675 1433.56

3 $50k to
Beerdrinks  §75k 626 1337.31 p<0.05
per week 4$75k to

$100K 427 1366.21

5$100k+ 731 1416.64

Total 2852

1 under $25k 393 1545.7

2 $25k to

$50k 675 1442.39
Liquor §7$;]?k to 626 135581  p<0.05
drinks per
week 4 $75k to

$100k 427 1430.93

5$100k+ 731 1405.69

Total 2852
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Classification tree analysis

Classification tree analysis was carried out on each income category and used self-
rated health as the outcome measure:

Under $25,000 subgroup:

The proportion of the subset with poor self-rated health was 62.5% (n=361), and
with good self-rated health was 37.5% (n=217). The classification tree is shown in
Figure 1. There were 3 terminal nodes with predominantly good self-rated health
ranging from 55.6% to 87.5%. The overall misclassification rate based on cross-
validation was 38%. There were 6 terminal nodes with predominantly poor self-
rated health ranging from 58.1% to 95.7%. The primary split of the sample was on
presence of a serious ongoing health problem. The other variables selected in the
model were family history of paternal angina, history of high blood pressure, ability
to rely on friends and family for support, consumption of fast food meals per week,
number of cigarettes smoked per day, ongoing difficulties in a close relationship,
and ongoing financial strain. Factors associated with a relatively higher proportion
of good self-rated health are low number of cigarettes per week, relying on friends
and family and not eating fast food meals. In terms of normalized importance (Table
6), the highest ranking variables also included diabetes, nervous, emotional or
mental disorder, depression, serious ongoing health problems in another close
person, and family history of paternal heart attack.

$25,000 to $50,000 subgroup:

The proportion of the subset with fair to poor self-rated health was 49.5% (n=451),
and with good self-rated health was 50.5% (n=460). The classification tree is shown
in Figure 2. There were 18 terminal nodes - 12 with predominantly poor self-rated
health (highest 96.7%) and 6 with predominantly good self-rated health (highest
92.9%). The overall misclassification rate based on cross-validation was 37%.
Factors selected by the model included: physical activity, nervous/emotional or
mental disorder, serious ongoing health problem, current smoker, cigarettes per
day, neighbors help each other, social class discrimination getting housing, highest
year of school completed, ongoing financial strain, number of cigarettes per day,
paternal diabetes, ongoing difficulties in a close relationship. Physical activity was
the most important variable by normalized importance (Table 6).
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Figure 1: Classification tree for income category under $25,000

self rated health category
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Classification tree for income category $25,000-$50,000

Figure 2
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$50,000 to $75,000 subgroup:

The proportion of the subset with good self-rated health was 61.4% (n=486), and
with poor self-rated health was 38.6% (n=305). The classification tree is shown in
Figure 3. There were 16 terminal nodes. The overall misclassification rate based
on cross-validation was 30%. Six terminal nodes had predominantly good self-rated
health (highest 95.9%), and 10 had predominantly poor self-rated health (highest
94.4%). Variables selected in the model were physical activity, serious ongoing
personal health problem, smoking (number cigarettes per day), optimism for the
future, alcohol consumption (wine drinks per week), and highest year school
completed. Physical activity was ranked the highest by normalized importance
(Table 6).

$75,000 to $100,000 subgroup:

The proportion of the subset with good self-rated health was 63.4% (n=334) and
with poor self-rated health was 36.6% (n=193) (Figure 4). There were 8 terminal
nodes. The overall misclassification rate based on cross-validation was 34%. Four
terminal nodes had predominantly poor self-rated health (highest 85.7%), and four
had predominantly good self-rated health (highest 82.1%). The highest split was on
number of cigarettes per day. Other variables selected by the model included
physical activity rating, serious ongoing personal health problem. Cigarettes per
day was the highest ranked variable by normalized importance (Table 6).

$100,000 plus subgroup:

The proportion of the subset with good self-rated health was 77.1% (n=615) and
with poor self-rated health was 22.9% (n=183) (Figure 5). There were 5 terminal
nodes, 2 with predominantly poor self-rated health (highest 70.4%) and 3 with
predominantly good self-rated health (highest 93.7%). The overall misclassification
rate based on cross-validation was 23%. Variables selected by the model were
physical activity, high blood pressure and serious ongoing health problems. In the
normalized importance ranking, the variables appearing in the classification tree
were the 3 highest ranked; highest year of education completed was the fourth
ranked variable (Table 6).

52



Classification tree for income category $50,000-$75,000

Figure 3
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Figure 4: Classification tree for income category $75,000-$100,000
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Figure 5: Classification tree for income category $100,000 plus

self rated health category
Node 0
Category % n

® poor SRH  22.9 183
® good SRH 77.1 615

Fm—————
| = poor SRH :
1 = good SRH
b - = 4

physical activity rating

Total

100.0 798

Improvement=0.030

more than moderately active; very

moderately active; less than

active moderately active; physically
inactive
Node 1 Node 2
Category % n Category % n
®poorSRH 8.3 27 ¥ poor SRH 33.0 156
® good SRH 91.7 298 ® good SRH 67.0 317
Total 40.7 325 Total 59.3 473
__ -
higL BP higfll BP
Improvement=0.004 Improvement=0.022
nIo yes nIo yes
Node 3 Node 4 Node 5 Node 6
Category % n Category % n Category % n Category % n
®poorSRH 6.3 19 ® poorSRH 333 8 B poor SRH 28.2 118 ¥ poor SRH 70.4 38
® good SRH 93.7 282 ®m good SRH 66.7 16 m good SRH 71.8 301 m good SRH 29.6 16
Total 37.7 301 Total 3.0 24 Total 52.5 419 Total 6.8 54

O

-

==

N —

serious ongeing L

ealth problems

(self) longer than 6 months
Improvement=0.014

yes, but not very stressful; yes, very
stressful

Node 7
Category % n

M poor SRH 64.1 25
® good SRH 359 14

Total 4.9 39

‘-—

55

no; yes, moderately stressful

Node 8
Category % n

®poor SRH 245 93
® good SRH 75.5 287

Total 47.6 380

-




Table 6 shows the factors associated with self-rated health in each income category
subgroup of the study population.
importance of all the variables appearing in the classification trees; the remaining
values represent the other variables that appeared between the highest and lowest
ranked variables in the tree model, according to normalized importance values. The
combinations of factors associated with health are different by subgroup with no
variables, other than a serious ongoing health problem to self and physical activity,
appearing in all categories.

The shaded boxes show the normalized

Table 6: Combinations of factors chosen by classification tree model for subgroups

in different income categories with normalized importance values

Normalized independent variable importance in classification tree

model (%)
Variable Under $25,000- $50,000- | $75,000- $100,000
$25,000 $50,000 $75,000 | $100,000 plus
Race / 22.6
Ethnicity
Family Paternal angina 46.1
history
Paternal diabetes 19.4 5.9
Paternal stroke 10.9
Medical High BP 28.2 86.9
history
Diabetes 43.2 28.8
Liver disease 7.5
Chronic bronchitis 7.2
Mental nervous 39.4 24.0 6.3
emotion
Depression 38.2 5.9
Lifestyle Fast food meals per 34.0 19.2 12.0
factors week
Physical activity 38.4 100 100 32.2 100
Current smoker 29.7 6.5
Cigarettes per day 47.1 96.2 92.8 100
Ever smoked 5.6
Alcohol wine drinks 24.2 10.7 7.8
per week
Alcohol beer drinks 14.7 9.4
per week
Liquor drinks per 18.2 6.4
week
Drug use ever use 18.1
speed
Living and Rely on friends and 43.2 15.5
working family
conditions
Neighbors help each 43.3
other
Close-knit 19.7
neighborhood
Trust neighbors 36.2
Neighbors get along 26.0 6.9
Neighbors share 7.0
values
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Education 31.1 8.1 (9.3)

Employment

Hard to pay for basics 19.9 6.5

Social class 249
discrimination -
housing

Racial discrimination 6.8
at work

Optimism 15.2

Control 7.7

Health problem - self 100.00 48.3 42.9 21.7 47.2

Health problem - 31.9 15.2
close person

Close relationship 20.3 22.9 5.7 8.1

Financial strain 87.2 36.5 7.4

Job or working ability | 26.2

Shaded boxes show the normalized importance of the variables appearing in the classification trees

Discussion

This study suggests a social gradient for several health determinants relating to
lifestyle factors, social and community influences, and living and working
conditions. Previous studies have reported similar observations (84), and a social
gradient in self-rated health (24). However, this study adds an additional element.
The analysis suggested that within population subgroups, stratified by income, the
combinations of factors that are associated with self-rated health are different. The
predictor variables that are ranked most important in relation to self-rated health
differ in sub groups depending on income category. Again, though I cannot assert
this ranking is robust (and no inference exists for the difference of the variable
importance ranking between income sub-groups), it is suggestive of potentially
important differences in the factors that are responsible for self-rated health among
income groups.

With successively higher income categories, the proportion of respondents who
were male, white, and with good self-rated health increased. Respondents in higher
income categories were more likely to report support from, and ability to rely on,
friends and family, neighborhood trust, mutual help and cohesion, and home
ownership. They were also more likely to have health insurance, and report a sense
of control over life events and optimism for the future. There was an inverse social
gradient with decreasing fraction of family history of maternal diabetes,
hypertension, stroke and heart disease, and paternal diabetes or stroke. Most
medical conditions (diabetes, stroke, chronic bronchitis, asthma, liver disease,
epilepsy, nervous/emotional or mental condition, depression) showed an inverse
social gradient, apart from high cholesterol that increased with income, and heart
disease, which showed no significant trend in this sample. Respondents in lower
income categories were more likely to have failed to seek health care due to cost in
the previous 2 years, be unemployed, have difficulty paying for basics and medical
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care, and report feeling helpless in dealing with life problems. The results suggest
the potential contribution of these factors in the socioeconomic gradient in health;
their impact on health depends on interaction with co-variables, and these change
with the gradient.

Adler and Stewart’s review (85) discussed the eras though which research on
socioeconomic status and health has progressed. The first model of a threshold
effect between poverty and health was later refined following evidence of a graded
association. Subsequent eras studied mechanisms linking socioeconomic status and
health, and considered multilevel influences, and most recently, interactions among
factors. My primary exploratory study proposes an alternative approach to
investigating unique and specific needs within population subgroups along the
socioeconomic gradient, and adds to the work on the joint impact of health
determinants.

Also, in this study, though several medical conditions were included as predictor
variables, it appears that it may not be the absolute presence of disease that is most
important. Instead, it is the chronic burden due to a serious health-related
condition that was important across all income categories. For the lower income
subgroups, many of the measures of chronic burden were more likely. These
indicators also represent associated stress and not just the presence of the problem
per se. In the presence of a chronic disease, in addition to the medical condition,
strain could be due to medical costs, access to services, lack of support in dealing
with illness, impact on daily life, and work. Social and community influences,
resources in terms of paying for basics, medical care, and health insurance were
greater in higher income categories, suggesting a possible protective or buffering
role from the associated stress. According to a Census Bureau report, it is estimated
that in 2012, 16.3 percent of the US population, or 49.9 million people, were without
health insurance (86).

Similar levels of exposure to a risk factor may lead to differential impacts on
different socioeconomic groups, due to differences in social, cultural and economic
environments; these differential impacts may also occur as low income groups are
more likely to be exposed to several risk factors simultaneously (83). Morello-
Frosch et al. also highlight the cumulative impact of exposures and vulnerabilities in
low-income communities; these contribute to poor health outcomes and inequalities
through a convergence of multiple environmental hazards and social stressors.
Previous work has also explored the link between neighborhood socioeconomic
status and self-rated health. Some of the variance in the association is explained
through psychosocial explanatory factors, such as loneliness, perceived stress and
optimism (87). Thus, mitigating cumulative effects requires a multi-level and multi-
dimensional approach to policy and intervention (87, 88). The WHO Task Force on
Research Priorities for Equity in Health called for research studying the
“interrelationships between individual factors and social context that increase or
decrease the likelihood of achieving and maintaining good health” (p950); a focus on
single proximal risk factors in isolation, fails to take into account the impact of social
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context and position, and the interaction of the multiple mechanisms underlying
health inequity (89).

Through use of the CARDIA dataset I was able to study a wide range of multilevel
determinants, though, due to the use of a cross sectional study sample, I can report
only associations with self-rated health. Additional limitations to the study include
the self-reported nature of certain factors, and also the potential of health selection
in our use of income as the marker of socioeconomic status. A single classification
tree has a degree of instability, and further research is needed to refine the analysis,
with bootstrap methods and random forests, for example. As choice of
socioeconomic indicator depends on the postulated mechanisms by which it affects
health (90), I justify the use of income as I am interested in socioeconomic status in
terms of disparities in material resources, and access to resources that affect living
and working conditions, lifestyle choices, and the neighborhoods in which people
live.

Classification tree analysis is particularly well suited to dealing with a large number
of multilevel variables and identifying combinations of predictor variables. The
results are easily interpretable in terms of associations, interactions, and identifying
potentially valuable intervention points. Within subgroups of the population based
on income, the combinations of factors that are associated with self-rated health
differ, and the relative importance of factors is also different. The results of this
study suggest therefore, that any one intervention may not be optimal or even
appropriate across the whole population. The most effective action for improving
health should be based on an understanding of differing patterns of risk and
protective factors in smaller population subgroups. This is more likely to result in
implementation of interventions that are of most value in terms of health impact
and appropriateness to need. This is analogous to an audience segmentation
approach that has been used to guide social marketing in public health in recent
years (70). Though social marketing has been generally applied with a view to
modifying health behaviors, our work indicates that the principles can be extended
to include intervention targeting broader social determinants.
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Chapter 4 Characteristics associated with self-rated health in the
CARDIA Study: random forests analysis

Introduction

Recursive partitioning methods, such as classification and regression trees (CART),
can capture the impact of complex interactions within a set of multi-domain health
determinants. They also can suggest population subgroups that share similar health
outcomes. [ utilized classification tree analysis in my previous study of the
characteristics associated with self-rated health, using a dataset drawn from the
CARDIA study (Coronary Artery Risk Development in Young Adults). In this
chapter, I extend the analysis with the application of random forests, acknowledging
the lack of robustness inherent in over-interpreting a single classification tree fit to
a finite data set. The random forests method produces an ensemble of classification
trees, resulting in significant improvements in accuracy compared with a single tree,
and more robust variable importance measures (91).

Classification tree analysis systematically splits the study population into subgroups
of maximum homogeneity (for the outcome of interest), with some shared
characteristics, that is, common predictor variables. CART has a number of
advantages. It is a non-parametric method that is valuable when dealing with a
large set of predictor variables and a large sample size, and can deal with missing
variables. Simple tree structures produced by the analysis display population
subgroups, and provide an understanding of the conditions, in terms of predictor
variables, that determine which outcome category an individual is in (65). Trees
reflect interactions between multilevel health determinants, and suggest where
interventions might optimally be focused.

Classification tree analysis has been applied in clinical epidemiology settings. First,
as a diagnostic tool, the output of these methods have been referred to as analogous
to clinical decision making, identifying clusters of signs and symptoms, and
producing a simple representation of gathered knowledge that is easily
interpretable (66). Second, for prediction of outcomes or complications based on
prognostic indicators (92). Third, to identify groups with varying risk in clinical
settings - classification trees have been found to uncover interactions between
variables that may be overlooked in the traditional application of logistic regression
methods to case-control data (67, 68).

There are, however, a number of limitations to classification tree analysis (93, 94)
and naturally, the choice of analysis method needs to be based on the features that
are most suitable for the research question (95). Tree structures are prone to
instability and even minor changes to the dataset can result in significant changes to
the tree structure. With high dimensional data, there may be a large number of
variables and a relatively small number of observations. This is referred to as the
small n, large p problem (96) and occurs, for example, in genetics research when
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studying the relationship between thousands of genes and a disease outcome.
Inference based on a single classification tree is not meaningful. Forests are a
method of addressing these limitations. Classification accuracy is improved by
growing an ensemble of trees and using the generated trees to determine the most
popular class (91).

Random forests are constructed using the following algorithm (91, 93): a bootstrap
sample is drawn - n observations are sampled with replacement from the original
sample. Recursive partitioning is applied to the bootstrap sample. At each node,
from the original complete set of predictor variables, a random subset of variables
are selected, and the tree splits are restricted based on these; this reduces
correlation between trees. Trees are generated without pruning; bagging
(bootstrap aggregation) decreases the variance created by the lack of pruning (97) .
Splitting of the data continues until no further splits are possible; this may be when
the node is homogenous (all of one class), or there are no more predictor variables
on which to split (97). These steps are repeated a predetermined number of times to
form a forest of trees. The forest-based classification is made by majority vote from
all trees. In the single classification tree, cross-validation is used to estimate tree
accuracy (65). In random forests, there is an integral internal error rate produced
as a result of the bagging process; each tree created in the random forest ensemble
is produced using a different bootstrap sample from the study dataset, whilst
approximately one third of the cases are unselected. This is the out of bag sample,
which is then put into the tree to get a classification. All the class predictions are
compared to the true classes, to produce the out of bag error rate. This is the best
indicator of stability (96-98). Typical fitting of random forests to data does not seek
to find the “smallest” model, and so it tends to over-fit. This means that though
random forests is a very good predictor, it may in fact systematically underestimate
the importance of variables, given a phenomenon equivalent to over-adjustment in
more standard epidemiological parlance (99). However, it is a robust and valuable
tool, particularly used in conjunction with CART.

In this chapter, I apply random forests to refine the classification tree analysis on
characteristics associated with self-rated health with a view to producing more
robust variable importance estimates. Combined with the results from the CART
analysis (chapter 2), these can be used as a more reliable basis on which to consider
potential public health action, so that intervention strategies can be developed and
prioritized to address factors associated with good or poor self-rated health.
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Methods

[ utilized cross-sectional data collected as part of the CARDIA study, a United States
cohort study started in 1985 to investigate development of coronary artery disease
risk factors in a young adult population. For this study, data were taken from the
year 15 examination of the cohort, conducted in 2000-2001, through interviewer
and self-administered questionnaires (with the exception of race/ethnicity
information taken from the 1985-1986 data collection, and family history
information taken from the 1995 data collection). From an original total of 5115
participants, 3672 were followed up in year 15. From the year-15 group, all
participants who had a response for self-rated health, and were coded as male or
female, were included in the final study sample of 3649 participants.

For each individual in the study sample, data were available for self-rated health,
and a wide range of multi-domain health determinants (Table 1). We selected the
variables based on the Dahlgren and Whitehead model (60) to include age, sex and
hereditary factors, and to represent individual lifestyle factors, social and
community influences, and living and working conditions.

In the CARDIA study, self-rated health was assessed on a five-point scale, by the
question, “In general would you say your health is excellent, very good, good, fair or
poor?” Responses were categorised by grouping together excellent or very good as
‘good’ self-rated health, and responses of good, fair or poor, as ‘poor’ self-rated
health. Indicator variables were created for a number of variables as outlined
previously in chapter 2 (page 18, Table 1).

[ used the Random Forests package in R, through the R integration package RanFor
(R version 2.12.2 Copyright © 2011 The R Foundation for Statistical Computing
[http://www.r-project.org]) in IBM SPSS Statistics v19.0.0. I specified 1000 trees in
the random forest model to generate variable importance measures, and used the
default value for number of predictor variables sampled at each node. For
classification trees, this is the square root of the number of predictors. I set the
parameters to impute missing values in scale variables as the variable’s median
value, and for categorical variables, as the modal value (100)
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Table 1: Multi domain health determinants drawn from the CARDIA study

Level 1: Age, sex & hereditary factors
Age

Sex

Race / Ethnicity

Family history of medical conditions

Level 2: Individual lifestyle factors
Medical history

Diet

Physical activity

Smoking

Alcohol

Tobacco

[llicit drug use

Level 3: Social & community influences
Social support / network
Feeling that friends and family care
Can rely on friends and family
Sense of close-knit neighborhood, neighborhood cohesion
Neighbors help each other
Live in close-knit neighborhood
Neighbors can be trusted
Neighbors generally get along with each other
Neighbors share the same values

Level 4: Living & working conditions
Education
Income
Housing - rent or own house
Employment - working versus unemployed
Control and adequacy of resources
Difficulty paying for basics or medical care
Medical insurance
Access to health services
Experience of discrimination due to gender, race/ethnicity or colour,
socioeconomic position, or social class in 7 settings (at school, getting a job, getting
housing, at work, at home, getting medical care, on the street, or in a public setting)
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Results

The results of the single classification tree analysis (as in chapter 2) are shown in
Figure 1. We found that multi domain health determinants - lifestyle, social and
community influences, and living and working conditions are associated with self-
rated health in the study sample, and combinations of factors differed by population
subgroup. The normalised importance of the highest ranked variables (20% or
greater) is shown in Table 2. Physical activity rating emerged as the most important
variable in the single classification tree with a higher level of physical activity
associated with good self-rated health. There appeared to be interaction of lifestyle
and medical factors with socioeconomic factors, income and education. The next 5
variables in the ranking were those splitting variables that appeared in the final
classification model: chronic burden from serious on-going health problems, highest
year school completed, total family income, difficulty paying for basics, and history
of hypertension. Race / ethnicity, ranked next, was also a discriminating factor
between the subgroups with the highest proportions of good and poor self-rated
health.

Table 2: Highest ranked predictor variables by normalized importance
(> 20%) for single classification tree analysis

Independent Variable Normalized Importance

Physical activity rating 100.00%
Serious on-going personal health problem (self) longer

than 6 months 55.10%
Highest year school completed 45.60%
Total family income 36.20%
Difficulty paying for basics 35.50%
High Blood Pressure 30.90%
Race / Ethnicity 26.40%
On-going financial strain longer than 6 months 22.70%
Difficulty paying for medical care 21.30%
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Figure 1: Single Classification Tree Analysis
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Random Forests

The variable importance output from random forests analysis is shown in Table 3,
color-coded by domain of predictors (see Key, Table 3). Education and income were
associated with the greatest decreases in node impurity, (179.63 and 178.81,
respectively), and reflected the highest variable importance. Physical activity rating
was ranked 3rd at 151.00, chronic burden due to serious health problem (101.50),
and chronic burden due to financial difficulty (97.50) ranked 4t and 5t. Four out of
the five highest ranked variables were the same in the single classification tree
normalized importance (chapter 2, page 31, Table 5) and the random forests
ranking (Table 3 below). The fifth variable in the single tree ranking was difficulty
paying for basics and in random forests, it was on-going financial strain; these can
be considered related concepts.

Table 3: Random forests: predictor variables and decrease in node impurity

Key: predictor variables color-coded by domain of health determinant

Age, sex and hereditary factors (family history)
Individual lifestyle factors

Medical conditions

Social and community influences

Living and working conditions

Predictor Variable *Decrease in Node Impurity

Highest year school completed 179.63
Total family income 178.813
Physical activity rating 151.002
Chronic burden - personal health problem (self) 101.496
Chronic burden - on going financial strain 97501
Age 77.056
Fast food meals per week 64.264
Chronic burden - job or working ability 55.196
Chronic burden - relationship difficulties 52.747
Neighbors trust each other 50.073
Chronic burden - serious health problem (in other) 46.847
High blood pressure 43.969
Beer drinks per week 39.318
Optimistic for future 38.652
Hard to pay for basics 37.019
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Cigarettes per day 32.801
Wine drinks per week 32.419
Liquor drinks per week 28.892
Neighbors help each other 25.117
Neighbors get along 23.768
Own home 21.692
Discrimination due to race-ethnicity/colour at work 21.376
Race /ethnicity 20.369
High cholesterol 20.338
Discrimination due to race-ethnicity/colour in public 19.924
Neighbors share values 19.758
Control over life events 18.89

Hard to pay for medical care 17.485
Sex 16.926
Close knit neighborhood 16.882
Maternal high blood pressure 16.316
History marijuana use 16.065
Discrimination due to race-ethnicity/colour getting a job 15.862
Paternal high blood pressure 15.39

Discrimination due to gender in public 15.029
Discrimination due to gender at work 15.019
History non crack cocaine use 14.343
Depression 14.152
Asthma 13.382
Work part time 13.238
Work full time 13.131
Still smoke cigarettes regularly 12.544
Ever smoked cigarettes at least 3 months 12.506
Can rely on friends and family 12.467
Discrimination due to socioeconomic position in public 12.433
History of amphetamine use 12.41

Helpless in dealing with life problems 12.41

Health insurance from Employer/Union/School 12.262
Maternal diabetes 11.552
Discrimination due to gender getting a job 11.452
Paternal heart attack 11.405
Paternal diabetes 11.384
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Discrimination due to race-ethnicity/colour at school 11.281
Diabetes 10.95
Heart disease 10.402
Difficulty getting health services 10.268
Discrimination due to socioeconomic position at work 10.228
History crack use 9.791
Discrimination due to gender at school 9.741
Discrimination due to socioeconomic position getting 9.593
housing

Maternal angina 9.532
Discrimination due to socioeconomic position getting a 9015
job

Discrimination due to gender getting housing 8.926
Paternal angina 8.909
Self-paid health insurance 8.898
Always had health insurance past 2 years 8.781
Nervous, emotional or mental disorder 8.689
Paternal stroke 8.68
Discrimination due to socioeconomic position at school 8.537
Discrimination due to race-ethnicity or colour getting 8.399
housing

Unemployed 8.2
Maternal heart attack 8.13
Did not seek medical care last 2 years due to cost 7B,
Discrimination due to gender getting medical care 7.272
Discrimination due to gender at home 7125
Chronic bronchitis 7.016
Kidney disease 6.799
Thyroid disease 6.544
Maternal stroke 6.412
History opiate use (non-medical) 6.401
Discrimination due to socioeconomic position getting 6.167
medical care

Discrimination due to race-ethnicity or colour getting 4704
medical care

Cancer 4518
Liver disease 3.759
Discrimination due to socioeconomic position at home 2.983
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Friends and family care 2.682
Discrimination due to race-ethnicity or colour at home 2.245
Epilepsy 2.137
HIV 1.414
Stroke or TIA 0.87
Multiple Sclerosis 0.467
Emphysema 0.122

*Decrease in node impurity is the total decrease in node impurities from splitting the
variable averaged over all trees measured by the Gini index.

The highest ranked variables in the random forests model represent living and
working conditions, lifestyle, and social and community influences. The presence of
a serious health condition appears high in the ranking. This represents chronic
burden associated with a condition rather than just presence of disease itself. Most
of the predictor variables indicating history of a particular medical condition were
ranked low, apart from high blood pressure and high cholesterol.

The out of bag error rates varied depending on the number of trees grown in the
forest (Figure 2). There was no major decrease in error above approximately 200
trees. The overall estimated out of bag error rate was 19%. Compared with the
cross-validated error estimate of 31% for the single classification tree, the error is
improved through random forests,
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Figure 2: Out of bag error rates plotted against number of trees in random

forests analysis
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Discussion

In this study, I found that education and income were the most important variables
identified in association with the outcome of self-rated health category. Random
forests analysis is a more robust estimate of variable importance compared with the
output of the single classification tree. The comparison of the out of bag error rate
with the cross-validated error rates reflects the reduction of error through random
forests. Despite the inclusion of a wide range of predictor variables representing
fixed factors, lifestyle and medical conditions, social and community influences, and
living and working conditions, the analysis selected the socio-economic variables as
most important based on the mean decrease in Gini index. The random forests
analysis was generally consistent with our findings from the single tree, reflecting
the association of education and income with self-rated-health status. The ranking
of variables by random forest suggest that self-rated health is not merely a
reflection of objective health. Based on the single classification tree, the
combinations of multi-domain risk and protective factors were different by
population subgroup.

Though we included several disease variables, the indicators for presence of disease
per se are not highly ranked in the random forests model, though chronic burden
associated with serious health condition was ranked 4t highest. This might imply
that it is elements of stress, and lack of social or financial resources that could be
key issues in whether illnesses become a stressful burden or not. Previous studies
have shown that patients with chronic conditions are known to also have good self-
rated health if they have high levels of mastery (44). The previous analysis in
chapter 3 reflects that individuals across the socioeconomic gradient are susceptible
to illness. Prevalence of diseases is lower, and prevalence of excellent to very good
self-rated health is higher, with higher income groups. Higher income subgroups
also have higher proportions of protective buffering factors such as more financial
resources, social support, and community cohesion. This was shown in the trend
analysis of predictor variables by increasing income categories in the CARDIA study
sample. When considering public health action for different populations, an
understanding of the broader social determinants associated with good and poor
self-rated health is important in deciding the best intervention pathway to improve
health. Even lifestyle choices are made within a specific socioeconomic context
constraining or enabling choices. Recursive partitioning methods are suited to this
type of analysis, and to uncovering these relationships.

Limitations of classification and regression trees relate to the instability with regard
to inferences in the importance of variables provided by a single tree. Relatively
newer recursive partitioning techniques offer methods to address these. Bagging
trees consists of multiple trees grown out of bootstrap samples that are combined
by averaging (for regression) or by simple vote for classification (101). Random
forests add the further dimension of a random sampling of the predictor variables.
Random predictor selection controls the bias (102). There is some loss of
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interpretability with random forests, as trees are not graphically represented due to
large numbers, and limitations in interpretation due to an inherent over-fitting.
However, random forests also produce more robust measures of variable
importance. Recent developments in semi-parametric methods add further value to
these methods. Using a counterfactual approach to generate variable importance,
the distribution of the outcome of interest can be compared with its theoretical
distribution if the variable of interest is set to the lowest risk (103, 104). This is
especially valuable in producing parameters that translate well to public health
practice. Variable importance analysis by fitting multiple Population Intervention
Models (PIMs) produces a parameter that is analogous to attributable risk. Under
certain assumptions, the parameter can be considered as an actual causal effect of
the exposure variable on the outcome, or as measuring the hypothetical effect of an
intervention in which everyone in the population is made to be like the members of
the target group (104, 105). The advantage of these methods is that they can use
the power of methods such as random forests that are very good at flexibly fitting
the data, while still providing interpretable and robust estimates of variable
importance.

Social marketing has been proposed as a method of achieving behavior change with
lifestyle modification through targeted health promotion programs (106). Although
social marketing’s target audience is usually made up of consumers, it is used also to
influence policy makers who can address the broader social and environmental
determinants of health (107). In social marketing, audience segmentation
information shapes behavior change strategies, but the principles can be extended
to include intervention targeting broader social determinants and used to
conceptualize a profile of population subgroups in terms of protective and risk
factors. Firstly, from commercial marketing, deep knowledge of the customer can
be translated into knowledge of the communities and population subgroups that are
to benefit from public health interventions. A key component of social marketing is
audience segmentation, in which information on distinct population subgroups, and
knowledge of the social and cultural environments in which the people act on
behavioral decisions is gathered. Lemon highlighted the utility of audience
segmentation strategies in public health as they identify relatively homogenous
subsets of the population as a basis for targeted interventions appropriate to unique
needs (70). Recursive partitioning methods are a means of achieving this efficiently,
and offer added value in identifying special needs of population subgroups.
Audience segmentation is typically done through cluster analysis methods;
classification tree methods, however, model these factors on an outcome, which
adds a valuable dimension. Epidemiological studies utilizing parametric
multivariate regression techniques typically model the average relationship in the
population between an exposure and an outcome. This can result in intervention
being aimed only at the ‘average’ participant (69, 70).

The selection of education and income as the highest-ranking variables association
with self-rated health in the CARDIA study sample highlights the importance of
addressing social determinants of health and inequities. Capturing the complex
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interplay of factors affecting health in subgroups can be difficult using parametric
multivariate logistic regression. These models may not capture the full array of
variables influencing health. The use of recursive partitioning methods and semi-
parametric variable importance methods with public health survey data can
effectively highlight important risk and protective factors amongst population
subgroups for further inquiry. This is wuseful in developing appropriate
interventions that relate to the real-life mix of circumstances affecting communities.
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Chapter 5 Discussion

This dissertation contributes to the literature on the determinants of self-rated
health and adds a novel application of classification and regression tree and random
forests methods to the study of self-rated health status.

In chapter 2, I segmented the CARDIA study sample using classification tree
analysis. Multi-domain health determinants - lifestyle, social and community
influences (neighborhood cohesion), living and working conditions (education,
income and adequacy of resources) - were associated with self-rated health in the
study sample, and combinations of factors varied by subgroup. Physical activity
rating emerged in the single tree model as the most important variable, with a
higher level of physical activity associated with better self-rated health. For the
subgroup with higher physical activity, the tree model suggested interaction of
lifestyle and medical factors with socioeconomic factors, income and education. The
subgroup with the highest proportion of good self-rated health (92.9%, n=561),
compared with the remainder of the study population, was characterized by the
following factors: higher physical activity rating; higher income bracket; no serious
on-going personal health burden; or if present, not very stressful; no history of
hypertension; highest year of school completed is graduate level. The subgroup
with the highest proportion of poor self-rated health (84.7%, n=238), compared
with the remainder of the study population, shared different characteristics: lower
physical activity rating; serious on-going personal health problem; perception that
people in the neighborhood cannot be trusted.

In chapter 3, I divided the study sample by total family income to create 5 subsets
representing a socioeconomic gradient. There was a significant association between
income category and self-rated health status; the proportion of excellent or very
good (‘good’) self-rated health increased with income, and the proportion of good,
fair or poor (‘poor’) self-rated health decreased. A social gradient was observed for
several health determinants related to lifestyle, social influences, and living and
working conditions. This study also found that the factors selected by the
classification tree model as associated with self-rated health differed across each
income-based subgroup; only the variables indicating a serious ongoing personal
health problem, and physical activity appeared in all income subgroups. This
implies that the constellation of health determinants associated with self-rated
health varies in different socioeconomic groups; the impact upon health outcome of
particular factors depends on interaction with co-variables, and these combinations
change with the gradient.

In chapter 4, random forests methods were applied to extend the analysis in chapter
2. Education and total family income were the most important variables identified
in association with self-rated health category. Despite the inclusion of a wide range
of predictor variables representing fixed and lifestyle factors, medical conditions,
social and community influences, and living and working conditions, the analysis
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model selected these socioeconomic variables as most important based on the mean
decrease in Gini Index.

There are some limitations to this study. Though the predictor variables were
selected from an existing strong dataset to represent multiple layers of influences
on health, a few may not optimally represent the characteristic of interest. For
example, diet is included only by way of fast food intake. Responses that were
classed as ‘don’t know’ in the original CARDIA data collection were labeled in this
study as ‘missing’. It is possible that this could introduce some bias if people who
responded to certain questions with ‘don’t know’ were more likely to have a
particular self-rated health status. Tree-based methods are prone to instability, so
that small perturbations in the data can produce large variations in tree structure
even though prediction accuracy might not vary at all, though this may be less
problematic since the focus here is on understanding specific influences within one
population. I have attempted to address this by the application of random forests in
chapter 4; the ensemble of trees improves predictive accuracy and provides more
robust variable importance measures. Even so, there is no rigorous theory for
providing inference on the structure of a single tree, and the output of random
forests too, in the absence of a Type 1 error rate, is best considered a rank ordering
of key variables worthy of further investigation.

This study has a number of strengths, and results that have relevance to public
health practice. First, classification and regression tree techniques are particularly
suited to uncovering associations between several multi-domain characteristics and
self-rated health. The health of both individuals and social groups results from
interaction between structural, material, social, cultural, and behavioral factors.
Therefore, whilst understanding the individual effects of health determinants is
important, in this study, I also aimed to look at combinations or the joint impact of
factors, and the relative importance of multiple layers of influence. Single elements
of the broad range of health determinants reflect only some aspect of health but
without consideration of cofactors, are incomplete predictors of overall health
status (78). Findings from chapters 3 and 4 suggest that self-rated health does not
simply reflect medical health. There appear to be co-factors that enable some
individuals to rate health as good despite presence of disease. Patients with chronic
conditions are known to also have good self-rated health if they have high levels of
psychosocial resources (44). In chapter 3, presence of chronic burden associated
with serious health condition appears across the social gradient. This could imply
that it is elements of stress, and lack of social or financial resources that could be
key issues in whether illnesses become a stressful burden or not. People across the
socioeconomic gradient develop disease. Why do some people maintain a
perception of good self-rated health and others do not? Across the study
population, the proportion of good self-rated health increased with higher income.
This may be because individuals in these higher income subgroups also have
buffering factors, such as more resources, social support, and community cohesion.
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The tree models in this study selected education and income as ‘important’
associations of self-rated health despite the inclusion of several other health-related
variables. Even lifestyle indicators are the result of a specific socioeconomic context
constraining or enabling choices, and thus intervention aimed at, say reducing
smoking or alcohol consumption should regard the broader context of living
conditions (80). Studies have shown that biomedical risk factors account for only a
fraction of ill health. The results of the Whitehall study, for example, highlighted
that traditional ‘medical’ risk factors (such as cholesterol level, smoking, systolic
blood pressure, and diabetes) explained only a third of the observed socioeconomic
gradient in health (79). Thus upstream factors, or at least the impact of the 'causes
of the causes’ have to be considered in tandem with other foci of health promotion
programs, even if they may be more difficult to remedy.

A second strength of the approach taken in this study is that classification and
regression trees produce relatively homogenous population subgroups, in terms of
outcome, that are defined by selected common characteristics (70). This study
demonstrated an alternative methodological approach to viewing the potential
determinants of differences in health status across the socioeconomic gradient, and
identified the relative importance of factors associated with self-rated health in
income-based subsets. Adler et al. proposed that given the complexity of the
socioeconomic gradient, statistical procedures other than traditional regression
might better examine combinations of outcomes and assess complex interrelated
variables (82). This study has applied such a creative approach even though this is
an exploratory study of associations, and the results are interpreted in this light.
Results in chapter 3 reflected a positive association between higher income and
better self-rated health but also that combinations of health determinants
associated with self-rated health differed across the gradient. Strategies to reduce
levels of poor self-rated health are better developed with an understanding of the
unique characteristics and needs of specific subgroups across the socioeconomic
gradient. In the context of a proportionate universalism approach to reducing
health inequalities, the findings imply that as well as differences in the degree or
intensity of public health action required across the gradient, differences in the type
of action are also likely to be important (as health determinants appear in different
combinations, and with different relative importance in different income groups).

Thirdly, the non-parametric approach used in this study is not dependent on the
data following a particular distribution. This is pertinent given the aim of
simultaneously considering categorical, ordinal, and continuous variables from
several health-related domains. Breiman describes statistical modelling as having
two cultures: data modelling assumes a stochastic data model; algorithmic
modelling treats the data mechanism as unknown. In the first of these models, with
complex high dimensionality datasets, including different types of variables, there is
a risk of making incorrect assumptions on the structure of the underlying data being
multivariate normal. Breiman argues, “If the model is a poor emulation of nature, the
conclusions may be wrong” (108)(p.202). Alternate non-parametric approaches
have different drawbacks. Dimension reduction with principle components or
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factor analysis, results in the original predictor variables being transformed into a
reduced set of components. However, their individual effect is no longer clearly
identifiable (96). Portrait et al. discussed the difficulties of processing the rich set of
indicators needed to capture the concept of health, in their work applying Grade of
Membership analysis to form a typology of elderly individuals’ health status (78).
This approach recognized the multidimensionality of the data, and conceptualized
health status or outcome as graded participation into several aspects of health. The
results are generated as a number of hypothetical pure types or groups, along with
numerical weightings of the affinity of individuals with pure types. For some
research questions, this type of output is not easily translatable to be of value in
public health practice. Sudat et al. also emphasize that in high dimensional datasets,
traditional regression approaches can also produce model parameters with little
real world interpretability (103). The results of classification tree analysis are
easier to translate. In this study, the use of cross-sectional data prevents causal
inference. Nevertheless, the different patterns of risk and protective factors
discovered in smaller distinct population subgroups point to where further study
and development of interventions could best be focused. Recursive partitioning
techniques resemble audience segmentation used in commercial settings, which
have also been adopted by public health for use with social marketing. Principles of
social marketing techniques, generally applied with a view to modifying health
behaviors, could be extended to include action targeting broader social
determinants. Intervention may be more successful if tailored to meet needs of
smaller population subgroups rather than a uniform approach across large
communities.

Conclusion

This primary study raises a number of areas for further investigation. Further work
is needed to study the causal nature of the associations identified, and understand
the mediating factors between poor socioeconomic status and self-rated health that
are amenable to change. Application of newer semi-parametric methods can
estimate the potential positive public health impact of intervention through
measures analogous to attributable risk. Further work and creative methods are
needed to unravel causal relationships between risk and protective factors and self-
rated health, and more importantly, seek solutions to improve health status. It
would be of interest to combine qualitative and quantitative work, and further link
multidimensional characteristics and self-rated health to biochemical markers of
health status.

This study reflects well how combinations of health-related factors are associated
with differing self-rated health outcomes in population subgroups, depending on co-
variables and socioeconomic context. This concept is somewhat analogous to the
framework used by infectious disease epidemiologists, in which there is

77



consideration of the agent, host, and susceptibility or the environment. The
predictive importance of current self-rated health status is well established.
Therefore, in addition to preventing specific disease, in a public health context,
aiming for populations to have high proportions of good subjective health is itself an
important end point. Developing knowledge of how multi-domain factors come
together in population subgroups is essential to designing appropriate and effective
public health strategies that can achieve this.
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