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hallenges for Multilevel Health Disparities Research
n a Transdisciplinary Environment
ohn H. Holmes, PhD, Amy Lehman, MAS, Erinn Hade, MS, Amy K. Ferketich, PhD, Sarah Gehlert, PhD,
arth H. Rauscher, PhD, Judith Abrams, PhD, Chloe E. Bird, PhD

bstract: Numerous factors play a part in health disparities. Although health disparities are
manifested at the level of the individual, other contexts should be considered when
investigating the associations of disparities with clinical outcomes. These contexts include
families, neighborhoods, social organizations, and healthcare facilities. This paper reports
on health disparities research as a multilevel research domain from the perspective of a
large national initiative. The Centers for Population Health and Health Disparities
(CPHHD) program was established by the NIH to examine the highly dimensional,
complex nature of disparities and their effects on health. Because of its inherently
transdisciplinary nature, the CPHHD program provides a unique environment in which to
perform multilevel health disparities research. During the course of the program, the
CPHHD centers have experienced challenges specific to this type of research. The
challenges were categorized along three axes: sources of subjects and data, data charac-
teristics, and multilevel analysis and interpretation. The CPHHDs collectively offer a
unique example of how these challenges are met; just as importantly, they reveal a broad
range of issues that health disparities researchers should consider as they pursue
transdisciplinary investigations in this domain, particularly in the context of a large team
science initiative.
(Am J Prev Med 2008;35(2S):S182–S192) © 2008 American Journal of Preventive Medicine
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t has been well-established that racial and ethnic
minorities and individuals with fewer economic re-
sources suffer a disproportionate burden of illness

nd death in the U.S. Such health disparities have been
ocumented in many diseases and conditions, including
ardiovascular disease,1,2 cancer,3 HIV/AIDS,4 and infant
ortality.5 Additionally, racial and socioeconomic dispar-

ties have been observed for health behaviors, such as
ancer screening6,7 and smoking.8–10

Although gaps have narrowed over time for some
ealth behaviors, many have not. Moreover, health
ervices research indicates that even where disparities
n processes of care (e.g., screening) have been ad-
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ressed, disparities in general, as well as gaps in inter-
ediate outcomes (e.g., achieving control of blood

ugar,11 blood pressure,12 and cholesterol13), persist.
owever, a recent survey of Medicare recipients found

hat self-reports failed to identify racial/ethnic dispari-
ies in mammography screening that were apparent
rom claims data.14 This, in combination with a recent

eta-analysis of the inaccuracy of cancer screening
elf-reports,15 suggests that significant disparities in
ancer-screening prevalence in the U.S. are being
asked by differential over-reporting. Despite these

iases, the problem of health disparities is so great that
he USDHHS has made the elimination of disparities in
ealth and health care one of the two major objectives
f Healthy People 2010.16

rends in Health Disparities

n some instances, disparities in health by race/ethnicity
nd SES have been increasing over the past decade.17

ilva et al.18 reported findings on changes in both black–
hite and low–high income disparities over time for 22

elect causes of death, communicable diseases, and
irth outcomes in Chicago between 1979–1981 and
996–1998. The authors reported that for 19 of the 22
auses, the black–white rate ratio significantly increased
ver time, suggesting that racial disparities have in-

reased over the 18-year period. Similarly, for 14 of the
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6 measures included in the low–high income dispari-
ies analysis, the rate ratio increased between 1979–
981 and 1996–1998.
Starting around 1980, different trends in coronary

eart disease (CHD) mortality have been observed for
lack and white men and women.19–21 Since 1980, the
ate of CHD mortality has declined more rapidly
mong white men compared to black men in the U.S.
hile a similar pattern has emerged among women,
ore striking is the observation that the trend lines

rossed in the mid-1980s, and now black women have
igher death rates than white women. These and other
tudies of health disparity make it clear that progress
oward reducing health disparities in the U.S. is, at best,

uch slower than hoped, and in many cases disparities
ave increased rather than decreased.
Traditional etiologic approaches to studying dispari-

ies have often been limited in scope with respect to
ata-collection and analysis strategies, leaving research-
rs to draw conclusions that are consistent with their
ata but sometimes require large inferential leaps. For
xample, many studies have found that census-tract SES
xplains much of the black–white disparity in breast
ancer stage at diagnosis.22 While these studies suggest
hat disparities are largely driven by social factors, they
ay little about the exact proximal or distal causes of the
isparity. Conclusions about the causes of disparity that
re drawn from such studies are potentially and justifi-
bly open to criticism.23 For example, individual-level
ealth behaviors may or may not be influenced by
nvironmental factors that may be bundled with SES; in
real sense, SES proxies these other factors without

roviding any real information about them. In their
ork on transdisciplinary approaches to the etiology of
ancer, Hiatt and Breen24 note the importance of
nvironmental and socioeconomic factors as part of the
eb of causation, specifically at the level of social
eterminants; these factors include characteristics of
he built environment. Whereas their model was devel-
ped from a focus on cancer, it is applicable to many
ther health outcomes such as heart disease, hyperten-
ion, and diabetes, all of which may be mediated by
roadly defined social determinants. Focusing on such
haracteristics as census tract-specific SES as a sole
redictor of such outcomes ignores the influence of
ore specific and potentially more informative vari-

bles such as the neighborhood availability of sidewalks,
rocery stores, and recreational facilities.

Multilevel Approach to Studying
ealth Disparities

growing body of research demonstrates that health
isparities constitute a highly complex problem do-
ain that both exists and operates on many different

evels.25–32 In other words, many disparities that affect

n individual’s opportunity to pursue a healthy life c

ugust 2008
ccur above and beyond individual-level characteristics,
esources, and behaviors. One example is residential
nvironment: An individual living in a high-risk or
esource-poor environment may acquire over time a
iological disadvantage relative to someone with similar
ersonal characteristics living in a more salutary envi-
onment.33 This example suggests only one of many
ays in which health disparities may be attributable to a
ide range of contextual factors operating beyond the

ndividual level.

dvantages of Multilevel Research in Studying
ealth Disparities

here are several reasons for applying the concepts and
ools of multilevel research to health disparities. First,
nly multilevel research can examine the effects of one
actor at one level (e.g., personal behaviors) while
ontrolling for potential confounding at another level
e.g., neighborhood differences), or examine the inter-
ctions among factors situated at different levels. An
xample of such an interaction is seen in the effect of
ocial isolation on the expression of genes in breast
ancer.34 This potentially complex interaction had pre-
iously been identified as a limitation of disparities
esearch, requiring that the researcher assume that an
ffect is not confounded by a factor at another level of
nalysis. Only multilevel research can examine how
ndividual behaviors that influence risk for disease are
hemselves influenced by larger societal factors such as
ccess to quality health care, social networks, and
eighborhood resources. Larger societal factors, such
s poverty, can also influence the risk of disease
hrough mechanisms other than health behaviors. So-
ial isolation is higher in neighborhoods with outdated
nfrastructure, characterized by such features as poorly

aintained and inadequate utility systems, the lack of
vailability of services and commerce, and the inade-
uate ability of public safety agencies to respond to
mergencies.35 Understanding the interplay among
tiologic factors situated at different levels of analysis
ill enable interventions to be targeted with greater
recision, thus better ensuring their success.
Multilevel studies are not easy to undertake; they

equire a comprehensive conceptual model of etiologic
actors that are distributed across multiple levels, data
ollection from multiple sources, and appropriate sta-
istical models to account for the relationships among
arious levels of analysis. With this in mind, NIH
ecently funded eight Centers for Population Health
nd Health Disparities (CPHHDs) whose mission is to
oster and conduct transdisciplinary health disparities
esearch across multiple levels, pathways, or contexts.
his paper highlights some of the key lessons learned

hrough the authors’ transdisciplinary collaborations
ithin and among centers. First described is the con-

eptual model that forms the basis for the CPHHD

Am J Prev Med 2008;35(2S) S183
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nitiative; then specific exam-
les from the various CPHHD
enters are provided to high-
ight the special issues and chal-
enges encountered in multi-
evel statistical analyses. Finally,
he authors’ experience in the
PHHD is summarized, and

uggestions for future directions
n evaluating transdisciplinary
esearch are presented.

he Centers for Population
ealth and Health
isparities

n September 2003, the NIH
stablished the eight CPHHDs
o conduct cutting-edge re-
earch to understand and re-
uce differences in health
utcomes, access, and care:
he ways the social and physi-
al environment, behavioral
actors, and biologic pathways
nteract to determine health
nd disease in populations. The centers include the
niversity of Illinois at Chicago, the University of
hicago, Tufts and Northeastern universities, the
AND Corporation, the University of Texas Medical
ranch, The Ohio State University, Wayne State Uni-
ersity, and the University of Pennsylvania. Projects at
he centers focus variously on obesity, cardiovascular
isease, breast cancer, prostate cancer, cervical cancer,
ental health, gene–environment interactions, psycho-

ocial stress, and other factors affecting low-income
hites, African Americans, Hispanics, and the elderly.

he CPHHDs As a Laboratory for
ransdisciplinary Research

efore examining the transdisciplinarity of the CPHHDs,
t is important to consider the distinctions among multi-
isciplinary, interdisciplinary, and transdisciplinary re-
earch. In multidisciplinary research, scientists from dif-
erent fields work independently but bring their expertise
o solve a problem that is addressed through a mosaic
f activity; each scientist represents and acts only within
is or her own domain. Interdisciplinary research re-
uires more integration of multiple scientific perspec-
ives, but researchers retain their discipline-specific
rounding. Transdisciplinary research differs from
hese in that scientists not only collaborate and inte-
rate their respective discipline-specific expertise, but
o so within the context of a new, common conceptual
ramework that transcends the frameworks used within

Figure 1. Disciplines re
heir respective disciplines.36,37 m

184 American Journal of Preventive Medicine, Volume 35, Num
The CPHHDs are intrinsically multidisciplinary in
hat many disciplines are represented within and
cross them, as illustrated in Figure 1. Specifically,
he eight CPHHDs together represent 42 disciplines,
hich can be grouped into biological and clinical

ciences; media and communications; public health,
olicy, and planning; social and behavioral sciences;
nd biomechanics/statistics.38

While Figure 1 reveals that many different disciplines
re represented in the CPHHD program, it does not
how how these disciplines are spread across the cen-
ers, nor does it suggest the interdisciplinary nature of
he CPHHD. In fact, the individual centers and the
PHHD initiative as a whole are highly interdiscipli-
ary, in that many different disciplines are represented
n each component project at each center. Further-
ore, these projects typically require considerable col-

aboration and a degree of integration. Table 1 shows
he various disciplines involved in the CPHHD initiative
rouped by center, and represents the opportunities
or horizontal and vertical integration that are critical
o transdisciplinary research.39,40

The CPHHD initiative fosters both vertical-integration
imensions in supporting collaborative, integrative
ealth disparities research at the centers as well as
orizontal collaboration and integration across the
enters. This suggests that the CPHHD initiative is not
nly interdisciplinary but transdisciplinary as well, but
ransdisciplinarity can be an elusive characteristic to

nted across the CPHHDs, ranked by prevalence
easure.37,39

ber 2S www.ajpm-online.net



g
a
i
s
i
p
t
m
a
l
p
w
r
i
m
p
o
t
i
p

a
t
d
c
a
e
t
n
d
I
t
a
p
i
s

n
s
a
f

T

B

C

M

P

S

B

a

C
U ufts an
U ersity

A

To capture evidence of collaboration and the emer-
ence of transdisciplinary research, the CPHHD evalu-
tion working group conducts an annual survey of the
nvestigators at each center. The conceptual model
hown in Figure 2 was used both to develop the survey
nstrument and as a guide for evaluating the CPHHD
rogram as a whole. In this model, a temporal series of
ransdisciplinary processes are grouped as immediate

arkers, intermediate markers, short-term outcomes,
nd long-term outcomes. (The CPHHD model is simi-
ar to the antecedent–process–outcome model pro-
osed by Stokols et al.37) The responses to the survey
ere coded, using the specific markers and outcomes
epresented in the boxes. For example, transdisciplinary
ntegration would be evidenced by the integration of

ethods, models, and findings from at least two disci-
lines. To this end, the surveys focused on five domains
f transdiciplinary science. Evidence of (1) collabora-
ion was seen in the participation of schools, healthcare
nstitutions, and community organizations; of (2) ca-

able 1. The disciplines of the CPHHDs

UIC Ch

iological sciences
Biopsychology X X
Genetics X X
Nutrition
Oncology X X

linical sciences
Clinical/community/health psychology
Geriatrics
Nursing X
Pathology X X
Other medical specialties, general practice X X
edia and communications
Communication research
Journalism/media relations
Marketing research/management

ublic health, policy, and planning
Environmental health
Epidemiology X X
Health services research X
Law, public policy, and administration X
Public health education/behavior
Urban planning X

ocial and behavioral sciences
Demography X
Economics
Education
Psychologya X X
Sociology/anthropology X
Social work X X

iomechanics/statistics
Biostatistics X X
Computer sciences
Engineering
Informatics X

Includes cognitive, developmental, educational, and social psycholo
PHHDs, Centers for Population Health and Health Disparities; C
niversity of Pennsylvania; RAND, the RAND Corporation; Tufts, T
TMB, University of Texas Medical Branch; WSU, Wayne State Univ
acity building in new seminars and conference series, i

ugust 2008
nd increased institutional commitment to infrastruc-
ure and other support; of (3) integration in the
evelopment of new, multipurpose databases; common
onceptual language pertaining to health disparities;
nd new analytic methods; of (4) knowledge in the
mergence of new lines of inquiry; multicenter and
ransdisciplinary manuscripts (such as this one); and
ew grant applications; and of (5) innovation in the
evelopment of new instruments and analytic methods.
n addition to the annual survey, progress toward
ransdisciplinarity was assessed using social-network
nalysis.41 Investigators and researchers at each center
articipated in a self-administered survey aimed at

dentifying collaborators and their disciplines. The
ocial-network data are currently being analyzed.

There is substantial evidence of the emergence of a
ew, transdisciplinary science of health disparities re-
earch across the CPHHD program. The CPHHDs face
number of challenges to achieving transdisciplinary

unctioning, such as developing a shared lexicon, pool-

OSU Penn UTMB WSU Tufts RAND

X X
X X X X

X X
X X X

X X X X
X X

X X X
X X

X X X X X X

X X
X

X X X

X X X X X
X X X X
X X X X X
X X X
X X X X X

X X X X
X X X

X
X X X

X X X X X

X X X X X X
X
X X
X

o, University of Chicago; OSU, The Ohio State University; Penn,
d Northeastern universities; UIC, University of Illinois at Chicago;
icago

gy
hicag
ng the best of disciplinary theories, deciding upon a

Am J Prev Med 2008;35(2S) S185
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hared research design or designs, and determining the
est methods for analyzing data. Nevertheless, multi-

evel analysis distinguishes itself among these signifi-
ant challenges, and in a mid-course survey conducted
n 2006, CPHHD investigators listed multilevel analysis
s the single greatest challenge facing their centers.
ne reason for this is that multilevel research demands
level of interaction that is much greater than is

haracteristic of monodisciplinary or traditional multi-
isciplinary collaboration. In the multilevel research
iscussed in this paper, clinicians, social scientists,

nformaticians, statisticians, and health communication
xperts have worked together in highly evolved teams
hat address facets of health disparities issues that are
ut of their normal disciplinary sphere. Accordingly,
he authors found that multilevel research provides an
xtraordinary domain for transdisciplinary research, in
hat investigators form and participate in highly collab-
rative, integrative relationships that transcend their
wn disciplines. In addition, through its focus on

inking science, training, and application to public
ealth practice and policy, the CPHHD initiative pro-
ides a unique environment for multilevel health dis-
arities research—one that connects the scientific dis-

Investigator 
development

Community 
stakeholder 

participation/ 
integration

Collaboration

Transdisciplinary 
activity/capacity 

building

Dis

P

I

INPUTS

Immediate markers

What we invest

O  SEITIVITCA

Intermediate markers

What we do, who we reach

Community Stakeholder

Methods

Models Findings

Transdisciplinary 
Integration

Transdiscipli

igure 2. The logic model for the CPHHDs
overy and training phases of team science with the s

186 American Journal of Preventive Medicine, Volume 35, Num
ranslational, health-improvement goals of transdisci-
linary action research.40

hallenges and Solutions of Multilevel Analysis
nd the CPHHDs

he following section outlines shared challenges to
erforming multilevel analyses across the CPHHD pro-
ram and the solutions that have been developed to
ddress them. Most of these challenges parallel the
ssues raised in the introduction to this supplement,
ncluding the need for conceptual frameworks, meth-
dologic and analytic issues, and translational initia-
ives. The focus here is on the first two sets of issues,
rouping specific challenges along three conceptual
xes: sources of subjects and data, data characteristics,
nd multilevel analysis and interpretation.

ources of Subjects and Data

hallenge: the number of sites (clusters) for study. An
nusually large or small number of sites (clusters) from
hich participants are recruited may affect a statistical
nalysis. For example, the original Ohio State Univer-

Translation of 
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Increased 
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ation
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Policy

Training

Scientific 
innovation

Health outcomes 
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Ultimate transformations

Community
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nterven
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 – In

nary 
ity CPHHD analysis plan was to use a survey approach

ber 2S www.ajpm-online.net



t
t
i
i
n
t
t
s

C
T
h
a
e
R
t
9
t
t
p
m
a
s
b
r
(
t
s
a
c

C
a
s
m
a
c
T
f
o
i
s
i
c
l
d
t
g
s
i
w
t
n

C
o
t
r

e
r
i
a
a
t
a
l
a
t
t
f
p
s
m
b
a
w
c
t
a
c
t
w
i

p
w
d
b
e
t
c
i
t
C
e
v
s
s
t
t
b

n
(
m
o
r
p
2
s
a
a
t
p

A

o account for interclass correlation among subjects at
he same clinic. However, computational issues result-
ng from the small number of clinics (N�14) prevented
nvestigators from developing models with adequate
umbers of covariates. The current analysis strategy is

o fit mixed models (i.e., hierarchical linear models)
hat incorporate the site as a random effect rather than
urvey-based models.

hallenge: a limited number of observations per cluster.
he University of Illinois at Chicago is examining the
ypothesis that the racial and ethnic disparities in stage
t diagnosis and treatment for breast cancer can be
xplained in part by differences in healthcare facilities.
andom-intercept models will be used to account for

he clustering of patients within facilities. The roughly
00 patients in the study are distributed across more
han 60 facilities in Chicago that detect, diagnose, and
reat breast cancer, and many facilities have only one
atient associated with them. For example, there are
ore than 40 breast-surgery facilities with only one

ffiliated patient in the study. Because clusters with a
ingle observation contribute only to the estimation of
etween-level parameters and not to within-level pa-
ameters, the variation associated with smaller facilities
i.e., cluster size�1) would be missed. One solution to
his problem would be to group facilities when cluster
ize�1 into a smaller number of clusters with common
ttributes (e.g., facility type, location) so that most or all
lusters would have a sample size �1.

hallenge: incorporating census information. Analyses
cross CPHHDs will almost certainly incorporate cen-
us information at some point. Decisions, therefore,
ust be made about how to define variables appropri-

tely, to deal effectively with sparse populations in
ensus regions, and to geocode participants’ addresses.
he Ohio State University CPHHD recruits patients

rom clinics in 14 counties in Appalachian Ohio. In
rder to geocode the location of each participant,

nterviewers were given a hand-held device which mea-
ured the latitude and longitude at the site of the
nterview. The data were then used to determine the
ensus tract for each participant. Because of the rural
ocations as well as issues with the devices, it has been
ifficult to assign the proper census tract for some of
he observations based on the device data. The investi-
ators have been able to determine the census tracts for
ome of the participants by entering the street address
n the Census Bureau’s website. They are currently
orking to resolve the few cases where the calculated

ract and the tract from the Census Bureau’s website do
ot agree.
A challenge faced by the University of Illinois at

hicago CPHHD is how to obtain the best imputation
f patient SES using census data derived at the level of
he census tract. Census-data associations with disease

epresent a mixture of area-level and individual-level g

ugust 2008
ffects. In order to impute patient-level SES as accu-
ately as possible, this CPHHD stratified census-tract
nformation into nine separate cross-classifications of
ge and race. They then assigned census tract–, age-,
nd race-specific estimates for the percentage below
he federal poverty level to each individual accordingly,
nd used these estimates as imputations of individual-
evel poverty status. An alternative and more traditional
pproach is to assign the mean poverty level in a census
ract to all patients residing in that tract without regard
o other patient attributes. The investigators here
ound that the former approach resulted in more
arsimonious models than the latter. When poverty
tatus was assigned solely based on patient census tract,
odels of poverty and race in predicting stage at

reast-cancer diagnosis contained nonlinear effects,
nd race and poverty interacted. On the other hand,
hen poverty status was assigned based on patient
ensus tract, age, and race, all effects were linear, and
he final model did not contain any interactions among
ge, race, and census tract. Because of the availability of
ommon demographic variables such as age and race,
his approach could be generalized to other settings
here researchers need to develop a poverty-status

ndicator.
Another problem was encountered when imputing

overty status from census data. Estimates of poverty
ithin census age–race groups are often based on sparse
ata, and therefore are less precise and more likely to be
iased. One possible solution to this problem is to use an
mpirical Bayes approach to model estimates in a manner
hat would shrink unstable estimates toward the overall
ensus tract mean, with the extent of shrinkage depend-
ng on how sparse the stratum-specific data are relative to
he data for that census tract. University of Illinois at
hicago investigators found that using empirical Bayes to
stimate poverty within census age–race groups pro-
ided no advantage over using more traditional (and
impler) estimation methods, and the results were
imilar in both cases. This finding made sense, given
hat sparsely populated census age–race strata would
end to contribute little to the overall association
etween poverty and stage at diagnosis.
The RAND project examining data from the third

ational health and nutrition examination survey
NHANES III) focuses on the socioeconomic environ-
ent, the socio-structural environment, and the quality

f neighborhoods. Many contextual variables were de-
ived from the U.S. Census 1990 and 2000 data (inter-
olating for intercensal years and extrapolating from
000 forward); neighborhood characteristics were mea-
ured at the census-tract level. To link the geographic-
nd individual-level data, study participants’ residential
ddresses required geocoding, which in turn necessi-
ated a decision about the level of geocoding to be
erformed (e.g., ZIP code, census tract, or block

roup). Other considerations included determining

Am J Prev Med 2008;35(2S) S187
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hich geocoded measures of physical and social char-
cteristics of neighborhoods were most relevant to
ndividual health, and whether the potential effects of
ontinuously measured neighborhood characteristics
ere likely to manifest themselves across a continuum
r emerge at some threshold level. The RAND project
ocused on the effects of environments at the most
mmediate level of living—the neighborhood. Environ-

ent at the census tract was first considered, to ensure
omogenous populations and smaller spatial areas.
owever, the characteristics of larger administrative
nits (e.g., county or metropolitan statistical area) were
lso considered, to investigate whether larger economic
onsiderations (e.g., job availability, unemployment,
evels of inequality within regions) may play a role in
utcomes.

hallenge: using existing data from other research
tudies. Health disparities research often incorporates
xisting data from studies that were not designed to
ollect multilevel data. These data present special chal-
enges for researchers wishing to use multilevel analysis.
n particular, CPHHD researchers have encountered
hallenges using existing-survey data as well as clinical-
rials data.

Working with existing survey data typically does not
llow researchers to consider examining self-defined
eighborhood levels. This limitation is both advanta-
eous and disadvantageous; for example, individuals
ay infrequent contact with areas of their census tract

hat drive many of the average characteristics of the
ntire census tract. However, the existence of objective
ata avoids the problems of reverse causality whereby

ndividuals with poorer health may report more nega-
ively on their residential environment, either because
f differences in their perceptions of the environment
e.g., reporting more or less disorder or disadvantage)
r because of their experience of the environment
e.g., greater difficulty with poor air quality).

As with many large sample surveys, NHANES III data
re not limited to questionnaire items, but include
hysical exam and biomarker information as well. With
he addition of census data, multilevel models could
xplore potential interactions that may arise from
ocial-determinants-of-health outcome etiology; among
thers, these include whether the impact of neighbor-
ood SES and built-environment characteristics varies
ith individual SES, how it varies, and whether such

nteractions help to explain health disparities.24 For
xample, do the effects of neighborhood SES on spe-
ific health behaviors vary by gender or race/ethnicity?

Other types of studies offer the potential for multi-
evel research, but pose challenges as well. For exam-
le, the RAND CPHHD is developing multilevel models
sing observational and clinical-trial data from the
omen’s health initiative. These data pose a particular

hallenge in that there is clustering at the level of w

188 American Journal of Preventive Medicine, Volume 35, Num
medical center.” In addition, some metropolitan sta-
istical areas may have several medical centers, while
articipants may be enrolled in a center that serves
everal metropolitan statistical areas. Investigators at
he University of Pennsylvania are using data from an
xisting case–control study to investigate the possible
nteractions of neighborhood characteristics with genes
nd screening behaviors in explaining racial differ-
nces in prostate cancer outcomes.

hallenge: accessing detailed neighborhood-characteristics
ata. Census data do not provide researchers with de-
ailed neighborhood characteristics that could be useful
n multilevel health disparities analysis. For example,
roperty-specific or parcel-specific data are not avail-
ble through the census. Researchers seeking to use
roperty size, value, or length of ownership as possible
ovariates or predictors in multilevel models need to
dentify other sources of these characteristics. Two
PHHDs have identified local neighborhood charac-

eristics data, but these sources are not without their
hallenges. The University of Pennsylvania CPHHD has

resource on campus, the Cartographic Modeling
aboratory, that provides access to detailed neighbor-
ood data. However, the data are restricted to Philadel-
hia, and the use of some data requires special ap-
roval from city agencies. Similarly, the University of
hicago CPHHD has access to data from the Chicago
rea Study,42 but it is unique to the city of Chicago, was
ollected more than a decade ago, and may not repre-
ent the current characteristics of neighborhoods that
ave undergone gentrification or other demographic
hanges since then.

The Ohio State University CPHHD had a slightly
ifferent experience with this challenge. Early in the
lanning stages of the projects, researchers needed a

ist of all providers (in clinics, health departments, and
ther healthcare facilities) that performed Pap screen-

ng in their 14 Appalachian counties. Because there was
o resource that could easily provide this inventory, the

nvestigators had to work with local agencies, key infor-
ants, and local field staff to develop a list of providers,

sing a snowball-sampling approach.

hallenge: issues in recruiting from special populations
hat affect multilevel analysis. The Ohio State Univer-
ity CPHHD recruits patients from clinics in 14 counties
n Appalachian Ohio. Researchers there have experi-
nced challenges in patient sampling (e.g., it is incon-
istent across clinics; patient lists are difficult and
ime-consuming to obtain); in rates of response among
hese populations (e.g., how to extrapolate to all of
ppalachian Ohio); and in interview and follow-up
urden due to travel difficulties, contact challenges,
nd lack of incentives. The potential effects of these
ssues on outcomes will be explored during the analysis
hase, and their impact on the interpretation of results

ill be carefully considered.
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The CPHHD at Tufts/Northeastern universities re-
ruits Puerto Rican adults from the Boston area. Al-
hough a growing population, they constitute less than
0% of households in the city. Further, the presence of
uerto Ricans is identified by the census only at the
ract level. At the block level, there may be many
ispanic individuals, but none who are Puerto Rican.

ampling proceeded by identifying tracts that contain
t least ten Puerto Ricans, and then moving to the block
evel, with door-to door enumeration of blocks that,
ccording to the census, contain at least four Hispanics.
o use lower cutoff points would be prohibitive in cost,
ut as the study is designed, many blocks are enumer-
ted with no Puerto Ricans identified.

This has several consequences, because Puerto Ricans
t lower SES levels are most likely to live in more-
oncentrated communities. First, the sample will not
nclude Puerto Ricans with higher-level SES who live in

ore-integrated environments; second, SES distribu-
ion is therefore truncated, resulting in lower variability
cross sampled neighborhoods. This results in limita-
ions in generalizability to those Puerto Ricans living in
eighborhoods with other Hispanics, and limits power

or multilevel analyses.
To improve this, these researchers have included

articipants who are recruited from community gath-
rings, such as Puerto Rican festivals. This method does
dentify individuals who live in less Hispanic-dense
eighborhoods (although they remain underrepre-
ented), but it may complicate analyses. One such
omplication is the lack of homogeneity within the
tudy sample. Community gatherings may draw people
rom outside the neighborhood under study. In addi-
ion, the people who attend such gatherings may be
onrepresentative of the neighborhood as a whole,
ven if they live in that neighborhood.

haracteristics of Data for Multilevel Research

hallenge: dealing with significantly inter-correlated
ariables. Every CPHHD considers both SES and race/
thnicity, which are highly correlated, in analyses. A
umber of solutions have been devised to address this
onundrum. Researchers at the University of Illinois at
hicago CPHHD undertook a secondary data analysis,

inking data on breast cancer stage at diagnosis from
he Illinois State Cancer Registry for the years 1994–
000 with census data for Chicago. Their initial plan
as to limit the geographic region to Chicago. They

nitially encountered a high correlation between
ensus-tract SES and census-tract composition by race/
thnicity within the city limits. This made it virtually
mpossible to tease apart the separate effects of SES and
ace/ethnicity on stage at diagnosis. As a solution to the
roblem, the group expanded the geographic region of
nterest to include all of Cook County, in which there p

ugust 2008
re suburbs with substantial numbers of relatively afflu-
nt minority populations.
The RAND CPHHD addressed the issue by examin-

ng the distribution of each race/ethnicity on its mea-
ure of neighborhood SES to determine the degree of
verlap. They determined that there was insufficient
verlap to ensure that neighborhood SES effects occur
or all groups by race/ethnicity, and they are conduct-
ng stratified analyses by race/ethnicity in order to test
or effects based on the actual range of the data within
ach subgroup. Similarly, RAND CPHHD investigators
ave found that, although men and women are not
ifferentially distributed across census tracts (because
eighborhoods are not gender-segregated), there are
yriad gender differences in contextual effects that

ecessitate the use of either multiple interaction terms
r, in some cases, gender-stratified models in order to
apture the differential effects of specific aspects of
eighborhood contexts on men compared to women.

hallenge: justifying community- and neighborhood-
evel data from two sites that were conceptualized and
athered in different ways. The University of Chicago
PHHD originally planned to work only on the South
ide of Chicago. Thus, all neighborhood and commu-
ity data were from the same sources (e.g., the city of
hicago). Then the group began to work in Gary,

ndiana, in order to increase sample size. That posed a
roblem, because the data had been gathered by
nother source and were not completely comparable to
he Chicago data. The approach to this challenge was
o explore how each respective source defined each
ariable that was measured (e.g., violent crime or safety
f housing) and to find the lowest common denomina-
or among measures across sources.

hallenge: making the most of administrative data to
xamine contextual effects. In some cases, tract-level data
ail to capture important aspects of residential exposure—for
xample, because otherwise-similar tracts are surrounded
y differing concentrations of poverty or by built envi-
onments of varying quality. A solution developed by
AND and University of Chicago investigators was to
xamine a combination of census-tract characteristics
nd the characteristics of a buffer area around each
ract. In additional work, the RAND CPHHD has begun
o use GIS-based measures to capture distance and
xposure—for example, to alcohol outlets.43 Because
usinesses are often in separate areas that are not
oned for housing and thus are not classified as census
racts, measuring exposure to alcohol outlets only in
racts (or in grocery stores or fast-food outlets) results
n a systematic undercount of residents’ exposure to
hese businesses. In other projects, RAND investigators
ave employed similar models to capture distance from

arks and other green space.44
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nalyzing Multilevel Data and Interpreting
he Results

ransdisciplinary research requires collaborative and
ntegrative thinking. Multilevel analysis provides a nat-
ral environment for this in that it requires substantial

nput from experts in a variety of content and method-
logic domains. Effective collaboration in multilevel
esearch is facilitated to the extent that team members
hare an interdisciplinary or transdisciplinary research
rientation from the outset of the project. Yet the
rogression from multidisciplinary to transdisciplinary
ollaboration in the context of multilevel, multisite
eam initiatives is a gradual process that poses various
onceptual and methodologic challenges along the
ay. It is clear, for example, that engaging in multilevel
nalysis has challenged CPHHD investigators, espe-
ially in their efforts to apply theoretical concepts to
ractical settings.

hallenge: providing proper explanatory schemes for
bserved multilevel effects. Many researchers agree
hat the most important challenge for multilevel anal-
sis is not merely to apply advanced statistical models
ut also to provide proper theoretical frameworks for
raming studies. This is especially challenging because
t is very easy to draw conclusions based on an ecologic
allacy when trying to explain neighborhood effects at a
igh level when the actual effect-modifiers are low-level

actors associated with “neighborhood.” Ecologic fal-
acy arises when inferences about low-level factors, such
s SES, are made from high-level factors, such as ZIP
ode or census tract. Sound theoretical frameworks can
rovide the scaffolding that guides the development of
esearch questions, collection of data, and the analytic
rocess. One approach is taken by researchers at the
niversity of Pennsylvania, who have used the Systems
odel of Clinical Preventive Care45 to frame a study on

eterminants and interventions to improve discussions
bout prostate screening. This study is one example of a
ranslational initiative that seeks to implement a novel
omputer-assisted, patient-oriented behavioral interven-
ion that is informed by a highly transdisciplinary research
nterprise. The systems model is an excellent choice for
he project, given that it considers individual-, environ-

ental-, and system-level factors that influence behaviors
y patients and practitioners that affect health outcomes.
lthough not specifically used by the CPHHD, the model
eveloped by Hiatt and Breen24 shares the translational
ature of the systems model by considering the contin-
um of the disease process, from pre-disease to death,
nd suggests families of interventions that address this
ontinuum.

hallenge: low statistical power for testing neighbor-
ood effects. In some centers, participants are drawn
rom a relatively small number of relatively homoge-

eous census tracts. At Wayne State University, all of a

190 American Journal of Preventive Medicine, Volume 35, Num
he studies are intervention studies, and the studies are
owered to detect differences among interventions, not
he effects of neighborhoods. There are small differ-
nces between the census tracts from which the partic-
pants were drawn, and in each study there may be too
ew tracts to detect neighborhood effects. This chal-
enge is presented here as a cautionary tale: Health
isparities researchers need to be aware of the effects of
eighborhood characteristics on statistical power, and

hese characteristics need to be considered in calculat-
ng sample size.

hallenge: heterogeneous variable representation. When-
ver possible, the CPHHDs would like to avoid exclud-
ng variables simply because they were measured or
ollected at different levels or used different coding
chemes. How variables are defined at one level (e.g.,
he neighborhood level) so that they may be used in
nalyses with variables at other levels (e.g., the individ-
al level) poses a challenge to those engaged in multi-

evel analyses. The University of Chicago CPHHD is
aced with determining which features of the neighbor-
ood built-environment (i.e., neighborhood level) are
ost salient to women’s individual levels of felt loneli-

ess, depression, and perceived stress. More specifically,
hey would like to understand the relationships between
he neighborhood social environment—measured both
t the individual level (with measures of women’s per-
eived neighborhood safety, social cohesion, collective
fficacy) and at the neighborhood level (with area major-
rime rates related to violence such as homicide and
exual assault)—and psychosocial-stress response, mea-
ured at the individual level (determined both subjectively
nd objectively). The University of Chicago CPHHD’s
olution to the challenge is to gather data in a number of
ays to provide as much flexibility as possible in selecting
nd constructing variables for analysis.

hallenge: the need for new multilevel-analysis methods.
he increasing interest in translational research, which
ncompasses the continuum of bench to bedside to
opulations, highlights the importance of extending
urrent multilevel research methods in new directions.
he University of Chicago CPHHD, for example, is
eveloping new methods to correlate patterns and
eatures of dynamic cortisol metabolism with cumula-
ive genetic-expression alterations in breast cancer tis-
ue pathology (e.g., intranuclear glucocorticoid recep-
or activation immunohistology). Those researchers are
orking with faculty associates on the University of
hicago campus to expand the methods of hierarchical

inear models to allow for the inclusion of variables
rom molecular to community levels on each research
ubject. This endeavor brings together pathologists,
eneticists, social and behavioral scientists, statisticians,
nd immunologists to develop a new multilevel analytic

pproach.
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ummary

his paper has described several challenges faced by
esearchers at the CPHHDs as they pursue rigorous
rograms of health disparities research in a variety of
omains. Each of these challenges represents an oppor-
unity for transdisciplinary science to evolve. For exam-
le, the substantive data issues that pervade multilevel
isparities research could not be addressed without the
ollaboration of social scientists, data-systems experts,
linicians, and others. But this collaboration is not a
imple multidisciplinary one in which each specialist
ractices his or her craft. Rather, these collaborations
equire the transcendence of each researcher’s do-
ain. Thus, while the challenges presented here may

ot be unique to multilevel health disparities research,
he environment within which they emerged, and in

any cases met, is unique. Defining and working
hrough these challenges suggests three strengths of
his work and this paper.

First, the CPHHDs collectively offer examples of how
hese challenges are met within the initiative, but, just
s importantly, they offer an extensive compendium of
ssues that other health disparities researchers should
onsider, particularly in transdisciplinary environments
uch as the CPHHD initiative. The work put into
igorous multilevel approaches to health disparities
esearch, exemplified by the efforts reported here, is
ontributing to a better understanding of health dis-
arities: where they come from, whom they affect and
hy, and how they might be reduced. Even so, the
iversity of the challenges and solutions described here
uggests a degree of uniqueness that depends heavily
n the research domain under investigation. While the
tory of multilevel analysis in health disparities re-
earch, told through the experience of the CPHHD
enters, is compelling, it is not the last chapter. Inves-
igators are urged to be watchful for challenges unique
o their research and to consider other solutions that
re not described here. It is hoped that this paper
timulates the recognition that such vigilance is a
ecessary component of health disparities research and
f multilevel research approaches in general.
Second, the CPHHDs now have extensive, hands-on

xperience with multilevel research. There are numer-
us reports on multilevel research theory and analytic
ethods, but relatively few that provide insight into the

ractical, day-to-day problems of conducting this kind
f work. This paper provides such a report that, again,

s intended to be of value to the broader research
ommunity, not just to those currently working in
ealth disparities.
Finally, the CPHHD program facilitates cross-center

ollaboration in health disparities research, and the
enters have in turn taken up the mantle of collabora-
ion. Researchers at the CPHHDs have worked on

nding and sharing solutions to the practical and e

ugust 2008
heoretical challenges in multilevel research, not only
s it applies to health disparities, but to other research
omains as well.
The CPHHD experience suggests the need for new

irections in evaluating transdisciplinary science. At the
east, a transdisciplinary research evaluation “toolkit”
nitiated through this endeavor would provide a useful
nd constructive model for investigators and funding
gencies. When fully developed, such a toolkit would
ontain quantitative tools, such as validated scales that
ould be used in creating evaluation instruments, as
ell as qualitative tools, such as semi-structured ques-

ionnaires that could be used to elicit attitudes and
pinions. The toolkit could be framed within a meth-
dology for evaluating transdisciplinary science so that
ny evaluations would be as accurate and robust as
ossible. This methodology would borrow from the best
raditions of research evaluation, but would need to
xtend the boundaries to include new methods and to
pply existing methods in new ways.

Transdisciplinarity does not exist automatically, nor
ll at once; rather, it emerges over time, within and
mong individuals, groups of individuals, departments,
chools, institutions, and organizations. Ultimately,
here is a need to foster team science so that transdis-
iplinarity is given a chance to emerge. The authors’
xperience with conducting multilevel research in
ealth disparities underscores this need. As an exam-
le, their survey-based evaluation efforts have provided

nsight into the number and types of collaborations
cross the CPHHD program, but were unable to cap-
ure the evolution of team science, even with annual
valuations, which had focused on such characteristics
s publication counts and self-reported data on collab-
ration. This experience suggests that instruments re-
uiring self-report may not be the optimal way to
apture team science-related evaluation data, and the
uthors are hopeful that the social-network analyses will
rovide more substantive information, particularly with
egard to the scientific collaboration and integration
hat are central to transdisciplinary research.

However, two potentially more-powerful approaches
ould be the use of temporal social-network analysis
nd a formal bibliometric analysis of not only published
ut cited publications as ways to investigate the emer-
ence of “new science.” These approaches would be
articularly valuable, given that increasing numbers of
PHHD investigators identified multilevel research as a
ajor challenge. A final lesson learned from the au-

hors’ experience is that multilevel research should be
onsidered in a transdisciplinary context. Multilevel
esearch has often been conducted without consider-
tion of this context, perhaps to its detriment.46 The
PHHD initiative (and others like it) offers the oppor-

unity for conducting multilevel research in a variety of
pplication domains, within a new, rigorous, and inher-

ntly transdisciplinary environment.
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