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Foreword
The Brave New World of Rheumatic

Disease Research Today
Michael H. Weisman, MD

Consulting Editor
Pick up any journal article today or review a grant that requests funding for innovative
research in rheumatic diseases, and right away there is a methodologic challenge. As
databases become larger and complex with observational cohorts more challenging
due to patient protection and compliance fears, the need to interrogate data now re-
quires new approaches. How do we begin to approach the racial and ethnic differences
in our rheumatic diseases’ susceptibility and severity keeping in mind the suspected
interactions between genetic and environmental factors that are in play? The presence
of publicly available “omics” data is now being matched to patient cohorts, substantially
stretching our abilities to create new methodologic frameworks for proper analyses.
Clearly, we need to try to address these issues if we are going to meet the challenge of

precisionmedicine and new therapeutic strategies. Dr Johnsonwas asked to plunge into
this mix of applying new methods to the changing world of new data sources. She has
assembled an impressive set of articles and expert opinion from international leaders as
well as rising stars in the field. Topics range from the complexities of longitudinal data
analysis to the analysis of qualitative data that could uncover new concepts previously
hidden from view. After reading these articles, one should consider how we approach a
journal article: the message from Dr Johnson suggests that we should begin with the
materials and methods section before looking at anything else.

Michael H. Weisman, MD
Cedars Sinai Medical Center

David Geffen School of Medicine at UCLA, 1545 Calmar Court
Los Angeles, CA 90024, USA

E-mail address:
Michael.Weisman@cshs.org
Rheum Dis Clin N Am 44 (2018) xiii
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0889-857X/18/ª 2018 Published by Elsevier Inc.

mailto:Michael.Weisman@cshs.org
http://crossmark.crossref.org/dialog/?doi=10.1016/j.rdc.2018.02.002&domain=pdf
https://doi.org/10.1016/j.rdc.2018.02.002
http://rheumatic.theclinics.com


Advanced Epidemiologic Methods for the Study of Rheumatic Diseases
Preface
Advanced Epidemiologic Methods

for the Study of Rheumatic and

Musculoskeletal Diseases
Sindhu R. Johnson, MD, PhD

Editor
While the practice of rheumatology is challenged by a variety of clinical questions
encountered through the course of everyday patient care, research in rheumatology
is challenged by issues related to bias, sample size, and data quality. Clinical epidemi-
ology offers an array of “tools” to help address these challenges. This issue of the
Rheumatic Disease Clinics of North America focuses on advanced epidemiologic
methods for the study of the rheumatic and musculoskeletal diseases, including a
range of novel study designs, methods, and analytic strategies.
The study design options discussed include systematic reviews, meta-analysis,

network meta-analysis, randomized controlled trials, longitudinal observational cohorts
(eg, accelerated cohort, two-method measurement approach, multiform design), and
administrative data research. Methodologic and analytic strategies to efficiently use
available data while generating unbiased estimates are presented. These strategies
are considered in the settings of “big data,” repeated measures longitudinal data, and
data sets with limited sample size (as often encountered with rare systemic autoimmune
rheumatic diseases).
This issue of the Rheumatic Disease Clinics of North America also addresses novel

methods to identify similar groups of patients within datasets, including cluster anal-
ysis, multiple correspondence analyses, and similarity network fusion. Qualitative
methods are also reviewed in this issue. Such methods are suited for clinical ques-
tions where investigators wish to explore an unknown phenomenon, evaluate the
meaning of a concept, understand the phenomenon, or develop a new theory. In
addition to reviewing qualitative methods, this issue contrasts them with quantitative
methods, especially to highlight where these methods may be complementary or
advantageous.
Rheum Dis Clin N Am 44 (2018) xv–xvi
https://doi.org/10.1016/j.rdc.2018.02.001 rheumatic.theclinics.com
0889-857X/18/ª 2018 Published by Elsevier Inc.
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Prefacexvi
Understanding the value patients place on a health outcome is required for shared
decision making and to inform policy decisions and treatment recommendations. In
this issue, patient preferences and methodologies to measure them are reviewed,
with a focus on discrete-choice experiments.
The challenge of handling missing data is another topic presented in this issue.

Mechanisms of missingness, as well as strategies to deal with missingness, are sum-
marized. The ability to measure and interpret change, whether it be at the individual
level or group level, is also an important consideration. An overview and guidance
on developing, reporting, interpreting, and applying values of minimal clinically impor-
tant difference for outcome measures are presented.
Importantly, these articles include illustrative examples of these design, methodo-

logic, and analytic strategies being applied in the rheumatology literature. These exam-
ples encompass a broad range of diseases in both adult and pediatric rheumatology.
Contributors to this issue include both global leaders and rising stars in clinical epide-

miology. I would like to express my gratitude to each of the contributors for these excel-
lent articles. It is hoped that this clinical epidemiology–themed issue of the Rheumatic
Disease Clinics of North America will both educate consumers of the medical literature
and inspire clinical researchers looking for new tools to address the methodologic
challenges they face.

Sindhu R. Johnson, MD, PhD
Division of Rheumatology
Department of Medicine
Toronto Western Hospital
Ground Floor, East Wing

399 Bathurst Street
Toronto, Ontario M5T 2S8, Canada

Mount Sinai Hospital
Toronto, Ontario M5G 1X5, Canada

Institute of Health Policy
Management and Evaluation

University of Toronto
Toronto, Ontario M5S 1K7, Canada

E-mail address:
Sindhu.Johnson@uhn.ca
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Minimal Clinical ly Important
Difference

A Review of Outcome Measure Score

Interpretation
Lisa Engel, MScOT, PhDa, Dorcas E. Beaton, BScOT, PhDb,c,
Zahi Touma, MD, PhDa,b,c,*
KEYWORDS

� Reproducibility of results � Minimal important change � Change � Difference
� Outcomes assessment � Methodology � Important

KEY POINTS

� Standardized health-related outcomemeasures require evidence for change and a way to
interpret change within individuals or difference between groups.

� Values for theminimal clinically important difference (MCID) provide an option for the inter-
pretation of meaningful change/difference.

� There are many methods for developing MCID values, but values can be influenced by
sample characteristics and methods used for MCID quantification.

� Anchor-based methods using sensitivity and specificity analysis, such as receiver oper-
ating characteristic curve analysis, are recommended in the derivation of MCID to mini-
mize misclassification of those who importantly change.
INTRODUCTION

Has the patient changed an important amount? How many people improved or dete-
riorated from an intervention? Did the intervention make a difference in the study?
What value of change on a given measure is meaningful? These questions have chal-
lenged clinicians, researchers, funders, policymakers, and other health care stake-
holders since the beginning of health-measurement science,1 and before that in the
education and psychology measurement fields.2 The increase of standardized
a Toronto Western Hospital/University Health Network, 399 Bathurst Street, Room 1E-412,
Toronto, Ontario M5T 2S8, Canada; b Institute of Health Policy, Management & Evaluation,
University of Toronto; Health Sciences Building, 155 College Street, Suite 425, Toronto, Ontario
M5T 3M6, Canada; c Institute for Work & Health, 481 University Avenue, Suite 800, Toronto,
Ontario M5G 2E9, Canada
* Corresponding author. Centre for Prognosis Studies in the Rheumatic Diseases, Lupus Clinic,
Toronto Western Hospital, East Wing, 1E-412, 399 Bathurst Street, Toronto, Ontario M5T 2S8,
Canada.
E-mail address: zahi.touma@uhn.ca

Rheum Dis Clin N Am 44 (2018) 177–188
https://doi.org/10.1016/j.rdc.2018.01.011 rheumatic.theclinics.com
0889-857X/18/ª 2018 Elsevier Inc. All rights reserved.
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health-related outcome measures has increased the ability of clinicians and re-
searchers to reliably and validly measure and evaluate outcomes.3 Nevertheless,
the issue of interpreting scores, or changes in scores, is an ongoing debate, although
with more convergence appearing in recent years.4,5 The idea of a minimal clinically
important change (MCIC) or difference (MCID) is essential in understanding outcomes,
both longitudinal change within individuals or cross-sectional difference between indi-
viduals, but there is continued questions regarding its development, interpretation,
and application. Knowing the elements that create this controversy and then how to
move through it will help readers to make the best use of this important threshold.
Therefore, the aim of this review is to provide clinicians and researchers an overview
and guidance on developing, reporting, interpreting, and applying values of MCID.

Minimal Clinically Important Difference Definition

In their seminal 1989paper, Jaeschke and colleagues6(p408) definedMCIDas “the small-
est difference in score in thedomain of interestwhichpatients perceive as beneficial and
whichwouldmandate, in the absence of troublesome side effects and excessive cost, a
change in the patient’s management.” Since its original definition, many variations have
been proposed (Table 1), and variants now include concepts of important change to pa-
tients only, important change to other outcome stakeholders (eg, clinicians or re-
searchers), worthwhile importance, risk reduction, or mean score differences between
patients with ideal and less than ideal results.7–9 The term minimal important difference
(MID) is now often used to avoid a focus on the “clinical” importance of change. The au-
thors use the termMCIDbecauseMCID terminologypersists and is recognized.Further-
more, as seen in Table 1, polysemy (varying meanings for same term) and synonymy
(samemeaning for varying terms) complicate MCID literature.9,10 Despite the variations
in the name and the operational definitions, the general gist of MCID definitions is that it
defines the lower threshold for change that is important to or valuedby someone (eg, pa-
tients, health care providers, researchers conducting the study, funders, policymakers,
or other stakeholders in the intervention outcomes), and ideally this change should sur-
pass the boundaries ofmeasurement errors/measurement variation to be interpreted as
change.7 Importantly, the concept has evolved tomake a distinction between beneficial
(improvement) and harmful (deterioration) change.1,3,11,12

Values of MCID can be determined for different settings or applications. Sometimes
they are designed to offer insights for the interpretation of results in longitudinal eval-
uative observation studies and clinical trials (group-level applications), and in others,
for clinical care and intervention decisions for patients (individual-level application).
The values may differ depending on the application (discussed in more detail later).
However, which level of application depends on how the MCID value is derived (ie,
methods).7,13,14

For group-level applications, the MCID has been identified as ametric of clinical sig-
nificance of the change, quite different from the statistical significance of group differ-
ence alone. In this application, it allows for interpretation of intervention efficacy and
calculation of sample sizes for future evaluative studies or trials. Therefore, the
MCID can offer important insights in situations where sample size and characteristics
have driven the statistical significance to be too high, or too low, offering a means to
interpret the change.8,14–17

In both individual and group-level applications, the MCID can be used to guide the
threshold for meaning, rather than any statistical magnitude or significance of the
change. It is a far more important threshold used to classify someone as improved
(or responding to intervention), not improved (not responding to intervention), or
harmed by an intervention (clinically important deterioration).



Table 1
Variations in minimal clinically important difference terminology in published literature

Term (Acronym)a Definitions and/or Common Applications

Minimal clinically
important difference
(MCID)

Term discussed by Guyatt and colleagues49 in 1987; Jaeschke and
colleagues6 in 1989 proposed MCID definition and initial
methods. Wells and colleagues12 in their review found MCID
terminology to often be linked to important change based on
patient viewpoint (perception).

Minimal important
difference (MID)

Currently becoming the dominant terminology in literature
(although MCID is still used). MID omits the “clinical” of MCID,
where the anchor being used in the derivation of the change is
not based on clinical judgment (eg, perceptions of clinicians or
patients described in earlier MCID literature).50 Therefore, MID
could also be based on a change in a laboratory marker or a
functional test such as pulmonary function test or 5-min walking
test. Change in definition also expanded to include directions of
beneficial and harmful important change.50

Minimal important
change (MIC)

Used to emphasize a difference in terminology wherein “change” is
longitudinal change within individuals and “difference” is cross-
section differences between groups.3 MIC is a change a patient
considers important and therefore should be determined using
patient-perspective anchor-based methods.39,41

Subjectively significant
difference (SSD)

Introduced by Osoba and colleagues51 in 1998 to emphasize
patient-centered anchors.

Clinically important
difference (CID)

CID reflects clinically important change that is not necessarily
minimal.29 The term is also used in contrast to Clinically important
responder (CIR), where CID is the between-group difference
considered clinically relevant (ie, as applied to a clinical
intervention trial).18

Clinically important
responder (CIR)

Amount of change an individual needs to report to consider they
have experienced a meaningful improvement.18 Terminology
proposed to align more with patient-reported outcome measure
development guidelines.18,32

MDC (minimal
detectable change)

The amount of individual change needed to be achieved to
differentiate from measurement error (random variation);
argued that should not be a replacement for important
change.11,27,39,41

a Also see King’s 2011 review for evolution and nuances of MCID terminology.9
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Minimal Clinically Important Difference Methods

A variety of methods have been proposed and used to quantify the MCID; however,
each has its own merits and limitations. Other past reviews have reviewed and cate-
gorized these methods.4,8,9,12,14,17,18

The methods can be broadly described by 2 main approaches: anchor-based ap-
proaches and distribution-based approaches.4,14,19 Anchor-based approaches use
an external, tangible marker of change, termed the anchor, to identify the occurrence
of change in the target concept of interest; for example, did a change in pain, function,
or quality of life occur. These anchors become the critical part of the analysis. What
constitutes an appropriate anchor of importance varies and is often debated.8 Many
anchors have been proposed, including other objective clinical measures or endpoints
and, more commonly, subjective global indicator/impression of change (GIC; also
sometimes termed global rating of change or global assessment rating) scales.1,8,18,20
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When using a GIC anchor-based approach, the individual rates themselves (in the
case of MCID from a patient perspective) or the patient in question (in the case of
MCID from another outcome stakeholder or proxy perspective) on the GIC scale.
This scale is usually balanced, allowing the respondent to state if they are better,
the same, or worse using a Likert scale of varying number ranges.14,21 A priori deter-
mination is made of what is to be considered an important change on this anchor, and
after fielding it along with the questionnaires, the change score on the target question-
naire that relates to this threshold of important change on the anchor is calculated and
reported as the MCID. Various thresholds and various statistical techniques can be
found for this calculation.
Although anchor-based approaches provide the opportunity to define and quantify

importance, they have been scrutinized because of their variability dependent on
many factors (Box 1).1,4,8,13,14,20–27 Furthermore, the use of subjective anchors like
GIC scales have been criticized for their lack of reliability and validity evidence and
the susceptibility to recall bias, response shift, and implicit theories of change.3,8,28

Distribution-based approaches use internal quantifications of statistical variability in
the sample and magnitude of effect as a proxy to MCID quantification in the target
measure of interest.1,3,14 Other reviews and papers have listed distribution-based
approach methods to include the one standard error of measurement (SEM), 0.5 stan-
dard deviation (SD), or change equivalent to 0.2 or 0.5 effect size. A distinction should
be made between using these (ie, 1 SEM approach) as indicators of important change,
and the use of related statistics around error (such as Guyatt’s responsiveness index,
the reliable change index, standard response difference [SRD], Bland and Altman’s
Box 1

Factors influencing anchor-based minimal clinical (minimal clinically important difference)

values for a given measure

Methods3,4,18,21,24,27,28,43,44

� Which methodological (difference between and/or changes within) and statistical approach

� Time between testing and influence on stability and recall bias, response shift, or implicit
theories of change

� Direction of change to define importance (ie, improvement vs deterioration)

� Use of absolute versus relative change on target measure

Anchor1,8,14,17,20,25,52

� Anchor choice (eg, secondary measure/endpoint, global assessment rating)

� Whose perspective determines the change magnitude (eg, patient, family, caregiver,
clinician, payer, society)

� Importance cutoffs on anchors (eg, any change vs small change vs moderate change) and
whose perspective is used to determine minimal importance level from change magnitudes

� Statistical methods used to relate the anchor back to the change in score on the target
instrument (eg, thresholds, ROC curve analysis)

Sample4,5,8,21–24

� Patient demographics such as age, gender, diagnosis

� Health issue acuity, level of disease activity (eg, mild vs severe), stability, and baseline status
on measure

� Intervention (if any) received in MCID study
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limits of agreement, and minimal/smallest detectable change [MDC/SDC]).4,14,27,29

Although listed as distribution-base methods in past reviews, the authors argue that
the last 5 listed are not distribution-based approaches to MCID approximation, but
rather they are estimators of responsiveness or error.
Distributional approaches alone are less favored as an approach to MCID determi-

nation because of the lack of valuation of the importance of that change. Despite some
reports of distribution-based quantifications providing values comparable to anchor-
based values of MCID in some samples,29 the use of mathematical analysis of sample
distribution as a proxy for MCID is controversial and has been shown to be inconsis-
tent; there are exceptions to the distribution-based hypotheses.1,12,14,27,30 The
remaining concern about the distribution-based approaches is that they do not verify
concepts of important or meaningful change, therefore, are often not considered the
ideal MCID approach.14,27,30 Distribution-based approaches provide a starting point
to determine the interpretation of change through defining the “noise” that must be
surpassed in order to interpret the change as important.14,31,32 At best distribution-
based methods for MCID quantification are not encouraged as a sole method for
MCID derivation,21,32 despite their simplicity and continued utilization in MCID
literature.5,33

A third approach less often used, opinion-based approaches, is where consensus-
based methods, such as Delphi methods, are used to either quantify the MCID or
choose the “final” MCID value from previously developed MCID values.14 Whose
opinion is used is based on experience, knowledge, or data. However, like anchor-
based approaches, the MCID is again influenced by whose perspective is used.31

As well as the three approaches to MCID determination described earlier, another
important consideration is the nature of the data itself. Many scores on the instruments
are not pure “rulers” with the exact same difference reflected between each change in
the scale (ie, for people with relatively good vs very poor health status), meaning the
scales are not interval level data and are likely what is considered ordinal or ordered
data. Some suggest that much of the variance in MCID determination is caused by
this lack of interval level data and the solution to that is moving toward item response
theory (IRT) scoring to the instruments. Once scored through either Rasch or through
other forms of IRT, proponents would suggest that more consistency should be found
in MCID values. Once the scoring is settled using these methods, the same ap-
proaches described earlier could be applied using these new scores rather than the
simple sum of the responses to individual items andmeasurement error.3 In MCID der-
ivations from an IRT scoring perspective, the hierarchical Rasch score is used instead
of the summed score, thereby using a scale that is interval rather than ordinal. Propo-
nents of MCID using IRT-informed measures argue using an interval scale improves
the mathematics and corrects for issues of MCID varying by baseline score seen in
many ordinal-level measures (ie, where statistics requiring interval-level scoring are
suboptimally applied).34–36 Lee and colleagues36 recently reported excellent agree-
ment (k statistical >0.74 [ranging between 0.71 and 0.93]) in the proportion of patients
achieving MCID improvements between classical test theory (CTT)-informed
distribution-based MCID values (ie, 1 SEM, 1.96 SEM, SRD) and IRT-informed
MCID values.
However, limitations to IRT-informed approaches have also been identified. As the

authors argued previously, distribution-based methods of MCID approximation do not
actually address quantifying important change; therefore, the results from Lee and col-
leagues,36 where they compared IRT-informed derivations of MCID values derived
from distribution-based methods, need to be interpreted with caution. Furthermore,
not all measures may be able to be IRT informed, as IRT-informed measures require
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a clear difficulty level gradient across items.37 Last, there is very limited IRT-informed
comparative MCID analysis available, and literature does not yet offer evidence to the
necessity or superiority of IRT-informed MCID analysis. Rouquette and colleagues35

found that an IRT-informed MCID approach is not necessarily superior when
comparing the sensitivity, specificity, and the positive and negative predictive values
of MCID derived from trait-level IRT-informed scaling to CTT-informed scaling using
anchor-based approaches on the Medical Outcomes Study 36-item Short Form sur-
vey (SF-36). Therefore, the quantification of MCID using IRT-informed approaches
instead of settling the MCID debate has instead emerged as a new area of debate
where more research is needed, particularly comparative methods research.

Variable Minimal Clinically Important Difference Values: Recommendations and
Cautions for Interpretation and Application

The MCID is a “variable concept,” and there can be multiple MCID values for a given
measure.3(p256) Not all methods result in comparable MCID values nor can values be
applied universally.4,30 Interpretation and application of MCID values require careful
consideration.4

It is recommended that MCID values be based on anchor-basedmethods.32,38,39 As
previously identified, distribution-based methods do not estimate importance of
change, but instead estimate the measure “noise” secondary to variability and mea-
surement error.7 Therefore, SEM or MDC/SDC values may only be useful to impor-
tance of change interpretation when used in conjunction with anchor-based MCID
methods.20,30,40 For example, the use of MDC/SDC values can provide information
for interpreting anchor-based MCID values by answering if important change exceeds
measurement error.11,27,41

Nevertheless, anchor-based approaches require 3 important steps (which the au-
thors highlight in later discussion): deciding on the anchor, defining cutoffs, and
choosing statistical approaches. As previously identified in Box 1, multiple factors
in these steps can cause variations in MCID values for CTT-informed measures. These
variations influence threshold value obtained for the MCID, and the correct interpreta-
tion and application of MCID require one to critically examine how an anchor-based
MCID value was derived before application.3,7,11,13 Caution should be used in applying
MCID values without knowing exactly how they were derived.

Deciding on the anchor
An MCID value is influenced by choices of what the anchor is (ie, criterion measure),
whose perspective is used on the anchor, and what is the direction of change on
the anchor. As previously described, anchors can include an objective or subjective
measure (although the use of objective measures is debated due to its perceived
disconnect to the concept of important or meaningful change; subjective measures
used are often GIC scales).9,18 The anchor choice should be meaningful, easily inter-
pretable, and related to the target concept/measure.18

When examining an MCID value, whose perspective was used needs to be evalu-
ated. The quantification of change magnitude and/or importance can vary between
the patient, family/caregivers/close others, clinicians, funders/payers, or society.11,42

However, although often argued that MCID requires the patients’ perspectives,21 the
evaluation of change may require nonpatient perspectives; it is dependent on the
outcome being assessed. For example, decisions about important change not notice-
able to a patient, such as outcomes of serologic signs that have no current symptoms
but could relate to later health quality, may be best determined by anchors from the
perspective of the clinician. In contrast, change in some outcomes that are reliant
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on the patients’ subjective ratings, such as quality of life, are best judged by the pa-
tient.21 Before applying an MCID value, the user needs to critically examine whether
the anchor and perspective of the magnitude of change and importance value
attached to the magnitudes of change make sense in the context of MCID use.
Users of MCID values also need to heed the original definition of MCID set forth by

Jaeschke and colleageus6 that highlights the importance of considering side effects
and cost in addition to change when making intervention decisions. Current MCID
methods, especially when using anchor-based GIC approaches, do not necessarily
take these factors into account.8 Further research is needed to identify methods for
incorporating perspectives of important change in the context of side effects and costs.
Moreover, recent rheumatology research highlights the variations of MCID values

based on the direction of change on the anchor analyzed.33 Although the initial defini-
tion of MCID included only improvement or beneficial outcomes,6 understanding both
improvements and deteriorations is important to clinical outcomes. For example, in
samples of adults with systemic lupus erythematosus, both Devilliers and col-
leauges43 and McElhone and colleagues44 found differences in MCID estimates for
change based on deterioration versus improvement in the Lupus Quality of Life scale
and the Medical Outcomes Study short form survey (SF-36) when using a mean-
change response anchor-based approach informed by a GIC scale.

Defining cutoffs for important change on the anchor
Once an anchor is determined, someone then decides what parts of that anchor will be
considered “important change” or “small and important change.” For example, on the
same 15-point GIC scale, Jaeschke and colleagues6 defined “minimally important” as
inclusive of almost the same, a little worse/better, and somewhat worse (ie, 1/�1–3),
whereas Juniper and colleagues45 defined it as only encompassing the latter 2
(ie, 1/�2–3). A different cutoff variation is that some studies use a cutoff of “a little
change” to signal importance, whereas other studies use different magnitudes (eg,
“moderate change”); each produces a different MCID value. For example, the identi-
fied cutoffs for SF-36 MCID values reported by Devilliers and colleagues43 and
McElhone and colleagues44 differ. There is a lack of evidence and agreement as to
optimal cutoff levels, and variations in MCID values will remain, whereas variation in
cutoff exists.21

The decision of cutoffs is of paramount importance because it is defining what will
become a criterion for a small but important change occurring and is in fact the valuing
of that change as important.21 Careful consideration should be given to who rates that
importance: oftentimes it is left to the researcher or methodologist, who may or may
not know if that is truly important change.
This arbitrary nature of cutoff determination has led some to question the predom-

inance of current GIC anchors-based magnitudes of change (ie, how much are you
worse or better) being translated to cutoff of values of importance.21 Therefore,
Terwee and colleagues21 have suggested the validity of anchors should be improved
and standardized by directly querying about the importance of change in the anchor
item as an alternative to the currently used magnitude of change item originally pro-
posed for MCID.6

Choosing the statistical approach to estimate minimal clinically important
difference
Using various statistical approaches, the anchor scale is then compared with the
target measure to quantify an approximation of the MCID. Different statistical
approaches will also influence MCID quantification and application of MCID values.
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Variations of anchor-based analysis include within-individuals (patients) mean
change response, between-individuals/group minimum differences, bivariate/
multivariate linear regression, bivariate/multivariate logistic regression, and sensi-
tivity/specificity analysis.4,8,13,14 Sensitivity/specificity analysis includes receiver oper-
ating characteristic (ROC) curve and area under the curve analysis methods; in this
way, it is similar to diagnostic test validation studies, but where the anchor is categor-
ically used as the comparator or gold-standard measure. MCID values based on ROC
curve analysis are derived by identifying the most optimal level of both sensitivity and
specificity (ie, [1 � sensitivity]1 [1 � specificity]), which indicates a change score cor-
responding to the lowest amount of individual misclassification.21 A variation of the
ROC analysis and visual display is the visual anchor-based distribution method.3,46

This method uses the anchor to divide and visually represent the anchor in 3 groups:
the importantly improved, the not importantly changed, and importantly deterio-
rated.46 For these 3 groups, the change distribution is then plotted for the given target
outcome measure, and change for improvement and deterioration is analyzed sepa-
rately (as discussed, these can differ).33,46 Therefore, this visual display then provides
more information for analyzing and determining the MCID values.
Which statistical methods are used, whether change within versus difference be-

tween versus difference between changes within, dictates the potential application
of values (ie, group vs individual level).12,38 Mean change response methods for
anchor-based approaches have been criticized for their misclassification of some in
the sample who will be deemed to not having changed because their level of change
falls below the group mean, and therefore not appropriate for individual-level applica-
tion.21 Although MCID methods using group means can help in clinical trial change/
difference interpretation (group level), they are not useful in clinical patient evaluation
(individual level). Individual-level application often requires a greater magnitude of
change to be confident change has occurred.7 Therefore, ROC curve analysis is rec-
ommended for MCID values that are to be applied to individual level (eg, clinical pa-
tient intervention decisions).21 Despite this recommendation, it has been found that
there is less published literature using ROC methods, with much recent rheumatology
research reporting MCID based on anchor-based group-level analysis such as mean
change/response.43,44,47

Choosing the Minimal Clinically Important Difference Values to Use

Because the term MCID has variable conceptualizations, methods for quantification,
and, subsequently, values pertinent to any particular measure used in any particular
population/context, it is difficult to know which value to use for interpreting change
when one measure may have many MCID values. Nevertheless, this is an important
task especially when theMCID application hasmany potential implications. Themisap-
plication of MCID values can have consequences to individual patient care or interven-
tions research, for example, a clinician or payer deciding an intervention is not valuable
based on awrongful interpretation ofMCID or using an incorrectMCID interpretation to
determine clinical trial sample size or examine experimental effectiveness.
Multiple perspectives have been given on choosing the MCID value to use. As noted

previously, anchor-based approaches using ROC curve analysis for MCID quantifica-
tion are the recommended primary methods to determine MCID (with other methods
viewed as supportive evidence for interpreting important change).3,21,27,30 In this way,
MCID is treated like a diagnostic test and minimizes misclassification. Nevertheless, a
single standardized method and the optimal thresholds or cutoffs of importance for
anchors have yet to be determined and from whose perspectives these are best
determined.4,27
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If other MCID methods and approaches are used, then the sensitivity and specificity
of the MCID values should be evaluated for their sensitivity and specificity to check for
accuracy in classification based on that MCID criterion.33 Moreover, depicting the cu-
mulative percentage of patients across all levels of intervention effect (change from
baseline) using cumulative distribution function diagrams have been proposed as a
way to improve the comparison of many values of MCID.17 The diagrams plot the
change score on the horizontal and the cumulative proportion of people exceeding
these thresholds on the vertical. A diagram can be plotted for one or more groups.
The MCIDs can be added as vertical lines and will demonstrate the impact of MCID
variability on one group and between groups. These diagrams allow for the easy com-
parison of the percentage of patients that respond to interventions and achieve
different MCID thresholds.
Presently, it is up to the consumer of the published literature (eg, clinician,

researcher, funder, policymaker) to identify what type of MCID has been quantified
and its appropriate application. In line with other reviews of MCID, the authors empha-
size the need to view values of MCID as context specific and recommend caution in
interpreting and applying any one value of MCID universally.3,4,7,13,48 Critical appraisal
of how each MCID value is derived is required to determine whether it is a useful and
meaningful MCID value for the context of application.13 Therefore, adequate and in-
depth reporting of how MCID values are derived and their possible applications are
critical to users to optimally appraising and apply MCID values.

The Future of Minimal Clinically Important Difference Methodology

As it stands, the topic of MCID continues to develop, and the debate over methods
continues.4,13,34 The breadth and depth of the topic of MCID determination direct
us to more research into best practices. Increased standardization of MCID methods,
including the anchors and cutoffs used, would allow for better comparison and pooling
across studies.21 The framework proposed in Box 1 can guide the reporting of MCID
development research to optimize the accuracy of MCID interpretation and subse-
quent application by MCID literature consumers.
Beaton and colleagues7 in 2002 identified 6 main areas of future MCID method-

ology research to improve understanding of MCID meaning and generalizability of
values, including further research into comparative MCID methods; subgroup an-
alyses of the meaning of change (eg, different attributes and characteristics at
baselines); and relative importance values for deterioration versus improvement.7

However, from an examination of recent MCID literature, much of this research
required to reach more resolution around MCID methods and interpretations
remains to be done.14 Furthermore, new methods for outcome measurement
and MCID analysis, including the use of IRT informed measures, needs further
research.
SUMMARY

Despite their publication more than 15 years ago, it still stands that “measurement of
change is difficult and its interpretation is challenging.”7(p113) Varied definitions of
MCID leads to varied methods and interpretations where there is not one correct
answer as to what is minimally important when considering change or difference for
a particular outcome measure in a particular population.12 What most matters when
examining is the alignment between the purpose of the measure, the methods used
to derive the MCID value, and the intended application of the MCID value. Without
this correspondence, the risk of misinterpreting and misapplying MCID values is
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high. Although MCID is not a resolved topic yet, it is a methodological topic that gives
further information in understanding the meaning of change.

REFERENCES

1. Guyatt GH, Osoba D, Wu AW, et al. Methods to explain the clinical significance of
health status measures. Mayo Clin Proc 2002;77(4):371–83.

2. Cronbach LJ, Furby L. How we should measure “change”: or should we? Psychol
Bull 1970;74(1):68.

3. de Vet HC, Terwee CB, Mokkink LB, et al. Measurement in medicine: a practical
guide. Cambridge: Cambridge University Press; 2011.

4. Wright A, Hannon J, Hegedus EJ, et al. Clinimetrics corner: a closer look at the
minimal clinically important difference (MCID). J Man Manip Ther 2012;20(3):
160–6.

5. Smith-Forbes EV, Howell DM, Willoughby J, et al. Specificity of the minimal clini-
cally important difference of the Quick Disabilities of the Arm Shoulder and Hand
(QDASH) for distal upper extremity conditions. J Hand Ther 2016;29(1):81–8.

6. Jaeschke R, Singer J, Guyatt GH. Measurement of health status: ascertaining the
minimal clinically important difference. Control Clin Trials 1989;10(4):407–15.

7. Beaton DE, Boers M, Wells GA. Many faces of the minimal clinically important dif-
ference (MCID): a literature review and directions for future research. Curr Opin
Rheumatol 2002;14(2):109–14.

8. Copay AG, Subach BR, Glassman SD, et al. Understanding the minimum clini-
cally important difference: a review of concepts and methods. Spine J 2007;
7(5):541–6.

9. King MT. A point of minimal important difference (MID): a critique of terminology
and methods. Expert Rev Pharmacoecon Outcomes Res 2011;11(2):171–84.

10. Larsen KR, Voronovich ZA, Cook PF, et al. Addicted to constructs: science in
reverse? Addiction 2013;108(9):1532–3.

11. Beaton DE, Bombardier C, Katz JN, et al. Looking for important change/differ-
ences in studies of responsiveness. OMERACT MCID Working Group. Outcome
measures in rheumatology. Minimal clinically important difference. J Rheumatol
2001;28(2):400–5.

12. Wells G, Beaton D, Shea B, et al. Minimal clinically important differences: review
of methods. J Rheumatol 2001;28(2):406–12.

13. Angst F, Aeschlimann A, Angst J. The minimal clinically important difference
raised the significance of outcome effects above the statistical level, with meth-
odological implications for future studies. J Clin Epidemiol 2017;82:128–36.

14. Rai SK, Yazdany J, Fortin PR, et al. Approaches for estimating minimal clinically
important differences in systemic lupus erythematosus. Arthritis Res Ther 2015;
17(1):143.

15. Medina-Rosas J, Al-Rayes H, Moustafa AT, et al. Recent advances in the biologic
therapy of lupus: the 10 most important areas to look for common pitfalls in clin-
ical trials. Expert Opin Biol Ther 2016;16(10):1225–38.

16. Touma Z, Gladman DD. Current and future therapies for SLE: obstacles and
recommendations for the development of novel treatments. Lupus Sci Med
2017;4(1).

17. Wyrwich K, Norquist J, Lenderking W, et al, Industry Advisory Committee of Inter-
national Society for Quality of Life Research (ISOQOL). Methods for interpreting
change over time in patient-reported outcome measures. Qual Life Res 2013;
22(3):475–83.

http://refhub.elsevier.com/S0889-857X(18)30011-5/sref1
http://refhub.elsevier.com/S0889-857X(18)30011-5/sref1
http://refhub.elsevier.com/S0889-857X(18)30011-5/sref2
http://refhub.elsevier.com/S0889-857X(18)30011-5/sref2
http://refhub.elsevier.com/S0889-857X(18)30011-5/sref3
http://refhub.elsevier.com/S0889-857X(18)30011-5/sref3
http://refhub.elsevier.com/S0889-857X(18)30011-5/sref4
http://refhub.elsevier.com/S0889-857X(18)30011-5/sref4
http://refhub.elsevier.com/S0889-857X(18)30011-5/sref4
http://refhub.elsevier.com/S0889-857X(18)30011-5/sref5
http://refhub.elsevier.com/S0889-857X(18)30011-5/sref5
http://refhub.elsevier.com/S0889-857X(18)30011-5/sref5
http://refhub.elsevier.com/S0889-857X(18)30011-5/sref6
http://refhub.elsevier.com/S0889-857X(18)30011-5/sref6
http://refhub.elsevier.com/S0889-857X(18)30011-5/sref7
http://refhub.elsevier.com/S0889-857X(18)30011-5/sref7
http://refhub.elsevier.com/S0889-857X(18)30011-5/sref7
http://refhub.elsevier.com/S0889-857X(18)30011-5/sref8
http://refhub.elsevier.com/S0889-857X(18)30011-5/sref8
http://refhub.elsevier.com/S0889-857X(18)30011-5/sref8
http://refhub.elsevier.com/S0889-857X(18)30011-5/sref9
http://refhub.elsevier.com/S0889-857X(18)30011-5/sref9
http://refhub.elsevier.com/S0889-857X(18)30011-5/sref10
http://refhub.elsevier.com/S0889-857X(18)30011-5/sref10
http://refhub.elsevier.com/S0889-857X(18)30011-5/sref11
http://refhub.elsevier.com/S0889-857X(18)30011-5/sref11
http://refhub.elsevier.com/S0889-857X(18)30011-5/sref11
http://refhub.elsevier.com/S0889-857X(18)30011-5/sref11
http://refhub.elsevier.com/S0889-857X(18)30011-5/sref12
http://refhub.elsevier.com/S0889-857X(18)30011-5/sref12
http://refhub.elsevier.com/S0889-857X(18)30011-5/sref13
http://refhub.elsevier.com/S0889-857X(18)30011-5/sref13
http://refhub.elsevier.com/S0889-857X(18)30011-5/sref13
http://refhub.elsevier.com/S0889-857X(18)30011-5/sref14
http://refhub.elsevier.com/S0889-857X(18)30011-5/sref14
http://refhub.elsevier.com/S0889-857X(18)30011-5/sref14
http://refhub.elsevier.com/S0889-857X(18)30011-5/sref15
http://refhub.elsevier.com/S0889-857X(18)30011-5/sref15
http://refhub.elsevier.com/S0889-857X(18)30011-5/sref15
http://refhub.elsevier.com/S0889-857X(18)30011-5/sref16
http://refhub.elsevier.com/S0889-857X(18)30011-5/sref16
http://refhub.elsevier.com/S0889-857X(18)30011-5/sref16
http://refhub.elsevier.com/S0889-857X(18)30011-5/sref17
http://refhub.elsevier.com/S0889-857X(18)30011-5/sref17
http://refhub.elsevier.com/S0889-857X(18)30011-5/sref17
http://refhub.elsevier.com/S0889-857X(18)30011-5/sref17


Minimal Clinically Important Difference 187
18. Coon CD, Cappelleri JC. Interpreting change in scores on patient-reported
outcome instruments. Ther Innov Regul Sci 2016;50(1):22–9.

19. Rodrigues J, Mabvuure N, Nikkhah D, et al. Minimal important changes and dif-
ferences in elective hand surgery. J Hand Surg Eur Vol 2015;40(9):900–12.

20. Revicki D, Hays RD, Cella D, et al. Recommended methods for determining
responsiveness and minimally important differences for patient-reported out-
comes. J Clin Epidemiol 2008;61(2):102–9.

21. Terwee CB, Roorda LD, Dekker J, et al. Mind the MIC: large variation among pop-
ulations and methods. J Clin Epidemiol 2010;63(5):524–34.

22. Davis A, Perruccio A, Lohmander LS. Minimally clinically important improvement:
all non-responders are not really non-responders an illustration from total knee
replacement. Osteoarthritis Cartilage 2012;20(5):364–7.

23. de Vet HC, Foumani M, Scholten MA, et al. Minimally important change values of
a measurement instrument depend more on baseline values than on the type of
intervention. J Clin Epidemiol 2015;68(5):518–24.

24. Franchignoni F, Vercelli S, Giordano A, et al. Minimal clinically important differ-
ence of the disabilities of the arm, shoulder and hand outcome measure
(DASH) and its shortened version (QuickDASH). J Orthop Sports Phys Ther
2014;44(1):30–9.

25. Kosinski M, Zhao SZ, Dedhiya S, et al. Determining minimally important changes
in generic and disease-specific health-related quality of life questionnaires in clin-
ical trials of rheumatoid arthritis. Arthritis Rheum 2000;43(7):1478–87.

26. Santanello N, Zhang J, Seidenberg B, et al. What are minimal important changes
for asthma measures in a clinical trial? Eur Respir J 1999;14(1):23–7.

27. Turner D, Schünemann HJ, Griffith LE, et al. The minimal detectable change
cannot reliably replace the minimal important difference. J Clin Epidemiol 2010;
63(1):28–36.

28. Norman G. Hi! How are you? Response shift, implicit theories and differing epis-
temologies. Qual Life Res 2003;12(3):239–49.

29. Norman GR, Sloan JA, Wyrwich KW. Interpretation of changes in health-related
quality of life: the remarkable universality of half a standard deviation. Med
Care 2003;41(5):582–92.

30. Beaton DE. Simple as possible? Or too simple?: possible limits to the universality
of the one half standard deviation. Med Care 2003;41(5):593–6.

31. Lassere M, van der Heijde D, Johnson KR. Foundations of the minimal clinically
important difference for imaging. J Rheumatol 2001;28(4):890–1.

32. U.S. Department of Health and Human Services Food and Drug Administration.
Guidance for industry: patient-reported outcome measures: use in medical prod-
uct development to support labeling claims. Fed Regist 2009;74:65132–3.

33. Nantes SG, Strand V, Su J, et al. Comparison of the Sensitivity to Change of the
36-Item Short Form Health Survey and the Lupus Quality of Life Measure Using
Various Definitions of Minimum Clinically Important Differences in Patients With
Active Systemic Lupus Erythematosus. Arthritis Care Res (Hoboken) 2018;
70(1):125–33.

34. Erdogan BD, Leung YY, Pohl C, et al. Minimal clinically important difference as
applied in rheumatology: an OMERACT Rasch Working Group systematic review
and critique. J Rheumatol 2016;43(1):194–202.
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KEY POINTS

� Longitudinal cohort studies (with three or more measurement occasions) enable re-
searchers to examine between- and within-individual variation, providing an improved un-
derstanding of disease evolution.

� Alternative longitudinal study designs, such as the accelerated cohort, two-method mea-
surement approach, and multiform design, increase efficiency of longitudinal designs by
reducing time to research output and participant burden, while maintaining statistical
power.

� Longitudinally collected secondary data (eg, administrative data) can be used to create
retrospective cohorts for study, also reducing the time to research output while offering
a population-based perspective on the issue at hand.

� Statistical models that take account of time-varying factors (covariates, mediators, and
confounders), such as the marginal structural model, allow for unbiased assessment of
therapeutic effectiveness in real-world longitudinal cohorts.

� Recurrent events and multistate models maximize the yield of information pertaining to
prognostic factors and incidence of health events during the disease course.
Disclosure: None of the authors has pertinent conflicts of interest.
a Department of Pediatrics, Rady Faculty of Health Sciences, University of Manitoba,
501F-715 McDermot Avenue, Winnipeg, Manitoba R3E 3P4, Canada; b Division of Rheuma-
tology, The Hospital for Sick Children, 555 University Avenue, Toronto, Ontario M5G1X8, Can-
ada; c Department of Pediatrics, Faculty of Medicine, Institute of Health Policy Management
and Evaluation, Dana Lana School of Public Health, University of Toronto, Toronto, Ontario
M5T 3M6, Canada; d Department of Community Health Sciences, Rady Faculty of Health Sci-
ences, University of Manitoba, S113-750 Bannatyne Avenue, Winnipeg, Manitoba R3E
0W3, Canada
* Corresponding author.
E-mail address: llim@chrim.ca

Rheum Dis Clin N Am 44 (2018) 189–201
https://doi.org/10.1016/j.rdc.2018.01.001 rheumatic.theclinics.com
0889-857X/18/ª 2018 Elsevier Inc. All rights reserved.

mailto:llim@chrim.ca
http://crossmark.crossref.org/dialog/?doi=10.1016/j.rdc.2018.01.001&domain=pdf
https://doi.org/10.1016/j.rdc.2018.01.001
http://rheumatic.theclinics.com


Lim et al190
INTRODUCTION

Longitudinal cohort studies, in which individuals are followed over time and measure-
ments of their health are repeatedly collected via primary data collection methods, are
common in rheumatology. Cohorts may be defined for a specific disease (eg, rheuma-
toid arthritis) or group of diseases (eg, spondyloarthropathies). Longitudinal cohort
studies may be conducted in a single center, or in multiple centers; the latter are
favored to increase sample size for the study of rare rheumatic diseases (Table 1).
Longitudinal cohort studies enable researchers to investigate between- and within-

individual variation.1 They are powerful for examining the disease trajectory and fac-
tors that may influence it. However, longitudinal cohort studies have several limita-
tions, including the lengthy duration of time required for patient follow-up, heavy
respondent burden, potential for a high rate of attrition, and potential for substantial
nonresponse bias.
This article reviews alternative study designs and analytical methods for longitudinal

cohort studies with three or more measurement occasions. The focus is on methods
that facilitate the investigation of the shape of the disease trajectory (ie, linear vs
non-linear). With just two measurement occasions, only a linear trajectory can be
investigated.1 The alternative designs that are the focus of this article are accelerated
cohort, two-method measurement (TMM) designs, and multiform designs.2–6 Also
considered are retrospective cohort studies, which rely on secondary data, such as
administrative health data, instead of primary data collection. We review the general
methodology of each of these designs and their limitations and strengths.
The alternative analytical techniques that we focus on include linear and non-linear

models with time-varying covariates, marginal structural models, recurrent, and multi-
state event models.7–9 These longitudinal models allow researchers to use all available
data from participants’ disease courses. By using all data on events, such models
allow the shape of disease trajectories to be modeled. Also, by using all data on
Table 1
Examples of national and international longitudinal cohorts

Disease Name of Cohort Geographic Base

Adult cohorts

Rheumatoid
arthritis

Corrona United States
Canadian early arthritis cohort (CATCH) Canada

Systemic lupus
erythematosus

SLE International Collaborating Clinics
(SLICC)

Worldwide
(predominantly
North America)

Grupo Latino Americano de Estudio del
Lupus (GLADEL)

South America

Vasculitis French Vasculitis Study Group France/Belgium
Canadian Vasculitis consortium (CanVasc) Canada

Scleroderma European Scleroderma Trials and Research
Group (EUSTAR)

Europe/Americas

Inflammatory
myositis

Canadian Inflammatory Myopathy Study
(CIMS)

Canada

Pediatric cohorts

Juvenile idiopathic
arthritis

Childhood Arthritis and Rheumatology
Research Alliance (CARRA)

United States/Canada

Systemic lupus
erythematosus

CARRA United States/Canada
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covariates (baseline and time-varying), these techniques allow a more in-depth under-
standing of how and when covariates affect disease trajectory evolution. We discuss
these approaches using examples from recent publications.10–12

At the outset, we note that missing data and attrition are common in longitudinal
cohort studies. Depending on the type of missing data (ie, ignorable vs nonignorable),
it can reduce statistical power and/or bias study conclusions.13 Appropriate handling
of missing data is therefore an integral part of the conduct of longitudinal studies.4,14

However, we do not pursue an in-depth discussion about missing data because
another article on this topic is found within this issue (See Samantha Stephens and
colleagues’ article, "Strategies for Dealing with Missing Accelerometer Data," in this
issue.)

ALTERNATIVE LONGITUDINAL DESIGNS USING PRIMARY DATA

Planned missing data (PMD) designs with primary data collection include accelerated
cohort, two-method, and multiform designs. These designs are efficient because they
rely on strategically placed missing data, meaning that participants do not have the
samemeasurement schedule.3,6 Missing data in PMD designs are missing completely
at random; accordingly, their absence does not result in biased study conclu-
sions.13,15 By reducing response burden on participants, PMD designs can potentially
minimize loss to follow-up and nonresponse bias.13,15

Accelerated Cohort Design

The accelerated cohort design is a sequential multicohort design. It joins adjacent
segments of longitudinal data obtained from different age cohorts to study the longi-
tudinal outcome trajectory over their combined age range.16 This design is appro-
priate for investigating age-specific or developmental changes. As an example, an
investigator may be interested to examine disease trajectories of young adult pa-
tients (18–30 years) with childhood-onset systemic lupus erythematosus (cSLE),
including the length of any periods of prolonged remission. Instead of recruiting
patients at age 18 years and following them for 12 years, an accelerated cohort
design involves recruitment of patients in overlapping age groups (eg, 18–21 years,
20–23 years, 22–25 years, 24–27 years). Each cohort is followed for 3 years (Table 2)
so that information spanning the 12 years of young adulthood is collected.
Considerations when designing an accelerated cohort study include the number of

cohorts, duration of follow-up, number of measurements, and amount of over-
lap.2,17,18 The optimal combination depends on several factors. For a fixed number
of participants, increasing the number of cohorts increases statistical power, although
Table 2
Classic longitudinal and accelerated cohort designs

X X X X X X X X X X Design 1

X X X X 0 0 0 0 0 0 Design 2
0 0 X X X X 0 0 0 0
0 0 0 0 X X X X 0 0
0 0 0 0 0 0 X X X X

18 19 20 21 22 23 24 25 26 27 Ages of participants

Design 1 is the classic single cohort longitudinal design with a follow-up time of 10 y. Design 2 is an
accelerated cohort design with four cohorts, overlapping by 2 y. Each cohort is followed for 3 y. X
denotes occasions of measurements, 0 denotes data not collected.

https://doi.org/10.1016/j.rdc.2018.01.012
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there are diminishing returns with increasing number of cohorts.2 Increasing follow-up
more than 3 years may not result in a substantial increase in statistical power.2 For a
fixed number of measurements, power is increased with fewer measurements per per-
son, regardless of the number of cohorts or amount of overlap.2

The accelerated cohort design has many advantages. With a shorter length of
follow-up, this design reduces the burden on investigators and participants. In the
scenario presented previously, it is easy to imagine that any loss to follow-up associ-
ated with the accelerated cohort design is reduced. This design shortens the time to
research output, which reduces the likelihood that questions asked or results would
be outdated by study completion. The duration of need for funding is shorter. Patient
recruitment is often less onerous.
However, the accelerated cohort design is not without its limitations. The period

of time available to measure within-individual change is short. Cumulative occur-
rences may not be possible to study unless additional design features are added,
such as information about pertinent outcomes and possible prognostic factors up
to the point of entry into the cohort or at least in the intercohort interval just before
entry.17 Immortal time bias is a potential threat to the validity of inference; only
those individuals who have survived their disease can enter later age cohorts.19 In-
vestigators must carefully document the source population from which they drew
their study cohort: that is, what proportion of all patients greater than 18 year old
were recruited into the accelerated cohort and how those recruited into the cohort
differ from those who did not enter into the study cohort. In using the accelerated
cohort design in a disease population, these measures are essential to interpret the
results.

Two-Method Measurement Design

The TMM design measures the construct of interest (covariate) with a valid but often
costly reference measure, and a second measure that is less costly but often less
valid. Both measures capture the same construct.
The TMM design borrows strength from the use of two or more methods of mea-

surement. Given the same budget, it is more efficient (and hence has greater statistical
power) than a study in which only the reference standard is used for data collection. If
only the cheaper measure is used, more participants are measured (with increased
power) but the validity of the results is reduced. Measuring a random subset of the
study population with the expensive reference standard allows the researcher to
calculate the response bias for the cheaper, less valid measure and to adjust for
this bias.4

To illustrate, the TMM design can be used to investigate the effects of smoking on
rheumatoid arthritis activity. The biased measure is patients’ self-reported cigarette
use, which is typically underreported because of perceived social undesirability.
Unbiased measures include exhaled carbon monoxide and blood cotinine levels.
For this design to work, there must be a measure of the cheaper tool and at least
one measure of the expensive tool.20,21 Fig. 1 provides the model layout. In this
model, smoking predicts disease activity. Smoking is measured by two cheap and
two expensive measures. The cheap measures are associated with a response
bias factor. Because the expensive measures are available, they can be used to
estimate the response bias factor and separate out the parts of the cheap measures
that measure the smoking construct. Structural equation models for longitudinal data
can be used to define the response bias factor.4,20,21 Structural equation models is a
multivariate technique to model relationships between measured variables and latent
(unmeasurable) constructs.3,22



Fig. 1. An illustration of the response bias correction (structural equation) model. Ovals
(black border) depict the covariate (smoking) and outcome (RA activity). Smoking (latent co-
variate) predicts RA disease activity (latent outcome). Small oval (gray border) denotes the
bias response factor (Bias). Rectangles (black and gray borders) denote measures of the
latent smoking variable. F1 and F2 are the biased self-reported measures. F3 and F4 are
the gold standard measures. Dashed line rectangles denote the measures of the underlying
latent construct of RA disease activity. ESR, erythrocyte sedimentation rate; RA, rheumatoid
arthritis; SJC, swollen joint count; TJC, tender joint count.
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The optimal total sample size to expensive measure ratio of a TMM design depends
on cost ratio (number of cheap measures to one expensive measure), effect size of the
construct of interest, and measure reliability.4,5 Assume a fixed budget ($7200) and a
cost for the cheap measure of $4 and for the expensive measure for $20 (5:1 cost ra-
tio). If all participants receive both measures ($20 1 $4), the total sample size is 300
($7200/$24). Table 3 shows the results for different scenarios.4 The standard error
Table 3
Hypothetical data collection costs for two-measurement method (TMM) design where the
cost ratio of expensive to cheap measure is 5:1, for a total cost of $7200

Total N N Cheap N Expensive Standard Error Neff Neff Increase Factor

300 300 300 0.0543 300 —

600 600 240 0.0465 409 —

900 900 180 0.0422 495 —

1100 1100 140 0.0407 533 —

1200 1200 120 0.0403 542 1.81

1300 1300 100 0.0404 540 —

1500 1500 60 0.0425 489 —

1700 1700 20 0.0573 269 —

Bold line denotes the combination with the most precise standard error.
Total N denotes the total number of participants in a study. N cheap denotes the number studied

with the cheap measure. N expensive denotes the number studied with the expensive measure.
Standard error refers to that of the latent covariate, the smaller the better (more precise). Neff de-
notes effective sample size, which refers to the equivalent sample size as though all were measured
with the expensive measure. Neff increase factor is the ratio of Neff/NCD, which denotes the power
equivalent (for the TMM design) to testing a sample size of the corresponding longitudinal cohort
design.

Adapted from Graham JW. Missing data: analysis and design. New York: Springer; 2012; with
permission.
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of the parameter estimate decreases to reach a nadir (ie, is most precise) when 1200
receive the cheap measure and 120 receive the expensive measure (ie, optimal PMD
design). The effective sample size (Neff) is 542, which means that measuring only 120
(out of 1200) participants with the expensive measure is equivalent to testing with 542
participants on both measures. If 542 participants were to be tested with the expen-
sive measure alone, the cost would have been $10,840, and for both measures
$13,008.
The Neff increase factor (NIF) is the ratio of Neff/Ncomplete data, which in this case for

the most optimal study design is 1.81 (542/300). The optimal TMM design therefore
allowed testing a hypothesis with a power equivalent to testing a sample size 1.81
times that of a longitudinal (complete data) cohort design.
Two factors affect the NIF: the cost ratio between the expensive and cheap mea-

sures and the effect size of the parameter estimate. If the expensive to cheap ratio
is only 1.6 (small), the NIF is only 1.09, that is, 9% increase in Neff compared with
the longitudinal cohort design.4 However, if the ratio is 10, which might be real in
the case of expensive biomarkers, the NIF of the TMM design could increase to
1.96, that is, almost 200% increase over the longitudinal cohort design. Given the
same cost ratio, the NIF is higher the smaller the effect size of the parameter estimate.
Using the cost ratio of 10, if the effect size is 0.4, the NIF is 1.96 but if the effect size is
0.1, the NIF is 3.47. Therefore, for small effect sizes, using a TMM design can increase
the effective sample size to approximately 3.5 times more than the longitudinal cohort
design.
There are some limitations associated with using the TMM design. In real life, it may

be hard to find a true unbiased measure as a reference standard, just a substantially
less biased measure. This method is still applicable but the bias reduction can only be
to the degree that the less biased reference standard is biased.3 The TMM design is
meant for inference at the group level and not at the individual level. The bias correc-
tion factor is meant for the latent construct and not for computing a correction to in-
dividual scores.3

Multiform Planned Missing Data

Often there are more questions to be asked than the participants are able to answer at
each measurement occasion because of time constraints or attention drift. Instead of
forgoing some questions altogether, the multiform design relies on the administration
of different forms to different participants, allowing more questions to be asked of the
entire cohort.3,5

Currently, many rheumatology cohorts try to minimize participant burden by
measuring certain information only once per year. By adopting a multiform design,
some of this information can potentially be collected during every visit without sub-
stantially overburdening participants. The information collected can then be tested
more precisely for its effects on outcomes collected on every visit.
We illustrate this PMD design using the three-form (3F) design, the most common of

the multiform designs.4,5 All possible questions for participants are divided into four
sets (X, A, B, C) (Table 4). An essential set of questions (X) that is most important
for answering the central questions of the study is provided to every participant at
every occasion. All other questions are distributed among three sets (A, B, C). Each
participant is assigned to respond to one form (ie, XAB or XBC or XAC; see Table 4).
To illustrate, if there are 34 questions in X and 33 questions in each of A, B, and C,

each participant would only be asked 100 questions. However, a total of 133 ques-
tions (overall) will be asked of the cohort. The 3F design therefore allows a 33%
increase in the number of questions that can be asked when compared with a



Table 4
The 3-form design schedule

Questionnaire ID and Number of Questions

X A B C

Forms 34 33 33 33

1 1 1 1 0

2 1 0 1 1

3 1 1 0 1

1 denotes the data collection occasion, 0 denotes no data collection. Each form will collect data for
questionnaire X, which contains core questions essential to address primary research questions.
Forms A, B, C contain other questions of interest. At each study visit, one form (of 1–3) is adminis-
tered to the participants. Each participant will answer two-thirds of all the questions in the study
and have one-third of all questions missing (planned missing data).
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single-form design. Following data collection, further processing is required using
missing data models. For the models to accurately estimate the missing values, the
correlation of items should be high (eg, >0.5).4,23 It is suggested that items within a
scale or questionnaire be split and redistributed among the three forms so that statis-
tics are estimated with greater precision.24 However for convenience, it might be
easier to keep items within a scale on the same set.4

The 3F design can be extended to longitudinal studies. The strategy for assignment
of forms depends on the study aims.15 If the primary aim is to measure how single vari-
ables change during follow-up, then each participant should be given the same form
across visits. If the primary aim is to test the relationships among questions, then a
different form at each visit is preferred. Practically, the participants can be randomized
at each visit to answer different forms.
There are some limitations associated with the multiform design.15 The focus of

research is at the group level; modern missing data techniques are used to facilitate
the estimation of group-level parameters but cannot replace the missing data at an in-
dividual level. If the predicted effects are small, the correlation between items (in
different sets) is weak, or the analysis requires large numbers, then the sample size
requirements might be larger than for the longitudinal cohort design. Using modern
missing data techniques requires the sample size to be sufficiently large to provide
stable estimates of covariance (about 125).3 With the 3F design, a conservative esti-
mate of sample size is about 375 (3� 125) to allow estimation of cross-set covariance.
Other variants include the six-form design and the 10-form design, which are

more common than larger form designs.4,25 With a fixed sample size, there are dimin-
ished returns with increased numbers of forms in terms of design complexity, amount
of missing data, and statistical power.

ALTERNATIVE LONGITUDINAL DESIGN USING SECONDARY DATA

Administrative data are collected for managing and monitoring the health care system
and not for research purposes. Examples of administrative data are records of physi-
cian billing claims, hospitalizations, and emergency department visits. These data are
usually collected by the government to produce official statistics.26 However, they are
a potentially valuable resource for observational, longitudinal studies about chronic
diseases. Rheumatologists are familiar with the use of administrative health care
data for determining incidence and prevalence of various diseases and mortality.27–29

However, the potential to use these data in novel ways is unlimited.
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Longitudinal models can be applied to administrative data to answer questions
about health care use trajectories.30 For example, latent class analysis was used to
identify different patterns of longitudinal health care (encounter) pathways during an
episode of chronic obstructive pulmonary disease exacerbation and costs associated
with different pathways.31 These latent pathways were associated with different dura-
tions, types, and numbers of health care contacts and costs. By identifying patients’
membership in different pathways, recommendations are derived about case man-
agement strategies to streamline episode management for those with the most severe
disease and highest intensity health care use group. Combining longitudinal models
with administrative data can leverage the availability of longitudinally collected data
to clarify important outcomes of patients.
There are some unique advantages to using administrative data to measure out-

comes and increase efficiency of research. The study population is likely be more
representative as the extent of population coverage is close to 100%.32,33 Even those
individuals who might otherwise not participate in primary data collection studies are
captured.32 Administrative data is especially helpful when studying outcomes that
occur after longer disease durations or older ages. This approach is helpful with
detecting less common outcomes (although not rare because confidentiality consid-
erations forbid report of very low numbers) faster than a study population recruited
specifically for one study.
ALTERNATIVE LONGITUDINAL ANALYTICAL METHODS

In this section, we discuss several examples of newer (but less commonly used) lon-
gitudinal models that enable researchers to make full use of all available data. These
models are used in longitudinal cohort studies to address long-term therapeutic out-
comes (marginal structural modeling); recurrent events, such as flares of disease
(recurrent event modeling); and progression through various stages of disease (multi-
state modeling). All of these models have in common the ability to evaluate time-
varying (covariates, mediators, confounders) effects over the course of outcome
evolution.

Marginal Structural Model

Rheumatologists are often interested in long-term outcomes of patients after treat-
ment. Specifically, the researcher may seek to answer the question: “What treatment
(eg, drug A vs drug B) is associated with better outcomes over time”? Although trials
are important to establish efficacy and information about short-term outcomes (ie,
commonly up to 24 months), most trials do not cover longer periods of time.
Therapeutic data from observational studies cannot be directly analyzed to deter-

mine unbiased therapeutic effects. There is likely confounding by indication,
where sicker patients are treated differently than less sick patients. Treatments may
be changed, augmented, or stopped and patients may leave (attrition), potentially
resulting in a cohort that is no longer representative of the population by the end of
follow-up. Many patients are treated with several medications (eg, steroids) that are
constantly being adjusted based on information about disease activity and observed
outcomes. These other treatments serve as time-varying confounders in that they are
related to the outcomes and other covariates (eg, treatment of interest), and act as
mediators, in that their past values influence the current observed outcomes. Stan-
dard statistical models assume that time-varying confounders of current and future
treatments and outcomes are not affected by prior treatment. Therefore, in the pres-
ence of time-varying confounders that are affected by prior treatment (eg, steroids),
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even longitudinal models with time-varying variables cannot provide unbiased causal
estimates.
Marginal structural models were developed to estimate causal treatment effects in

the presence of treatment switching, time-varying confounders, and missing data.34

The analysis has two steps. First, two sets of weights are calculated for each visit,
one adjusts for treatment selection and another adjusts for attrition; these weights
are multiplied to produce stabilized weights for each visit. Next, generalized estimating
equations weighted with the stabilized weights are then used to estimate the treat-
ment effect (as a time-varying factor) after adjusting for relevant baseline covariates.35

Treatment history before each visit, baseline covariates, and time-varying covariates
are incorporated into the computations of the treatment selection and attrition weights
for each visit. Where time-varying factors (covariates and confounders) are strong pre-
dictors of treatment choice, observations are down-weighted because they are likely
to be overrepresented in the cohort. These weights therefore create a pseudopopula-
tion where treatment allocation is not confounded.36–38 As prior treatment history is
incorporated into the weights, they adjust for the relationship between current treat-
ment and current and past confounding effects.
A recent study about cSLE nephritis used the marginal structural model.12 The in-

vestigators tested the effectiveness of mycophenolate mofetil against other immuno-
suppressants for preserving renal function, as measured by glomerular filtration rates
(GFR).12 The investigators usedmarginal structural models to address confounding by
indication, time-varying confounding, treatment switching, and concomitant treat-
ments. Mycophenolate mofetil, compared with other immunosuppressants, increased
overall GFR by 6%. This benefit was observable after the first 2 years of treatment and
became significantly more pronounced over 4 to 6 years.
We showed in this section the application of marginal structural modeling to esti-

mate unbiased long-term therapeutic outcomes in a longitudinal study. There are
other strategies that can be used in similar situations to provide unbiased estimates
of outcomes. Examples include longitudinal propensity score modeling and the instru-
mental variable approach.39,40

Recurrent Events Models

Many events in rheumatic diseases may be recurrent (eg, disease flares, remission,
development of avascular necrosis). Although survival models are frequently used
to model time to first event and the associated predictors, subsequent events are
less frequently examined. Predictors of the first event may not be as strongly associ-
ated with subsequent events, and history of prior events may influence the occurrence
of subsequent events.7,41,42

Some researchers have modeled recurrent events using generalized linear models
with generalized estimating equations and nonlinear mixed-effects models, to account
for repeated measurements on the same individuals. However, such approaches miss
out on the opportunity to test hypotheses about the timing of events. Using recurrent
event models, the researcher can ask what factors (baseline or time-varying) predict
the occurrence of (multiple) events, and whether the same factors predict the occur-
rence of first versus subsequent events.7,43

Recurrent event analysis was compared with time-to-first-event analysis to evaluate
the effect of sex on episodes of functional disability among elderly in a longitudinal
study.10 About 60% of participants did not have an event, 20% had one event, and
another 20% more than one event. When evaluated with the first-event-only
approach, women were found to be at a higher risk of developing bathing disability
but not for other disability. However, when evaluated using recurrent event analysis,
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the effect of sex was even greater for bathing disability and became statistically sig-
nificant for other disability. It is therefore obvious that the first-event-only approach
is inadequate to evaluate the effects of prognostic factors. When the effect of previous
disability episodes (in addition to other baseline and time-varying factors) is taken into
consideration in recurrent event models for bathing disability and other disability, the
effect of sex disappears. This further illustrates how incorporating all available longi-
tudinal data (outcomes and time-varying covariates) in modeling can clarify the under-
standing of participants’ disease trajectories.

Multistate Models

Some outcomes in rheumatic diseases may evolve through multiple stages (eg, extent
of proteinuria or degree of renal impairment). The different stages may be reversible,
that is, there could be several forward-backward transitions between adjacent states.
However, this evolution through different stages has not been well-studied. More
commonly, some kind of outcome categorization on a single occasion of ascertain-
ment is used to study such outcomes. Such multistate events can be thought of as
part a special case of recurrent events, where there are more than just two states (usu-
ally occurrence or nonoccurrence). Researchers could ask many questions in such a
scenario: what disease states are cohort members in at various times of follow-up,
what are the frequencies of transitions between reversible states, what are the prob-
abilities of transitioning between states, what are the average duration of times spent
in each state, what factors (baseline and time-varying) predict the transition between
different states.7,9,44

The multistate event approach was recently used by the SLE international collabo-
rating clinics to study longitudinal renal function outcomes (proteinuria, GFR) and to
identify predictors of transitions between states (ie, worsening or improving).11 It is
now clear that with current management, renal functions in patients with SLE continue
to improve up to 5 years after the initial presentation. The group was also able to iden-
tify predictors for different kinds of transitions (improvement and detriment) during
follow-up.
Studying recurrent or multistate events can clarify the nature of the disease course.

By knowing the different predictors of first and subsequent events, this information
could potentially change the management approach to reduce patients’ risks of an
event, depending on whether they have had prior events. By the same measure,
knowing the probabilities of transitioning to an improved or worsened state, and the
duration of time spent in each of these states, can also dictate different risk manage-
ment strategies of different urgencies for patients at different stages of disease
evolution.
SUMMARY

We have shown in this review how alternative PMD designs are used to accelerate the
time to research output, collect more information, and maintain or sometimes increase
statistical power. We have also shown how advanced statistical models are used to
provide estimations of unbiased treatment effects through adjustments of time-
varying covariates, mediators, and confounders.45 Methods that use all available dis-
ease course data allowing the modeling of recurrent events or multistate events were
also presented.7,9,41,42

Longitudinal studies are especially valuable to study patients with rare diseases
(like many rheumatic diseases) and their impact on health trajectory. It is challenging
to accrue large cohorts without investments of substantial time, efforts, and
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commitments. Such studies are also important for informing the effectiveness of
various management strategies in real-world settings, where patients have multiple
comorbid conditions, suboptimal adherence, and other issues affecting control of their
diseases; but this has been an underexplored potential. The methods we presented
can help researchers maximize the yield of information from longitudinal studies.
The methods that we have focused on in this review are most helpful for researchers

who are interested in a group-level view of the disease trajectory. This view is impor-
tant for understanding the overall prognosis of a disease population and is an impor-
tant piece of information for all stakeholders, including patients, physicians, and
especially health care payers. However, this view does not take into account individual
variation in outcomes relative to the overall population. If the researcher’s main inter-
est lies in understanding how individual variation affects patient outcomes, then the
traditional longitudinal design and appropriate analysis strategies should be adopted.
Developing more efficient longitudinal designs to model individual-level variation is an
active area of research that should continue to be developed.
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KEY POINTS

� The absence of randomization in an observational study makes inferences about treat-
ment effect susceptible to confounding by indication.

� Propensity score methods are a strategy to balance observed characteristics.

� Propensity score methods result in a pseudorandomization, facilitating exchangeability.
This result allows for a less biased estimation of the effect of a treatment at each value
of the propensity score.
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INTRODUCTION
Observational Data
The merits of observational data for the study of uncommon diseases have long been
recognized.1 Whereas the use of narrow inclusion criteria to select subjects for clinical
trials can result in a more precise estimation of a treatment effect in a defined group of
subjects, observational studies can evaluate the effect of a treatment in a wider pop-
ulation; a wider selection of subjects may result in a different estimate of treatment ef-
fect.2 Thus, observational data may sometimes provide a better representation of the
spectrum of real-world practice than conventional randomized trials.3 Additionally, the
use of observational data allows studies to have a longer duration of follow-up. This
longer follow-up can yield an important understanding about long-term treatment
effects as well as long-term adverse effects. Narrow inclusion criteria and a short
follow-up have increasingly been recognized as limitations of clinical trials; there is,

accordingly, great value in the use of observational studies, particularly observational
cohorts or registries.1

Confounding

A challenge to the use of observational data to study treatment effects is the issue of
confounding.4 Confounding of a treatment effect occurs when there is a distortion of
the estimated treatment effect on an outcome caused by the presence of another fac-
tor.5 This factor (ie, confounder) must be (1) causally related to the outcome indepen-
dently of the exposure and (2) associated with the exposure but not a consequence of
exposure. The confounder can have a positive influence, increasing the measured
treatment effect above what it would otherwise be, or it can have a negative influence,
falsely lowering the measured treatment effect.5 In its simple form, confounding can
be considered a confusion or mixing of effects whereby the effect of an exposure is
distorted because of the effect of another variable.6,7

Confounding by indication (also known as treatment selection bias or susceptibility
bias) is a special and important form of confounding that threatens the use of obser-
vational data to make unbiased estimates of treatment effect.5,8 In a randomized trial,
the act of randomization ensures that treatment assignment is random. In an observa-
tional study, treatment assignment is not random andmay be influenced by a variety of
factors. Confounding by indication occurs when there is noncomparability between
the study groups resulting from the way they were constructed.5 Exposed and unex-
posed patients may differ systematically in important characteristics. These charac-
teristics may include disease severity, comorbidity, prognosis, local practice
patterns, health care access, and patient preferences.9,10 Small differences between
treatment groups in many covariates can accumulate into substantial overall differ-
ences.3 It may be that these differences have a greater effect on the outcome than
the intervention itself. Properly conducted randomized trials are not affected by con-
founding by indication. Confounding by indication needs to be considered when the
interest of an analysis lies in the effect of a treatment that is given in the course of clin-
ical care.
A more nuanced way of thinking about confounding by indication is the use

of the counterfactual definition.5,11 Savitz sets up the counterfactual concept as
follows:

The ideal comparison group for the exposed group is the exposed group itself but
under the condition of not having been exposed, an experience that did not, in
fact, occur (thus it is counterfactual). If we could observe this experience (which
we cannot), we would be able to compare the disease occurrence under the
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situation in which exposure has occurred to the counterfactual one in which every-
thing else is the same except exposure was not present. Instead, we choose some
other group.to provide an estimate of what the experience of the exposed group
would have been absent the exposure.11

Thus, investigators are trying to estimate what they would have observed had the
same individual been exposed and nonexposed at the same time—a difference that
cannot be observed in reality.12 When comparing different groups of subjects, the un-
exposed group may have other factors that influence the disease and make their dis-
ease experience an inaccurate reflection of the disease experience of the exposed
had they not been exposed. This circumstance is referred to as nonexchangeability
in that the exposed and nonexposed are not exchangeable, aside from the effect of
the exposure itself.5,11

Random allocation of treatment exposure (randomization) on average removes the
potential effect of confounding.13 It is important to note, however, that randomization
guarantees balance only on average but not in a particular trial.9 Indeed, chance
(random error) imbalance in baseline characteristics will occur. There may be some
factors that might be causally related to the outcome that are imbalanced after
randomization. However, this residual imbalance is random imbalance as opposed
to systematic imbalance. The fact that there is no systematic direction to this imbal-
ance allows us to use statistical inference to determine how likely our data, or more
extreme data, are under the null hypothesis. In other words, what is the chance that
imbalance due to random factors, and random variation in outcomes alone, has led
to the results at least as unusual as the one that we see? Similarly, if there is imbalance
of unmeasured influences on the outcome, the imbalance is random as opposed to
systematic. Increasing the trial size can minimize the probability of imbalance occur-
ring. In contrast, confounding in observational studies is not minimized as the study
size increases.5 Study design and analytical strategies are needed to address the po-
tential effects of confounding.

Challenge for Clinical Researchers

The challenge for investigators is to develop and apply methods that will allow for
the unbiased estimation of treatment effects with observational data, which
approximate those that would be observed in a similarly sized clinical trial.14

Indeed, investigators are encouraged to develop methods that will minimize bias
to ensure the integrity of observational studies.15 One potential methodological so-
lution to the challenges of confounding by indication is the use of propensity score
methods.

Propensity Score Methods

Interpreting data on the treatment effect involves consideration of the effect the
treatment would have on a subject who did not receive it.16 In observational studies,
inferences are made by comparing exposed and nonexposed subjects. The noncom-
parability may result in a situation whereby the treatment group is systematically
different from the comparator group in a way that distorts the estimation of the treat-
ment effect. Direct comparisons of the 2 groups may be misleading and lead to a
biased estimation of the treatment effect.16

The propensity score is a balancing score that can be used to compare groups, or
pairs, that are not systematically different; a propensity score, thus, enables unbiased
comparisons between groups.16 It is defined as the conditional probability of exposure
to treatment, given the observed covariates.17 The propensity score can be estimated
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by regressing the treatment assignment on observed baseline characteristics using a
logistic regression model (for example).
Formula 1. Propensity score

e(X) 5 P(Z 5 1jX)
where e(X) is the propensity score; Z is the exposure, where 1 is exposed, 0 is unex-
posed; X is a set of baseline characteristics, where X is (X1.Xp); P(Z 5 1jX) is the
probability of exposure given observed baseline characteristics.
Note: Each subject has a probability of exposure, where 0 < e(X) < 1.
At an individual level, it is a measure of the likelihood that a person would have been

treated considering their characteristics.17 The propensity score summarizes all the
relevant characteristics in a single composite score.3,18 The propensity score can
be used to ascertain if there is sufficient overlap in characteristics between the treat-
ment and comparator groups to allow appropriate estimation of a treatment effect.3

The propensity score can be used to create a design with balance. Most importantly,
the use of the propensity score allows unbiased estimation of the causal effect of an
exposure in the presence of confounding.16,19 Subjects with a given propensity score
will tend to have the same distribution of covariates. This distribution creates a pseu-
dorandomized scenario allowing the unbiased estimation of the treatment effect at
each value of the propensity score.19
Four Propensity Score Approaches

Table 1 shows 4 different methodological approaches that have been described for
the application of the propensity score. The first approach involves matching treated
and comparator subjects on the propensity score to create an individually matched
sample. This method is typically used in a situation whereby there is a limited number
of treated subjects and a larger number of comparator subjects.17 Several matching
methods have been proposed.17 The easiest and most commonly used method is
matching on the closest comparator, so long as the logit of the 2 propensity scores
are no further apart than a predefined caliper width.17 It has been recommended to
use a caliper width of 0.2 to 0.25 of the standard deviation of the logit of the propensity
score.20,21 The treated subjects are randomly ordered. The first treated subject is
matched to the closest comparator subject, and the pair is removed from the pool.
This process is repeated until no further matches can be achieved within the defined
caliper width.17

Once the matched sample has been created, it is recommended to use statistical
methods appropriate for the analysis of the matched data when estimating the treat-
ment effect and its statistical significance (eg, paired t-test, Wilcoxon signed ranks
test).22 Statistical testing should take into consideration the lack of independence of
subjects within the propensity score matched pair.23

A second approach is subclassification (also called stratification) whereby treated
and comparator subjects are divided by the propensity score into subclasses. Treated
and comparator subjects who are in the same subclass are compared directly.17 An
estimate of the treatment effect is calculated either by a weighted average, pooling
the treatment effects in each subclass, or by a single regression, with the subclass
and treatment assignment as categorical predictor variables. Subclassification with
5 subclasses has been shown to remove up to 90% of the bias in the unadjusted
estimate.24

A third approach is the inverse-probability-of-treatment weighted estimator
(also called the marginal structural model approach). Weights are created that are



Table 1
Comparisons of propensity score methods

Method Advantages Disadvantages

Matching Eliminates more bias from
confounding by indication than
stratification

Transparency in comparing treated
and comparator subjects

Well-developed balance diagnostics
Outcome is not specified in the

model
Allows estimation of risk differences

and relative risk

Reduced sample size from
discarding unmatched subjects

Results in bias if there is a
differential treatment effect in
those who are matched vs those
who are unmatched

Subclassification Transparency in comparing treated
and comparator subjects

Permits use of the whole data set
Can assess balance within each

stratum

May not have adequate overlap
May have very small cell sizes in

some strata

Covariate
adjustment

Permits use of the whole data set Loses design comparability to a
randomized trial: adjusting
instead of comparing similar
subjects

May include treated subjects for
whom there are no appropriate
comparator subjects

Inverse
probability
weighting

Removes approximately equivalent
amount of imbalance as matching

Permits use of the whole data set.

Potential for decreased precision in
estimated treatment effect
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the inverse probability of the treatment actually received, that is, 1/e(X) in the treated
group and 1/(1-e[X]) in the comparator group. This approach essentially creates the
2 groups (also referred to as pseudopopulations) that would have been observed if
all subjects had been exposed and all subjects had not been exposed.25 The esti-
mated treatment effect is the difference in the weighted averages of the observed out-
comes in the two groups. A criticism of this approach is that subjects with propensity
scores near 0 or 1 can have extremely large weights; this results in a decreased
precision in the estimate of the treatment effect (ie, very high variance and wide con-
fidence intervals).19 There are solutions that limit the weights to a maximum size (eg,
10) or multiply them by a factor to stabilize them.26

A fourth approach is the use of the propensity score in regression adjustment.
With traditional multivariable modeling and a large data set, one could regress
the outcome on baseline characteristics. However, in the setting of uncommon dis-
eases, there are frequently insufficient numbers of subjects (and outcomes) to allow
for a complex model with numerous variables. Using this approach, important sub-
ject characteristics are used to model the propensity score. The outcome is then
regressed on the propensity score and an indicator for treatment assignment.
The ability to include a complex model with many variables in the estimation of a
propensity score, and then regress the outcome on the single propensity score,
confers an important methodological advantage in the study of uncommon
diseases.16

A criticism of this approach is the loss of the ability to mimic the design of a random-
ized trial. Matching, subclassification, and weighting remove confounding by design.27
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Treatment assignment is independent of baseline characteristics in the matched sam-
ple, stratified sample, or weighted sample. The outcome is only assessed after con-
founding has been addressed. The use of the propensity score for regression
adjustment requires the propensity score to be used in the same model as evaluation
of the outcome. This lack of separation of the design and analysis is of concern for
some critics.20 Using the other 3 approaches, the propensity score is used in study
design and the analysis is separate.27 A comparison of the propensity methods high-
lighting their relative advantages and disadvantages16,17,20 is summarized in Table 1.

Assessing Balance

After construction of a propensity score, the quality of balance achieved by the pro-
pensity score should be evaluated. The test of a good propensity score is the degree
to which it results in the measured baseline characteristics being balanced between
the treated and comparator subjects. If matching is used, it has been recommended
that investigators describe the distribution of baseline characteristics in the two
matched samples.23 One method of assessing balance, after propensity score match-
ing, is the evaluation of the standardized difference in each baseline characteristic.
The standardized difference is the absolute difference in the sample means divided
by an estimate of the pooled standard deviation of the variable. The standardized
difference represents the difference in means between the two groups in units of stan-
dard deviation. A similar formula is used for determining the standardized differences
for dichotomous variables.28 When propensity score stratification is used, the stan-
dardized differences between treated and comparator subjects are calculated within
each stratum.
Formula 2. Standardized difference for comparing means

d 5
ðx treatment � x controlÞffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

s2
treatment

1s2
control

2

q

where d is the standardized difference; xgroupis the mean of baseline characteristic in
the specified group; s2groupis the variance of baseline characteristic in the specified
group.
Formula 3. Standardized differences for comparing prevalences

d 5
ðbp treatment � bp controlÞffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffibp treatmentð1�bp treatmentÞ1bp controlð1�bp controlÞ

2

q

where d is the standardized difference; bpgroupis the prevalence of baseline character-
istic in the specified group.
The use of the standardized difference to assess balance is preferable to conven-

tional significance testing, as it is not affected by the sample size and it is a property
of the sample.22 Diagnostics have also been proposed for when the propensity score
is used for covariate adjustment (weighted conditional standardized difference). When
imbalance occurs, it is suggested to modify the propensity score iteratively, in an
attempt to achieve better balance.22 When the inverse-probability-of-treatment
weighted estimator approach is used, balance can be assessed by computing
weighted summaries of subject characteristics in each group.26

As in a randomized trial, there may be some residual imbalance in measured base-
line characteristics in the matched sample.23 There is no gold standard criterion for
assessing appropriate balance. It has been recommended that a standardized differ-
ence of 10% be used as a threshold for assessing balance.28
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Threat of Unmeasured Confounding

A limitation to the use of observational data to make unbiased estimates of the treat-
ment effect and a limitation of propensity score modeling is the threat of unmeasured
confounders. Classically, only factors that have been measured can be accounted for
in the design and analytical phases. Innovative strategies have been proposed to ac-
count for unmeasured confounding. These strategies include Bayesian bias anal-
ysis,29 instrumental variable analysis,30 and tracer analysis.31 Conventionally, these
strategies have been used in large data sets. Although they hold great promise for
the study of uncommon diseases, how they operate in the setting of small samples
is uncertain.
Propensity Score Use in Observational Data of an Uncommon Disease: An Example

Propensity score modeling is a bias-correcting method that may be useful in the
setting of observational data on uncommon diseases. Propensity scores are tradition-
ally used in large administrative data sets.3 The use of propensity score methods in the
setting of uncommon diseases, whereby the sample sizes are small, is less common.
Using a small data set, one may not be able to find a suitable subject for propensity
score matching. There is a risk of losing a substantial number of subjects when a suit-
able match cannot be found. The authors provide an illustrative example whereby pro-
pensity score methods were successfully used to study the effect of warfarin for
improving survival in systemic sclerosis (SSc)–associated pulmonary arterial hyper-
tension (PAH).32

SSc is an uncommon chronic disease characterized by fibrosis (of the skin, lungs,
kidneys), vasculopathy (resulting in digital ulceration, gangrene, and PAH), and im-
mune activation. It has an annual incidence of 2 to 10 per million and a prevalence
of up to 290 per million.33 A leading cause of death in patients with SSc is PAH.34

Patients have shortness of breath, decreased exercise tolerance, progressive
heart failure, and poor quality of life and die an untimely death. Right heart
catheterization-based prevalence estimates of SSc-PAH range between 7%
and 29%.35–38 Untreated, SSc-PAH has a median survival of 12 months and 2-year,
3-year, and 5-year survival of 44%, 40%, and 4%.39 Using modern treatments, sur-
vival has moderately improved with a median survival of 4 years and 2-year, 3-year,
and 5-year survival of 72%, 67%, and 36%.40

Anticoagulation of patients with PAH has been recommended with the rationale
that PAH has been characterized histologically by regions of in situ thrombosis
and abnormalities in the coagulation cascade.41–44 The authors’ systematic review
of the literature found that the evidence to support these recommendations is
limited by methodological constraints and conflicting studies.45 Although most
SSc-PAH experts were guarded about the effect of warfarin, some experts think
warfarin worsens survival (ie, confers harm), whereas others think that warfarin im-
proves survival.46

The authors conducted a retrospective cohort study of 275 patients with SSc-PAH,
78 (28%) of whom received warfarin. Patients with warfarin-treated SSc-PAH had
worse baseline measures of PAH severity and more use of PAH medications than un-
exposed patients with SSc-PAH (Table 2). This finding was suggestive of confounding
by indication whereby sicker patients were exposed to warfarin. Simple comparisons of
treated and untreated patients would have led to a biased estimation of the effect
of warfarin. The differences in baseline characteristics between the treated
and untreated groups were substantially reduced in the propensity score–matched
SSc-PAH cohort. The largest standardized difference in the matched cohort was



Table 2
Systemic sclerosis–associated pulmonary arterial hypertension patient characteristics

Characteristics
n (%)

Unmatched
n 5 275

Matched
n 5 98

Absolute
Standardized
Difference

No
Warfarin
n 5 197

Warfarin
n 5 78

No
Warfarin
n 5 49

Warfarin
N 5 49

Unmatched
n 5 275

Matched
n 5 98

Female sex 165 (84%) 66 (85%) 45 (92%) 44 (90%) 0.22 0.07

PAH characteristics at diagnosis

mPAP mm Hg
mean (SD)

39.0 (14.3) 46.8 (14.3) 38.8 (15.3) 42.5 (11.8) 0.54 0.27

WHO functional
class III/IV

68 (35%) 36 (46%) 23 (47%) 23 (47%) 0.15 0

Moderate-severe
RV enlargement

25 (13%) 25 (32%) 11 (22%) 13 (27%) 0.22 0.05

Moderate-severe
RV hypokinesis

25 (13%) 25 (32%) 11 (22%) 13 (27%) 0.22 0.05

Comorbidities

Cancer 21 (11%) 8 (10%) 7 (14%) 6 (12%) <0.01 0.02

Coronary artery
disease

27 (14%) 7 (9%) 6 (12%) 5 (10%) 0.05 0.02

Diabetes mellitus 10 (5%) 7 (9%) 4 (8%) 2 (4%) 0.04 0.04

Hyperlipidemia 11 (6%) 9 (12%) 6 (12%) 3 (6%) 0.06 0.06

Hypertension 55 (28%) 16 (21%) 16 (33%) 9 (18%) 0.09 0.06

Peripheral
vascular disease

9 (5%) 4 (5%) 2 (4%) 3 (6%) 0.01 0.02

Ischemic stroke 7 (4%) 2 (3%) 2 (4%) 2 (4%) 0.01 0

Concomitant medications

Calcium channel
blocker

104 (53%) 33 (42%) 23 (47%) 23 (47%) 0.14 0

ER antagonist 35 (18%) 33 (42%) 9 (18%) 15 (31%) 0.29 0.14

PDE inhibitor 16 (8%) 5 (6%) 3 (6%) 5 (10%) 0.02 0.04

Prostaglandin
analogue

10 (5%) 13 (17%) 4 (8%) 4 (8%) 0.12 0

Abbreviations: ER, endothelin receptor antagonist; mPAP, mean pulmonary artery pressure; PDE,
phosphodiesterase; RV, right ventricular; SD, standard deviation; WHO, World Health Organization.

Reprinted from Johnson SR, Granton JT, Tomlinson GA, et al. Warfarin in systemic sclerosis- asso-
ciated and idiopathic pulmonary arterial hypertension. A Bayesian approach to evaluating treat-
ment for uncommon disease. J Rheumatol 2012;39(2):276–85; with permission.
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27%, and a standardized difference greater than the recommended 10% was
observed for 2 variables.28 In a simulation, the authors found that in a randomized
controlled trial (RCT) with 49 patients with SSc-PAH per group and 16 baseline charac-
teristics, there is a 91% probability of observing an absolute standardized difference of
27% or greater and an almost 100% probability of observing at least 2 baseline char-
acteristics with an absolute standardized difference of 10% or more. Therefore, the
propensity score–matched cohort had differences in baseline covariates smaller than
those that would be observed in an RCT of the same size. With closely matched sam-
ples, the estimated differences in outcomes between groups are less confounded.
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SUMMARY

The use of observational data to make unbiased estimates of the treatment effect is
challenged by confounding by indication. In the setting of the uncommon rheumatic
disease, the challenge is compounded by small numbers of subjects. Propensity
score methods are a strategy to balance observed characteristics to try to achieve
exchangeability. That is, these are methods to produce groups that are functionally
randomized.5 Propensity score methods can facilitate causal inferences from obser-
vational data.16
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KEY POINTS

� The US National Health and Nutrition Examination Survey has collected US nationally
representative arthritis examination, laboratory and radiographic data for more than
50 years.

� The collected data arthritis-related data are high quality and population based; data
collection is designed to minimize sampling biases, and almost all data are publicly
available.

� Although the data are most often used for basic scientific research, the primary purpose of
the arthritis data collection is to support national-level public health prevention and control
efforts.

� These data define the population arthritis prevalence; however, public health monitoring
was never implemented to reduce arthritis incidence and to ensure early diagnosis and
treatment of arthritis cases.

� Despite an impressive body of publications on the arthritis datasets, the bulk of the data
remain unpublished; the extent of the existing data is outlined with guidelines for analysis.
INTRODUCTION

This article reviews population-based arthritis and musculoskeletal disease data avail-
able from the US National Health and Nutrition Examination Survey (NHANES) a major
program initiative of the US National Center for Health Statistics (NCHS). The purpose
is to provide the reader with a basic understanding of the NHANES survey design and
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capabilities, and to systematically reviewmajor NHANES accomplishments in the area
of arthritis and musculoskeletal diseases. Currently available NHANES arthritis-related
datasets are identified and guidelines for interpreting NHANES data and opportunities
for data analysis and designing future NHANES studies are also presented.
US NATIONAL HEALTH AND NUTRITION EXAMINATION SURVEY OVERVIEW

NHANES is a US nationally representative cross-sectional health survey that simulta-
neously collects health interview and health examination data in addition to laboratory,
radiologic, and imaging studies. Fielded first in the late 1950s as the US National
Health Examination Survey (NHES), a national nutritional survey component was
added in the early 1970s, hence the acronym NHANES. NHANES is unique in that it
has provided high-quality national-level public health examination-based surveillance
data for the most important high prevalence health conditions such as arthritis, hyper-
tension, diabetes, chronic obstructive lung disease, osteoporosis, and obesity as well
as for coronary heart disease major risk factors such as high cholesterol and smoking.
Importantly, existing NHANES data and stored biospecimens are also routinely lever-
aged in retrospect to address and answer important health questions that arise years
later, for example, the discovery of hepatitis C, human immunodeficiency virus, and
hantavirus.
The early successful fielding of NHANES in the 1960s was a remarkable achieve-

ment. To accurately and efficiently produce nationally representative prevalence
estimates, a staff of demographers and mathematical statisticians created a
complex, multistage survey sampling design that included sequential elements of
probability, stratification, and cluster sampling and new statistical methods and soft-
ware were developed to support the complex data analysis required to produce
prevalence estimates. Also, trained staff and infrastructure were developed to sup-
port national-scale mobile health center–based data collection, and field staff oper-
ational procedures developed to keep survey response rates at or above the nominal
70% benchmark for adequate random sampling survey response.1

NHANES has, therefore, functioned as the prototype national-level health examina-
tion survey and its successful fielding has provided proof of concept of the substantial
public health benefits of national-level health examination surveillance data. The pub-
lic health surveillance function of NHANES has 4 principal aims/goals: (a) situation
assessment—to precisely define the overall burden of disease and risk factors on
the public and to identify any key disparities in disease burden prevalence in major de-
mographic subgroups (age, gender, race/ethnicity), (b) to acquire population-level
surveillance data to support the primary prevention of disease in the first instance,
(c) to support public health campaigns for secondary prevention of disease, that is,
to monitor and control key factors critical to reducing long-term target organ damage
and improving health outcomes, and (d) to provide a platform to conduct basic sci-
ence studies on disease natural history and risk factors as well as critical methodo-
logic studies required to support these goals.
NHANES national-level health examination survey data are relatively unique, both

because of the innovative survey design, but also especially because the data collec-
tion is based on standardized active, in-person, examination-based surveillance
rather than clinical case series or passive retrospective collection of medical records
data. It, thus, represents a largely unbiased source of data for public health planning
as well as for basic scientific research. NHANES is also unique in its degree of trans-
parency: almost all data collected is well-documented and publicly available for the
general scientific community to use. Historically, the lack of comparable survey data
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from countries other than the United States has meant that NHANES data have played
a pivotal role in strategic global world international health planning. More recently,
national-level health examination surveys have been successfully implemented in
additional countries, notably the Canadian Health Measures Survey (Statistics
Canada), KNHANES in South Korea, SA-NHANES in South Africa, and New York
City HANES.
In essence, NHANES is a direct application of the classic public health primary and

secondary disease prevention paradigm, that is, the population is the patient. In the
arena of primary prevention, NHANES serologic survey data have been essential in
guiding successful public health communicable infectious disease immunization con-
trol programs, most recently in the immunization campaign that significantly reduced
US population cervical cancer risk from human papilloma virus.2 Further, NHANES
nutrition and nutritional biochemistry data have effectively supported nutritional pro-
grams to reduce rates of childhood and maternal anemia and population cholesterol
levels. Also, NHANES detailed smoking data and cotinine biomonitoring provided
risk assessment data for a US population–level reduction in cigarette smoking and
for general population exposure to second hand smoke, which decreased from
80% in the 1990s to 25% in 2012.3–5 Maternal health and childhood growth and devel-
opment are a special NHANES focus, and NHANES blood lead level biomonitoring
data was instrumental in documenting reductions in population exposure to airborne
leaded gasoline down to levels considered safe for children’s cognitive development.6

NHANES surveillance data have also been notably successful in guiding major
secondary prevention programs. Here, NHANES data provide an ongoing monitoring
of the population prevalence of rates of awareness of disease among those affected
(to minimize undiagnosed cases), monitoring treatment rates to ensure those who
need care are treated, as well as ongoing monitoring of disease control rates for
those under treatment. A key example for secondary prevention is the role of
NHANES blood pressure and prescription drug usage data in the successful
decades-long national-level campaign to control hypertension on a population level
so as to reduce hypertension-related morbidity and mortality.7
US NATIONAL HEALTH AND NUTRITION EXAMINATION SURVEY ARTHRITIS-RELATED
DATA, RESULTS, AND MAJOR CONTRIBUTIONS

NHANES has now been fielded for more than 55 years and its contributions to arthritis
and musculoskeletal research are substantial. The entirety of the NHANES published
literature relevant to arthritis research generated from its data collections is extensive,
making a full review well beyond the scope of the present article. A number of prior
reviews of NHANES arthritis data have been written by NCHS and arthritis researchers
at the National Institutes of Health, who designed and guided the early NHANES
arthritis data collections,8,9 as well as reviews by other scientists.10 In addition, Na-
tional Arthritis Data Workgroup reports that assess arthritis data insufficiency in the
United States and specific data needs for future research highlight the major NHANES
contributions to arthritis research in the context of significant contributions from other
arthritis studies. This work in turn will help to place NHANES in context in relation to
other scientific and public health work at those time periods.11,12

This article presents a focused analytical review of NHANES arthritis research, citing
key work to explain how NHANES arthritis data have been collected, its current scope,
and the major accomplishments to date. Arthritis data availability and gaps in current
NHANES arthritis portfolio are highlighted. The overall framework for this review fo-
cuses on how existing NHANES arthritis data fit into a strategic approach to medical
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and public health efforts to define and effectively control arthritis and related diseases
on a population level. This discussion directly highlights the strengths and limitations
of NHANES arthritis data collections. Remarkably, a significant proportion of the pub-
licly available NHANES arthritis data that have been collected remain unpublished.
Also, prior analyses of NHANES arthritis datasets often do not reflect the population
estimates that would be evaluated using modern disease classification criteria and
modern statistical software for complex survey data, which was not always available
to earlier researchers. A result is that the analysis of temporal trends in US arthritis
prevalence, diagnosis, and treatment and impairment rates across the NHANES
arthritis surveys remains largely unexplored. Because almost all NHANES arthritis
data are publicly available online at the NHANES website for researchers to analyze,
this review provides an orientation to NHANES arthritis data and basic guidelines to
help researchers make full use of the NHANES datasets.

US NATIONAL HEALTH AND NUTRITION EXAMINATION SURVEY ESTIMATES FOR
THE US POPULATION PREVALENCE OF THE PRINCIPAL RHEUMATIC DISEASES

This section reviews the data and basic results for NHANES arthritis-related surveys
from 1960 to 2016. Historically, these NHANES surveys defined the US population
prevalence for the major rheumatic and musculoskeletal diseases of public health
concern, including osteoarthritis (OA), rheumatoid arthritis (RA), spondyloarthritis
(SpA), and osteoporosis (Table 1). There has also been significant US population-
level data collection on other topics, including gout, chronic back pain (including
inflammatory back pain [IBP]) and chronic widespread pain (CWP). Logistically, indi-
vidual NHANES surveys are called “survey cycles” because historically these data
were collected in 3- to-6 year campaigns, between which NHANES was often out of
the field for several years. In 1999, NHANES became a continuous survey—always
in the field—with public data releases on a biannual basis. These data releases
continue to be called “cycles.” Table 1 summarizes the specific NHANES arthritis
data collection survey cycles.

EARLY ARTHRITIS STUDIES (1960 TO 1984)

NHANES arthritis survey data collection commenced in the early 1960s (NHES I) in
partnership with the National Institute of Arthritis and Metabolic Disease. This survey
was designed to provide the first US nationally representative prevalence estimates
for OA and RA. Data collection included a medical history, physical examination,
and radiologic studies of the hands and feet, as well as serology for rheumatoid fac-
tor.13 Published OA results were only for radiographic disease, which was considered
the standard OA metric at that time; although some OA-related health history and
physical examination data were also collected. Radiographs were scored for OA ac-
cording to the current Kellgren-Lawrence criteria at that time which rated OA severity
on a 0 to 4 scale.14 RA classification criteria used were the criteria of the American
Rheumatism Association in that time frame based on interview, physical examination,
serology, and radiographs.15 Using an 8-point scoring system, RA cases were classi-
fied as probable (3–4 points), definite (5–6 points), or classic (7–8 points).
Detailed study results summary and data tables for OA and RA were published in

4 concise reports.16–19 Radiographic OA was found in the hands or feet of 37% of the
US adult population ages 18 to 79 years. There was a clear trend of increasing preva-
lence by age, ranging from 4% in the youngest adults to 85% among those 74 years
and older. Moderate or severe radiographic OA (a Kellgren-Lawrence score of 3 or 4)
occurred in 23%of OA cases. RA, defined as probable, definite, or classic by American



Table 1
NHANES arthritis and musculoskeletal disease data collections (1960-2014)

Survey Cycle Years Age Range RA OA SpA Axial Pain Osteoporosis Radiographs Autoimmune Serology

NHES I 1960–62 18–79 X x — — — Hands; feet RF

NHES II 1963–65 6–11 — — — — — Hand-wrist —

NHES III 1966–70 12–17 — — — — — Hand-wrist —

NHANES I 1971–75 1–74 — x — x X-ray absorptiometry Knees, AP pelvis, hand-
wrist

—

NHANES II 1976–80 6 mo-74 — x — x — Cervical, lumbar spine —

Hispanic HANES 1982–84 6 mo-74 — — — — — — —

NHANES III 1988–94 �2 mo x x — x DEXA Hand-wrist, knees RF, ATA, TPO, EMA, TTG,
anti-GAD65

Continuous NHANES 1999–2004 All ages — — — CWP DEXA — ANA, ATA, TPO

Continuous NHANES 2005–06 All ages — — — — DEXA — —

Continuous NHANES 2007–08 All ages — — — — — — ATA, TPO

Continuous NHANES 2009–10 All ages — — x IBP DEXA — ATA, TPO, EMA, TTG

Continuous NHANES 2011–12 All ages — — — — DEXA — ATA, TPO, EMA, TTG

Continuous NHANES 2013–14 All Ages — — — — DEXA — EMA, TTG

Notes: NHANES 2015 to 2016 data not yet publicly released; ATA TPO only measured in 2001 to 2002 in the NHANES 1999 to 2004 cycles.
Abbreviations: ANA, antinuclear autoantibodies; AP, anteroposterior; ATA, antithyroglobulin; CWP, chronic widespread pain; DEXA, dual-energy x-ray absorp-

tiometry; EMA, anti-endomyselial; IBP, inflammatory back pain; NHANES, US National Health and Nutrition Examination Survey; NHES, US National Health Exam-
ination Survey; OA, osteoarthritis; RA, rheumatoid arthritis; RF, rheumatoid factor; SpA, spondyloarthritis; TPO, antithyroperoxidase; TTG, tissue transglutaminase.
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Rheumatism Association criteria, was found in 0.9% of the US adult population ages
18 years and older. Definite RA was found in 2% of men ages 55 years and older and
3% of women 55 to 64 years; 5% of women ages 65 and older had definite disease.
Overall, 30% of the cases identified exhibited 5 or more criteria and were classified
as having as definite or classic disease. Useful additional perspective on the NHES I
arthritis survey is provided in the 1989 National Arthritis Data Workgroup report.9

After the NHES I in 1960 to 1962, there was a hiatus in arthritis data collection as the
survey turned to specifically define the status of children’s health in the United States.
The NHES II survey (1963–1965) studied children 6 to 11 years of age and NHES III
(1966–1970) studied children ages 12 to 17 years of age, providing comprehensive-
national level data for children’s health, growth, and development. NHES II and III
were both performed in the same geographic locations, and a one-third cohort of
children was studied across the 2 survey cycles, demonstrating the feasibility of
national-level longitudinal studies. Although joint disease was not a focus of NHES II
and III, these studies as well as one subsequent NHANES survey cycle did obtain chil-
dren’s hand-wrist radiographs as a measure of skeletal maturation. NHANES I imme-
diately followed these 2 surveys in 1971. It was a nationally representative survey of all
ages that included for the first time a nutrition data component. Owing to a federal
budget crisis and funding cuts, NHANES I was halted in midcourse, but as funding
again became available, data collection recommenced and was completed by 1975
(ie, the NHANES I “augmentation” survey and focused study NHANES subsamples
such as the NHANES I dermatology examination component).20–22

The principle focus of NHANES I arthritis-related data collection was OA of the
knees and hips in Americans ages 25 to 74 years and knee radiographs and a single
anteroposterior (AP) view of the pelvis and hips were obtained. The latter also
permitted sacroiliac joint assessment. Data for radiographic OA used the same
Kellgren-Lawrence criteria as the earlier NHES I OA survey. For the first time, a
detailed interview arthritis questionnaire, the “Arthritis History Supplement,” was
fielded. This questionnaire was administered to participants who screened positive
to a shorter arthritis data screening questionnaire in the household interview preceding
the examination. The Arthritis History Supplement focused especially on knee, hip,
and back pain symptomatology, but also included data collection on peripheral joints.
Medical treatment, risk factor, and functional impairment data were also captured.
Arthritis data collection also included a physician examination of the joints and spine.
General NHANES I prevalence estimates for arthritis and site-specific musculoskeletal
pain based on the interview and physician examination data have been published.23–25

Some 12% of examined participants had OA on physician examination. NHANES I
radiologic studies showed the radiographic OA prevalence of overall mild, moderate,
and severe knee OA for those 25 to 74 years of age was 3.8%; the prevalence of mod-
erate to severe OA was 0.9%. For knee OA, a clear trend of increasing prevalence with
age was seen: in the 65- to 74-year-old age group, the overall OA prevalence was
13.8%, and the prevalence of moderate to severe findings was 4.6%. The overall prev-
alence of radiographic OA of the hips among males 25 to 74 years of age was 1.3% for
mild to severe disease and 0.5% for moderate to severe disease, respectively. Overall
radiographic hip OA estimates were not obtained for females, because pelvic radio-
graphs were not taken in women of reproductive age. However, among men and
women ages 55 to 74 years of age, the overall radiographic hip OA prevalence was
3.1% and the prevalence of moderate to severe radiographic disease was 1.4%.
The 1989 National Arthritis Data Workgroup report provides additional perspective
on context in relation to other contemporary arthritis surveys of that time period as
well as the important relation of radiographic to symptomatic OA.9
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After NHANES I, NHANES II (1976–1980) and Hispanic HANES (HHANES; 1982–
1984) were fielded. HHANES (1982–1984) had a paucity of arthritis-related data; no
arthritis radiologic studies and only very limited arthritis-related questionnaire content
were obtained.26 NHANES II, however, had significant arthritis-related data collection.
Its primary focus was OA and specifically spinal disc degeneration, although question-
naire data on a wide variety of joint symptoms, prior medical treatments, and func-
tional impairments was collected using a household interview questionnaire with
essentially the same format as the NHANES I Arthritis History Supplement. NHANES
II also fielded a physician physical examination and radiology studies that included
single lateral views of the lumbar and cervical spine for men ages 25 to 74 years of
age and women ages 50 to 74 years of age.27 Data collection amounted to some
17,000 radiographs. The NHANES II radiology images were reported to have been
read; however, these data were not released publicly.9,28 However, the spinal radio-
graphic images themselves have been digitized and are publicly available at the US
National Library of Medicine’s website for researchers’ use.29 These digital resources
have not been used by the rheumatic disease research community with 1 recent
exception: an OA epidemiology study that used a subsample of 500 films.30
THE US NATIONAL HEALTH AND NUTRITION EXAMINATION SURVEY III ARTHRITIS
SURVEY (1988–1994)

The principal focus of NHANES III musculoskeletal disease survey was OA and RA in
older Americans ages 60 years and above. NHANES III arthritis data collection used
the same format as earlier survey cycles: an arthritis interview, physician examination,
radiographic studies, and serology.31 The arthritis interview instrument fielded had
some overlap with its NHANES I and II predecessors, but content was revised and
updated. This was the first NHANES arthritis survey to use pain diagrams in data
collection. Radiologic images collected included hand-wrist films and non–weight-
bearing knee radiographs. These studies were read using the Kellgren-Lawrence
criteria as in NHANES I. Serum rheumatoid factor was also measured in this subpop-
ulation. In phase 2 of NHANES III (1991–1994), the prevalence of knee OA was
assessed in US adults ages 60 years or older.32 The prevalence of overall (mild to se-
vere) radiographic OA was 37%, and the prevalence of overall symptomatic radio-
graphic OA was 12%. The overall radiographic knee OA prevalence was somewhat
increased in women compared with men (42.1% vs 31.2%, respectively). Women
had significantly more severe Kellgren-Lawrence grade 3 to 4 changes (12.9% vs
6.5% in men), yet symptomatic radiographic knee OA prevalence did not differ by
gender. Knee joint replacements were read on these radiographs and at that time,
an estimated 1.6% of older US adults had these implants.33

Readings for the set of NHANES III hand radiographs have not been performed so,
unfortunately, there are no currently published NHANES III estimates for radiographic
hand OA or RA. However, there has been NHANES work to digitize these radiographic
images.34 In the absence of this radiographic data, prevalence estimates from phase
2 of NHANES III (1991–1994) were published for hand OA based on arthritis interview
and physician physical examination data using 1990 American College of Rheuma-
tology (ACR) criteria.35,36 Also, US prevalence for RA using the 1987 ACR criteria
have been published based on NHANES III health interview, physician examination,
and rheumatoid factor serology data.37,38 Hand OA by physical examination was
found to be widely prevalent among US adults ages 60 years and older. Almost
60% had examination evidence of Heberden’s nodes, 30% with Bouchard’s nodes,
and 18% had first carpal–metacarpal joint deformities. The site-specific prevalence
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of symptomatic OA at these 3 locations was 5.4%, 4.7%, and 1.9%, respectively.
Notably, women had significantly more first carpal–metacarpal joint deformities on ex-
amination than men (24% vs 10%). By ACR criteria, overall US symptomatic hand OA
prevalence (at any hand joint location) was 8% (95% confidence interval, 6.5%–9.5%),
an estimated 3 million persons.36

The NHANES III estimation of the US prevalence of RA by ACR criteria used 2 basic
methods: first, a participant was classified as having RA if they met 3 of 6 the 1987
ACR criteria; second, the ACR classification tree algorithm was applied. A third
method explored used NHANES III prescription medication data for RA disease-
modifying drugs to augment the ACR classification tree algorithm. Overall US RA prev-
alence among older adults by all methods was similar and estimated at 2%. It should
be noted that this estimates using the 2 ACR criteria are for the prevalence of clinically
active RA. As such, the entire population burden of RA may not be captured. For
example, RA cases in remission or with cases inactive or end-stage disease with joint
deformity would not be included. The third case definition used was designed to ac-
count for the effect of disease-modifying antirheumatic drugs in reducing signs and
symptoms of RA in those under active treatment (active RA cases under pharmaco-
logic control). This modification did increase the number of active RA cases identified,
but the increase was not sufficient to substantially increase active RA prevalence as
compared estimates using the 2 standard ACR criteria.37
US NATIONAL HEALTH AND NUTRITION EXAMINATION SURVEY ARTHRITIS AND
MUSCULOSKELETAL DISEASE SURVEYS (1999 TO 2010)

Two survey cycles, NHANES 1999 to 2004 and NHANES 2009 to 2010, had significant
arthritis-related data collection.39 These were nonradiologic surveys designed to pro-
vide prevalence estimates for arthritis-related syndromes not studied in previous
NHANES surveys. NHANES 1999 to 2004 fielded an arthritis questionnaire aimed at
defining the US population with CWP, a principal feature of fibromyalgia.40 This
data collection was designed to address the US prevalence of musculoskeletal pain
at all body sites, although a few questions regarding nonmusculoskeletal pain were
included. Oddly, the questionnaire was named the “Miscellaneous Pain Question-
naire,” abbreviated as “MPQ.” The MPQ questionnaire had 2 sections: a first that eli-
cited detailed responses on pain occurring specifically in the joints, and a second
section on non–joint-related musculoskeletal pain that had occurred within the previ-
ous 3months lasting 1 day or longer. A detailed pain diagramwas used for data collec-
tion similar to others in use at that time.41 No musculoskeletal examination or any
arthritis-specific radiographic studies were performed in the NHANES 1999 to 2004
survey cycle. Published results for the this dataset showed an estimated 3.6%
of respondents ages 20 years or older met the 1990 ACR criteria for CWP.42 The
50- to 59-year-old age group had the highest CWP rates (6%) and, based on a multi-
variate analysis, women had higher risk for CWP than men (odds ratio, 1.5; 95% con-
fidence interval, 2.2–2.1).43

The NHANES 2009 to 2010 arthritis survey was designed to estimate the US prev-
alence of IBP and SpA among adults ages 20 to 69 years of age, IBP being a compo-
nent of and often a precursor to the development of SpA. Coexistent peripheral
arthritis and reactive arthritis were not studied.44 The overall plan and elements of
the IBP/SpA study were published previously.45 An IBP/SpA questionnaire was devel-
oped specifically for IBP and SpA prevalence estimation, using cognitive testing and
pilot studies to operationalize existing clinical questionnaires for administration in the
population setting. A spinal pain diagram was used to screen for a history of chronic
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pain, aching, or stiffness at 5 specific axial locations (neck, upper, mid and lower back,
and sacroiliac joint area). An additional detailed history was obtained for those with
axial pain at any one of these axial sites. The instrument was designed specifically
to provide population-based prevalence estimates for the original Calin and col-
leagues46 and European Spondyloarthritis Study Group IBP criteria47, as well as for
2 IBP criteria published by Rudwaleit and colleagues.48 The more recently available
Assessment of Spondyloarthritis International Society criteria for IBP and SPA were
not included in the study because they were published after the study was already
fielded.49 The estimated US population prevalence of IBP according to the 4 criteria
sets was: Calin and colleagues, 5%; European Spondyloarthropathy Study Group
(ESSG), 5.6%; Rudwaleit and colleagues criteria 8a, 5.8%; and Rudwaleit and col-
leagues50–52 criteria 7b, 6%.
The NHANES 2009 to 2010 arthritis data collection had 3 other components

including questionnaire, examination, and laboratory data. First, an addition to the
arthritis questionnaire data was fielded to estimate of the US population prevalence
of SpA using the ESSG and Amor and colleagues47,53 criteria. These data constituted
lower bound prevalence estimates for SpA because not all criteria variables could be
included in the study: no imaging studies were done and some other variables could
not feasibly be captured in data collection. The ESSG SpA prevalence estimate data
collection included all ESSG IBP criteria variables and 4 of the 7 additional ESSG SpA
criteria elements. A lower percentage of Amor and colleagues53 back symptom and
SPA criteria were collected. The age-adjusted prevalence of definite and probable
SpA by ESSG criteria were 1.4% and 0.9% by Amor and colleagues54 criteria. Sec-
ond, US population-based data for 3 standard spondyloarthritis-related body mea-
sures were obtained in the 2009 to 2010 data collection: the occiput-to-wall
distance, thoracic expansion (chest expansion with inhalation), and the anterior lum-
bar flexion test (modified Schober test). All measurements were obtained by experi-
enced, professional anthropometry technicians as a part on the ongoing NHANES
anthropometry data collection. Population-based percentile reference values for
these spinal mobility measures in a nationally representative sample of 5103 US adults
20 to 69 years of age have been published elsewhere.55

Finally, a 1-year surveywas fielded in 2009 to assess the age-adjustedUSprevalence
of HLA-B27. This survey was the first nationally representative study of HLA-B27. The
overall US prevalence was 6.1%, and varied from 7.5% (among non-Hispanic whites)
to 3.5% among all other US races/ethnicities combined. Among Mexican Americans,
the prevalence was 4.6%.56 Remarkably, this study showed that, for US adults ages
20 to 49 years, the prevalence of the HLA-B27 allele was 7.3%, whereas for those
ages 50 to 69 years, it was 3.6%, a significant difference. This study, however, was con-
ducted with a relatively small 1-year NHANES sample (discussed elsewhere in this
article), which did not support detailed HLA-B27 prevalence trends analysis. These
study findings for a heritable trait are unexplained and are unprecedented in NCHS
data collections. They have prompted follow-up research, which has shown increased
HLA-B27 relatedmortality in large clinical samples; however, thus far, population-based
HLA-B27 mortality studies have not been performed.57,58

A primary role of population-based studies like NHANES is to provide prevalence
data for undiagnosed populations with a specific disease and to identify underserved
populations. Clinically, SpA has traditionally been considered a disease of men and
uncommon among women. However, a literature reviews of ankylosing spondylitis
had questioned this assumption, and subsequently community-based surveys
demonstrated equal prevalence in men and women.59,60 On a general population
level, the NHANES 2009 to 2010 data showed no evidence for a gender differential
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in the prevalence of IBP and SpA according to established case classification criteria,
and no gender differentials in the prevalence of HLA-B27.50,54,57
US NATIONAL HEALTH AND NUTRITION EXAMINATION SURVEY RESULTS FOR
OTHER MUSCULOSKELETAL DISORDERS
Chronic Axial Pain Data

Since the 1970s, many NHANES survey cycles have collected basic prevalence data
on chronic neck and back pain and the cumulative data collection is extensive in
scope. NHANES I (1971–1975) and NHANES II (1976–1980) collected extensive ques-
tionnaire data relating to the back and neck, as well as key joints in other parts of the
body. Both surveys targeted the same participant age range (12–74 years) and fielded
similar data questionnaire formats. Gate questions were given in the household inter-
view and, if screening was positive for symptoms, a main questionnaire was adminis-
tered. The NHANES I screener question asked whether there had ever been pain in the
back, neck, hip, knee, or other joints on most days lasting at least a month; or joint
swelling and pain or morning stiffness lasting at least a month. In NHANES II, the
screener asked separate questions according to pain location. It used a pain duration
criterion of 2 weeks for asking about back or neck pain, 6 weeks for other joint pain,
and 1 month for painful joint swelling and joint/muscle stiffness. Both surveys con-
tained a question on the duration of the longest pain episode to preserve time frame
comparability in intersurvey prevalence estimates. Detailed data were collected at 4
spinal levels: the neck, upper, and mid and low back. NHANES II did not collect
data on buttock pain, whereas NHANES I did as a part of the hip joint data collection.
Detail was captured on number of years of symptoms, current pain status, the duration
of the longest episode, aggravating factors for pain, patterns of pain radiation, stiff-
ness, and the presence of rest pain or pain with sleeping. Also, injury history, the spe-
cific type of medical practitioner seen, medical diagnosis and therapy, medication use,
prior surgeries, the use of assistive devices, any physical activity restrictions, any
change in job status owing to the condition and the number of days of work lost. A
self-reported severity rating for the condition was also captured.
NHANES III (1988–1994) collected much less back pain data and was primarily

focused on supporting the newly introduced osteoporosis data collection. Participants
ages 20 years and older were asked if they ever had back pain for at least 1 month, and
if so whether this had been symptomatic during the previous 12 months. A pain dia-
gram was then used to capture back pain location (upper, mid, or low back). This
pain diagram did not include neck or buttock pain. Then, a question on prior history
of spinal fracture was asked. Subsequent NHANES survey cycles with back pain
data collection include the previously mentioned NHANES 1999 to 2004 CWP survey
and the NHANES 2009 to 2010 IBP/SpA data collection.
There are not a great number of publications on the NHANES chronic axial pain

datasets; however, basic prevalence and some descriptive data are available for these
NHANES survey cycles. These datasets give broadly similar results, however, with
some variation owing to differences in age ranges studied as well as variation in the
data collection instruments. In NHANES I, the prevalence of back pain having lasted
1 month or more in in adults 25 to 74 years of age was 17.2% by questionnaire
self-report and 15.2% by physician examination.24 In NHANES II for this same age
range, the prevalence of back pain lasting at least 2 weeks was estimated 13.8%.61

For NHANES III, an overall back pain prevalence estimate for adults 60 years and older
is 22%.62 The published overall prevalence estimate for chronic back pain in the
United States is also available from the detailed pain diagram used in the NHANES



NHANES Survey Arthritis Initiatives 225
1999 to 2004 MPQ questionnaire for CWP. For US adults ages 20 years and older, the
prevalence of chronic back pain (defined as pain in the lower back, upper back, central
spine area, or the posterior aspect of the shoulders or neck) was 10.1%.43 In the
NHANES 2009 to 2010 IBP/SpA, data collection, definition of back pain was anatom-
ically wider than these studies, including the neck, the upper, mid, and lower back and
the sacroiliac joint areas on the axial pain diagram. By this definition, the overall US
prevalence of back pain lasting for at least 3 months in those 20 to 69 years of age
was 19.2%.50

US NATIONAL HEALTH AND NUTRITION EXAMINATION SURVEY I SPINAL
RADIOLOGY STUDIES
Radiographic Sacroiliitis

As mentioned, in NHANES I, AP pelvic radiographs were obtained for adult partici-
pants but not in women less than 50 years of age. In the set of film readings obtained,
the overall prevalence of moderate to severe radiographic sacroiliitis (RS) for men
ages 25 to 74 years was 0.7%. Among women ages 50 to 74 years, the overall prev-
alence was 0.3% (NADQ 2008 part 1)11. The highest prevalence of moderate to severe
RS for both men and women was seen at the oldest ages: 65 to 74 years.23 The
absence of the ability to examine prevalence of RS in women less than 50 years of
age seen here may have contributed to the ongoing notion that men substantially
outnumber women with this disease. Nevertheless, differences in the radiographic
phenotype between men and women might play a role in this ongoing controversy.
Significantly in these data, of all of those with moderate to severe grades of RS,
only 8% reported currently experiencing significant pain in their lower backs on
most days for at least 1 month.11 Some 46% of all those with moderate RS and
49% of those with severe RS had a history of prior medical treatment for joint prob-
lems. All cases of moderate RS reported a history of past treatment, but none
currently, whereas 54% of those with severe RS reported current medical treatment,
and 46% past therapy.23

Paget’s Disease of the Pelvis

The US population prevalence of radiographic Paget’s disease of bone in the pelvic
region population was estimated by readings of the set of NHANES-I AP pelvic films
made some 25 years after data the original data collection.63 Only radiographic prev-
alence was studied; symptoms and examination data were not studied. The pelvis
proper is likely the most common area involved in Page’s disease; however, it can
occur in any bone in the body. In the NHANES AP pelvis radiograph set, Paget’s
involvement was most commonly noted in the pelvis itself, but also seen in the lower
lumbar vertebrae and the proximal femur. Fusion of the sacroiliac joint owing
to Paget’s disease was noted in 1 case. The overall US prevalence of Paget’s disease
was estimated at 0.7%. The peak prevalence was seen in the 65- to 74-year-old age
group (2.3%). Men’s and women’s prevalences were similar except for the 65- to
74-year-old age group (a prevalence of 3.7% in men vs a prevalence of 1.3% among
women). By race/ethnicity, the prevalence of pelvic region Paget’s disease was equal
in non-Hispanic whites and non-Hispanic blacks.

Spinal Scoliosis

Both the NHANES I (1971–1975) and II (1976–1980) performed PA and lateral chest
radiographs as a part of their respiratory health component data collection, which
also included questionnaire items, a chest physical examination, spirometry, and in
NHANES I pulmonary diffusion capacity. The radiographic readings for scoliosis are
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included in the public dataset releases for both survey cycles (ie, a single nonquanti-
tative, categorical reading for the presence or absence of a lateral curvature of the
spine).64 Because these were chest films, the lower lumbar region was not included
on most of the radiographs, and lower lumbar pathology contributions to scoliosis
could not be not assessed. The NHANES I data are published in a detailed analysis,65

but the NHANES II data are unpublished. For NHANES I, the overall cross-sectional
US prevalence of spinal scoliosis in adults aged 25 to 74 years was 8.3% and the prev-
alence among women was twice that in men (10.7% vs 5.6%, respectively). A quan-
titative spinal curve assessment substudy of some 600 films found a curvature of 10�

or more in 70% of those classified as scoliotic. A variety of health and reproductive
factors were examined in the study. The most significant associations seen were for
delayed menarche (scoliotics, 38%; nonscoliotics, 31%) and a lower mean bone
density by an older measurement method (distal radius radiographic absorptiometry;
discussed elsewhere in this article).
US NATIONAL HEALTH AND NUTRITION EXAMINATION SURVEY BONE MINERAL
DENSITY AND BODY COMPOSITION DATA COLLECTIONS

NHANES surveys havemade significant contributions to defining the US national prev-
alence of osteoporosis as well as to osteoporosis epidemiology. Since 1999, osteopo-
rosis data collection has become a continuous NHANES core survey component.
Datasets collected are large and complex, and there is a substantial body of literature
published in the peer-reviewed journals. A comprehensive treatment of NHANES oste-
oporosis datasets and results is well beyond the scope of the current article, and a
summary of data collection campaigns and data highlights are reviewed herein.
Data collection for osteoporosis commenced in NHANES I (1971–1975) with bone
densities determined using a radiograph of the left hand and radiographic absorptiom-
etry. This technique used direct exposure radiographs of the left hand alongside an
aluminum alloy reference wedge digitized by a high-resolution camera, and showed
comparability with other accepted methods of bone densitometry used at that time.
Two measurements were obtained: the aluminum equivalency of the middle phalanx
of the little finger and of the distal radius.66–69 NHANES III (1988–1994) introduced
the use of modern dual-energy x-ray absorptiometry (DEXA) measurement of bone
mineral density into NHANES surveys, and this has since become the NHANES stan-
dard. NHANES III was also one of the first studies to use DEXA in a mobile setting and,
significantly, it collected the first US nationally representative data on bone mineral
density of the hip for men and women ages 20 years and older.70 This study reported
bone mineral density and bone mineral content at the femur neck, trochanter, intertro-
chanter, and for the total femur (the neck, and trochanteric and intertrochanteric re-
gions). For women ages 50 years or older, osteoporosis prevalence (bone mineral
density >2.5 standard deviations below reference values) varied by specific region
ranging from an estimated 13% to 18%. Osteopenia (bone mineral density between
1.0 and 2.5 standard deviations below reference value) prevalences ranged from
37% to 50% across the 4 regions. The femur neck region had the highest estimated
prevalence for both osteoporosis and osteopenia.
NHANES 1999 to 2004 performed whole body DEXA scans on survey participants

age 8 years and older. The aim was to provide nationally representative DEXA for
body composition measures, both to support national nutrition assessment and to
complement NHANES obesity-related examination data (obesity-related anthropom-
etry measures and bioelectric impedance data). The body composition data captured
included estimates for the total body as well as for major body regions. These
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measures included total mass, fat mass, percentage fat, lean soft tissue (excluding
bone mineral content), and fat-free mass (including bone mineral content).71,72

Because valid data were obtained for 80% of eligible participants owing to exclusions
for pregnancy, weight greater than 300 lbs, the presence of metal objects (implants or
pacemakers), and truncal adiposity effects on scanning, invalid and missing data
could not be treated as a random subset of the data. Therefore, a special multiply
imputed dataset was created. Results for the body composition measures and an
analysis of the relation of the DEXA-based estimates to traditional measures of
adiposity have been published.71,72 Subsequent NHANES survey cycles from 2005
onward performed DEXA scans for the proximal femur and posterior-anterior lumbar
spine. Overall, summary US prevalence estimates for adults ages 50 years and older
for the survey years 2005 to 2010 byWorld Health Organization criteria were 10.3% for
osteoporosis and 43.9% for low bone mass. The US prevalences of osteoporosis and
low bone mass in older women and men, respectively, were osteoporosis 51.4%
versus 35.2% and low bone mass 51.4% versus 35.2%.73 An analysis of temporal
trends in hip osteoporosis and osteopenia between NHANES III and NHANES 2005
to 2006 as well as an analysis of prevalence trends over the periods 2005 to 2010
and 2013 to 2014 have been published elsewhere.74,75 Also, using the NHANES
2013 to 2014 data, overall US spine fracture prevalence vertebral fracture assessment
(lateral DEXA scan graded by semiquantitative measurement) was 5.4% and the prev-
alence did not significantly differ between men and women.76 By age, the prevalence
of spinal fractures was less than 5% in those less than 60 years, 11% in 70- to 79-year-
old patients, and 18% in those 80 years and older. Fractures frequency was similar in
both genders at most spinal levels except for an increase in T11 and T12 fractures
among men.
OTHER RHEUMATIC DISEASES
Gout

As reviewed in the National Arthritis Data Workgroup report,77 US national-level prev-
alence estimation for gout has primarily been based on interview questionnaire data
from the US National Health Interview Survey (NHIS). As noted, this has acknowl-
edged methodologic limitations; however, the NHIS has fielded the same gout ques-
tions consistently over time, and notably clear temporal trends are evident for
increasing self-reported gout prevalence.78 Historically, almost all NHANES surveys
since the 1960s have had only limited gout-related data collection and a systematic
approach has not been taken to data collection to support national gout prevalence
estimation. Virtually all NHANES surveys have fielded a similar basic interview ques-
tion for a self-reported prior medical diagnosis of gout. In addition, beginning with
NHANES I in the 1970s, participant serum uric acid levels have been collected as
a part of a standard biochemistry profile. Also, beginning with NHANES III, survey
participant prescription drug data have been systematically collected that provided
data on current urate-lowering therapy use. This ensemble of this data has, however,
enabled a variety of useful analytical studies relating to gout and the potential health
risks of hyperuricemia.79–84

The NHES I (1960–1962) fielded a single question for lifetime prevalence of doctor-
diagnosed gout. This cycle was the only one in the NHANES survey to obtain radio-
graphs of the foot, but unfortunately these films were not read for gouty changes.
NHANES I in the 1970s collected a question for lifetime gout prevalence in the general
household as well as questions for current gout status and the number of years since
the participant first had gout. The NHANES I detailed health history supplement asked
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general-level questions about foot pain (currently on most days for 6 weeks, age at
first occurrence, when last had it, ever had foot swelling painful to touch for 1 month,
history of foot morning stiffness, and typical stiffness duration). The NHANES I physi-
cian’s examination included the feet, but contained only a single categorical variable
for the presence or absence of any foot abnormality. NHANES II (1976–1980) had the
same data collection format as NHANES I, except that the question on current prev-
alence (still have) was not asked. NHANES III (1988–1994) had only limited gout data;
there was a single question for lifetime prevalence of doctor-diagnosed gout and the
number of years since the participant first had it. Notably, however, the NHANES III
physician’s examination included a selective examination of the right and left great
toes, with tenderness to palpation, joint swelling, and pain on passive motion
recorded. Current NHANES has had minimal gout data collection; no data were
collected from 1999 to 2006, but a single interview question with modified wording
to capture self-reported lifetime prevalence of medically diagnosed gout resumed
for the 2007 to 2016 survey cycles.

Systemic Lupus Erythematosus

In the NHANES III (1988–1994) household interview, a single question was asked
regarding a prior history of physician-diagnosed systemic lupus erythematosus
(SLE). These data and NHANES III prescription drug data were used to estimate the
US national prevalence of SLE in adults.85 Two prevalence definitions were used: (a)
self-reported physician diagnosis of SLE, and (b) self-reported physician diagnosis
SLE plus and a current prescription for SLE medications (antimalarials, corticoste-
roids, or other immunosuppressive medications, including methotrexate, azathio-
prine, cyclosporine, or cyclophosphamide). In a sample of 20,000 adults 17 years of
age and older, 40 stated that they had a history of a lupus diagnosis (32 women, 8
men) and 12 were currently being treated with index drugs. These small numbers pre-
clude detailed data analysis; however, the overall self-reported lifetime prevalence of
physician-diagnosed SLE was 0.2% and, among women, the prevalence of treated
SLE was 0.1%. These estimates were in a similar range to those in a smaller previous
SLE questionnaire survey study that usedmedical record review to verify self-reported
diagnosis.86
US NATIONAL HEALTH AND NUTRITION EXAMINATION SURVEY DATA AND PUBLIC
HEALTH ARTHRITIS PREVENTION SURVEILLANCE SYSTEMS

As seen, NHANES, in partnership with the National Institutes of Health and other fed-
eral agencies and guided by the National Arthritis Data Workgroup, successfully pro-
duced a wide body of health examination data that defines the US population
prevalence for the principal rheumatic diseases. This compilation is the essential first
step in public health risk assessment. However, to put those results to use on a na-
tional level to reduce the incidence of arthritis and to reduce the burden of existing dis-
ease, 2 additional steps need to be taken: establishing programs for the primary
prevention and for the secondary prevention of disease, that is, reducing or eliminating
causal factors to prevent arthritis occurrence, and programs for early diagnosis and
treatment prevent disease complications, respectively. Population-level surveillance
tracking over time needs to be established to ensure reductions in population disease
incidence as well as adverse outcomes among those already affected. The NHANES
surveys were specifically designed to provide national-level surveillance examination
data and biomonitoring to support primary and secondary disease prevention pro-
grams, and NHANES has had success with major diseases such as hypertension
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and cardiovascular disease, among others. However, for the major arthritis-related
disorders such as OA, RA, and gout, which collectively make arthritis rank among
the most common disabling health conditions, a systematic program for NHANES
national-level primary and secondary prevention surveillance was not designed
and implemented. This is in contrast with the case for osteoporosis, where
well-developed primary and secondary prevention guidelines exist and NHANES oste-
oporosis surveillance data have been incorporated into national-level Healthy People
public health tracking efforts to prevent disease as well as to reduce overall disease
burden.87–89 A number of primary and secondary prevention guidelines currently exist
for gout that could be harmonized.90 Also, gout has clearly defined causes, natural his-
tory, and treatments, so systematic NHANES surveillance to track primary and sec-
ondary prevention efforts should be feasible. However, as reviewed, although there
are important NHANES publications regarding hyperuricemia population distributions
and its health risks as well as factors related to the secondary prevention of gout, the
current limited NHANES gout data collection would need to be redesigned to fully sup-
port a national gout prevention program.
A perceived barrier to developing OA and RA primary prevention surveillance pro-

grams to reduce their incidence is that, despite there being an impressive body of sci-
entific knowledge, there remains ongoing scientific uncertainty regarding ultimate
causal mechanisms. However, public health intervention programs can in fact effec-
tively be pursued in the absence of precise knowledge causal mechanisms if descrip-
tive data can identify critical elements in a causal pathway for a disease outcome, for
example, John Snow’s classic demographic analysis of cholera distributions in
18th-century London. A number of scientific papers have reviewed possible OA and
RA primary prevention targets, but a practical set of operationally feasible targets
for OA and RA public health surveillance systems has not been defined.91,92 The issue
at hand is to identify a key set of risk factors or medical conditions that, if treated or
eliminated, could substantially reduce subsequent OA or RA incidence. Ideally, sur-
veillance targets thus defined should be practical for temporal trend tracking and be
internationally harmonized. Existing NHANES arthritis publications have significantly
contributed to the scientific discussion on OA and RA primary prevention surveillance
targets, and additional analysis of the extensive NHANES arthritis datasets could likely
provide more insights.
A key role of NHANES is to provide surveillance intelligence to track progress to-

ward public health goals in improving outcomes in established disease. These goals
include surveillance to track rates of early diagnosis and intervention, for treatment
control to prevent secondary complications and target organ damage, and efforts
to reduce disability and mortality rates. However, in general the secondary prevention
of OA and RA has not been adequately or systematically addressed using NHANES
data. RA has well-developed protocols for early diagnosis and intervention that are
available. Existing NHANES data variables (medical history, prescription medication
use, and others) could potentially provide an initial population-level perspective for
RA and OA, including diagnosis rates, the prevalence of undiagnosed disease, treat-
ment rates, functional status, target organ involvement, functional impairment, and
mortality. Thus far, little if any secondary prevention-oriented analysis of the existing
NHANES data has been accomplished; however, important analyses related to iden-
tifying primary prevention targets have been performed.
OA has the largest body of these studies and, in fact, NHANES cross-sectional

research studies were some of the earliest population-based studies in this area.
Radiologic OA data from NHES I and NHANES I were pivotal in helping to confirm
on a population-level preventable risk factors for OA previously identified in previous
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smaller scale studies. These were biomechanical causes (prior traumatic joint injury,
joint loading from the physical demands of work) and obesity. The NHANES data also
helped show that, although there are shared risk factors for OA in different joint lo-
cations, there are also important joint-specific variations in risk factors. For example,
with reference to potential public health OA surveillance target conditions, the
NHANES I radiologic data showed that prior knee injury was a strong risk factor
for unilateral knee OA with multivariate adjusted odds ratios of 16 and 11 for injury
in the right and left knee, respectively; knee injury had a lesser but still significant as-
sociation with bilateral knee OA (odds ratio, 3).93 Also, in the NHANES I data, prior
hip injury was a strong predictor of unilateral radiographic hip OA.94 Developmental
acetabular abnormalities of the hip have been identified as risk factors for develop-
ment of OA in adulthood and, thus, could be another potential public health surveil-
lance target; recent population-based studies indicate that these may be more
common than previously assumed. The previously collected set of pelvic radiographs
from NHANES I (1971–1975) could potentially be used to investigate population prev-
alences for major variants of this condition.95,96 Clearly, the generation of this
hypothesis (developmental abnormalities as a risk factor for hip OA) should spur
additional research on why this happens and to whom it happens. The extraordinary
amount of resources currently spent on hip replacements is a wake-up call for this
needed effort.97

An analysis of NHANES I detailed occupational code data using US Department of
Labor ratings for job physical strength demands and knee bending, demonstrated a
3-fold increase in radiologic knee OA in adults 55 years, especially for job-related
knee bending, but also for work strength demands.98 Although these detailed occupa-
tional data were collected in subsequent NHANES surveys with an enhanced capa-
bility to examine lifetime occupational risks and occupational ergonomic databases
exist, this type of detailed biomechanical exposure study has not been performed us-
ing the NHANES II and III radiographic survey data.99 However, NHANES studies with
much lower sensitivity have shown associations between general job titles categories
and radiographic OA. For example, NHES I in the 1960s showed significant showed
associations with manual labor occupations for both hand and foot OA.100 In NHANES
III, both radiographic OA and symptomatic radiographic OA of the knee showed signif-
icantly increased prevalence among men who were manual laborers.33 Subsequent to
these NHANES studies, both knee and hip OA have been demonstrated in non-
NHANES research to be clearly associated with occupation and biomechanical occu-
pation risk factors.101–103 The NCHS has published a useful review of NHANES and
other NCHS survey occupational data collection methods.104

NHES I 1960s radiograph data provided the initial US population-based data indi-
cating a connection between obesity and both foot and hand OA. In a concise but
elegant descriptive study of NHES I anthropometry data, a significant association be-
tween OA in these weight-bearing and non–weight-bearing joints and total body
weight was demonstrated. Analysis of NHES I anthropometric data also showed a sig-
nificant association with body fat determined by skinfold measurement. Notably,
body measures denoting the body and limb girths and breadths also had significant
associations with OA as opposed to body or limb length measurements.105 In
weight-bearing joints, the NHANES I radiographic knee OA data93,98 provided clear
epidemiologic evidence for an association between obesity and knee OA, and this
was subsequently confirmed for both radiologic and symptomatic radiologic knee
OA in NHANES III data.33,106 In the NHANES I radiologic data, significant increases
in hip OA were not seen with obesity measures, but bilateral hip OA was more com-
mon among obese persons.94 Subsequent longitudinal studies have shown that an
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association of obesity with knee OA is stronger than hip OA and confirmed an obesity
association with bilateral hip OA.91

There are a limited number of NHANES studies addressing RA primary prevention
targets. The 3-year NHANES III phase II dataset for adults 60 years and older that sup-
ports ACR RA Classification Criteria is the principal data resource but has not been
used extensively. Dental public health surveillance examinations for the US population
have been a core NHANES data collection component since the survey’s inception.
Periodontitis as a possible trigger for RA has been a topic of considerable interest.107

The NHANES dental examination includes a periodontal assessment to provide
population-based data on periodontitis health risks. Two NHANES III studies exam-
ined the association of periodontal disorders with RA. The first examined the associ-
ation of clinical periodontal disease to RA.108 Periodontitis was defined as at least
1 site exhibiting attachment loss with a probing depth of 4 mm or greater. Periodontitis
was thus defined as well as tooth loss status. Those classified with RA had more
missing teeth but less current tooth decay than those without RA. In a multivariate
adjusted analysis, those with RA were more likely to be edentulous (odds ratio, 2.3)
and to have periodontitis (odds ratio, 1.8) compared with non-RA subjects. In seropos-
itive RA cases, there were stronger associations with poor dental health status.
NHANES has also fielded a panel of serum antibodies to periodontal bacteria to deter-
mine whether a subset of antibodies to the wide variety of periodontal microorganism
usually found can be useful serologic indicators of markers of periodontitis in public
health surveillance.109 An initial study has been published investigating possible asso-
ciations between serum immunoglobulin G antibodies to 19 periodontal species and
the prevalence of rheumatoid factor in adults ages 60 years and older using NHANES
III data. The periodontal immunoglobulin G that was studied was unassociated with
rheumatoid factor seropositivity, although the study sample size was reduced owing
to exclusion of edentulous participants.110 It should be noted that these studies
were focused on periodontal factors as a risk factor, and although detailed they did
not present a full analysis of all the NHANES dental health data collected. Also, general
dental health status in RA cases could also be examined in NHES I, the oldest
NHANES survey cycle.
THE RANGE OF US NATIONAL HEALTH AND NUTRITION EXAMINATION SURVEY
STUDY CAPABILITIES

The characterization of NHANES as a cross-sectional survey has truth; however, this
statement deserves comment. The major classes of epidemiologic models, cross-
sectional studies, retrospective case referent studies, and prospective longitudinal
studies are properly fielded in a coordinated fashion in any given research context
and serve to provide independent confirmation of disease associations via different
study designs. Traditionally, cross-sectional studies, because they are time and
cost efficient and thus can more readily executed, have been the backbone of hypoth-
esis generation and risk factor identification. Retrospective case-referent studies are
also resource efficient and provide additional confirmation and clarification of risks,
whereas prospective incidence studies, conducted over long durations and at greater
expense, are used to directly measure incidence rates, confirm temporal sequences of
causes and effects, and develop final models of disease causation. This paradigm
comes with the additional overall caveat that the quality of any particular study design
and its execution largely determines its research value; true population-based studies
such as NHANES in which sampling and potential nonresponse biases are controlled
in a planned manner are considered to have the highest quality.
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Depending on exposure-outcome time scales and dose/dose rates, purely cross-
sectional studies of disease and risk factor associations can closely approximate
the results seen in retrospective and longitudinal study designs in a number of key sit-
uations, that is, (a) where the risk factor or exposure for a disease is a fixed attribute
(eg, childhood developmental abnormality or a genetic disorder with high penetrance
or a factor which is known to be constant over long time periods before the develop-
ment of the disease in question), (b) where a 1-time exposure that conveys a high
probability of an adverse health outcome (intraarticular knee fracture and subsequent
OA), and (c) when the time period between exposure and a health outcome is very
short. For example, similar associations will be seen in NHANES cross-sectional
data, in retrospective and in longitudinal study data for long-standing hypertension
or high cholesterol as risk factors for and heart disease; conversely, short-term
ambient air pollution levels have shown clear associations with NHANES hematology
and pulmonary function testing data.111,112

Also, NHANES data do have the capability to support retrospective epidemiologic
investigations via its data linkages and its retrospective household interview modules
(ie, weight history and smoking history data, disease duration history vs target organ
outcomes, prescription drug duration of use vs potential adverse effects, and
NHANES occupational history data, among others). Further, as a nationally represen-
tative cross-sectional survey, NHANES provides a platform for population-based lon-
gitudinal health outcome and mortality studies. As mentioned, in the 1960s an initial
small-scale longitudinal study of children’s growth and development was performed
across the NHES II to NHES III survey cycles. Subsequently for the NHANES I survey
conducted in 1971 to 1975, the NHANES I Epidemiologic Follow-Up Study (NHEFS)
was fielded.113,114 This study, sponsored jointly by NCHS and the National Institute
on Aging, collected questionnaire data, which included elements of the arthritis Health
Assessment Questionnaire,115 limited physical examination measures, hospital and
nursing home records, and death certificates. The initial follow-up took place in
1982 to 1984, with subsequent follow-up in 1986 to 1987 and 1992.116–119 The NHEFS
data are publicly available120 as well as methodologic guidelines for analyzing this
data.121 A chief purpose the NHEFS was to validate in a general US population setting
the usefulness of coronary heart disease risk factor models for predicting coronary
heart disease outcomes that had been developed in major epidemiologic studies in
the setting of the US population. Jointly with the National Heart Lung and Blood Insti-
tute, a Framinghammodel verification component was added to the NHEFS follow-up.
The effect of baseline coronary heart disease risk factors on coronary heart disease
mortality was compared between the Framingham seventh cohort examination and
NHANES I 1971 to 1975 examination data as baselines. NHEFS mortality data using
previously developed Framingham risk models were directly applicable to the United
States white adult population. NHEFS data have been used extensively by arthritis re-
searchers to look at pain associations, long-term impairment mortality outcomes in
OA,122–125 by osteoporosis researchers to assess long-term fracture and mortality
risks,126–128 as well as for general studies of risk factors for long-term physical
disability129–131 and, in addition, for analytical studies or uric acid associations with
cardiovascular mortality.80
US NATIONAL HEALTH AND NUTRITION EXAMINATION SURVEY LONG-TERM
MORTALITY AND DATA LINKAGE STUDIES

NHANES is housed in the NCHS, which fields a variety of US national health surveys
(NHIS, the National Ambulatory Care Survey, and others) as well as the NCHS Division
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of Vital Statistics that tracks US national birth and death records. The Division of Vital
Statistics provides the US National Death Index for researcher’s use.132 In addition,
NHANES data as well as data from other NCHS surveys are linked to the US National
Death Index. Public release NHANES participant mortality data files are available for
selected major mortality categories. Owing to concerns about participant confidenti-
ality, detailed mortality data are available only by arrangement with the NCHS
Research Data Center (RDC).133 Mortality follow-up data are also available for
NHANES I and its Epidemiologic Follow Up Study, for the NHANES II and III surveys
as well as for NHANES 1999 to 2004. NCHS mortality data have been and continue
to be extensively used by a wide variety of researchers in different fields and, as
mentioned, have been used by arthritis researchers. In addition to mortality data files,
a number of other major health datasets are also available through the RDC for linkage
with NHANES data. These can support longitudinal studies, for example, and Medi-
care and Medicaid Claims data, US Renal Data System, and US Department of Hous-
ing and Urban Development data.134,135 Cross-sectional air pollution exposure studies
using geographic linkage to national air monitoring data compared with NHANES ex-
amination and laboratory data have been conducted since NHANES II and since
NHANES III data linkage studies have been performed using geocoded participant
residence and air monitoring data.136–139
THE SCOPE AND AVAILABILITY OF US NATIONAL HEALTH AND NUTRITION
EXAMINATION SURVEY DATA
US National Health and Nutrition Examination Survey General Survey Data
Collection and Content

Although the distinction does not have a formal definition, NHANES data collections
are usually spoken of as being “core,” ongoing survey content as opposed to other
data collection modules that may be fielded from time to time in different survey cy-
cles. Core survey content relates to the main public health objectives of the survey,
which include data collections, such as those for hypertension and cardiovascular dis-
ease, diabetes, anthropometry and obesity, and dental and oral health, and the basic
NHANES household interview questionnaire are in the main fielded under the NCHS
operational budget for basic survey operations. Also, as reviewed, arthritis data
collection was a core component of in NHANES surveys from 1960 through 1994. Na-
tional level nutrition-related data collection are jointly designed and sponsored by the
NCHS and the US Department of Agriculture,140 and the large panel of nutritional
biochemistry studies including water- and fat-soluble vitamins, trace elements, isofla-
vones, lignans, acrylamide, and hemoglobin adducts, is analyzed by National Center
for Environmental Health laboratories at the Centers for Disease Control and Preven-
tion,141 which also analyze NHANES environmental health biomarkers.142 NHANES in-
fectious disease serology studies are also analyzed in the Centers for Disease Control
and Prevention’s Atlanta laboratories. Biomarker and interview data collection relating
to smoking and second hand smoke exposure are extensive.143,144 In addition to this
core, other federal agencies sponsor NHANES data collection modules, which may be
in the survey continuously (the National Institute of Deafness and Communication Dis-
orders audiometric testing), or periodically cycled in and out over a longer time frame
(the National Heart, Lung, and Blood Institute respiratory health and spirometry mod-
ule). A substantial number of data collection modules are funded on a one-time basis
as for the 2009 to 10 IBP/SpA study and the 2003 to 2004 National Institutes of Health
National Institute of Arthritis, Musculoskeletal and Skin Diseases–sponsored digital
image dermatology examination components,145 or only for a limited number of survey
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cycles, as was the case for and the NHANES 1999 to 2004 MPQ questionnaire for
CWP. NHANES solicits open proposals for new survey modules on a biannual basis,
with the proviso that proposals must come with funding attached, either through fed-
eral interagency agreement or for nongovernmental proposals, via an unrestricted
grant from the Centers for Disease Control and Prevention Foundation.146

The NHANES data collection model differs significantly different from the typical
detailed clinical examination: it is not an in-depth clinical examination; rather it is stan-
dardized, focused survey data collection. NHANES is a multipurpose health examina-
tion survey with simultaneous data collection components for many different health
conditions. Public health assessment needs drive survey content selection and the
amount of survey time allotted to each component. Typical fielded NHANES survey
cycle components include a household interview questionnaire module, mobile exam-
ination center (MEC) examination module, and blood or urine studies. For example,
the NHANES 2009 to 2010 IBP/SpA component had a household interview (overall,
2½ minutes; range, ½-5 minutes according to back pain status); a 3- to 4-minute
arthritis body measures examination; and used standard phlebotomy specimens.
Questionnaires and examinations must be time efficient, standardized, unambiguous,
and readily intelligible to the general public and those with lower literacy (ie, an
8th-grade reading level).
An initial participant health interview is conducted in the home and may take from

20 minutes to 2 hours. Household interview questionnaire modules have time con-
straints to reduce overall respondent burden and a typical questionnaire module
is 3 minutes or less. Skip patterns are extensively used in questionnaire administra-
tion to limit questions only to appropriate subgroups and to minimize total
questionnaire administration time. Questionnaire content from well-validated instru-
ments is preferred in NHANES, for example, the Rose Angina and American
Thoracic Society-Division of Lung Disease Respiratory Health questionnaires, or
the Health Assessment Questionnaire content added to the NHANES I Epidemi-
ology Follow-Up Study. When validated questionnaire instruments are not avail-
able, questionnaire content is developed by benchmarking, cognitive testing, and
pilot testing.
Standardized NHANES examinations are carried out in MEC. During each survey

year, 3 separate MEC units are continually in service. At any given time, 2 MECS
are collecting data at field locations while the third is either traveling or being prepared
for operation at a new location. Participants come to a NHANES MEC where a total of
4 hours are available in each MEC morning, afternoon, or evening session for data
collection. Interview and examination data collection must, therefore, be designed
to be as time efficient as possible to minimize respondent burden and to allow a
maximum of content to be collected and real-time intra-MEC computer scheduling
is used to achieve this goal. Logistical time constraints include time to greet the partic-
ipant, sign consent forms, change into examination gowns, and be escorted between
examination rooms. Anthropometry body measures, phlebotomy, urine sample
collection, blood pressure measurements, and the 24-hour dietary recall interview
data collections are prioritized. MEC computer-assisted and audio-assisted inter-
views are also administered for topics requiring confidentiality (sexually transmitted
disease history, drug use). Additional examination components are then performed,
including the dental examination, DEXA, audiometry, and the any examination testing
required for the specific survey cycle.
Typical data collection times required for examination components range from 5mi-

nutes (urine sample) to 20 minutes or more (24-hour dietary recall interview). As a rule
of thumb, a “long” examination component in the NHANES context is one that requires
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more than 10 minutes to complete. Passive examination data collection that does not
require active participant instruction/performance or coaching (ie, examination com-
ponents like blood pressure measurement, electrocardiographs, or radiographs) is
preferred wherever possible because of higher data quality, less time requirements,
and because longer components can cause bottlenecks in session examination
component scheduling, leading to subsequent component nonresponse. However,
participant effort examination components such as spirometry are performed typically
in 12 minutes, a credit to the instructional and coaching skills of the MEC health
technicians.

Supplemental US National Health and Nutrition Examination Survey Data
Collection Capabilities

Currently as well as in past survey cycles, NHANES has fielded ancillary data collec-
tion modules alongside the main household interview and MEC examination. For
example, to examine the subset of participants consenting to household interviews
but considering themselves too impaired to travel to the MEC examination site,
NHANES III and NHANES 1999 to 2000 both fielded home examinations to collect
data for this subpopulation.147 Also, NHANES home interviewer collection of environ-
mental health-related samples is periodically done; for example, collections of wipe
samples for lead in household dust as well as samples of household drinking water
for volatile organic compounds.148,149 Specific post-MEC examination follow-up
questionnaire data have been collected by telephone interview as well as by mail.
Further, NHANES participants have also shown high participation rates in additional
post-MEC examination data collections such as the NHANES 2005 to 2006 household
dust sample collection for dust allergens and endotoxin, the 24-hour urine sodium
data collection study, as well as the previously mentioned ambulatory accelerometry
studies.150–152
US NATIONAL HEALTH AND NUTRITION EXAMINATION SURVEY LABORATORY DATA

NHANES surveys routinely collect blood and urine samples, and genetic samples have
been collected in certain survey cycles. The various NHANES survey components that
have been fielded and laboratory analytes collected are summarized in 2 useful tables:
one summarizing the earlier NHANES surveys and one for continuous NHANES 1999
to 2016.153,154 Since NHANES I in the 1970s, a basic complete blood count and differ-
ential and a standard biochemistry profile have been collected on a full sample of all
survey participants. The primary public health focus of NHANES hematology studies,
however, is population biomonitoring to support national and international efforts to
control rates of anemia among women of reproductive age and young children 0 to
5 years of age. Serum iron and iron indices, red blood cell folate levels, and serum
ferritin have been most commonly measured; however, more recently, transferrin re-
ceptors are routinely measured in these specific survey subsamples. Reticulocyte
counts and hemolysis indicators, however, have not been routinely measured in
NHANES surveys. In some NHANES survey cycles vitamin B6 and B12 levels have
been obtained as well; however, hepcidin has not been measured. Full sample data
for all ages are available for certain analytes; for example, serum iron and its indices
are typically available in all NHANES survey cycles. Also, full-sample serum ferritin
data are available for the NHANES II, HHANES, NHANES III, and NHANES 1999 to
2002 survey cycles. For arthritis researchers, this existing hematology data provides
basic data relevant to detecting anemia generally as well as white cell and platelet
cytopenias.
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Typically, in NHANES survey cycles only 1 primary inflammatory marker has been
fielded, and in a number of survey cycles none have been collected (NHES I-III
NHANES II, HHANES, and NH2011–2014). C-Reactive protein was the acute phase
reactant measured from NHANES III through NHANES 2009 to 2016. The erythrocyte
sedimentation rate was measured only in the NHANES I survey. No interleukins have
been studied in NHANES with the “exception” of leptin in NHANES III. Serum fibrin-
ogen, however, was collected on a full sample of NHANES participants from 1988
through 2002. Serum ferritin was also collected in these same survey years and can
be used as an indicator of more chronic systemic inflammation. As an additional
note, the NHANES biochemistry profiles collected have not included creatine kinase
levels, which can be an indication of muscle injury or primary destructive muscle dis-
ease. However, in 2011 total creatine kinase without isoenzymes was added to the
NHANES Biochemistry profile. US population-level creatine kinase reference ranges
have been published from the NHANES 2011 to 2014 data.155 Serum troponin has
not been measured in NHANES.
Autoimmune serology has been performed in a number of NHANES survey cycles.

As mentioned, rheumatoid factor was measured in both NHES I and NHANES III.
NHANES III also collected data for the 2 principal thyroid autoantibodies, antithyroglo-
bulin and antithyroperoxidase as a part of its thyroid serology panel.156 Antithyroglo-
bulin and antithyroperoxidase were again measured in a one-third subsample of
survey participants in NHANES 2003 to 2004 and on a full sample of participants in
2007 to 2012. NHANES stored surplus sera and urine samples from its surveys and
this was retrospectively used to measure autoantibodies. Two such studies have
been accomplished, the first was an National Institute of Environmental Health
Sciences–sponsored study of antinuclear antibodies and specific autoantibodies by
immunoprecipitation using the NHANES 1999 to 2004 Environmental Health Dioxins
one-third subsample data157 and the second was a study of celiac disease-related au-
toantibodies to tissue transglutaminase (immunoglobulin A antitransglutaminase) and
endomysial antigens (immunoglobulin A antiendomysial antigens) in NHANES III,
NHANES 1999 to 2004, and 2009 to 2010.158 Finally, in NHANES III a subsample
case-referent study of 65-kDa isoform of glutamic acid decarboxylase antibody has
been performed for participants 40 years of age and older.159
US NATIONAL HEALTH AND NUTRITION EXAMINATION SURVEY STORED
BIOSPECIMENS PROGRAM

The US Centers for Disease Control and Prevention maintains biorepositories for the
collection, processing, and storing of NHANES biospecimens, including participants’
blood (serum or plasma), urine, and DNA samples. These samples can be used to
analyze specimens for new analytes not included in previous NHANES data releases
and are a national resource for assessment of new emerging health conditions. For
example, when hantavirus and the hepatitis C virus were initially identified, NHANES
stored sera and health examination were pivotal in providing a US national risk assess-
ment. These specimens are in regular use by researchers and with the exception of
DNA samples; after data processing, the results for the analytes studied are added
to the NHANES public release data files for general use, as was the case for the US
antinuclear autoantibodies study mentioned. Currently available stored specimens
include samples from NHANES III and current NHANES 1999 to 2016; however, spec-
imens from earlier NHANES survey cycles have been exhausted. The scope and pro-
cedures for accessing specimens is summarized in an NCHS documentation
report.160 Other examination records, such as the original sets of radiographs for
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NHANES I through NHANES III are stored in the US Federal Archives. Blood collection
for the extraction of DNA was first performed from consenting participants in NHANES
III phase II and then in NHANES 1999 to 2002, 2007 to 2008, 2009 to 2010, and 2011 to
2012. Data from genetic studies performed is placed in a restricted genetic repository
for linkage studies with NHANES public use and restricted datasets and is accessible
through the NCHS RDC.161 The majority of genetic data in the repository are single
nucleotide polymorphisms.
US NATIONAL HEALTH AND NUTRITION EXAMINATION SURVEY PRESCRIPTION AND
NONPRESCRIPTION MEDICATION DATA

In the early NHANES arthritis studies, selected nonprescription and prescription medi-
cation data were collected by questionnaire. NHANES III (1988–1994) fielded the first
comprehensive data collection for all participant prescription medications that has
remained a standard in current NHANES 1999 to 2016.162,163 These data have proved
to be a very useful resource for researchers and are widely used in publications using
NHANES data. Data collection took place in the household interview by professional
interviewers. Participants are asked to bring all bottles or tubes of medications used in
the previous 30 days and the interviewer reviews these and records the medication in-
formation. Data recording incudes the medication name, the duration of use, and the
self-reported reason for medication use, but not dosage. If the respondent has previ-
ously reported being diagnosed with key target survey diseases such as hypertension
or diabetes and no medications for these diseases are noted, they are prompted for
further information. This information is coded electronically in current NHANES using
the Multum� database, which provides generic drug identification codes for medica-
tion ingredients and drug class classification data that is publicly released. The scope
of prescription data collection is limited to drugs taken at home; medications admin-
istered in doctor’s offices, clinics or hospitals is not included. These prescription drug
data have a wide variety of potential uses in arthritis and musculoskeletal disease
research. As mentioned, the NHANES III prescription drug data was used in published
analytical case definitions for RA and SLE. Other recent papers have defined the gen-
eral US population prevalence of chronic steroid use as well as steroid effects on
serum lipid values164,165 and the US prevalence of skeletal muscle relaxant use.166

Also, 2 papers have examined the prevalence of musculoskeletal pain and statin
use using the NHANES 1999 to 2002 MPQ pain questionnaire and prescription medi-
cation data.167,168

NHANES has collected less nonprescription over-the-counter medication data.
However, some significant data collections do exist in this area, which include the
NHANES dietary supplements data, antacid use data, and low-dose preventive aspirin
use.169–171 For example, in NHANES 2005 to 2008, data for adults taking prescription
medications, the prevalence of concomitant dietary supplement use (including vitamin
preparations), was 53% among those with arthritis versus 14% among other US adults
on a prescription drug.172 Current dietary supplements use in the US among persons
with arthritis has been described using these data.173 The early arthritis survey cycles
including NHES I and NHANES I and II, as well as NHANES 2009 to 2010 did collect
some amount data on over-the-counter analgesic use, as well as information on self-
reported analgesic efficacy in participants with musculoskeletal pain. Notably, a
comprehensive effort to survey the detailed prevalence of the use of both prescription
and nonprescription analgesics use was conducted in NHANES 1999 to 2004, which is
a potentially important data resource for arthritis-related research.174,175 A main public
health concern prompting this effort was to obtain accurate US population-level data
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to assess risks of analgesic nephropathy, which were not evident in the data176;
however, evidence was found for inappropriately high rates of over-the-counter medi-
cation nonsteroidal antiinflammatory drug use among persons with mild as well as
moderate and advanced degrees of renal impairment.177

US NATIONAL HEALTH AND NUTRITION EXAMINATION SURVEY DATA FOR
PHYSICAL ACTIVITY, FUNCTIONAL LIMITATIONS, AND SOCIAL SUPPORT

Historically, most NHANES survey cycles have collected some degree of data on par-
ticipant’s levels of physical activity, short-term and long-term functional limitations,
and impairments and disabilities. NHANES III (1988–1994) and current NHANES
1999 to 2016 have had the most extensive data collection in these areas. Self-
reported physical activity was captured in the exercise module in the NHANES III
and in the physical activity questionnaire module in the household interview in
NHANES 1999 to 2016.178,179 NHANES has also collected examination data on phys-
ical capacity. In NHANES 1999 to 2004, fitness levels of participants ages 20 to
49 years were assessed by submaximal treadmill testing,180 and in NHANES 2008
to 2016 ambulatory physical activity monitoring was done using accelerometers
over a 7-day time span.180,181 NHANES accelerometry data have been used to assess
daily physical activity levels in subsamples of adults with musculoskeletal pain and
mobility limitations to determine whether accelerometry profiles accompany pain at
different sites of the body.182 Physical activity and exercise capacity among children
has been a special NHANES focus; in NHES III in the 1960s, treadmill exercise testing
was done in children ages 12–17 years, and a comprehensive National Survey of
Youth Fitness was performed in 2011 to 2012.183,184

The NHANES physical functioning questionnaire is the primary instrument that
collects data on functional limitations.185 The physical functioning questionnaire
contains variables to define activities of daily living, instrumental activities of daily
living, and basic functional activities. The physical functioning questionnaire can
be used to construct other impairment-related metrics as well. The physical func-
tioning questionnaire also contains disability outcome variables and self-reported
data on the general categories of disease that have caused impairments, including
arthritis. The NHANES social support questionnaire module provides interview data
on emotional, material, and network support (ie, the number of members in a
network).186–188 In addition, NHANES III and NHANES 1999 to 2004 both performed
physical examination testing for functional capacity. NHANES III fielded 3 physical
performance tests: an 8-foot timed walk, 5 timed chair stands test, and a key-in-
lock test of manual dexterity.189 As noted, these tests have been used to assess
functional status in NHANES III participants with radiographic OA of the knee.33

NHANES 1999 to 2004 also fielded the 20-foot timed walk test and in 1999 to
2002, examination isokinetic testing of knee extensor muscle strength was per-
formed in participants ages 50 years or older.190 This test has been used, for
example, to assess lower extremity muscle strength among diabetics and in those
taking prescription statins.191,192

US NATIONAL HEALTH AND NUTRITION EXAMINATION SURVEY METHODOLOGY
STUDIES

A principal function of NHANES is to provide national-level reference ranges for health
examination tests and laboratory analytes. This was a primary goal from the inception
of the NHANES survey and continues to be a major goal. Examples of examination-
based standard reference include reference ranges for pulse and blood pressure
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hearing testing and age-related hearing loss (presbycusis) developed from the 1960s
NHES I audiometric data, which continue to be a standard193–195; the widely used
NHANES standard pediatric growth charts for children are derived from children’s
anthropometry data; reference ranges for spirometry testing from NHANES III, as
well as the recent SPA arthritis body measures study are also standards in widespread
use.55,196–198 In NHANES radiology studies, DEXA scan data have provided national-
level age, sex and race/ethnicity specific reference range data for bone mineral
density and bone mineral content.199,200 NHANES musculoskeletal radiology image
dataset methodology studies include the NHANES III hand and wrist radiograph image
study to model effective levels of digitization for the set of images and digital method-
ology studies for content retrieval and vertebral segmentation using the publicly avail-
able NHANES II cervical and lumbar spinal film images34,201–204 In a similar fashion,
NHANES have provided national reference standards for blood, urine, and other bio-
logical sample analytes. Examples include serum lipids and cholesterol, serum vitamin
levels including folate and vitamin D, and most recently NHANES samples have been
analyzed by the National Center for Environmental Health laboratories to provide for
the first time an unprecedented comprehensive set of national level reference values
for environmental health–related analytes, including heavy metals (lead, mercury, cad-
mium, arsenic, and others), dioxins, polychlorinated biphenyls and persistent organic
pollutants, pesticides and fungicides, and others.141,142 Also of methodologic rele-
vance are the second-day examinations performed in NHANES III and NHANES
1999 to 2002. These repeat examinations were performed on a nonrandom sample
of participants who had already completed the standard NHANES examination and
were reexamined an average of 2 weeks after their initial examination, providing
data on the short-term temporal biological variation of NHANES examination and lab-
oratory data.147 Peer-reviewed journal articles have also addressed methodologic
analysis of NHANES data.205–207
US NATIONAL HEALTH AND NUTRITION EXAMINATION SURVEY ONLINE DATA AND
PUBLICATIONS

The main data site for researchers is the NHANES Questionnaires, Datasets, and
Related Documentation webpage.208 This contains questionnaire, health examination,
laboratory, and imaging data for all NHANES surveys from 1960 to the present. Re-
searchers can used the 2 previously mentioned data overview matrices to locate sur-
vey cycles with specific datasets of interest from 1971 to 2006.153,154 The NHANES
data website also provides a search engine to identify specific variables in NHANES
1999 to 2016. The continuous NHANES 1999 and onward datasets are formatted simi-
larly; in each survey cycle dataset, a data documentation PDF provides an introduc-
tion to the data, technical notes, and a code book listing each variable and its
permissible values and frequencies; the data are provided as a SAS transport data
file. Datasets are available in 5 categories: demographic, dietary data, examination
data, laboratory data, and questionnaire data (radiographic and imaging studies are
considered examination datasets). Separate links are also provided for copies of
the questionnaire instruments and the laboratory and examination procedure man-
uals. To create the typical arthritis dataset, data files for the questionnaire, examina-
tion, and laboratory datasets need to be downloaded and merged. Earlier NHANES
survey data from 1960 to 1994 were typically processed by mainframe computers
and are publicly released as “flat files” (ie, row and column data format). NHANES pro-
vides SAS programming code to read the files and assemble them as a formatted,
labeled SAS dataset. In the earliest NHANES surveys, separate topic area datasets
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(ie, arthritis, diabetes, etc) were released that included all the relevant questionnaire,
examination, and laboratory data.
NHANES provides detailed online tutorials with explanation of the NHANES survey

and procedures for analyzing NHANES data.209 These tutorials include worked exam-
ples for data downloading, dataset assembly, data quality evaluation, and recommen-
ded statistical procedures for analysis. Program code for these purposes is provided
for major software packages including SUDAAN, SAS, and STATA. The introductory
base tutorial is for continuous NHANES 1999 and onward, which should be completed
before using tutorials for earlier NHANES surveys, such as NHANES I, II, or III. In addi-
tion, NHANES provides special topic tutorials including the NHANES dietary tutorial,
the NHANES environmental chemical data tutorial, the physical activity and cardiovas-
cular fitness data tutorial, and the NHANES–Centers for Medicare and Medicaid Ser-
vices linked data tutorial.
A considerable amount of technical documentation on the NHANES surveys and

analysis of NHANES data is contained in NCHS publications. These are referenced
in Medline, but their significance is often overlooked. The NCHS vital and health sta-
tistics publications have several series: series 1, Programs and Collection Procedures
Plan and Operations Reports, contains the primary documentation reports for the
NHANES and other surveys and, in older surveys, includes copies of the original
data collection instruments; Series 2, Data Evaluation and Methods Research, con-
tains methodology studies; and Series 11, Data from NHES, NHANES and Hispanic
Health and Nutrition Survey, contains reports on the results of NHANES data analysis
in key topic areas. Series 11 has been a primary venue for publishing NHANES data,
especially in the early survey years, and currently has 253 reports.210 The NHCS’s
Advance Data from Vital and Health Statistics also publishes many important analyt-
ical reports and in 2008 was renamed the National Health Statistics Reports.
US NATIONAL HEALTH AND NUTRITION EXAMINATION SURVEY DESIGN, FIELD
OPERATIONS, AND DATA PRODUCTS

This section provides a general overview of the NHANES survey design, its sampling
frame, and data collection aims. Although NHANES obtains nationally representative
samples of health examination and laboratory data, data collection is not based on a
simple random sample of the US population.211 Rather, the NHANES survey uses a
complex, multistage, demographically based survey design that requires special sta-
tistical analysis.212 This demographic sampling strategy may not be familiar to medical
researchers; however, it has numerous advantages. It ensures an overall nationally
representative sample will be achieved while at the same time it enables adequate
study sample sizes to be collected for key US subpopulations, such as minorities,
those with low income, young children, and older adults. The demographic sampling
strategy is also key to reducing overall sample sizes to an operationally feasible level
for data collection. Because demographic sampling is based on a combination of
probability sampling, cluster sampling, and stratified sampling, in NHANES the public
release data files include survey design variables for strata and primary sampling units
(PSU) as well as individual participant sample weights, which reflect the estimated
proportion of the US population represented by an individual sample person. Statisti-
cal analysis of NHANES data must incorporate these design variables and sample
weights, and software routines for complex survey analysis for this purpose; they
are available in most current statistical packages.
The sampling frame for NHANES is the US resident civilian population currently

residing in the 50 states and the District of Columbia that is not institutionalized. It
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excludes persons in hospitals, nursing homes, those in custody, active duty military
personnel, and US citizens living overseas. Other NCHS surveys such as the National
Hospital Care Survey and The National Survey of Long-Term Care Providers provide
data on institutionalized populations.213 NHANES uses a 4-stage sampling strategy to
assemble a nationally representative sample. In the first stage, a sample of PSUs is
selected from a frame of all US counties with selection probabilities proportionate
population size. The second stage selects local area segments, that is, census blocks
or combinations of blocks. In the third stage, based on a field listing of all dwelling units
in each segment, a sample of dwelling units (households) is chosen. Subsampling
rates here are designed to produce a national, approximately equal probability sample
of households. The fourth stage is the actual selection of individual persons within
households. A listing is made of all eligible members within a household and a sub-
sample of individuals is selected based on the primary NHANES subsample domains:
sex, age, race and Hispanic origin, income levels, and any special subsample require-
ments. There are differences across the set of NHANES surveys with respect to sam-
ple and especially subsampling design. The original NHES surveys (I, II, and II) did not
use subsampling, NHANES I, NHANES II, and HHANES did not include persons aged
75 years and older, and oversampling of Hispanic or black persons did not occur until
NHANES III. Specific continuous NHANES 1999 to 2016 survey cycles have over-
sampled pregnant women, Mexican Americans and then all Hispanic persons, adoles-
cents, elderly persons, and most recently Asian Americans. In current NHANES,
sampling design targets for a single survey year are 360 segments within 15 PSUs,
approximately 12,400 households within segments, 6525 selected and 5000 exam-
ined sample persons. At each of the 15 field locations, an average of 450 participants
are selected with an expected yield of 333 examined per location.211
ANALYTICAL PERSPECTIVES FOR US NATIONAL HEALTH AND NUTRITION
EXAMINATION SURVEY DATA USE

NHANES publishes analytical guidelines for its survey cycles and these provide read-
able, practical overviews of issues in study design and analysis of data for the
different survey cycles.214 As mentioned, NHANES also has a step-by-step online
tutorial that provides detailed guidance on NHANES survey design and data analysis.
The following general points from those documents are particularly pertinent to
NHANES arthritis data analysis. The complex demographic NHANES survey design
was fielded to produce reliable data for high-frequency medical conditions such as
heart disease, diabetes, and obesity. Central to survey planning is an overall objec-
tive of producing reliable prevalence estimates for medical conditions having a 10%
population prevalence with a 30% relative standard error. For the researcher, it is
useful to put this into perspective with respect to NHANES sample sizes, that is,
the number of survey cycles that need to be combined to produce reliable statistical
estimates. A single-year study can be performed with data from NHANES 1999 and
onward because the sample design allows for the production of yearly aggregate-
level national estimates. However, because of limited sample size, annual estimates
can only be produced for the nation as a whole for very broad age categories, for
gender, and for 3 major race ethnicity subdomains. Also large, potentially unstable
variance estimates occur because singe year estimates are based on a small number
of PSUs. The NHANES 2009 to 10 HLA-B27 prevalence study is an example where
resources were sufficient to field only a 1-year study. NHANES data at the 1-year
level are available only through the NCHS RDC because of the possibility of disclo-
sure of a sample person’s identity.
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From this discussion, it can be seen that much larger study sample sizes are clearly
preferred for routine analysis. This is seen clearly in the design of older NHANES
studies that were publicly released as 4- to 6-year datasets. The current recommen-
dation is that a single NHANES survey cycle representing 2 years of data is the min-
imum needed for analysis. To improve the statistical reliability and stability of
estimates, analysts are advised to use combinations of 2-year cycles (ie, 4-year
data or preferably 6-year data). Combining data from multiple 2-year survey cycles
is especially necessary for the analysis of rare conditions, and reliable analysis in
detailed demographic subdomains. The example of the NHANES III phase II ACR
RA prevalence study shows that a 3-year dataset can effectively estimate overall
US prevalences in the 2% range. For many types of arthritis, US population preva-
lences may be lower than this; however, a prevalence of 1% or even 0.5% are of po-
tential public health significance because these small percentages correspond with
hundreds of thousands or even 1million or more cases nationally for diseases with sig-
nificant adverse health outcomes. Also, the collective burden of such low prevalence
disorders in the general population may well equal or exceed that of higher prevalence
disorders. Some NCHS research has been done to address the issue of reliable sta-
tistical estimation for low prevalence conditions.215 The innovative methodology
developed NHANES’s sister survey, the National Ambulatory Care Survey, also can
potentially provide estimates of the prevalence of less commonly encountered rheu-
matologic conditions.216,217

The NHANES III Analytical Guidelines Appendix B218 provides a general quality con-
trol algorithm for assessing reliability of prevalences and, as demonstrated in the
NHANES online tutorial, this procedure should in fact be performed in all studies
regardless of prevalence magnitudes. It should be recalled here that, because
NHANES is a complex survey and not a random sample, significance testing for prev-
alences is performed with t tests according to the observed degrees of freedom in the
particular sample. The recommended procedure is to produce a spreadsheet contain-
ing all study prevalence estimates, with columns for total sample size, number of
cases, percent prevalence, standard errors, 95% confidence intervals, degrees of
freedom, design effects, and relative standard errors. At a minimum, individual prev-
alence estimates based on less than 12 degrees of freedom or with a relative standard
error of greater than 30% should be flagged as potentially statistically reliable. Also, a
check of the average design effect across the major demographic variables should be
made. Additional general NCHS guidelines on the reliability of prevalence estimation
and its confidence interval estimation have also been recently published.219

NHANES sample weights and design variables (strata, PSU) should be used in all
analyses. Strata and PSU variables must be included in data analysis because, as a
complex survey, overall net study variances are typically increased over those seen
in simple random sampling.212,220 This ratio of variances between the 2 types of
sampling is called the design effect, that is, complex survey sample variances are
characteristically inflated compared with those under simple random sampling and
this must be accounted for in published estimates. Also, in a demographically based
survey, sample weights must be used. These weights account for differential selec-
tion probabilities of demographic subgroups in the survey design (age, gender, race/
ethnicity, income, pregnancy status, etc). To help estimate a nationally representative
sample, however, they also have other key functions; they are designed to control for
selective nonresponse bias, include adjustments to compensate for inadequacies in
the sampling frame, include adjustments to account for specific location character-
istics known with certainty, and include a post-stratification step in weighting where
known population totals compensate for undercoverage or overcoverage of certain
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demographic groups and for any residual differential nonresponse among these
groups.211

The sum of NHANES data file sample weights can be considered as approxima-
tions of the absolute numbers of persons in the United States; however, they
should not be used to estimate the numbers of persons in the United States
affected by a medical condition. Rather, the statistically estimated prevalence of
a condition should be multiplied by the official US Census Current Population Sur-
vey population counts for the demographic groups analyzed. Current Population
Survey tables for the different NHANES survey are provided for this purpose on
the NHANES website.1 Generally, it is best to present estimates for the absolute
number of persons affected by the condition sparingly for the main points in an
analysis, as long detailed lists of population counts can detract from public health
messaging.
ANALYZING NHANES ARTHRITIS-RELATED DATA: ISSUES AND OPPORTUNITIES
Using Self-Reported Arthritis Variables

This article emphasizes NHANES studies using recognized disease classification
criteria and case definitions primarily based on NHANES examination or radiologic
studies. This method is the recommended one for analyzing the NHANES arthritis
related data; however, a number of studies have used only the self-reported NHANES
medical conditions questionnaire arthritis history question variable for the study case
definition of OA or RA. The medical conditions questionnaire arthritis questions (past
physician diagnosis of arthritis generally; or of RA or OA) are interview questions
fielded generally in federal health questionnaire surveys such as the NCHS’s NHIS,
with the primary intent of having a single overall indicator variable to track the preva-
lence of diagnosed arthritis over time.221,222 Typically, the data are presented briefly in
the introduction section of public health reports to frame the general scope of arthritis
prevalence in the United States, for example, the National Arthritis Data Workgroup
arthritis data needs assessment reports.9–12 However, currently, self-reported arthritis
and other arthritis-related interview questions are the primary data used in nationwide
public health goals tracking, for example, in Healthy People 2020 and the Centers for
Disease Control and Prevention Surveillance Reports.87,223,224 An additional use of the
general self-reported arthritis variables is to provide NHANES data analysts with a
summary arthritis adjustment variable for multivariate analyses to examine the effects
of confounding and effect modification. The NCHS has done a number of methodol-
ogy studies on these types of questionnaire variables that show that although they
do not have extremely high sensitivity and specificity for the target diseases in ques-
tion, they do have sufficient sensitivity and specificity to be used for these general
level surveillance purposes when fielded in large-scale survey studies such as the
NHIS.225–228

The issue of the validity of self-reports of specific type of arthritis (RA, OA) has been
studied for many years with variable results and in the end the validity of this type of
data may depend on the particular study population and context. In the NHANES
context, the relation between the medical conditions questionnaire self-reported RA
versus the 1987 ACR RA criteria was examined using NHANES III data, and a low
sensitivity of self-reported RA for examination based RA was seen.37 Most sample
persons classified by ACR criteria as having RA gave a history of a prior arthritis diag-
nosis; however, they were unaware of the specific type of arthritis. Thus, self-reported
RA is not desirable for use in NHANES prevalence studies in the age group. The issue
of developing validated case definition module questionnaire instruments for arthritis
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surveillance is an important one but somewhat neglected as a public health goal. The
existing NHANES arthritis questionnaire, examination, and laboratory data represent
an opportunity for modeling in this regard. Although many feel questionnaire data to
have low validity, this is not the case with well-validated questionnaire instruments.
Further, some arthritis-related data can only be collected by self-report, for example,
pain experience. Also, more detailed and nuanced analytical data modeling can signif-
icantly improve the validity of self-reported data, for example, the recent NCHS meth-
odology studies for medical conditions questions and body measures metrics such as
body mass index.229,230

NHANES: Identifying Unpublished NHANES Survey Arthritis Data

As outlined, NHANES data collection content has changed significantly over time.
This is true both within the NHANES core modules, but especially so for the
remainder of NHANES survey content, which has changed significantly over time
as examination components come and go. The result is an impressive body of
data collected over a 50-year period of data collection; however, the individual
researcher focusing on a specific topic, NHANES data collections, presents some-
thing of a mosaic of studies performed for different purposes, at different times and
targeted at different subgroups of the US population. The challenge is to identify
sufficient data resources for the particular research problem at hand. In some
case, NHANES data collection will be insufficient to support a particular research
aim; nevertheless, in many instances data may exist but be overlooked. Therefore,
a significant general issue in publications using NHANES data is that investigators
typically use only a very limited set of variables from 1 or 2 NHANES datasets for
analysis, whereas in fact much more extensive data are available. The focused re-
view here will hopefully decrease that possibility for arthritis researchers. It should
be remembered that NHANES datasets contain extensive demographic, question-
naire, examination, and laboratory analyte variables, as well as other information.
In planning research, investigators should review available data in each of these
data collection areas. Also, it is important to review the detailed NHANES data
collection procedure manuals and laboratory methods manuals to understand
how the NHANES data were actually collected and processed, and how this com-
pares with other published studies.
Many journals aim to selectively publish only newly collected data, and the NHANES

data website has a monthly update of new NHANES data modules that have been
publicly released. Because NHANES arthritis data collection has been minimal in
recent years, researchers may feel some reluctance to spend time analyzing the
“old” NHANES arthritis data described herein, particularly because, as seen, so
many important publications on the NHANES arthritis data have been authored by
prominent rheumatologists and epidemiologists. However, NHANES data are unique
in that there are no other nationally representative health examination based surveys in
the United States. Also, the scope of the NHANES arthritis data collection is extensive
and many, if not most, of the basic analytical studies that could have been and should
be pursued have not been published. This is in fact generally the case for most
NHANES datasets. This phenomenon of underpublished data could legitimately be
called the “NHANES disease.” Although its causes are uncertain, it is often the case
that for a newly released NHANES dataset, either a single journal article, or a very
limited number of articles are published in highly respected journals. This may give
the impression that the dataset in question has been “published” despite the fact
that authors often characterize their work as preliminary. However, recently analyzed
NHANES data from prior NHANES has clearly provided pivotal population-based



NHANES Survey Arthritis Initiatives 245
disease risk assessments. A notable recent example relevant to obesity research is
the recent digitalization and rereading of the NHANES III gallbladder ultrasound tapes
to provide the first national-level prevalence data for and analytical studies of hepatic
steatosis, confirming the genetic association hepatic steatosis with PNPLA3, GCKR,
and PPP1R3B.231,232

A clear arthritis-related example of an underpublished dataset is the publicly avail-
able NHANES III ACR-RA data. This is a useful 3-year dataset, but not large by
NHANES standards. Current publications include basic RA prevalence estimates
and several analytical papers relating to RA risk factors.37,108,110,233 However, the
basic NHANES III RA prevalence article was primarily a methodology-oriented study
and a more detailed analysis of NHANES demographics and occupational history vari-
ables was not presented. Current publications on the RA dataset do not include a
detailed analysis of public health and clinical surveillance parameters; that is, popula-
tion prevalences of undiagnosed and diagnosed disease, disease durations, RA case
stage distribution estimates, and RA treatment and control rates. Questionnaire and
physical examination based descriptive data for hand and knee joint involvement dis-
tributions were not published, nor were NHANES III examination and questionnaire
data relating to functional limitations or social support considered. Other NHANES
data that remain unpublished of potential relevance to RA are data for inflammatory
markers (C-reactive protein, ferritin fibrinogen), distributions of RA target organ
involvement (NHANES renal function data), and hematologic indices (normochromic
normocytic anemia, other cell counts). In addition, relevant to current hypotheses of
lung inflammation as a potential trigger for RA, a specific focus of NHANES III data col-
lections was population assessment of respiratory health and chronic obstructive lung
disease. Pulmonary function testing, respiratory symptom, and history questionnaire
data were collected and have been extensively analyzed to support that goal, but
not analyzed with respect to RA. Further, NHANES data collections can also support
RA target organ and comorbidity studies. For example, a NHANES III ACR-RA study
did not show a clear association between RA and diabetes.233 Notably, however, a
more recent NHANES III analysis of stored biospecimens showed a higher risks of
diabetes-related autoantibodies in non-Hispanic white and black adult diabetics as
compared with adults without diabetes (6% vs 2% and 4% vs 1%, respectively).159

The NHANES III adult data file also contains autoimmune serology results for thyroid
disorders and celiac disease. Finally, no longitudinal data linkage studies have been
performed for the NHANES III RA cohort (ie, mortality data follow-up; Medicare/
Medicaid data), although the incidence of RA among periodontal disease has been
analyzed using NHANES I Follow-Up Epidemiology Study data.234 Smoking is increas-
ingly considered a major RA risk factor, as well as a risk factor for periodontitis.235 In
support of US public health initiatives, NHANES datasets have detailed smoking data
including smoking history, specific types of current products used, as well as cotinine
and urinary metabolite biomonitoring data to classify smokers as well as those with
second hand smoke exposure. These smoking data have not been analyzed in any
detail for RA.
Also remarkable with respect to the NHANES III RA data is that the US population

distribution of rheumatoid factor for adults 60 years of age and older and its correlates
and epidemiologic associations from the dataset remain unpublished. The NHANES III
rheumatoid factor data are potentially significant; recent population-based longitudi-
nal studies have demonstrated increased risks developing of RA in persons seropos-
itive for rheumatoid factor, especially those with high titers,236,237 outcomes that
could be potentially examined via NHANES data linkage studies. Also, recently
NHANES III stored biospecimens have been analyzed for monoclonal gammopathy
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of undetermined significance and these data are now publicly available.238 Also, tem-
poral biological variation data are available for rheumatoid factor in the NHANES III
second-day examination files.147 The value of NHANES III RA-related dataset has po-
tential to be significantly upgraded to support modern RA case classification criteria
by reading the existing set of NHANES III hand-wrist and knee radiographs for RA
changes. Also, adding anticitrullinated peptide antibody data using NHANES
biospecimen program stored sera is important, because anticitrullinated peptide anti-
body data are being used to define patients at risk for RA, and the general population
distribution of this important autoantibody and associations with numerous NHANES
variables can be examined directly.

Some Methodologic Issues in the US National Health and Nutrition Examination
Survey Arthritis Data

Two additional and interrelated methodologic issues in the NHANES setting and in
arthritis epidemiology studies generally are (a) the low prevalence of some clinically
important rheumatic diseases and (b) the need to develop valid disease classification
criteria for population-level public health surveillance. First, as seen for RA, with the
current NHANES sampling design, a larger 6-year or even an 8-year dataset would
be desirable to support epidemiologic analyses. Also, having classification criteria
that include the entire RA disease spectrum (ie, preclinical and early disease as well
as definite disease), is important for population-based studies. In the NHANES III
RA data, the ACR case classification criteria used apply only to well-established dis-
ease and the study could not include radiologic data, and both of these factors served
to decrease the observed estimated RA prevalences. Further, in RA as well as for other
types of arthritis such as SpA, early diagnosis and treatment of mild disease to prevent
progression is a key goal. For many disorders, the prevalences of a preclinical prodro-
mal state and of early milder disease is often (but not necessarily) higher. Including
this more complete disease spectrum with the additional cases NHANES data
could significantly increase prevalences and thereby enhance NHANES RA study
capabilities.
Second, important issues relating to disease classification and misclassification

have arisen out of NHANES arthritis studies. These issues are key for developing
arthritis public health surveillance monitoring, because optimal classification of
arthritis cases is important for precision in arthritis prevalence estimates. One of the
most significant of these issues is the definition of arthritis-related pain and especially
discordances between pain reports and radiographic findings. This finding has been
clearly seen in NHANES I knee OA radiology studies as well in the NHANES I sacroiliac
joint disease data. In this respect, the NHANES I knee OA data have been the subject
of important analyses.239 A significant percentage of NHANES I cases with significant
radiographic knee OA findings did not report joint-related pain by study criteria,
whereas participants with no radiologic findings reported some prevalence of joint
pain. Subsequent reviews of the early NHANES data and other subsequent major
studies (reviewed in240) suggest multiple factors may help to explain these results,
including questionnaire screening only at a high pain level (pain present on most
days for 3 months in the NHANES data); variability in radiograph readings; more pos-
itive radiographic findings usually seen with multiple radiograph views of a joint; fewer
positive radiographs seen non–weight-bearing knee films (as in NHANES III), which
precludes assessment of early OA changes; therapeutic effects of drug treatment
on pain report frequencies; patient reduction in physical activity or use of assistive de-
vices to reduce or eliminate pain; and the presence of concomitant non-OA origin knee
pain as well as other causes.241,242 Further, the NHANES sample does not include
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disabled, institutionalized persons, and selective arthritis-related mortality in popula-
tions could also play a role. Using more modern imaging techniques such as MRI
would detect a higher percentage of OA cases (or pathology studies even higher).
Finally, as an additional note, both the NHANES I and the NHANES III knee radio-
graphs were read for chondrocalcinosis, which could potentially be associated with
increased pain reporting. These data are publicly available but apparently thus far
not analyzed. Additional analysis of the NHANES knee OA and SI joint data seems
to be needed, especially because the later NHANES III knee OA data have not yet
been systematically analyzed in this regard, and an analysis of the relation of symp-
toms to radiographic findings should be broadened to include joint stiffness and
NHANES functional limitations data. This type of analysis could potentially be usefully
supplemented with new biomarker data. For the researcher, a useful inventory and re-
view of pain data collections in NCHS surveys through the 1990s, including summaries
of the NHANES data collections in this area, has been published.243

A related issue in defining a complete disease spectrum for arthritis surveillance
studies is the question of “asymptomatic” disease. Although arthritis pain is of central
importance in arthritis and a principal factor prompting patients to seek medical care,
it is possible that the NHANES population-based survey data results cited previously
may in part be pointing to a subpopulation of arthritis cases potentially presenting with
minimal levels of pain or no pain at all, although they may otherwise experience func-
tional limitations and adverse clinical outcomes characteristic of the arthritis syndrome
in question. Many people may well ignore back pain or stiffness, which is considered
to be a commonly occurring problem, but it is very hard to ignore knee pain or hand
swelling because of the functional limitations imposed. Classical RA is usually thought
to always be accompanied by significant joint pain; however, for ankylosing spondy-
litis, psoriasis-related axial arthritis, and SpA in inflammatory bowel disease, it is
evident that a percentage of cases with definite and even advanced radiologic disease
presents without a significant pain history, and these patients may have substantial
functional impairments.244–247 Reanalysis of the relevant NHANES data here could
further research in this area, in this instance potentially giving more diagnostic weight
to a combination of radiologic findings, target organ impairment, and functional status
measures.
An additional important analytical issue relates to the NHANES I and NHANES III

survey knee radiographs, both of which were read for OA using the Kellgren-
Lawrence reference atlas standard. This is important because accurate tracking of
arthritis trends over time is a major public health surveillance goal. The overall preva-
lence of radiographic knee KOA in NHANES I adults 60 years or older was 9%,
whereas in NHANES III it was 30%. This finding has raised questions as to whether
the radiographs from the earlier survey period may have been underread, or
conversely whether the NHANES III films were overread. However, because obesity
is a major known risk factor for knee OA, the well-documented marked increase in
obesity over the time period between NHANES I and III might well explain a difference
in the prevalence of radiographic knee OA. These questions could be clarified by
further analytical research on these datasets.

Rheumatologic Approaches to Public Health Surveillance of Chronic Axial Pain

Rheumatology has demonstrated expertise in developing well-defined disease classi-
fication criteria. These criteria are developed jointly by rheumatologists, biostatisti-
cians, and epidemiologists, and have had proven usefulness in international
epidemiology studies of the prevalence, scope, and impact of specific disorders
such as RA, OA, gout, SLE, and other syndromes. They are pivotal in standardizing
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clinical trials to evaluate therapies. The criteria typically have undergone a number of
iterations as knowledge has advanced. Classification criteria suitable for public health
surveillance for diseases such as RA, SLE, and OA are, thus, available and have been
usefully applied in the NHANES data. Potentially, rheumatologic expertise in devel-
oping classification criteria could be usefully applied to help identify and define addi-
tional and specific public health surveillance monitoring targets, especially for
musculoskeletal conditions that remain as significant unresolved outstanding issues
for the general population. A useful example is chronic axial pain (ie, chronic neck; up-
per, mid, lower back; or buttock pain) that, as reviewed herein, has a US population
prevalence approaching 20% of adults. Specific causes of axial pain are not often
attained with any diagnostic certainty and effective, specifically targeted therapy is
typically not available, which make primary and secondary prevention efforts for
chronic neck and back pain problematic. Although important research advances
have been made, there is no clear evidence that, at a patient level, there is any signif-
icant progress. Rheumatology does not have ownership of this general public health
issue; however, chronic axial pain does intersect with rheumatologic disorders in
many specific instances. Defining these additional rheumatic conditions clearly,
providing clear screening guidelines for medical practitioners to use, and placing
these under direct public health surveillance could potentially be a major contribution
to public health efforts to reduce the population burden of chronic axial pain. The rheu-
matologic subgroup of patients with chronic axial pain otherwise would continue to
routinely present to a variety of practitioners with varying clinical skills,248 and thus
by default would largely remain under the umbrella category chronic back pain (ie,
undiagnosed).
IBP associated with ankylosing spondylitis and SpA is a specific case in point. For

example, rheumatologic IBP case classification criteria were designed in the first
instance by Calin and colleagues46 as a general population screening instrument.
The NHANES 2009 to 2010 IBP/SpA survey was the first large-scale, population-
based effort to field IBP screening criteria and to directly estimate its prevalence in
relation to the frequency of overall chronic neck and back pain. The results were
similar for each of the 4 IBP criteria studied. For example, in the NHANES 2009 to
2010 US general population sample of 5013 sample persons, 980 or 19.2% of all
US adults, had chronic axial pain of all types. Of these 980 persons, 274 (29%) initially
screened positive for IBP by ESSG criteria. When ESSG SpA criteria are applied to the
total chronic axial pain sample (IBP being a mandatory ESSG SpA feature), 70 per-
sons, equivalent to an estimated 7% of the US chronic back pain population, met
ESSG criteria for SpA. This number is likely a lower bound estimate of the true prev-
alence of IBP in patients with chronic axial pain, because many true IBP cases may
never develop SpA. However, the example suggests that a finite and important per-
centage of chronic axial pain cases may have IBP. This finding highlights a specific sit-
uation where, potentially, a specific diagnosis can be given to a subset of chronic axial
pain cases and disease-specific diagnostic testing (MRI or HLA-B27 testing, for
example) and therapy offered. From a public health viewpoint, this enables
population-based disease surveillance and control for a clearly defined target; that
is, early diagnosis and treatment efforts aimed at secondary prevention of disease
complications as well as more specifically focused primary prevention research.
The NHANES IBP data clearly need further analysis and comparison with ongoing
IBP research elsewhere. Additional general tasks necessary to fully develop IBP sur-
veillance criteria will include the evaluation of the newer Assessment of Spondyloar-
thritis International Society IBP classification criteria in population-level studies as
well as developing formal exclusion criteria. For instance, the published literature
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includes a variety of possible IBP mimics with an axial pain component, such as
sarcoidosis, spinal and perispinal inflammatory conditions (vertebral osteomyelitis, in-
flammatory infected aortic aneurysm in older adults), Paget’s disease, drug-induced
disease (isotretinoin), and chronic infected pilonidal cyst (author’s case).249–253 Com-
mon diseases with retroperitoneal involvement and back pain, for instance, conditions
like endometriosis, could also potentially be IBP mimics.254

From a public health perspective, a fundamental problem impeding progress in
decreasing the incidence of or controlling chronic axial pain is an epidemiologic one,
namely, its underlying diagnostic heterogeneity. As it currently stands, chronic back
pain remains largely an undiagnosed disease. Chronic back pain is essentially an um-
brella term for a number of clinically distinct entities, potentially 10 or more important
ones, and their root causes and therapeutic approaches may differ greatly. Attempting
to deal with such an inherently heterogeneous aggregate case definition sets a very high
bar for finding effective therapies and for public health intervention programs. However,
this is in fact a common epidemiologic problem in many chronic disorders, for example,
the underlying heterogeneity in asthma and autism studies that impedes progress and
can potentially bias clinical trial results toward the null. A general strategy to counter dis-
ease classification heterogeneity is to seek opportunities to define disease subsets that
have specifically defined etiology and, ideally, a specific therapy as well. For example, if
1 or more chronic axial pain subsets can be identified and removed from the general
umbrella axial pain category, the residual category of chronic back pain becomes
more homogeneous and tractable, and more amenable to clinical and epidemiologic
investigation. For instance, the ability to identify just 2 additional etiology-specific axial
pain target conditions with US population prevalence similar to IBP could, together with
IBP, potentially remove almost 20% of currently defined patients out of the nonspecific
axial pain case definition. With the advent of advanced imaging studies available on a
widespread scale, the use of these case ascertainment criteria as discussed would
allow for an efficient use of an expensive diagnostic modality.
The NHANES back pain datasets are detailed and extensive and offer an unbiased

population-based data platform for exploratory scoping studies, hypotheses develop-
ment, as well as analytical studies. Although a small number of articles on basic prev-
alence have been published, these data collections are otherwise largely unanalyzed.
There are several possible approaches for identifying additional etiology-specific
rheumatologic subsets in the NHANES data: that is, rheumatologic syndromes with
chronic axial involvement as a principal component. For example, diffuse idiopathic
skeletal hyperostosis most typically affects the cervical and upper thoracic spine,
but may also occur in the lumbar spine. The prevalence and distribution of radio-
graphic diffuse idiopathic skeletal hyperostosis and its association with axial symp-
toms has been examined in some studies but not others255,256 but remains to be
explored on a population level. Further its potential role in producing chronic axial
pain could be evaluated in the large-scale, nationally representative set of online
NHANES II cervical and lumbar spine radiographs, arthritis questionnaires, and other
NHANES II data. Acute and chronic reactive arthritis secondary to enteric and genito-
urinary infection, a disorder in the SpA family, most typically presents with peripheral
arthritis, but its spectrum does include axial involvement. This disorder is diagnosable,
with specific treatment protocols. Reactive arthritis was not included in the 2009 to
2010 IBP/SpA data collection, but has the potential to be studied in NHANES, espe-
cially because of the NHANES emphasis on the control of infectious disease-related
morbidity. NHANES has the capability for examining serology for enteric and other
arthritogenic pathogens as a part of its infectious disease surveillance programs,
and has performed serologic surveys of rubella, chlamydia, cryptosporidium,
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toxocara, hepatitis B, and hepatitis C. Beyond this, the NHANES 1999 to 2004 data
MPQ CWP dataset has not been screened for candidate axial pain disorders. The
detailed body pain diagram data support site-specific analysis of distributions of axial
and peripheral joint involvement. Potential CWP associations with the range of specific
NHANES medical conditions and the NHANES laboratory data could usefully be
examined.
Apart from rheumatologic syndromes, the possibility of chronic axial pain associ-

ated with the principal high prevalence chronic diseases targeted in the NHANES sur-
vey design should be examined. Sample sizes here are large, because these are the
primary foci of NHANES data collection. The current index of suspicion that these
medical conditions may cause chronic axial pain disorders is not high; however, the
possibility has not been evaluated formally using large, nationally representative
NHANES datasets. Osteoporosis is not typically thought to be associated with axial
pain, except for vertebral fractures. As noted, the US osteoporosis-related vertebral
fracture prevalence is published.76 However, the NHANES osteoporosis data have
not otherwise been analyzed with respect to the possibility of chronic axial pain. If
there proved to be either a higher or a lower prevalence of chronic axial pain in oste-
oporosis cases than in the general population, this finding could be significant. Dia-
betes and obesity are also chief high-prevalence disorders studied in NHANES and,
although there has been 1 preliminary report regarding diabetes and back pain,257

these datasets have not been evaluated in detail with respect to the possibility of either
chronic axial disease or even peripheral arthritis syndromes. Finally, the set of
NHANES II radiographs could also be used for their originally intended purpose: to
examine associations between spinal OA, lumbar disc degeneration, and their degree
of axial pain and functional impairment. Results of a recent systematic review and
metaanalysis of associations between lumbar spine radiographic features and low
back pain suggest that evaluating these data to identify axial pain public health surveil-
lance targets is important.258
SUMMARY

It is important to understand how NHANES data compare with the standard case of
clinical research data collection. NHANES arthritis data collections typify the demo-
graphic survey approach to describing rheumatic disorders. NHANES does not
perform detailed clinical examinations but rather executes planned, high-quality, pro-
tocol-driven active data collection designed to assess arthritis prevalence, risk fac-
tors, and outcomes. Furthermore, the NHANES sample target is the ambulatory,
noninstitutionalized US population. This is in fact the bulk of the population; however,
it may not provide a representative sample of the sickest cases, which is the subject of
so many clinical and epidemiology studies. In terms of disease spectrum, NHANES
data can potentially effectively capture population-based samples of preclinical,
mild, and moderate cases of a specific disease as well as some proportion of more
severe cases. NHANES also has the specific advantage of being able to study repre-
sentative samples of undiagnosed disease cases not presenting to medical practi-
tioners. NHANES data are, therefore, highly relevant to current clinical research
agendas to identify prodromal disease states with precision and to effectively make
early diagnosis and treatment to prevent disease complications, a shared goal with
public health arthritis prevention programs.
Finally, it should also be recognized that the NHANES coverage of arthritis syn-

dromes is incomplete in some respects. Significantly, NHANES arthritis surveys
have not collected data on either Sjogren’s syndrome or polymyalgia rheumatica,
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which primarily affect older adults. These were identified as National Arthritis Work-
group priorities for NHANES, but thus far have not been studied.12 Also remarkable
it is that NHANES, with its emphasis on infectious disease surveillance, has not per-
formed Lyme disease or parvovirus B19 serology in any arthritis data collections,
even though the former is a public health focus.259 Nevertheless, the body of NHANES
arthritis data and publications remains substantial, and still offers significant opportu-
nities for productive research to improve the nation’s health.
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KEY POINTS

� Qualitative research is an indispensable form of research vital information that impacts the
biopsychosocial burden of chronic illness and in improved health care operations.

� Qualitative research is often used as a foundation or to complement more traditional quan-
titative research methods to augment knowledge of rheumatic diseases.

� Qualitative research, although inherently subjective, is a robust process that can be eval-
uated and held to a high standard of quality.
Not everything that can be counted counts, and not everything that counts can be
counted.

—William Bruce Cameron, Professor of Sociology, 1963

INTRODUCTION

The last 2 centuries of medical research advancements were driven by the systematic
collection of measurable assessments relying on quantifiable constructs and
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producing measurable variables within populations. Quantitative research has far pro-
gressed medical science, but tells us little about the opinions and experiences of living
with disease that could provide actionable insight but are less amenable to quantifica-
tion. Qualitative research, in contrast, provides valuable insight into patient experi-
ences, attitudes, behavior, meaning, and thoughts, and broadens our understanding
of human disease. Thus, in recent years, qualitative research has carved a bona
fide position as valuable science in health care operations and understanding of dis-
ease (Fig. 1).1,2 This position has been hard won for a science that inherently relies on
subjectivity in both data collection and analysis, and, although it endeavors to be free
of bias, will always be guided by investigator perception and sensitivity. Although
recently less so, qualitative research still faces challenges in obtaining research fund-
ing and a difficulty publishing in high-impact journals persisting to some extent.3

This article reviews the underpinnings, usefulness, and validity of qualitative methods;
punctuatedwith examplesof how theyhavebeenapplied in rheumatic disease research.
To optimally define qualitative methodology, it is contrasted in this article with its coun-
terpart, quantitativemethodology, to which all readers have an acquaintanceship, hope-
fullymaking it easier to assimilate the less familiar ideas of qualitative research, revealing
how these seemingly diverse schools are, in fact, interdependent, with high-quality
research often using both approaches. This review is addressed to a broad spectrum
of readers, ranging from thosewishing to better appraise the burgeoning number of pub-
lished qualitative studies to researchers considering the role qualitative methods might
play in answering their own research questions. We hope to inspire serious interest—
and perhaps dedicated careers—in applying thesemethods to deciphering a deeper un-
derstanding of the biopsychosocial burden of rheumatic disease and how qualitative
research methods might support the development of incremental management strate-
gies4 to improve health-related quality of life, and perhaps even survival.5

WHAT IS QUALITATIVE RESEARCH?

Qualitative research explores the meaning attached to health-related experiences,
cultures, views, opinions, and practices by individuals within their personal social
Fig. 1. Number of Medline citations identified for a search of qualitative research and rheu-
matic disease from 1950 to 2015.
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and cultural context.6 Although data are represented by words that reflect recorded
speech and behavior (in contrast with the numerical quantity, distribution, magnitude,
and frequency of quantitative research methods), qualitative methods are marked by
careful, deliberate strategies of robust and systematic data collection, organization,
and interpretation of these nonnumerical data. Where quantitative research predom-
inantly examines the relationships between independent, dependent, and extraneous
variables represented by numerical values, the corresponding qualitative analytical
units are themes and concepts that arise through discussion, observation or docu-
ment review. In contrast with quantitative research methods, the interactive nature
of qualitative research enables investigators to actively participate in the quest for
enhanced understanding (not necessarily definitive answers) and unexpected scienti-
fic lines of inquiry can emerge within the process of data acquisition1 (Table 1).
Investigation typically takes the form of open-ended survey answers, field note ob-

servations, and/or anonymized transcripts obtained in focus group, or semistructured
individual patient interviews1 to form the descriptive raw data of the research from
which the interpretation is derived.7 Qualitative methods can be applied to any study
of human interactions, patient experiences, communication, diagnostic evaluation,
disease activity definitions, and health measurement scale development relevant to
disease management1 focusing directly on the health condition itself, or any other
aspect of care, including technical or operational facets. Pharmaceutical companies
routinely apply qualitative research methods to health care providers and patients
for marketing purposes, and recently have been more involved in funding the develop-
ment of patient-reported outcome measures for use in clinical trials within diseases of
interest to them.
However, the main use of qualitative methods in health care is to evaluate and

understand the perspectives of patients and health care providers as a means to
heighten knowledge of disease processes, diagnostic evaluation, and management
to improve health outcomes and health-related quality of life. In the rheumatic dis-
eases these include physician and patient treatment decision making in rheumatoid
arthritis (RA) and osteoarthritis,8–10 prescribing practices for musculoskeletal pain,11

family and relationships in RA,12 parenting and arthritis,13,14 experiences of juvenile
idiopathic arthritis,15 patient–health care provider interactions,16–23 perceived health
benefits of treatment/intervention,24–26 adherence to the intervention,26–29 as well as
developing research priorities.30 Increasingly, qualitative research has become more
focused on specific disease manifestations that might only affect a minority of patients
within a disease entity, for example, body image dissatisfaction in patients with cuta-
neous lupus,31 or potentially common but hitherto neglected experiences of diseases,
such as fatigue in osteoarthritis.32 However, qualitative investigations are not limited to
patient experiences and might include any person related to any part of the disease
process or health care experience, depending on the question to be answered
(Box 1). Subjects might, therefore, include family, friends, caregivers, clinicians, com-
munity health care providers, laboratory scientists, specialist nurses, rehabilitation
specialists, trainees, and administrative staff. Qualitative research is an inquisitive pro-
cess, capturing motivation/adherence, emotions, needs, perceptions, experience, or
opinions in words, but otherwise follows a similar degree of robust and systematic
data collection, organization, and interpretation.
WHEN TO CHOOSE QUALITATIVE METHODS

Quantitative methods have formed the mainstay of biomedical research and are
generally applied when there is sufficient information to form a hypothesis that can



Table 1
Similarities and differences between qualitative and quantitative research methods

Concept Quantitative Qualitative

Goals Generate comparisons and
correlations of attributes

Investigate human perspectives

Level of investigation Broad, impersonal Deep, personal

Level of data detail Concise, numerical summation Richly, detailed description

Focus Relationship of numerical values Personal experience

Driver To prove/predict a hypothesis Discovery/exploration

Research question Hypothesis statement often
proving a single predicted
outcome to measure
descriptive, causal, or
associative/relational
occurrences or states resulted
in units of magnitude,
quantity or frequency

Exploratory question seeking
new understanding of human
experience in dynamic, yet
unquantifiable and in
specifically described
situations and settings

Sample size Large; focused on precise trends
across large groups

Small; focused on collected case
content

Sample recruitment Random, representative,
generalizable

Purposeful, not necessarily
representative nor
generalizable

Setting of data
collection

Experimental; may occur in ‘the
field’ with descriptive studies

Usually from where the
participants are, that is, ‘the
field,’ natural environment

Instruments May be surveys with
closed-ended questions

May use equipment such as
beakers, pipettes, serum
testing etc

The interviewer or observer are
the instruments with
open-ended queries

Method types Descriptive
Correlative
Causal
Comparative
Inferential

Historical analysis using archival
data

Phenomenology
Ethnography/participant
observation (direct or indirect)

Action research

Data units/coding Numerical whether nominal,
ordinal, interval, or ratio data

Words/concepts

Analytical approach Deductive: based on existing
theories or established views

Inductive; allows data to emerge
and guide the researcher and
often takes researcher back to
data collection phase to
clarify/further explore a
concept

Analysis Statistical modeling to confirm
accuracy and reproducibility

Interpretive and Identification of
concepts and creation of
themes

Design Highly structured, experimental
and quasiexperimental; design
is fully committed before
implementation

‘Emergent,’ that is, responsive to
data collection and subject to
change depending on initial
findings

(continued on next page)
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Table 1
(continued )

Concept Quantitative Qualitative

Design perspective Objective, outcome oriented Subjective, process oriented

Data sources Variable, objective medical data,
quantifiable subjective data
reduced to data points

Interviews, observation, audio/
visual clips or documents

Data collection
platform

Spreadsheets or other formulaic
templates

Recording transcriptions
generating volumes of
narrative

Data Scalable Not scalable
Easy to understand/interpret Difficult to analyze and interpret
Easy to generate comparisons Collect more than 1 type to get

holistic, comprehensive
understanding to answer 1
question

Success indicator Predetermine/predict an
outcome

Saturation of newly discovered
concepts

Conclusion Strongly formulated with
generalizability

Tentative

Presentation of data Often follows a formulaic
statistical report that is central
with some narrative describing
background, arguments
regarding relevance of results
and conclusions drawn

Narrative, interpretative, often
contains direct participant
quotes or behavior
descriptions, also with brief
background and conclusion

Resource consumption Variable, depending on source
of data

Time/labor intensive

Data collection Minimal, calculations often set
as formulas run on computers

Time/labor intensive

Data analysis Commonly formulaic, able to
require minimal effort

Requires several people to
evaluate the same data

Data reporting Requires high level narrative and
literary skills

Box 1

Applications and goals of qualitative research methods

Procurement of data sufficient to generate hypotheses for future quantitative investigation

Conceptual framework to characterize/facilitate understanding of a disease, issue, or area of
concern/phenomena

Emergence of recurrent themes for actionable attention

Protocols, policy, educational materials

Classification system/taxonomy

Survey instruments to measure relevance, importance, intensity of qualitative concepts, for
example, patient-reported outcome measures

Qualitative Research Methods 271
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be tested using quantifiable comparative, associative, hierarchical, or interval-type as-
sessments. Qualitative strategies might be used when there are insufficient data to
form a stable hypothesis or quantitative assessment, and the attainment of more infor-
mation might help to formulate one. Alternately, quantitative results might be available,
but there is a need to understand the personal human relevance/motivation that drives
the results. Both qualitative and quantitative research methods provide important
tools that complement each other toward larger goals, with many research projects
adopting a mixed methods approach for comprehensiveness.
The preferred methodology for any given project is determined by the goals of the

overall research question (discussed elsewhere in this article). Increasingly, the
dovetailing of qualitative with more traditional quantitative research methods in a com-
plementary fashion has been proven to support broader research goals. An integrated
mixed methods approach has become the mainstay of PROM development
throughout medical and rheumatic disease research.2,33 An example of innovative
blending of qualitative and quantitative methods, is the McMaster Toronto Arthritis
(MACTAR) patient preference questionnaire.34 The MACTAR captures both qualitative
and quantitative data on patient priorities of physical function by enabling patients to
set and quantify their own health-related priorities. The MACTAR identified a number
of domains relating to functional impairment in patients with systemic sclerosis (SSc)
that are not captured in the Health Assessment Questionnaire-Disability Index, high-
lighting the importance of patient participation in outcome measure design, content
development, and adoption.35

The incorporation of qualitative methods is particularly relevant to PROM develop-
ment, where capturing the patient experience is paramount to the success of the
instrument, leading to regulatory bodies such as the US Food and Drug Administration
establishing that engaging the target patient population in PROM development should
be used to support labeling claims and marketing authorization.36,37 The importance
of the patient voice has led to patient research partners coining the phrase, “Nothing
about us, without us!”38

One of several examples of qualitative patient data influencing outcomes is the deri-
vation of a minimal set of outcome measure for clinical trials in connective tissue
disease-related interstitial lung disease.39 The project sought qualitative perspectives
from both experts and patients with their relationships to the emerged concepts that
were examined and cross-examined subsequently with quantitative strategies to
gauge their degree of importance. The qualitative input from patients altered the direc-
tion of the entire study and the final product; further, it drew physician experts’ atten-
tion to the symptom of cough as central to the interstitial lung disease experience,
inspiring further independent quantitative investigations on potential causes, thera-
peutic implications, and potential methods for capturing the severity and impact of
cough in connective tissue disease-related interstitial lung disease.39,40 The integra-
tion of quantitative and qualitative research studies can be challenging and less readily
amenable to traditional metaanalytical approaches of aggregating data from multiple
studies.3,41,42 Nonetheless, applying mixed method approaches expands the bound-
aries of research enabling a more complete assessment of most aspects of human
disease.41 Examples of effective integration of applied methods are presented in
Box 2.
APPROACHES TO QUALITATIVE RESEARCH METHODS

Qualitative research methods include a variety of techniques for systematically col-
lecting, organizing, and interpreting human experiences captured through open



Box 2

Examples of mixed methods production motifs

1. Patient-reported outcome measures development
Qualitative focus group data collection/analysis with isolation of concepts >> Quantitative
testing of concepts for relevance/important in larger group >> Qualitative focus group/
interview field testing of best language >> Qualitative action research with patients
to develop a set of questions >> Quantitative testing of questions using factor analysis,
test–retest, etc

2. Phenomenologic experience of living with a rheumatic health condition:
Qualitative focus group experience of living with x condition with analysis yielding y as
prevalent interfering symptom >> Quantitative assessment of y as a reliable marker of
disease activity in x in randomized, controlled clinical trial

3. Phenomenologic experience with historical analysis of published blogs of people living with
a specific manifestation of an autoimmune health condition:
Qualitative focus groups with analysis yielding unexpected pervasive self-management
technique >> (a) action research working with patients to develop anticipatory guidance
strategies for safety and (b) quantitative testing of self-management technique for
efficacy

4. Ethnography combined with focus groups to learn barriers to health care access in a rural
area:
Qualitative focus groups with analysis of perceived power differences between health
care providers and patients as a barrier >> recorded observation of behavior of patients
and providers within health system identifying specific areas of concern >> qualitative
action researchwith patient and providers to develop strategies that create equanimity in
communication >> quantitative assessment of effectiveness of new strategies versus prior
behavior
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discussion and observation.1 Phenomenology, the study of human experience, is the
overarching concept of qualitative research and drives almost all methods of perform-
ing qualitative research in health care, typically using interviews and focus groups, and
can unearth unexpected experiences considered important by patients, otherwise
overlooked by clinicians. For example, focus groups in RA revealed that a recurrent
and pervasive theme that arose in the focus group data was the symptom of fatigue.
The strong emergence of this caused subsequent research to quantify the magnitude
of intensity, frequency, and correlation of fatigue in RA resulting in the quantitative dis-
covery of fatigue as a reliable indicator of RA disease activity.43

Ethnography is systematic study based on observation of people and has beenmore
often used for cultural or social research cultures. It can take the form of direct obser-
vation by a nonparticipatory party or indirect by the researcher actually taking part in
the natural setting in which the behavior is observed. There have been few ethno-
graphic studies, but it is an application becoming more common, especially in combi-
nation with interview methods. One of the few studies in RA used ethnography to
understand the barriers to arthritis care in a Mayan community.44 This study observed
both people with arthritis and health care providers of varying levels, revealing that the
availability and attainability of access was further complicated by patient acceptability
of the diminishing levels of quality of life that seemed to be related to indigenous versus
nonindigenous power imbalances. The study concluded that accessibility strategies
that are culturally sensitive and developedwith Mayans are needed to increaseMayans
accessing care.18 Another ethnographic study investigated self-injection practices,
yielding important insight to suboptimal injection practices identifying improvement
areas for patient performance and health care team behavior.44,45
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Action research may involve observation and/or interview techniques and sets out
to develop a product (policy, educational materials, etc) by engaging the expertise
of the participants to solve a problem. This approach has been applied successfully
to developing a handbook by patients for patients with RA46 and to developing goal
roadmaps for the operational enhancement of scleroderma centers.47

Historical analysis is another application that examines often historical and usually
published narrative data, such as newspapers and journals, for data relevant to
answering a question in qualitative research. The expansion of digital blogs and fo-
rums could lead to an expansion of the use of this tool in chronic illnesses. The patient
experience of disease can also be captured in nontextual form as exemplified by ex-
amination of the later works of Klee, Renoir, Hugué, and Gaudi, who each expressed
their experiences of living with debilitating health and fear of mortality at the hands of
autoimmune diseases.48–50

Regardless of the chosen strategy, qualitative methods are at best implemented or
supervised by those who might have received dedicated academic training such as
medical anthropologists, psychologists, and social workers, or someone recognized
as being experienced in this field, the inclusion of which is often a quality indicator
of the research. Because this multidisciplinary nature is an important quality indicator
of the research, health care providers and lay people, such as patients, can be trained
to implement the components of qualitative research such as information gathering
and analytical methods. However, qualitative research demands the same level of
respect and rigor as other scientific endeavors in medical research; in fact, it is argu-
ably a more challenging task to crystalize the “true” voice when expressing both the
common and disparate experiences of a group of subjects, whatever the context.

The Research Question

The careful construction of the research question is crucial to good yield of data and
efficiency in both qualitative and quantitative research. A good question defines the
goal of the data collection and frames the existing research gap while at the same
time delineating the confines of the research scope (Boxes 3–5). An excellent question
guides research design and choice of methodology, and supports project planning
and assessing resources. Further, it serves to rein in the focus when the qualitative
exploration reveals so many interesting and tempting distractors. Finally, a good
research question facilitates the delivery of the published findings by framing the
reportable content (publication) of the analysis and results.
The subject of the research question deserves considerable thought; focusing on

the most essential stakeholders to answer the question or questions at hand. For
Box 3

Examples of general topics for qualitative research in health care

Understanding barriers/facilitators to accessing or learning something (eg, online patient
portals, quality health care, obtaining appropriate therapy, improving physical function etc)

Motivation for behaviors (eg, patient medication adherence, provider prescribing practices,
providing health education and counseling, etc)

Social, home, employment, or health care team dynamics (stress-related situations,
communication, etc)

Beliefs, perceptions or priorities (eg, patient beliefs surrounding methotrexate use or vaccines,
health care provider beliefs surrounding pain in osteoarthritis, patient priorities in health care
provision, etc.)



Box 4

The anatomy of the qualitative research question

Inductive and incites exploration

Framed as a question (what, why, how) or an aim (infinitive verb, eg, ‘to explain,’ ‘to identify,’
etc)

Clear focus on singular and distinct phenomenon

Neutral language that is open

Stated subject of interest

Target patient population well-defined

Setting well-defined
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certain research questions, the perspectives of very different stakeholders may be
required to accurately and comprehensively address the issue. Further, sometimes
a 360� perspective of all potential stakeholders is useful. This strategy is frequently
used when developing disease specific Core Sets for the International Classification
of Functioning, Health and Disability and developed on the converging insights of pa-
tients, family members, physicians, rehabilitation therapists, social workers, and psy-
chologists, such as a mixed methods approach in ankylosing spondylitis to develop a
quantifiable health index.51

Focus Groups and Interviews

Interviews and focus groups are the main, most commonly used methods of data
collection in health care related phenomenological research. They provide rich detail
of personal perspective in narrative data form; however, each method has different
qualities and dynamics that generally yield different depths and expanses of insight.
A combination of approaches, applied in an iterative fashion can support researchers
seeking rich and varied data to answer a specific research question. For instance, a
series of interviewsmight initially collect insights that can be further explored in a focus
group, or the focus groupmight generate themes that require more in-depth probing in
an interview format. The choice of strategy depends on the sensitivity of the subject,
among other factors. Interviews and focus groups require a skill, sensitivity, and sen-
sibility to conduct and typically comprise unstructured or semistructured interview
Box 5

Examples of qualitative research questions

To understand system-level and interpersonal factors of prolonged prednisone use and delay of
disease-modifying antirheumatic drug optimization in young African American women with
systemic lupus erythematosus.

To identify barriers to early diagnosis of systemic lupus erythematosus of Hispanic population
in Milwaukee.

To characterize the daily life experience of systemic sclerosis patients living with calcinosis.

What are the most disabling aspects to patients diagnosed with rheumatoid arthritis in the first
3 years?

What are the expectations of scleroderma patients, patient families and scleroderma specialists
in a scleroderma center of excellence?
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techniques adhering to a planned topic or question guide (discussed elsewhere in this
article). Important environmental considerations, especially for people with rheumatic
diseases, must include ease of access to a venue and comfort with attention to room
temperature, seating, availability of water, and proximity to lavatories, as well as
knowing when participants are getting tired.
Focus groups induce narrative data through discussion of an issue or topic that is

common to a group of people with shared experiences.52,53 Focus groups facilitate
discussion and debate among participants, clarifying convergent and divergent views
expressed.54 The group strategy helps to characterize common and divergent cultural
and social experiences in health care, while simultaneously providing reassurance to
group members by dispelling the sense that “nobody knows how I feel” in relation to
the subject of interest. The group dynamics and interactions of a focus group can
create a relaxed setting and also widen the range of response compared with individ-
ual interviews, because each member, in addition to sharing their own perspective,
hears others’ perspectives processing them against their own perspective. This com-
parison with other perspectives arising in the group ignites a deepening of partici-
pants’ self-exploration and sharing.53

Group discussion also sparks recollection of details for participants that might have
been forgotten or overlooked by the participant in an interview setting. Focus groups
also provide an opportunity to capture language and phrasing that target populations
adopt to describe experiences. The vocabulary and descriptive phrases can prove
particularly valuable if goals include developing patient-reported outcome measures,
patient education materials, or manuals for health care providers and others.40,55 The
size and composition of the group will influence the narrative. A group that is too large
may impair the depth of expression or completion of communication, and some par-
ticipants may not have a chance to speak at all. Other important considerations when
assembling groups are factors that might interfere with comfortable and free expres-
sion, for example, hierarchical differences when examining barriers in the operational
flow of clinic, or gender when examining sexual health. In these situations, separate
focus groups should accommodate each member type (so-called strata).
Audio-recording with subsequent verbatim transcription of study data enables inde-

pendent verification of the study findings.3 The researcher or assistant should also
take field notes to observe and document tone, emotionality, and physical behaviors
that emphasize, clarify, seemingly contradict, or add to a participant’s voiced
perspective.
Purposive sampling techniques to ensure broad participation from within the target

patient population can be applied to maximize the transferability (external validity) of
the study interpretation and the specific patient populations to which they pertain.3

In contrast with quantitative research methods, diversity within the study population
can be a strength, because the findings are not necessarily meant to be transferable
across large population groups.3 A complete description of the study population (and
the extent to which a priori purposive sampling framework was achieved), site and
context provides clarity and context on the sample population to which the interpre-
tations purport.3

Whether focus groups or individual interviews are adopted, an a priori purposive
sampling framework can help to ensure a representative sample of patients with
respect to clinical phenotype and demographics, while also ensuring adequate diver-
sity of the cohort in terms of ethnic, geographic, and cultural participation. Qualitative
research methods do not adhere to traditional sample size calculations and generally
involve smaller sample sizes than their quantitative counterparts. There is not a mini-
mum number of interview subjects or focus groups for any given subject. Instead, the
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choice of qualitative research method and subject sample size is dictated by the
research question and goal of achieving thematic saturation.56 Large sample sizes
are not always appropriate and can complicate analysis with a single case study
design sometimes proving an adequate and effective method for tackling a specific
research question.7

Qualitative researchers need to be alert to many of the same biases that befall quan-
titative research, such as sampling, analysis, and selective presentation of data.42 The
unique role of the investigator in data acquisition (eg, interviewing style and topic
guide) and their own personal characteristics (eg, age, gender, social status, person-
ality, and health [disabled or able]) can influence the participant experience and the
quality of data collection.42,57 It is acknowledged that investigator’s personal experi-
ences, values, perceptions, and preconceived concepts influence the data acquisition
process in the semistructured interviews in a focus group setting. Although the effects
of this bias are not easily eliminated, investigators should use reflexive reporting to
openly describe investigator’s preconceptions and how these assumptions were chal-
lenged or supported during the course of data collection and analysis.3,55

Topic and Question Guide Development and Application

The topic guide is a carefully constructed flow of the interview questions, which is the
backbone of active data collection, and ideally should be published with the results of
study. Interview questions are open-ended queries that should be clear, simple, and
easy to understand when posed out loud. If questions are more complex, consider
choreographing pauses in the midst of the question to allow for comprehension and
reflection before completing the question. After writing a question, ask it aloud to other
research team members to afford opportunities to modify awkward-sounding ques-
tions. Poorly constructed questions can cause the group to falter in momentum.
The order of questions can be important, and is based on cultivating comfort and
then fostering an openness of communication that might occur naturally when
encountering new people in nonresearch daily life. Brief opening questions that are
straightforward and easy for interviewee or group members to answer helps to estab-
lish rapport between interviewer/moderator and the interviewee/group, allowing time
for participants to feel comfortable with speaking are good to begin sessions. Subse-
quent transitioning questions continue to warm the participant to speaking as well as
sharing one’s own and responding to others’ perspectives, both of which serve to
ease the discussion into the sharper focus on the central/key questions necessary
to procure material that address the overall research question. A smaller number of
key questions that target the data collection is likely to procure a higher quality and
more comprehensive yield than many key questions. In our research, we often use
the technique of beginning certain key questions by asking the participant to “think
back.” For example, “think back to the time, when you first new something was not
right with your health (leaving a pause here), what were the changes to your health
you noticed?” The application of this and similar techniques helps to guide the partic-
ipant’s mind, placing them in the midst of the situation/experience of interest and
sensitizing the participant to reexperience and thus to more readily recall and share
important details.
Back up and probe questions are exactly what their names imply, and are used to

keep a discussion progressing when group members might be shy or uncertain what
to say, or to follow up on a particular remark more deeply. With regard to probing re-
marks further, we avoid direct questions that might sound harsh; instead we might
say, “That’s interesting, can you comment further on your remark?” The tone of the
moderator can make all the difference in the same words, either creating
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defensiveness or sounding inviting. Our goal is to maintain a tone that is soft, friendly,
and interested. Eye contact with each participant is important and should be gentle,
reflecting the qualities of the prior sentence.
QUALITATIVE DATA ANALYSIS

Irrespective of the qualitative research method, the raw “data” are typically in narrative
form and include transcripts, reflective notes, and field notes together to form the
descriptive raw “data” of the research, but cannot provide an interpretation4,7 without
rigorous analytical application.
The assembling of the analytical team is vital to the success and perceived quality of

the study. A multidisciplinary teamwith varying fields of expertise is exemplary, afford-
ing the opportunity to see the narrative from diverse perspectives. In the ideal situa-
tion, the team is led by someone with significant experience in conducting,
supervising, and, if possible, comfort in teaching qualitative methods. Regardless of
the scientific discipline, with practice, the sensitivity and capability of the researcher
deepens; the data are only as reliable as the care, accuracy, and as much objectivity
as the situation allows, as implemented by the researcher.
The most common approach to qualitative data analysis is grounded theory, which

is the purest of inductive approaches whereby the data are approached without pre-
conceived codes by the researcher; thus, the researcher analyzes with naı̈ve eyes,
allowing the data to speak and to be the driver of the emerging framework.58 The the-
ories produced by the research are “grounded” only in the data collected, with no
input from prior studies. Here, codes are developed as part of the ongoing analytical
process and they are modified and refined with new discoveries in the data. There is
constant reengagement with already coded sections, a dynamic that is part of most
qualitative analyses called constant comparative analysis. Although various ap-
proaches to systematic analysis of qualitative data exist, each involves the process
of decontextualization (compiling repositories of shared experiences using individual
components lifted from the data) and recontextualization (ensuring these defined ex-
periences collate with the context from which they were originally identified to avoid
issues around data fragmentation related decontextualization).7

Virtually all qualitative analytical methods are derived from grounded theory. Other
methods range from the start list method, whereby the analysts develop a list of pre-
conceived codes based on past studies to which new codes are added during the
analysis.59 Such approaches can help expedite the process when preexisting data
are available. At the far end is the more deductive spectrum, with a definitive code
list applied.1,2,7,60 This method can be seen in the strict application of International
Classification of Functioning, Health and Disability coding to a focus group transcript.
Such studies gauge frequency of occurrence and, therefore, sit on the borderline be-
tween being qualitative and quantitative in nature. Analytical approaches are dictated
by what is already known, what the question is, and the overall goal of the research.
The analysis and interpretation of qualitative data is subjective and complex in

nature, and a difficult, time-intensive task. It is an iterative process returning to
the same script repeatedly as an individual analyst and as a team of analysts, with
several independent analysts performing identical tasks on the same manuscript or
manuscripts—repeatedly—and the team discussing and comparing coding of their in-
dividual efforts until the final analysis is settled (Fig. 2).
The process of data analysis runs continuously in parallel with data acquisition; in-

vestigators are often present and active participants in the process of capturing expe-
riences.7 Analysis of the textual data needs to be systematic and thorough, and is



Fig. 2. Schematic of dynamics between data collection and analysis: a continually iterative in
both intraanalysis and interanalysis that integrates new data and continually refine existing
data.
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therefore labor intensive and time consuming.7 In striking contraindication to best
quantitative practices, it is only through analysis that the halt of data collection is
signaled. No new information arising in the analyses signals that saturation has
been reached and data collection can be discontinued.
The process begins with each analyst conducting an overview of a virgin transcript

or recording, developing a receptiveness to the narrative as the first step in analysis,
called familiarization, allows concepts and themes to emerge.2 This step is achieved
by reading the narrative in its entirety without yet attempting to code. After appreci-
ating the scope, depth, and evolution of ideas, the manuscript is marked line by line
for discrete “thought units,” which are chunks of text that reflect a single concept.
Thought units may become filed under “codes.” Codes are labels consisting of a
single word or discrete phrase that embody the essence of an important element of
the narrative. Coding is an integral component in categorizing data and building a
framework in a way that explains the diversity of experiences expressed in the
data.2,7 The identification of contrary experiences (“deviant” or negative opinions) en-
ables investigators to interrogate their data with greater scrutiny, challenging and
qualifying hypotheses, and refining interpretations.7 Iterative testing on new or
expanded samples can be used to confirm propositions derived from earlier
analyses.7

Codes relevant to the research question are assembled into “code structures.”
Code structures make categorical sense of emerging themes and are often displayed
in outline form. Remembering that qualitative research is in all spheres an iterative pro-
cess, the code structure will continually change and be modified until a final concep-
tual framework emerges after all the narratives have been coded. The framework is
often used to provide both understanding of a phenomenology as well as future direc-
tions in research and care.
Alternatively, there is also a place for quantification in some strictly qualitative

studies. Johnson and colleagues61 sought to understand physician expert percep-
tions of disease subtyping in SSc using semistructured interviews to collect qualitative
insight and, after applying qualitative analytical methods, were able to calculate the
frequency of discrete codes correlated with individual participants. This combined
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analytical technique was also used to understand the experiences of patients living
with SSc-related calcinosis62; the calculation of quantifiable frequency data facilitated
understanding that is useful both in supporting normative assumptions as well as
providing direction for actionable deliverables in care. In this case, learning that
many patients routinely extract calcinosis by either self-instrumentation or warmwater
soaking and extrusion provoked the not yet tested, but safe enough, anticipatory guid-
ance regarding topical antibiotic use.
Several computer software programs are available to assist with the organization,

retrieval, and reorganization of data.7 However, the rigor of the analysis and the devel-
opment of the framework depends the researcher only. If the software program inter-
feres with the essential intimacy the researcher must have with the narrative, then it is
best to revert to non–software-assisted analysis until those skills and sensibilities are
more deeply set. The beauty of such software is to afford a researcher already intimate
with the data more avenues of exploration that confer a deeper intimacy of relational
associations.7
QUALITATIVE RESEARCH AS AN EMERGING, ACCEPTED, AND ESSENTIAL METHOD
IN HEALTH SCIENCES

The quality indicators of quantitative methods are not the quality indicators of qualita-
tive method and require a unique set of indicators to ensure qualitative rigor.1,3,63

Qualitative studies, expectedly, are not completely reproducible in another group of
participants; given the smaller, nonrandomized, purposeful sample sizes and more
personal nature of the data, the data inherently lack unadulterated generalizability.
In qualitative research, bias is virtually inescapable because the analysis relies on
the sensibilities of the analyst, although working hard to be objective; it is through
empathy that coding is signaled. A very messy—very human—but scientifically sound
business!
It is crucial that qualitative research methods consider many of the same quality

standards governing quantitative research, such as the validity (credibility), objectivity
(confirmability), and generalizability (transferability) of the research findings.3 Attention
should also be drawn to the inevitable influence of bias on the relevance and validity of
the study findings.3 The researcher’s personal and professional preconceptions
cannot be entirely negated, but a complete and transparent account of the role and
effect of the researcher at each step of the research process ensures bias can be
accounted for in the interpretation of the study findings.3

Articles should include the relevance of the question and rationale of the approach,
for example, why qualitative and why the particular applications and sampling strategy
selected as well as the principal of saturation. Inclusion of the actual interview guide as
well as information on the analysis (eg, number of coders, multidisciplinary team, the
code structure, and management of divergent cases) is essential information when
reporting the research.64,65 Thus, to ensure rigor, protocols and guidelines have
been presented. The most accepted of these is the COREQ. The COREQ is a
32-item checklist that is used for prepublication in some journals to ensure that
qualitative research has been conducted with utmost rigor.66 The COREQ consists
of 3 domains with several questions under each: (a) the study team, (b) the study
design, and (c) the analysis and findings.66 The first study exploring the Raynaud expe-
rience in SSc demonstrating that current SSc patient-reported outcome measures do
not capture the complex burden on morbidity67 is a clear example of data summariza-
tion formatted for ease of quality evaluation. It is important to recognize that some of
the items are arguably controversial for example, member checking; however, an
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overall guidance for quality assurance is necessary, providing an opportunity for the
team to explain their process.

SUMMARY

The acceptance of qualitative research has been a long road fraught with criticism, but
the scientific community has begun to appreciate the value of the unquantifiable. In
many regards, the comparatively recent emergence of qualitative research methods
in health science research reflects a return to pre-20th century medicine. Then, as
now, clinicians appreciated the huge wealth of information that can be derived from
observing and listening to patients recounting personal experiences of illness and
qualitative research methods provide an important reminder of the complementary
art and science of medicine. Over the course of this century, qualitative research
has provided patients, carers, and health care workers with a greater voice, ensuring
their personal experiences contribute to knowledge development, clinical assess-
ments, and the shaping of future health care services.42
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KEY POINTS

� Similarity Network Fusion (SNF) is a useful analytical tool to group patients together and
understand patient characteristics.

� SNF uses different data types and is therefore helpful in classifying patients when diagno-
ses may be difficult to determine or understand.

� SNF represents a novel computational analytical method that may assist with understand-
ing similarities and differences between patients and extends beyond classification
criteria and working diagnoses.
INTRODUCTION

Systemic autoimmune processes are challenging conditions to diagnosis accurately,
monitor, and treat. Many of these conditions present within the pediatric age range
and can contribute to significant morbidity if not diagnosed promptly and managed
appropriately. Systemic lupus erythematosus (SLE) represents one such condition
that affects 3.3 to 8.8 cases per 100,000 children.1 It is a noncurative disease with
many systemic features that are burdensome to the child and those involved in his
or her care. It is diagnosed using a set of clinical and serologic classification features
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that were officially developed in 1971 but continue to evolve and to be revised.2,3 The
waxing and waning pattern of this chronic disease poses a challenge to those involved
with monitoring its course, since the disease also progresses and symptoms evolve
over time.
Similarly, many autoimmune conditions are diagnosed based on an established

constellation of clinical and serologic features. The broad spectrum of presenting
symptoms within which to identify diagnostic features can pose a challenge in
knowing how to best manage and classify patient diseases. For example, autoimmune
hepatitis (AIH) can present with a combination of fatigue, abdominal pain, weight loss,
anorexia, fever, and jaundice.4 These symptoms are also found in patients with rheu-
matologic disorders such as systemic lupus erythematosus (SLE). In this instance, the
nonspecific features make a clinical diagnosis difficult to achieve.
Immune-mediated diseases can also progress to involve additional organs that would

not classically be attributed to the working diagnosis. Because autoimmune conditions
tend to predispose patients to developing other autoimmune conditions, clinicians may
find themselves wondering whether new organ involvement represents a severe form of
the primary disease or the first presentation of an additional autoimmune disorder. A
better understanding of what the evolving process of such conditions should be and
what should be considered a separate disease entity is necessary. This would enable
more accurate prognostication and explanation to patients and families around the
management of their chronic disease. As an example, the etiology of liver involvement
in patients with SLE represents one of these unanswered challenges.
Initially coined lupoid hepatitis, autoimmune hepatitis (AIH) represents one such

condition.5 Numerous conflicting studies have tried to describe the extent of liver dis-
ease that could be attributed to SLE before its features would be better defined as a
primary liver disease. The conclusion from Runyon and colleagues6 is that liver dis-
ease can be significant in SLE and that a separate entity termed lupoid hepatitis
should not be considered. Gibson and colleagues7 had the opposite feeling and
concluded that liver disease wasmainly subclinical in SLE and that anything more pro-
nounced would correspond to a separate disease entity. A prospective study by Miller
and colleagues8 supported both MacKay’s initial paper and the conclusion drawn by
Gibson and colleagues, finding that only mild liver disease could be attributed to the
spectrum of SLE. The medical advances of the next 2 decades only contributed addi-
tional confusion to the description of what should be considered lupoid hepatitis and
what should be labeled SLE-associated hepatitis (or lupus hepatitis). Little distin-
guishes the 2 clinical presentations to this day.
The difficulty in defining these 2 diseases as distinct entities is that there are more

unifying than dividing features. The clinical presentations, the liver biopsy findings
and the autoantibody profile appear to be interchangeable between diseases.9–16

The same conflicting findings have been evident within the pediatric litera-
ture.14,17–19 Another challenge may be attributed to the fact that these diseases
are diagnosed according to classifications of features determined by consensus
expert opinion.3,20–22

There is the potential for an inherent flaw in defining these diseases based on expert
opinion-driven clinical criteria. Clinically, patients with autoimmune diseases that man-
ifest with multiorgan involvement may receive a diagnosis based on the specialist to
whom they are initially referred. The patient who presents with elevated liver enzymes
and systemic features may be referred to a hepatologist and be given a diagnosis of
autoimmune hepatitis (AIH). The same patient could be given the diagnosis of SLEwith
liver involvement if first referred to a rheumatologist. Both clinicians are challenged
with the task of applying complex predefined classification to best explain the
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patient’s presenting features. Without a clear understanding of the liver disease, clini-
cians are left with an incomplete picture with which to make important decisions that
could affect management.
In order to best address this type of clinical challenge, it is first important to identify

an alternate way of making sense of these patients’ complex constellation of features
outside of current classification criteria. This exercise sets up a paradigm shift of
removing a patient’s working diagnosis and finding an analytical method that would
provide insight into how to more accurately classify patients with immune-mediated
processes. As mentioned, the spectrum of liver involvement in rheumatic diseases
may be 1 such challenge that remains unanswered. Another may relate to whether
certain features at presentation in a patient with a working diagnosis SLE could deter-
mine overall disease progression. Regardless of the clinical scenario posing the
dilemma, thinking about patient features more broadly than the current scope of clas-
sification criteria proposes a more neutral perspective from which to find a solution on
how to better understand these patients.
The analytical challenge with this type of clinical question lies in the need to find a

statistical method that first allows for the integration of multiple different data types.
For instance, patients would need to be characterized and grouped based on clinical
features, biochemical data, imaging features, serologic antibody titers, and liver bi-
opsy information where available. Second, the application of an analysis to the retro-
spective nature of these studies also requires that the statistical method used would
be able to incorporate the maximal amount of data variables available even when not
all patients may have the same information collected.
SUMMARY AND DISCUSSION OF METHODOLOGICAL TECHNIQUE

A computational method known as Similarity Network Fusion (SNF) is a novel
machine-learning method that has demonstrated its capacity for data integration
when different data measurement types are being used simultaneously. It can be
used to better understand diseases.23 Most clustering techniques are more adept
at integrating similar forms of data, either all categorical variables or all continuous.
In this type of clinical dilemma, data are dichotomous, with multiple categories, and
continuous in nature. Therefore, the ideal approach is to use a technique that enables
integration of different data sources into 1 network analysis.
SNF has been shown to successfully integrate patient networks together based on

multiple data types, while maintaining strong connections between patients based on
their individual data types. It subsequently allows for clustering of the integrated
network. SNF also has a built-in method for imputation, which means that one can
use any data available from each patient rather than only the data from patients
with no missing observations.
Application of this analytical tool is performed using the SNFtool package.
In SNF analysis, patients are grouped together based on the similarities shared in

their collected data in the form of a patient network. The construction of this network
is achieved in a 2-step process. First, each data type is used separately to build a
network of patients based on variables belonging to that data type. For example, a
similarity network may be constructed using biochemical data alone, another using
clinical symptoms alone, another using autoimmune features alone. These networks
can be visually depicted through a heatmap made up of multiple cells. Each cell along
the X and Y axis of the heatmap corresponds to an individual patient interaction for the
particular data type analyzed and the higher the similarity between the 2 patients, the
darker the color depicted (Fig. 1). The individual heatmaps or similarity matrices are



Fig. 1. Diagramatic representation of a similarity matrix.
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generated using agglomerative hierarchical or spectral clustering to show the grouped
patient-patient similarity for each data type.
Agglomerative hierarchical clustering looks at each observation as its own initial

cluster and subsequently builds pairs of clusters that are merged as one. The analysis
continues to compare these newly merged pairs of clusters with the subsequent
observation until each observation has been assessed and organized relative to
each other based on how similar or dissimilar it is to the rest of the observations.
The number of groups is then chosen based on some criterion (eg, silhouette statisti-
cal, Dunn index), and groups are formed with more similar patients grouped closer
together and the more dissimilar patients further apart. Patients are aligned along
the X and Y axes in such a way that the diagonal corresponds to each patient being
compared (ie, perfectly similar and therefore depicting the darkest color in Fig. 1).
Different to the agglomerative hierarchical clustering is spectral clustering. Spectral

clustering uses K-means clustering of the first p principal components from the sim-
ilarity matrix to identify K patient clusters. This technique is applied for the second
step of the SNF analysis described next.
In the second step, each of the similarity matrices is integrated into a single network

to identify how patients group together based on all of their provided data. The inte-
gration of the similarity matrices is an iterative process that adds information on the
similarities between patients provided by each data type. This iterative process
sequentially adds the information provided from each data source in order to ensure
that the added value of each additional data source builds upon the previous one. This
allows for the final similarity network to capture the contribution of different data sour-
ces to patient clustering and assist in identifying how the data drive similarities among
patients. In the integrated heatmap (ie, that iteratively added each data type), the
groups are visually depicted using spectral clustering that draws the groups of pa-
tients to the diagonal of the heatmap. Like the individual heatmaps based on each
type of data, the integrated heatmap is also made up of multiple cells, where each
cell on the X and Y axis corresponds to the interaction between a pair of patients.
The stronger the similarity between patients, the closer they are grouped together
and the darker the color shown (eg, Fig. 2).
A strength of this technique as compared with other clustering techniques is that

each data point provided by a particular patient contributes to the network analysis.
As such, this analysis does not solely rely on only variables collected on all patients
to be included in the analysis. For example, even if some patients do not have



Fig. 2. Diagramatic representation of the integrated heatmap.
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recorded data on variable “A” but others do, the information provided on the patients
who do have variable “A” measured can still be included in the final network. Each
data point collected on each patient contributes to the final network. In doing so,
this method provides a more comprehensive view of how to aggregate all of the
data provided by a particular patient and draw similarities and differences among
the patients within the network. Furthermore, this technique has also been validated
as an effective tool when used for small sample sizes.23

A brief review of how other cluster analysis techniques could be used to address the
type of clinical dilemma (eg, latent class analysis, K-means clustering, factor analysis,
principal component analysis [PCA] and classification and regression tree [CART]),
may assist is further supportive the value of SNF as a novel clinical method.
Latent class analysis works most effectively when categorical or dichotomous vari-

ables are primarily used. This method is indicated when trying to classify people into
unmeasured groups based on chosen variables. For example, using this technique
could help to categorize people into different types of travelers, or latent classes,
based on their choice of destinations within the past 5 years. Latent class analysis
is also used when the goal of the analysis is to identify subtypes within a group or diag-
nostic subcategories. In order to be used, latent class analysis relies on the assump-
tion that those within the same class share the same homogeneous set of observed
responses and cannot be distinguished based on these. It also relies on a large num-
ber of cases in order to be used effectively. Although this analytical technique has
some abilities to answer the type of clinical dilemma presented, it appears to work
most effectively when data can be divided dichotomously (eg, yes or no). Because
most retrospective data of patient groups are defined by more than dichotomous vari-
ables (ie, continuous variables) and do not share the same homogeneous set of obser-
vations, latent class analysis may not be an effective technique to objectively cluster
patients based on the available data.
K-means clustering is used to partition a number of observations n into a number of

clusters kwhen you can determine how many clusters to use a priori.24 This technique
is helpful to minimize differences between patients grouped within the same cluster
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while maximizing the differences between patients of different clusters. The limitation
of using this analytical technique is when the number of clusters cannot be determined
a priori.
Factor analysis is used to analyze interrelationships among a large number of vari-

ables and aims to explain these variables in terms of their common underlying fac-
tors.25,26 Usually, the types of variables used in factor analysis are assumed to be
numeric in measurement. Ideally, the sample size should also be greater than 100,
and the number of variables included in the factor analysis should not exceed the
rule of the 10:1. As an example, with a sample size of 100, the maximum number of
variables n included in a model would be 10, so that 100:105 10. Using factor analysis
may limit the quality of the results when the data variables are both numeric and cat-
egorical, when the sample size is relatively small, and when the number of variables
exceeds the desired ratio. Therefore, factor analysis may not be the ideal statistical
analysis in the authors’ suggested clinical scenario.
PCA can be used when a specific pattern within a data set is unknown and also

when the way in which variables may cluster together is unknown. Although it is
used as an exploratory tool for making predictive models, the limitation in using
PCA is that populations studied with greater sample sizes (in the thousands) will
have better success at finding trends within the same data pool.25 It also requires
that each data point used in the analysis be measured for each study participant
and otherwise removed from the analysis. Because retrospective study data in rheu-
matic diseases likely represent a smaller sample size, the aim should be to use a tech-
nique that can maintain as many patients as possible in the study population in order
to allow data integration that would avoid losing important data in generating the
clusters.
CART analysis is equipped to use different types of variables. This cluster analysis

technique is indicated when there is little a priori knowledge of how variables interact.
Decision trees are generated based on the contribution of each subsequent data var-
iable added.27,28 How each data variable leads to the next associated variable is usu-
ally determined based on an outcome of interest (eg, in order to predict a particular
outcome). In the type of clinical scenario described, one is blinded to the outcome
of interest, the final diagnosis, in order to assess how patients objectively cluster
together. This form of analysis is called unsupervised. In this way, CART analysis
would not be a helpful technique to address the clinical challenge presented.
Despite its many strengths and capabilities, SNF analysis is limited by the quality of

the data used to determine patient groups. As such, the insight gained from the final
network results is only as helpful as the quality of the information provided in the anal-
ysis. A measure of the quality of this information is provided by a tool used by the SNF
analysis called calculation of mutual information (calNMI). This measure provides
insight into why the final heatmap appears the way it does and how much each
data type contributes to the final groups.
For example, when looking at patients with immune-mediated liver diseases, it may

be hypothesized that the autoantibody profile will provide a lot of information about
how patient groups are formed. Other types of data included in the analysis may be
clinical features, imaging features, and demographic data. The sequential addition
of information from each individual heatmap generated for the final SNF analysis
can be quantified as a calNMI value. Therefore, if the calNMI value was much higher
for data provided for patient groups that combined clinical features, demographic
data, and antibody profile as compared with the calNMI value calculated from the
data provided from the combined information of clinical features and demographic
data alone, then the hypothesis would be confirmed. The contribution of information



Similarity Network Fusion 291
from antibody profile would largely contribute to how patients group together. If the
subsequent addition of imaging features did not yield a large additional difference in
calNMI value, then it would imply that imaging data did not have a great contribution
to how the patients in the study sample differed one from the other.
SNF presents many strengths when looking at potential clinical applications. First,

it is able to assist with better understanding patient disease by objectively analyzing
collected data and identifying similar groups of patients without the influence of expert
opinion or preconceived notions pertaining to how patients should group together.
Second, SNF has also been shown to generate clusters that are predictive of patient
outcomes and identify which characteristics drive the newly defined patient groups
and thus, a given clinical outcome.23 This can further assist with establishing pre-
dictive models addressing severity of disease and predicting overall outcomes. There-
fore, using SNF analysis becomes helpful as a tool in perfecting clinical understanding
of patients, the behavior of their diseases, and its potential outcomes in terms of
response to treatment, complications, and survival.
The ability of SNF analysis to use each of the data points contributed by each patient

within the study sample represents an important strength when one considers the lim-
itations of missing data with retrospective studies. The literature on controlling for
missing values uses a minimum of 80% of the data available as the preferred cutoff
before potential imputing strategies would lead to too much error within conclusions
drawn.29–31 In the introductory paper on SNF,23 a cutoff of 20% missing data was
also used to have a patient included in the analysis. SNF analysis added considerable
strength to a retrospective data set by allowing each data variable with 20% or less of
the data to be kept in the analytical pool. What this meant practically was that regard-
less of which patient contributed a data point to a certain variable, as long as 20% or
less of the data on a particular variable was complete, then the information could be
included in the analysis. As a result, this analytical tool becomes useful when seeking
that patients contribute as much information as possible to an analytical question
without using methods of data imputation.
Despite its many strengths as an analytical tool and potential for future clinical clas-

sification of diseases, there is some anticipated resistance in seeing SNF becoming a
more largely accepted clinical tool. One clear potential challenge lies in the difficulty in
providing the usual nomenclature and paradigm of statistical significance measures.
Although standard P-value calculation for univariate analysis can be achieved for
the different variables contributing to the patient group assignment, it becomes chal-
lenging to provide the same expected statistical significance calculation for an overall
patient network. One method used to overcome this represents the calNMI value
explained earlier. Another method involves applying a boot-strapping technique to
validate the findings of the network analysis. Further methods may also consider using
regression tree analysis to test the predictive ability of the model with further similar
patients encountered. Regardless of the method used, SNF does require a paradigm
shift in how one thinks about patients and also how one approaches making data anal-
ysis meaningful.
In conclusion, computer-driven methodological analyses like SNF become in-

sightful as one broadens the understanding of how patient diseases may differ from
current understanding and classification. This novel approach to network analysis is
hypothesis-generating and strives to remove any potential (mis)conception of disease
that may be deeply rooted in current clinical frameworks. As physicians become more
familiar with the strength of this form of computational analysis, they will have found
yet another sophisticated tool to addresses some of the limitations of other cluster
analytical techniques and provide a deeper knowledge into how to understand patient
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diseases and predict outcomes. Ultimately, it may allow one to determine nuances in
clinical presentations that up to this point may not have yielded as much insight into
the patient’s overall disease trajectory.
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KEY POINTS

� Randomized controlled trials should follow established methodology and be registered.

� Sample size calculations are based on primary outcomes and possibly some key second-
ary outcomes.

� Meta-analyses provide summary estimates of a treatment effect (benefits or side effects)
across all trials.

� Network meta-analyses allow for comparisons between different treatments, even if they
have not been directly compared in a randomized trial.
INTRODUCTION

This article introduces contemporary ideas and standards for clinical research in rheu-
matology for randomized trials, systematic reviews, and meta-analyses. Various
definitions, trial designs, and illustrations are provided within rheumatic diseases
research.

CONFOUNDING

When treatments are used in clinical practice, there are many factors that influence our
decision to use a particular treatment. In rheumatoid arthritis (RA), for example, the
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selection of a treatment is dependent on patient factors, such as disease activity, as
well as patient and physician preference.1,2 If these variables are also associated with
the outcomes of interest, and are not on the causal pathway, then they are referred to
as confounders. For example, patients with higher disease activity may be more likely
to receive intensive treatment. Simply comparing the treatment outcomes of the
“intensive” versus “nonintensive” groups will be biased, as the patient groups are
inherently different.
Dealing with confounding is perhaps the biggest challenge of clinical research on

interventions. Observational studies address this by measuring and adjusting for po-
tential confounders; however, investigators may be unaware of confounders or they
may be difficult to measure. The strength of randomized controlled trials (RCTs) is
that by randomly assigning patients to groups, they ensure that the patient groups
are similar across potential confounders, both measured and unmeasured. For this
reason, RCTs have been considered the gold standard for evaluating the effects of in-
terventions. RCTs are thought to be higher levels of evidence than nonrandomized/
observational studies (Box 1).3

RANDOMIZED CONTROLLED TRIALS
Randomization

There are necessary procedures required for the conduct of high-quality RCTs.
First, there is randomization, which helps to reduce confounding, by allowing for
chance allocation of patients (subjects) to one treatment or another. The randomi-
zation procedure should not allow for anyone participating in the trial to manipulate
the treatment allocation. Although sealed envelopes can be used, there is a poten-
tial for tampering, and central randomization is now the norm. With central random-
ization, a computer-generated number is given through a central site, often using a
call after a patient has consented and passed the screening of inclusion and exclu-
sion criteria.
Box 1

Levels of evidence (from low to high)

Expert Opinion

Case series

Case-control study

Cohort study

Randomized controlled trial (RCT)
Critically appraised articles
Evidence synthesis (critically appraised topic)

Systematic Reviews
Systematic review of case series, registries, cohorts
Meta-analysis of RCTs
Network meta-analysis of RCTs

Indented items are more recent additions to studies on levels of evidence. This is only a guide,
as some RCTs may be of poor quality and small and some systematic reviews may not include
many studies. A RCT may have stronger evidence than a systematic review of case series.

Data from Walden University Library. Evidence-Based Practice Research: Levels of Evidence Pyra-
mid. Evidence Levels of evidence pyramid. Secondary Levels of evidence pyramid. Available at:
http://academicguides.waldenu.edu/healthevidence/evidencepyramid. Accessed February 6,2018.

http://academicguides.waldenu.edu/healthevidence/evidencepyramid
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Randomization does not need to be a 50/50 chance of treatment or placebo, but
can be varied. For instance, in early-phase trials, there may be several doses of a
drug being tested, and randomization may be every 4 subjects: 3 people on active
treatment (1 person for each dose) and 1 person on placebo, yielding a 3-to-1 chance
of active to placebo.
With completely random assignment of patients, there is a risk that one group will,

through chance, have too many or too few patients. This will not bias the results, but
may lead to a study that is underpowered, particularly when trials have few patients
per arm. For this reason, randomization is often done in blocks. If randomization is
done 1:1 and conducted in blocks of 6, then every block of 6 patients will have 3 pa-
tients assigned to each group. If the first 3 patients are randomly assigned to the first
group, then the next 3 will be automatically assigned to the second. This approach can
potentially lead to study investigators predicting allocation assignment, which would
bias the randomization process. As such, the blocks are typically varied and randomly
chosen (eg, variable block sizes of 4 and 6 patients).

Stratification

For large trials with several sites, randomization may need to be stratified by site or
country to have approximately equal numbers enrolled in the strata if there could be
differences in treatment. For instance, systemic lupus erythematosus trials will have
country differences, as more patients receive background corticosteroids in Europe
compared with North America and conversely North America uses more background
immunosuppression.4 There also may be stratification on an important variable, such
as rheumatoid factor (RF) positivity. This could be the case in rituximab trials in RA, in
which the response to treatment is better if the RF is positive.5,6

Bias

Randomization reduces bias due to confounding, but there are several other potential
sources of bias in an RCT, even when randomization is done well. A selection bias ex-
ists if the population under study is not chosen at random from the target population.
For example, if only adherent patients are randomized, the estimation of the treatment
effect may be biased. This may be due to the adherence itself, or because adherence
is often related to other factors that can impact treatment outcomes. Nonadherent pa-
tients also may lack a reimbursement plan and cannot afford other treatments. Other
types of bias include the following: reporting bias (not reporting negative outcomes),
publication bias (negative trials are less likely to be published and take longer to pub-
lish), or survivor bias (patients doing poorly drop out, which may be different between
groups, such as with more patients in the placebo arm having treatment failure or more
in the active having serious adverse events). There can be analytical or statistical bias
if the patients who drop out are not accounted for. This is especially important in long
trials (such as a 2-year study with D-penicillamine vs placebo in systemic sclerosis)7 or
a study with a mandatory escape if patients are not achieving a certain improvement
before the primary end point, as was the case in an RCT of certolizumab pegol in RA.8

Blinding

Blinding is also known as masking. Blinding is important, as knowledge of the treat-
ment assignment may bias the findings.9 This may occur through influencing the de-
livery of the intervention, follow-up, or outcome assessment. For example, if a
physician knows a patient with RA is in the control arm, the physician may be more
likely to consider a joint tender or swollen, andmore likely to use adjunctive treatments
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allowed by the trial (eg, nonsteroidal anti-inflammatory drugs, corticosteroids) or with-
draw the patient from the trial.
The bias introduced by a lack of blinding can impact any outcome, as it may influ-

ence the delivery of the intervention. However, the anticipated impact of unblinding
also depends on the outcome being assessed.10 Patient-reported or physician-
reported outcomes will be most susceptible to bias. Objective outcomes, such as
radiographic damage, will be less susceptible to bias, particularly if the outcome as-
sessors are blinded. It is important that clinical trials report exactly who is and is not
blinded, as this is important in assessing the validity of the findings.11

There are instances in which blinding is not feasible or unethical. Some studies are
single blinded, where only the subject (or investigator) is unaware of treatment alloca-
tion. In a trial of surgery versus no surgery for knee osteoarthritis, the patient knew
treatment allocation but the assessor was blinded.12 In a trial of autologous stem
cell transplantation in active systemic sclerosis, this treatment was compared with
cyclophosphamide.13,14 Blinding also may be difficult if active treatment has a fast
effect, such as dropping c-reactive protein quickly, such as with several biologics or
if there is a common side effect on active treatment. Often a pharmacist at each
site is unblinded to prepare a drug if it is an intravenous infusion and there may be
another person involved in the trial who sees the laboratory reports for safety but
also to maintain investigator blinding of the inflammatory markers.
In an unblinded trial, it is important to consider the potential impact of this in the

interpretation of the findings. A placebo effect can be quite striking. In 2 RCTs of ver-
tebroplasty for acute osteoporotic compression fractures, investigators went to great
lengths to ensure adequate blinding of patients.15,16 This included the use of sham
procedures, including ensuring patients in the control could smell the same noxious
cement agent. The findings were dramatic. Although prior observational studies had
suggested a large effect from vertebroplasty,17 the RCTs essentially showed no differ-
ence between vertebroplasty and the sham procedure.
In some cases, a trial may be unblinded, but the expected direction of the bias

would tend to support the conclusion of the trial. For example, a recent unblinded trial
compared tapering treatment to usual care in patients with RA who were in sustained
remission.18 The investigators postulated that the lack of blinding would be expected
to result in a greater detection of treatment flares in the intervention arm. Given the re-
sults showed treatment tapering was noninferior to usual care for major flares, the in-
vestigators postulated that, if the trial were blinded, tapering would still be expected to
be noninferior; the direction of the bias is expected to favor the control arm.18

Choice of Comparator

The choice of comparator in an RCT requires careful consideration and can vary sub-
stantially. With new treatments, a placebo comparator is used to ensure the drug has
an effect over no treatment. A placebo has no active ingredients. It is supposed to
look, feel, smell, and taste identical to the active comparator. Some trials have diffi-
culty with a placebo as the active drug, such as a biologic is a protein and slightly
more viscous than the placebo. Alternatively, the control treatment can be an active
treatment, or an add-on to standard of care. RA trials frequently compare with a pla-
cebo, such as in methotrexate (MTX)-inadequate responders in which a placebo is
added to background MTX. Examples of the different types of comparators can be
seen in clinical trials of a recently approved therapy for RA. Trials of tofacitinib have
compared 2 doses of the drug with placebo in MTX-inadequate responders19; tofaci-
tinib monotherapy versus MTX in MTX-naive patients20; tofacitinib added to various
disease-modifying drugs21; tofacitinib used in biologic-inadequate responders22;
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tofacitinib used as monotherapy23; tofacitinib added to MTX; or tofacitinib monother-
apy against an active comparator (adalimumab) added to MTX or in a noninferiority
design.24

Study Design

Most RCTs are parallel where each participant is in one group. Other designs are less
common, such as crossover trials, in which a treatment is allocated and after a certain
time the subject is switched to the other treatment in random order, with or without a
washout. This design has been frequently used in Raynaud trials.25 There are other
types of trials, such as cluster design, where, for example, a geographic area is ran-
domized. A factorial design can be used when 2 interventions are studied (eg, random-
izing patients to rituximab [2 doses] or placebo, and then randomizing also to
concomitant oral, intravenous corticosteroids or both).6 This can allow for comparisons
in more treatment groups and to determine the added effect of another intervention.
Most trials are designed to demonstrate that an intervention is superior to the con-

trol group (superiority). The control in these cases is usually a placebo or standard of
care and the intervention is active treatment or an add-on to standard of care. When 2
active treatments are studied, such as tofacitinib versus adalimumab or baricitinib
versus adalimumab, the design is often noninferiority.26 Noninferiority assumes that
one (new) treatment is no worse than the other (established) treatment. Interestingly,
in the study protocol of the baricitinib versus adalimumab trial, if noninferiority
occurred, there was a hierarchy of analyses to also determine subsequently if superi-
ority of one active drug could be determined compared with the other.26 Equivalence
studies are rare and test that the interventions are indistinguishable from one another.
The latter could be done if one intervention was equivalent but less costly.

Inclusion and Exclusion Criteria

Most protocols have several inclusion and exclusion criteria. Inclusion criteria are typi-
cally based on active disease, the proper diagnosis, and an age range, whereas exclu-
sion criteria are typically based on safety considerations and inclusion of only a
specific population. These criteria can affect the generalizability of the study. Most tri-
als have unnecessary exclusions that also affect the feasibility of enrolling patients.27

Occasionally there is an upper limit for randomizing a certain group of patients. In pa-
tients with RA, those experienced on tumor necrosis factor (TNF) inhibitors are more
difficult to treat (have attenuated responses) compare with those who are TNF inhibitor
naı̈ve. This has occurred in some RA trials, whereby the percentage of TNF inhibitors
exposed was limited to a small proportion, such as 20% to 30% of the total sample
size.28,29

Analyses

The statistical analyses should be written in advance, with the primary and secondary
outcomes and analysis plan outlined. With a randomized trial, the primary analysis is
typically straightforward, as confounding has been addressed by randomization.
However, adjustment for covariates that may be distributed unevenly due to chance
is often done, and may increase the power of the clinical trial. The analysis plan
also should state how missing data will be handled. Sometimes all dropouts are
considered failures even if they are responding but stop a medication because of a
side effect.
For trials designed to demonstrate a difference between trial arms (ie, a superiority

trial), it is standard practice to use an intention-to-treat analysis. In an intention-to-
treat analysis, all patients are analyzed according to the arm in which they were
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randomized, regardless of which intervention they actually receive. This is a more con-
servative approach, and minimizes the chance of a Type I error, concluding there is a
difference when there actually is not. It also ensures greater generalizability of the find-
ings, as all patients are included. There are modified intent-to-treat analyses in which
only patients who receive at least 1 dose of a study drug are analyzed.
In comparison, an on-treatment analysis is typically used for noninferiority trials.30

This again is a more conservative approach, as the intention is to conclude that the
2 treatment approaches are sufficiently similar. Consider a situation in which no (or
very few) patients actually adhered to the intervention. In this setting, the outcomes
of the 2 groups would be the same (or very similar), outside of chance variability.
With an intention-to-treat analysis, one may erroneously conclude that the treatment
approaches are similar.

Sample Size Calculation

When designing a trial, it is important to enroll enough patients so that the results will
either prove or disprove the hypothesis was a sufficient degree of certainty. This is
determined usually at a 95% probability (P 5 .05). The sample size calculation will
depend on the estimated outcomes in the active treatment and control groups, the
randomization approach (eg, 1:1 vs 2:1), and the hypothesis being evaluated. The
sample size is then inflated by, for example, 20% if there are suspected to be 20%
dropouts during the study. There are online calculators for sample size calculations.

Consent

For most trials, a patient is explained what the study involves and signs a consent after
reading a letter of information. This occurs before any trial procedure is conducted. In
these trials, there should not be any treatment administered without consent. Often tri-
als report that full written consent was obtained, but it is more accurate to state that
the trial was explained, questions were answered, and the patient provided written
consent, as it is difficult to ascertain if full consent was obtained due to the compli-
cated letters of information in trials that are now routinely more than 15 pages
long.31 There are rarely studies whereby consent may be waived. Examples include
emergency situations in which patients are unable to consent and receive 2 different
standards of care (which is not the case in rheumatology trials), or with certain cluster
randomized trials in which all the patients in a region receive a type of care compared
with another region in which the care would be considered routine or standard.

Trial Quality

The quality of clinical trials can be assessed using a number of approaches. The
Cochrane Risk of Bias tool is commonly used.10 With this approach, reviewers rate
the risk of bias of a randomized trial as “high,” “unclear,” or “low,” across several
different domains (eg, random sequence generation, allocation concealment). An
overall judgment regarding the risk of bias also can be made. Other scales for rating
the risk of bias also exist. With the Jadad scale, trials are scored out of 5 based on
randomization (up to 2 points), blinding (up to 2 points), and how dropouts are
analyzed (1 point).32

Registration of Trials

Most RCTs will not be published if they have not been registered before the conduct of
the trial. This is a way to check that the reporting of trials follows the analysis plan. A
common site to register a trial is ClinicalTrials.gov.

http://ClinicalTrials.gov
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Ethical Considerations

A clinical trial is a special circumstance, and there may be ethical considerations. Tri-
als should be large enough to demonstrate a true effect if there is one, but not so large
that more patients are exposed to unnecessary harms or to ineffective treatment (the
latter in the placebo arm). Overpowering of trials is common in RA treatment trials.33

This may be done partially to determine if secondary outcomes are different between
the treatment groups (such as American College of Rheumatology 70% (ACR70)
response criteria), or to do subset analyses (eg, TNF inhibitor failures vs TNF inhibi-
tor–naı̈ve patients in RA trials or MTX users vs nonusers in psoriatic arthritis trials).33

Phases of Trials

New therapeutic agents typically progress through multiple stages of clinical trials.
Phase I trials are dose ranging and often conducted on healthy volunteers looking
for major safety signals. Phase II is conducted on patients and tries to determine effi-
cacy and studies safety and side effects. Phase III is large and tries to determine pre-
cise effect on efficacy at a specific dose or doses and safety. These are larger trials
and the drug is assumed to have a positive treatment effect. Phase IV studies are after
a drug is approved (post marketing) and may study longer-term benefit, other side ef-
fects, and possibly study other populations (eg, with more comorbidities, other back-
ground medications).

SYSTEMATIC REVIEWS AND META-ANALYSES OF RANDOMIZED CONTROLLED TRIALS

The goal with a systematic review is to answer a specific research question by sum-
marizing all relevant literature. For questions related to effects of interventions, sys-
tematic reviews are often limited to RCTs. After identifying all relevant existing
literature, the included studies are then critically appraised for their quality and rele-
vance to the clinical question. If the studies are of sufficient quality and similarity in
their methods, then the results of the studies can be pooled in a meta-analysis to
determine a summary estimate of the treatment effect for any outcome.
When the trials are pooled in a meta-analysis, the main assumption is that any effect

modifiers are balanced across the trials. An effectmodifier is any variable that affects the
relative effects of 2 treatments. This is important to distinguish fromprognostic variables
that impact the absolute probability of an outcome, but do so equally to both treatment
arms. For example, patients with higher disease severity will typically have worse out-
comes. Disease severity will be an effect modifier only if the difference in outcomes be-
tween 2 treatments (treatment effect) varies with disease severity. If effect modifiers are
not balancedacross the trials, there is said to beheterogeneity. For instance,MTX-naı̈ve
patients should bemore treatment responsive than thosewho have failedMTX or a pre-
vious biologic. These groups are typically analyzed separately in meta-analyses.34–36

Evaluating the trials for potential heterogeneity is a critical step when deciding
whether to pool trials and requires knowledge of the disease and condition, as well
as application of common sense. Trials should be sufficiently similar in their design,
such that potential effect modifiers are similar across trials and a pooled estimate
could be sensibly applied to the target population. Statistical measures, such as I2,
can be used to compare the variability of results between trials to gauge how likely
any observed variation was due to chance.37 Although these tests are useful, it is
essential not to rely on them exclusively for deciding whether to pool trials.10 To illus-
trate this, consider an extreme example. Suppose American College of Rheumatology
50% (ACR50) response criteria were similar between a trial of a TNF inhibitor in pa-
tients with RA and another trial in patients with psoriatic arthritis. If these studies
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were pooled, the statistical heterogeneity would be low. However, it is clearly not
appropriate to pool the results, as the summary estimate would not be meaningful.

NETWORK META-ANALYSIS

Amajor challenge with a traditional meta-analysis is that the trials often do not address
the clinical questions in which we are interested. Trials often compare treatments to
placebo, whereas we are interested in the comparative benefits and harms between
active treatments. Even if trials with an active comparator have been performed,
they are typically fewer in number than the placebo-controlled trials and, like any trial,
may have important biases. Thus, relying solely on these active-controlled trials also
may not provide the best estimates of the underlying true treatment effects.
Network meta-analyses provide a mechanism for considering the entire body of

available evidence to make comparisons between all treatments of interest.38 They
consider both direct evidence (head-to-head trials) and indirect evidence to provide
comparisons between any 2 treatments. Indirect evidence exists when 2 treatments
have not been directly compared with each other, but have both been compared
with the same treatment (eg, placebo). Longer chains of indirect evidence are also
possible if there is more than 1 treatment linking the treatments (eg, trials of A-B,
B-C, and C-D providing indirect evidence between treatments A and D). A network
meta-analysis considers the entire body of evidence to provide comparisons between
all treatments. As such, their use has been growing in popularity.

ASSUMPTIONS AND POTENTIAL BIASES WITH NETWORK META-ANALYSIS

The main theory underlying a network meta-analysis is a logical argument. If we know
the true treatment effect for treatment A compared with treatment B, and treatment B
compared with treatment C, then we know the true treatment effect of treatment A
compared with treatment C. Error introduced in themeasurement of the true treatment
effects, either systematic or random, may bias the results, but this is a limitation of any
study or meta-analysis. Minimizing the potential biases of a network meta-analysis re-
quires an understanding of the assumptions required.39

The main assumption made when pooling trials in a traditional meta-analysis is that
any effect modifiers are balanced across the trials. The additional assumption with a
network meta-analysis is that the effect modifiers are balanced across different com-
parisons.40 There are 2 possibilities in which this is true. First, effect modifiers may be
balanced across all studies, regardless of the comparison made. In this case, the het-
erogeneity of any traditional meta-analysis would be low, and a network meta-analysis
will yield unbiased estimates. In the second case, the effect modifiers are somewhat
unbalanced in the direct comparisons, but the imbalance is similar across different
comparisons. In this case, there is heterogeneity within each direct comparison, but
because it is similar across comparisons, the estimates in a network meta-analysis
will not be subject to any additional biases other than those required in pooling the
direct evidence. If the studies in the direct comparisons were judged to be appropriate
to pool, then it would be equally appropriate to perform a network meta-analysis.40 An
example of a network meta-analysis after treatment with MTX in RA was recently pub-
lished to determine the relative ranking of several post-MTX treatment possibilities
that have been studied in RA.36,41

The final case is one in which the effect modifiers are unbalanced across the direct
evidence for different comparisons.40 For example, if disease activity was an effect
modifier and trials of treatment A and B were performed in patients with low disease
activity, and trials of treatments B and C were performed in patients with high disease
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activity, then pooling the comparisons would yield biased estimates for a comparison
of treatment A and C. In this case, there is said to be inconsistency or intransitivity in
the evidence, as the indirect evidence would differ from a direct head-to-head trial of
treatments A and C.

SUMMARY/DISCUSSION

This article demonstrates new ideas in the conduct of RCTs, meta-analyses, and
larger systematic reviews, such as network meta-analyses. The design of these
higher-order studies has changed and continues to evolve as comparative statistical
tests and standards vary. Illustrations with respect to rheumatology provide examples
of types of RCTs and systematic reviews.
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“Big Data” in Rheumatology
Intelligent Data Modeling Improves the
Quality of Imaging Data
Robert B.M. Landewé, MDa,b,*, Désirée van der Heijde, MDc
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KEY POINTS

� Signal-to-noise ratio is a valuable concept in imaging to describe warranted effects
(change, signal) in relation to unwarranted erratic effects (noise). For most imaging tech-
niques, signal-to-noise ratio is poor.

� In cohort studies and trials, precautions are taken in the process of obtaining and scoring
images to avoid spurious (biased) results. These precautions include protocolled image
acquisition, use of multiple readers, and concealed (random) time order.

� Imaging studies in trials and long-term extension studies thereof and in observational
studies often include different read sessions. These read sessions may include different
time points, so that the same time points of each patient are scored multiple times by
different readers and in several read sessions.

� Multilevel longitudinal data analysis making use of all individual data of all read sessions
may account for correlated data at different levels, assures optimal data usage, and
may lead to increased precision and statistical power.
INTRODUCTION

Imaging is an integral part of studying the course and outcome of inflammatory dis-
eases in rheumatology. The topic is broad. Imaging may help to get an impression
about the activity of the disease at a certain point: assessment of disease activity.
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Landewé & van der Heijde308
But imaging data may also visualize and quantify the consequences of chronic inflam-
mation over time: assessment of structural changes. In terms of outcome measure-
ment, disease activity (and imaging data reflecting it) is volatile and reversible and
therefore considered a process measure, whereas structural change is permanent
and (largely) irreversible and therefore considered an outcome measure.
Imaging may be used in studies for many reasons: in randomized, controlled trials

(RCTs) to investigate some aspects of tested drugs, in observational studies to inves-
tigate predictive associations and disease outcomes, or in studies investigating the
pathophysiology of a disease.
It is good to realize that the term imaging entails the technique itself and a (quanti-

fying) score reflecting the result. Both technical factors (equipment and technicians,
processing of images) and factors related to scoring (methodologic factors) determine
the quality of the imaging product (usually a score).
These scores are sensitive to many disturbing factors. In clinical practice, the merits

of the technique are often overstated (“the new technique is highly sensitive”), and the
limitations regarding reliability are downplayed. In clinical studies, there is more appre-
ciation for methodologic fallacies and for analytical requirements. This article de-
scribes integrated analysis of imaging data as an example to better deal with
imaging data against a background of well-known and inherent methodologic fallacies
of imaging.
CONCEPT OF SIGNAL-TO-NOISE RATIO

Signal-to-noise ratio is a scientific concept used in electronic engineering that com-
pares the level of a desired signal to the level of background noise. Used metaphori-
cally, it may refer to the ratio of useful information over false or irrelevant data, for
instance, in the interpretation of imaging results (or other clinical assessments). It is
obvious that imaging data, such as data on radiographic progression in patients
with rheumatoid arthritis, combine useful data (the signal) and irrelevant data (the
noise). Imaging data classically have a rather poor signal-to-noise ratio for several rea-
sons. Here are described 3 sources of imaging variability using an example of radio-
graphic progression in rheumatoid arthritis (RA).
The measure of radiographic changes, scored on consecutive radiographs of hands

and feet obtained from patients with RA, is currently considered the regulatory stan-
dard for proving if a new drug has the ability to slow or stop the occurrence or progres-
sion of structural changes.1 Abnormalities (erosions, joint space narrowing) are subtle
and equivocal (judgmental), and changes over time are even subtler. This situation re-
quires optimal imaging quality and consistent quality over time for proper comparison
and interpretation. Subtle changes in positioning, exposure, windowing, and others
(noise) may jeopardize a proper interpretation, and changes that are caused by tech-
nical flaws can easily be interpreted as true changes (signal). This type of noise can
hardly be distinguished from true signal. In the context of a randomized clinical trial,
it is to be expected that technical noise is a random process that works similarly in
both treatment arms and that the true treatment effect (the nominator of the signal-
to-noise ratio) is not affected. But random variation (noise) will still affect the denom-
inator of the signal-to-noise ratio, and thus the statistical power to detect a difference
between treatment arms. It is obvious that in uncontrolled observational studies, the
effects of noise are not erased, and expectations of readers about the most probable
(or wished) change may influence the interpretation of an imaging result (expectation
bias). Examples in the rheumatologic literature (with commercial connotations) are
paramount but not always recognized.
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In addition to technical noise, there is random variation invoked by the reader who
judges the images and provides a score.2 The random variation is best visualized by
test-retest experiments in which the same reader scores the same images twice
without notice. Such experiments consistently prove that 80% to 90% of the vari-
ability in scoring observed between cases constitutes true variation between pa-
tients but 10% to 20% of it is owing to random (intrareader) error. Intrareader
variability affects the denominator and deflates the signal-to-noise ratio.
A third source of variability is interreader variability.2 Two readers who provide a

change score on a pair (2 time points) of radiographs in the same patient hardly, if
ever, arrive at exactly the same result. Readers may be conservative (they only score
change if they are very certain) or sensitive (they score change already at a far lower
threshold of certainty), and even if similar personalities are paired, results may differ
substantially.
Technical variability, intrareader variability, and interreader variability are different

sources of variability. They are hard to distinguish but together constitute a signifi-
cant level of noise compared with an often subtle true signal. This situation compli-
cates the statistical detection of a treatment effect in an RCT. In fact, this means
that the interpretation of an imaging result (either in a single patient in clinical prac-
tice or in a group of patients in an RCT) should always include a proper consider-
ation of the signal-to-noise ratio. In practice, this belief is sharply at odds with the
common clinical belief that an imaging result is the product of technical innovation
and should therefore gain more credit than any type of clinical data. The uncon-
tested expansion of ultrasound scan in clinical rheumatology testifies to such a
belief.

METHODOLOGIC PRECAUTIONS TO CONSTRAIN THE EFFECTS OF NOISE

Statisticians working for regulatory bodies (more than clinical researchers) are well
aware of the inherent shortcomings of imaging data. They have implemented a set
of measures aiming at a better elimination of the effects of noise in the interpretation
of drug effects. Below are measures that aim at avoiding the spurious effects of noise
in clinical trial settings.

1. Images should be obtained under protocolled conditions. These protocols pre-
scribe standard procedures to be used all over the world to avoid too much tech-
nical noise. This is one of the reasons that radiographic progression—although
being a rather old-fashioned technique compared with MRI, ultrasound scan,
and positron emission tomography—is still the regulatory standard for measuring
radiographic progression in RCTs.

2. Images should be scored by at least 2 readers. This procedure (and derivations
thereof) can be considered an elaboration of the central limit theorem stating that
the average of scores of multiple readers gives a more truthful representation of
true change than the score of 1 incidental reader.3 It likely gives a better approxi-
mation of the truth and provides better insight into interreader variability that can be
assessed by reliability statistics (intra–class correlation coefficients, k statistics,
and smallest detectable change).2

3. Images should be scored double blindly. Double blind means that readers
not only are blind to the treatment allocated to a patient in an RCT when
they score the images, but also that they are not aware of the time order of
the images that they see on their screens. Although this latter requirement
effectively avoids expectations (eg, wishful thinking) influencing the change
score, it may be at the cost of the strength of the signal. We know that reading
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with known time order results in the detection of more change while not
increasing bias.4

Many have asked why only imaging is subjected to these rigorous precautions, as
clinical assessments may suffer similar limitations if not worse.5 This finding is true,
and there are many explanations (eg, feasibility), but for the purpose of this article, it
suffices to state that these precautions importantly add to the credibility of imaging re-
sults of clinical trials.

CURRENT IMAGING PRACTICE IN STUDIES

Sponsors developing new treatments in a particular chronic disease and clinical re-
searchers following up with a prospective cohort of patients usually do not want to
wait 5 to 10 years before they can analyze their results. They rather split these analyses
up into different parts, usually with a different main aim. A sponsor, for instance, is
interested in a timely approval of their new drug and wants imaging data to be avail-
able at the shortest time interval that is still acceptable for regulatory authorities. In our
example of radiographic progression in RA, that interval is usually after a follow-up of
at least 6 months. For this purpose, images are read in so-called read sessions (or
campaigns), in which 2 time points (random time order unknown to the reader) are
compared in 1 session. An analysis of this time interval may serve then to approve
a particular new drug if it proves superior over placebo or an active comparator drug.
But trials and cohort-studies usually do not stop after the first interval. and additional

study questionsmay arise and provoke subsequent read sessions (eg, maintenance of
effect).
A subsequent read session is always considered a standalone, which means that

every subsequent read session will not only include the latest (new) time point, but
also a re-read of one or more previous time points. This is also not an unusual practice
in observational cohorts of patients. Because of constraints in time and resources, 1 or
more time points are frequently excluded in later read sessions. Of note, such a pro-
cedure may occur several times in a trial or a cohort study, providing a multitude of
data exploring different time points per reading session, as seen in Table 1. All scores
have been obtained under the same conditions, namely, concealed time order and
concealed treatment allocation. Also, because of limitations in the availability of
readers over a significant period, readers may differ across (usually not within) read
sessions. This means that often in 1 study database, data of different read sessions
spanning different timeframes, sometimes including different readers, are available
(see Table 1; Table2).
Table 1
Example of a study with 200 patients starting at baseline and followed up for 36 months and
the planning of 4 read sessions, each including different time points

Time Point

Read Session Baseline 6 mo 12 mo 24 mo 36 mo

First (R1, R2) X X — — —

Second (R1, R2) X — X — —

Third (R1, R2) X X — X —

Fourth (R2, R4, R5) X — X — X

Patients in study 200 200 150 100 75

Abbreviation: R, reader.



Table 2
Comparison of the number of scores to be analyzed between a conventional completers-only
analysis and a 3-level integrated analysis approach using the patient numbers and the read
sessions from Table 1

Type of Analysis

Time Point

Baseline 6 mo 12 mo 24 mo 36 mo

Completers-only analysis with
constructed scores

200 scores X 150 scores X 75 scores

Three-level integrated analysis
using all data

4800 scores 800 scores 900 scores 200 scores 225 scores

Constructed scores: aggregated score per time point based on a decision rule (eg, mean readers’
score).
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ANALYTICAL DILEMMAS

Investigators have to make a decision about which read sessions to choose for a
particular study question. Because the availability of the last time point usually deter-
mines the choice for a particular read session, data of previous sessions will usually be
ignored (intentional data loss), and the choice of the read sessions is based on the
argument that a particular time point score is only present in the last read sessions.
While such a choice is completely rational from a logistic standpoint, it implies a pref-
erence and introduces a well-known bias that from the principle of methodologic rigor
would preferably be avoided: bias by study completion.
A second dilemma that leads to intentional data loss is the use of decision algo-

rithms. Often, investigators rely on consensus among readers. For instance, in case
of discrete decisions (positive vs negative) the final verdict is based on an “at least
2 out of 3” decision rule. Such a consensus decision may add to the truthfulness of
an individual patient’s score, but also ignores the score of the deviating third reader,
thus ignoring one source of reader variability. Theoretically, it will depend on the type
of study and the research question whether the advantage of a better estimate of the
signal will outweigh the disadvantage of ignoring part of the noise. By any means,
appreciating full data will be fairer, because it is less influenced by guided decisions.
We have built the argument that imaging data are not free of bias and uncertainty.

And we have argued that—appreciating the different sources of bias that may play a
role in obtaining imaging scores—it may be preferable to use asmuch data as possible
in obtaining the best estimate for an imaging result (or a derivative of that such as a
change score). In the absence of a proper gold standard, the best estimate of the truth
will always be the aggregated mean score, appreciating the conditions under which
these scores have been obtained.
The final argument to mention is the argument of statistical power. Imaging change

scores are often subtle compared with clinical change scores, jeopardizing statistical
power to detect small effects. Statistical power is among others dependent on sample
size, and using as much data as available will add to it (this is an important argument
used by big-data protagonists) even though we are dealing with repeated assess-
ments in the same patients.

AGGREGATING DATA

The simplest way of aggregating data is to combine all available data of all different
read sessions and calculate grand mean scores irrespective of data correlation.
Such a procedure, although statistically powerful, is fallible for several statistical
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principles regarding correlated data andmay yield spurious results. Different read ses-
sions of different time periods should be considered independent studies within the
same study. There are many reasons for this. Readers may score patients differently
when they are confronted with 4 instead of 2 time points. Different readers may score
the same patient differently. Readers may score differently 5 years earlier than today,
for example. In addition, 1 session may include 2 time points (eg, baseline and month
6), whereas a second session may include one other time point (eg, baseline and
month 12, but not month 6).
Still, when aggregating the data, the dataset should statistically be considered as a

dataset of correlated data (statistical dependence), and precautions should be taken
to adjust for correlated data to avoid spurious results.
Different levels of correlation can be distinguished:

1. The first level of correlation is the level of the patient. This means that a patient’s
score on month 6 can be largely predicted by knowing the same patient’s score
at baseline (and vice versa). In conventional analyses, this type of correlation is usu-
ally adjusted for by simply applying change scores over time (subtract the score at
baseline from the score at 6 months to obtain the 6-month change score). In longi-
tudinal statistical models with time as a covariate (see later discussion) change over
time is analyzed by obtaining the parameter estimate (regression coefficient) for the
covariate time while adjusting for within-patient correlation.

2. The second level of correlation is at the level of the reader. Different readers
scoring the same set of images may still arrive at different scores. Although
part of this variability can be considered random, the same reader will repeatedly
apply the same rule with her own interpretation and will consistently do that in
different patients and in different read sessions. A good example is a sensitive
reader, who interprets equivocal changes as real changes and scores them
accordingly, versus the conservative reader, who only scores changes if they
are “crystal clear.” Sensitive and conservative are terms that reflect readers’ at-
titudes, like personality traits, and can be recognized across different studies. In
conventional analysis, the spurious effects of between-reader variation are usu-
ally eliminated by taking the mean readers’ scores in computations. In longitudi-
nal models, these mean scores can and usually will be used for modeling the
data, but one may choose to model the individual reader’s scores separately
and approach the problem as a 2-level model.

3. The third level of correlation is the level of read session. Obviously, there is a high
level of statistical dependence across read sessions because they include the
same patients and part of the same time points. Still, as argued above, it is different
to score 4 sets of images from one patient compared with only 2 sets, and these
differences are indeed reflected in (subtly) different scores. In addition, read ses-
sions may be performed several years apart, and the same reader may have
increased experience or may have slightly changed her attitude toward scoring
changes. The argument becomes entirely clear if over time different readers have
been used. Many imaging studies have been analyzed using longitudinal models
appreciating the first 2 levels of correlation. But until recently, we have not seen
models in which the effects of variability at the third level have been taken into
consideration. However, the practice of the investigator making a convenient
choice of analyzing only the read session that includes the time points of main in-
terest (often the latest time point) is still most common. It can be argued that this
practice leads to unwarranted loss of information, whereas the presence of sophis-
ticated models allows the handling of all available data at once.
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MULTILEVEL SOLUTIONS

Longitudinal data analysis implies the proper handling of correlated data to avoid
spurious estimates of the effect size (eg, mean change) and variability (eg, 95% con-
fidence interval [CI]). Essentially, 2 types of models are available for analyzing longitu-
dinal data with a multilevel template such as described in this report. Thesemodels are
generic models, widely available in popular statistical software that is used in industry
and academia and can be used to analyze all kinds of longitudinal data. The applica-
tion propagated here is absolutely not new, as it stems from work in social sciences,
econometrics, and education (in which multilevel approaches are paramount). In lon-
gitudinal clinical studies, however, multilevel databases are sparsely applied, probably
because of interpretational problems. Clinical studies, such as RCTs, focus on fixed
effects (eg, the effects of a treatment on an outcome), whereas multilevel studies
rather describe (or at least adjust for) random effects (here: effects in a subgroup of
patients, effects per read sessions, effects per reader).
The 2 types of modeling that exist are:

1. Generalized estimating equations (GEEs) modeling allows for the correlation be-
tween observations without using a particular likelihood for the model that explains
the origin of the correlations (correlation structure, or variance-covariance matrix).6

In fact, GEEs allow the analyst to specify one overall working correlation structure
that should suffice across all levels of correlation (eg, 3 levels of correlation). It is
therefore rather simple but potentially more sensitive to wrong choices. GEE is
said to be most suitable when the investigator is interested in the average response
of the population (here: the mean group change over time) rather than in the regres-
sion parameters that enable the prediction of effect in a particular subgroup of the
population. At first glance, GEE seems less suitable for imaging data with a struc-
ture outlined in this report (3 levels of correlation).

2. Generalized linear mixed models (GLMMs) are well known in rheumatology
because they allow the proper handling of correlated data, which are so inherent
to follow-up studies in patients.7 These models are also known asmultilevel models
or mixed models and are sometimes impurely referred to as random-effects
models. GLMMs include random effects in the predictor-function, which may
help getting insight into the origin of correlations and predict estimates in individual
patients or subgroups of patients with a particular baseline characteristic (predic-
tion analysis). GLMMs are computationally far more complex than GEEs, and, un-
like GEEs, require the specification of several correlation structures.
EXAMPLES OF 3-LEVEL INTEGRATED ANALYSIS

We have applied integrated 3-level longitudinal data analysis, spanning different read
sessions, using different readers, in 2 studies with multiple read sessions in 2 cohorts.
The first cohort was a database with clinical trial data of 2 clinical drug trials (adali-

mumab), and open-label extensions thereof, spanning 7 read sessions (10 years) of
1 study and 6 read sessions (10 years) of the second study.8 Both studies analyzed
radiographic progression in patients with RA. Both started as drug-registration trials
and were extended to 10 years of follow-up. The data were integrated using a 3-level
GLMM. The results of the integrated 3-level approach were compared with the results
of the conventional 10-year completer’s analysis. In general, main effects were not
different regardless of the method of analysis. GLMM using all read sessions, how-
ever, allowed us to draw reasonably robust conclusions on subgroups of prognostic
interest despite rather low numbers of patients per subgroup.
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The second (inception) cohort-study delivered data from a nationwide French study
(DESIR) including patients with chronic back pain suggestive of axial spondyloarthritis.
The main question underlying this prospective cohort study was whether inflammation
of the sacroiliac joints measured by MRI would eventually lead to radiographic
changes measured on pelvic radiographs, and this question has been solved appro-
priately using conventional analysis.9 But the study also included 3 subsequent read
sessions with multiple readers for MRI and different readers for pelvic radiographs.
All read sessions included baseline, but the other time points were covered by
different read sessions. Changes over time in MRI and radiographic sacroiliitis were
analyzed by GEEs (linear and dichotomous scores) as well as GLMMs (linear scores),
and included a comparison between the integrated analysis, a conventional com-
pleters analysis with individual readers scores, and a completers analysis with com-
bined readers scores based on decision algorithms. The main findings in this study
were that effect sizes (parameter estimates) depended somewhat on the method cho-
sen, as were estimates of variability (here: 95% CIs). But the signal-to-noise ratio was
not affected importantly.10 The biggest advantage of the integrated analysis
compared with the completers-only analysis (with or without decision algorithms)
was that available data were used far more completely and in an entirely
assumption-free manner, without losing precision. An additional benefit observed in
this analysis was that associations with rare findings (ie, only occurring in a few pa-
tients) obtained more robust (narrower 95% CIs) estimates using the integrated anal-
ysis than one of the completers analyses, suggesting that for rare events as many
observations as possible are required.
THE PLACE OF INTEGRATED ANALYSIS IN THE INTERPRETATION OF IMAGING DATA

Should integrated longitudinal data analysis become the standard for analyzing imag-
ing data in rheumatology? This is not an easy question because it involves issues of
precision and issues of feasibility, which may easily conflict. From a standpoint of sci-
entific rigor, integrated analysis should be preferred mainly for theoretic reasons. We
plea for the use of all available data, because any decision or choice regarding the us-
ability of particular data sets implies a potential bias, and convenient data are more
likely to be chosen than inconvenient data. An assumption-free analysis that includes
all data that have once been obtained conveys greater credibility than a dataset that
has been selected based on investigators’ preferences.
However, the clinical audience will not easily understand integrated analyses. It will

be relatively easy to convince statistical experts of the merits of integrated analyses,
but clinical consumers will more likely rely on analyses that they understand rather
than on data that reach them in statistically manipulated manners. The phrase that
statisticians may “torture the data till they confess” stems from clinicians that are sta-
tistically illiterate and therefore mistrust statistical methodology.
This argument extends to reviewers of articles in the review process of scientific pa-

pers submitted to our scientific journals. Very few reviewers are able to scrutinize ar-
ticles built by statisticians, and many of these articles will be mistrusted and rejected.
We are believers of the dictum that data should be presented comprehensibly to

clinical readership. Still we think that integrated analysis should have a place in the
objective interpretation of imaging data from RCTs, long-term extensions thereof,
and clinical cohort studies. Therefore, we do not plea for refraining from conventional
analysis of imaging data, but rather recommend to use conventional analysis and in-
tegrated analysis side by side, to make optimal use of all available data without facing
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the risk that results are too biased by choices based on expectations, beliefs, and
wishful thinking.

SUMMARY

Analysis of imaging data in rheumatology is a challenge. Reliability of scores is an
issue for several reasons. Signal-to-noise ratio of most imaging techniques is rather
unfavorable (too little signal in relation to too much noise). Optimal use of all available
data may help to increase credibility of imaging data, but knowledge of complicated
statistical methodology and the help of skilled statisticians is required. Clinicians
should appreciate the merits of sophisticated data modeling and liaise with statisti-
cians to increase the quality of imaging results, as proper imaging studies in rheuma-
tology imply more than a supersensitive imaging technique alone.
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Strategies for Dealing with
Missing Accelerometer Data
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KEY POINTS

� Missing data poses a threat to the validity, reliability, and generalizability of data from
physical activity trials.

� Consideration for the type and amount of missing data is necessary to select appropriate
imputation methods.

� Multiple imputation should be used to replace missing physical activity data because it
has been shown to give the most unbiased estimates.
INTRODUCTION

Participation in recommended levels of physical activity has been associated with
important clinical outcomes in youth and adults with rheumatologic conditions, such
as improved physical function, joint pain, disability, and overall quality of life.1–4 Yet,
youth and adults with rheumatologic conditions are highly inactive.1–3,5 It is necessary
to understand the optimal dose of physical activity to understand and measure its ef-
fect on health in youth and adults with rheumatologic conditions. Accelerometry, an
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objective and unobtrusive method for determining physical activity patterns, has
proven a valid outcome measurement tool that overcomes many of the methodologic
limitations of subjective methods (eg, self-reports), such as recall bias.6,7 Despite
quality control methods a particular challenge to physical activity measurement with
accelerometers is missing data.
Missing data is a universal measurement problem that threatens the integrity of

study results by calling into question the interpretation, reliability, and generalizability
of the findings. Regardless of the outcome measurement tool used, missing data can
introduce bias and challenge the interpretation of study findings. Accelerometer
missing data poses a unique problem, however, because many times partial data exist
for the participant involved in the study. For example, data may be missing for a po-
sition of the day (eg, a participant took off the monitor for a brief period) or entire
days of data may be missing (eg, 2 out of 7 days).
To properly address missing data it is important to differentiate between the mech-

anisms of missingness that one may encounter, because imputation strategies to deal
with missingness are dependent on the mechanism. According to Little and Rubin8

there are three mechanisms of missing data: (1) missing completely at random
(MCAR), (2) missing at random (MAR), and (3) not missing at random (NMAR). Data
considered MAR suggest that the pattern of missingness is systematically related to
some unobserved characteristic of the missing variable.8 To classify missing data
as MCAR, it must be established that the missingness is completely unrelated to
the variables that are being studied.8 Thus, the proportion of the total sample with
missing data cannot be differentiated from the sample with complete data. Finally,
NMAR is designated when the missingness is neither MAR nor MCAR, or the reason
for the missing observations is related to the unobserved outcome.
In this article we describe the problem of missing data in the context of conducting

research involving the measurement of physical activity via accelerometry as an
outcome. We describe the different statistical approaches that have been used, and
describe the benefits and detriments of each of the statistical approaches with consid-
eration given to the missingness mechanism.
PHYSICAL ACTIVITY OUTCOME MEASUREMENT AND DATA PROCESSING

New technologies have been developed to more accurately measure physical activity
at the individual and population level in an objective manner. The accelerometer, one
such technology, has gained popularity as an objective outcome measure of physical
activity that allows the user to derive time stamped and sequenced data on body
movements in real time while the subject is in their own environment. Many studies
use accelerometers to capture and describe physical activity behaviors, from quanti-
fying time spent in varying intensities of physical activity to describing patterns of
physical activity, such as weekdays versus weekends in varying populations. Acceler-
ometry has proven to be a valid and reliable measure of physical activity measurement
in healthy children and adults.7,9–11 Quality control and data reduction procedures
have been developed to enhance robustness and validity of data captured from the
accelerometer.12 For example, decision rules, algorithms, and methods to identify
nonwear periods and spurious data have been established and some have been incor-
porated into software packages.13,14

Strategies proposed to process data from accelerometers including wear time algo-
rithmsand valid days analysis introducebias, and limit the generalizability of the findings
and comparability between studies.14 In a recent narrative review with commentary on
the methodology of prospective observational studies determining the relationship
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between physical activity levels determined by accelerometer and risk profiles, mea-
surement problems stemming from missing data were highlighted.15 The reviewers
highlighted the inability to compare results between studies because of each study us-
ing different definitions of wear time (eg, the number of days and hours per day of moni-
toring required).15 A lack of harmonization resulted in different amounts of missing data
between the studies thereby changing the interpretation of the study results.15

Analyses that Include Only Complete Data May Lead to Inaccurate and Biased Results

For example, in a retrospective analysis of accelerometer data available from the
2002 to 2003 National Health and Nutrition Examination Survey differences in demo-
graphic and biologic characteristics of participants who provided valid accelerometer
data and invalid accelerometer data were explored.16 Data were considered valid if 4
or more days of 10 or more hours were available. Those with invalid data between
the ages of 20 and 59 years were more likely to have higher body mass index,
less likely to be a non-Hispanic white, and less likely to have a high school diploma.16

Furthermore, those with invalid data were more likely to smoke and to do street
drugs and reported a greater number of days inactive because of poor health.16 Car-
diovascular risk factors, such as low high-density lipoprotein and C-reactive protein,
were also different in those with invalid compared with those with valid accelerom-
eter data.16 Findings from this study suggest that bias may be introduced when
excluding accelerometer data from the analyses resulting in a change in the interpre-
tation of the findings dependent on the wear time algorithm or valid day inclusion
criteria used.
Children participating in the Millennium Cohort Study, a health survey study con-

ducted in British children, found that compared with those who provided study con-
sent, those with disability or illness were half as likely to provide consent.17

Furthermore, those who reported exercise less than once per week were also less
likely to consent to participate in the survey.17 Characteristics of 12,625 children
ages 7 to 8 years who consented and provided sufficient accelerometry data consist-
ing of greater than 2 days of 10 or more hours were compared with those who did not
meet the data processing requirements.17 A little more than half of the population pro-
vided sufficient data (50.5%). Differences between those who provided and did not
provide reliable data included gender, overweight or obesity status, race, maternal
age of the participants mother, educational level of mother, number of siblings,
maternal occupation, and presence of a disease or disability.17,18

Missing Data May Affect the Reliability of Outcome Measurement Tools

For example, the effects of missing data on the reliability of estimates based on accel-
erometer data were determined by calculating reliability coefficients using generaliz-
ability theory.18 Furthermore, the mechanism behind the missing data was
determined using Little’s chi-square test.18 Seven-day physical activity data from
1042 children collected as a part of a longitudinal study were used to conduct the an-
alyses.18 Different wear time algorithms were also studied with minimum wear time
criteria of 6, 8, 10, or 12 hours compared across five distinct age groups: 9, 11, 12,
and 15 years.18 Findings suggested that with increasing wear-time there was a
decrease in the percentage of the total sample meeting the criteria for inclusion in
the analysis.18 The chi-square test for determining the missingness mechanism indi-
cated, with some exceptions, that missing data were not MCAR suggesting that those
with “valid” data were different from those with invalid data, that is, that the mecha-
nism was either MAR or NMAR.18 Differences in the amount of moderate to vigorous
physical activity (MVPA) calculated when using different wear time criteria were noted
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with absolute percentage errors ranging from 11% to 20% across the age groups
when 6 hours was compared with 12-hour criteria.18 Reliability coefficients for those
with 7 complete days ranged from 0.74 to 0.84 and 0.52 to 0.67 in those with incom-
plete days (from 1 to 7 days).18 Few participants provide complete physical activity
data. The variability of physical activity from day to day has, until this point, only
been calculated in those with complete data, limiting the external validity and gener-
alizability. Findings from this study suggest that when all data are taken into account,
the reliability of the estimates are reduced. How imputing missing data in those with
incomplete data impacts the reliability of physical activity estimates needs further
study.
The findings from these studies suggest that analyses that include only a certain

proportion of the total sample of a study introduce bias through issues with reliability,
interpretation, and generalizability of the findings. Importantly, problems with bias are
present regardless of the outcome measurement tool. Imputation of missing data may
provide a method to ameliorate some of these issues, but to date the application of
different imputation techniques that have been applied to accelerometer data has
not been collated and reviewed.
DISCUSSION

A scoping review of medical and health databases for articles regarding imputation
approaches for dealing with missing accelerometer data was conducted. Findings
suggest that there is wide variation in howmissing data are treated once they are iden-
tified. We identified a wide range of treatments of missing data including listwise dele-
tion, single imputation, maximum likelihood techniques, and multiple imputation.
There are advantages and disadvantages to the use of each of these techniques
that should be considered before being applied to missing physical activity data.
Listwise deletion was cited in several studies as the technique used to deal with

missing accelerometer data. The advantage of this technique is its simplicity in terms
of data management and may be appropriate under certain conditions. Listwise dele-
tion is appropriate when data are considered to be MCAR and when a small percent-
age of the data are missing.
Several assumptions are made including that cases similar to the excluded cases

are equally represented in the sample population, although this condition rarely exists
in practice and thus limits the use of this technique.19 Disadvantages to listwise dele-
tion include decreasing sample size thereby affecting the power to detect true differ-
ences in outcomes, exaggerating standard errors, and limiting the generalizability of
the study.

Single Imputation Methods

Single imputation techniques identified in this study included last observation carried
forward, mean replacement, regression, and an individual-centered approach. Those
that usedmean replacement took the average of the desired accelerometer information
(eg, counts) from the entire sample and used it to replace anymissing data. Regression
substitution involved taking the existing accelerometer data and related characteristics
from a sample population (eg, height, weight) and deriving a regression equation to pro-
vide a substitute value for the missing data.20,21 An individual-centered approach
involved replacing missing data from either the mean of all valid remaining days or
from the mean of valid remaining days based on the type of day missing (eg, weekday
or weekend day) for a particular participant.22,23 Finally, last observation carried for-
ward involves using the last recorded outcome measure to replace missing data.24
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Advantages and Disadvantages of Single Imputation

Mean replacement and regression improve on listwise deletion in that they seek to use
all available data by replacing missing values. Both techniques are simple to perform;
however, the disadvantages of these techniques relate to the fact that they do not pro-
vide any new information regarding the distribution of the sample under analysis. This
results in an underestimate of the variances from the missing data.19 Furthermore,
both of these techniques lead to underestimates of standard errors and overly small
P values and can lead to inaccurate conclusions.19

Kang and colleagues23 suggested that an individual-centered replacement of
missing data might perform better than a group-centered approach (mean replace-
ment) and would be advantageous in terms of its simplicity to carry out as well as be-
ing applicable to small sample sizes in comparison with maximum likelihood methods,
such as expectation maximization. Results of a simulation study that compared
group-centered versus individual-centered replacement of missing data found smaller
root mean squared errors when using the individual approach indicating less bias in
the estimate. Standard errors of the estimated outcomes were also unchanged
when this technique was used in addition to mean substitution in another study.25,26

However, the group-centered and individual-centered approach resulted in negative
mean signed differences (an indicator of accuracy) suggesting an overestimation of
the predicted values.23 Despite improvements over a mean replacement approach,
the limitation of an individual-centered approach is that it also does not provide any
new information and gives a false impression that the analyses are conducted on a
complete data set, which would lead to similar problems in interpreting the results
as that of mean replacement or regression. Despite this, it would be worthwhile to
investigate the merits of the individual-centered technique using a simulation study
to compare it with expectation maximization or multiple imputation techniques given
its applicability to small sample sizes.
Maximum Likelihood Methods

The most commonly cited maximum likelihood technique used to account for missing
accelerometer data was the expectation maximization algorithm, followed by the full
information maximum likelihood (FIML) estimator used in conjunction with factor
analyses, multilevel or mixed modeling, and finally Kriging, a geostatistical technique.
The expectation maximization algorithm was first introduced as a statistical strategy

for dealing with missing accelerometry data in a simulation study using data from the
trial of activity in adolescent girls.13 The expectation maximization algorithm involves a
two-step approach: the E-step and the M-step.13 The E-step involves finding an esti-
mate of a likelihood function based on combining information from the distribution of
the observed data and a theoretic distribution of the unobserved or missing values.
The M-step involves maximizing the estimated likelihood function dependent on the
observed data.13 This process continues until the system stabilizes, usually based
on a small difference between the log likelihoods of the different models.
In a simulation study determining the effectiveness of the expectation maximization

algorithm, it was reported that imputing missing physical activity data resulted in un-
biased estimates of missing physical activity data with an average mean squared dif-
ference of �5.9 MET-minutes when data where imputed for an entire weekday versus
�2.1 MET-minute difference when data were imputed in time blocks.13 The findings of
unbiased estimates were true when data where tested under the assumption of
MCAR; however, the estimates were positively biased when data where imputed
assuming the data were NMAR.13 There were no significant differences in the



Stephens et al322
estimates provided by the expectation maximization algorithm when it was compared
with multiple imputation techniques. Furthermore, it was pointed out that the expec-
tation maximization algorithm had increased precision and better correlations with
the true values than multiple imputation.
Several studies cited use of the FIML estimator to account for missing accelerom-

eter data in their studies.27,28 The FIML estimator does not actually impute missing
data values but rather uses all information, complete or partial, and includes it in the
modeling to provide unbiased parameter estimates.29 The use of partial data rather
than excluding it allows for better estimates because it allows for a better understand-
ing of the distribution patterns across all variables.29

Multilevel or mixed modeling has also been used to account for missing data. The
concept of mixed modeling for handling missing data is similar in function to the
FIML estimator because it also involves using partial data to provide unbiased param-
eter estimates. These procedures are considered preferable to listwise deletion and
provide unbiased and more accurate estimates when the missing data meet the con-
dition of MCAR or MAR.29

In their study, Paul and colleagues26 studied adherence rates for wearing acceler-
ometers and the effect of missing accelerometer data on estimating the physical ac-
tivity levels in a group of healthy older adults using simulation techniques. Their group
introduced a robust geostatistical technique for imputing missing data called Kriging.
Kriging is often used with spatial data and involves predicting a missing location from
the average of the distances between the nonmissing neighboring locations and is
also derived from information from the covariance structure of the existing data. Find-
ings from this study suggest that omitting even 1 hour of missing data from an analysis
would result in significant differences in predicted physical activity levels (P>.0001)
and a coefficient of variation of up to 21%.26 Imputing using the Kriging technique
resulted in an unbiased estimate of physical activity levels and was found accurate
(based on identifying the appropriate covariance structure) 68.5% of the time when
up to 1 hour of missing data was imputed, but decreased to 39% when 10 hours
was imputed.26

Advantages and Disadvantages of Maximum Likelihood Methods

Maximum likelihood approaches are advantageous in comparison with single imputa-
tion because all available data (partial or complete) are used to build a variance-
covariance matrix to estimate a regression model to impute the best estimate for
missing data based on maximizing its likelihood. Maximum likelihood methods also
have certain advantages over multiple imputation, including efficiency, consistency
in giving the same results each time it is performed, and less uncertainty in terms of
the number of decisions required to perform the analysis and to determine the appro-
priate model.30

Specific disadvantages related to the expectation maximization algorithm include
the requirement for a large sample size, and also the need for statistical expertise.23

However, others argue that upgrades to statistical software make the later disad-
vantage obsolete.19,30 It has been suggested that maximum likelihood methods
also have the potential to give biased parameter estimates and underestimate stan-
dard errors, because of a decrease in the amount of true variance, and because new
information is not added to the study.23,31 In other words, you are conducting the
analysis as if you are working with a complete data set when in fact you are not,
and this could potentially result in misleadingly small P values and standard errors.30

It has also been suggested that this approach does not maximize existing available
data from days where the accelerometer was worn but did not meet the minimum
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requirement to be included in the analysis, thus lowering the accuracy of expecta-
tion maximization.32 No other study to date has provided further data regarding
the effectiveness of the expectation maximization algorithm in the replacement of
missing accelerometer data. However, in statistical papers it has been suggested
that bootstrapping could be used to better estimate the standard errors and P
values to get more accurate parameter estimates from the expectation maximization
algorithm.30

Advantages to the Kriging approach have been previously summarized. Specific
limitations to the Kriging approach include the inability to impute smaller portions
of time (minute by minute) and the lack of precision in estimating physical activity
levels because the amount of missing data increases beyond 1 hour.26 Another
disadvantage to this technique is the complexity of the approach. No other studies
have reported on the effectiveness of this approach for replacement of missing
accelerometer data.

Multiple Imputation Methods

Several multiple imputation approaches have been used to deal with missing acceler-
ometer data. Van Dyck and colleagues33 conducted a cross-sectional study looking at
the relationships between physical activity, neighborhood walkability, and adiposity in
a sample of 1200 adults living in Ghent, Belgium. Multiple imputation was used to ac-
count for an 8.7% rate of missing accelerometer data in their study.33 Sensitivity an-
alyses comparing the original analysis with the analysis using the imputed data set
resulted in similar results; however, the authors noted that the imputed analysis
resulted in smaller standard errors. In a randomized trial of geriatric patients to deter-
mine the effect of a behavioral intervention on improving physical activity levels, mul-
tiple imputation was also used to account for missing data.34 A sensitivity analysis was
not presented; however, the authors mention that a significant effect of the interven-
tion was determined after adjustment for baseline values and once missing data were
accounted for using imputation.34

A new imputation approach termed the “combined” approach was developed to
address using all available accelerometer data from valid and invalid days to better
impute missing accelerometer data.32 To impute a missing value using this approach
a two-step interchangeable process is invoked. The expected number of wear hours
and the counts per minute by subject and day are imputed using multiple imputation
by using additive regression and bootstrapping.32 The imputed values are combined
with any existing observed accelerometer data in the final step of the process. A simu-
lation study was conducted to determine the effectiveness of the “combined”
approach using accelerometer data from the National Health and Nutrition Examina-
tion Survey study conducted in the United States between 2003 and 2006.32 The com-
bined approach was compared with other imputation approaches (single imputation)
under several different conditions to understand the effect on the accuracy of the
imputed data when there were varying levels of missing data and number of required
valid hours. Accuracy was tested by determining the root mean square error; bias was
calculated by z scores with a score greater than 1.96 indicating the presence of bias.
Differences in root mean square error between the combined approach and single
imputation were tested using Student t tests. Results of the simulation study sug-
gested that the combined approach could produce unbiased estimates of counts
per minute and that it had significantly lower root mean square errors when compared
with data imputed using single imputation methods.32 A significant decrease in impu-
tation error and estimated effect size error ranging from 12% to 17% and 20% to 33%,
respectively, was reported.32 The combined approach imputation was found to be
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more accurate when there were less missing data and when there were greater
amounts of wear time available.

Advantages and Disadvantages of Multiple Imputation Methods

The main advantages to multiple imputation techniques are that estimates are
imputed multiple times and an error term is added to each estimate, which allows
one to estimate the uncertainty in the imputed parameter values. This helps to account
for the fact that missing data distribution is estimated rather than directly represented
by measured data.19 To obtain more accurate estimates of parameters, several (usu-
ally up to 10) imputed data sets are formed from a random draw of possible data.
Regression coefficients and their standard errors are derived by taking the average
of the estimates from the different imputed data sets.19

Disadvantages to this approach include the requirement for a large sample size,
different estimates are obtained with each use (because of random draws of
imputed values), and statistical complexity. Also, note that these data treatments
are only useful in the case that the missing data are MCAR or MAR. Despite these
disadvantages, currently available simulation studies using multiple imputation ap-
proaches and data from studies using a sensitivity analysis suggest that this tech-
nique results in accurate estimates and standard errors.32–34 To date no simulation
studies have compared multiple imputation techniques, such as the combined
approach with anything other than single imputation. Future work is needed to
compare multiple imputation with other maximum likelihood techniques, such as
expectation maximization with bootstrapping, to test the combined approach and
perhaps Kriging.

SUMMARY/RECOMMENDATIONS

Missing data should be dealt with and not ignored. Consideration to the type and
amount of missing data can help in the selection of the appropriate imputation
method to use. However, based on available simulation study data, multiple imputa-
tion techniques should be used to impute missing accelerometer data because this
method considers the level of uncertainty in imputed estimates. Simulation studies
should compare different imputation techniques under assumptions of MCAR,
MAR, and even NMAR and test the accuracy of the estimates with different sample
sizes. Imputation techniques should be used to maximize data utilization, minimize
bias, expand generalizability, and allow for comparison of studies using accelerom-
eters in the future. Missing data poses a threat to the validity and interpretation of tri-
als using physical activity data from accelerometry. Appropriately applying
imputation techniques to missing data will enhance the validity of trials and allow
for direct comparison of studies allowing for a better understanding of the contribu-
tion of physical activity on health outcomes in youth and adults with rheumatologic
conditions.
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KEY POINTS

� Administrative databases used in epidemiologic research are large datasets collected as
part of the billing and administrative components of clinical care that can be used to study
health care delivery and outcomes.

� Administrative databases offer several advantages for the study of reproductive issues in
women with rheumatic diseases: they provide large sample size to assess rare outcomes
and/or exposures, provide population-based samples allowing generalizability of findings,
and facilitate selection of control groups.

� However, several methodologic issues should be addressed when using administrative
databases for the study of reproductive health outcomes, such as timing of pregnancy
onset, mother-child linkage failure, incomplete capture of early fetal loss, and correlated
observations.
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INTRODUCTION

Because of the relative infrequency of pregnancy in women with rheumatic diseases,
collecting datasets of sufficient size with reliable data can be challenging. Administra-
tive databases, registers, and other sources of big data can be interesting data sour-
ces to address important research questions on reproduction in women with
rheumatic diseases. There are many different types of administrative datasets world-
wide, and it is important to understand the type of data present and unavailable in
each dataset, validity and potential misclassification of data, and the ability to link
maternal data with infant data. This article discusses the advantages and methodo-
logic issues associated with administrative database use for the conduct of observa-
tional studies on reproductive issues in women with rheumatic diseases.
ADMINISTRATIVE DATABASES

Administrative databases used in epidemiologic research are large datasets collected
as part of the billing and administrative components of clinical care that can be used to
study health care delivery and outcomes. The collection of these data is not primarily
for research purposes. However, the increased availability of such data has fueled
research by allowing for more rapid collection of data on subjects with rare diseases
in sufficiently large numbers. Some administrative data sources (ie, population-based
registers) are representative of a large population of individuals, unlike subjects who
may voluntarily participate in a clinical cohort or subjects who are seen exclusively
at tertiary care medical centers and must often provide informed consent to be
included. Similarly, large numbers of control subjects can be identified within the data-
set who may represent nondiseased individuals as comparators, whose data are
collected in the same fashion as cases of interest. Additionally, as the data are gener-
ated at the time of the encounter, it is systematic and prospectively collected, without
the inherent biases of recall of past exposures, or self-selection by volunteer status. Of
course, differences in health care utilization may affect the appropriate selection of
control populations. Similarly, confounding by indication may influence the extent of
resources used based on the individual’s underlying disease status. For example, a
systemic lupus erythematosus (SLE) patient may be more likely to be hospitalized
than a similarly aged healthy individual for a given set of symptoms.
CLAIM-BASED DATABASES

Because the United States does not have a nationwide health system or systematic
capture of medical data, the ability to collect comprehensive medical data on a truly
population-based cohort is necessarily limited. However, several datasets are avail-
able that may be relevant to research into pregnancy outcomes in rheumatic disease
populations. Perhaps the most commonly used are administrative data based on
medical claims, either by publicly funded insurers (eg, Medicaid) or private insurers
(eg, MarketScan commercial databases). These data are quite valuable in that they
often contain inpatient and outpatient visits listing diagnoses and procedures and pre-
scription medication data linked to individuals. Unfortunately, because of the fragmen-
tation of health care in the United States, individuals may not retain extended
enrollment with any specific insurer, making long-term evaluation across multiple
pregnancies more difficult. Numerous algorithms are currently used to maximize
sensitivity and specificity of diagnoses made on claims data.1,2 Additionally, important
variables may not be captured in claims data, including lifestyle variables (eg,
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smoking, alcohol, exercise), reproductive history, results of laboratory studies, and
variables on disease activity or severity.
More granularity of data in the United States and elsewhere may be obtained by us-

ing electronic medical record (EMR) data, which can complement administrative data
with laboratory and imaging data. Access to EMR for research purposes can vary
considerably across institutions. The government-sponsored Patient Centered Out-
comes Research Institute has funded multiple large collaborative projects working
to synchronize EMR data from a range of health systems, which may provide access
to useful data in the future. The collaborative work from a Common Data Model is a
limited dataset including billing, prescribing, and laboratory data. Additionally, data
fields and key word searches may include information regarding vital signs, body
mass index, lifestyle variables, reproductive history, and even data regarding gesta-
tional age and other antepartum pregnancy variables. In general, patient-reported out-
comes and standardized assessments of disease activity and severity remain
unavailable, as they are specific composite measures of disease that are not routinely
captured for administrative or billing purposes. Using such datasets is complex and
requires sophisticated analyses and cautious interpretation, thus increasing the
cost, time, and required expertise of performing such studies.
POPULATION-BASED REGISTERS

Population-based registers are a type of administrative databases that offer a system-
atic data collection on specific outcomes, usually based on mandatory reporting
within a country or region. These may contain data on all outpatient visits, hospitaliza-
tions, deaths, and filled drug prescriptions for a given population over some period of
time. Such registers may also be supplemented with self-reported information, which
may capture important potential confounders, exposures of interest, and comorbid-
ities. Regions with such registers also often collect data on vital statistics, census,
employment, immigration and emigration.
One example of population-based surveillance registers is the Nordic Birth Regis-

ters, which cover Denmark, Finland, Iceland, Norway, and Sweden, encompassing
approximately 25 million births.3,4 Each of the Nordic countries has kept medical birth
registers for decades, all with compulsory notification with identifiers for mother and
neonate and, in some cases, for fathers. Linkage to other registers and national health
care databases is possible, often using a personal identification number, such as
outpatient, hospitalization, and prescription databases. Collectively, this means that
researchers can potentially identify some exposures of interest and outcomes from
patients with rheumatic disease and a representative comparator sample of births.
The Canadian administrative health care databases can also be considered a

population-based surveillance register, with each Canadian province having its own
register. For example, Quebec’s administrative databases cover all residents in the
province (>8 million) and collect information on all hospitalizations, physician visits,
and procedures. In addition, they include data on drug prescriptions filled for residents
on the public drug plan, which covers recipients of social assistance and workers and
their family without access to a private drug plan, representing about a third of the
population. Quebec’s Institute of Statistics monitors important vital statistics,
including live birth and stillbirth rates, with a mandatory reporting of gestational age
at birth (based on date of last menstrual period) and cause of stillbirth. All these data-
bases can be linked to provide a rich source of information to assemble a population-
based cohort of pregnancies or deliveries, with available mother and child linkage,
creating a cohort of offspring with antenatal exposure of interest. One such cohort,



Vinet et al330
the Offspring of Systemic Lupus Erythematosus (SLE) Mother Registry (OSLER), has
been assembled to assess the risk of long-term health outcomes and stillbirths in chil-
dren born to women with SLE.5,6

ADVANTAGES OF ADMINISTRATIVE DATABASES FOR REPRODUCTIVE STUDIES

Administrative databases offer several advantages for the study of reproductive is-
sues in women with rheumatic diseases. The large sample size makes it possible to
study outcomes associated with rare exposures, such as SLE, which only affects
0.1% women of childbearing age.7,8 This is particularly true for the assessment of
rare outcomes (such as neurodevelopment disorders), which is not feasible in clinic-
based prospective cohort studies. Such data have been collected in a systematic
manner, facilitating the conduct of observational studies rapidly and at relatively low
cost. Population-based register data cover the entire population of a geographic re-
gion, thereby improving the generalizability of findings. Because informed consent
is generally not required for selection of a subject in the study, study designs using
these data sources are less prone to selection bias from nonresponse. Moreover,
the use of administrative databases also eases the selection of a control group from
the same source population. In the case of population-based registers, data are avail-
able to estimate baseline risks of outcomes of interest to understand the true general
population risks.

CHALLENGING ISSUES SPECIFIC TO PREGNANCY IN ADMINISTRATIVE DATABASES
Differences Between Pregnancy and Birth

Several published studies examining pregnancy complications and outcomes in
women with rheumatic diseases have used data from birth registers, birth certificates,
and labor and delivery admissions. All of these data sources required that a birth be
registered therefore missing information on first- and second-trimester losses. In
some instances, losses after 20 gestational weeks are registered as stillbirths and
therefore can be found, but this is not universally true. When reviewing the literature
or conducting a study, it is therefore critical to define how the data were identified.
Is the study looking at adverse outcomes among those pregnancies that lasted at least
20 weeks? Or is the study identifying pregnancies early on and capturing all out-
comes? Most administrative databases have access to delivery admissions and birth
characteristics.
Some initiatives, such as the Swedish Pregnancy Register, are collecting data from

a woman’s first visit to the midwife to capture clinically recognized pregnancies.9 Us-
ing EMR, it may also be possible to search clinic notes, human chorionic gonadotropin
testing, genetic testing, ultrasound records, and other clinical interactions indicating a
pregnancy to assemble a group of pregnant patients.
The distinction is critical because if a researcher asks about adverse pregnancy out-

comes and then only restricts to births, a significant portion of the most unwanted out-
comes (ie, pregnancy loss) will necessarily be excluded, underestimating the true
prevalence of the outcome. This could lead to inadvertent conclusions that there
were no losses when in fact they selected a population that did not have losses. Inter-
pretation of these data and the underlying selection of patients must take this into
account.

Early Pregnancy Complications and Loss

Just as pregnancy onset is challenging to define precisely using administrative data,
complications of early pregnancy can be difficult to ascertain. Approximately 99%
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of fetal deaths occurring at greater than 20 weeks gestational age identified in admin-
istrative databases using International Classification of Diseases - Ninth revision (ICD-
9 codes) were confirmed by medical record review; however, it is unknown how many
cases were not ascertained within the datasets.10 Furthermore, pregnancy losses that
occur before 15 weeks are likely not captured in administrative datasets, as many of
these losses do not require hospitalization, surgical intervention, or even medical
attention if uncomplicated and early in gestation. Indeed, some early pregnancy los-
ses may not even be clinically recognized, particularly in women who are not actively
attempting to conceive. There are no validation studies available to understand the de-
gree of incomplete ascertainment of early pregnancy losses.

Timing of Pregnancy

Understanding the timing of pregnancy using administrative data presents its own set
of challenges, particularly as they relate to the time of conception and exposures
related to specific gestational ages. This can be extremely important when consid-
ering issues of potential teratogenicity, in which there is often a specific window of
days to weeks during organogenesis when embryos are most vulnerable in early preg-
nancy. Given that maternal rheumatic diseases often rely on chronic use of medica-
tions to manage symptoms, the timing of pregnancy onset with the discontinuation
of chronic medications can be critical. Additionally, short-term exposures to medica-
tions during early pregnancy (steroid courses, infusion therapeutics, antibiotics, and
vaccines) may potentially affect pregnancy outcomes and need to be captured
accurately.
To estimate onset of pregnancy, several algorithms have been developed to maxi-

mize precision, and the algorithm is selected based on the availability of variables
within the dataset and the statistical expertise available for complicated algorithms
using linked datasets.11 The simplest algorithm assigns a uniform length of
delivery—270 days for full-term delivery and 245 days for a preterm delivery. Onset
of pregnancy is dated by subtracting the appropriate number of days from the delivery
date. This works with even the most limited dataset but is subject to misclassification
of extremely premature or postterm pregnancies. This calculation requires that a birth
is registered and will not capture pregnancies that do not end in a birth.
Furthermore, caution must be advised when looking at medication exposure in early

pregnancy, as estimates are necessarily imprecise. More complicated algorithms
include all available data from EMR, often assigning first trimester of pregnancy to
the first prenatal visit, using birth weight from birth certificates to assign gestational
age based on race and sex-specific standards, using standardized prenatal testing
to further date pregnancies (ie, a-fetoprotein screening at 11–14 weeks), and dating
by ultrasound scan during pregnancy.

Parity and Repeated Events

Because pregnancy outcomes, and even the decision to proceed with additional preg-
nancies, depend heavily on the outcome of previous pregnancies, classifying preg-
nancies into first birth versus subsequent births is of the utmost importance.12,13

Pregnancy outcome studies have dramatically different results when only first births
are included in the analysis compared with subsequent births, even in cases in which
only one birth per woman is included. In the United States, outside of EMR, adminis-
trative datasets do not always include variables about parity, and it cannot be
assumed (in most circumstances) that the first pregnancy during the period of data
captured in a dataset is necessarily the first pregnancy for that woman, as enrollment
periods in health insurance do not cover the entire reproductive history. In these
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cases, stratifying data on first versus subsequent births may lead to misclassification.
Datasets from countries with more complete birth data capture are less likely to
misclassify first versus subsequent births.
Further complications in analysis and interpretation arise when multiple births per

woman are included in the dataset, as each birth is not independent of the others.
The generalized estimating equation approach can be used to account for this lack
of independence, as long as the pregnancies can be appropriately clustered accord-
ing to mother.14 If the autocorrelation in the data is not appropriately handled, it will
make the findings appear more precise than they actually are (eg, narrower confidence
intervals).

Measuring Drug Exposures

Most electronic databases capture drug exposure based on either an ordered pre-
scription or a filled prescription. As with all pharmacoepidemiologic studies, neither
receiving a prescription nor filling it guarantees compliance. In other words, this
does not guarantee that the patient actually takes the drug and might lead to drug
exposure misclassification in analyses. However, as patients often need to pay a min-
imal portion of their medications in most public drug plans, it is likely that patients who
fill their prescription intend to take at least some of the prescribed drug. Unfortunately,
data are rarely collected on over-the-counter medications. This is a particular concern
for the study of vitamins (such as folic acid), aspirin, and/or nonsteroidal anti-
inflammatory drugs (NSAIDs) in pregnancy, as these are frequently obtained without
a prescription. Furthermore, most such databases provide data only on outpatient-
prescribed drugs or pharmacy dispensings and do not provide information on drugs
dispensed during hospitalizations or as infusions. Thus, if pregnant women are hospi-
talized during pregnancy (andmost are at least for delivery), drug exposures during the
hospitalization cannot be measured, producing what is called an immeasurable period
of exposure.15 This can lead to differential misclassification of exposure in mothers
with rheumatic diseases as opposed to unaffected mothers, as women with rheumatic
diseases are more likely to be hospitalized during pregnancy and have longer hospi-
talization stay for delivery. As an example, the mean length of stay for delivery within
the OSLER cohort was 5.4 � 6.7 days for SLE mothers as opposed to 3.3 � 2.6 days
for mothers from the general population.5,6 Studies of pregnancy outcomes in the
United States similarly find more frequent antenatal hospitalizations and increased
length of stay for delivery hospitalizations for mothers with rheumatoid arthritis
and SLE.16 Statistical methods have been described by Suissa,15 which use a
time-varying exposable period to circumvent this potential limitation.

Ascertaining Congenital Malformations

With increasing use of polypharmacy (inadvertently or intentionally to treat maternal
illness) during the periconceptional period and into pregnancy comes increasing con-
cerns for identifying any associations with congenital malformations and medication
exposure. The large numbers of subjects available through administrative datasets
can be ideal for studying rare outcomes of uncommon antenatal exposures. However,
several issues regarding the use of administrative datasets for teratogenicity studies
must be addressed. The first issue is the ability to link mother’s records to those of
their infants. In the United States, state birth certificate data are often the only infant
data available to determine infant outcomes, and the ability and ease of linking these
data to maternal data depend on the specific datasets and user access to such data.17

Neonatal outcomes are limited to those that could be diagnosed at birth. In other
cases, infant medical records can be linked to maternal records. Comprehensive
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medical records for infants will contain more detailed data on neonatal outcomes and
complications identified beyond the delivery period than will data obtained solely from
birth certificates. As described above, there are inherent difficulties in accurately
determining the onset of pregnancy to a precision of days to weeks for early antenatal
exposure to medications.
Once maternal medical records are linked to infant data, the diagnostic accuracy

and completeness of ascertainment of congenital anomalies from these records be-
comes critical. A major concern of using administrative databases is related to the val-
idity of the diagnostic information, because diseases are primarily coded for billing and
not for research purposes. One can try to use previously validated case definitions.
However, they are not always available and, when available, none are 100% sensitive
and specific. One recent study comparing birth certificate data with administrative
health plan data found a high positive predictive value (PPV) for demographic and
some pregnancy outcome data on birth certificates, including gestational age, birth
weight, race/ethnicity, and prior maternal obstetric history.18 Unfortunately, PPVs
for selected congenital anomalies were much lower for both birth certificate data
and administrative claims data. For example, using medical record review as
the gold standard, the PPV for cardiac defects in the Tennessee Medicaid population
was only 35.7% for birth certificate data, increasing to 74.5% for claims data.19

Arguably, this is unacceptably low to make meaningful interpretations regarding
teratogenicity.
To address the issue of imperfect case ascertainment, one can use Bayesian latent

class models, which use various case definitions with each contributing some informa-
tion about the latent case status of each individual instead of trying to identify a dis-
ease case (or outcome) with certainty.20 Subjects are thus assigned a probability of
being a disease case. This method can be used to correct for all sources of uncertainty
related to case ascertainment.
The last, and perhaps most challenging, aspect to studying teratogenicity is the

issue of the appropriate sample size to determine associations with reasonable po-
wer. Power calculations are influenced both by the prevalence of the specific
congenital anomaly (estimates of the overall birth defect rate in the general popula-
tion are 3%–5% of pregnancies) and the magnitude of the effect, or the increase risk
of the anomaly in the exposed compared with the unexposed group that is consid-
ered clinically significant. Given the low prevalence of specific congenital anomalies
in the general obstetric population, tens to hundreds of thousands of pregnancies
must be analyzed to detect even a large increase in risk.21 And this is before adjust-
ing for relevant covariates, confounders, and multiple comparisons. The need for
such large sample sizes to do this type of research is among the greatest strengths
of administrative data. However, the tremendous increase in sample size often
comes with a loss of granularity regarding the reliability and precision of data cap-
ture in settings in which large-scale validation and potential for more careful data
scrutiny are largely unavailable.
Because the ramifications of publishing associations between specific manifesta-

tions and congenital anomalies can be profound and affect the management of
serious maternal conditions before and during conception, researchers must be
careful to address all of the relevant issues regarding exposure and outcome
data. These include (1) accurate timing of antenatal exposure, (2) the potential
for concomitant medication exposures and other potential causes of congenital
malformations, (3) rigorous definitions and accurate ascertainment of congenital
anomalies, and (4) adequate sample sizes of both exposed and unexposed
pregnancies.
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UNMEASURED CONFOUNDERS

As with all observational research, unmeasured confounders may be present. For
instance, administrative databases may not record information on smoking, alcohol
use, and obesity, which all have been associated with adverse reproductive out-
comes. To account for this, one can use sensitivity analyses of unmeasured con-
founders using previously developed formulas.22

As an example, if we wanted to study the effect of maternal SLE on the risk of birth
defects in the offspring, maternal alcohol intake could be an important unmeasured
confounder. Using previously described formulas, one can determine how large the
maternal SLE-alcohol association in the cohort would have to be so that adjusting
for the presence of the maternal confounder (ie, alcohol intake) during pregnancy
would remove an apparent maternal SLE-birth defect association.22

Immortal Time Bias

Observational studies using administrative databases might also be plagued by
immortal time bias (Fig. 1). Immortal time refers to a period over cohort follow-up during
which, by design, subjects could not have died (or have the outcome/event). As an
example, Daniel and colleagues23 described the potential for immortal bias in assess-
ing the effect of maternal NSAID exposure in pregnancy on fetal death before 20weeks
of gestation. If NSAID exposure is based on at least one prescription filled before
20 weeks of gestation, exposed fetuses are necessarily immortal during the time
Fig. 1. Illustration of immortal time bias in cohort studies of drug safety during pregnancy.
Definition of exposure A, not controlling vs B, controlling for immortal time bias. (From
Daniel S, Koren G, Lunenfeld E, et al. Immortal time bias in drug safety cohort studies: spon-
taneous abortion following nonsteroidal antiinflammatory drug exposure. Am J Obstet
Gynecol 2015;212(3):307.e1-6; with permission.)
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span between conception and exposure. By contrast, fetuses in the unexposed group
have no such advantage because they could have had the outcome fetal death at any
time during follow-up.23 To avoid introducing immortal time in our analysis, the solution
is simply to categorize follow-up time for each subject according to exposure category.

SUMMARY

Administrative databases are a useful and powerful data source for the conduct of
rheumatic diseases research, such as investigating reproductive issues in which infre-
quent outcomes in rare diseases limit the ability to accrue adequate sample sizes for
meaningful interpretation and analysis. Furthermore, temporal changes in manage-
ment of rheumatic diseases and changes in prenatal monitoring and management
make it imperative to compare pregnancies that occur in relatively short timeframes.
However, the increase in sample size and availability of data on relevant control
populations come with a degree of loss in granularity of detail and restricted ability
to validate outcomes. Therefore, we must be aware of the potential limitations and
use different strategies to minimize potential biases.
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KEY POINTS

� Patient preference measures differ from patient-reported outcomes. The latter measures
a patient’s health status, while the former measures the value patients place on a health
outcome.

� Patient preferences can be quantified either in absolute (eg, 0–1, where 0 is death and 1 is
full health) or relative terms.

� A discrete choice experiment quantifies the relative importance of treatment attributes by
asking patients to choose between treatments that differ in their attributes.

� A discrete choice experiment is a powerful tool for understanding patient preferences that
is growing in popularity. Like any measurement tool, it requires careful consideration and
understanding of potential biases, which we review in this article.
INTRODUCTION

To understand how patient preferences can be measured, we must first define what
patient preferences are. Broadly speaking, a preference is an expression of desirability
of one alternative over another. In a health care context, this can be clarified as the
relative importance of alternative management options or outcomes related to health.1

These alternative options will often be different treatments or treatment strategies, but
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can also be diagnostic alternatives or other choices that patients face. Anytime a
choice exists, a preference can be stated.
Patient preferences should be distinguished from patient-reported outcome mea-

sures (PROMs) and patient-reported experience measures that are widespread in
rheumatic disease research and clinical care.1 The use of PROMS and patient-
reported experience measures in rheumatic diseases have been recently reviewed
in an issue of Rheumatic Disease Clinics of North America.2 PROMs measure a pa-
tient’s health state in 1 or more domains at a given point in time. In contrast, patient
preferences seek to understand the importance of this health (or any other) outcome
relative to something else. For example, the Health Assessment Questionnaire
Disability Index is a PROM that measures a patient’s functional status. A measure
of patient preferences would ask whether a patient would prefer a given functional
state (or improvement in function) over, for example, an improvement in pain. Alterna-
tively, the value of both function and pain could be elicited on an absolute scale
(eg, 0–1, where 0 is death and 1 is full health) and then compared.
WHY SHOULD WE MEASURE PATIENT PREFERENCES?

Shared decision making is a model whereby patients and clinicians work together to
reach a decision aligned with patients’ values, and is widely regarded as the preferred
medical decision-making approach.3 The shared decision-making model recognizes
that, although physicians are experts in disease diagnosis and management, patients
have unique preferences that should be elicited and considered in treatment deci-
sions. Measuring the preferences for a population of patients is not necessary for
the individual encounter, because each patient will have their own preferences that
should be considered. Measuring patient preferences, however, can identify which
decisions are most preference sensitive and, therefore, most critical for shared
decision making. Studies routinely demonstrate that physicians are poor judges of pa-
tients’ preferences.4 Understand patient preferences through objective measurement
can help to clarify these misconceptions.
Patient preferences also often vary, and understanding the factors that are associ-

ated with risk aversion or risk seeking can inform decision making. Preferences for
rheumatoid arthritis treatment have been associated with both disease characteristics
(including disease severity,5 disease duration,5 and prior treatment experience6,7) and
sociodemographics (including age,8 employment status,9 education level,10 income,8

and ethnicity9,10). This knowledge may help to inform the development or implemen-
tation of strategies to promote shared decision making. The association between pref-
erences and sociodemographics also highlights the importance of tailoring decisions
to the patient as a whole, rather than just their disease severity.
Understanding patient preferences can also help to inform policy decisions and

treatment recommendations. Patient preferences are a critical step in the Grading
of Recommendations, Assessment, Development and Evaluation (GRADE) process,11

which has been adopted by the American College of Rheumatology (ACR). Under the
GRADE approach, strong recommendations are reserved for situations in which most
patients, on the balance of benefits and harms, would choose a particular treatment
approach. Fraenkel and colleagues12 provided an example of how incorporating pa-
tient preferences may impact treatment recommendations for rheumatoid arthritis.
In a pilot study, they presented the same evidence on treatment risks and benefits
used by the physician dominated ACR guideline panel to a patient panel trained in
the GRADE approach. For 3 of 16 treatment recommendations, the patient panel rec-
ommended a different treatment, and the strength of the recommendation (confidence



Measuring Patient Preferences 339
that most patients would prefer the treatment) varied in an additional 3 recommenda-
tions.12 The reason for these differences were in how the patient and physician-
dominated panels valued the tradeoffs.
Finally, there is also a growing interest in using methods of preference elicitation with

individual decision making. Decision aids can include exercises that elicit patient prefer-
ences, and help patients to clarify their preferences and communicate these to their
health care team.13 These tools are promising, although as with all decision aids, barriers
to implementation (eg, time pressure/constraints) exist and use in practice is rare.

MEASURING PATIENT PREFERENCES

Patient preferences can be elicited using various methods. Health state utilities mea-
sure patient values for a certain health condition in absolute terms, typically on a scale
from 0 (death) to 1 (full health). This can be done using several different methods. In the
standard gamble method, patients are asked to make a choice between staying in a
given health state or taking a gamble of either returning to full health or immediate
death. The probability of death is varied to find the patient’s threshold of indifference,
which defines his or her utility for the health state. In time tradeoff, patients conduct a
similar exercise, but the tradeoff is between full health and a shortened life expec-
tancy. A visual analogue scale is often used as well, although is not considered a util-
ity-based measure, as it does not require any trade-off.
With utility-based valuation, the perspective of the health state elicited is critical in

the interpretation of the findings. If patients are asked to consider their current health
state, then the utility provides a measure of health-related quality of life, that is, the
value patients place on their current health state. Alternatively, patients’ preferences
may be elicited for a defined health state or outcome. For example, in a study of pa-
tients with rheumatoid arthritis, investigators presented scenarios wherein they
described varying levels of an ACR response (ACR20/50/70) and adverse effects
(none, mild, moderate, or severe).14 They then had patients value these outcomes
with a visual analog scale. One of their findings was that the utilities for ACR50 and
ACR70 were considerably higher than ACR20, suggesting the latter is a less important
outcome for patients. By valuing defined treatment outcomes, the results can be used
by guideline panels who need to balance tradeoffs that may exist in the evidence. In
comparison, health-related quality of life is an outcome that can be used to compare
treatment approaches within an individual study or through modeling studies.

DISCRETE CHOICE EXPERIMENTS

Instead of asking patients to directly value each attribute relevant to a decision, pref-
erences can be estimated by asking people to choose between 2 or more treatment
options. These exercises are collectively known as conjoint analysis (considered
jointly).15 In conjoint analysis exercises, patients are asked to express their prefer-
ences for scenarios that involve the consideration of at least 2 differences in the treat-
ments (thus providing a tradeoff between the attributes). The methods differ in how
many attributes of the full set considered are presented at once (either a complete
or partial set) and in how the preferences are elicited (choice, ratings, or rankings).
Discrete choice experiments are a form of conjoint analysis in which patients choose
their preferred treatment in a series of hypothetical choice tasks, where 2 or more
treatment choices are presented. The treatments are described in terms of attributes,
each of which has a set of possible levels (eg, a dose administration attribute, with
levels of weekly tablets or weekly injections). An example of a discrete choice exper-
iment, adapted and simplified from a published example,7 is presented in Fig. 1.



Fig. 1. Example of a discrete choice experiment.
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In this example (see Fig. 1), patients are asked to make a choice between treatment
A and treatment B. Treatment A provides a lower chance of benefit, but requires fewer
medications and has a lower chance of side effects. By analyzing participants’ re-
sponses across a series (often 10–12) of these tasks, where the levels for each treat-
ment are varied, the relative importance of the attribute levels can be estimated.
A major advantage of conjoint analysis is that it allows an estimation of the relative

importance of multiple attributes at once, without having to value each separately. The
tasks are also more realistic to treatment decision making than traditional standard
gamble or time tradeoff exercises. As such, they may have greater face validity.
They are also typically easier to administer and are often administered online. These
advantages have contributed to the rapid growth of discrete choice experiments in
health care evaluation.16

CONDUCTING A DISCRETE CHOICE EXPERIMENT

Conducting a discrete choice experiment is an iterative process and requires a number
of steps.15 The process typically begins by framing the research question and deciding
whichattributes and levels to include.15A full list of attributes and levels is first identified,
then reduced to a final list. The selection of attributes should be guided by the research
question and may be informed by experts, prior studies, or qualitative research.15

After the selection of the attributes and levels, the tasks are constructed and the
experiment is designed. This involves deciding which treatment options to include
in each task, and how many tasks to present to each patient. The goal is to elicit un-
biased preferences with maximal efficiency. Various methods exist to determine the
most efficient experimental design.17 The most statistically efficient designs will be
orthogonal (no correlation between the appearance of any attribute level), have level
balance (each level shown the same number of times), and have minimal level overlap
(different levels in each treatment option).18 Designs that are the most efficient statis-
tically, however, may be more challenging for patients to complete. For example, if the
treatments options are different for every attribute (minimal level overlap), patients
are required to consider more tradeoffs. Thus, determining the most efficient design
for any application requires balancing the statistical efficiency with the response
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efficiency.15 Pilot testing and data simulations can help to inform these decisions
before field testing the survey by providing estimates for the standard errors of the
part-worths with different survey designs.
Once a discrete choice experiment has been designed, it is necessary to develop

the final survey, administer it to the target population, collect the data, and perform
the analysis. Throughout this entire process, it is important to understand the assump-
tions made and potential biases that can result.

POTENTIAL BIASES AND ASSUMPTIONS

When eliciting preferences with discrete choice experiments, certain assumptions are
required, and violation of these assumptions can lead to potential biases.19 Most of
these assumptions are common to all methods of stated preference research, and
many apply to any survey research.

Hypothetical Bias

With any method of measuring patients’ preferences, we assume that patients’
choices in the choice tasks reflect their true underlying preferences if faced
with an actual treatment decision. Certain strategies may be used to try to reduce
the hypothetical bias. One approach is to explain this potential bias to participants
and encourage them to deliberate more carefully than they would otherwise.
This method is commonly referred to as “cheap talk” and is often used in research
assessing willingness to pay, where it has been shown to lead to greater discrim-
ination between the willingness to pay between attribute levels.20,21 Patients
may also have incentives to intentionally misrepresent their true preferences.19

For example, a patient may believe that they are “supposed” to prefer a certain
medication and, therefore, choose treatments that do not align with their true
preferences. Conducting the survey anonymously can help to minimize this type
of bias.

Scenario Misspecification

Amisspecification bias may exist if patients do not interpret the task in the way that the
researchers intended.19 Minimizing this type of bias requires patients to understand
the instructions for the overall choice task, as well as the meaning of each level. Pilot-
ing the study can help to identify potential misunderstandings and is recommended
before fielding the study.15

The phrasing of attributes involving uncertainty (risk) requires careful consideration,
because risk can be challenging to convey to patients, particularly for rare events.
Guidelines exist for presenting risk to patients in decision aids, and similar principles
regarding survey design apply with discrete choice experiments.22 A framing effect is
well-known, whereby patients may respond differently if the chance of a good
outcome is presented, versus the chance of a poor outcome.22 Thus, it is recommen-
ded to present risk in different ways, and display the probability of both the event and
the nonevent (Fig. 2).22 People may also “recode” continuous attributes into discrete
categories, without considering the absolute magnitude of the options. For example,
when considering the “chance of a symptom improvement,” patients may read
options of 30%, 50%, and 70% as low, medium, or high, respectively, without consid-
ering the absolute magnitude of the risk. Including cheap talk or graphics to represent
the risks may help to reduce this potential bias.23

Other decisions made during the design can affect patients’ responses. An
ordering effect in discrete choice experiments is well-known, whereby participants’



Fig. 2. Example of a graphical representation of risk displaying both the event and
nonevent.
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responses may be biased by the position of the attribute within the choice task. At-
tributes that are at the top of the screen are usually prescribed more importance.24

Randomizing the attribute order can minimize this phenomenon. The levels included
for an attribute may also affect the preferences elicited. Attributes with more levels
will tend to have a greater overall importance. Similarly, including a wider range for
continuous attributes (eg, risk, cost) can lead to higher importance.19 The appro-
priate selection of levels in discrete choice experiments is an ongoing area of inves-
tigation. In general, it is recommended that the levels should encompass the range
of plausible options.15

In a discrete choice experiment, we assume that patients choose their preferred
treatment according to the overall value they place on each treatment, which is
defined as a sum of the value (part-worth) of each attribute level that defines the treat-
ment. Some patients may focus on a subset of the attributes, using simplifying heuris-
tics to simplify choices.25 This method is appropriate if patients have considered all
attributes and decided that some are unimportant, regardless of the level. However,
if patients do not tradeoff between some attributes for other reasons, the responses
will be potentially biased. This bias may occur if patients do not understand a partic-
ular attribute or if the range of levels does not include appropriate options that are
important to them.26
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Sampling Biases

As with any survey, the sampling method may bias the results.19 A nonresponse bias
may exist if the patients who do not respond are systematically different from those
who do respond. The sample may also be biased if the sample population is not repre-
sentative of the intended population. Including measures to maximize response rates
are, therefore, important to ensure the validity of the results.
ASSESSING THE VALIDITY OF A DISCRETE CHOICE EXPERIMENT

The validity of a survey or instrument is the extent to which it measures what it is
intended to measure. The principles of assessing the validity of any survey instrument
can be applied to discrete choice experiments. In general, validity as it applies to
discrete choice experiments can be grouped into 3 broad types: face validity,
construct validity, and criterion validity.19

Face validity refers to the degree to which the discrete choice experiment seems to
appropriately measure patients’ preferences in the way it is intended. It is a subjective
decision that requires an assessment of the survey, including the attributes and levels
chosen, the wording of the discrete choice experiment, and the entire survey. Ensuring
face validity requires the input of the relevant experts (including patients) during the
design and testing of the instrument.
Construct validity is the extent to which the survey measures the construct it intends

to measure (in this case, patients’ preferences).19 The potential biases discussed
can all affect the construct validity. Several methods can be used to investigate
the construct validity. The overall pattern of part-worths observed can be examined,
where a natural ordering exists to determine whether they are in the expected direction
of effect. For example, as the risk of a side effect increases, the part-worths should
decrease. Consistency tests can also be included, in which 1 treatment option is worse
than the other options across all attributes. If patients choose this task, it suggests they
did not understand the choices involved. The results of a discrete choice experiment
can also be compared with patients’ preferences elicited using other methods within
the same study or to different studies (convergent validity). Some differences will
naturally exist, so it is important to establish an a priori hypothesis about the expected
correlation. Finally, the association between patient characteristics and preferences
can also be explored. If expected associations are found between certain patient
variables and patterns of risk preferences, it adds confidence to the construct validity.
Criterion validity is the extent to which the construct measured agrees with another

measure that could be considered the gold standard. In patient preference research,
this is often taken as the true choice that someone makes (revealed preferences).
However, actual choice behavior is often driven by physicians’ preferences.27 There-
fore, comparing patients’ stated preferences with their choice of treatment would not
reveal their preferences. Instead, a comparison of stated and revealed preferences
would require a prospective study in which patients’ stated preferences were elicited
and compared with their choice of treatment when presented with a choice using a
decision aid or similar tool.
ANALYSIS
Theoretic Basis

The theoretic basis of conjoint analysis is derived from random utility theory, which as-
sumes that people choose something based on the overall good or value of the item or
service, which is a function of the underlying properties, or attributes of the treatment.28
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Variations on the analytical method exist and have been reviewed recently.29 The
probability that a patient will chose a given treatment within a set of alternatives can
be related to the utilities of each treatment, which are exponentiated to ensure they
are on a positive scale (0 to infinity):

Pðchoosing A; given A and BÞ 5
eutility treatment A

eutility treatment A1eutility treatment B
(1)

The utility is a latent (unobserved) variable, which is assumed to be a function of the
part-utilities of the attribute levels that define the treatment choice. In a main effects
model (no interactions), these are assumed to be a linear sum. The utility of any treat-
ment (i) for any patient (j) can be expressed mathematically:

Utilityi ; j 5 bjXi1εi ; j (2)

Where bj is a vector of the part-worths for the jth patient, Xi is a vector of the attribute
levels that define the ith treatment, and εi,j is a random error term. The part-utilities are
the estimates of interest; they measure the strength of preferences for each attribute
level.

Sample Size Considerations

Sample sizes for discrete choice experiments are based on reducing the standard er-
ror of the part-worths of each attribute level and therefore depend on the complexity of
the survey. A rule of thumb, based on the number of respondents and task complexity,
has been proposed: (nta/c �500, where n 5 patients, t 5 number tasks, a 5 number
alternatives, and c 5 largest number of levels for any attribute), but this is somewhat
arbitrary.24 To help inform the sample size calculations, data simulations can be con-
ducted to estimate the standard error around the attribute part-worths. Using these
data simulations, researchers found that, for typical survey designs, the precision of
the estimates tends to level off at around 150 patients.17

Interpretation of the Findings

The part-utilities from a discrete choice experiment are only meaningful relative to
each other. As such, it is common to compare their values and express the results
in more meaningful terms (Table 1). In this respect, it is helpful to have an attribute
that can be expressed on a linear scale. In the example in Fig. 1 (adapted from a pub-
lished discrete choice experiment),7 the part-utilities could be scaled relative to the
“chance of a major symptom improvement.” If major symptom improvement is
modeled as a linear attribute (after determining this is valid), the marginal rate of sub-
stitution can be expressed. Cost is also popular in this regard, and if preferences are
scaled to a monetary unit, it is known as the willingness to pay.

Treatment Predictions

Once the part-utilities in a discrete choice experiment have been estimated, they can
also be used to make treatment predictions. The theoretic basis is the same as
described for the discrete choice experiment analysis, but applied in reverse. First,
the utility of each treatment for each patient is calculated as a sum of the part-
worths of each attribute level that defines the treatment (Equation 2). By calculating
utilities of 2 or more treatments and entering the results into Equation 1, the probability
that each treatment will be chosen can be calculated. These predictions can be useful
for relating the part-utilities to actual treatment decisions that patients may face.



Table 1
Common ways to express the results from discrete choice experiments

Term Meaning
Illustration From Published Discrete
Choice Experiment7

Part utility A quantification of the
preference for a
particular attribute.

The part utility for an increase in the
chance of a major symptom
improvement from 30% to 70% was 10
(95% CI, 9.1–10.9)

The part utility for a decrease in the
chance of side effects from 20% to 2%
was 2.4 (95% CI, 1.6–3.2)

Relative
importance

The ratio of part utilities
for any 2 attributes.

Major symptom improvement was 10/
2.4 5 4.17 times more important than
side effects, across the range of levels
considered.

MRS The relative importance of an
attribute per unit of another
attribute. If cost is used, then
the MRS is the willingness
to pay.

A 1% point absolute increase in the
chance of a major symptom
improvement was 1.9 times more
important than a 1%-point increase in
the chance of side effects.

5
10

70�30
2:4

20�2
5 0:25

0:1351:9

Abbreviations: CI, confidence interval; MRS, Marginal rate of substitution.
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Assessing Heterogeneity in Patient Preferences

Patient preferences can, and often do, vary considerably. Multiple approaches exist
for modeling this variability. Latent class models group patients into 2 or more sub-
groups with similar patterns of responses. Using latent class analysis in a discrete
choice experiment of patients with early rheumatoid arthritis, we identified a group
of patients that was more risk averse, particularly for a “small risk of serious infections
and possible increased risk of certain cancers.”7 This more risk averse group had
lower levels of education, lower rates of current smoking, lower incomes, and were
more likely to be taking disease-modifying antirheumatic drug monotherapy, although
only the latter held in multivariate analyses. Hierarchical Bayesian models and mixed
logit models model individual variability and maymore fully account for differences be-
tween patients.29,30

SUMMARY

Discrete choice experiments, as a form of conjoint analysis (and the broader field of
stated preference methods), provide a method for quantifying patients’ preferences
for tradeoffs that need to be balanced. It is a powerful tool that is growing in popularity,
but as with any measurement tool, it requires careful attention to the assumptions
made and potential biases that can affect the validity of findings.
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KEY POINTS

� There is an increase over time in studies adopting cluster and multiple corresponding an-
alyses in rheumatic disease since the year 2000. This increase parallels the increase in
available clinical data from electronic research databases, repositories, and registries.

� Researcher experience and expertise was determined to be one of the main barriers to
considering the use of cluster or multiple correspondence analyses.

� As both cluster and multiple correspondence analyses are data driven, methodologies are
often underpowered in this field of research, and they are best suited to exploratory/
hypothesis-generating studies.
INTRODUCTION

Rheumatic diseases encompass a wide range of conditions caused by inflammation
and dysregulation of the immune system, often leading to damage of bones, joints,
cartilage, and internal organs. As the most prevalent rheumatic disease, arthritis
(and related conditions) is the second most common cause of days off work in both
men and women. Because of the complexity and heterogeneity of rheumatic diseases
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with many associated categorical variables, making sense of so many relationships
between variables that are often correlated is at the same time a challenge but also
an incredible opportunity for discovery. This type of research often benefits from
dimension reduction: the creation of a smaller and more interpretable dataset and
acquisition of equivalent analytical results of the original representation.1 Cluster anal-
ysis (CA) and multiple correspondence analysis (MCA) are 2 multivariate methods that
can assist in identifying rheumatic disease causes, patterns, severity, or the associa-
tion between different diseases or with drug/treatment response.2

CA reveals hidden structures by grouping entities or objects with similar characteris-
tics (similarity measurement) into homogenous groups while maximizing heterogeneity
across groups. It is a process used to determine similar groups of interests based on the
combined values of their measured characteristics, without knowledge of outcomes. In
performing this approach, it is important to identify groups when it is not clear which en-
tity belongs to which group, and how many groups may best be used to cluster the en-
tities.3–5 However, because of the hierarchical complexity of rheumatic diseases, there
are no obvious means for forming clusters. In addition, the complexity of the data
coupled with investigators needing to deal with outliers, overlapping clusters, and po-
tential overfitting often deters investigators from embarking on CA adventure.6

On the other hand, MCA (an extension of correspondence analysis where there are
3 or more variables) is an exploratory nonparametric statistical method that represents
a complex nominal categorical dataset in a low-dimensional graphical form (called a
biplot). It can simplify complex data from a large table into a simpler display of cate-
gorical variables while preserving all of the valuable information in the dataset.7–10

However, there is no theoretic distribution to which the observed distances can be
compared, which implies that MCA does not support significance testing and is
instead a more appropriate exploratory method.
Researchers will often refer to previously published articles when planning a new study

because of the above stated challenges to perform successful CA andMCA in rheumatic
diseases studies. For this reason, it is important to correctly and clearly report method-
ology so that othersmay replicate and/or follow the existing study. The trick, of course, is
deciding on which article to use as a correct template!11 Because available information
for the clinical researcher is often difficult to understand and apply, the purpose of this
review is to develop recommendations for the application of these 2 methods in rheu-
matic disease research. The objectives of this review are to (1) describe and evaluate
the application of CA and MCA in rheumatic disease research (systematic review), (2)
evaluate the cluster/correspondence analysis based on reporting standards relevant
to the field of rheumatic disease research, (3) make recommendations for when and
how cluster/correspondence analysis can be applied in the field of rheumatic disease.
SYSTEMATIC REVIEW

In order to assist them in writing this review, the authors chose to perform a systematic
review of the rheumatology literature with the following inclusion criteria for articles
that (1) focused on a rheumatic disease, (2) used CA or correspondence analysis as
the statistical analysis method.

Methods

The authors conducted a search for CA and MCA in rheumatology. The search was
done at University of Toronto usingMEDLINE (OVID), and themethods used to perform
the systematic review were based on the Prisma guidelines12 with information from
included articles extracted by 2 authors; a third author resolved any disagreement. A
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detailed search was conducted with the title, abstract, and keyword terms found
in Table 1 and was limited to journal articles in the English language from 2000 to
late October 2017 on diseases more commonly found in research. In total, 181 articles
were retrieved and 101 studies were suitable for review (Fig. 1). For details of data
extraction, please refer to Table S1 in the supplementary material.

Results

All articles reviewed were published after the year 2000, with most articles (72.3%)
published between the years 2009 and 2017 (Fig. 2). An increasing trend in studies
for both cluster and corresponding analyses was observed over the study period.
Of the 101 articles, the top 3 publication journals were Arthritis Research and Therapy
(12 of 101, 11.9%), Arthritis and Rheumatism (9 of 101, 8.9%), Annals of Rheumatic
Disease (8 of 101, 7.9%), and Arthritis Care and Research (8 of 101, 7.9%). The remain-
ing articles were retrieved from 39 other journals. The top 3 out of 22 countries of the
corresponding authors were the United States (21 of 101, 22.8%), Netherlands (14 of
101, 13.8%), and Canada (7 of 101, 6.9%). When considering journal impact factors
and study sample size of the articles, the median impact factor of reviewed articles
was 3.3 (interquartile range [IQR] 2.8), the median H-index of reviewed articles was
21 (IQR 30), and the median study sample size was 105 (IQR 415).

Rheumatic diseases
The most common rheumatic diseases studied were arthritis (43 of 101, 42.5%) fol-
lowed by lupus (21 of 101, 20.8%) and pediatric rheumatic disease (15 of 101, 14.8%).

Multivariate methods and standards used
Of all the reviewed articles, 12 of 101 (11.9%) used MCA, whereas 91 of 101 (88.1%)
used CA. Among the studies that used CA, the vast majority (88.3%) had less than 6
clusters in the final formation of cluster partitions, 22 (28.6%) had 2 clusters, 29
(37.7%) had 3 clusters, 8 (10.4%) had 4 clusters, and 9 (11.7%) had 5 clusters.

Cluster analysis
When considering the 5 standards from Aldenderfer and Blashfield11,13 (Table 2), 33 of
91 (36.2%) of the CA articles reviewed correctly reported all 5 criteria:

� Criteria 1 (software used): Considering all the articles in both cluster and corre-
spondence analysis, 26 of 101 (25.7%) of the articles used SPSS, 16 of 101
(15.8%) used R, 13 of 101 (12.9%) used SAS, 7 of 101 (6.9%) used Cluster
Table 1
Search terms from MEDLINE (OVID) queries

Query Results

(Arthritis.ti,ab,kw or lupus.ti,ab,kw or dermatomyositis.ti,ab,kw or
polymyositis.ti,ab,kw or scleroderma.ti,ab,kw or systemic sclerosis.ti,ab,kw or
Sjogren’s syndrome.ti,ab,kw or Raynaud’s.ti,ab,kw or vasculitis.ti,ab,kw) AND
(cluster analysis.ti,ab,kw or k means.ti,ab,kw or hierarchical analysis.ti,ab,kw)

167 items

(Arthritis.ti,ab,kw or lupus.ti,ab,kw or dermatomyositis.ti,ab,kw or
polymyositis.ti,ab,kw or scleroderma.ti,ab,kw or systemic sclerosis.ti,ab,kw or
Sjogren’s syndrome.ti,ab,kw or Raynaud’s.ti,ab,kw or vasculitis.ti,ab,kw or
inflammatory marker*.ti,ab,kw or autoinflammatory.ti,ab,kw) AND
(correspondence analysis.ti,ab,kw)

16 items

* The inflammatory marker* will search for words with marker as prefix, and was used to avoid
missing terms that are phrased differently. Therefore, it is a wildcard symbol used by search engine
syntax.



Fig. 1. Systematic review flow diagram.

Fig. 2. Count of articles using CA or correspondence analysis as indicated in the legend by
4 years from 2001 to 2016.
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Table 2
Reporting standards for cluster analysis and multiple correspondence analysis

Methods CAa MCAb

Description A multivariate technique that reveals
hidden structures by grouping
objects with similar characteristics
into homogenous groups while
maximizing heterogeneity across
groups. It is important to identify
groups when it is not clear which
entity belongs to which group, and
how many groups may best be used
to cluster the entities

A multivariate technique that
represents a complex nominal
categorical dataset in a low-
dimensional graphical form. It can
simplify complex data from a large
multiway table into a simpler display
of categorical variables while
preserving all of the valuable
information in the dataset

Assessment
criteria

1. Software reported (R, SAS, SPSS)
2. Similarity measurements (Euclidean

distance, Pearson’s correlation)
3. CA methods (hierarchical or

nonhierarchical)
4. How to determine the number of

clusters (criterion such as pseudo-F
statistic)

5. Statistical methods for validation
clusters (such as sensitivity analysis)

1. Significance of dependencies (c2

statistic can be used to examine
whether there is a significant
dependency between rows and
columns of the contingency table)

2. Dimensionality of solution
(determine the appropriate number
of dimensions that can explain the
most variability [called inertia] in the
model.)

3. Interpreting the axes (interpret by
way of the contribution that each
element makes toward the total
inertia accounted for by the axis)

4. The quality of representation
(determining the quality of
representation of a row or column
provides additional richness to the
interpretation of the relationships)

a Aldenderfer and Blashfield,13 1984.
b Adapted from Bendixen,9 2003.
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3.0, and 6 of 101 (5.9%) used JMP. Other software included Java Treeview; Tib-
coSportfire; Matlab, and Python, and so forth. Nineteen of 101 (17.9%) articles
did not report the software used.

� Criteria 2 (similarity measurements): Among all the articles that performed CA,
40 of 91 reported similarity measurements with 25 using Squared Euclidean dis-
tance and 9 using other metrics like Pearson correlation (4 of 101, 3.9%), Log
likelihood distance (4 of 101, 3.9%), and Jaccard index (1 of 101, 0.9%).

� Criteria 3 (CA methods): Among these articles that use CA, 72 of 91 (79.1%) re-
ported hierarchical clustering methods; 35 of 91 (38.5%) reported nonhierar-
chical clustering methods. Finally, among these 35 articles, 34 of 35 (97.1%)
clearly stated they used k-means as nonhierarchical clustering methods.

� Criteria 4 (how to determine the number of clusters): About half (51 of 101) the
articles wrote the criteria of how to identify the number of clusters, with more
than 30% using dendrogram and about 20% using clinical features to estimate
the appropriate number. Most conducted a hypothesis test to describe the asso-
ciation or mean difference between the clusters, like c2 tests or t tests. Less than
10% of the articles conducted a sensitivity analysis, such as bootstrap or leave-
one-out cross-validation.
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� Criteria 5 (statistical methods for the validation clusters): Criteria 5 is primarily ex-
plained by clinical meanings while also recommended to use sensitivity analysis
such as randomly dividing the study sample into 2 halves to repeat the CA on
each, or to repeat the CA in a different sample drawn from the same population.
More than half of the articles performed postanalysis (80 of 101, 79.9%) to vali-
date the number of clusters and partitions of the clusters. The common postanal-
ysis methods are similar as those criteria, such as c2 test, Fisher’s exact test,
t test, and analysis of variance. Therefore, except for the way the validation
was reported, there was no distinct difference between postanalysis and criteria
for the validation of the clusters. For example, 10 of 33 articles (30.3%) that used
c2 clearly stated it as criterion. Two of 18 (11.1%) articles that used Fisher’s exact
test clearly stated it as one criterion.

Multiple correspondence analysis
According to the criteria the authors have adopted from previous research7,9 to eval-
uate the quality of reporting MCA (see Table 2), only 1 of 12 articles met all 4 criteria:

� Criterion 1 (Significance of Dependencies: c2 statistics can be used to examine
whether there is a significant dependency between rows and columns of the con-
tingency table). Only 1 of 12 (8.4%) articles reported the cutoff threshold in the
dependency test.

� Criterion 2 (Dimensionality of the Solution: determine the appropriate number of
dimensions that can explain the most variability [called inertia] in the model).
Consider including in the solution any dimensions contributing (as a percent)
more than the maximum of 100% per number of columns or number of rows.
The sum of the percentages of the solution is called retention (where the higher
the better). There were 10 of 12 (83.33%) articles reporting the dimensionality
of the solution, most in terms of the total percentages of retention with some
also reported as the contributed inertia of one variable to each dimension.

� Criterion 3 (Interpreting the Axes: decide whether to interpret the axes in terms of
rows or columns and then interpret by way of the contribution that each element
makes toward the total inertia accounted for by the axis). There were 10 of
12 (83.33%) articles able to interpret the factors by graphical visualization in
the biplot, indicating the more distant a point is from the origin, the higher its
contribution is.

� Criterion 4 (the Quality of Representation: Determining the quality of represen-
tation of a row or column provides additional richness to the interpretation of
the relationships. It can be measured by the contributions to the total c2 statistic
or further a standardized Pearson’s residual14). There were 2 of 12 (16.6%) ar-
ticles able to report Pearson’s residual to check the strength of the
associations.
DISCUSSION

This review has revealed an increase over time in studies adopting cluster and multiple
corresponding analyses in rheumatic disease after the year 2000. This increase parallels
the increase in available clinical data from electronic research databases, repositories,
and registries. Data are fundamentally changing the way research is done and creating
new opportunities to learn things that were either unlearnable or would not have been
feasible.15With sophisticated new approaches to analyzing data comes the need for sta-
tistical oversight.Not surprisingly, thissystematic review found that there isaneed forbet-
ter standardized reporting of CA and MCA in the rheumatic disease research literature.
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The major use of the CA and correspondence analysis was for both grouping pa-
tients and variable selection. It was common to use these 2 methods to identify
phenotypic groups of patients by various factors related to rheumatic diseases.16–18

Patients can be characterized on either feature variables that were relating to clini-
cally assessed symptoms or laboratory-recorded measurements19–21 or features
based on the findings of groups of genes that had similar biological functions.22,23

Many studies worked on identifying medical patient groups in need of targeted inter-
ventions or drug response or medical prognosis.24,25 MCA was also used for the veri-
fication of developed diagnostic criteria for rheumatic diseases.26,27 Although there is
an increasing number of investigators who are choosing to use these methods, many
studies were not reporting these analyses with sufficient rigor.
Based on the authors’ systematic review, the median sample size in the reviewed

articles was just more than 100, reflecting the limitation and dimension of rheumatic
disease studies. Formann28 suggests the minimal sample size to include is no less
than 2m (m being the number of clustering variables). For example, if there are 7 vari-
ables involved in the clustering, a minimum of 128 patients would be required. In
MCA, there are fewer clear guidelines relating to sample size requirements. Given
the strong sensitivity of MCA to small changes, it has been recommended to include
20 cases per active category (levels across all variables).29 For example, an analysis
of 10 active categories would require at least 200 cases. However, it is easier to
remember that more is better, always. If underpowered, the risk of spurious results
increases, and one needs to consider this when interpreting and generalizing find-
ings. Most of these studies were performed in North America and Europe which
may be due to the higher intensity of research in rheumatology among these coun-
tries. The relatively high median corresponding investigators’ H-index and impact
factors of the publishing journals suggest a need for more experienced and senior-
level researchers. The barrier researchers face is the requirement for statistical exper-
tise to undertake these types of multivariate analyses and very often it is easier to
overlook such methods than it is to find a collaborator to engage in them.
EVALUATION OF CLUSTER ANALYSIS/MULTIPLE CORRESPONDENCE ANALYSIS
BASED ON REPORTING STANDARDS

Most studies used CA as opposed to MCA. CA is more like a general task than a spe-
cific algorithm that can be achieved by various approaches. The way to constitute the
cluster can differ significantly. Clustering using distance functions requires formation
in such a way that any 2 objects within a cluster have a minimum and any 2 objects
across different clusters have a maximum distance value. The distance functions
can differ significantly depending on the choice of similarity measurement.
The reporting on similarity measurements was found to be the most commonly

missing standard. A similarity measurement needed to be identified before the cluster
method was conducted to form the group. Most reported distance functions included
Euclidean distance, Pearson correlation, and log likelihood distances in the authors’
review. Among the articles that reported the choice of similarity measurement, it
was not clear whether the researchers intended to choose the similarity measurement
by the nature of the study or by the default of the software they were using, because
very rare articles reported the reason to decide which one to use. It is suggested to
consider Euclidean distance with uncorrelated and equal variance measurements,
and other metrics such as Pearson’s correlation or log likelihood distance when
adjusting for correlation and unequal variance.30 Once the distance function has
been chosen, one then needs to decide on the approach.
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RECOMMENDATIONS FOR THE APPLICATION OF CLUSTER ANALYSIS/MULTIPLE
CORRESPONDENCE ANALYSIS
Cluster Analysis

Clustering algorithms can be categorized broadly into the following categories: hierar-
chical clustering, nonhierarchical clustering, and density-based clustering (such as
2-step clusters). Hierarchical clustering can be either agglomerative or divisive.
Agglomerative is more commonly used, which includes the different linkages (single,
complete, and average, for example) and is used to merge a dataset into a sequence
of nested partitions from each case. Nonhierarchical clustering method such as
k-means iteratively estimates the cluster means and assigns each case to the cluster
for optimized partition. It is always required to know the number of clusters before per-
forming k-means. Many studies reported using nonhierarchical k-means without hier-
archical cluster methods to form the clusters. It might be partially because of the
researchers having prior clinical knowledge to determine the number of clusters,
more possibly to reflect the lack of knowledge to perform CA in a rigorous manner
to deal with the complexity and unforeseen classifications. Based on the authors’ re-
view, it is suggested to perform a hierarchical cluster method to determine the opti-
mized number of clusters before a nonhierarchical cluster method to obtain the
optimized partitions under the obtained the optimized number of clusters. Two-step
cluster method is also encouraged to use with mixed continuous and categorical anal-
ysis. Besides the necessity to choose which method to use, how to determine the
number of clusters is very important in CA.
When performing CA, number of clusters less than 2 may not be meaningful to

reflect the reasonable characteristics in distinct groups, whereas a large number of
clusters is harder to interpret and is sometimes confusing. This reason was probably
why 3 clusters were found to be reported most commonly in the articles of the authors’
systematic review. Most of the studies explained clinical foundations for the obtained
clusters in the postanalysis to validate the cluster partitions, as supported by further
statistical tests such as c2/Fisher’s exact test/Mann-Whitney U test, dendrograms/
heat map, AIC/BIC, t test, F test. In addition, although the goal of CA is to have distinct
clusters with the distance as separate as possible, it is common to see overlap be-
tween the clusters. It is interesting to look for patients who are very close and associ-
ated with another cluster as a means to better understand the abnormality and
mechanism. Therefore, the procedures used to determine the number of clusters
and to validate the clusters should include insight from clinical evidence. Therefore,
the procedures used to determine the number of clusters and to validate the clusters
should include insight from clinical evidence as this helps to explain the clinical signif-
icance of cluster partitions. Clearly, clinical knowledge can reduce the complexity of a
CA and provide guidance for the form of clusters, but it may, if one is not careful, also
bring some bias to the cluster partitions. Specifically, it is not recommended to directly
use prior clinical knowledge to decide the number of groups without performing clus-
tering techniques objectively ahead of time. Clinical insight is best used to lay the
groundwork for an objective statistical analysis and then again when validating results.
In addition, one should see that clinical expertise plays a fundamental role throughout
the whole study from beginning to end for MCA.
Multiple Correspondence Analysis

MCA is an exploratory nonparametric statistical method that represents a complex
nominal categorical dataset in a low-dimensional graphical form. Rows (often
assigned to a disease type, for example) and/or columns (often assigned to predictors)



Cluster Correspondence Analysis in Rheumatology 357
with comparable patterns of counts will have points that are close together on the
biplot. The goal of MCA is to explain the most variance (called inertia) in the model
in the least number of dimensions (also referred to as decomposition). The inertia
determines the spatial representations, and dimension that has higher inertia coordi-
nates will be heavily weighted in the graphs. The distance between the points in
the graphs, defined according to a c2 metric, indicates the dissimilarities between
categories.
Based on the authors’ review, the quality of reporting the correspondence analysis

lacked consistency in various ways. Dependency test and the strength of the associ-
ation between the categories were frequently missing; this may be because re-
searchers were not aware of its importance. When reporting the dimensionality of
solution, it is suggested to provide the significance of the dependency test, or the
explanation of the cutoff threshold to form the solutions, which is a percentage of
the maximum between the 100% divided by the row or column number. Meanwhile,
although determining the quality of representation of a particular row or column can
be graphically visualized by the distance of the variable between the centroid, it would
be better to test the strength of these associations using a c2 test and then report a
Pearson residual of the table, which was equal to the deviation between the observed
conditional frequency and expected frequency. These residuals allow for one to use a
simple test to determine those cells that deviate fromwhat is expected under indepen-
dence: the larger the absolute value of residuals, the stronger than expected associ-
ation between the categories.

Value Added

Although the above discussions were more focused on the statistical aspects to
perform and validate both analyses, it should be noted that when conducting either
method, clinical expertise and direct involvement are beneficial throughout the anal-
ysis. Clinicians need to decide from the beginning in CA the selection of factors of in-
terest, help in determining the number of clusters that is at the same time clinically
relevant and easily interpretable, and finally, validate the resulting clusters and provide
insight to their meaning and generalizability. Similarly, clinicians play a fundamental
role in MCA in deciding the number of dimensions to be considered in the solution,
interpreting the meaning of the axes (dimensions) and quality of representation. As
both of these methodologies are data driven and often underpowered in this field of
research, they are best suited to exploratory/hypothesis-generating studies.
ILLUSTRATED EXAMPLE OF CLUSTER ANALYSIS AND MULTIPLE CORRESPONDENCE
ANALYSIS

To illustrate the proper reporting of the studies from CA and correspondence analysis,
the following 2 articles are selected as examples that separately followed the stan-
dards well.

Cluster Analysis Example

Background
The article by Mahr and colleagues31 is a CA to investigate the classification of clinical
phenotypes of antineutrophil cytoplasmic antibody-associated vasculitis (AAV). The
study was based on 673 patients diagnosed as having granulomatosis with polyangii-
tis (GPA) and microscopic polyangiitis (MPA) between 1995 and 2003. GPA and MPA
were subgroups of antibody-associated vasculitis (AAV), which were heterogeneous
entities with overlapping phenotypes. There were not exclusive associations, and
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there was substantial overlap in the expression of GPA and MPA. Because of the na-
ture of heterogeneous entities with overlapping phenotypes of GPA and MPA, it is
challenging to subcategorize GPA and MPA as well as to reconcile the classification
with the broader concept of AAV.

Cluster analysis methods (with similarity measurement and software)
To build homogeneous clusters of patients, a 2-step CA with agglomerative hierarchi-
cal clustering based on theWard method followed by K-means was conducted in SAS
and R. A total of 11 characteristics at trial entry were used as input variables: renal,
lung, ear/nose/throat, eye, skin, neurologic, cardiovascular (CV) and gastrointestinal
(GI) disease, sex, and ANCA status and type (PR3-ANCA or MPO-ANCA). Input vari-
ables were coded as present or absent. The metric used to assess the proximity be-
tween 2 classes was the Euclidian distance.

How to determine the number of clusters
The clustering process was plotted as a dendrogram, and 2 distinct approaches were
used for estimating the optimal number of clusters: a visual distance criterion by cut-
ting the dendrogram horizontally at the level of highest dissimilarity (ie, where the ver-
tical branches were the longest) and the gain in within-cluster inertia achieved at each
clustering step.

Validation for the classification
Survival and relapse analyses were performed to test whether the classes had prog-
nostic value and to describe the patient population and GPA and MPA characteristics
and CV and GI manifestations. Classification trees were manually constructed based
on the most discriminant characteristics of the obtained classes to test how accurately
class membership could be predicted. Predictive accuracy (the observed number [%]
of individuals allocated to the predicted classes) and model parsimony were both
considered in selecting the best classification trees.

Reproducibility of the classification
Two sensitivity analyses were performed to evaluate the stability of the cluster parti-
tions. First, the cluster algorithm was repeated 5 times by excluding data from one trial
at a time. Second, 1000 iterations of the clustering process performed randomly to
select subsets to 50% of the entire dataset.
It should be noted that the recommendation of sensitivity analysis is not necessary.
Correspondence Analysis Example

The above article conducted MCA to use the coordinates of the observations on the
retained factorial axes as new variables for the CA. It was not enough detail reported
for the selection and interpretation of the obtained solutions. The article by
Kuemmerle-Deschner and colleagues27 had a better description of the interpretation
of the correspondence analysis.
In this study, MCA was performed in SAS to assess the multidimensional relation-

ship between putative diagnosis variable for a rare and heterogenous autoinflamma-
tory disease, cryopyrin-associated periodic syndrome and patient diagnoses.
When reporting the findings of the MCA, the study reported the dimensionality of the

solution as a retention of 78.8% total inertia (dimensionality of the solution) for a
2-dimensional solution (see supplementary Table S3 in Ref.27) as determined by trace
analysis for dependencies (c2 5 2696.6, df 5 78, P<.0001) and test for dimensionality
(axis inertia >16.7%). The study also provided the graphic interpreting of the axes. The
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quality of representation of a specific row or column has been provided as contribu-
tions to the total c2 statistic and Pearson’s residuals.

SUMMARY

This review has revealed an increase in studies making use of both cluster and MCA in
rheumatic disease research since the millennium. There is a need for standardization
in the way CA and MCA are reported in rheumatology journals. Clear guidelines for
conducting and reporting CA in this area were suggested in this review.
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Supplementary Table S1

Obs Title Journal Year

1 Nailfold capillaroscopy in systemic sclerosis: Data from the EULAR
scleroderma trials and research(EUSTAR) database

Microvascular Research 2013

2 Dispositional Affect in Unique Subgroups of Patients with Rheumatoid
Arthritis

Pain Research and Management 2016

3 Patients with Juvenile Psoriatic Arthritis Comprise Two Distinct Populations Arthritis & Rheumatism 2006

4 Cluster Analysis of Autoantibodies in 852 Patients with Systemic Lupus
Erythematosus from a Single Center

The Journal of Rheumatology 2014

5 Different disease subtypes with distinct clinical expression in familial
Mediterranean fever: results of a cluster analysis

Rheumatology 2016

6 Genetic imprinting of autoantibody repertoires in systemic lupus
erythematosus patients

Clinical and Experimental Immunology 2008

7 Fibroblast-Like Synoviocytes Derived from Patients With Rheumatoid
Arthritis Show the Imprint of Synovial Tissue Heterogeneity: evidence of a
link between an increased myofibroblast-like phenotype and high-
inflammation synovitis.

Arthritis & Rheumatism 2005

8 Radiologic Patterning of Joint Damage to the Foot in Rheumatoid Arthritis Arthritis Care & Research 2014

9 Cytokine correlation analysis based on drug perturbation Cytokine 2017

10 Differential cytokine profiles in juvenile idiopathic arthritis subtypes
revealed by cluster analysis

Rheumatology 2009

11 Correlation and cluster analysis of immunomodulatory drugs based on
cytokine profiles

Pharmacological Research 2018

12 Gene expression profiles in the rat streptococcal cell wall-induced arthritis
model identified using microarray analysis

Arthritis Research & Therapy 2005

13 Functional outcome and subset identification in RA patients frommeridional
Europe: analysis of a Spanish cohort

Clinical Rheumatology 2003

14 Synovial membrane protein expression differs between juvenile idiopathic
arthritis subtypes in early disease

Arthritis Research & Therapy 2014

15 Development of a Tool for Early Referral of Children and Adolescents with
Signs and Symptoms Suggestive of Chronic Arthropathy to Pediatric
Rheumatology Centers

Arthritis & Rheumatism 2006

(continued on next page)

C
lu
ste

r
C
o
rre

sp
o
n
d
e
n
ce

A
n
a
lysis

in
R
h
e
u
m
a
to
lo
g
y

3
6
0
.e
1



Supplementary Table S1
(continued )

Obs Title Journal Year

16 Characterization of histopathology and gene-expression profiles of synovitis
in early rheumatoid arthritis using targeted biopsy specimens

Arthritis Research & Therapy 2005

17 Classification of chondroitin sulfate A, chondroitin sulfate C, glucosamine
hydrochloride and glucosamine 6 sulfate using chemometric techniques

Journal of Pharmaceutical and Biomedical Analysis 2005

18 Circulating and synovial antibody profiling of juvenile arthritis patients by
nucleic acid programmable protein arrays

Arthritis Research & Therapy 2012

19 Radiological study of joint destruction patterns in rheumatoid flatfoot Clinical Rheumatology 2008

20 The Effect of Inversion at 8p23 on BLK Association with Lupus in Caucasian
Population

Plos One 2014

21 Comparison of Multiplex Suspension Array Large-Panel Kits for Profiling
Cytokines and Chemokines in Rheumatoid Arthritis Patients

Cytometry Part B Clinical Cytometry 2009

22 Autoantibodies in Pediatric Systemic Lupus Erythematosus: Ethnic Grouping,
Cluster Analysis, and Clinical Correlations

The Journal of Rheumatology 2009

23 Diagnostic criteria for cryopyrin-associated periodic syndrome CAPS Ann Rheumatic Disease 2017

24 Illness Perceptions and Fatigue in Systemic Vasculitis Arthritis Care & Research 2013

25 Revisiting the classification of clinical phenotypes of anti-neutrophil
cytoplasmic antibody-associated vasculitis: a cluster analysis.

Ann Rheumatic Disease 2013

26 Relationship between autoantibody clustering and clinical subsets in SLE:
cluster and association analyses in Hong Kong Chinese

Rheumatology 2013

27 Physical-activity coaching and health status in rheumatoid arthritis: A
person-oriented approach

Disability and Rehabilitation 2010

28 Diagnostic value of anti-human citrullinated fibrinogen ELISA and
comparison with four other anti-citrullinated protein assays

Arthritis Research & Therapy 2006

29 Cluster analysis of antinuclear autoantibodies in the prognosis of SLE
nephropathy: are anti-extractable nuclear antibodies protective?

Lupus 2000

30 Specific antinuclear antibodies are associated with clinical features in
systemic lupus erythematosus

Ann Rheumatic Disease 2004

31 Identification of case complexity and increased health care utilization in
patients with rheumatoid arthritis

Arthritis Care & Research 2001
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32 Prognostically distinct clinical patterns of systemic lupus erythematosus
identified by cluster analysis

Lupus 2009

33 CD163+ M2c-like macrophages predominate in renal biopsies from patients
with lupus nephritis

Arthritis Research & Therapy 2016

34 Non-Esterified Fatty Acids Profiling in Rheumatoid Arthritis Associations
with Clinical Features and Th1 Response

Plos One 2016

35 Scleroderma in South Australia further epidemiological observations
supporting a stochastic explanation

Internal Medicine Journal 2006

36 The papulopustular lesion/arthritis cluster of Behçet’s syndrome also clusters
in families

Rheumatology 2012

37 DNA methylome signature in rheumatoid arthritis Ann Rheumatic Disease 2013

38 Expert consensus for performing right heart catheterisation for suspected
pulmonary arterial hypertension in systemic sclerosis: a Delphi consensus
study with cluster analysis

Ann Rheumatic Disease 2014

39 The longitudinal relation between patterns of goal management and
psychological health in people with arthritis: The need for adaptive
flexibility

British Journal of Health Psychology 2016

40 Validation Study of Existing Gene Expression Signatures for Anti-TNF
Treatment in Patients with Rheumatoid Arthritis

Plos One 2012

41 Common Patterns of Person-Environment Interaction in Persons With
Rheumatoid Arthritis

Western Journal of Nursing Research 2001

42 Elevated IgG autoantibody production in oligoarticular juvenile idiopathic
arthritis may predict a refractory course

Clinical and Experimental Immunology 2011

43 Dynamic expression of microRNAs in M2b polarized macrophages associated
with systemic lupus erythematosus

Gene 2014

44 APCA fine-specificity profiles in early rheumatoid arthritis patients do not
correlate with clinical features at baseline or with disease progression

Arthritis Research & Therapy 2013

45 Computational Design and Application of Endogenous Promoters for
Transcriptionally Targeted Gene Therapy for Rheumatoid Arthritis

Molecular Therapy 2009

46 Gene expression analysis of rheumatoid arthritis synovial lining regions by
cDNA microarray combined with laser microdissection up-regulation of
inflammation-associated STAT1, IRF1, CXCL9 CXCL10, and CCL5

Scandinavian Journal of Rheumatology 2012

(continued on next page)
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Supplementary Table S1
(continued )

Obs Title Journal Year

47 Transcriptome analysis reveals specific changes in osteoarthritis synovial
fibroblasts

Ann Rheumatic Disease 2012

48 Analysis of SF and plasma cytokines provides insights into the mechanisms of
inflammatory arthritis and may predict response to therapy

Rheumatology 2012

49 Effect of Corticosteroids and Cyclophosphamide on Sex Hormone Profiles in
Male Patients with Systemic Lupus Erythematosus or Systemic Sclerosis

Arthritis & Rheumatology 2017

50 The Effect of Genotype on Methotrexate Polyglutamate Variability in
Juvenile Idiopathic Arthritis and Association with Drug Response

Arthritis & Rheumatism 2011

51 Peripheral Immunophenotyping Identifies Three Subgroups Based on T Cell
Heterogeneity in Lupus Patients.

Arthritis & Rheumatology 2017

52 The meaning of clinical remission in polyarticular juvenile idiopathic arthritis
Gene expression profiling in peripheral blood mononuclear cells identifies
distinct disease states

Arthritis & Rheumatism 2009

53 Cluster analysis to classify gait alterations in rheumatoid arthritis using peak
pressure curves

Gait & Posture 2009

54 Differential expression of pro-inflammatory cytokines IL-15Ralpha, IL-15, IL-6
and TNFalpha in synovial fluid from Rheumatoid arthritis patients

BMC Musculoskeletal Disorders 2015

55 Multiplex serum protein analysis reveals potential mechanisms and markers
of response to hyperimmune caprine serum in systemic sclerosis

Arthritis Research & Therapy 2017

56 Correlation of CXCL10, tumor Necrosis Factor Receptor Type II and Galectin 9
With Disease Activity in Juvenile Dermatomyositis

Arthritis & Rheumatology 2014

57 The Biologic Basis of Clinical Heterogeneity in Juvenile Idiopathic Arthritis Arthritis & Rheumatology 2014

58 Gene expression profiling in neutrophils from children with polyarticular
juvenile idiopathic arthritis

Arthritis & Rheumatism 2009

59 Reliability and validity of the Italian version of the hand functional disability
scale in patients with systemic sclerosis

Clinical Rheumatology 2008

60 The representation of getting ill in adolescents with systemic lupus
erythematosus

Revista Brasileira de Reumatologia 2016
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61 Outcome of patients with autoimmune diseases in the intensive care unit: a
mixed cluster analysis

Lupus Science & Medicine 2015

62 Trajectories of fear-avoidance beliefs on physcial activity over two years in
people with rheumatoid arthritis

Arthritis Care & Research 2017

63 Quantification of differences between nailfold capillaroscopy images with a
scleroderma pattern and normal pattern using measures of geometric and
algorithmic complexity

Physiological Measurement 2017

64 Expression of a pathogen-response program in peripheral blood cells defines
a subgroup of Rheumatoid Arthritis

Genes and Immunity 2008

65 Distinct Phenotype Clusters in Childhood Inflammatory Brain Diseases:
implications for diagnostic evaluation.

Arthritis & Rheumatology 2014

66 Development and psychometric validation of a patient-reported outcome
measure to assess fears in rheumatoid arthritis and axial spondyloarthritis:
the Fear Assessment in Inflammatory Rheumatic diseases (FAIR)
questionnaire

Ann Rheumatic Disease 2017

67 Comparison of autoantibody specificities between traditional and bead-
based assays in a large, diverse collection of SLE patients and family
members

Arthritis & Rheumatology 2012

68 Identification of a new disease cluster of pemphigus vulgaris with
autoimmune thyroid disease, rheumatoid arthritis and type I diabetes

British Journal of Dermatology 2015

69 Two Major Spondylarthropathy Phenotypes Are Distinguished by Pattern
Analysis in Multiplex Families

Arthritis & Rheumatism 2005

70 Challenges in Diagnosing Muckle-Wells Syndrome: Identifying Two Distinct
Phenotypes

Arthritis Care & Research 2014

71 Proteomics to predict the response to tumour necrosis factor a inhibitors in
rheumatoid arthritis using a supervised cluster-analysis based protein
score

Scandinavian Journal of Rheumatology 2018

72 Spatial Heterogeneity of Systemic Sclerosis in France: High Prevalence in the
Northeast Region

Arthritis & Rheumatology 2016

73 Association of Fcg receptor IIIA variant with a subset of anti-topoisomerase I-
positive patients in systemic sclerosis: a descriptive pilot study

Rheumatology International 2012

74 Blood and synovial fluid cytokine signatures in patients with juvenile
idiopathic arthritis: a cross-sectional study

Ann Rheumatic Disease 2007

(continued on next page)
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Supplementary Table S1
(continued )

Obs Title Journal Year

75 Can anti-cyclic citrullinated peptide antibody-negative RA be subdivided
into clinical subphenotypes?

Arthritis Research & Therapy 2011

76 Defining Appropriate Outcome Measures in Pulmonary Arterial
Hypertension Related to Systemic Sclerosis: A Delphi Consensus Study with
Cluster Analysis

Arthritis & Rheumatism 2008

77 Childhood-onset systemic lupus erythematosus in Singapore: clinical
phenotypes, disease activity, damage, and autoantibody profiles

Lupus 2015

78 Early menopause and severity of rheumatoid arthritis in women older than
45 years

Arthritis Research & Therapy 2012

79 The Multiple Autoimmune Syndromes. A Clue for the Autoimmune
Tautology

Clinic Rev Allerg Immunol 2012

80 Psychological profiles in patients with Sjögren’s syndrome related to fatigue:
a cluster analysis.

Rheumatology 2015

81 Detection of Renal Hypoxia in Lupus Nephritis Using Blood Oxygen Level-
Dependent MR Imaging: A Multiple Correspondence Analysis

Kidney & Blood Pressure Research 2017

82 Patients’ perceptions of health-related quality of life in rheumatoid arthritis Clinical Rheumatology 2009

83 Patterns of psychosocial risk and long-term outcomes in rheumatoid arthritis Psychology Health & Medicine 2008

84 Long-term patterns of depression and associations with health and function
in a panel study of rheumatoid arthritis

J Health Psychol 2011

85 Influence of ethnicity on childhood-onset systemic lupus erythematosus:
results from a multiethnic multicenter Canadian cohort

Arthritis Care & Research 2013

86 Matrix metalloproteinase protein expression profiles cannot distinguish
between normal and early osteoarthritic synovial fluid

BMC Musculoskeletal Disorders 2012

87 Decline in Hand Bone Mineral Density Indicates Increased Risk of Erosive
Change in Early Rheumatoid Arthritis

Arthritis Care & Research 2014

88 Antinuclear Antibody-Positive Patients Should Be Grouped as a Separate
Category in the Classification of Juvenile Idiopathic Arthritis

Arthritis & Rheumatism 2011

89 Identification of initial severity determinants to predict arthritis after
chikungunya infection in a cohort of French gendarmes

BMC Musculoskeletal Disorders 2014
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90 Gene Expression Profile of the Synovium and Cartilage in a Chronic Arthritis
Rat Model

Artificial Cells Nanomedicine & Biotechnology 2012

91 Altered microbiota associated with abnormal humoral immune responses to
commensal organisms in enthesitis-related arthritis

Arthritis Research & Therapy 2014

92 Predicting Which Children with Juvenile Idiopathic Arthritis Will Have a
Severe Disease Course: Results from the ReACCh-Out Cohort

The Journal of Rheumatology 2017

93 Comparative Assessment of Essential and Toxic Metals in the Blood of
Rheumatoid Arthritis Patients and Healthy Subjects

Biological Trace Element Research 2012

94 Mapping Perceptions of Lupus Medication Decision-Making Facilitators: The
Importance of Patient Context

Arthritis Care & Research 2016

95 Multispectral analysis of bone lesions in the hands of patients with
rheumatoid arthritis

Magnetic Resonance Imaging 2004

96 The interferon type I signature towards prediction of non-response to
rituximab in rheumatoid arthritis patients

Arthritis Research & Therapy 2012

97 Pain Behavior in Rheumatoid Arthritis Patients: Identification of Pain
Behavior Subgroups

J Pain Symptom Manage 2008

98 Longitudinal Treatment Patterns and Associated Outcomes in Patients with
Newly Diagnosed Systemic Lupus Erythematosus

Clinical Therapeutics 2016

99 Peripheral blood gene expression profiling in rheumatoid arthritis Genes and Immunity 2005

100 Molecular subtypes of systemic sclerosis in association with anti-centromere
antibodies and digital ulcers

Genes and Immunity 2009

101 Streptobacillus hongkongensis sp. nov., isolated from patients with quinsy
and septic arthritis, and emended descriptions of the genus Streptobacillus
and Streptobacillus moniliformis

International Journal of Systematic and Evolutionary micrbiology 2014

Obs Corresponding_Author Institution Country Hindex

1 Ingegnoli, Francesca Universita degli Studi di Milano, Department of Clinical Sciences and
Community Health

Italy 22

2 Rice, Danielle Lawson Health Research Institute, Rehabilitation and Geriatric Care Program Canada 3

3 Nigrovic, Peter Andrija Brigham and Women’s Hospital, Immunology and Allergy US 31

4 Giacomozzi, C. Istituto Superiore Di Sanita, Rome, Department of Cardiovascular Diseases Italy 16

(continued on next page)
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Supplementary Table S1
(continued )

Obs Corresponding_Author Institution Country Hindex

5 Akar, Servet _Izmir Katip Çelebi University University School of Medicine, Department of
Internal Medicine, Division of Rheumatology

Turkey 24

6 Silverman, Gregg J. Rheumatic Diseases Core Center and the Laboratory of B-cell
Immunobiology

US 48

7 Verweij, Cornelis L. VU Medical Center, Department of Molecular Cell Biology and Immunology Netherlands 52

8 Matsumoto, Takumi Department of Rheumatology, Yugawara KoseiNenkin Hospital Japan 11

9 Tilevik, Andreas Hogskolan Skovde, Systems Biology Research Centre Sweden 0

10 Henk-Jan van den Ham Theoretical Biology and Bioinformatics, Utrecht University Netherlands 0

11 Tilevik, Andreas Hogskolan Skovde, Systems Biology Research Centre Sweden 0

12 Rioja, Inmaculada Rheumatoid Arthritis Disease Biology Department, GlaxoSmithKline UK 11

13 Rodrı́guez-Valverde Hospital Universitario, Division of Rheumatology Spain 31

14 Gibson, David S. Arthritis Research Group, Queen’s University Belfast UK 14

15 Len, Cláudio Arnaldo Universidade Federal de Sao Paulo, Escola Paulista de Medicina Brazil 17

16 Nose, Masato Ehime University, Department of Pathology Japan 41

17 Foot, M. University of Technology Sydney Australia 2

18 Gibson, David S. Queen’s University Belfast, Centre for Experimental Medicine UK 14

19 Hattori, Takako Department of Orthopedic Surgery, Osaka University Medical School Japan 9

20 Namjou, Bahram Cincinnati Children’s Hospital Medical Center US 22

21 Khan, Imran UC Davis, Center for Comparative Medicine US 13

22 Silverman, Earl Division of Rheumatology, Hospital for Sick Children Canada 64

23 Kuemmerle-Deschner, Jasmin B Division of Pediatric Rheumatology, Department of Pediatrics, University
Hospital Tuebingen

Germany 25

24 Grayson, Peter C. Vasculitis Center, Section of Rheumatology, Boston University School of
Medicine

US 12

25 Mahr, Alfred Department of Internal Medicine, Hospital Saint-Louis, University Paris France 50

26 Lau, Yu Lung The University of Hong Kong Li Ka Shing Faculty of Medicine, Department of
Paediatrics and Adolescent Medicine

China 61
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27 Sjöquist, Emma S Division of Physiotherapy, Department of Neurobiology, Care Sciences and
Society, Karolinska Institutet

Sweden 2

28 Vander Cruyssen, Bert Vander Onze Lieve Vrouw Hospital, Department of Rheumatology Belgium 18

29 Tápanes, Francisco J. Universidad Central de Venezuela Facultad de Medicina Venezuela 5

30 Hoffman, Ilse E.A. Department of Rheumatology, Ghent University Hospital Belgium 16

31 Stiefel, Friedrich C Psychiatry Service, University Hospital Switzerland 27

32 To, Chihung Department of Medicine, Tuen Mun Hospital China 22

33 Daniel, Christoph Paul Universitatsklinik Erlangen und Medizinische Fakultat Germany 20

34 Suarez, Ana Universidad de Oviedo, Area of Immunology Spain 27

35 Thomson, Peter J. Department of Immunology, Allergy and Arthritis, Flinders Medical Centre Australia 19

36 Hatem, Glen Istanbul University, Cerrahpasa Faculty of Medicine, Department of Internal
Medicine

Turkey 21

37 Firestein, Gary S. Division of Rheumatology, Allergy and Immunology, University of California
San Diego School of Medicine

US 75

38 Avouac, Jrmeme Sorbonne Paris-Cité, Service de rhumatologie A, Hôpital Cochin, Paris
Descartes University

France 38

39 Arends, Roos Y. Department of Psychology, Health & Technology, Arthritis CentreTwente Netherlands 5

40 Coenen, Marieke Jh H. Department of Human Genetics, Radboud University Netherlands 33

41 Brauer Donna J. School of Nursing, University of Minnesota US 6

42 Stoll, Matthew Laurence UT Southwestern Medical Center US 16

43 Xiong, Sidong Institutes of Biology and Medical Sciences, Soochow University China 28

44 Ger, Prujin Department of Biomolecular Chemistry, Institute for Molecules and
Materials and Nijmegen Center for Molecular Life Sciences, Radboud
University

Netherlands 0

45 Fons AJ van de Loo Department of Molecular Biomedical Research Netherlands 0

46 Arakawa, Fumiko Department of Pathology, School of Medicine, Kurume University Japan 19

47 Pablos, JosLuis De Servicio de Reumatologia, Instituto de Investigación Hospital 12 de Octubre Spain 33

48 Edwards, Steven W University of Liverpool, Institute of Integrative Biology UK 44

(continued on next page)
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Supplementary Table S1
(continued )

Obs Corresponding_Author Institution Country Hindex

49 Gunnarsson, Iva Department of Medicine, Unit of Rheumatology, Karolinska University
Hospital, Karolinska Institute

Sweden 36

50 Becker, Mara L. Children’s Mercy Hospitals and Clinics, Pediatrics, Section of Rheumatology US 13

51 Tanaka, Yoshiya First Department of Internal Medicine, School of Medicine, University of
Occupational and Environmental Health

Japan 57

52 Jarvis, James N. Department of Pediatrics/Rheumatology, Oklahoma University Health
Services Center

US 21

53 Giacomozzi, C. Istituto Superiore Di Sanita, Rome, Department of Cardiovascular Diseases Italy 16

54 Santos, Alicia P. Pharmaceutical Division, Center for Genetic Engineering and Biotechnology Cuba 8

55 Denton, Christopher Paul UCL Medical School, Centre for Rheumatology and Connective Tissue
Diseases

UK 71

56 Royen-Kerkhof, Annet Van Laboratory for Translational Immunology, Department of Pediatric
Immunology, University Medical Center Utrecht

Netherlands 0

57 Yeung, Rae The Hospital for Sick Children, Department of Paediatrics Canada 27

58 Jarvis, James N. Pediatric Rheumatology Research, University of Oklahoma College of
Medicine

US 21

59 Ingegnoli, Francesca Department of Rheumatology, Istituto Gaetano Pini, University of Milan Italy 22

60 Resende, Ondina Lúcia Ceppas Hospital Federal dos Servidores do Estado Brazil 0

61 Anaya, Juan Manuel Center for Autoimmune Diseases Research (CREA), School of Medicine and
Health Sciences

Colombia 50

62 Demmelmaier, Ingrid Department of Neurobiology, Care Sciences and Society, Division of
Physiotherapy

Sweden 5

63 Urwin, Samuel George Microvascular Diagnostics Service, Northern Medical Physics and Clinical
Engineering Directorate, Newcastle upon Tyne Hospitals NHS Foundation
Trust

UK 2

64 TCTM van der Pouw Kraan Department of Molecular and Cellular Biology and Immunology, VU
University Medical Center

Netherlands 5

65 Benseler, Susanne M. Division of Rheumatology, Alberta Children’s Hospital Canada 35
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66 Boers, Maarten Department of Epidemiology and Biostatistics VU University Medical Center Netherlands 74

67 James, Judith A Oklahoma Medical Research Foundation US 55

68 Sinha, Animesh Amart University at Buffalo, State University of New York, Department of
Dermatology

US 25

69 Breban, Maxime A. Rheumatology Division Hôpital Ambroise Paré France 41

70 Benseler, Susanne M. Universitatsklinikum Tubingen Medizinische Fakultat Germany 35

71 Cuppen, Bart V.J. Department of Rheumatology and Clinical Immunology, University Medical
Center Utrecht

Netherlands 3

72 Meyer, Alain CHU Hautepierre, Service de Rhumatologie France 14

73 Magnant, Julie Universite Francois-Rabelais Tours, Service of Internal Medicine France 6

74 Prakken, Berent Jan University Medical Center Utrecht, Laboratory of Translational Immunology Netherlands 43

75 De Rooy, Diederik P.C. Leiden University Medical Center - LUMC, Department of Rheumatology Netherlands 12

76 Fürst, Daniel Eric Division of Rheumatology, Department of Medicine, David Geffen School at
UCLA

US 77

77 Arkachaisri, Thaschawee KKWomen’s and Children’s Hospital, Department of Pediatric Subspecialties Singapore 11

78 Pikwer, Mitra Department of Rheumatology, Institution of Clinical Sciences Sweden 5

79 Anaya, Juan Manuel Center for Autoimmune Diseases Research (CREA), School of Medicine and
Health Sciences

Colombia 50

80 Ninke van Leeuwen Department of Clinical and Health Psychology, Utrecht University 0

81 Zheng, Zhenfeng Department of Nephrology, Tianjin Medical University General Hospital China 9

82 Núñez, Montserrat J. Service of Rheumatology, Musculoskeletal Clinic Institute, Hospital Clinic Spain 18

83 Morris, Anne Arthritis Research Group, Department of Medicine, University of California US 19

84 Morris, Anne Bonham Arthritis Research Group, Department of Medicine, University of California US 19

85 Levy, Deborah Hospital for Sick Children, Division of Rheumatology Canada 51

86 Krawetz, Roman J. Department of Cell Biology and Anatomy, University of Calgary Canada 17

87 Proudman, Susanna M Rheumatology Unit, Royal Adelaide Hospital Australia 28

88 Ravelli, Angelo Universita degli Studi di Genova Italy 58

89 Marimoutou, Catherine French Military Center for Epidemiology and Public Health France 22

(continued on next page)
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Supplementary Table S1
(continued )

Obs Corresponding_Author Institution Country Hindex

90 Wang, Daping Department of Sports Medicine, Second People’s Hospital of Shenzhen China 12

91 Stoll, Matthew Laurence University of Alabama at Birmingham, Department of Pediatric
Rheumatology

US 16

92 Guzmn, Jaime R. Division of Pediatric Rheumatology, BC Children’s Hospital Canada 33

93 Shah, Munir H Quaid-i-Azam University, Department of Chemistry Pakistan 22

94 Singh, Jasvinder A. University of Alabama at Birmingham, Department of Medicine US 56

95 Lynch, John Andrew University of California, San Francisco, Department of Biostatistics and
Epidemiology

US 41

96 Verweij, Cornelis L. Department of Rheumatology, VU University medical center Netherlands 52

97 Keefe, Francis J. Department of Psychiatry & Behavioral Sciences, Pain Prevention and
Treatment Research, Duke University Medical Center

US 76

98 Kan, Hong Center for Population Health Information Technology, Department of
Health Policy and Management, Johns Hopkins University

US 12

99 Gregersen, Peter K. Robert S Boas Center for Genomics and Human Genetics, North Shore-Long
Island Jewish Research Institute

US 92

100 Verweij, Cornelis L. Department of Pathology, VU University Medical Center Netherlands 52

101 Woo, Patrick C.Y. The University of Hong Kong, Department of Microbiology China 58

Obs
Impact
Factor Diseases

Sample
Size Software

Similarity
Measurement

1 2.371 Systemic sclerosis 2754 Jaccard s coefficient

2 2.027 Rheumatoid Arthritis 227 SPSS Log-likelihood distance

3 7.477 Juvenile Psoriatic Arthritis 139 SPSS Log-likelihood distance

4 3.15 Systemic Lupus Erythematosus 852 SPSS Log-likelihood distance

5 4.818 FMF 1168 SPSS Log-likelihood distance

6 3.41 Systemic Lupus Erythematosus 38 Cluster
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7 7.477 Rheumatoid Arthritis 19 Cluster

8 3.319 Joint Damage to the Foot in Rheumatoid Arthritis 274 JMP

9 3.488 Rheumatoid Arthritis 4 R Software Pearson correlation

10 4.818 Juvenile Idiopathic Arthritis 151 R Software Pearson correlation

11 4.48 Arthritis 9 R Software; Python Pearson correlation

12 4.121 Rheumatoid Arthritis 75 SIMCA-P; Tibco Spotfire

13 2.365 Rheumatoid Arthritis 99 STATISTICA

14 4.121 Juvenile Idiopathic Arthritis 15 Pearson correlation

15 7.477 Chronic Arthropathies 119

16 4.121 Rheumatoid Arthritis 16 Cluster; Java Treeview Squared Euclidean distance

17 3.255 Arthritis 40 Excel; SIRIUS Squared Euclidean distance

18 4.121 Juvenile Idiopathic Arthritis 10 GraphPad Prism; Epclust Squared Euclidean distance

19 2.365 Rheumatoid flatfoot 216 JMP Squared Euclidean distance

20 2.806 Lupus 8068 Matlab Squared Euclidean distance

21 2.474 Rheumatoid Arthritis 6 R Software Squared Euclidean distance

22 3.15 Systemic Lupus Erythematosus 156 SAS Squared Euclidean distance

23 12.811 Cryopyrin-associated periodic syndrome 1121 SAS Squared Euclidean distance

24 3.319 Vasculitis 692 SAS Squared Euclidean distance

25 12.811 Vasculitis 673 SAS; R Software Squared Euclidean distance

26 4.818 Systemic Lupus Erythematosus 1928 SAS; SPSS Squared Euclidean distance

27 1.804 Rheumatoid Arthritis 146 SLEIPNER Squared Euclidean distance

28 4.121 Rheumatoid Arthritis 1204 SPSS Squared Euclidean distance

29 2.454 Systemic Lupus Erythematosus 91 SPSS Squared Euclidean distance

30 12.811 Systemic Lupus Erythematosus 235 SPSS Squared Euclidean distance

31 3.319 Rheumatoid Arthritis . SPSS Squared Euclidean distance

32 2.454 Systemic Lupus Erythematosus 1082 SPSS Squared Euclidean distance

33 4.121 Lupus Nephritis 68 SPSS; GraphPad Prism; R Software Squared Euclidean distance

(continued on next page)
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Supplementary Table S1
(continued )

Obs
Impact
Factor Diseases

Sample
Size Software

Similarity
Measurement

34 2.806 Rheumatoid Arthritis 124 SPSS; R Software Squared Euclidean distance

35 1.902 Scleroderma 352 STATA Squared Euclidean distance

36 4.818 Behc ets syndrome 500 Squared Euclidean distance

37 12.811 Rheumatoid Arthritis/ Osteoarthritis 22 Squared Euclidean distance

38 12.811 Systemic sclerosis 47 Squared Euclidean distance

39 2.551 331 Squared Euclidean distance

40 2.806 Rheumatoid Arthritis 42 Squared Euclidean distance

41 1.313 Rheumatoid Arthritis 66 BMDP

42 3.41 Oligoarticular juvenile idiopathic arthritis 54 Cluster; Java Treeview

43 3.6 Systemic Lupus Erythematosus 5 Cluster; Java Treeview

44 4.121 Rheumatoid Arthritis 374 Cluster; Java Treeview; SPSS

45 1.259 Rheumatoid Arthritis 201 Expande

46 2.667 Rheumatoid Arthritis 16 Gene Spring

47 12.811 Rheumatoid Arthiritis/ Osteoarthritis 20 GeneSpring; Cluster

48 4.818 Inflammatory arthritis 61 GraphPad Prism; R Software

49 6.918 Systemic Lupus Erythematosus 100 JMP

50 7.477 Juvenile Idiopathic Arthritis 104 JMP; SAS

51 6.918 Systemic Lupus Erythematosus 192 JMP; SPSS

52 7.477 Juvenile Idiopathic Arthritis 42 JMP; Tibco Spotfire; Excel

53 2.347 Rheumatoid Arthritis 90 Matlab

54 1.739 Rheumatoid Arthritis/ Osteoarthritis 60 MeV; GraphPad Prism

55 4.121 Systemic sclerosis . Netwalker

56 6.918 Juvenile dermatomyositis 25 Omniviz
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57 6.918 Juvenile Idiopathic Arthritis . Python; R Software

58 7.477 Juvenile Idiopathic Arthritis 41 R Software

59 2.365 Systemic sclerosis 50 R Software

60 1 Systemic Lupus Erythematosus 50 R Software

61 0 Systemic Lupus Erythematosus; systemic sclerosis 50 R Software

62 3.319 Pain fatigue and depression in patient with Rheumatoid arthritis 2569 R Software

63 2.058 Scleroderma 22 R Software

64 2.524 Rheumatoid Arthritis 50 SAM

65 6.918 Vasculitis 147 SAS

66 12.811 Rheumatoid Arthritis/ Spondyloarthritis 672 SAS

67 6.918 Systemic Lupus Erythematosus 3573 SAS

68 4.76 Rheumatoid Arthritis 794 SAS

69 7.477 Spondylarthropathy 540 SAS

70 3.319 Muckle-Wells syndrome 34 SAS

71 2.667 Rheumatoid Arthritis 250 SAS; SPSS

72 6.918 Systemic sclerosis 244 SaTScan

73 1.824 Systemic sclerosis 267 SPAD

74 12.811 Juvenile Idiopathic Arthritis 94 SPSS

75 4.121 Rheumatoid Arthritis 318 SPSS

76 7.477 Systemic sclerosis 69 SPSS

77 2.454 Childhood-onset Systemic Lupus Erythematosus 64 SPSS

78 4.121 Rheumatoid Arthritis 134 SPSS

79 5.263 Multiple autoimmune syndromes 84 SPSS

80 4.818 Sjögren’s syndrome 300 SPSS

81 2.804 Lupus Nephritis 41 SPSS

82 2.365 Rheumatoid Arthritis 781 SPSS

83 1.5 Rheumatoid Arthritis 561 SPSS

(continued on next page)
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Supplementary Table S1
(continued )

Obs
Impact
Factor Diseases

Sample
Size Software

Similarity
Measurement

84 2.182 Rheumatoid Arthritis 1115 SPSS

85 3.319 Childhood-onset Systemic Lupus Erythematosus 206 STATA

86 1.739 Osteoarthritic 62 STATA

87 3.319 Rheumatoid Arthritis 106 STATISTICA

88 7.477 Juvenile Idiopathic Arthritis 971 XLSTAT

89 1.739 Chikungunya 85 XLSTAT; R Software

90 5.605 Chronic Arthritis 24

91 4.121 Arthritis 38

92 3.15 Juvenile Idiopathic Arthritis 609

93 2.399 Rheumatoid Arthritis 153

94 3.319 Systemic Lupus Erythematosus 98

95 2.225 Rheumatoid Arthritis .

96 4.121 polyarthritis 40

97 2.905 Pain Behavior in Rheumatoid Arthritis 104

98 2.947 Systemic Lupus Erythematosus 1611

99 2.524 Rheumatoid Arthritis 50

100 2.524 Systemic sclerosis 1099

101 2.134 Systemic Lupus Erythematosus .

Obs
Correspondence
Method

Hierarchical
Clustering

NonHierarchical
Clustering

1 Ward method

2 Two-step cluster analysis k means

3 Two-step cluster analysis

4 Two-step cluster analysis
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5 Two-step cluster analysis k means

6 Hierarchical cluster analysis

7 Unsupervised hierarchical clustering

8 k means

9 Hierarchical cluster analysis

10 Hierarchical cluster analysis

11 Hierarchical cluster analysis

12 Hierarchical cluster analysis k means

13 Non-hireachical cluster analysis k means

14 Hierarchical cluster analysis

15 Non-hireachical cluster analysis k means

16 Hierarchical cluster analysis

17 Hierarchical cluster analysis

18 Unsupervised hierarchical analysis Unweighted pair-group
average with arithmetic mean

19 Ward method

20 k means

21 Hierarchical cluster analysis

22 Hierarchical cluster analysis k means

23 Multiple correspondence analysis

24 k means

25 Multiple correspondence analysis Ward method k means

26 k means

27 Hierarchical cluster analysis k means

28 Hierarchical cluster analysis

29 Hierarchical cluster analysis

30 Hierarchical cluster analysis average linkage

(continued on next page)
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Supplementary Table S1
(continued )

Obs
Correspondence
Method

Hierarchical
Clustering

NonHierarchical
Clustering

31 Ward method

32 k means

33 Hierarchical cluster analysis

34 Ward method

35 k means

36 Hierarchical cluster analysis

37 Hierarchical cluster analysis

38 Hierarchical cluster analysis

39 Ward method k means

40 k means

41 Iterative cluster analysis

42 Hierarchical cluster analysis

43 Hierarchical cluster analysis

44 Hierarchical cluster analysis

45 Non-hierarchical cluster analysis k means

46 Hierarchical cluster analysis

47 Cluster analysis

48 Hierarchical cluster analysis

49 Hierarchical cluster analysis

50 k means

51 Ward method

52 Ward method

53 Non-hierarchical cluster analysis k means

54 Two-dimensional Hierarchical cluster analysis k means

55 Hierarchical cluster analysis
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56 Hierarchical cluster analysis

57 Gaussian mixture model clustering

58 Hierarchical cluster analysis

59 Multiple correspondence analysis

60 Multiple correspondence analysis

61 Multiple correspondence analysis

62 k means

63 k means

64 Two-way hierarchical clustering

65 Hierarchical cluster analysis k means

66 Hierarchical cluster analysis

67 Hierarchical cluster analysis

68 PCA

69 Multiple correspondence analysis PCA Ward method

70 Multiple correspondence analysis

71 Partial least squares PLS analysis

72

73 Multiple correspondence analysis

74 Cluster analysis

75 Hierarchical cluster analysis

76 Hierarchical cluster analysis

77 Non-hierarchical cluster analysis k means

78 Two-step cluster analysis

79 Unweighted pair group method using arithmetic averages

80 Ward method k means

81 Multiple correspondence analysis

82 Multiple correspondence analysis

(continued on next page)
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Supplementary Table S1
(continued )

Obs
Correspondence
Method

Hierarchical
Clustering

NonHierarchical
Clustering

83 k means

84 k means

85 Ward method k means

86 k means

87 k means

88 Multiple correspondence analysis

89 Multiple correspondence analysis k means

90 Cluster analysis

91 Hierarchical cluster analysis

92 Hierarchical cluster analysis k means k-medoids

93 Hierarchical cluster analysis

94 Multidimensional scaling and hierarchical cluster analysis.

95 Multivariate Gaussian k-nearest neighbor

96 One way Supervised hierarchical cluster analysis

97 Ward method

98 k means

99 Cluster analysis

100 One-way supervised
hierarchical cluster
analysis

101 Hierarchical cluster analysis

Obs Number of Clusters Creteria

1 4

2 BIC

3 2 Schwarz-Bayesian information criterion
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4

5

6 2 Leave one out heatmap

7

8 5

9 2 Dendrogram

10 6 Heatmap

11 4 Dendrogram

12 3

13 3 Clinical features

14 2 Unweighted pair group method with arithmetic mean

15 2

16 2 Dendrogram

17 2 Dendrogram

18

19 3

20 3

21 2 Heatmap

22 3 Clinical meaningful

23 3

24 3

25 5 Visual distance criterion within cluster inertia

26 3 AIC; BIC

27 8 Homogeneity coefficient EESS explained by cluster ASED KM cluster

28 2 Dendrogram

29 4 Disease status

30 5 Chi-square; Fisher

(continued on next page)
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Supplementary Table S1
(continued )

Obs Number of Clusters Creteria

31 2

32 3 The greatest statistical differences in the prevalence of each clinical feature
among the clusters existed

33 3 Dendrogram

34

35

36 Chi-square test

37 2 Dendrogram

38 2

39 3 Dendrogram

40 2

41 5

42 2 Clinical features heatmap

43 3

44 12

45 6

46 2

47 3

48 5

49 2 Supplementary doc

50

51 3 Scree plot

52 2 Fisher

53 3 Clinical classification

54 4

55 t-test
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56 2 Dendrogram

57 3 BIC

58 3 BIC

59

60

61 3

62 3 Calinski-Harabasz criterion; clinical relevance; run number of cluster from 2
to 5

63 2

64

65 3 Clinical features

66 3 Distribution plot

67 3

68 3

69 2 Pseudo-F and cubic clustering creterian; Kappa to compare the results
between nonhierarchical and hierarchical; familial aggregation

70 3

71 Variable importance in projection VIP scores? 1 in combination with the
highest factor loadings

72

73

74 2 Disease status

75 0 Disease status

76 2 BIC

77 3

78

79 Bootstrapping

80 4

81

(continued on next page)
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Supplementary Table S1
(continued )

Obs Number of Clusters Creteria

82 4 Beforehand

83 3 Split-half replication of the three-cluster solution yielded essentially the
same pattern of results for these data

84 3

85 3 ACR SLE classification criteria greater clinical relevance

86 3

87 2

88

89 Chi-square Kruskal-Wallis test

90

91 2

92 4 Posthoc analyses sensitivity analysis

93 4 Dendrogram

94

95

96 5 Chi-square

97 5 Cubic clustering criterion

98 10 Smallest distance root mean squared differences

99

100 5

101

Obs Post Analysis

1 1500 bootstrap resamples; multinomial logistic regression

2 Chi-square t-test MANCOVA

3 Sensitivity analysis; chi-square test; Fisher; KS lilifors Mann-Whitney U t-test
Bonferroni correction
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4 Silhouette measure; ANOVA; Post Comparison; Kaplan-Meier method

5

6

7 Prediction analysis and PCA; Fisher

8 Tukey Kramer test ANONVA ANCOVA; Spearmans rank correlation

9 PCA; factor analysis

10 Hypergeometric test; bootstrap

11 PCA; bootstrap

12 ANOVA PCA

13 ANOVA

14 ANOVA

15 Wilcoxon rank sum test and ICC Cronbach alpha; logistic regression

16 t-test; Mann Whitney U-test

17 PCA; SIMCA

18 Heatmap

19 F test; chi-square; t-test

20 Chi-square; logistic

21 F-test

22 Chi-square; Fisher

23 Sensitivity analysis pearson coefficients chi-square; stepwise logit

24 Stepwise logistic regression

25 Clinical validation survival regression models Fine and Gray23 and by Cox
proportional hazards; sensitivity analyses

26 Chi square test Yate correction and Fisher; Bonferroni correction

27 Mann Whitney U test; t-test; chi-square

28 ROC; McNemar test

29 t-test; ANOVA

30

(continued on next page)
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Supplementary Table S1
(continued )

Obs Post Analysis

31 Mann-Whitney U test; t-test; chi-square

32 ANOVA; Post comparisons; chi-square; Kaplan Merier; Cox proportional
hazards

33 Kolmogorov-Smirnov; Kruskal-Wallis test; Dunn’s multiple comparison test

34 Mann Withney U tests Kruskal-Wallis or one-way ANOVA. Dunn-Bonferroni
or Bonferroni corrections for chi square or Fisher. Paired t-test; Spearmans
rank test.

35

36 Factor analysis

37 Permutation analysis

38

39 ANOVA; Bonferroni-adjusted post-hoc comparisons ANOVA chi-square
Welch F

40 Sensitivity specificity

41 ANOVA

42 Chi-square; t-test; ANOVA; pseudo F

43

44 Chi-square, Kruskal-Walli test; multivariate normal regression

45

46 Chi-square; t-test

47 t-test; ANOVA; Fisher

48 ANOVA, Mann Whitney U-test; Spearman’s rank

49 Fisher; chi-square; Mann-Whitney U test

50 Chi-square, Fisher, t-test, Wilcoxon’s rank sum, Multivariate logistic
regression
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51 t-test chi-square test ANOVA Multiple comparisons were performed by
Games-Howell test Tukey’s test if the samples were homoscedastic .
Pearson’s correlation coefficient was used for correlation analysis.
Multivariate analyses

52 Chi-square; t-test

53 ANOVA

54 ANOVA; Mann Whitney U-test; Spearman’s rank correlation

55

56

57 Mann Whitney U; Validation in an independent cohort

58 Chi-square; t-test

59 Spearman’s rho rank correlation coefficient external consistancy Mann-
Whitney test boot strap

60

61 Chi-square; Fisher; Kruskal-Wallis test

62 Multinomial logistic regression

63 Mann-Whitney U; Shapiro Wilk; Kolmogorov Smirnov test

64 Log transform

65

66 Multiple logistic regression

67 McNemar test; chi-square

68

69 Wilcoxon’s rank sum; Kruskal-Wallis test; Fisher

70 Pearsons residual; t-tests; chi-square; Fisher multivariable logistic regression
analysis.

71 GEE logistic AUC-ROC

72 Permutation testing Capture recapture analysis

73

74 t-test; Discrimination analysis

(continued on next page)
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Supplementary Table S1
(continued )

Obs Post Analysis

75 PCA; PLS

76

77 Fisher; Kaplan Meier analysis

78 Clinical features; chi-square ANCOVA

79 Chi-square; Fisher; t-test

80 Fisher; chi-square test; ANOVA; Bonferroni correction

81 MANOVA

82 Silhouette measure and comparison

83 Multivariate and univariate ANOVAs with Bonferroni-adjusted post-hoc
comparisons

84 One-way ANOVA; post-hoc comparisons. concurrent validity. Bonferroni
adjustment

85 Chi-square and Fisher; Bonferroni adjustments for multiple comparisons

86 Kruskal-Wallis test PCA

87 Hurdle model MLR Wilcoxon test chi-square
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88 Logistic regression; Mann-Whitney U test; Kruskal-Wallis test Dunn’s test chi-
square or Fisher

89 Severity scale; multinomial logistic regression

90

91 t-test Mann-Whitney test; Kruskal-Walli test

92 Chi-square Kruskal-Wallis tests

93

94 Multidimensional scaling and hierarchical cluster analysis.

95

96

97 ANOVA chi-square Bonferroni adjustment

98 Sensitivity analysis random initiation of cluster centroids; clinical meaning

99 Unpaired t-test; correlation coefficient; logit regression

100 Correlation classification system

101
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INTRODUCTION

The ability to make precise estimates using observational data in uncommon dis-
eases has historically faced several challenges. The first challenge relates to patient
numbers. In the setting of uncommon diseases, small numbers of patients are avail-
able for study recruitment. The number of accrued patients (sample size) influences
the amount of sampling error in a statistical test result. A low sample size will
decrease the probability of concluding a treatment is effective when there is actually
a treatment effect (referred to as the power of a statistical test).1 As they often recruit
relatively small numbers of patients, studies of uncommon diseases often have inad-
equate power to detect important effects.2,3 One potential methodologic solution to
the challenges of small sample sizes involves the use of the Bayesian statistical
inference.

Science and Statistical Inference

According to some philosophers, science is based on forming models of the world
from sensory input (or instrumentation). We use the models that are most successful
at explaining events and assume that the models match reality.4 The discipline of
statistics, in part, describes the way people learn as they make observations.5 Inves-
tigators try to understand the world by making mathematical models, say for example,
the relationship between smoking and lung cancer. Each model represents our under-
standing of the process or phenomenon we are studying.1 Statistical inferences are
based on mathematical models.1 In the long run, we retain models based on their
validity, reliability, predictability, and perceived match to reality.4 Statistics facilitate
the description of the average person, ascertain how well the idealized model fits
the sample on which it is based, and allow us to generalize from this sample to another
group of people or the population.6 Furthermore, statistics is a science of making in-
ferences about unknown quantities. Unknown quantities can include important out-
comes, such as measures of effectiveness, adverse events, and diagnostic test
results.7

Models posit a relationship between observable data and some underlying set of
mathematical functions and a set of constants in those functions that determine the
values of the functions. A clinical example is the evaluation of the impact of male
sex on survival in systemic sclerosis, whereby there is an exponential distribution
for time to the event.8 The true values of the constants in the model are referred to
as parameters, inherent properties of nature. Because the complete population is usu-
ally not fully observable, the parameter is not known with certainty. Observations are
most often restricted to a sample from the population.1 Statistical inferences are
based on observations and involve a description of uncertainty. There are philosophic
differences in how uncertainty is conceptualized and handled that characterize the
various schools of statistical inference.
Schools of statistical inference differ in their approach to truth and uncertainty. The

frequentist statistical method (also referred to as classic statistics) is one method of
making inferences from observations. Frequentist inference uses methods developed
by Ronald A. Fisher, Egon Pearson, and Jerzy Neyman. Observations are treated as
one of an infinite set of possible instances of data that could have come from a given
probability distribution.9 Hypothesis testing is based on the frequency of obtaining a
result (data), as extreme or more extreme, if the experiment was repeated many times,
under certain fixed conditions.10 In fact, all inferential probability statements (P values,
coverage percentages of confidence intervals) refer to these hypothetical replications
of the data collection and analysis. Under the frequentist approach, it is not possible to
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represent uncertainty about parameter values in the sense that we could say there is a
90% chance that the mean is between 40 and 70.
By contrast, in the Bayesian paradigm, uncertainty about the values of parameters

is represented directly by probability distributions, whereas data, once observed, are
treated as fixed.9 Probability is used to measure uncertainty. That which is unknown
has a probability distribution. Everything that is known is taken as given, and proba-
bilities are calculated conditionally on known values.1

These fundamental differences in the conceptualization of truth and uncertainty not
only affect how investigators think about research and evidence but also how we learn
from our observations over time.

Bayesian Versus Frequentist Inference

Bayesian statistical inference began with the work of Reverend Thomas Bayes.11,12

The Bayesian statistical paradigm uses probability as the measure of one’s uncer-
tainty about an unknown quantity. In its simplest terms, one may begin with a proba-
bility of the truth of a hypothesis, for example, that a parameter is equal to a specific
value. Using Bayes theorem, observations can be used to update the probability that
this hypothesis is true. Preexisting data or knowledge about the hypothesis are quan-
tifiably expressed as a prior probability or prior.13 New observations are made, and
their information content is expressed through the likelihood (ie, the likelihood of the
data under a given hypothesis).
For example, an investigator may test 2 point hypotheses. Under hypothesis 1, the

probability of response is 0.5. Under hypothesis 2, the probability of response is 0.6.
The data will be a collection of measured scores and the likelihoods.
Through incorporation of the new observations, the probability of the truth of the

original hypotheses is recalculated. Bayes theorem (also known as Bayes rule or the
rule of inverse probabilities)1 indicates how probabilities change in view of new data.
Formula 1: Bayes theorem. The probability of the hypothesis, given the data, is

equal to the probability of the data, given that particular hypothesis, multiplied by
the probability of the hypothesis before obtaining the data divided by the averaged
probability of the data.10

P(HjD) 5 P(DjH) � P(H)/P(D)

where P is probability, H is hypothesis, and D is data; P(HjD) 5 probability of the
hypothesis given the data also called the posterior probability distribution or posterior;
P(DjH) 5 probability of the data given the hypothesis, also called the likelihood func-
tion for the data; P(H) 5 probability of the hypothesis, also called the prior probability
distribution or prior; P(D) 5 probability of the data over all k possible competing
hypotheses, where

P(D) 5 P(DjH1)P(H1) 1 P(DjH2)P(H2) 1 . 1 P(DjHk)P(Hk)

The application of the Bayesian paradigm confers potential advantages. First, the
use of priors confers the ability to incorporate external knowledge, beliefs, and data
into models estimating treatment effects.13 Often there is some form of preliminary
knowledge preceding the conduct of a study. The knowledge may take the form of
published clinical observations, such as case reports, case series, observational
studies, or randomized trials. The knowledge may also take the form of expert opinion.
In the absence of published data, clinicians frequently look to experts to inform ther-
apeutic decision-making. The expert’s knowledge is usually the result of years of
training and observations treating patients. In clinical reality, when new data are
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published, it is considered in the context of preexisting knowledge. Instead of limiting
preexisting knowledge only to the background and discussion sections of an article,
Bayesian methods allow the investigator to incorporate all sources of information in
the estimation of the probability of a hypothesis.14 Thus, the Bayesian process of mak-
ing inferences mirrors clinical practice.
In contrast, frequentist inference requires investigators to blind themselves to exist-

ing information because of concerns that it might bias their conclusions.10 Indeed, it
has been argued that when interpreting new data, frequentist statistical inference
ignores the past.10 Preexisting information is only considered after the conclusions
of a given study are presented.
Bayesian inference also allows direct probability statements to bemade (eg, there is

a 95% probability that ibuprofen use will reduce headache pain). The probability
statement can be revised as more data are gathered. This inference contrasts with fre-
quentist inference, which takes the following approach.
Before the initiation of a study, an alternative hypothesis that a treatment effect of

some magnitude exists and a null hypothesis of no effect is specified. The alternative
hypothesis typically has no further role in the analysis of data using the frequentist
paradigm and is used mainly to help decide on the sample size. A permissible
false-positive rate (level of significance) is typically set somewhat arbitrarily at 5%,
wherein a therapy is said to be beneficial if the P value is less than .05 or the 95%
confidence interval for the therapy effect does not include the null value. If the P value
is greater than .05, the investigators must conclude that there is insufficient evidence
to reject the null hypothesis of no treatment effect (even if the data suggest there is
evidence of a beneficial treatment effect).2,3 The use of the frequentist paradigm in
the setting of uncommon diseases can result in studies with low power against impor-
tant effects and that have conclusions that are meaningless for practicing clinicians.
A serious and pragmatic limitation of the frequentist method is that clinicians and

investigators, even those with some statistical experience, misinterpret the P value
and 95% confidence interval.10 A P value of less than .05 is frequently interpreted
as there is a treatment effect, whereas a P value greater than .05 is frequently inter-
preted as evidence of no treatment effect. In reality, the P value is the probability of
observing data as extreme or more extreme than the observed data assuming the
null hypothesis is true (ie, the treatment is ineffective), if the study were to be repeated
a countless number of times.3 The 95% confidence interval is also frequently misun-
derstood.3 The 95% confidence interval indicates that if the same study were repeated
an infinite number of times, 95% of the confidence intervals formed would include the
true treatment effect.15 The confidence interval does not report what clinicians are
interested in, a fixed range of values that has a 95% probability of including the true
treatment effect.16 In fact, the probabilities in frequentist inference do not refer to un-
certainty in the treatment effect but to the uncertainty in behavior of the intervals based
on hypothetical samples of data from the same population.
Clinicians regularly use the Bayesian framework when considering the utility of a

diagnostic test. Using information from a patient history and physical examination,
clinicians construct a pretest probability of disease (equivalent to a prior). Information
is gained from a diagnostic test (equivalent to a likelihood) and used to construct the
posttest probability of disease (equivalent to the posterior).
The use of Bayesian inference in the interpretation of new data in the context of

preexisting knowledge parallels this way of thinking. The widespread use of Bayesian
inference in daily experiences can be seen in weather forecasting (eg, 40% probability
of precipitation) or information technology (80% probability that an e-mail is spam and
should be removed).17



Applied Bayesian Methods in the Rheumatic Diseases 365
Bayesian Inference in Rheumatology

The following examples show that Bayesian methods have increasingly been applied
in rheumatology research.17

Amitriptyline use in juvenile inflammatory arthritis
A synthesis of the evidence evaluating amitriptyline in juvenile inflammatory arthritis for
pain reduction used Bayesian methods to combine N-of-1 trials from multiple
patients.18 The investigators demonstrated a mean reduction in pain with amitriptyline
use of 0.67 (standard deviation 0.89, 95% credible interval [CrI] �0.99, 2.55). The
probability that the treatment effect was beneficial, in that there were reductions
in pain, was 16%. This use of applied Bayesian methods allowed data from a small
number of patients (n 5 6) to estimate the probability of treatment benefit and the
population average effect. This early stage trial did not incorporate prior information
in the analysis, so the analysis was agnostic about the amount of benefit conferred
by amitriptyline. The Bayesian approach confers important value before embarking
on a potentially costly, multicenter trial. In this case, the investigators reported a small
probability of a beneficial treatment effect thereby preventing the initiation of a clinical
trial that would likely have been futile.18

Warfarin use in systemic sclerosis associated pulmonary arterial hypertension
In contrast to the amitriptyline example, the Bayesian paradigm has been used to
quantify and illustrate international experts’ beliefs about the effect of warfarin for
improving survival in systemic sclerosis (SSc)–associated pulmonary arterial hyper-
tension (PAH).19 This paradigm had 2 important applications. First, investigators
were able to scientifically demonstrate the presence of community equipoise, a
necessary prerequisite before the conduct of a clinical trial. Second, in a setting where
good-quality data are scarce (or absent), clinicians readily rely on experts in the field to
guide clinical practice. The quantification of expert knowledge was used in combina-
tion with observational data from longitudinal cohorts to evaluate evidence of clinical
benefit and evaluate if investigators should proceed with a clinical trial to answer this
question (Fig. 1). In the evaluation of warfarin in SSc-PAH, the authors demonstrated a
low probability of a beneficial effect of warfarin on survival20 (Fig. 2).

Certolizumab in rheumatoid arthritis
Bayesian methods for meta-analysis were applied to evaluate the noninferiority of
certolizumab compared with other biological agents (infliximab, etanercept, adalimu-
mab, golimumab, anakinra, tocilizumab) in the treatment of rheumatoid arthritis.21 The
investigators used Bayesian methods to make indirect comparisons to evaluate
treatments that have been compared against placebo in other studies and made infer-
ences about specific treatment contrasts.22 Indirect comparisons allow measures of
treatment effects that have never been directly observed.22 This point is true of
non-Bayesian indirect comparisons too, although Bayesian methods for indirect com-
parisons (and especially for mixtures of direct and indirect comparisons) are more fully
established and more widely used than their frequentist counterparts.
In this example, the primary outcome was the American College of Rheumatology

(ACR) 20, defined as a 20% improvement in tender and swollen joint counts and
20% improvement in at least 3 of the following 5 ACR core set measures: pain, patient
and physician global assessments, self-assessed physical disability, and acute-phase
reactant.23 The analysis demonstrated that the ACR20 response of certolizumab (odds
ratio [OR] 11.82; 95% CrI 5.98, 21.71) was superior to that of infliximab (OR 3.31; 95%
CrI 2.05, 5.03), adalimumab (OR 3.72; 95%CrI 2.35, 5.93), and anakinra (OR 2.40; 95%



Fig. 1. Bayesian triplot. The Bayesian triplot illustrates the prior probability distribution
(preexisting information, in green), the likelihood (new data, in red), and the posterior
probability distribution (revised estimate based on preexisting information and new data,
in blue). Hazard ratio (HR) greater than 1 indicates increased mortality; HR less than 1 indi-
cates decreased mortality. Note: In this example, the agreement of the prior and likelihood
leads to a posterior that is more sharply located around values supported by the data. In this
study, the information in the prior and data are similar in magnitude. (Reprinted from
Johnson SR, et al. J Rheumatol 2012;39(2); with permission.)
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CrI 0.96, 5.03) and equivalent or superior to that of etanercept (OR 8.07; 95% CrI 3.34,
16.75), golimumab (OR 3.62; 95% CrI 1.62, 6.97), and tocilizumab (OR 4.13; 95% CrI
2.64, 6.19). This analysis provided evidence regarding the efficacy of different treat-
ments’ effect in a setting where no head-to-head trial evidence exists.

Abatacept in rheumatoid arthritis
Bayesian methods for a meta-analysis were also applied to evaluate the noninferiority
of abatacept compared with other biological agents (infliximab, etanercept, adalimu-
mab, golimumab, certolizumab) in the treatment of patients with methotrexate
nonresponsive rheumatoid arthritis. The primary outcome was the change in the
health assessment questionnaire disability index at 6 months after initiation of therapy.
The expected absolute health assessment questionnaire disability index change from
baseline for abatacept (�0.57, 95% CrI �0.69; �0.43) was superior to placebo
(�0.27, 95% CrI �0.30; �0.24) and comparable with the other biologics (expected
mean between �0.46 and �0.65). This analytical approach demonstrated that abata-
cept is an effective, alternative option in the treatment of methotrexate nonresponsive
patients in the absence of a placebo-controlled trial.24

Prevalence of systemic autoimmune rheumatic diseases
Bayesian methods have also been applied in the estimation of the prevalence of in-
flammatory myositis (polymyositis and dermatomyositis) using administrative data.25

Ascertainment of cases depended on accurate International Classification of
Diseases, Ninth Revision coding and different diagnostic algorithms. The administra-
tive data sources were potentially susceptible to measurement error resulting in
misclassification. The investigators used a Bayesian latent class regression model
to account for uncertainty in prevalence estimates due to patient demographics and



Fig. 2. Density plot for difference in median survival times in patients with SSc-associated
PAH untreated and treated with warfarin, using an informative group prior. Differences
in median survival greater than 0 indicate improved survival associated with warfarin
exposure. Differences in median survival less than 0 indicate worsened survival associated
with warfarin exposure. The y-axis indicates relative probability. Note: The Bayesian
approach allows direct probability statements to be made from the data. In this example,
the probability that warfarin improves survival in SSc-PAH by 6 months or more is 23.5%.
(From Johnson SR, Granton JT, Tomlinson GA, et al. Warfarin in systemic sclerosis-associated
and idiopathic pulmonary arterial hypertension. a bayesian approach to evaluating treat-
ment for uncommon disease. J Rheumatol 2012;39(2); with permission.)
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sensitivity and specificity of the diagnostic algorithms. The investigators demon-
strated the prevalence of inflammatory myositis to be 21.5 per 100,000 (95% CrI
19.4, 23.9). The prevalence was highest in older, urban women (70 per 100,000,
95% CrI 61.3–79.3) and lowest in young, rural men (2.7 per 100,000, 95% CrI 1.6,
4.1). The sensitivity of case ascertainment was lower for older versus younger individ-
uals. Hospitalization data were more sensitive in ascertaining cases in rural regions. In
contrast, rheumatology billing data were more useful in urban areas. These applied
Bayesian methods allowed the researchers to make population-level estimates of in-
flammatory myositis prevalence despite imperfect data and variable case ascertain-
ment algorithms. Furthermore, this example and the examples on indirect
comparisons illustrate an additional benefit of Bayesian analysis. The software that
is most widely used (OpenBUGS, JAGS, and Stan) allows the user to specify and fit
models for nonstandard data analyses.
Based on this work, Bayesian latent class regression models have been used to

comparatively evaluate the prevalence of systemic autoimmune rheumatic diseases
(SARDs) (systemic lupus erythematosus, SSc, Sjögren syndrome, polymyositis, der-
matomyositis) across 3 Canadian provinces accounting for regional and demographic
variations.26 The investigators demonstrated the prevalence of SARDs to be 2 to 3
cases per 1000. The prevalence in older women was approximately 1 in 100 (possibly
related to the presence of Sjögren syndrome in this subset of patients), and there was
a greater prevalence in urban regions. Again, applied Bayesian methods allowed the
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researchers to make population-level estimates of SARDs’ prevalence despite imper-
fect data and variable case ascertainment algorithms. This research provided impor-
tant information about regional and demographic variations and suggests that
surveillance of SARDs using administrative data is feasible.

Development of classification criteria in systemic sclerosis
Classification criteria are used to identify more homogeneous groups of subjects for
inclusion into clinical trials.27 These criteria are particularly useful in diseases that
do not have a single diagnostic test. The development of the ACR–European League
Against Rheumatism Classification Criteria for SSc required the evaluation of the
discriminant validity of the candidate criteria to distinguish SSc cases from conditions
that could mimic SSc.28 Bayesian statistics were used to calculate the pooled mean
OR and 95% CrI. This approach was taken, as it provides the reader the interval for
which there is a 95% probability that the true OR falls within. For example, the pres-
ence of puffy fingers had an OR of 34.9 (95%CrI 24.0, 49.2), whereas a reduced forced
vital capacity had an OR of 0.9 (95% CrI 0.6, 1.3).28

Methotrexate use in systemic sclerosis
Using the example of the efficacy of methotrexate in SSc, Bayesian inference was
used to make inferences about treatment effects in an uncommon disease whereby
the sample size was small and the study had insufficient power to detect a treat-
ment effect using the frequentist inference.16 Data from the SSc trial indicated
that treatment with methotrexate improved the skin score.2 However, because of
the small sample size and limited power, the researchers concluded that there
was insufficient evidence to reject the null hypothesis of no treatment effect. This
finding supported the (potentially false) belief that methotrexate is ineffective in
SSc. A survey of general rheumatologists and scleroderma experts, conducted af-
ter the publication of the methotrexate trial, found only 22% frequently use metho-
trexate for SSc skin involvement.29 Reanalysis of the same study data with
Bayesian methods demonstrated that methotrexate has a high probability of a
beneficial treatment effect on the skin score.16 The probability that methotrexate
resulted in improvement is 94% for the modified Rodnan skin score, 96% for Uni-
versity of California, Los Angeles skin score, and 88% for physician global assess-
ment. There is 96% probability that at least 2 of 3 primary outcomes improved with
methotrexate. These findings have contributed to an improved perception of the
utility of methotrexate, as it is presently considered a treatment option in patients
with SSc.30 Bayesian methods facilitated clinically useful inferences to be made
with the data from a small clinical trial.31

SUMMARY

Given the issues that challenge research in uncommon diseases (small samples
sizes resulting in limited power), Bayesian inference has several potential advan-
tages. Bayesian methods permit simple, intuitive, and meaningful statements of sta-
tistical inference.32 They provide a transparent framework for combining new
information with preexisting knowledge.32 Although there are many standardized
Bayesian model fitting approaches, the current software for Bayesian modeling al-
lows the specification of customized models that reflect the relationships between
data that are available in a particular study. Most importantly to the study of uncom-
mon diseases, Bayesian inference allows for inferences to be made from a limited
number of patients, providing an escape from the confines of strict hypothesis
testing or arbitrary levels of significance.
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