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In chronic illnesses such as rheumatoid arthritis (RA) and
osteoarthritis (OA), time plays a crucial role in establishing
the extent of benefit associated with specific treatments.
What seems to work is retained; that which does not work
is abandoned. But it is not always so simple, and clinical
judgment can be faulty, particularly as to the extent of effi-
cacy or toxicity, and particularly during times when drugs
are going into and out of favor. Observational studies have
the potential for providing key information regarding
outcomes and how they are affected by treatment. But
because treatment allocation in observational studies is
nonrandom, it is exceedingly difficult to come to accurate
and unbiased conclusions regarding treatment effect.

Increase in Lifetime Adverse Drug Reactions, Service
Utilization, and Disease Severity Among Patients Who
Will Start COX-2 Specific Inhibitors: Quantitative
Assessment of Channeling Bias and Confounding by
Indication in 6689 Patients with Rheumatoid Arthritis
and Osteoarthritis
FREDERICK WOLFE, NANCY FLOWERS, THOMAS A. BURKE, LESTER M. ARGUELLES, and DAN PETTITT

ABSTRACT. Objective. Nonrandom assignment of therapy in observational studies and clinical practice can be
accompanied by channeling bias and confounding by indication. This in turn can lead to unreliable
conclusions about treatment effectiveness. Although widely acknowledged as important, no studies
in rheumatology have measured the extent of these biases. We identified variables contributing to
confounding and investigated the strength of the confounding effect. Analytical methods (propen-
sity scores) are available to mitigate the effect of nonrandom assignment if the full extent of
confounding can be understood.
Methods. A population of 6637 patients with rheumatoid arthritis (RA) and osteoarthritis (OA) from
the practices of 433 US rheumatologists completed 2 sets of detailed questionnaires concerning (1)
the last 6 months in 1998 and (2) the first 6 months of 1999, generally prior to and after the release
of celecoxib and rofecoxib. Patients who received the COX-2 specific inhibitors in period 2 were
identified (n = 1517), and their characteristics were compared to the 5120 who did not start a new
COX-2 specific inhibitor during Period 1.
Results. Patients starting a new COX-2 specific inhibitor had a greater lifetime history of adverse
reactions of all kinds, but particularly gastrointestinal adverse drug reactions. They also had more
severe scores for pain, functional disability, fatigue, helplessness, and global severity, and they used
more inpatient and outpatients services than patients who would not switch to COX-2 specific
inhibitors.
Conclusion. Confounding by indication and channeling bias result in an overall increase in severity
of about 25% for the above measures. Observational studies should account for these biases by a
broadly defined propensity score that includes the variables identified in this report. These observa-
tions are germane to observational studies of disease modifying antirheumatic drugs and biologics,
as well, and suggest the need for careful control of confounders when assessing treatment effects in
rheumatic disease observational studies. (J Rheumatol 2002;29:1015–22)
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Two similar biases relating to nonrandom assignment
predominate in observational studies. Channeling bias is a
form of allocation bias, and occurs when drugs with similar
therapeutic indications are prescribed to groups of patients
with prognostic differences1,2. For example, in the early
days of methotrexate (MTX) usage, MTX was prescribed to
RA patients with the worst prognosis. Although MTX
improved such patients, the underlying severity or their
illnesses outweighed MTX effectiveness; MTX appeared
not to work well and was a marker for poor outcome.
Channeling may lead to another form of bias, confounding
by indication3-6. This occurs when the indication for the
drug prescription results in preferential identification of the
patients with the condition and, at the same time, increases
the risk of the outcome under study.

On a practical level, these effects are well known in
rheumatology. New disease modifying antirheumatic drugs
(DMARD) go preferentially to those who have failed
previous DMARD; new nonsteroidal antiinflammatory
drugs (NSAID) to those who have not tolerated the available
NSAID. The advent of the cyclooxygenase (COX-2)
specific inhibitors, however, has added an additional dimen-
sion. Not only are the COX-2 specific inhibitors prescribed
to treatment failures, but reimbursement is often limited to
those who are at high risk for gastrointestinal (GI) events
and adverse drug reactions (ADR). While these biases to our
understanding are acknowledged, there are no quantitative
data on their extent: we know about them, but can’t tell
when they are operative and how important they are.

Within the last decade attempts have been made to
control for confounding through the use of propensity
scores7-17. Propensity scores represent the likelihood of
receiving one therapeutic alternative versus another by
reflecting the composite effect of multiple predictors of
therapy, which are often confounding factors for treatment
effect. An effective propensity score allows one to control
for up to 90% of channeling bias and confounding by indi-
cation11,12. Two steps are necessary for the development of a
propensity score: identification of the confounders and an
understanding of the strength of the confounding effect.
With this information, propensity scores can be generated
by simple logistic regression in which the dependent
grouping variable is regressed on the chosen set of
confounder variables. This will result in a single score for
each patient or observation that can be used to adjust for
confounding.

We evaluated 6637 patients with RA and OA in the 6
month period prior to the US release of celecoxib and rofe-
coxib. Of these patients, 1517 were started on a COX-2
agent during the following 6 months. We studied these
patients for a wide variety of demographic, disease severity,
concomitant therapy, ADR, and service utilization variables.
As the primary aim of this study, we describe the extent of
confounding among patients starting on COX-2 specific

inhibitors, and we identify variables appropriate for
constructing a rheumatic disease propensity score.

MATERIALS AND METHODS
Study population. Patients in this study were 6637 RA and OA patients who
completed 2 sets of detailed questionnaires concerning (1) the last 6 months
in 1998 and (2) the first 6 months of 1999. The first period occurred prior
to the general use of COX-2 specific inhibitors, and the second period
occurred during the earliest prescription of these drugs. Patients who
received the COX-2 specific inhibitors in Period 2 were identified and
tagged in the computer file. The second period data were then deleted and
the first period data analyzed to compare those patents who would and
those who would not receive COX-2 specific inhibitors in the second
period.

Patients in this study are participants in the National Data Bank for
Rheumatic Diseases enrolled by 433 US rheumatologists18. In this partic-
ular project 1706 patients were recruited from the practices of US rheuma-
tologists during a 30 day enrollment period19; 2221 patients were enrolled
from community rheumatologists who made their patient populations avail-
able to us; 750 patients were enrolled at the time they started taking lefluno-
mide as part of their ordinary medical care and as part of a leflunomide
research project; and 1960 patients were followed in the Wichita data bank.
The characteristics of the Wichita data bank have been described20-22. RA
was diagnosed in 4754 patients and OA in 1883. Diagnoses were made by
the referring rheumatologists.

Demographic and clinical data. At each questionnaire assessment, demo-
graphic variables were recorded including sex, age, ethnic origin, education
level, and current marital status. Study variables included the Stanford
Health Assessment Questionnaire functional disability index (HAQ
disability)23,24, a visual analog pain scale (VAS), a VAS for global disease
severity, VAS sleep and fatigue scales25, the Arthritis Impact Measurement
Scales (AIMS)26,27, anxiety and depression scales28,29, the SF-36 mental and
physical component scales (MCS and PCS)30, the WOMAC pain, stiffness
and function scale31,32, and Likert scales that assessed current satisfaction
with health and current perceived health. To measure “health quality of
life” we used the VAS from the EuroQol33,34. To assess GI symptom
severity we used a VAS with the instructions, “How much trouble have you
had with your stomach (i.e., nausea, heartburn, bloating, pain, etc.)? Place
a mark on the line that best describes the severity of your stomach problems
on the scale of 0–100.” 

Service utilization was measured from patient self-reports35. By
specific questions we inquired about the lifetime history of adverse events
in each body system. The count of somatic symptoms asked patients about
37 specific symptoms that occurred in the week prior to completing the
questionnaire35,36.

Event rates, including service utilization, are calculated and described
for the 6 month period from July through December 1998.

Statistical methods and interpretation. The primary methods of analysis
used in this study were univariate logistic regression and univariate Poisson
regression. These analyses express the association between
switching/nonswitching to a new NSAID and various demographic and
clinical variables (Tables 1–3) in the form of odds ratios and their 95%
confidence intervals. Confidence intervals that cross 1 are not statistically
significant. Within these tables the variables are organized by scale type
(e.g., present/absent, 0–3, 0–10) and then sorted by the odds ratios (OR) so
that the strength of the association can be seen easily. To understand the
strengths and clinical significance of the associations, the group values
shown in the “mean or %” columns of Tables 1–4 offer additional insight
into treatment group differences.

Poisson analyses are similar to those of logistic regression except that
the continuous variable takes the form of a count (e.g., number of hospital-
izations). Poisson regression reports incidence rate ratios (IRR), and they
have an interpretation similar to OR, as strength of association.

The Bayesian information criterion (BIC) was used to understand and
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rank the relative fit of comparative models. The BIC is a relative measure
of the comparative fit of the models37. However, selection of the best model
and most important predictors of future COX-2 specific inhibitor use was
made primarily using classification and regression tree methods (CART)38.
CART is a nonparametric tree-based modeling method that can be used to
identify the “best” predictors of NSAID/non-NSAID switch (Table 5).
CART performs better than conventional multiple logistic regression when
the data contain nonlinear features, colinearity, and interactions. In the
CART analyses of Table 5, the primary splitters are those variables that best
identify group differences. Primary splitters and surrogates include best
splitters and surrogates, variables that could substitute for the primary
splitter if it were missing. Variable importance is a relative measure of the
importance of the variable in group classification in the current analysis. As
with the BIC, CART splitters and surrogates are only approximate guides,
and must be interpreted within the clinical setting.

CART uses a method called cross-validation to produce more accurate
estimates. In this method, after obtaining results using the full sample, the

sample is divided into 10 equal subsamples and the results obtained by
using the entire sample are compared with results obtained on 10 subsam-
ples. The error rates generated by the 10 test subsamples are then used to
determine the overall error rate for the entire sample. This complex
methodology allows us to estimate how well any classification tree will
perform on an independent sample. Additional information on CART can
be found at http://www.salfordsystems.com/.

In the logistic and Poisson regression analyses, standard errors and CI
were corrected for clustering within the 4 patient groups39. In addition,
correction for clustering also implies robust analyses, or the use of the
Huber/White/sandwich estimator of variance in place of the traditional
calculation. Statistical significance was set at 0.05 and all tests were 2
tailed.

RESULTS
Demographic factors and general medical symptoms. As
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Table 1. Demographics and medical status variables and the association with COX-2 prescription (univariate analysis).

Variable Mean or % SD Mean or % SD OR Lower CI Upper CI
Continue Taking NSAID Switch to COX-2

Age, yrs 60.84 12.86 62.07 11.93 1.01 1.00 1.01
Disease duration, (yrs) 12.81 10.86 12.32 10.33 1.00 0.98 1.01
Total Income ($1000) 42155.56 27.46 42282.84 27.41 1.00 1.00 1.00
Comorbid conditions 1.27 1.31 1.52 1.40 1.14 1.10 1.18
Count of somatic symptoms 6.83 5.31 8.43 5.76 1.05 1.04 1.06
Medicare insurance, % 38.93 43.73 1.22 1.05 1.41
Medicare disability insurance, % 3.87 4.49 1.17 0.84 1.61
High School graduate, % 88.87 89.97 1.12 1.04 1.22
Medicare HMO insurance, % 6.94 7.19 1.04 0.85 1.27
Married, % 70.83 71.52 1.03 0.93 1.15
White, % 93.61 93.67 1.00 0.98 1.01
Medicaid insurance, % 4.67 4.62 0.99 0.73 1.33
Private insurance only, % 33.53 31.97 0.93 0.82 1.05
Sex % male, % 22.13 20.37 0.90 0.87 0.94
No insurance, % 2.09 1.71 0.82 0.70 0.95
HMO membership, % 15.22 12.01 0.76 0.57 1.02

Table 2. Disease status variables and the association with COX-2 prescription (univariate analysis).

Variable Mean or % SD Mean or % SD OR Lower CI Upper CI
Continue Taking NSAID Switch to COX-2

HAQ disability (0–3) 1.01 0.70 1.23 0.65 1.57 1.38 1.79
VAS pain (0–10) 3.78 2.64 4.88 2.61 1.16 1.13 1.20
Global severity (0–10) 3.26 2.39 4.14 2.44 1.16 1.11 1.21
AIMS depression (0–10) 2.40 1.58 2.73 1.66 1.13 1.08 1.18
VAS GI severity (0–10) 1.93 2.43 2.65 2.78 1.11 1.09 1.13
VAS fatigue (0–10) 4.33 2.87 5.17 2.82 1.11 1.07 1.14
AIMS anxiety (0–10) 3.49 1.86 3.85 1.84 1.11 1.06 1.16
WOMAC pain scale 14.24 11.86 19.39 12.51 1.03 1.03 1.04
WOMAC stiffness scale 6.91 5.28 8.85 5.40 1.07 1.05 1.08
WOMAC function scale 46.33 40.11 63.12 42.29 1.01 1.01 1.01
SF-36 physical component scale 30.85 8.58 27.56 8.32 0.96 0.95 0.96
SF-36 mental component scale 44.94 13.21 41.03 13.58 0.98 0.97 0.99
Rheumatology Distress Index 

(0–100) 34.11 18.49 40.43 18.34 1.02 1.01 1.02
Health status (1–4) 2.41 0.72 2.58 0.73 1.39 1.22 1.59
Health satisfaction (–2–2) –0.28 1.20 0.11 1.22 1.30 1.21 1.40
Helplessness (5–25) 11.39 4.74 13.03 4.83 1.07 1.06 1.09
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shown in Table 1, COX-2 specific inhibitors were more
often prescribed to the elderly, women, high school gradu-
ates, and those receiving Medicare. Future COX-2 prescrip-
tion was less common among health maintenance
organization (HMO) members: OR 0.76 (0.57, 1.02), and
these values changed slightly when adjusted for age: OR
0.80 (0.62, 1.05). Among general medical conditions, 2
factors stood out. A one-unit increase in the number of
reported comorbid conditions was associated with a risk of
COX-2 prescription of 1.14, and persons with any comorbid
condition compared to those without a comorbid condition
had an OR of 1.32 (1.19, 1.49), and had an OR 1.31 (1.18,
1.45) after adjustment for age. The count of somatic
systems, on a review of systems-like checklist for the week
prior to completing the questionnaires, showed that future
COX-2 patients had 8.43 symptoms compared to 6.83 for
non-future COX-2 patients, and that a one-unit increase in
somatic symptoms was associated with a 1.05 OR. Although
it is difficult to tell the relative strength of these effects from
the table, the Bayesian information criterion statistic
provides strong evidence (BIC 58.32) that the symptom

count is the most important predictor, followed by the count
of comorbid symptoms.

Disease severity factors. A wide series of disease severity
variables were significantly different among those who
would and those who would not receive future COX-2
drugs, and all predicted future COX-2 usage (Table 2). Of
the most significant variables, the strongest association with
COX-2 future use (in order of strength as determined by the
BIC) occurred with WOMAC pain, VAS pain, WOMAC
function, SF-36 physical component score, WOMAC stiff-
ness, VAS global severity, and HAQ.

Previous ADR and GI protective agents. As shown in Table
3, a history of a previous ADR of almost any type and the
use of GI protective agents predict future prescription of
COX-2 specific inhibitors. The strongest predictors,
however, were the current use of the GI agents. These data
clearly show that those with previous adverse reactions and
those with current GI symptoms are preferentially selected
for COX-2 prescription.

Utilization of services. Persons who would receive COX-2
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Table 3. History of lifetime adverse drug reactions (ADR) and GI drug treatment variables and the association
with COX-2 prescription (univariate analyses).

Variable Remain on NSAID, Switch to COX-2, OR Lower CI Upper CI
% %

All proton pump inhibitors 15.57 29.20 2.24 2.11 2.37
All H2, PPI, and

gastroprotective agents 34.32 52.21 2.09 1.90 2.31
Any ADR ever 62.30 74.75 1.79 1.59 2.02
GI ADR ever 36.46 49.97 1.74 1.47 2.06
Cardiopulmonary ADR ever 8.00 11.98 1.56 1.32 1.85
Musculoskeletal ADR ever 17.12 24.02 1.53 1.29 1.82
H2 blockers ever 22.25 30.32 1.52 1.27 1.83
CNS ADR ever 15.24 21.24 1.50 1.30 1.74
ENT ADR ever 36.70 44.74 1.40 1.20 1.63
Skin ADR ever 29.97 35.74 1.30 1.00 1.69
Other ADR ever 6.83 8.60 1.28 1.15 1.43
Hematologic ADR ever 11.79 14.16 1.23 1.10 1.39
Mean no. of NSAID in 6 mo 1.03 (SD 0.84) 1.22 (SD 1.01) 1.25 1.17 1.34

Table 4. Prior service utilization and the association with COX-2 prescription (univariate analyses).

Utilization Variables Mean or % SD Mean or % SD IRR* Lower CI Upper CI
Continue Taking NSAID Switch to COX-2

GI diagnostic tests 0.17 0.71 0.31 0.92 1.81 1.51 2.16
Expensive tests 0.32 0.87 0.52 1.11 1.63 1.45 1.84
All diagnostic procedures and tests 2.36 4.74 3.72 6.10 1.58 1.32 1.88
Radiographic examinations 1.87 3.88 2.89 4.90 1.55 1.27 1.88
Specialist visits 1.89 1.83 2.53 2.14 1.34 1.15 1.55
All medical visits ** 4.18 3.47 5.53 4.24 1.32 1.23 1.42
Primary care physician visits 1.19 1.30 1.54 1.50 1.29 1.24 1.34
Hospitalizations 0.28 0.72 0.35 0.79 1.26 1.04 1.54

* 6 month period incidence rate ratios for patients who will switch to COX-2 agents compared to patient who will not switch, as determined by Poisson regres-
sion. ** Includes physician and nonphysician outpatient visits.
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specific inhibitors consumed more services prior to therapy
than NSAID users, as shown in Table 4. The incidence rate
ratio for prior medical outpatient visits ranged from 1.29 to
1.34 for the 6 month study period. Over the one-year
preceding period, patients who would receive COX-2
specific inhibitors historically had 2.7 more medical visits
compared to those who would not receive COX specific
inhibitors. In addition, COX-2 patients had almost one addi-
tional hospitalization during the year prior to NSAID or
COX-2 therapy.

These findings, of course, relate to other covariates, and
estimates and CI change significantly after adjusting for
covariates. For example, after adjusting for age, sex, and
comorbidity, future COX-2 patients had 5.3 (4.90, 5.91)
previous medical visits versus 4.16 (3.57, 4.89) for non-
COX-2 patients compared to values presented in Table 4.
For hospitalization, the historical hospitalization rate after
adjustment was 0.31 (0.28, 0.35) compared to 0.27 (0.21,
033) for future COX-2 patients versus patients continuing
current treatment.

Modeling COX-2 prescription. Because of overlapping and
colinear variables, we explored multivariable predictors of
COX-2 prescription using the nonparametric classification
and regression tree methodology (CART). In using this
method our concern was not so much how to best predict
COX-2 as it was to identify those variables that contributed
to the prediction, and to understand their contribution to
COX-2 prescription. In this model we omitted the WOMAC
variables, since the WOMAC was designed for OA, not RA,
and some investigators are uncertain about its use in RA.

The cross-validated CART model correctly predicted
61.1% of cases correctly using VAS pain, GI drugs (any), GI
ADR ever, Age, All OP visits, Specialist visits, Help-
lessness, SF-36 PCS, Any ADR ever, SF-36 MCS, Smoking
now, Global severity, Skin ADR ever, HAQ disability, and
Total income.

Table 5 shows the relative importance38 of the variables.
The 3 right hand columns report the importance of the vari-
ables in the final model. The 3 columns on the left include
both the primary splitters (variables upon which tree split-
ting was based) and also surrogates. Surrogates are variables
that may be almost as effective as the primary splitter. They
may be used when the primary splitter variable is missing.
In ordinary logistic regression only variables that are
“significant” are included in the model. Therefore the CART
importance list on the left provides additional information
about what variables contribute to COX-2 selection. In this
particular instance we used only the top 2 surrogates.

Table 5 gives insight into the classes of variables that
contribute to COX-2 selection in this study. These classes
are disease severity (pain, global severity, fatigue), GI
protective drugs, age, number of medical visits, GI ADR,
any ADR, functional disability, mental status, and total
income.

A multivariable logistic model yields a slightly different
model, and one in which HAQ is dropped because of colin-
earity. The standardized coefficients (a measure of variable
importance) for this model are GI drugs (any) (0.132), VAS
pain (0.116), all medical visits (0.115), age (0.099), total
income (0.095), SF-36 PCS (–0.070), global severity
(0.052), GI ADR ever (0.040), helplessness (0.039), and
VAS QOL (0.035). The logistic model predicts 77.4% of
cases correctly. Logistic models, however, often overesti-
mate the accuracy of prediction, and it is likely that the
cross-validated CART model (61.1% prediction accuracy) is
a better representation of the predictive ability of these vari-
ables.

DISCUSSION
The data of this study demonstrate channeling bias and
confounding by indication in the prescription of COX-2
specific inhibitors immediately after their release for use in
the United States. Patients who received these drugs had
more severe disease symptoms, more severe GI symptoms,
greater use of GI protective drugs, and more ADR generally,
among other symptoms.

The extent of these differences is clinically important.
The most important predictor of COX-2 use, VAS pain, was
increased by 29.1% in future COX-2 users. Increases were
also noted for HAQ (21.8%), WOMAC pain (36.2%),
WOMAC function (36.2%), and SF-36 PCS (12.0%). These
data indicate that patients receiving COX-2 specific
inhibitors have more severe symptoms then those who do
not switch. Such patients will not do as well on COX-2
specific inhibitors as predicted by randomized controlled
trials because of the adverse selection process.

Clinical trials of COX-2 specific inhibitors showed
reduction in GI ADR compared to patients treated with non-
selective NSAID40-46. The data from this study indicate that
patients prescribed COX-2 specific inhibitors in clinical use
had increased rates of ADR in general, and specifically in GI
ADR, prior to prescription. Fifty percent of future COX-2
users compared to 36.5% of patients who did not switch to
COX-2 specific inhibitors reported lifetime GI ADR. In
addition, previous proton pump inhibitor use was almost
doubled for future COX-2 users (29.2 vs 15.6%), and when
all GI protective agents were used the difference was 52.2 vs
34.3%. These data indicate substantial confounding by indi-
cation. Patients taking GI protective agents have higher rates
of GI adverse events, and it can be expected, therefore, that
these future COX-2 users will also be a greater risk for such
events.

We also found higher rates of historical service utiliza-
tion among future COX-2 users. They had more previous
outpatient medical visits, hospitalizations, and testing. Over
a one-year period, COX-2 versus NSAID use was preceded
by 0.88 additional hospitalizations, 1.2 additional specialist
visits, and 2.7 more outpatient visits.

Wolfe, et al: Confounding by indication 1019
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That pain and other disease severity measures are the
most important determinants in switching to a COX-2 selec-
tive agent suggests that inadequate disease control (disease
severity) is the major primary determinant in the switching
process. Given the possibility of switching, the patient’s age,
current and previous GI problems, and psychosocial status
may influence the decision to start a COX-2 agent. A second
primary pathway to COX-2 prescription seems to involve
primarily current or past GI symptoms. As with the disease
severity pathway, the GI pathway is modulated by age,
psychosocial factors, and, of course, disease severity.

These data, then, identify the group of future COX users
as those with more severe disease symptoms, more GI prob-
lems, and greater utilization of services. Although the likeli-
hood of confounding by indication and channeling bias has
long been known to exist, this is the first study to demon-
strate quantitatively the extent of these biases. Observa-
tional studies are particularly prone to such biases. Studies
outside of rheumatology have indicated that this type of bias
often can be controlled by the use of propensity scores7-17.

Using the data of this study: understanding the extent of
channeling bias and confounding by indication. Tables 1–4

present data on the various demographic, disease severity,
adverse events, and utilization variables for each NSAID
group in detail sufficient that the strength of the effect of
channeling bias and confounding by indication on each vari-
able can be understood.

Selecting variables for propensity scores. The CART
analyses provide information concerning the relative impor-
tance of classes of variables in measuring the various biases.
For example, for the primary splitters of Table 5, it can be
seen that disease severity, as characterized by pain, is the
most important predictor of NSAID switching. Next come
GI drugs (any), a measure of current GI problems, followed
by GI ADR ever, a measure of GI history. This, in turn, is
followed by age, utilization variables, and other measures.
The multivariate logistic models generally identify similar
variables and variable classes, although in a different metric.
It would be expected that the CART and logistic models
would be in general agreement, as they are, but would differ
at some points because the theoretical basis of the 2 analyses
differ, particularly in the presence of colinearity and nonlin-
earity. Taking all the results into consideration, major
classes of variables include (1) disease severity, (2) use of

The Journal of Rheumatology 2002; 29:51020

Table 5. Relative importance of variables in CART model to predict change versus no change to COX-2 agent.
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GI protective drugs, (3) previous GI adverse events, (4) age,
(5) service utilization, (6) quality of life measures, and (7)
smoking status.

The univariate analyses of Tables 1–4 and the primary
splitters and surrogated importance values of Table 5
provide data on which individual variables are most impor-
tant within the larger classes of variables. For example,
among the disease severity variables, pain is the most
important predictor (CART importance = 100 and OR =
1.16). Among GI drugs, any GI drug or the use of proton
pump inhibitors provides almost the same information
regardless of whether CART analyses or univariate logistic
regressions are consulted.

Propensity scores are unique to each patient and each
study. A propensity score is usually generated by a logistic
regression in which all the known confounding variables are
included. In rheumatology, however, there have been 2
problems in implementing this strategy. First, the covariate
adjustment variables have not been known, and second, the
appropriate variables usually have not been collected. Our
results indicate that a wide range of variables contribute to
appropriate adjustment, and that such variables might
include a number of disease severity variables, ADR vari-
ables, utilization variables, demographics, and insurance
variables. Tables 1–5 can be helpful in understanding which
classes of variables and which specific variable would best
be included in the propensity score analysis.

The data of this report also suggest the effectiveness of
using the WOMAC in patients with RA as well as OA,
confirming our report about WOMAC in rheumatic diseases
in general31.

One factor that we were not able to measure here, but that
is likely to be very important, is the general satisfaction with
current therapy that must be true for many patients who,
over the years, have self-selected themselves to continue
their treatments for long periods of time.

In summary, patients beginning a new COX-2 specific
inhibitor shortly after the release of that agent had a greater
lifetime history of adverse reactions of all kinds, but partic-
ularly GI ADR. They also had more severe scores for pain,
functional disability, fatigue, helplessness, and global
severity; and they used more inpatient and outpatient
services then patients who would not switch to COX-2
specific inhibitors. This confounding by indication and
channeling bias results in an overall increase in severity of
about 25% in the above measures. Observational studies
should account for these biases by a broadly defined
propensity score that includes the variables identified in
this report. While this report only addresses the issue of
COX-2 usage, it is likely that the set of variables identified
here are those that should be used for propensity scores in
general in RA and OA, perhaps with the addition of acute
phase reactants and radiographic scores. Baseline adjust-
ment is important, and adds a degree of validation to obser-

vational studies that is often missing when treatment effects
are assessed.
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