
ORIGINAL CONTRIBUTION

The Unreliability of Individual Physician
“Report Cards” for Assessing the Costs
and Quality of Care of a Chronic Disease
Timothy P. Hofer, MD, MS
Rodney A. Hayward, MD
Sheldon Greenfield, MD
Edward H. Wagner, MD
Sherrie H. Kaplan, PhD
Willard G. Manning, PhD

PROVIDER PROFILING IS NOW

widely practiced or attempted
in many health care systems.1-4

Those who are paying for or
“managing” health care are seeking ways
to make health care providers more ac-
countable for both the cost and quality
of the care that they supply. Reports
comparing hospital mortality rates
across hospitals and the Health Plan
Employer Data and Information Set per-
formance measures across health plans
have been widely implemented.3,5 The
goal of the more recent attempts at phy-
sician profiling is to hold a single in-
dividual (the physician) accountable for
what happens to a specific group of pa-
tients.3,6-8 Developing and disclosing
profiles to consumers is a crucial ele-
ment of the proposed Consumer Bill of
Rights and Responsibilities9 and is con-
sidered an important part of creating ef-
ficient health care markets.9 Surveys
have shown that up to 80% of group
practices with capitated patients pro-
file the resource utilization of their phy-
sicians.1 Furthermore, for many hos-
pitals and managed care organizations
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Context Physician profiling is widely used by many health care systems, but little is
known about the reliability of commonly used profiling systems.

Objectives To determine the reliability of a set of physician performance measures
for diabetes care, one of the most common conditions in medical practice, and to
examine whether physicians could substantially improve their profiles by preferential
patient selection.

Design and Setting Cohort study performed from 1990 to 1993 at 3 geographi-
cally and organizationally diverse sites, including a large staff-model health mainte-
nance organization, an urban university teaching clinic, and a group of private-
practice physicians in an urban area.

Participants A total of 3642 patients with type 2 diabetes cared for by 232 differ-
ent physicians.

Main Outcome Measures Physician profiles for their patients’ hospitalization and
clinic visit rates, total laboratory resource utilization rate and level of glycemic control
by average hemoglobin A1c level with and without detailed case-mix adjustment.

Results For profiles based on hospitalization rates, visit rates, laboratory utilization
rates, and glycemic control, 4% or less of the overall variance was attributable to dif-
ferences in physician practice and the reliability of the median physician’s case-mix–
adjusted profile was never better than 0.40. At this low level of physician effect, a
physician would need to have more than 100 patients with diabetes in a panel for
profiles to have a reliability of 0.80 or better (while more than 90% of all primary care
physicians at the health maintenance organization had fewer than 60 patients with
diabetes). For profiles of glycemic control, high outlier physicians could dramatically
improve their physician profile simply by pruning from their panel the 1 to 3 patients
with the highest hemoglobin A1c levels during the prior year. This advantage from gam-
ing could not be prevented by even detailed case-mix adjustment.

Conclusions Physician “report cards” for diabetes, one of the highest-prevalence
conditions in medical practice, were unable to detect reliably true practice differ-
ences within the 3 sites studied. Use of individual physician profiles may foster an
environment in which physicians can most easily avoid being penalized by avoiding
or deselecting patients with high prior cost, poor adherence, or response to
treatments.
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individual physician profiling has
become an integral part of medical
staff appointment and issuing clinical
privileges.8

Although increasing professional ac-
countability is a laudable goal, profil-
ing ventures can be quite expensive
(adding as much as $0.59 to $2.17 per
member per month),9 may have very se-
rious consequences for physicians and
could potentially be harmful to pa-
tients through distortion of physician
incentives.4,6,8 In their most benign use,
profiles are used simply to educate phy-
sicians about their practices relative to
their peers. However, the most severe
consequence of poor performance on
a profile is the potential loss of a man-
aged care contract or hospital admit-
ting privileges.8

The usefulness of physician profiles
depends on their reliability and accu-
racy. Even so, little published evi-
dence on the reliability of any of the
commonly used profiling systems ex-
ists.10 In part, this lack of attention to
reliability comes from a lack of data.
Few profilers have data with adequate
risk adjustment measures, enough ob-
servations per provider, and enough
providers to try to estimate the true re-
liability of their measures. The Diabe-
tes Patient Outcomes Research Team
study, which examined the type of
health care provided to patients with
type 2 diabetes living in 3 geographi-
cally different locations and enrolled or-
ganizationally diverse sites, allows for
the opportunity to evaluate the reli-
ability of provider profiling for one of
the most common chronic medical con-
ditions. We examined the utility of sev-
eral potential profile measures, includ-
ing hospitalization rates, visit rates, total
laboratory resource use, and glycemic
control. We evaluated (1) the reliabil-
ity of physician profiles, (2) the impor-
tance of detailed case-mix adjustment,
(3) the clinical and economic magni-
tude of variations in physicians’ prac-
tices, and (4) the potential for physi-
cians to improve their profile measures
by gaming the system (ie, through
patient selection rather than changing
their practice).

METHODS
Sites and Patient Sample
The study sample included 3642 pa-
tients with diabetes cared for at 3 geo-
graphically and organizationally dis-
tinct sites: (1) a staff-model health
maintenance organization (HMO) on the
West Coast, (2) an urban university
teaching clinic in the Midwest, and
(3) a group of private practice physi-
cians in a New England urban area.11

Patients were eligible if they were older
than 30 years and were prescribed either
insulin or sulfonylureas, or if they met
1 of the following laboratory criteria:
(1) a fasting plasma glucose level greater
than 7.8 mmol/L (.140 mg/dL), (2) a
randomplasmaglucose levelgreater than
11.1mmol/L(.200mg/dL),or (3)agly-
cosylated hemoglobin (HbA1c) level
greater than 3 SDs from the mean.

At 2 sites (HMO and private prac-
tice), physicians were randomly se-
lected (within age and sex strata), but
a universal sample of primary care clinic
physicians were selected at the third
site. Physicians reviewed a list of eli-
gible patients with diabetes under their
care who were identified by means of
pharmacy and laboratory databases (at
the HMO and teaching clinic sites) or
from their records (private practice site).
The physicians excluded patients who
did not have type 2 diabetes, were too
ill for follow-up, or who either did not
speak English or did not have a family
interpreter (9% of the patients were ex-
cluded). Of the patients who were con-
tacted by telephone and requested to
participate in the study, 18% declined.
An additional 15% failed to return their
baseline surveys. The final cohort con-
sisted of 3642 patients, 1730 from the
HMO site, 787 from the university teach-
ing clinic site, and 1125 from the pri-
vate practice site, who met the eligibil-
ity criteria described above. The 232
physicians across all 3 sites had an av-
erage of 16 patients who responded to
the survey, with physicians averaging 21
patients at the HMO site, 9 patients at
the urban teaching hospital, and 18 pa-
tients at the private practice site. Less
than 5% of the physicians were endo-
crinologists. Patients were asked in the

baseline survey to confirm that we had
correctly identified the physician pri-
marily responsible for their diabetes care.

At the HMO site, extensive informa-
tion was available from medical infor-
mation systems including hospital dis-
charge and visit records and clinical
laboratory and pharmacy systems.12

Analyses that used medical informa-
tion systems–based measures such as
total laboratory utilization and the re-
sults of HbA1c tests are thus limited to
this site.

Variables
Dependent Variables. Resource uti-

lization measures were collected from
a self-administered survey and in-
cluded total hospitalizations and total
number of office visits in the previous
6-month period. Laboratory utiliza-
tion measures were constructed at the
HMO site where we had access to all
of the laboratory records. Each test was
mapped to a relative value unit con-
structed to reflect actual laboratory costs
(in 1992 dollars) for performing each
test.12,13 Diabetes control in 1991 and
1992 was based on the average HbA1c

level each year at the HMO site.12

Independent Variables. The vari-
ables used to predict utilization and dia-
betes control included demographic
variables (patient sex and age), physi-
cian and site, socioeconomic status (in-
cluding income, education, and employ-
ment status), duration of diabetes, and
health status measures. We measured ge-
neric health status using the 36-item
Medical Outcomes Study Short-Form
Health Survey and comorbidity using a
previously described and validated dia-
betes-specific instrument, the Total Ill-
ness Burden Index.12,14 This measure
uses what patients have reported about
all of their diseases and symptom inten-
sity to characterize the total disease bur-
den, including the presence and sever-
ity of diabetic complications.

Analysis
Our overall analytic strategy was to con-
struct case-mix–adjusted regression
models for the resource utilization and
glucose control–dependent variables.
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The case-mix–adjusted residuals from
these models were then examined for
how much they varied systematically
by physician. This 2-step approach rep-
resents current profiling practice.3,15

However, we confirmed our results us-
ing hierarchical regression for general
linear models, an analytic technique less
commonly used but more appropriate
for this instance, for which patient ob-
servations are not independent but are
clustered by physician.16

In the first set of analyses, case-mix
adjustment included only age and sex,
which are often the only patient char-
acteristics that can be easily obtained
from insurance company databases.
Next we developed a full case-mix
model, which included all of the inde-
pendent variables described above. We
used linear regression for the continu-
ous dependent variables (laboratory
relative value units and HbA1c levels)
and negative binomial regression for
counts (hospitalizations and visits).17

Variables for each site were included to
remove site effects. In the 2-step ap-
proach, we looked for evidence of phy-
sician practice effects by analyzing
whether residuals from these case-mix–
adjusted models were associated with

the physician identifier. We used ran-
dom effects analysis of variance to quan-
tify the variance between and within
physician panels. In the hierarchical
model approach, the physician level
variance (along with its SD) is esti-
mated as a separate parameter in the full
case-mix model.

Quantifying the Amount of Physi-
cian Variation. The usual assessment of
the amount of variation in physician
practice patterns simply tabulates the av-
erage patient residual after case-mix ad-
justment by physician.15 However, even
with the most sophisticated and expen-
sive case-mix adjustment, the above
analysis will overstate (substantially in
some cases) the true range of a physi-
cian practice effect. This is particularly
true when the patient panel size is small
or the physician effect on the profile is
relatively small.16,18-21 To account for a
small signal (in this case, physician ef-
fect) to noise (variation due to unmea-
sured patient factors) ratio, a “shrink-
age factor” must be applied to each
physician’s estimated profile. (A math-
ematical model describing this concept
in the setting of constructing a physi-
cian profile measure may be obtained
from the authors.)

The shrinkage factor can be thought
of as adjusting the performance mea-
sure for the level of reliability. The lower
the reliability, the more the physician’s
measure should be shrunk toward the
mean of all the physicians. A statistic that
describes the proportion of overall varia-
tion attributable to physician practice,
after accounting for the shrinkage de-
scribed above, is the intraclass correla-
tion coefficient (ICC).16,22 The ICC can
be thought of as the maximum propor-
tion of variance that can be explained by
physician practice patterns23 or as a re-
liability-adjusted R2. It was calculated
from the estimates of variance between
and within physician panels.

Quantifying the Reliability of a Phy-
sician Measure. Reliability is the ex-
tent to which a measure gives the same
result on repeated trials. Practically, re-
liability is often calculated as the cor-
relation between 2 equivalent (but not
identical) measures, such as items on
a test scale.23 For a report card mea-
sure of physician effect on glucose con-
trol, for example, each patient’s level of
glucose control, after case-mix adjust-
ment, is considered an equivalent mea-
sure of the physician’s effect on glu-
cose control. The correlation between
patient measurements within physi-
cian (the intra-class correlation coeffi-
cient or ICC) is thus the reliability of
an estimate of the physician effect on
glucose control based on a single pa-
tient measurement. The reliability of a
physician profile, composed of a mean
of n patient measurements is calcu-
lated as a function of n and the ICC us-
ing the Spearman-Brown prophecy for-
mula.23,24 A reliability of 0.80 suggests
that 80% of the variation of an indi-
vidual physician’s profile is due to prac-
tice differences and 20% is due to
chance variation and is often consid-
ered the minimum level necessary for
making decisions about individual phy-
sicians based on a profile.25 The reli-
ability of a profile increases as the phy-
sician panel size increases and as the
difference in practice patterns between
physicians becomes larger.

Manipulating Profiles. Proponents of
profiles argue that good case-mix ad-

Table 1. Demographics of Patients With Diabetes by Site*

Characteristics HMO
Urban Teaching

Hospital
Private Practice

Physicians

Age, mean, y 63 61 62

Education
,High school graduate 17 69 19

High school graduate 36 22 38

Some college 24 8 21

College or graduate 23 2 23

Employed 41 15 42

Sex, female 51 76 53

Income, $
,15 000 18 94 28

15 000-29 000 36 5 27

$30 000 46 1 45

Married 70 25 65

Ethnicity
White 90 35 94

Black 4 64 4

Hispanic 1 ,1 1

Asian 4 ,1 1

Other 1 1 ,1

*The sample size at the health maintenance organization (HMO) site was 1738, 790 at the urban teaching hospital,
and 1132 at the private practice site. All data are percentages unless otherwise indicated.
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justment can eliminate the advantage of
caring for less sick panels of patients. For
profiles of glycemic control at the staff-
model HMO, we tested the effect of de-
liberate patient selection. We collected
average HbA1c levels of each patient for
the years 1991 and 1992. After exclud-
ing physicians with fewer than 4 study
patients, we calculated physician pro-
files for 1991 data and identified as out-
liers the 10% of physicians with the
worst level of glycemic patient control
after case-mix adjustment. (While there
is no standard cutoff, those generating
profiles frequently exclude profiles for
providers with particularly small panel
sizes.) Before estimating the 1992 pro-
files, we dropped from the panels of the
physicians who were outliers in 1991 the
few patients with the worst glycemic
control in 1991 (above the 95th percen-
tile overall) replacing them with pa-
tients who had average control in 1991.
This simulates the effect of a physician
eliminating the few (1-3) patients with
the worst glycemic control as a strat-
egy to improve their profile.

All of the above analyses were per-
formed using the Stata Statistical Soft-
ware Package22,26 with the exception of
the hierarchical models, which were es-
timated using MLwiN multilevel mod-
eling software.27

RESULTS
Differences in Demographics and
Profile Measures Between Sites

TABLE 1 shows the demographic char-
acteristics of the patients with diabetes
at each of the 3 sites. While age distri-
butions were similar, there was a much
larger percentage of black patients at the
urban teaching clinic (64% vs 4%), as
well as a lower percentage of married pa-
tients. Patients at the urban teaching
clinic also had lower income, less edu-
cation, and lower employment rates than
those at the other 2 sites.

As shown in TABLE 2, the urban uni-
versity teaching clinic site had almost
twice the average number of hospital-
izations per patient per year as the HMO
site after full case-mix adjustment. The
private practice site had about 3 pa-
tient visits per year more than the other

2 sites, a difference that remained sig-
nificant after full case-mix adjustment
(Table 2).

Impact of Reliability and Case Mix
on Physician Visit and
Hospitalization Rates
The profiling approach most com-
monly used by payers and administra-
tors is to calculate simple age- and sex-
adjusted measures that are averaged by
physician to generate a physician pro-
file. Using this approach, it would ap-
pear that 13% of the variation in outpa-
tient visit rates and 8% of the variation

for hospitalization rates are attributable
to the physician (by an analysis of vari-
ance of the age- and sex-adjusted residu-
als, TABLE 3). However, accounting for
reliability, particularly the low signal
(physician practice effect) to noise (pa-
tient variability) ratio, and more exten-
sive case-mix adjustment, a better esti-
mate of the maximum possible amount
of variation due to differences among
physicians is closer to 4% for outpa-
tient visits and 1% for hospitalizations (as
represented by the ICC, Table 3). This
implies that after adjusting for socioeco-
nomic status, comorbidity, and health

Table 2. Variation in Hospitalization and Outpatient Visit Rates for Diabetic Patients
Across the 3 Practice Sites*

Variable

Mean Levels by Site† Explained Variance (R 2)‡

HMO

Urban
Teaching
Hospital

Private
Practice

Physician

Adjustment
for Patient

Characteristics§
Adding Site

Available

Outpatient visits per year
Unadjusted 9.4 9.4 11.3\ . . . 0.00

Age- and sex-adjusted 9.4 9.2 11.4\ 0.00 0.00

Full case-mix 8.8 8.1 11.9\ 0.01 0.02

Hospitalizations, % with .1
Unadjusted 11 21\ 12 . . . 0.01

Age- and sex-adjusted 11 21\ 12 0.00 0.02

Full case-mix adjusted 8 17\ 13\ 0.08 0.09

*Ellipses indicate not applicable.
†Adjusted levels obtained by setting covariates to mean value.
‡For these models pseudo-R2s (which are on a 0-to-1 scale between a constant-only model and perfect prediction)

are presented.
§The adjustment for patient characteristics, as shown in the row labels on the left, is either age- and sex-adjustment

with only demographic and gender variables, or full case-mix adjustment with demographic, socioeconomic status,
comorbidity, and health status covariates included. The pseudo-R2 for each of these models is shown without site
dummy variables (in this column) and with dummy variables for site (in the column at the far right). Thus, the differ-
ence in R2 going down the column reflect the addition of more patient case-mix adjusters and the differences in R2

going across represent the addition of dummy variables for site.
\ Differences from health maintenance organization (HMO) site significance at P,.001.

Table 3. Amount of Variation in Hospitalization and Outpatient Visit Rates
Attributable to a Physician Practice Style Effect

Variable
Age- and

Sex-Adjusted
Case-mix
Adjusted

Variation associated with physician
Visits, %

Unadjusted for reliability, R 2* 13 10
Reliability adjusted, ICC† 7 4

Reliability of physician visit rate‡ 0.51 0.41

Hospitalizations, %
Unadjusted for reliability, R 2‡ 8 8
Reliability adjusted, ICC§ 2 1

Reliability of physician visit rate‡ 0.24 0.17

*R2 from an analysis of variance with physician identifier as independent variables, the usual estimate of the amount of
variation in the dependent variable explained by physician.

†Intraclass correlation coefficient (ICC) from a 1-way random effects analysis of variance with physician identifier as the
independent variable. This gives an estimate of the reliability of a physician profile composed of a single patient and
also represents an upper bound of the amount variation in overall resource use that can be explained by physician
practice variation. It can thus be thought of as a reliability-adjusted R 2.

‡The reliability of a physician profile based on 16 patients with diabetes (the average panel size across all 3 sites). As
the panel size goes up, the reliability of the profile will increase (see Figure 2). Data are based on the number of visits
per year.
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status, 99% of the variation in hospital-
ization rates and 96% of the variation in
outpatient visit rates is due to unmea-

sured patient factors or chance. Elimi-
nating all physician variation would have
a relatively small effect on overall pa-
tient visit rates or hospitalization rates.

Usinghierarchical analyses,wecan test
in a more appropriate statistical model
whether this remaining physician effect
is statistically significant. After account-
ing for both the low signal-to-noise ra-
tio of the physician effect and full case-
mix adjustment, the physician level
variation in visit rates is still statistically
significant (x2 6.6; P = .01). In contrast
to the case of outpatient visits, the phy-
sicianeffect forhospitalizationrates isnot
statistically significant (P = .13).

Although the overall physician prac-
tice effect for visit rates is statistically sig-
nificant, the reliability of an individual
physician visit rate (based on a panel
with 16 patients) is only 0.40 (Table 3).
Thus, more than 60% of the variation
in the median physician’s patient-
visit–rate profile (1 − reliability) is
due to error from chance variation.
FIGURE 1 illustrates that this level of phy-
sician variation and panel sizes result in
physician profile measures that are in-

adequately precise to distinguish phy-
sicians from one another. The vast ma-
jority of visit rates are within 10% (or 1
visit per year) of the mean. Even at the
extremes, the confidence limits are wide
enough that it would be difficult to say
that any physician has a rate signifi-
cantly different from any of the average
physicians. At this level of physician ef-
fect (ICC = 4%), physicians would need
to have more than 100 patients with dia-
betes for the profiles to have a reliabil-
ity of 0.80 (FIGURE 2). At the HMO site,
we could identify the total number of pa-
tients with diabetes per physician via
medical information systems, even if the
patients were not enrolled in the study.
There, the median primary care physi-
cian had 29 total patients with diabe-
tes, 90% had fewer than 60, and no phy-
sician (out of more than 250 at the
HMO) had more than 85.

Profiling Laboratory Resource Use
and Glycemic Control
Physician visit and hospitalization rates
may be influenced by many factors and
perhaps are less determined by physi-
cian practice than profiles based on
measures more closely tied to specific
physician interventions. Thus, we next
examined whether profiles of total labo-
ratory utilization and the average level
of glycemic control, constructed from
computerized laboratory data avail-
able only at the HMO site, would be
more reliable measures of physician
practice differences.

For age- and sex- adjusted total labo-
ratory costs (laboratory relative value
units), physician practice style ap-
pears to account for 7% of the varia-
tion in laboratory costs. However, af-
ter full case-mix and reliability
adjustment, the ICC was only 2.6%, in
the middle of the 1% to 4% ICC range
found for hospitalizations and visits, re-
spectively. The reliability of the me-
dian physician’s profile (21 study pa-
tients per physician at the HMO) was
0.38 after full case-mix adjustment.

Thepercentageofvariationaccounted
for by physician practice differences or
ICCcanbedifficult to interpretataprac-
tical or intuitive level. A more direct il-

Figure 1. Comparison of Physicians’ Visit Rate Profiles
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Relative visit rate by physician (with 1.0 being an average profile) after adjustment for patient demographic
and detailed case-mix measures. The error bars represent a 1.4 SE confidence interval (CI), so that overlapping
CIs suggest that the difference between 2 physician visit rates is not statistically different (P..05).16 In this
graph, although the overall physician effect on visits is statistically significant (see “Results” section), it is not
possible to say that the physicians at the extremes are significantly different in their visit rates from any of the
other physicians.

Figure 2. Reliability by Panel Size for 2
Levels of Physician Effect
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This figure illustrates the reliability (on the y axis) of a
physician profile measure constructed by averaging a
patient utilization or laboratory measure across the
number of patients with diabetes in a physician’s panel
(shown on the x axis). Two lines are shown repre-
senting 2 levels of the overall proportion of variance
(represented by the intra-class correlation coefficient
[ICC]) in a profiled measure accounted for by differ-
ences in physician practice found in the data. Thus for
an ICC of 4% (the level of physician practice effect
for patient visit rates), if a physician’s panel includes
100 patients with diabetes, the reliability of the phy-
sician’s visit rate score would be 0.80.
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lustration of the magnitude of the phy-
sician effect on total laboratory cost
and how the usual physician profiles
shrink dramatically after adjusting for
reliability is shown in FIGURE 3. The
usual physician profiles (shown on
the left side of Figure 3) would sug-
gest that if the physicians in the 90th
percentile of utilization were able to
change their practice habits to be
similar to the practice of physicians in
the 10th percentile, the HMO could
realize an annual savings of $113 for
each of its patients with diabetes.
However, after adjusting the estimates
for panel size and reliability, the
potential annual cost savings resulting
from changing the highest to the low-
est decile is closer to $40 per patient.

Similarly, for profiles that measure
the level of patients’ glycemic control,
when applying a simple age- and sex-
adjusted model, the physician identi-
fier appears to account for 8% of the to-
tal variance in level of control (or a
range of 2 percentage points between

the average HbA1c level achieved by pa-
tients of physicians in the 10th percen-
tile vs those in the 90th percentile).
However, the reliability and case-mix
adjusted physician effect is only 3.3%.
Thus, the better estimate of the true
range of physician practice between the
10th and the 90th percentiles is 0.7 per-
centage points and the reliability of an
individual physician’s HbA1c profile is
0.38 (for physicians with 21 patients).

Does Full Case-Mix Adjustment Pre-
vent Gaming the System? Ideally, full
case-mix models would eliminate or re-
duce the perverse incentive for physi-
cians to manipulate profiles by electing
not to care for sick patients. However,
in FIGURE 4, we see if those physicians
with the worst profiles (patients with
higher than expected HbA1c levels) for
1991 managed to discourage the pa-
tients with the top 5% of HbA1c levels
(representing only 1-3 patients per phy-
sician) from returning to their panel, they
would in most cases achieve a panel
HbA1c profile in 1992 that would be sub-

stantially improved than average. About
half of this improvement occurs through
regression toward the mean (deter-
mined by examining 1991 and 1992 pro-
files without any patient selection for the
1991 outlier physicians) but the other
half was due to patient selection. Thus,
the patient’s HbA1c levels from the pre-
vious year proved a far better predictor
of what a patient’s HbA1c level would be
in the current year, better than physi-
cian practice or our case-mix adjusters.
Manipulating their patient pool, based on
a patient’s prior year HbA1c level, is the
easiest way for physicians to have a sub-
stantial improvement in their profile.

COMMENT
If profiling is to be successful at pro-
viding consumers and purchasers of
health care services with a way to moni-
tor the quality of health care, then pro-

Figure 3. Adjusting Physician Laboratory Utilization Profiles for Reliability at the HMO Site
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Figure 4. Gaming the System-Profiles of
HbA1c Levels
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and replaced them in their panel with a patient who
had an average 1991 HbA1c level. The lower panel shows
the profile changes between 1991 and 1992 for the
physicians who were not outliers in 1991.
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files must cover more than the deliv-
ery of preventive health services to
healthy people, such as vaccinations
and cancer screening rates, which were
the early focus of such profiling ef-
forts as the Health Plan Employer Data
and Information Set.3,5 Diabetes would
seem to be an ideal chronic condition
to monitor because the disease causes
major morbidity, is quite common, and
is expensive to treat. Furthermore, in
contrast to some areas in medicine,
there is good evidence that diabetes care
interventions can substantially affect pa-
tient outcomes and complications.28

Although we found some differ-
ences between our 3 sites that were not
attributable to case-mix differences, rela-
tively little of the variation in any of the
resource utilization or glycemic con-
trol measures evaluated was due to in-
dividual physician practice style varia-
tion. The usual approach to generating
physician profiles (averaging case-mix–
adjusted patient measures within each
physician’s panel) exaggerates both the
magnitude of physician practice differ-
ences and the savings that could be
achieved by correcting the practice of the
outlier physicians to that of the aver-
age physician. Even if this amount of
variation at the physician level is con-
sidered to be clinically important, the
profiles of individual physicians are not
very reliable. This lack of reliability is due
to a combination of the small physi-
cian effect (relative to the substantial pa-
tient variations only a small portion of
which is captured by even detailed case-
mix measures) and the size of indi-
vidual physician patient panels.

It is possible that at other sites physi-
cian practice effects might be more dra-
matic. We sampled patients from only 3
sites. However, these sites represent the
different types of organizations provid-
ing health care now, and the patients in
our study have a wide range of socio-
economic backgrounds. We did not
study retinal or foot examination rates,
which are considered to be important
measures of quality of diabetes care. As
such examinations reflect a fairly spe-
cific process of care, it is possible that
they may have a larger component of

physician variation.29 Our results relate
to only 1 disease. Again, it is possible that,
for other diseases, differences among
physicians may be larger. However, dia-
betes is one of the most common dis-
eases in the United States. Apart from hy-
pertension, it is difficult to imagine that
there would be enough cases per pri-
mary care physician to construct disease-
specific profiles for almost any other
chroniccondition.At theHMOsite,none
of the more than 250 primary care phy-
sicians had more than 85 patients with
diabetes. For any of the measures that we
examined, at least 100 patients would be
needed to reach 80% reliability (often
considered the minimum for making de-
cisions about individuals).25 Finally, our
hospital and visit-rate data are by pa-
tient self-report, but the findings are simi-
lar for our other measures of use and
laboratory costs, which are based on
computerized records.

How do our findings for diabetes com-
pare with the findings of other dis-
eases, which have been examined spe-
cifically for physician-level variation?

For inpatient resource utilization at
1 academic center, attending and resi-
dent physicians accounted for only
about 2% of the variation in total re-
source utilization for hospitalized medi-
cal patients30 and 1% of the variation
in total resource utilization for vascu-
lar surgery.31 Feinglass et al15 reported
what appears to be a large physician
practice effect at an urban hospital. In-
deed, they suggested that annual pa-
tient charges could be reduced by
$250 000 if the 10 high resource-use
physicians practiced at the average re-
source-use level for all physicians. How-
ever, the proportion of variance ac-
counted for by physician appears from
their tables to be at most 3.0%, and
these potential savings very likely are
overestimated when using the usual
profiling approach. Adjusting for the
low reliability of the physician effect,
an estimate of the savings that could be
achieved at that hospital is closer to
$65 000 (and this is for patient charges,
actual savings would be less). Miller
et al32 found similarly little difference in
how physicians practice for several spe-

cific measures of outpatient resource
utilization in the general medical clin-
ics at a university teaching hospital.

Only for a few of the most specific
clinical indicators measuring processes
of care did we find good evidence in the
literature of larger amounts of physician-
level variation as a proportion of the to-
tal variation in a profile measure. Orav
et al,33 found that the practitioner ac-
counted for a maximum of about 24%
of the variance in a process of care score
related to themanagementofdigoxinand
a minimum of 3% in process scores re-
lated to cancer screening.33 Although
there was more evidence for variation at
the physician level when examining a few
of these very specific processes of care,
they also noted that there was essen-
tially no correlation between provider
performance on 1 guideline and their
performance on any of the others. Thus,
any more global quality score would av-
erage out differences between physi-
cians and consequently would have low
reliability. Unfortunately, very specific
process measures will usually apply to
only a small fraction of a physician’s pa-
tients, which makes the process of pro-
filing even more difficult.

In summary, most of the published
evidence suggests that the individual
physicians rarely account for more than
4% of the variation in common profile
measures after case-mix adjustment. It
might be useful to profile and control
this relatively small amount of physi-
cian variation, but only if the costs of
intervening are worth the expected
gains. For a utilization measure, 4% of
the variance may represent a great deal
of money. However, given this rela-
tively small physician-specific effect,
there might be much more value in
seeking factors that affect utilization,
satisfaction, and clinical efficacy among
all patients more substantially than the
practices of their particular physician.
Perhaps system and cohort effects mini-
mize differences between providers
within sites or groups of physicians, and
larger differences may be found be-
tween sites or regions of the country.

Given the small amount of variation
attributable to the physician and the
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larger amount attributable to the pa-
tient’s prior utilization or experience,34

it will generally be much easier for phy-
sicians to change their profile results by
manipulating their patient populations
than by improving their efficiency or
quality. Uncertainty about the conse-
quences of managed care deselecting de-
cisions (decisions to terminate a con-
tract with a physician) and the role of
profiles in these decisions has created an
environment in which the “the sound-
est strategic advice for physicians has
beensimply tomakeeveryeffort toavoid
deselection.”6 Unfortunately,aneasyway
to ensure a good profile is to refuse to
care for sick patients, those who have
failed therapy, or those who do not
adhere to treatment plans. Our results
suggest that, at least forpatientswithdia-
betes, even the most sophisticated case-
mix adjustment will not eliminate this
strong perverse incentive, similar to the

incentives that may encourage HMOs to
attempt to select healthy populations
whenenrollingupcapitatedpatients.34-37

What conclusions should we draw
from the results of our study? Those who
produce physician profiles should first
make a realistic assessment of the reli-
ability of those profiles. The reliability
depends on both panel size and how
much physicians vary in their practice.
Some specialists may have very large
panel sizes, which may allow for reli-
able profiling, but it is then important
to ask if the differences between physi-
cians are worth profiling. Profiling
should be considered only if the physi-
cian-level variation is deemed impor-
tant relative to other potential sources
of variation. At that point, more com-
plete case-mix measures will be neces-
sary. Age- and sex-adjustment, while
inexpensive, is little better than no case-
mix adjustment at all. For profiling,

more detailed case-mix adjustment, such
as the Total Illness Burden Index and the
Medical Outcomes Study Short-Form
Health Survey, will be needed and ad-
justments for patients’ past use or val-
ues may also be necessary.38 Finally, pro-
filers must consider that the application
of profiles may foster an environment in
which deselection of patients is the easi-
est way for physicians to avoid becom-
ing deselected themselves. In our opin-
ion, those who implement the profiling
system would be as responsible for this
result as those physicians who have suc-
cumbed to these pressures by denying
care to the sickest and most vulnerable
people needing medical care.
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