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RESOURCE UTILIZATION

Profiling Resource Use: Do Different Outcomes Affect
Assessments of Provider Efficiency?

Amy K. Rosen, PhD; Carter C. Rakovski, MS, MA; Susan A. Loveland, MAT; 
Jennifer J. Anderson, PhD; and Dan R. Berlowitz, MD, MPH

Efficient management of healthcare service
delivery is paramount for managed care orga-
nizations in today’s competitive environment.

Greater constraints imposed with respect to
accountability, performance monitoring, and quality
improvement are forcing health plan administrators
to examine opportunities for reducing costs without
compromising quality of care. Health plan adminis-
trators also need to understand how their resources

are being allocated and what outcomes are being
achieved. Information disseminated through report
cards regarding the performance of provider entities
(eg, managed care plans, groups of hospitals, individ-
ual providers, and medical facilities) is useful
because “benchmarking” provides meaningful com-
parisons of provider performance against some
internal or external standards.1,2 Incorporating
case-mix adjustment into performance profiles
improves “benchmarking” because it allows for
more accurate assessments of provider perfor-
mance by addressing the disease burden of patients
within a provider’s panel.3-5

Most initial efforts to compare provider perfor-
mance in the hospital setting have focused on out-
comes relevant to inpatient care: mortality,
complications, length of stay, hospital charges, and
readmissions. These outcomes, although limited, are
important.6 Outcomes that are generally more
applicable for examining provider efficiency in man-
aged care organizations are related to outpatient and
preventive services, or to total resource use.
Currently, a variety of resource use indicators (eg,
primary care visits, specialty visits, total costs or
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charges, number of ancillary tests, specialty ser-
vices) are being used as outcome measures for eval-
uating provider performance, and several studies
have found variations in physician performance
after case-mix adjustment.2,4,7-9

Despite the consensus about the need for case-
mix adjustment when comparing providers, little
attention has focused on whether different outcome
measures affect assessments of provider perfor-
mance. A few studies evaluating quality of care in
coronary artery bypass graft surgery have found that
assessments of hospital performance generally dif-
fered depending on whether mortality or complica-
tion rates was used as the outcome measure.10-12 As
increasing numbers of organizations are profiling
providers on their efficiency, accurate information
has become critical for making informed decisions
about provider efficiency.13 Knowledge about the
extent to which assessments of provider efficiency
depend on the specific outcome measure used is an
important step toward ensuring that profiling is con-
ducted appropriately and equitably.

The Department of Veterans Affairs (VA) is the
largest integrated healthcare system in the United
States, currently offering a full continuum of care to
approximately 4 million veterans.14 The VA has been
undergoing a major transformation in healthcare
delivery, with increased emphasis on ambulatory
care, primary care, and implementation of managed
care practices.15 The VA was recently restructured
into 22 geographically defined Veterans Integrated
Service Networks to replace 172 independent med-
ical centers.16-20 Each of these networks comprises
approximately 5 to 10 acute care facilities, and a
varying number of clinics, nursing homes, and other
programs. The purpose of this organizational trans-
formation was to provide more accessible, cost-effi-
cient, and high quality care to increasing numbers of
veterans through better integration of resources.
The basic budgetary, planning, and operating deci-
sions for VA patients living within each geographic
area are now coordinated at the network level.16-20

As a result of this restructuring, the VA is now faced
with the task of allocating resources equitably
across the 22 networks.

Numerous managed care, state-level, and com-
mercial organizations currently use diagnosis-based
case-mix measures to determine the disease burden
of their population, assess provider efficiency, and
examine resource allocation.21-25 These case-mix
measures classify individuals into groups based on
their expected need for healthcare services.26 In
previous work, we found that 2 diagnosis-based

case-mix measures, adjusted clinical groups (ACGs)
and diagnostic cost groups, performed moderately
well in classifying veterans into clinically homoge-
neous groupings based on expected resource
needs.27 In this study, we built on our prior work and
related research to examine variation in resource
use across the 22 VA networks using the ACG case-
mix system.2,9,27-33 Specific objectives were to exam-
ine whether 2 different outcome measures—days of
care and average costs—gave different assessments
of network efficiency; to determine any differences
across the networks in efficiency with and without
case-mix adjustment; and to assess the relationship
between networks’ disease burden and efficiency.

This study will provide the VA with important
insights about the relative efficiency of individual
networks, and inform individual networks as to how
they compare with other networks. The use of 2
outcome measures to assess efficiency should lead
to more accurate interpretation of study findings.
For example, agreement between the 2 outcomes on
network efficiency would strengthen our conclu-
sions about a network’s efficiency. Disagreement, on
the other hand, would indicate that further investi-
gation is needed to understand the discrepancy
between the 2 outcomes. Further, by applying a
standardized methodology for profiling efficiency,
we will provide useful information that other man-
aged care organizations may need to improve the
profiling of their own providers. Therefore, although
we studied 1 large, integrated delivery system, our
results can be directly applicable to other healthcare
systems faced with similar issues.

METHODS

Databases
Our primary data sources were 2 inpatient and 1

outpatient administrative databases: the patient
treatment file (acute care), the extended care file
(long-term care), and the outpatient clinic file
(OPC). The inpatient files contained records on all
individuals discharged from or residing in VA facili-
ties on September 30 of each fiscal year.
Demographics and International Classification of
Diseases, Ninth Revision, Clinical Modification
(ICD-9-CM) diagnosis codes from each episode of
care are available.34 Diagnoses included the primary
diagnosis; up to 9 secondary diagnoses; the primary
bed-section diagnosis (ie, setting of hospitalization
where the diagnosis was assigned, such as the surgi-
cal or medical care unit); and up to 4 secondary bed-
section diagnoses.
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The OPC file describes all outpatient care provid-
ed at VA facilities during a fiscal year. Each outpa-
tient visit may consist of 1 to 15 “clinic stops,” a VA
term indicating the variety of clinical and nonclini-
cal encounters that are delivered for patient care.
Available information included demographics, eligi-
bility for care, site and purpose of clinic stop(s),
CPT-4 procedure codes, and 1 primary and up to 9
secondary diagnoses associated with each clinic
stop. Veterans Affairs facilities were mandated to
collect specific information on every patient treated
in an outpatient clinic beginning in fiscal year 1997
(FY’97).35

We used a third database, developed by the VA
Allocation Resource Center (ARC), for cost informa-
tion. The ARC database is a national, integrated
database of all veterans receiving care in a given fis-
cal year, and includes demographic, utilization, and
accounting cost information for each patient. The
ARC database is derived from the VA cost distribu-
tion report (CDR), which reports facility-level esti-
mates of expenditures, such as staff time, salary, and
supplies that are allocated to a clinical program.
These cost estimates are then summed and divided
by the annual units of care, producing the average
accounting cost for a specific clinical program.36,37

To create 1 complete file containing diagnostic,
demographic, and cost information on patients, we
merged records from all these files using patient
identifiers (ie, veterans’ social security numbers).
We then merged this file with the Beneficiary
Identification and Record Locator Subsystem file, to
obtain information on the deaths of any veterans
during the study period. We used this information
for constructing annualized utilization outcomes.

Sample
We selected a 60% random sample of veterans

from the inpatient and outpatient FY’97 (October 1,
1996, to September 30, 1997) files. We included all
veterans who used acute, long-term, or outpatient
care services during this period, excluding those
individuals with dental or telephone use only and
nonveterans. A split-sample technique was used to
develop models on a 40% sample (n = 1 046 803) and
validate them on a 20% sample (n = 524 461).

Overview of the Adjusted Clinical Group System
Adjusted clinical groups are a computerized soft-

ware system that uses age, sex, and diagnoses gen-
erated from patient encounters over a 1-year period
to describe the medical problems of patients and
their likely effect on healthcare resource consump-

tion.38 The system is both patient- and population-
based, and describes and predicts a population’s con-
current or future healthcare utilization and costs.39-42

Adjusted clinical groups were initially developed to
predict the number of annual ambulatory care visits
in selected health maintenance organizations and the
Maryland Medicaid population, although their pri-
mary application at present is provider profiling.27

Since their original development, ACGs have under-
gone numerous revisions, and the system currently
assigns all inpatient and outpatient ICD-9-CM codes
to 1 of 32 adjusted diagnosis groups (ADGs).
Individuals often have multiple ADGs assigned.
Adjusted clinical groups, which represent 93 mutu-
ally exclusive categories based on a patient’s age,
sex, and total number of ADGs, are generated after
several subdivisions of ADGs.2,8,25,26,28,43

Measures of Resource Use
Typically, measures of resource use involve costs.

Unlike other settings, however, the VA does not rou-
tinely generate a patient bill with explicit charges, so
that the VA has no systemwide information on the
costs of care incurred at a detailed patient-specific
level.36,37 Because of the limitations in VA micro-cost
accounting, we used 2 outcome measures that we
consider to be proxies of total resource use in the
VA. Our first outcome measure, days of care, was
developed from available inpatient and outpatient
data to reflect the “typical” utilization patterns of VA
patients. This approach is similar to the revenue
ratio adjustment method used by the American
Hospital Association that summarizes hospital out-
put into a single utilization measure.44,45 For each
patient, this outcome (days of care) represents the
total number of days of contact with the healthcare
system during the study. Days of care was con-
structed by combining the number of ambulatory
visit days with the number of inpatient days for each
patient during the 12-month study period. Although
an individual could possibly have both a hospitaliza-
tion and an outpatient visit recorded on the same
day, we considered this situation to represent 1 “day
of care.” As a result, the maximum possible number
of days of care for an individual was 365.

The second outcome measure was based on the
VA macro-accounting system. Average accounting
costs (referred to hereafter as average costs),
obtained from the ARC data, represent the sum of
the average service costs multiplied by the units of
service for each patient. This outcome was patient-
specific in that it was based on the actual number of
services each patient received. In calculating the
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ARC costs, the VA also makes some adjustment for
the inpatient diagnosis-related group that accounted
for the hospital stay. The average accounting costs
per unit of service are site- or program-specific,
however, because they are the same for each inpa-
tient day or clinical visit in a given VA hospital pro-
gram.36,37 Therefore, the ARC data used in this study
represent a measure of workload that is used in the
VA budget allocation process.36,37

Explanatory Variables
Independent variables included patients’ demo-

graphic information (age and sex) and diagnostic
information (ICD-9-CM diagnosis codes). We
obtained diagnoses from all inpatient and outpatient
provider encounters. Diagnoses from ancillary ser-
vices, such as laboratory and x-ray visits, were
excluded to eliminate “rule-out” diagnoses.

Data Analysis
Analyses were performed using the Statistical

Analysis System (SAS) software package, version
6.12 (SAS Institute, Cary, NC). We constructed 2
analytic files required for applying the ACG system
(version 4.5) to the data. We obtained means and
standard deviations (SDs) of the 2 dependent vari-
ables: days of care and average costs. We developed
2 weighted least-squares regression models on the
40% sample to explain variation in annualized
resource use (as measured by days of care and aver-
age costs). These models included 19 age/sex cate-
gorical variables and the 32 ADGs from the ACG
case-mix system as indicator variables. We weighted
all observations by eligibility (ie, months alive in
FY’97); all reported means are weighted. We validat-
ed all models to verify that our models were not
overfit to our particular sample.46 This involved
applying the fitted model to the 20% validation sam-
ple, then refitting the model on the 20% sample, and
applying it to the 40% sample.

We used these models to calculate the disease
burden of patients in a network, which we obtained
from the expected resource use of patients in each
network. For each measure of resource use (eg, days
of care), we defined a networks’ disease burden
(case-mix) as the ACG-expected mean network days
of care divided by the mean observed overall VA
days of care. A network’s disease burden indicates
whether the patients in that particular network can
be expected to use more or less resources than
the average VA patient. We then calculated 2 pro-
filing indicators recommended by the ACG sys-
tem to examine variation in resource use across

the networks: an unadjusted and an adjusted effi-
ciency index.2,47 These indicators are being applied
increasingly by managed care organizations for pro-
filing.13,47 Using these profiling indicators, we com-
pared networks in their relative unadjusted and
adjusted resource use, and examined differences
between days of care and average costs in their
assessments of network efficiency. Because we test-
ed 2 outcome measures, we calculated a total of 4
indicators: 2 relative to days of care and 2 relative to
average costs. We ranked networks from lowest to
highest based on mean observed costs for all analy-
ses and classified them into regions based on US
census definitions.48

The first indicator, the unadjusted efficiency
index, is the mean observed (O) network resource
use divided by the mean observed overall VA
resource use. The second indicator, the adjusted
efficiency index, is the mean observed network
resource use divided by the mean expected (E) net-
work resource use. The adjusted efficiency index
(O/E) reflects a network’s resource intensity, repre-
senting the over- or underuse of each network
adjusted by its patients’ disease burden. An adjusted
efficiency index of 1.0 indicates that a network’s
resource use is equal to its expected resource use,
whereas an adjusted efficiency index of 1.3 indicates
that a network used 30% more resources than
expected given its disease burden.2

Finally, to broaden our understanding of the rela-
tionships among selected indices, we explored the
association between disease burden and efficiency at
the network level. We calculated a Pearson correla-
tion coefficient to examine the association between
networks’ disease burden and efficiency using days of
care as the outcome measure, and then repeated this
analysis using average costs to compare the 2 out-
come measures on the strength of this association.
We also calculated Pearson correlation coefficients to
explore associations between networks’ observed
costs and efficiency; the number of patients enrolled
in a network and network efficiency; and days of care
and average costs at the network level.

RESULTS

Descriptive Results
Our 40% sample was 95.5% male, with a mean age

of 59.1 years (SD = 15.2). Most patients (97.4%) had
12 months of eligibility. The average unweighted
number of days of care was 17.6 (SD = 41.1, range =
1-365 days); the average number of outpatient visit
days was 10.5 (SD = 18.4). Among the 15.8% of
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patients who were hospitalized, the average number
of hospitalizations was 1.7. The average cost per
patient was $6240.02 (SD = $19 934.00, range = $1-
$1 534 508). At the network level, the average num-
ber of days of care was 17.00 (range = 13.34-22.60
days), and the mean average cost was $5653.31
(range = $4111.22-$7688.82).

Models’ Ability to Explain 
Concurrent Resource Use

Table 1 summarizes the performance of the 2
ACG models in explaining variation in annualized
resource use. The models performed consistently
across development, validation, and cross-validation
samples, indicating overall stability. The ACG model
explained slightly more of the variation in average
costs (R2 = 0.249) than in days of care (R2 = 0.232).
Overall, the ACG model showed moderate ability in
explaining concurrent resource use.

As shown in Table 2, about half the networks
were classified as efficient by both outcomes. The
unadjusted efficiency indices for the 2 outcomes had
similar ranges and were generally concordant in
direction; if a network was less efficient (unadjusted
efficiency index < 1.0) based on days of care, it was
also less efficient based on average costs (Table 3).
Three networks (D, H, and M), however, were classi-
fied differently on efficiency. Networks D and H
appeared as less efficient than average based on days
of care (both unadjusted efficiency indices = 1.04)
and as more efficient based on average costs (unad-
justed efficiency indices = 0.93 and 0.96, respective-

ly). The opposite was true for network M, which
appeared as more efficient than average on days of
care (unadjusted efficiency index = 0.92) and as less
efficient on average costs (unadjusted efficiency
index = 1.03). Ten networks differed by 5% or more
when the ratio of the 2 unadjusted efficiency indices
was calculated. The greatest difference between the
2 indices was 12%, indicated by a ratio of 1.12.

Networks varied in efficiency even after case-mix
adjustment, although the variation across networks
was reduced. Differences were noted between the 2
outcome measures in assessments of individual net-
work’s efficiency based on adjusted efficiency
indices (Table 3). Four networks (I, M, R, and T)
appeared as more efficient based on days of care and
as less efficient on average costs (eg, the adjusted
efficiency indices for network I were 0.97 and 1.07,
based on days of care and average costs, respective-
ly). Thirteen networks differed by 5% or more when
the ratio of the 2 adjusted efficiency indices was cal-
culated. The greatest difference between the 2
indices was 10%, indicated by a ratio of 0.90.

Although about half the networks were still iden-
tified as efficient after case-mix adjustment by both
outcomes, incorporating case-mix into the unad-
justed efficiency index altered assessments of indi-
vidual network’s efficiency in several cases. For
example, networks D, H, and I appeared as more
efficient than average based on their unadjusted
cost-based efficiency indices (0.93, 0.96, and 0.96,
respectively), and as less efficient based on their
adjusted cost-based efficiency indices (1.04, 1.04, and

Resource Use and Provider Efficiency

VOL. 8, NO. 12 THE AMERICAN JOURNAL OF MANAGED CARE 1109

Table 1. Performance of the ACG Model in Explaining Concurrent Resource Use* (FY’97)

Days of Care† R2 Average Costs‡ R2

Number of
Case-Mix Model Parameters Development Validated Cross-validated§ Development Validated Cross-validated§

ACG model: 51 0.232 0.231 0.231 0.249 0.250 0.249  
ADGs used as additive 
dummy variables, 
19 age/sex categories||

Development sample (n = 1 017 302); validation sample (n = 509 693).
*Outcomes are annualized based on whether a patient had died during the 12-month period.
†Days of care = sum of the number of ambulatory visit days and number of inpatient days in FY’97 (maximum = 365 days).
‡Average costs = sum of the average accounting costs multiplied by the units of service for each patient.
§The cross-validated R2 represents the summary cross-validation measure of each sample fit to the other.
||Age/sex categories are female aged 18–34, 35–44, 45–54, 55–59, 60–64, 65–69, 70–74, 75–79, 80–84, 85+ and male aged 18–34,
35–44, 45–54, 55–59, 60–64, 65–69, 70–74, 75–79, 80–84, 85+.
FY’97 indicates fiscal year 1997; ACG, adjusted clinical group; ADGs, adjusted diagnosis groups.



1.07, respectively). The opposite was true for net-
works R and T, which appeared as less efficient than
average based on the unadjusted days-based efficien-
cy index (both indices were 1.02), but as more effi-
cient based on the adjusted days-based efficiency
index (0.97 and 0.96, respectively).

We found little association between disease bur-
den and efficiency at the network level, regardless
of which outcome measure was used. The correla-
tion was slightly stronger (r = 0.25) using days of

care than average costs
(r = 0.07). Networks
with higher disease
burden are therefore
not necessarily less effi-
cient; conversely, net-
works with lower
disease burden are not
necessarily more effi-
cient. We found a
much stronger associa-
tion between network
costs and efficiency
(Figure 1). Although a
general trend was toward
decreasing efficiency
with increasing mean
observed costs, some
networks showed differ-
ent patterns. For exam-
ple, network D had a
relatively low mean cost
per patient, but its
adjusted efficiency index
was greater than 1.0 for
both outcomes (1.10
and 1.04, days of care
and average costs, respec-
tively). Correlation coeffi-
cients were significant
between average costs
and efficiency as mea-
sured by average costs
and days of care at the
network level (0.73 and
0.88, respectively).

The association
between the number of
patients enrolled in a
network and network
efficiency based on
average costs was signif-
icant but negatively cor-

related (r = −0.45). This finding suggests that
networks with larger numbers of patients tend to
spend less on the care of these patients given their
disease burden (ie, their expected resource use is
higher than what was spent). Interestingly, when
we examined networks with larger panel sizes that
appeared efficient based on both outcome measures,
we found that they were located in the South (eg,
networks B, C, and J). Long-standing regional fund-
ing imbalances exist in the VA, and the South has
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Table 2. Unadjusted Efficiency Indexes Based on Days of Care and Average Costs

Unadjusted Efficiency Index Unadjusted
Efficiency

Geographic Days–based Index/
Network* N Region† Days of Care‡ Average Costs§ Cost–based Index

A 47 839 Mountain 0.80 0.73 1.08  

B 93 882 South Central 0.82 0.85 0.97  

C 82 736 South Atlantic 0.90 0.88 1.02  

D 57 276 North Atlantic 1.04 0.93 1.12  

E 59 743 South Atlantic 0.93 0.94 0.99  

F 43 792 West North Central 0.92 0.95 0.97  

G 44 815 Pacific 0.98 0.95 1.04  

H 38 306 East North Central 1.04 0.96 1.08  

I 28 135 Mountain 0.88 0.96 0.91  

J 52 134 South Central 0.91 0.98 0.93  

K 51 931 South Atlantic 0.97 0.98 0.99  

L 45 429 South Central 1.08 1.00 1.08  

M 19 664 West North Central 0.92 1.03 0.90  

N 44 549 East North Central 1.02 1.05 0.97  

O 28 947 North Atlantic 1.13 1.05 1.07  

P 27 957 West North Central 1.00 1.07 0.93  

Q 28 299 North Atlantic 1.20 1.09 1.11  

R 43 168 Pacific 1.02 1.10 0.93  

S 51 902 North Atlantic 1.17 1.10 1.06  

T 58 151 Pacific 1.02 1.10 0.92  

U 47 356 East North Central 1.20 1.22 0.98  

V 50 792 North Atlantic 1.35 1.37 0.98

All outcomes are annualized and means are weighted.
*Networks are listed in increasing order of mean observed costs.
†Regions are based on the US Census regions, although North Central is now called Midwest, and
North Atlantic combines Mid-Atlantic and New England. Networks are classified into regions based
on where the major portion of its designated area is located.
‡Unadjusted Efficiency Index (days of care) = mean observed days of care for network/mean observed
days of care for overall VA. Overall VA mean weighted days of care = 16.77 (N = 1 046 803).
§Unadjusted Efficiency Index (average costs) = mean observed cost for network/mean observed cost
for overall VA. Overall VA mean weighted cost = $5594.21 (N = 1 046 803).



traditionally been allo-
cated fewer resources
than other parts of the
country.49

Finally, we found a
strong and significant
relationship between
days of care and aver-
age costs at the network
level (r = 0.87). This
relationship, depicted
in Figure 2, indicates
that our derived mea-
sure of resource use,
days of care, is strongly
correlated with the VA’s
budget numbers.

DISCUSSION

The primary purpose
of this study was to
examine whether 2 dif-
ferent outcome mea-
sures gave different
assessments of network
efficiency. This is an
important issue faced by
any healthcare system
that needs information
with which to make
knowledgeable deci-
sions about provider
efficiency. Three impor-
tant findings are evident
from this study: (1) dif-
ferent outcome mea-
sures result in varying
assessments of individ-
ual network efficiency;
(2) case-mix adjust-
ments affect which net-
works are identified as
efficient; and (3) net-
works’ disease burden and efficiency are weakly cor-
related.

The 2 outcome measures, although highly corre-
lated, provided different assessments of individual
network efficiency, suggesting that they may cap-
ture different aspects of resource use. A greater
number of networks appeared as more efficient
using days of care as compared with average costs.

Differences in networks’ adjusted efficiency indices
between days and costs varied as much as 10%;
more than half the networks had differences of 5% or
more in the 2 indices.

We found variation in resource use across the 22
VA networks, both before and after case-mix adjust-
ment. Case-mix adjustment reduced variation in
resource use by a factor of about 3. For example,
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Table 3. Adjusted Efficiency Indexes Based on Days of Care and Average Costs

Adjusted
Efficiency

Adjusted Efficiency Index Days–based Index/
Geographic Efficiency

Network* N Region† Days of Care‡ Average Costs§ Cost–based Index

A 47 839 Mountain 0.85 0.79 1.09

B 93 882 South Central 0.88 0.88 1.01

C 82 736 South Atlantic 0.86 0.81 1.05

D 57 276 North Atlantic 1.10 1.04 1.06

E 59 793 South Atlantic 0.98 0.99 0.99

F 43 792 West North Central 0.89 0.93 0.96

G 44 815 Pacific 1.00 0.97 1.03

H 38 306 East North Central 1.06 1.04 1.02

I 28 135 Mountain 0.97 1.07 0.91

J 52 134 South Central 0.91 0.94 0.97

K 51 931 South Atlantic 1.00 0.99 1.01

L 45 429 South Central 1.16 1.07 1.08

M 19 664 West North Central 0.92 1.02 0.90

N 44 549 East North Central 1.03 1.11 0.93

O 28 947 North Atlantic 1.10 1.04 1.06

P 27 957 West North Central 0.93 0.99 0.94

Q 28 299 North Atlantic 1.16 1.06 1.09

R 43 168 Pacific 0.97 1.08 0.90

S 51 902 North Atlantic 1.10 1.08 1.02

T 58 151 Pacific 0.96 1.01 0.94

U 47 356 East North Central 1.11 1.10 1.01

V 50 792 North Atlantic 1.23 1.31 0.94

All outcomes are annualized and means are weighted.
*Networks are listed in increasing order of mean observed costs.
†Regions are based on the US Census regions, although North Central is now called Midwest, and
North Atlantic combines Mid-Atlantic and New England. Networks are classified into regions based
on where the major portion of its designated area is located.
‡Adjusted Efficiency Index (Days of Care) = mean observed days of care for network/mean expected
days of care for network.
§Adjusted Efficiency Index (Average Costs) = mean observed cost for network/mean expected cost for
network.



mean observed costs ranged from $4111 to $7689
across the networks; after case-mix adjustment,
adjusted mean costs across the networks ranged
from $5012 to $6195. Adjusting for case-mix helped
to explain some of the variation in concurrent
resource use for both outcomes. For both ACG
models, validated R2 were comparable to develop-

ment R2, suggesting that the models
were stable and not overfit. Our
results corroborated those of other
studies, which have shown that the
ACG system is a validated method of
case-mix adjustment.2,26,30,40,41,50

Similar to other studies, our
research provides further evidence
that a case-mix system is a necessary
component for accurate measure-
ment of provider efficiency.2,30,51-54

Assessments of individual network
efficiency were affected by case-
mix adjustment. For example,
assessments of network efficiency
based on average costs differed
between unadjusted and adjusted
efficiency indices across 5 of the
networks. Nonetheless, networks
with higher disease burden were

not necessarily less efficient. Efficiency was more
strongly associated with a network’s observed
costs than with its disease burden.

Resource use varied considerably, a finding that
was unexplained after case-mix adjustment.2,47 As
noted in several VA studies, geographic variation
may have accounted for some of the variation across
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Figure 1. Comparison of Adjusted Efficiency Indices by Network: Days of Care Versus Costs
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Figure 2. Association of Observed Costs and Days of Care at the
Network Level
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the networks.55,56 Differences in patient characteris-
tics might not have been captured by the ACG sys-
tem. Because ICD-9-CM codes do not consistently
perform well in specifying disease severity, ACGs
may not adequately capture the disease burden of
the most severely ill patients within a specific dis-
ease category. In addition, coding practices may
have varied within and across networks, affecting
definition of disease burden.6,57-59

Several limitations of the study should be noted.
First, in FY’97, the VA did not have detailed patient-
specific cost data available at the national level.
Combining ambulatory visit days with inpatient
days of care to create “days of care” may have intro-
duced some bias because the intensity of services
delivered in the inpatient setting per day typically
exceeds that delivered in 1 outpatient visit day. The
VA’s shift to managed care beginning in 1995 may
have offset some of this imbalance because of a dra-
matic increase in the intensity of outpatient ser-
vices, resulting in a higher proportion of outpatient
costs to total costs by 1997.60

Second, “average costs” do not capture patient-
specific variation in resource use within visits or
days of care, which are important for more accurate
prediction of a population’s resource use. This may
have introduced some “noise” into measurement of
efficiency. Researchers currently estimating costs in
the VA have several more options, including the
average cost methods being developed by the Health
Economics Research Center and using costs
obtained from the Decision Support System.37,61

Third, we examined diagnostic data from the VA
only, because our foremost goal was to examine
efficiency within the VA. The inclusion of diagnos-
tic data from other systems, such as Medicare,
would have provided a better estimate of the dis-
ease burden of VA users who are dually enrolled as
well as a more complete picture of veterans’ use of
services. Fourth, we used only 1 year of data to
examine assessments of efficiency across the net-
works. It would be interesting to explore whether
these same profiles would be generated over a
longer period.47 Finally, the use of the term “effi-
ciency” to represent a network’s resource use,
given the disease burden of its patients, may be mis-
leading. We found that some of the networks who
appeared relatively efficient were those who histori-
cally were allocated fewer funds per patient than
other networks.

Our study also had a number of strengths. We had
a large number of cases for analysis, reducing con-
cerns about statistical instability.2 We used profiling

indicators that are well established and that are
widely used by many organizations. Also, VA admin-
istrative databases have important qualities that
make them useful for case-mix adjusted profiling
studies. These include the ability to link patients
across settings and time; the lack of financial incen-
tives for providers to “upcode” diagnoses; and a high
level of data element completion, particularly
important in developing clinical profiles.62

This study has broad implications beyond the VA
healthcare system. Researchers applying specific
case-mix measures to their own populations/settings
can benefit from our finding that different outcome
measures may produce varying assessments of
provider performance. Heightened competition
among providers, as well as the need for health plans
to improve efficiency through optimal management
of provider’s time, suggests that the outcomes used
to assess performance could have a substantial
impact on both providers and patients.28 A better
understanding about the extent to which assess-
ments of provider performance depend on the out-
come measure used is an important step toward
ensuring that profiling is conducted appropriately
and equitably.2

As health plans adapt to the current environ-
ment of managed care, equitable allocation of
resources becomes critical. As suggested by VA
data, a provider allocated fewer resources than
necessary to deliver care based on its patients’ dis-
ease burden may appear relatively efficient, but
may in fact be limited in the quality of care it can
provide to its patients. To date, little evidence
exists linking efficiency to quality of care, but more
studies are needed in this area.9 Or, as shown in
the literature, providers who are not reimbursed
adequately for patients who have above-average lev-
els of need may either avoid enrolling ill, high-cost
patients (“dumping”) or resort to enrolling only
healthy, low-cost patients (“skimming”).63,64 Despite
the caveats associated with “efficiency,” the profiling
indicators used in this study appear to be reliable
and valid tools for benchmarking resource use
across providers. Development of standardized, reli-
able, and validated outcome measures for profiling
will be an important step toward assuring that
providers who look inefficient on costs, for exam-
ple, are not misclassified because other outcome
measures were not used. Finally, researchers who
conduct profiling should be cautious when inter-
preting assessments of provider efficiency so as not
to penalize those providers who may appear ineffi-
cient due to other reasons.
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