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Introduction: The ability of observational studies to draw conclusions on causal relationships betweenAbstract
covariates and outcomes can be improved by incorporating randomly matched controls using the propensity
scoring method. This procedure controls for pre-program differences between the enrolled and non-enrolled
groups by reducing each participant’s set of covariates into a single score, which makes it feasible to match on
what are essentially multiple variables simultaneously. This paper introduces this concept using the first year
results of a congestive heart failure (CHF) disease management (DM) program as an example.
Methods: This study employed a case-control pre-post study design with controls randomly matched to patients
based on the propensity score. There were 94 patients with CHF enrolled in a DM program for at least 1 year
(cases), who were matched to 94 patients with CHF drawn from a health plan’s CHF population (controls).
Independent variables that estimated the propensity score were pre-program: hospital admissions, emergency
department (ED) visits, total costs, and risk level. Baseline (1 year prior to program commencement) and 1-year
outcome variables were compared for the two groups.
Results: The results indicated that, at post-program, program participants had significantly lower hospitalization
rates (p = 0.005), ED visit rates (p = 0.048), and total costs (p = 0.003) than their matched controls drawn from
the CHF population.
Conclusions: Because of its simplicity and utility, propensity scoring should be considered as an alternative
procedure for use with current non-experimental designs in evaluating DM program effectiveness.

The randomized controlled trial is considered the gold-standard industry for evaluating program outcomes is referred to as a ‘total
research and program evaluation design.[1,2] Randomization population approach’.[3] This model is a pre-test/post-test design,
reduces the threat of selection bias by giving each member of the which is a relatively weak research and evaluation technique.[7-9]

population an equal opportunity to be chosen for inclusion in the The most basic limitation of this design is that there is no random-
study, and adding a control group reduces many threats to the ized control group for which comparisons of outcomes can be
validity of the study’s findings (e.g. time trends, regression to the made, thereby allowing several sources of bias and/or competing
mean). As desirable as the randomized controlled trial design may extraneous confounding factors to offer plausible alternative ex-
be, this model is not suited for many research endeavors unless the planations for any change from baseline.[3,7-9] Advocates of this
study is being conducted in a tightly controlled environment. approach argue that most threats to validity are nullified by using

Disease management (DM) by its very nature is population- the entire population in the analysis.[10] However, unless some
based and, thus, cannot be tightly controlled. Therefore, other basic factors are controlled for, such as the purchaser’s case mix
more appropriate observational study designs must be sought.[3-6] and the membership turnover rate, bias still remains a significant
That said, the most common method currently used in the DM concern.[3] Even with these controlling variables in place, this
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Table I.  A comparison of pre- and post-first-year program characteristics of the congestive heart failure (CHF) disease management (DM) intervention
group and the CHF population from which they were drawn. Values are means (standard errors) [$US, 2003 values]

Variable DM intervention group CHF population p-Valuea

(n = 94) (n = 4606)

Age (years) 77.4 (0.96) 76.6 (0.19) 0.539

Sexb 0.51 (0.05) 0.56 (0.01) 0.336

Resident of Portland, OR, USAc 0.17 (0.04) 0.69 (0.01) <0.0001

Health riskd 0.54 (0.05) 0.40 (0.007) <0.0001

Pre-program (per member per year)

Admission ratee 1.13 (0.15) 0.50 (0.02) <0.0001

ED visit ratee 0.70 (0.11) 0.40 (0.01) 0.003

Total costsf $18 287 ($2053) $8974 ($257) <0.0001

Post-program (per member per year)

Admission ratee 0.59 (0.10) 0.87 (0.02) 0.0008

ED visit ratee 0.57 (0.08) 0.58 (0.02) 0.1874

Total costsf $11 874 ($1408) $16 036 ($370) 0.005

a p-Values are two-tailed t-tests for independent samples.

b A score of 1 indicates women and 0 indicates men.

c A score of 1 indicates resident within Portland and 0 indicates resident outside of Portland.

d A score of 1 indicates high risk and 0 indicates low risk for future CHF-related claims.

e Hospitalizations and ED visits were included only if they were CHF specific.

f Total costs included all associated costs per member, disease and non-disease related, excluding pharmacy costs (this exclusion was a result of a
pharmacy benefit not being available to all members, making comparative analyses difficult).

ED = emergency department.

method can be confounded with environmental changes unrelated will illustrate the use of a propensity scoring technique on observa-
to the DM program interventions. tional data obtained from the first year of a congestive heart failure

(CHF) DM program in evaluating its outcomes. However, theIf the results of a DM program intervention may be suspect,
reader should keep in mind that the focus of this paper is on thewhy then do DM program evaluations continue to shun the use of
propensity scoring methodology and not a comprehensive evalua-randomized control groups? As a practical matter, DM programs
tion to determine the effectiveness of this particular CHF program.currently do not use randomized control groups under the belief
As such, other aspects of the DM program that would typically bethat: (i) it would be costly and difficult to track longitudinally
examined and described will not be introduced in this paperbehavioral change and outcomes for a group not under their
because it would unnecessarily draw attention away from thepurview; (ii) the organization may be hesitant to offer services to
propensity scoring method as the focal point.one subset of the population while withholding that same ‘value-

added’ benefit to others; and (iii) there is a need to treat all
Principles of Propensity Scoringmembers with the disease (if these interventions are indeed clini-

cally effective) because each member receiving the intervention In general, DM programs provide high-intensity interventions
has the potential of adding to the medical cost savings and positive (such as telephonic nurse/coaching services) to only a small num-
clinical outcomes promised by the program. ber of participants out of a much larger population of patients with

With these concerns in mind, an alternative procedure that similar disease. Matched sampling techniques attempt to choose
should be considered for use with current non-experimental de- members from the untreated population so that they are similar to
signs in evaluating DM program effectiveness will be presented in the program participants with respect to one or more pre-program
this paper. This method, termed ‘propensity scoring’,[11-15] utilizes variables. Controlling for differences in pre-intervention charac-
existing data sources to create randomly matched controls, which teristics is extremely important in DM because program partici-
are conditional on having an adequate set of observable character- pants are typically dissimilar to non-participants (as a rule, DM
istics for both DM program participants and non-participants. We programs strive to enroll those individuals at highest risk for
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incurring higher costs or higher healthcare utilization during the ticipants in the telephonic nursing intervention component of the
program term, thereby creating an unbalanced case mix between program for the entire first program year, while the 4606 non-
enrolled and non-enrolled groups). program members were continuously enrolled in the health plan

during that same period and were not exposed to any intervention.The propensity score, defined as the probability of assignment
A small number of members who began the CHF program but didto the treatment group, conditional on covariates[11] (i.e. indepen-
not complete the full year were not included in either the interven-dent variables), can control for pre-intervention differences be-
tion or control groups. As shown in table I, there were significanttween the enrolled and non-enrolled groups. The underlying as-
differences between program participants and the CHF populationsumption for using the propensity score in DM is that enrollment
in both their geographic location and pre-program utilization andin the program is associated with observable pre-program vari-
costs. These results are not surprising since the program specifical-ables (e.g. age, sex, utilization, and cost).[14,15] Propensity scores
ly targeted the highest-risk CHF members primarily outside of theare derived from a logistic regression equation,[16,17] which reduces
Portland, USA, service area for enrollment.each participant’s set of covariates into a single score, making it

feasible to match on what are essentially multiple variables simul- Pre-post outcomes between the two groups display a similar
taneously.[9] There are several ways in which program participants trend across all measures. With the exception of ED visits, the DM
can be matched to non-enrolled members by their propensity program cohort showed a significant reduction in hospitalizations
score, such as pair-wise matching, matching with and without and costs, compared with the general CHF population. This coun-
replacement, matching using propensity score categories,[18] ters the significant increases in all these measures for the general
matching based on the Mahalanobis distance,[13] and kernel-densi- CHF population. While these data are compelling, there are two
ty matching.[19] However, at present there is no thorough review major issues with these results that bear further consideration.
available of the advantages and disadvantages of all these match- First, as indicated earlier and illustrated in figure 1, the DM
ing options.[9] The technique employed for evaluating the CHF program cohort was very different with respect to baseline vari-
program data will be matching based on the nearest propensity ables from the CHF population from which they were drawn. This
score. This method was chosen because of its straightforward raises the concern of selection bias and clouds the interpretation of
implementation and conceptual simplicity. the outcomes. Second, since DM program participants were spe-

cifically chosen based on their past high level of utilization and
cost, there is a concern that the reduction in utilization and costMethods
during the program year is indicative of regression to the mean.
Even though the DM cohort appeared to demonstrate reduced

Preliminary Data Analysis
utilization and costs (whereas the CHF population’s outcomes
appeared to worsen over the year), we may not be able to attributeThe data evaluated in this paper come from an internally built
the observed results solely to the program.patient-focused CHF program at a medium-sized health plan in

Oregon, USA. These data represent the first year’s experience of
Estimating the Propensity Scorethe program for those members with CHF who were continuously

enrolled in the health plan for the year prior to commencement of Logistic regression[16,17] is the most widely used method for
the program as well as for the entire program year. Continuously estimating the propensity score. The form of the equation used
enrolled populations were used for both the intervention and here is shown in equation 1.
control groups to allow equal opportunity to experience the utiliza-
tion-outcome events of interest (e.g. emergency department [ED] Pr(Yi = 1) =

1 + exp [-(β0 + β1Xil + β2Xi2 + ... + βkXik)]

1

visits, and hospitalizations). The terms ‘baseline’ and ‘pre-pro-
gram’ both refer to the time period 1 year prior to the start of the where Pr(Yi = 1) is the propensity score (the probability of
CHF program interventions. being enrolled in the DM program), the βs are parameters to be

estimated and the Xs are the independent variables. Thus, propen-Table I presents both pre-and post-program characteristics of
sity scores range from 0 to 1, with 1 indicating a perfect probabili-the CHF program participants compared with the entire CHF
ty of being enrolled and 0 indicating a perfect probability of notpopulation from which they were drawn. Figure 1 provides an
being enrolled.illustration of this comparison for hospital admissions. As men-

tioned in this section, criteria for inclusion in either group required Seven individual level independent variables were used for
continuous enrollment for 1 year prior to commencement of the estimating the model including baseline age, sex (a score of 1
CHF program. Additionally, the 94 program enrollees were par- indicates women and 0 indicates men), service area, number of

 2005 Adis Data Information BV. All rights reserved. Dis Manage Health Outcomes 2005; 13 (2)



This material is
the copyright of the
original publisher.

Unauthorised copying
and distribution

is prohibited.

110 Linden et al.

hospitalizations, number of ED visits, total costs, and health-risk
level. These variables were readily available through health plan
claims data. The addition of clinical variables indicating the sever-
ity of disease (e.g. New York Heart Association classification or
ejection fraction) might have strengthened the model; however,
these types of data were not generally available for members not
participating in the DM program. Additionally, since this health
plan’s Medicare product does not include a pharmacy benefit, drug
claim data were also not available for most members with CHF.
One of the most appealing traits of the propensity score is that any
pre-program variables that differentiate between the groups should
be considered, whether they are linked to the outcome or not.[15,20-

24] Therefore, the DM program evaluator should not hesitate to try
any variables at their disposal, especially given the limited number
of data types readily available.

A dummy variable was created for service area indicating
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Fig. 2. Propensity score distribution for the congestive heart failure (CHF)
disease management (DM) program participants and the CHF population
from which they were drawn.

whether the individual resided within or outside of Portland, OR,
USA (a score of 1 indicates Portland and 0 indicates outside of

(using baseline period data), which stratified risk according to thePortland). Other CHF initiatives were being implemented by the
amount and type of health services used for a given member. Forhealth plan for its members in Portland who were served by one
example, a prior disease-specific hospitalization or ED visit wouldlarge physician organization during the baseline period. Thus, the
place a member into the high-risk category whereas regular sched-

DM program specifically targeted members outside of Portland
uled office visits with no acute exacerbations may classify a

and a small subset of Portland members who were not served by
member as low risk.

the large physician organization for enrollment in the program. To
Hospitalizations, ED visits, and total costs were expressed asreduce the potential for contamination bias, patients with CHF

per member per year rates. Hospitalizations and ED visits werewho enrolled in the DM program and lived in the Portland area did
included only if they were CHF specific. Total costs included allnot participate in the other Portland initiatives.
associated costs per member, disease and non-disease related,

Health risk was a dichotomous variable indicating whether the excluding pharmacy costs (this exclusion was a result of a pharma-
individual was initially classified as low or high risk (a score of 1 cy benefit not being available to all members, making comparative
indicates high risk and 0 indicates low risk) for future CHF-related analyses difficult).
claims. This classification was based on a claims data algorithm

Construction of a Comparison Group

Once propensity scores are estimated by logistic regression, it
is helpful to review the overlap in the distribution of scores for
both cohorts. Figure 2 illustrates that there was an overlap in
propensity scores between the DM program cohort and the total
CHF population, suggesting that for every DM program partici-
pant there was a non-program participant who was comparable
and could be matched to. As shown, the majority of scores fell into
the lowest category (0.0–0.1). This is not surprising as the inter-
vention group is expected to mirror the population from whence
they were drawn, assuming a random selection from that popula-
tion. However, in some settings the analyst may discover that the
DM program participants and non-participants are so different that
no sensible matching is possible. This would be illustrated by a
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Fig. 1. A comparison of hospital admission rates between the congestive
heart failure (CHF) disease management (DM) program and the CHF
population from which they were drawn. All patients were continuously
enrolled with the health plan for at least 2 years (1 year prior to program
commencement and the duration of the first program year). p-Values are
two-tailed t-tests for dependent samples. * p < 0.0008. 
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less pronounced distribution of values spanning over more of the Noting that the costs in the DM group decreased over time and the
scoring categories. costs in the non-DM group increased, summing the pre-post

changes of each group to get an effect estimate of $US13 475The process used for nearest available matching is straightfor-
would be another approach. The propensity scoring method ad-ward. Each DM program participant is matched with a control
justs for most of the pre-period differences between DM andhaving the nearest propensity score and then both subjects are
matched comparison groups; therefore, in the CHF example, theremoved from the data set. This procedure is repeated until all DM
program effectiveness estimate would be $US12 221 (SE =program participants have been matched. To reduce the possibility
$US4093) [the difference between the total costs for matchedof selection bias, all controls with identical propensity scores were
controls and cases]. This figure appropriately rewards the programassigned a random order within their numeric frequency strata.
for treating more expensive cases and the SE gives a more honestThus, each DM program participant was matched with a randomly
assessment of the uncertainties. The results for admissions and EDdetermined control having the nearest propensity score.
visits are similar.As illustrated in figure 3, each matched pair fit very closely,

with little or no departure at any point along the continuum. This
Subclassification on the Propensity Scorevisual display is a good confirmation of the viability of this

method for this particular data set. One very important point to
The propensity score was used to stratify the 4700 individuals

remember is that logistic regression modeling is used as a means
comprising the total data set into quintiles. The lowest quintile (I)

for creating the propensity score (i.e. to reduce the multiple
represented the subclass least likely to be enrolled in the DM

covariates into one score for ultimate pairing with a control, while
program and the highest quintile (V) represented the subclass most

adjusting for all confounding variables).[12-15,20,21] As such, the
likely to be enrolled in the DM program. This stratification is often

correct modeling of the regression is less important than including
used as another approach to developing program effect estimates.

all the relevant predictors of group membership.[22-24] In fact, a
But even when the method of choice is matching, the examination

regression model that achieves a high goodness of fit (i.e. correctly
of the quintiles provides valuable diagnostic information as to the

identifies program participants and non-participants) has a lower
success and appropriateness of propensity scoring. As illustrated

likelihood of finding close matches between the two groups, since
in table III, the distribution of covariates was similar between both

non-participants will score close to 0 and program participants will
cohorts within each subclass (as indicated by non-significant

score close to 1. Therefore, the evaluator should assess goodness
differences of the covariates in each stratum). It has been shown

of fit by reviewing graphic displays (i.e. figure 2 and figure 3), and
that this method of subclassification can remove >90% of the

statistical comparisons between cases and controls on baseline
initial bias as a result of the covariates used to create the propensity

characteristics (table II).
score.[25,26] If important within-subclass differences between co-
horts had been found on some covariates, it could have been

Results concluded that the covariate distributions did not overlap suffi-
ciently to allow subclassification to adjust for these covariates,

Table II presents the pre- and post-program characteristics of thereby raising concern about the model’s ability to draw valid
the DM program participants and their matched controls, drawn conclusions about the results.[26]

from the CHF population. As indicated by the non-significant In reviewing the outcomes based on propensity score sub-
p-values, both cohorts were closely matched on their pre-program classes (the post-program results in table III), it is evident that
characteristics at baseline. Conversely, as pointed out in the last members of quintiles IV and V (whose characteristics make them
three rows of table II and illustrated in figure 4, the DM program more likely to be enrolled in the DM program) have lower hospi-
participants showed a significant reduction in utilization and costs talization rates, ED visit rates, and costs than their counterparts not
as compared with their controls who, in fact, demonstrated an enrolled in the program. This supports the data presented in table II
increase in healthcare utilization and cost during the program year. and figure 4.

How did the propensity scoring method change our estimate of
the program’s effectiveness? A naive calculation might take the Limitations of the Propensity Scoring Method
difference between the post-program total costs for the DM group
(n = 94) and all the non-DM members (n = 4606) and estimate an There are several limitations to the propensity scoring method.
average cost savings of $US4162 (standard error [SE] = Propensity scores are based solely on observable confounding
$US1456). However, most analysts would be concerned with the variables and not for unknown or ‘hidden’ sources of variation.
large pre-period differences between the DM and non-DM groups. Randomization controls for selection bias, by distributing the
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Table III. Subclassification by propensity score quintiles on pre- and post-program variables for the congestive heart failure (CHF) disease management (DM) intervention group
and the CHF population from which they were drawn. Values are means (standard errors) [$US, 2003 values]

Variable Quintile I Quintile II Quintile III Quintile IV Quintile V

CHF DM group CHF DM group CHF DM group CHF DM group CHF DM group
population (n = 0) population (n = 2) population (n = 7) population (n = 15) population (n = 70)
(n = 940) (n = 938) (n = 933) (n = 905) (n = 890)

Age (years) 73.0 (0.47) N/A 77.3 (0.43) 73.5 (4.5) 78.0 (0.37) 78.2 (3.1) 76.4 (0.41) 75.1 (2.0) 78.3 (0.37) 78.0 (1.2)

Sexa 0.81 (0.01) N/A 0.39 (0.02) 0.50 (0.50) 0.57 (0.02) 0.58 (0.20) 0.53 (0.02) 0.60 (0.13) 0.49 (0.02) 0.49 (0.06)

Resident of Portland, 0.93 (0.01) N/A 0.99 (0.002) 1.0 (0) 0.99 (0.30) 1.0 (0) 0.46 (0.02) 0.47 (0.13) 0.02 (0.004) 0 (0)
OR, USAb

Health riskc 0.25 (0.01) N/A 0.02 (0.004) 0 (0) 0.74 (0.01) 0.43 (0.20) 0.40 (0.02) 0.47 (0.13) 0.60 (0.02) 0.59 (0.06)

Pre-program (per member per year)

Admission rated 0.10 (0.01) N/A 0.17 (0.01) 0.50 (0.50) 0.41 (0.02) 0.71 (0.29) 0.98 (0.05) 1.53 (0.49) 0.86 (0.05) 1.10 (0.16)

ED visit rated 0.11 (0.01) N/A 0.33 (0.02) 0 (0) 0.41 (0.03) 0.86 (0.46) 0.56 (0.04) 0.40 (0.21) 0.59 (0.04) 0.77 (0.13)

Total costse 2851 (279) N/A 4414 (228) 10 052 (36) 8880 (359) 16 885 (6426) 14 438 (708) 24 832 (9695) 14 798 (918) 17 280 (1732)

Post-program (per member per year)

Admission rated 0.69 (0.04) N/A 0.56 (0.04) 0.50 (0.50) 1.05 (0.37) 0.57 (0.05) 0.97 (0.05) 0.20 (0.14)f 1.09 (0.06) 0.67 (0.13)g

ED visit rated 0.60 (0.04) N/A 0.43 (0.03) 0 (0) 0.59 (0.04) 1.29 (0.71) 0.64 (0.04) 0.60 (0.21) 0.86 (0.04) 0.51 (0.11)h

Total costse 13 298 (655) N/A 10 608 (563) 9689 (6816) 19 561 (899) 8573 (2904) 17 380 (865) 7344 (1802)f 19 637 (1060) 13 237 (1802)g

a A score of 1 indicates women and 0 indicates men.

b A score of 1 indicates resident within Portland and 0 indicates resident outside of Portland.

c A score of 1 indicates high risk and 0 indicates low risk for future CHF-related claims.

d Hospitalizations and ED visits were included only if they were CHF specific.

e Total costs included all associated costs per member, disease and non-disease related, excluding pharmacy costs (this exclusion was a result of a pharmacy benefit not
being available to all members, making comparative analyses difficult).

f p < 0.0001, using two-tailed t-test of independent samples (standard error in parentheses).

g p < 0.005.

h p < 0.05.

ED = emergency department.; N/A = not applicable.
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comprehensive discussion on the topic of estimating hidden bias,
the reader is referred to Linden et al.[29]

Adequacy of the non-participant pool available for matching
can be a second limitation of the propensity scoring method. Many
DM programs have moved to an ‘opt-out’ method of program
enrollment, meaning that identified members are considered par-
ticipants unless they specifically request to be excluded from the
program. This method typically yields very high enrollment levels,
typically >95% (or a ≤5% opt-out rate). This limitation can be
overcome in several ways. Firstly, only members actively partici-
pating in program interventions (such as those engaged in the
telephonic nurse coaching component) could be included in the
participant group. Others ‘enrolled’ in the program but not actively
engaged in high-intensity interventions are considered non-partici-
pants. Alternatively, a historical (rather than concurrent) control
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Fig. 3. Comparison of propensity scores for congestive heart failure dis-
ease management (DM) program participants and their matched controls
(n = 94 matched pairs). group could be developed. If using a historical matching method,

outcomes related to cost must be appropriately adjusted for infla-
unobserved variation equally among the groups. Since observa- tion. Finally, non-participants could be drawn from population
tional studies cannot control for hidden bias, there is limited subsets to which the DM program was not offered (e.g. because of
confidence in drawing causal inferences about conclusions geographic location, physician affiliation, and/or benefits design).
reached in the study. This may be significant in a DM program

The third limitation to the propensity score technique for use in
evaluation where many unobservable confounders may impact the DM program evaluation is that sufficiently large samples are
use of services,[27,28] which are the outcomes most typically ana- required. This is especially true when using subclassification. As
lyzed in DM programs. noted in table III, most subclasses had extremely small numbers of

DM program participants (the lowest quintile had no DM programIn light of these concerns, methods have been developed to
participants at all). This leads to great variability in the covariateestimate the magnitude of a hidden bias that would be needed to
distribution, thus limiting the ability to draw conclusion about theinvalidate the study findings.[29,30] In case-control studies in which
results using the subclass method.patients are matched on the propensity score, the sensitivity analy-

sis provides the estimated odds of patients assigned to the program A fourth limitation has to do with the use of administrative
intervention having this hidden bias. Using the present data as an claims data for the determination and estimation of covariates and
illustration, the results of the sensitivity analysis suggest that DM propensity scores. While claims data are notorious for their lack of
program participants would need to be 1.58 times more likely to
possess hidden traits or factors than their matched controls to
change our conclusion that the program intervention led to signifi-
cantly lower hospitalizations. This value indicates that the study
results are relatively insensitive to small amounts of bias and
require moderately high levels of bias to alter our conclusions that
the reduction in hospitalizations was indeed an outcome of the
program intervention and not a function of hidden bias. Similar
levels of insensitivity to hidden bias were estimated for total costs
(odds ratio = 1.28), whereas ED visits showed a higher level of
sensitivity to hidden bias (odds ratio = 1.15). These results suggest
that we can be somewhat more confident that the resultant lower
hospitalization rates and decreased total costs were caused by the
program intervention than the lowered ED visit rate. Therefore,
ED visit data should be further scrutinized to assess whether a
causal link with the intervention can be identified. For a more
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Fig. 4. A comparison of admission rates between the congestive heart
failure disease management (DM) program participants and their matched
controls. All patients were continuously enrolled with the health plan for at
least 2 years (1 year prior to program commencement and the duration of
the first program year). p-Values are two-tailed t-tests for dependent sam-
ples. * p = 0.005.
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Table II. A comparison of pre- and post-first-year program characteristics of the congestive heart failure (CHF) disease management (DM) intervention
group and matched controls drawn from the CHF population. Values are means (standard errors) [$US, 2003 values]

Variable DM intervention group (n = 94) Matched controls (n = 94) p-Valuea

Age (years) 77.4 (0.96) 78.2 (0.98) 0.556

Sexb 0.51 (0.05) 0.51 (0.05) 1.000

Resident of Portland, OR, USAc 0.17 (0.04) 0.17 (0.04) 1.000

Health riskd 0.54 (0.05) 0.60 (0.05) 0.379

Pre-program (per member per year)

Admission ratee 1.13 (0.15) 1.09 (0.15) 0.841

ED visit ratee 0.70 (0.11) 0.67 (0.10)  0.832

Total costsf $18 287 ($2053) $17 001 ($2449) 0.688

Post-program (per member per year)

Admission ratee 0.59 (0.10) 1.17 (0.18) 0.005

ED visit ratee 0.57 (0.08) 0.77 (0.10) 0.048

Total costsf $11 874 ($1408) $24 085 ($3843)  0.003

a p-Values are two-tailed t-tests for independent samples.

b A score of 1 indicates women and 0 indicates men.

c A score of 1 indicates resident within Portland and 0 indicates resident outside of Portland.

d A score of 1 indicates high risk and 0 indicates low risk for future CHF-related claims.

e Hospitalizations and ED visits were included only if they were CHF specific.

f Total costs included all associated costs per member, disease and non-disease related, excluding pharmacy costs (this exclusion was a result of a
pharmacy benefit not being available to all members, making comparative analyses difficult).

ED = emergency department.

accuracy,[31-33] currently this is the most widely available source of studies, most notably selection bias and regression to the mean.
data at our disposal. Therefore, special precautions must be taken This is especially important because DM program participants are
to ensure data integrity and accuracy, such as treatment of missing generally chosen based on high cost and utilization in the baseline
values, accuracy of coding, identification of patients across period. Therefore, they are fundamentally different in their base-
databases, etc. line characteristics from the population from which they were

A final constraint, somewhat related to the previous one, per- drawn.
tains to the limited number of variables actually available to DM One significant advantage of the propensity scoring method is
program evaluators for estimating propensity scores and to assess that it can identify whether a particular data set can address the
outcomes. The more variables available for use in estimating the question of whether a causal relationship exists between program
propensity score, the more likely that a good fitting model can be participation (e.g. vis-à-vis the covariates predicting program par-
developed while concomitantly reducing the number of unob- ticipation) and outcomes. Subclassification is an additional tool to
served covariates. validate the model by eliminating up to 90% of the bias associated

with the covariates used to estimate the propensity score. AnConclusions
important fact to keep in mind when using propensity scoring is
that it can only adjust for the observed variation. Therefore, anyUsing the first-year results of a CHF DM program as an
discussion on the results achieved through the analysis must noteexample, this paper has described in some detail the application of
that the magnitude of the unobserved variation remains a potentialpropensity scoring as a technique to assist in the evaluation of DM
threat to validity of the findings. Nonetheless, because of itsprogram effectiveness. This method is particularly suitable to DM
simplicity and utility, propensity scoring should be considered asprogram analysis (where use of randomized control groups are
an alternative procedure for use with current non-experimentalgenerally not practical) because adding matched controls may
designs in evaluating DM program effectiveness.reduce many of the biases typically inherent to observational
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