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Abstract
Background: Two important policy levers to affect health care
delivery are financing and informational interventions. Unfortu-
nately, these two approaches have not been considered simul-
taneously and little is known about how their effects compare.
Aims of the Study: This paper estimates the relative role of
financial incentives (prepaid versus fee for service) and provider
information (perceived knowledge of antidepressant medications
and skill in counseling for depression) on quality of care for less
and more severely depressed patients and their health and
cost outcomes.
Methods: We develop a theoretical model of provider behavior
and estimate a reduced form using a multinomial probit model
with heteroskedastic covariances. The likely effects of changing
provider knowledge about depression treatment in primary care
are then simulated and contrasted with the effects of a shift toward
prepaid managed care as opposed to fee-for-service care. The
empirical model is estimated using data from the Medical
Outcomes Study.
Results: We conclude that financing and information have different
effects and that their combination can achieve the conflicting goals
of improved health outcomes and reduced direct treatment goals.
Moreover, including family income as one important dimension
of social cost suggests that the combination of informational
interventions and a shift to prepaid care may dominate either one
intervention in isolation from a social cost perspective. Specifically
regarding information, we found that increasing provider knowledge
could have the highly desirable effect of greater targeting of
treatments to sicker patients while not raising overall treatment
rates much—a treatment pattern that many hoped managed care
could achieve, but for which there has been little evidence.
Conclusions: Our analysis illustrates the value of considering these
widely different policy goals simultaneously. We learned that
variation in physician knowledge generally had stronger associations
with clinically relevant practice patterns for depression than did a
complete change in financing strategy. The moderate change in
perceived knowledge we simulated (not near the extremes of
observed values of perceived knowledge) was associated with
enough improvement in appropriateness of care to more than offset
the reduction in appropriateness with a complete shift from fee-
for-service to prepaid managed care.
Implications for Health Policy : The paper demonstrates the
importance of considering different interventions simultaneously.
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Introduction

Depression is a highly prevalent condition that is associated
with substantial morbidity and social costs.1–4 Although
several treatments, including antidepressant medication and
specific psychotherapies, are of demonstrated efficacy in
depression,5,6 most depressed persons receive either no care
or no specific appropriate treatment for depression, even
when seeking care.2 Yet while many seriously depressed
patients go without appropriate treatment, many others
receive treatment that provides little benefit for them. This
paper develops an empirical model to study the role of
information and financial incentives in addressing this
inefficiency.

Economists typically consider the simultaneous problems
of under-and overuse of care to be functions of incentives
on the supply or demand side: overuse as a consequence of
moral hazard on the demand side when insured patients pay
less than the marginal cost of treatment; underuse as a
consequence of supply-side cost sharing when providers act
too little as agents for the patients. In this framework,
supply-side cost sharing incentives, such as capitated
payments to providers, are thought to be efficient tools that
primarily reduce questionable care and target health care
dollars to patients most likely to benefit from treatment.

In contrast, most clinical and health services research
pays little attention to incentives and primarily attributes
low quality or inappropriate care to physician ignorance or
bias about diagnosing and treating depression. Consequently,
interventions tend to focus on information,8–11 although the
most successful studies also alter delivery characteristics.12,13

Provider knowledge may be important as even a relatively
weak educational program in Sweden is claimed to have
resulted in improved health outcomes and overall social
savings to society.14

Unfortunately, these two approaches—informational and
financial incentives—have not been considered simul-
taneously and little is known about how their effects



compare. This paper estimates the relative role of financial
incentives (prepaid versus fee for service) and provider
information (perceived knowledge of antidepressant medi-
cations and skill in counseling for depression) in
accomplishing two goals: increasing use of effective treat-
ments for depression overall—an important clinical care
goal given the large gap between current practice and
practice guidelines recommendations—and improving the
targeting of such treatments to the sickest patients, an
important goal for plans to increase value of care. Regarding
the first goal, several studies found that quality of care for
depression is particularly poor in primary care settings, the
sector that treats more than half of all depressed persons
receiving mental health care,2,15 and we therefore focus on
this sector. Regarding the second goal, some studies found
that outcomes for depression were worse in prepaid than in
fee-for-service settings and those effects were concentrated
among the sickest patients,16,17 suggesting that we need to
study the effects of information and financing by patient
severity. Our main research question is the following: what
do financial incentives (as represented by fee for service
versus prepaid) or provider knowledge achieve in terms of
these goals?

Methods

Theoretical Model

Our behavioral economic model assumes that providers
choose a treatment modality for each patient based on the
providers’ expectation of benefits to the patient (which
depends on patient characteristics, such as age, diagnosis
and severity) and marginal costs to the providers’ practice
for each treatment modality (which depends on the financing
system). Treatment benefits differ across patients according
to their health status, but the provider does not know the
true benefit that a specific treatment will provide to a
particular patient before initiating treatment. The quality of
the prognosis depends on the provider’s knowledge and
understanding of the course of the illness, patient sickness
and the effects of treatment. How the provider values patient
benefits and costs for each potential treatment is an
unobserved latent variable, which we call the provider’s
‘utility’ of the treatment, and the provider chooses the
treatment with the highest expected value. The latent variable
is parametrized as a function of provider information,
financing and patient characteristics to measure the influence
of these factors.

The standard modeling approach in economics is that
health care providers are agents of their patients and their
practice/employers and are concerned about both patient
benefits from treatment (B) and costs to their practice (C).
In this paper, we consider the choice between several
discrete types of treatment, including no treatment, rather
than the quantity of a homogeneous service as in most
economic research. The cost argument of the provider’s
utility function is the net utility of providing a treatment in
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terms of effort and income, differing across treatments and
financial arrangements.

Providing treatmentj costs the provider a net amountCj,
which is equal to zero for no treatment. IfCj is zero for
all treatments, clinicians act as perfect agents for patients
(under incomplete information this is not the same as
making the optimal choices for patients).Cj is positive if
the reimbursement for treatmentj is less than the provider’s
marginal costs (supply-side cost sharing, a typical feature
of prepaid arrangements) and negative if the reimbursement
is higher than the marginal costs.

Treatment benefits differ across patients according to their
health status, copayments, and observable and unobservable
individual characteristics. The physician values patienti’s
(ex post) benefit of treatmentj as Bij (with no treatment
having benefits of zero as a normalization). The value of
Bij is low or negative for patients who benefit little from
treatment j because it is inappropriate for their health
condition, too costly for the patient or because it does not
work. The provider does not know the true benefit that
treatment will provide to a particular patient before initiating
treatment. The quality of the prognosis depends on the
provider’s knowledge and understanding of the course of
the illness, patient sickness, the effects of treatment, and
patient preferences. The provider’s expected value of patient
benefit isB

ˆ
ij = Bij 1 mij, or written as a vector for all treatments

B
ˆ

i = Bi 1 mi (1)

where mi is a random draw from the provider’s subjective
information probability density functiong(m), independent
from the patient’s true benefits. A provider for whomuB

ˆ
2

Bu is large is poorly informed about the patient’s outcome
and preferences and a provider for whomuB

ˆ
2 Bu is very

small is well informed. The discrepancy between expected
and actual benefits could be caused by systematic biases
(E(B

ˆ
i) ± Bi or E(m) ± 0) or by the dispersion ofm. If

E(m) = 0 and V(m) . 0, clinicians do not systematically
misestimate benefits, although they also never estimate the
benefit exactly right for any patient. The mean squared error
E(mm9) captures both bias and dispersion and a natural
measure of information is thereforeI = E(mm9)21. This
linear utility function and expected benefits representation
lends itself best to an empirical model, although it is not
completely general. Similar models of uncertainty whenm
was a scalar have been used in the consumer choice literature
to describe unproductive consumption18 and insurance
purchases.19

To understand the implications of this model, first
reconsider the single choice consumer example of Gertler,
Sturm and Davidson19 in a health care context. Assume that
the health care provider can only choose between one
specific treatment and no treatment for a patient and that
no treatment has zero costs and benefits. With complete
information about outcomes, a physician provides the
treatment if Bi . C. The probability of treatment is
Y = e`

C f(t) -t, where f(B) is the density distribution of
treatment benefits in the provider’s patient population. In
Figure 1, Y is the area to the right ofC. Under incomplete



Figure 1. Patients are treated if expected benefits exceed costs

information, clinicians provide the treatment only ifB
ˆ

i .
C and the probability of treatment isY = e`

C h(t) -t, where
h(B

ˆ
) is the density function of the expected valueB

ˆ
.

While systematically over- or underestimating benefits
always biases the probability of treatment in the same
direction, the effect of an increase in dispersion depends on
whether provider costs cut the true benefit distribution to
the left or the right of the mode.Figure 2 shows the
distribution of true benefitsf(B) and the distribution of
perceived benefitsh(B

ˆ
) under the assumption that the mean

of m is zero. InFigure 2(a), C is to the left of the mode
and increased dispersion shifts mass to the left ofC, which
means that the aggregate number of treatments decreases.
In Figure 2(b), C cuts the distribution to the right of the
mode and a mean-preserving increase in dispersion shifts
mass to the right ofC, leading to increased treatment. Thus,
the probability of choosing treatment changes with the
amount of information even if the physician is completely
unbiased about the expected benefits.

Capturing both the mean and variance effect of the
information distribution is important in an empirical model
as these two structural explanations lead to different policy
recommendations. If providers systematically underestimate
treatment benefits to patients (E(m) , 0, V(m) = 0), providing
better reimbursement for those treatments can offset this
bias to provide the desired treatment probabilities. In mental
health, low rates of appropriate care for clinically depressed
patients by primary care physicians is often considered to
be evidence for such systematic biases or ‘mental health
stigma’ among poorly informed physicians. Given the many
unsuccessful attempts to improve physician decisions through
informational interventions, such as outcome feedback,
changing incentives may be an efficient approach to achieve
desired treatment rates. Of course, low treatment rates may

91TREATMENT DECISIONS FOR DEPRESSION

 1998 John Wiley & Sons, Ltd. J. Mental Health Policy Econ. 1, 89–100 (1998)

simply be a consequence of provider incentives which lead
to undertreatment (compared to optimal care from the patient
perspective) if C . 0, in which case the failure of
informational interventions is hardly surprising. On the other
hand, if the reason for undertreating sick patients has been
an inability among providers to appropriately target care
(E(m) = 0, V(m) . 0), increased reimbursement is inefficient
as its main effect is to increase the proportion of inappropri-
ately overtreated patients.

Statistical Model

In the general case, the physician provides treatmentj if it
has the highest perceived net utility among all choices, i.e.,
Uj = B

ˆ
j 2 Cj > Uk = B

ˆ
k 2 Ck, ∀k ± j. In this application

to depression, we consider four choices (counseling only,
antidepressant medication, minor tranquilizers only or none
of the three). However, we describe the econometric model
generally, so that it can be immediately applied to other
settings with more or fewer than four choices and other
covariance specifications than we used. To write the
probability of choosing a treatment compactly, define

Aj =









1 21

1 21

··· :

1 21

21 1

: ···

21 1 








(2)

and

U2j = AjU = (U1 2 Uj, U2 2 Uj, %,



Figure 2. (a) Less knowledgeable providers undertreat when most patients would benefit from treatment. (b) Less knowledgeable providers
overtreat when few patients would benefit from treatment

Uj21 2 Uj, Uj11 2 Uj, %, Uj 2 Uj) (3)

then the probability that treatmentj is provided is

Pj = P(Tj = 1) = E`

2`

I(U2j < 0) f(U2j) -U2j (4)

where I(Q) is the indicator of the eventQ and f is the
density function ofU2j.

For the conditional utility function, we consider a
linear function:
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Uij = B
ˆ

ij 2 aCj (5)

A linear utility function imposes a constant marginal rate
of substitution between patient benefits and costs,19 although
this could easily be generalized by havinga depend on
patient benefits or costs. Because no direct measures of the
utility are available,B

ˆ
ij and Cj need to be parametrized as

functions of observed patient and provider individual
characteristics. Because the Medical Outcomes Study does
not have direct measures of marginal costs, this distinction



is somewhat irrelevant in the depression application, but it
will become important in data that directly measure costs
and provide a tighter fit between theory and data. The
provider’s expected utility from treatmentj for patient i is

Uij = B
ˆ

ij 2 Cj = b0j 1 Ok

k=1

bkjXik 2 OL
l=1

gl Yl 1 eij 1 mij

(6)

where X is a vector of characteristics that affect patients’
benefits, including sociodemographic variables, insurance
status, and especially detailed measures about mental health
status, andY are characteristics that affect the provider’s cost,
such as system of care and reimbursement characteristics. The
alternative specific intercept picks up the overall mean in
the utility of expected benefits, and is augmented by observed
and unobserved individual characteristics. The coefficients
on the individual characteristics (X and Y) are allowed to
differ by alternative. Poor mental health and a clinical
depressive disorder, for example, will make antidepressant
medication more more valuable than no treatment or minor
tranquilizer use, whereas a capitation contract (fixed payments
per enrolled individual regardless of service use) for office
visits, but not medication costs, will make counseling more
expensive than medication treatment to the provider.

Because the choice depends only on the difference
between two utilities and not on their absolute value, only
differences can be identified. It is equivalent whether one
normalizes the utility of no specific treatment to zero (the
assumption in the theoretical model) or whether one
considers the difference between each treatment (counseling,
antidepressant medications and minor tranquilizers) and no
treatment. In this case, the intercept and the coefficients on
the X are interpreted as affecting themarginal utility of the
expected benefits from providing a specific treatment
for depression.

The random components in (6) consist of two
(uncorrelated) additive factors; neither one is observed by
the econometrician. The first random term,eij , reflects ‘true’
factors about patient benefits and costs observed by the
clinician, but not by the econometrician. The second term
(mij) measures the divergence between expected and true
benefits. The distribution ofmij determines how incomplete
information affects the distribution of treatment and this
term would be zero if the clinician had perfect information
about the patient’s benefits. We assume thatei | N(0,V),
where V is a J 3 J matrix (J = 4 choices in this paper),
and that the conditional subjective probability distribution
is miuI | N(Em(I ), S(I )), where I is a vector of measures
of the provider’s self-rated understanding of medication and
counseling treatment for depression. This representation
assumes that both random effects are independent across
patients, which does not seem problematic for a cross-
section of patients treated by different providers. However,
it would not be appropriate when many patients are sampled
from a small number of providers if a clinician repeatedly
misjudges benefits in the same way, as this introduces a
correlation between the vectorsmi.
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Compare this model with the most common empirical
estimator in qualitative choice models, the multinominal
logit model (MNL). The MNL can be written as in equation
(6), but without the second term (mij) that measures the
divergence between expected and true benefits. In the MNL,
the ei are independently distributed with an extreme value
(Gumbel) distribution; in the multinomial probit (MNP), the
ei are jointly normal. The special case of the multinomial
probit in which there is no second term and theei are
independently distributed and have identical variance has
therefore the same basic structure as the MNL.

Not all of the variance parameters can be identified and
we impose two standard normalizations on the variance–
covariance matrix.20,21 First, because choice probabilities
depend only on differences in utility and therefore on the
distribution of differences in the error, the dimensionality
of V can be reduced by unity, which implicitly normalizes
one choice specific random component to be zero (here no
treatment). A second normalization is necessary because the
probability F(V, V) is the same as the probabilityF (kV,
k2V). Additional variance effects that differ across individuals
and choices according to other covariates can be added
without an identification problem and to estimate the effect
of information on the dispersion of the value of expected
benefits, we add the covariance matrixS(I ).

The theoretical advantage of the multinomial probit over
other functional specifications is that it allows correlations
among thee, which could overcome the sometimes unrealistic
‘independence-of-irrelevant-alternatives’ constraint. How-
ever, this theoretical advantage may not be as useful
practically. When adding additional covariance parameters
for V, the models failed to converge because the Hessian
became negative during iterations. One can constrain the
Hessian to be positive with a Cholesky decomposition, but
this requires an unconstrained covariance matrix and the
large number of additional covariance parameters was
probably the reason that the model did not converge in the
unconstrained covariance case either. This seems to be a
general difficulty with multinomial probit models as Keane22

first pointed out. We encountered similar difficulties in the
paper by Gertleret al.19 We eventually used an identity
matrix for V.

Under these assumptions,U2j is distributed normally with
meanAjU and varianceAj(V 1 S(I ))A9

j and Pj = P(Tj = l)
= e0

` fAjU, Aj(V+S)A9
t
(t) -t. The likelihood function forN patients

is then

L = PN
i=1

PJ

j=1

Pj
I(Tj=1) (7)

which is a multinomial probit model with a heteroskedastic
covariance matrix as a function of provider knowledge.

When constraining the variance parameters to be identical
across treatment modalities and patients, the qualitative
results of this model are necessarily identical to the
multinomial logit model, which we used for preliminary
specification tests. In particular, we tested whether other
provider characteristics (such as provider age, gender or
ethnicity or delivery characteristics, such as distinguishing



group practices from staff-model HMOs) affected treatment
decisions, but found no significant or noteworthy effects
and therefore omitted those variables from the final model.
We distinguished family practitioners from other general
medical providers (primarily internal medicine) because the
perceived counseling skills and medication knowledge are
significantly higher among family practitioners than among
other primary care providers—but these differences are not
associated with treatment rate differences. We also tested
whether patient factors other than illness affected treatment
decisions and found that patient age and ethnicity were
highly significant, but gender, education and marital status
were not and we excluded the latter three variables. We
also tested for an interaction between payment system type
and perceived knowledge, since the knowledge effect on
process of care could differ if providers are more behaviorally
constrained under prepaid care, but found no evidence for it.

Data

The Medical Outcomes Study (MOS) is an observational
study of adults in alternative systems of care in three urban
areas (Boston, Chicago and Los Angeles). In each geographic
area, clinicians in Health Maintenance Organizations
(HMOs), large multispecialty group practices and solo/small
group practices were enrolled in the study, including 14
large practices (some of them with several locations) with
prepaid care. During the initial cross-sectional data collection
(1986–1987), patients of the enrolled providers were screened
for depressive symptoms, using a brief self-administered
instrument, followed by a telephone interview that included
the depression section of the NIMH Diagnostic Interview
Schedule. The telephone interview was limited to respondents
who had an ongoing relationship with an MOS clinician,
could complete self-administered questionnaires and did not
have competing acute physical conditions that severely
limited functioning. Patients in the longitudinal portion
ranged from patients with current major depressive and
dysthymic disorder to those with some symptoms, but no
current disorder, which we refer to as subthreshold or minor
depression. Patients with lifetime mania were excluded. The
MOS design has been described more fully before.2,23 Details
of measures can be found in the book by Wellset al.2

Data on care for the acute episode at baseline are available
for 531 primary care patients. We defined four mutually
exclusive categories of care: (i) counseling for depression
only (patient receives counseling but not psychotropic
medication); (ii) any effective antidepressant medication
(patient may or may not receive minor tranquilizers or
counseling); (iii) minor tranquilizers as the only psychotropic
medication (with or without counseling for depression); (iv)
none of these treatments. We classified each patient into
one of these four groups. About 20% received only
counseling (i), 6% any effective antidepressants (ii), 14%
minor tranquilizers as the only psychotropic medication (iii)
and the remainder none of these (iv). Defining these mutually
exclusive categories clarifies the large role of no treatment,
which was obscured in our earlier work that considered
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counseling, antidepressants, and minor tranquilizers
individually.24

Data on use of psychotropic medications were obtained
from patient interviews conducted by study research clin-
icians. The medication data include the name of each drug
used in the prior month or regularly in the prior six months
and the daily dosage. We distinguished any minor tranquilizer
or sedative/hypnotic from antidepressant medication
(heterocyclic, monoamine oxidase inhibitor or newer
antidepressant) because only the latter are known to be
efficacious for depression. Antidepressant dosages were
categorized as within a therapeutic range or below the
minimum therapeutic dosage.15,25 An operational definition
of effective psychotherapy in typical practice settings is
difficult and we used an indicator of at least minimal
‘counseling’ (3 min or more), based on clinician-reported
data after the index visit in which depression was identified.
This is an indicator of a course of treatment because it
predicted an additional 11 mental health visits.24

The panel included patients with no current or lifetime
depressive disorder (42%), patients with lifetime but not
current disorder (13%), current major depressive disorder
(19%), current dysthymic disorder (12%) and concurrent
major and dysthymic disorder (double depression, 14%).
Because treatment likelihood should depend on patient
illness, the analysis controls for each patient’s initial
psychological health status, which is a global measure that
summarizes multiple health status measures,17 including
diagnostic status and severity of symptoms and patient
demographics. Provider information is self-rated and disting-
uishes knowledge of antidepressant medication (mean 60
on a 0–100 scale, standard deviation 23) and perceived skill
in counseling for depression (mean 58 on a 0–100 scale,
SD 24), both of which are single-item measures, asking the
physician to rate their knowledge about this particular
treatment. Although no further psychometric evaluation of
those measures (such as retest reliability) is available, the
predictive power of those measures was studied. Physicians
of depressed patients who received any psychotropic medi-
cation or counseling, compared to those receiving neither
treatment, have significantly higher perceived knowledge
about antidepressant medications (mean 63 versus 57,p =
0.01) and counseling skill (mean 64 versus 54,p , 0.01).
Moreover, providers with higher perceived medication
knowledge at baseline were significantly more likely to
maintain their patients with recurrent depression (current
disorder and three or more prior episodes) on antidepressant
medication over time (p , 0.05 after one year,p , 0.10
after two years with lower significance due to the smaller
sample size caused by attrition). This baseline perceived
knowledge predicted subsequence clinical competence (based
on independent assessments of treatments received), support-
ing the validity of this measure.

We used the final model to study the effects of payment
type and clinician perceived knowledge, i.e. we specified
patient characteristics (for example, 40-year-old white female
with double depression) and compared the probability of
care under various scenarios of provider knowledge and



payment. We illustrate the effects on targeting by contrasting
results for patients with double (severe) and subthreshold
(minor) depression. The predictions are standardized to the
sociodemographic characteristics of the MOS primary care
depression panel. Rather than simulate extreme knowledge
changes that might be unrealistic to achieve, we defined a
moderately strong effect size, equivalent in terms of
standardized scale points to change in diagnostic accuracy
observed in an educational intervention study,11 which found
that a 3. h seminar improved the diagnostic accuracy for
dysthymia and major depression significantly relative to
control clinicians. On a standardized 0–100 scale (centered
at the average), the improvement in diagnostic accuracy
was about 30–40 points, and we simulate a 40-point increase
in standardized versions of our knowledge/perceived skill
scales, centered at the average. This approach could
understate the potential of more intensive informational
interventions compared to a complete switch from fee-for-
service to prepaid care, but we note that this is four times
the difference in knowledge in the MOS between clinicians
who deliver any as opposed to no treatment to their
depressed patients (i.e., it does not seem to be a small
effect). For purposes of guiding policy formulation at the
early stage of choosing a target goal, the precision of the
prediction parameters often matters less than the direction
of findings; modeling smaller changes results in the same
relative relationships but at less extreme absolute levels
of impact.

While changes in quality of care (i.e., rates of use of
treatments of known efficacy) are interesting in their own
right, policy makers are most interested in measures of
costs, particularly direct treatment costs and morbidity
outcomes, as proxies for indirect social costs. While we can
estimate the change in quality of care measured by processes
of care as a function of information and financing, our
simulation of the cost and morbidity has to rely on cruder
assumptions. For that second link, we use previously
published estimates of process–outcome relationships for
severely depressed patients in all sectors (including mental
health specialty). Our cost estimates are derived from the
finding that effective antidepressant medication is associated
with an additional five and counseling with an additional
11 visits for mental health care (controlling for severity and
provider specialty).24 Our conclusions could underestimate
the cost savings resulting from a shift to prepaid care for
primary care patients, but not by much as the main cost
differences by payment are among specialty patients, not
primary care patients.26 We may also overstate the cost
implications for subthreshold patients. Regarding morbidity
outcomes (reductions in serious functioning limitations), we
apply the average estimated effect of counseling and effective
antidepressant use (derived from the most severely depressed
patients) to all patients with depressive disorder and assume
there was no detectable effect of treatments for subthreshold
patients, the pattern observed in the MOS data base.24 If
depression treatments improve functioning among subthres-
hold patients, we could underestimate the changes in health
improvements with changes in treatment for this group.
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Results

Table 1 shows the distribution of treatment for 100 (actual)
primary care depressed patients under care as usual under the
distribution of financing and knowledge in the participating
practices. These are percentages and standard deviations are
therefore omitted. Patients with minor depression (i.e. no
clinical disorder) are the most likely to receive no treatment
or counseling, while patients with severe depression are
more likely to receive psychotropic medication; yet even
47 of 100 severely depressed patients are currently untreated.
Table 2 provides the descriptive statistics for the regressor
variables in the final model.

Table 3 provides the estimated coefficients of the
multinomial probit model, which used counseling skill,
medication knowledge (knowmed) and age divided by 100.
The first set of regression coefficients refer to counseling
only, the second to antidepressants, the third to minor
tranquilizers; no treatment is the baseline category. The last
two coefficients inTable 3 measure the effect of knowledge
on the covariance matrix. The specification for each
covariance term was (1002 knowledge)/100 times the
coefficient. Therefore, increased antidepressant medication
knowledge decreases the variance associated with the
provider’s utility of providing antidepressants (the estimated
coefficient is 3.21), increased counseling skills decreases
the variance associated with the utility of counseling
(coefficient 4.86). The variance ofmij for a less knowledgeable
physician (when j = antidepressants or counseling) is
therefore relative large compared to the variance of the
‘random’ error vectorei (equal to unity in the estimation
reported inTable 3).

We tested this specification against several alternatives
using likelihood ratio tests. The variance effects of knowledge
(the last two coefficients inTable 3) are jointly highly
significant (x2 = 10.99, two degrees of freedom,p , 0.01),
thus improved knowledge is associated with improved
targeting of treatment to sicker patients. There is no significant
preference (or aversion) for antidepressant medication,
counseling or minor tranquilizer over no treatment as a
function of medication knowledge, i.e. increased medication
knowledge does not significantly shift the mean utility
of treatments. However, increased counseling skills are
significantly associated with a tendency to prescribe minor
tranquilizers and this effect was strong enough in a joint
test of whether there is any effect of knowledge on mean
utilities (x2 = 31.8, six degrees of freedom,p , 0.01). We
therefore maintained the knowledge variables in the mean
utility specification. Financing affects the mean utility of
treatment (x2 = 12.4, three degrees of freedom,p ,
0.01) by shifting treatment away from counseling and
towards medication.

Because regression coefficients are difficult to interpret,
Table 4 simulates changes in distribution of treatment with
a payment switch (a complete switch from fee-for-service
to prepaid care) or a knowledge increase (a 40-point change),
or both, using the estimated model ofTable 3. The last
column of Table 4 summarizes the overall change in



Table 1. Treatment rates per 100 primary care depressed patients

Minor
Type of depression Counseling Antidepressants tranquilizer No treatment

Subthreshold (not clinically depressed) 21 2 12 65

Double depression (two clinical disorders simultaneously) 23 13 17 47

Table 2. Descriptive statistics (n = 531)

Variable Mean Std. Dev. Min Max

Medication knowledge 60.1 23.0 0 100
Counseling skill 57.9 23.6 0 100
Prepaid (1= yes) 0.45 0.50 0 1
Family practice (1= yes) 0.31 0.46 0 1
Patient psychological sickness (higher is worse) 0.12 0.93 22.9 2.4
Patient current depressive disorder (1= yes) 0.45 0.50 0 1
Patient age (years) 47.3 16.1 18.1 86.1
Patient ethnicity (0= white, 1 = others) 0.27 0.44 0 1

Table 3. MNP maximum likelihood estimates

Variable Coefficient Std. err. Est./SE Prob.

Counseling
Constant 25.28 4.99 21.32 0.09
Counseling skill 4.53 3.68 1.23 0.11
Medication knowledge 1.30 1.44 0.90 0.18
Psychological sickness 0.42 0.23 1.84 0.03
Prepaid 21.31 0.96 21.37 0.09
Age 20.31 1.44 20.22 0.41
Ethnicity 21.46 0.99 21.48 0.07
Family practice 0.06 0.41 0.15 0.55

Antidepressant medication
Constant 28.17 3.69 22.22 0.01
Counseling skill 0.067 1.18 0.06 0.48
Medication knowledge 3.86 2.58 1.50 0.07
Psychological sickness 2.05 0.63 3.28 ,0.001
Prepaid 0.48 0.54 0.89 0.19
Age 4.16 2.21 1.88 0.03
Ethnicity 22.09 0.91 22.3 0.01
Family practice 20.50 0.51 20.96 0.17

Minor tranquilizer
Constant 23.67 0.55 26.7 ,0.001
Counseling skill 2.14 0.56 3.85 ,0.001
Medication knowledge 20.35 0.65 20.54 0.29
Psychological sickness 0.71 0.14 4.89 ,0.001
Prepaid 0.056 0.23 0.24 0.41
Age 2.89 0.82 3.54 ,0.001
Ethnicity 20.03 0.23 20.15 0.44
Family practice 20.40 0.27 21.48 0.07

Variance parameter
Counseling skill 4.86 4.12 1.18 0.12
Medication knowledge 3.21 1.65 1.95 0.03
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Table 4. Estimated change in treatment for 100 primary care patients by type of depression

Change in
appropriate care

Minor No (counseling or
Counseling Antidepressants tranquilizer treatment antidepressants)

(i) Among 100 patients with double (severe) depression

Shift all patients from fee for
service to prepaid 210 16 13 11 24

Increase medication knowledge by
40 points 14 15 26 23 19

Increase counseling skills by 40
points 13 23 115 215 0

Shift all patients from fee-for-
service to prepaid care plus
increased medication knowledge 27 111 23 21 14

(ii) Among 100 patients with subthreshold (minor) depression

Shift all patients from fee for
service to prepaid 28 0 0 18 NA

Increase medication knowledge by
40 points 13 0 21 22 NA

Increase counseling skills by 40
points 12 0 15 27 NA

Shift all patients from fee-for-
service to prepaid care plus
increased medication knowledge 25 0 0 +5 NA

Note: We simulate the changes in knowledge using the MOS distribution for other variables (i.e. payment is about half fee for service, half prepaid);
similarly, we simulate the changes in payment using the MOS distribution for other variables and knowledge.

appropriate treatment, defined for severe depression only as
the sum of patients receiving counseling or effective dosages
of antidepressants. It is unclear what appropriate care is for
minor depression, so the last column does not apply for
subthreshold patients.

We estimate that a switch from fee-for-service to prepaid
care results in ten fewer severely depressed patients counseled
out of 100, six more would use effective antidepressants
and three more would receive minor tranquilizers, but there
is little effect on the number without treatment and a modest
decrease in the number of severely depressed patients with
any appropriate care (four out of 100). There is no detectable
effect of type of payment on targeting treatment to sicker
patients; counseling rates drop by eight out of 100 minor
depression patients and by ten out of 100 severely depressed
patients. Put differently, ‘turning back the clock’ to
unmanaged fee-for-service care would do little to change
the overall percentage of patients treated, but would result
in a shift toward counseling and away from medication-
based solutions, including both effective antidepressant
medications and ineffective minor tranquilizers (if the
relationships between knowledge and use of both of these
medications that were observed during the MOS still
applied today).

In contrast, we estimate that for sicker patients, increased
antidepressant medication knowledge would raise the overall
level of appropriate care for nine patients in 100, through
higher rates of use of counseling and antidepressant
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medication, and use of regular minor tranquilizers falls for
six more of 100 patients, while increased medication
knowledge has little effect on care of minor depressed
patients. Increased perceived counseling skills, controlling
for medication knowledge, would markedly raise minor
tranquilizer use (15 of 100 severely depressed patients) with
no effect on the overall level of appropriate care. The
pattern is similar at lower absolute levels for minor
depression patients: five more of 100 patients use minor
tranquilizers with greater perceived physician counseling
skill. Because the medication knowledge and counseling
skills scales are correlated 0.5, the effect of increased
counseling skillwithoutcontrolling for medication knowledge
is more similar in direction to that of improving medication
knowledge, but the unique effect of perceived counseling
skills seems to be to prefer minor tranquilizers over
antidepressant medication, raising questions about what this
measure means in a sample of primary care clinicians with
little formal training in counseling; specifically, it may be
a marker for relative aversion to antidepressant medication
use, which in a primary care provider sample with few
other treatment options could reflect a propensity to provide
poor quality of care, rather than better counseling.

A simultaneous shift from fee-for-service to prepaid care
plus improving antidepressant knowledge increases overall
appropriate care for severe depression (by four of 100
patients) and shifts care away from counseling (seven of
100 patients) to antidepressant medication (increase of 11



in 100 patients), while reducing use of minor tranquilizers
somewhat (three more of 100 patients). This simulated
strategy also reduces treatment to subthreshold patients,
entirely through reducing counseling rates (for five out of
100 patients). In Table 4(i) the greatest increase in
appropriate care for severely depressed patients occurs with
better medication knowledge (nine of 100 patients), holding
financing constant, but this strategy also slightly increases
counseling of subthreshold patients (two more in 100
patients,Table 2(ii)).

While the empirical estimates and their statistical signifi-
cance provide evidence in favor of the theory presented in
this paper, the substantive impact on health and cost
outcomes of changes in knowledge versus shifts in financing
are not obvious from the regression model or the simulated
changes in treatment. However, the most important dimen-
sions for policy purposes are health outcomes and costs. To
simulate the effects of payment switches or an information
increase on treatment costs and morbidity outcomes for a
more general population, we have to go beyond our estimated
model and need three additional assumptions.

Assumption 1 (prevalence). In the primary care practices
studied in the MOS, the prevalence of at least some
depressive symptoms was about 25% and the prevalence
of a current unipolar depressive disorder was about 7%.2

In a health plan that has 100 000 primary care patients
over a year (such as an HMO with 150 000–200 000
enrollees), 7000 patients would have a depressive disorder.
Assumption 2 (processes of care–outcomes link). Coun-
seling and antidepressant medication improve functioning
among patients with a disorder, but have no effect on
patients without a disorder. We use the effect sizes
reported by Sturm and Wells.24

Assumption 3 (processes of care–health care cost links).
We only calculate direct health care costs (not indirect
or other social costs) and only those that are directly
related to measured processes of care. This includes
medication costs, additional visits typically associated
with medication use or counseling sessions (see the
article by Sturm and Wells24 for a detailed breakdown).
Thus, the cost consequences are most meaningful for an
HMO or insurer responsible for treatment costs.

Under these assumptions, we apply changes at the top of
Table 4 to all patients with depressive disorder and the
changes at the bottom ofTable 4 to all subthreshold
patients.Table 5 shows that the switch from fee-for-service
to prepaid care for 100 000 patients would probably save
over one million dollars for depression care annually, but
could lead to an additional 175 additional serious functional
limitations (such as not being able to work at a paying job,
work around the house or engage in moderate or vigorous
physical activities) over care as usual, given the expected
changes in process of care. In contrast, increased medication
knowledge (in a given financing systems) raises costs by
less than $600 000 and reduces an additional 380 serious
functioning limitations from care as usual, given the expected
process changes. Combining the two strategies of educational
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interventions and changes in financing can achieve both
cost savings (about $650 000) and health improvements (175
additional functional limitations removed). We did not
simulate costs and health outcomes of changing counseling
skill because of uncertainty over its interpretation in this
data set, and because the associated large increase in minor
tranquilizer use observed in the MOS data would lead to
increased costs and unimproved or poorer functioning
outcomes; estimating the policy implications of improved
(and scientifically correct) counseling skills requires another
data base. We assume that estimating consequences of lower
knowledge would be of little interest, although some
proposed changes in staffing of primary care (less reliance
on physicians) could possibly lower knowledge level of
providers.

Discussion

The main goal of this paper has been to integrate health
services research questions, which concern information and
quality of care, and economic questions, which concern
incentives, into one model and to provide an empirical
application of this approach. This paper has focused on
physician behavior, in contrast to many models in health
economics, which start with consumer demand. However,
consumer demand models quickly become intractable when
one tries to study provider knowledge,27 a reason why health
economics has not had a strong influence in health services
research that is concerned with incomplete information,
which includes the large areas of quality of care, practice
guidelines or provider education. By focusing on providers
in an agency framework, this model circumvents the
intractability of standard market models, but gives up some
traditional economic questions, such as market equilibria,
at least in this first model. Nevertheless, this approach could
introduce economic models to large areas in health care
that influence public policies, yet so far have remained
outside the scope of economic research, and lead to a
closer integration between medical and economic research
questions. Such an integration would also help to improve
the quality of data for economic analyses.

We used simulation to compare the likely effects of
changing provider knowledge about depression treatment in
primary care with the effects of a shift toward prepaid
managed care as opposed to fee-for-service care. We
distinguished increased preferences for appropriate treatment
choices and improved targeting of appropriate treatments to
sicker patients, and estimated the treatment costs and
morbidity consequences of changes in quality of care. Our
study supports several broad conclusions: increasing provider
knowledge, if it is achievable, could have the highly
desirable effect of greater targeting of treatments to sicker
patients while not raising overall treatment rates much—a
treatment pattern that many hoped managed care could
achieve, but for which there has been little evidence. We
estimated that a change in knowledge, if achieved in the
current system, would also result in a moderate increase in



Table 5. Estimated implications for depression care costs and functional outcomes per 100 000 patients

Improved health (number of
serious functional limitations

Costs reduced)

Shift all patients from fee for service to prepaid 2$1 220 000 (reduction) 2175 (deterioration)

Increase medication knowledge by 40 points 1$580 000 (increase) 1380 (improvement)

Shift all patients from fee-for-service to prepaid care plus increased 1175 (improvement)
medication knowledge 2$650 000 (reduction)

Note: We simulate the changes in knowledge using the MOS distribution for other variables (i.e. payment is about half fee-for-service, half prepaid);
similarly, we simulate the changes in payment using the MOS distribution for other variables and knowledge.

treatment costs, but substantially improved outcomes among
more severely depressed patients.

The difference between prepaid managed care and fee-
for-service care, as these systems existed in the late 1980s,
was associated with a different pattern of results. We found
that prepayment led to a general shift away from counseling
and toward medication management (psychotherapy and
antidepressant medication are both of established efficacy),
across sickness levels. That is, there is no greater targeting
of sicker depressed patients in prepaid care. We estimated
that the changes in process would result in a substantial
cost savings, at the price of worse functioning outcomes.
Conversely, a return to unmanaged fee-for-service care as
it existed in the 1980s would be expected to somewhat
increase overall rates and costs of care and shift care toward
counseling (greater time spent in psychosocial management),
unless trends in recent years and dissemination of SSRIs
(introduced at the beginning of the MOS), has caused an
irreversible shift toward medication management. Proponents
of unmanaged care would probably have to implement
disease management for depression care and other strategies
derived from managed care to contain costs under a fee-
for-service system to remain financially viable, and this is
probably one reason why such elements of managed care
are in fact rapidly disseminating in fee-for-service systems
of care.

Our analysis illustrates the value of considering these
widely different policy goals simultaneously. We learned
that variation in physician knowledge generally had stronger
associations with clinically relevant practice patterns for
depression than did a complete change in financing strategy.
The moderate change in perceived knowledge we simulated
(not near the extremes of observed values of perceived
knowledge) was associated with enough improvement in
appropriateness of care to more than offset the reduction in
appropriateness with a complete shift from fee-for-service
to prepaid managed care. Thus, joint consideration of policy
alternatives can facilitate the identification of potential
solutions to difficult clinical and policy problems, namely
the reduction in quality of care for depressed patients under
prepaid managed care, which is nevertheless rapidly growing
in the US market. Of course, such a complete payment shift
could cause changes in supply of physicians and other
resources that could lead to greater changes in quality of
care in the long run, such as less access to knowledgeable
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providers, but this is outside the scope of this paper or
our data.

While there may be no perfect strategy to simultaneously
improve quality of care and targeting of treatment to the
sickest patients while containing health care costs and
improving the cost-effectiveness of care, the strategy of
combining prepaid care with greater physician knowledge
could offer an advantage for plans and society. We estimated
this combined strategy could lead to reduced costs of care—
about half the savings we estimated for a shift to prepaid
care without greater physician knowledge—and improved
functioning outcomes—about half the improvement we
estimated for greater physician knowledge without shifting
to prepaid care.

One additional criterion that should be considered in
evaluating alternative policies is social costs. Our calculations
of costs only referred to direct treatment costs, which is
most important to parties responsible for treatment costs,
but policy decisions should also consider indirect social
costs, such as improved productivity of better treated
patients. Unfortunately, the effects of treatment on social
costs remain speculative, which is why we focus on direct
costs. The most reliable social cost estimate we can offer
is that a decrease of one serious functional limitation
increased family income by $2000 or more over time over
no such outcome improvement.24 Based on this estimate,
the additional health improvements associated with increased
medication knowledge in the hypothetical population in
Table 5 (380 fewer functional limitations) would lead to
increased family income of $760 000, thus more than
offsetting the increased health care costs ($600 000) and
resulting in a net social gain financially. In this case, both
direct treatment and societal costs are reduced, and, in the
first year of outcome improvement alone, the combination
of reduced treatment costs ($650 000) and reduced social
costs (increased family income of $350 000) could equal $1
million over 100 000 patients, which is likely to exceed the
net social gains (after factoring in income losses from health
deteriorations) of a full shift to prepaid care without changing
provider knowledge. Of course, family income is not
equivalent to all social costs and certainly not comprehensive,
but it is a broad measure that can capture the improvements
in productivity of the patient and family members associated
with better health and even changes in the time costs of
receiving care.



A substantial limitation of this study is that information
is not easy to measure and we ideally would like to rely
on an objective test that scores each provider’s knowledge
against current scientific knowledge. Instead, our measures
relied on self-report of knowledge and skill, which measures
objective knowledge with error. For a simple analysis
(bivariate regression), this error would underestimate the
effect of objective information, but in the complex model
we used, the direction of bias is unknown. Of course, the
model provides unbiased estimates of the effects of perceived
knowledge. Perceived knowledge or skill may reflect
scientifically outdated or false knowledge, and the example
of perceived counseling skill in this analysis could offer
such a case because it was associated (controlling for
medication knowledge) with greater use of minor tranquiliz-
ers. Nevertheless, this finding is interesting because it
suggests that primary care providers who counsel may
overestimate the benefit of regular use of minor tranquilizers,
which are not efficacious in severe depression. This further
suggests that training programs should provide education in
appropriate medication management when teaching coun-
seling skills. In contrast, our measure of antidepressant
medication knowledge appears to be a valid competence
measure, supported by evidence from a longitudinal analysis
that improved knowledge predicts greater rates of mainte-
nance therapy for recurrent depression over two years.

The reader may feel we have strayed far from the
conventional experimental research paradigm in the clinical
literature. Clearly, we rely on observational data and cross-
sectional variations, which makes any causal inferences (and
we do interpret our model causally) less convincing than in
an experimental trial. However, we have empiricallyesti-
matedour model with actual data whereas studies of similar
scope almost always have to rely on expert opinion or
otherwiseguessthe central parameter. Many of the most
relevant policy questions cannot be studied experimentally
and our paper tries to bridge the large gap between
experimental clinical research and research that is policy
relevant.
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