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1.

Introduction

This paper represents a collaboration of individuals from a wide range of public and
private organizations and academic institutions. These individuals share a commitment to
improving treatment outcomes in behavioral healthcare through the routine use of
patient-completed outcome questionnaires concurrently with treatment. The use of
routine outcome assessment, combined with ongoing feedback to the treating clinicians,
is often referred to as “outcomes informed care.” The measurement technology involved
in the broader adoption of outcomes informed care is collectively referred to as
"Measurement 2.0," indicating accumulated innovations that are a substantial departure
from 20th century practices.
The application of psychological measurement to clinical practice in the late 20th century
was shaped by the training of the vast majority of psychologists in practice at that time.
Naturally, those practitioners had received their training in measurement practices in
prior decades from faculty trained even earlier going back to the post World War II
blossoming of clinical psychology and psychotherapy. Measurement practices, and just
as importantly, practitioners’ beliefs about how measurement can be applied to their
practices, has been very slow to catch-up with the substantial theoretical and
technological advances in measurement over the past 30 years.
The 20th century model of applied psychological measurement, which we call
“Measurement 1.0,” was characterized by proprietary symptom rating scales, which were
sold in identical forms to all users. Large-scale users, such as behavioral healthcare
organizations, had to buy copyrighted commercial test forms, often at a cost as high as
$10 per administration, or pay for expensive remote scoring services. Test authors and
publishers placed idiosyncratic limitations on how the test could be used, sometimes
charging different prices for academic and commercial users. By the end of the 20th
century, there were so many proprietary mental health symptom measures that it was hard
to believe any single one was the best.
In the 21st century we are beginning to see a new model take hold, which we refer to as
“Measurement 2.0.” This model of applied psychological measurement recognizes the
power of advances in psychometric methods and the widespread availability of statistical
software to overcome many of the limitations of Measurement 1.0. Rigorous
psychometric investigations can now be conducted inexpensively on any questionnaire to
determine whether or not all items work in the way they were intended. When
organizations need to revise items or create new ones, the psychometric properties of the
new items can be evaluated in less than a day once the data are collected. Thus, with
appropriate psychometric knowledge, proprietary measures are no longer the only source
of valid measurement.
Outcomes informed care in the 21st century, powered by Measurement 2.0 technology
and principles, consists of the following components:
(1) patient self-report (or caregiver report) items and questionnaires,

(2) data collection technology,
(3) data standardization and analytical methods, and
(4) timely feedback system.
As a general workflow, the clinician asks the patient in therapy to complete a brief selfreport questionnaire with common and specific psychological symptoms and/or patienttherapist treatment alliance indicators. The self-report forms completed by the patients
are transmitted (typically by fax) to a central server that processes the information into a
central database. Then, based on the overall collected data, the patients’ responses are
standardized so that they can be compared within and between patients. The standardized
outcomes of the patients are then communicated back to the clinicians via a web-based
toolkit, allowing clinicians to keep track of their clients’ progress as well as reevaluate
their current course of treatment with each of their patients. Depending on infrastructure,
organizations can also implement algorithms that inform clinicians of specific patients
identified as being at risk based on significant levels of distress or impairment as
indicated by the collected data.

2. The Building Blocks of Change
a. Psychometrics
In the past, outcomes informed care initiatives in behavioral health were necessarily
based on normed, copyrighted questionnaires originating in academic research. However,
from the standpoint of large organizations equipped with psychometric sophistication,
relying on copyrighted measures is advantageous only if the organization lacks access to
large samples of normative data. However, large organizations can generate data at rates
far surpassing any research study. Therefore, for large organizations, the size, quality,
and relevance of the normative data quickly exceed the normative data available for
research-based instruments.
Copyrighted questionnaires have additional disadvantages in large-scale outcomes
informed care initiatives. Aside from the obvious issue of cost, the end user (e.g., clients,
therapists, organizations) has no control over the items. Test publishers are generally
reluctant to permit modifications of their questionnaires, including rewording items for
special populations, reducing the number of items, and adding new items. Such
prohibitions severely limit the end user’s capacity to optimize the questionnaires to their
caseload.
These limitations of copyrighted questionnaires led some larger organizations to devise
their own outcome measures. With the aid of in-house and consulting psychometricians,
organizations can create items and questionnaires that are as valid and reliable as
research-based measures yet are tailored to their measurement needs. The Wellness
Assessment (Adult and Youth versions) employed by Optum Health Behavioral Solutions
(OHBS) is an example of such a questionnaire. The Wellness Assessment was developed
collaboratively with external partners, tested within national samples of OHBS

membership, and evolved in response to multiple psychometric evaluations and changing
business needs. In addition, other organizations represented by the authors of this article
continue to develop items and questionnaires based on analyses incorporating classical
test theory, factor analysis, and IRT.
Applying a battery of psychometric tools to new items and questionnaires is nothing new
to researchers, and can also work in applied measurement settings. The specific
combination of rigorous psychometric analyses applied by the authors is sometimes
referred to as the “psychometric torture test.” This set of analyses was established at
Vanderbilt University and used to develop the Peabody, which is a set of 10 free
measures for providing feedback to clinicians about the progress of child clients.1 The
purpose of the Peabody battery was to make item evaluation objective and public, so
there is an explicit evidence-based rationale when items are retained, revised, or dropped.
In the “torture test,” many figures of merit are measured for every item and for the full
scale in order to weed out or revise items that do not work.
The “torture test” is ecumenical. It views the three main approaches to psychometrics
(classical test theory, factor analysis, and IRT) as useful tools, rather than as competing
religions. A number of tools are based on the classical test theory, such as Cronbach’s
alpha 2,3, item-total correlations, and the Spearman-Brown 4,5approximation. Factor
analysis may be exploratory and/or confirmatory, and it provides useful indicators such
as scree plots, factor loadings, and, most importantly, model-fit statistics 6 IRT has two
broad streams. The one-parameter Rasch models offer many tools for practical test
construction. 7,8 The other is the multiple-parameter IRT , which offers a great depth of
features for model-based measurement research. 9,10
The torture test provides the test developer with exhaustive metrics for every test item
and for the test as a whole. In addition, the torture test helps the novice test developer
understand the statistical characteristics of items that measure well. In test development,
all statistics are initially interpreted by the psychometrician as (statistically) good or bad,
with the understanding that no single statistic is a definitive representation of an item’s
value. Others involved in the test development who are not psychometricians are able to
make evidence-based decisions on item revision and retention based on explanations
provided by psychometricians, and make reasonable decisions about the tradeoffs, such
as between test length and reliability. Readers interested in the technical details will find
examples in the free manual for the Peabody Battery 1, or in two articles by one of the coauthors (Lambert), of which the Psychological Assessment article contains the most
technical detail. 1,11,12

b. Therapist Variability in Client Outcomes
The idea that clinicians differ in clinical competence and effectiveness is a hypothesis
that has been entertained since perhaps the inception of psychotherapy. 13,14 However,
20th century results were obscure until the statistical method of hierarchical linear
modeling (HLM) became widely available to psychologists. 15 This approach has various

names, such as random, multilevel modeling, and mixed modeling.16-18 By the late 1990’s
dependable software was available, e.g. from SAS, HLM,,, SPSS,, and S+ or R.18-21
HLM is ideal for behavioral health data because there are multiple patients who are seen
by the same clinician (i.e., nesting). HLM supports estimates of variance both at the
client and therapist levels. A third level, such as the clinic, may simultaneously be
modeled as well.
Before user-friendly software was available for HLM, clinical trials and treatment
evaluation studies ignored the problem of nested data. As such, they likely overestimated
the effect of the type of treatment because they failed to correctly attribute the variance
due to therapists. 22-24Recent analyses have since revealed that the percentage of variance
in treatment outcomes attributed to therapists far exceed the variance due to the type of
treatment.22,25-28 In addition, almost three decades of randomized clinical trials and metaanalyses of these trials have consistently supported the “dodo bird effect,” that all bona
fide psychological therapies appear to have similar treatment effects for majority of
psychological disorders 29-36 Further, such effects have been found in studies investigating
the effects of antidepressants.28,37 In particular, Wampold and Brown found that for
patients who received medication and psychotherapy concurrently, the effect of
medication was impacted by the clinician’s competence in providing psychotherapy.37
These findings suggest that the contributions made by individual therapists far exceed the
effects of the different types of treatment.
Our collective Measurement 2.0 data warehouse containing data from multiple
organizations shows that therapists do indeed vary in their clinical outcomes. In addition,
these differences appear to be stable over time. When patients are referred to clinicians
who have above average outcomes in the past, these patients are more likely to report
better than average outcomes. In addition, the data has shown that clinicians who support
and actively participate in the outcomes informed care initiatives, on average, report
above-average results compared to those who participate sparsely. Therefore, it is in the
best interest of effective clinicians to participate in outcomes informed care initiatives
because participation would likely provide favorable evidence of their clinical
effectiveness. On the other hand, for clinicians who are getting below-average results,
efforts to improve their outcomes by use of the feedback tool may also lead to favorable
results. Likewise, it is in the interest of employers and payers of mental health services to
identify these effective clinicians in order increase patient access to these highly effective
clinicians. Conversely, it is also in the interest of payers to identify clinicians whose
clinical competence is less than optimal so as to implement strategies to improve their
clinical competence. Most importantly, outcomes informed care initiatives are in the
patients’ best interest. Outcomes informed care can help connect clients with the most
effective therapists and they can improve outcomes by the effects of outcome monitoring
itself. After all, what is good for clients should be the common ground for therapists,
clinics, and payers.
c. Benchmarking

To say whether particular outcomes are “good,” we ask the question, “Compared to
what?” That there is variability among clinicians in treatment effectiveness need not be a
problem if even the least effective therapists are still effective enough based on some
meaningful criterion (i.e., benchmark). Conversely, variability among clinicians is less of
an issue if those who are considered relatively highly effective are still below the
benchmark. Therefore, the question of criterion becomes central. Evaluations that
compare data obtained from outcomes informed care initiatives and other real-world
clinical settings against established criteria are called benchmarking studies. Over the
past decade, a growing number of research articles have addressed methods of
benchmarking behavioral health treatment. 38-44
Traditionally, benchmarks established from research have been considered more valid
than real-world outcome data. A recent study compared data from outcomes informed
care initiatives against benchmarks derived from clinical trials and found that behavioral
health services provided in a managed care context have similar treatment effects
compared to well-controlled clinical trials. 45 The benchmark used for this study was
based on published clinical trials of adult depression.46
As previously mentioned, data accumulated from a number of large-scale outcomes
informed care initiatives using Measurement 2.0 principles has now far exceeded the
amount of data obtained from any single clinical trial. These huge real-world samples
will likely provide the best benchmarks for effectiveness research on therapy in realworld conditions in the near future, as opposed to efficacy trials using carefully-selected
special samples.
An additional reason for using samples from large-scale outcomes informed care is that,
unlike randomized clinical trials, real-world clinical data include patients that would be
selected out of clinical efficacy trials (e.g., low initial severity, co-morbid conditions).
Clinical trials require homogeneity in their patients, but clinics in the real world sees
anyone who comes through their door. Therefore, the benchmarks currently established
from randomized efficacy trials are not easily generalized to patients in these real-world
settings. In the following section, we present a solution to the problem of benchmarking
real world against results from clinical trials through the use of a “Severity Adjusted
Effect Size” statistic.47
3. From Research to Practice: Putting Together a New Model
a. Patient Self-Report Items and Questionnaires
Although there have always been academic criticisms against patient self-reports,
clinician ratings might be even more problematic. There has been consistent evidence
pointing to better treatment effects when measured by clinicians, even when the
evaluating clinician is not the one providing treatment. 30,46,48 Clinicians may consider
patients doing better than what the patients perceive. Second, there has been a historical
shift in behavioral health with regards to who has the “authority” to determine outcome.
In the past, clinicians were vested with this authority in their role as experts. But in

recent years, patients’ own sense of distress has become a crucial indicator of
improvement. Even in primary and specialty medical care, there is growing
acknowledgement that patient self-reported information is critical to a valid assessment
of outcome. In fact, a major component of the NIH Roadmap to improving health care
research is called the PROMIS initiative: Patient Reported Outcomes Management
Information System.49 This approach recognizes that patient symptoms, distress, and
functioning are in some ways more important than clinical indicators such as x-rays and
lab tests in assessing clinical effectiveness. Therefore, from many converging
perspectives, it is unreasonable, if not inappropriate, to dismiss patients’ self-reported
clinical symptoms as invalid.
The authors also believe that it is untenable to base effectiveness evaluation on the
clinician’s report. Clinicians, overwhelmed with administrative responsibilities as it is,
are often unwilling to increase their responsibilities. 50 Also, treating clinicians may be so
motivated to find “progress” that they lose the patient’s perspective. Finally, cost would
prohibit a system that requires independent clinician assessments. For these reasons we
believe that effectiveness measurement based on clinician assessments would not be
practically feasible.
However, this is not to say that clinicians’ inputs are unnecessary in outcomes informed
care initiatives. Feedback from communities of clinicians has been thoroughly
incorporated throughout the development of Measurement 2.0, including professional
organizations such as the American Psychiatric Association and the American
Psychological Association. In particular, Measurement 2.0 has moved away from
assessment of progress based on a single questionnaire, regardless of how global these
items may be. In Measurement 2.0, numerous items have been developed based on input
from communities of clinicians so as to better reflect the issues that their patients face.
Incorporating a thorough psychometric evaluation of how each item behaves relative to
other items, standardization has been possible at the item level so that meaningful
comparisons can still be done even if two forms do not have identical items.

b. Technology
It is a common misunderstanding that “newer is better” for all systems. The same could
be said about outcomes informed care initiatives that often aim to be too technically
“advanced.” Based on over two decades of outcomes informed care implementation, it is
now firmly established that Measurement 2.0 cannot yet be widely implemented if data
collection is done purely online. The main reasons are all related to cost. First, as
compared to traditional paper-and-pencil methods, the cost of electronic self-reports
becomes prohibitive if the clinicians have to collect data from more than one patient
simultaneously, which would require multiple computers or other expensive hardware.
Secondly, computers require much more space than paper. Third, whereas paper-andpencil questionnaires require no instructions, computer-administered assessments require
instructions given by a staff member. Fourth, it is more costly to protect patients’
confidentiality when they are filling out the questionnaires electronically than when using

paper. The technology involved with large-scale outcomes informed care initiatives must
be low-cost and available anywhere—traditional paper-and-pencil questionnaires that are
optimized for optical character and mark recognition software. These forms can easily be
faxed to a central data server that scans the forms and electronically scores the patients’
responses. Computer assisted assessment, on the other hand, has several potential
advantages and is being implemented in some large institutional settings. As computer
technology becomes more ubiquitous and clinics increasingly adopt electronic medical
records, computer-based assessment may become more commonplace.

c. Severity Adjusted Effect Size: Data Standardization and Analytical Methods
The various organizations represented by the authors of this article have collectively
agreed on a common metric for benchmarking provider: the Severity Adjusted Effect
Size (SAES).
SAES benchmarks are derived through three steps: (a) calculation of observed effect size,
(b) calculation of predicted effect size based on case mix variables, and (c) adjusting the
observed effect size based on the difference between the observed effect size and the
predicted effect size (i.e., residual). This approach is the widely used “residual gain
score” of Cronbach and Furby .51
The observed pre-post effect size is translated into a Cohen’s d effect size calculated by
dividing the difference between the intake score and the score at last self-report with the
standard deviation of the intake score.52.53 Although this statistic provides the absolute
magnitude of the treatment effect, in outcomes informed care initiatives with patient
heterogeneity, differences in case mix prevent the use of the raw observed effect to
compare across patients. Therefore, in the second step, the effect of the case mix is
statistically adjusted using multiple regression. Through the use of regression, the impact
of each of the case mix variables is estimated, and a prediction is made with regards to
the expected effect size given a particular case mix. As a result, in the third step, SAES is
calculated by adding the difference between the expected effect size and the observed
effect size (i.e., residual) to the observed mean effect size of the outcomes informed care
population. In this way, the effect sizes are standardized across patients allowing for
meaningful comparisons across patients, clinicians, and organizations even if there are
differences in case mix.
Among numerous case mix variables, the intake severity of the patient’s distress has
invariably been the strongest predictor of change. Specifically, as greater distress has
consistently led to greater observed effect size, SAES adjusts the observed effect size
based on the patient’s initial severity. This makes sense because patients with little
pathology, the “worried well,” have little room for improvement.
In a related issue, data from outcomes informed care initiatives have consistently
revealed that a significant percentage (25~35%) of patients enter treatment with intake
scores indicating low levels of distress no different from individuals in the community

who have never sought behavioral health services. This group of patients, although
typically satisfied with the services they receive, on average show no improvement on the
outcome questionnaires. In fact, many trend upwards in the course of treatment (i.e.,
become “worse”). Currently, we exclude patients who initially score at this low level of
distress from the analysis because (a) including this group would make any comparisons
with clinical trials benchmarks invalid and (b) the general clinical symptom measure as it
is currently developed do not appear to be appropriate in measuring treatment progress
for this population.
d. Estimating Clinicians’ Treatment Effectiveness
Once SAES is calculated for each patient/case, data are then aggregated by clinicians to
estimate their treatment effectiveness. In doing so, rather than taking the simple average
SAES of the clinicians’ caseload, clinicians’ effectiveness is estimated using a random
effects model HLM taking into consideration the nested nature of the data (i.e., clinicians
seeing multiple patients). 15,22,47 As this modeling considers the estimate of the
clinician’s average effectiveness as a random factor rather than fixed, the modeling
results in providing a “benefit of the doubt” effect for clinicians whose average outcomes
are below the overall average across clinicians. In other words, as the modeling
considers clinicians’ caseload as a sample from a larger pool of possible cases, their
estimated effectiveness is adjusted toward the overall average across clinicians.
Although this method also leads to adjusting the above-average clinicians’ effectiveness
toward the average (e.g., lower estimated effect size rather than a simple average of their
caseload), this does not become a practical issue because (a) the relative standing among
clinicians based on effectiveness remains practically unchanged among clinicians with a
large enough number of cases (e.g., n = 15, r = .99 between simple average and adjusted
estimate of effectiveness) and (b) the higher the clinician’s caseload, the closer their
estimated effectiveness is to the simple average of their caseload.
Statistical estimates contain error. As such, a confidence interval for the clinician’s
estimated treatment effectiveness is calculated based on the standard error of the
estimate. Of interest in evaluating the clinician’s estimated effectiveness is the lowerbound confidence limit. In the context of treatment effectiveness, the “true” treatment
effectiveness is considered to be higher than the lower-bound confidence limit value with
a certain percentage of confidence (e.g., 95% confident that the “true” treatment effect is
larger than d = 0.3). For a clinician to be designated as “effective,” the lower-bound
confidence limit of the clinician’s estimated treatment effectiveness needs to exceed a
certain criterion. This numerical criterion is currently set at d = 0.5, which is a magnitude
that is approximately the halfway mark between the benchmark for adult depression
treatment in clinical trials (d = 0.8) and the natural symptom reduction without treatment
(d = 0.15).46 For example, if the clinician’s estimated effectiveness is d = 0.7 and the
lower-bound confidence limit is d = 0.6 (which is larger than d = 0.5), the clinician is
designated as “effective.” The method also implies that the clinician need not have an
estimated treatment effectiveness that is at or greater than the benchmark derived from
clinical trials or the observed average in the data to be designated as “effective.”

A crucial point is that a clinician’s lack of designation as effective does not mean that the
clinician is ineffective. As the lower-bound confidence limit is partly a function of the
clinician’s caseload, the lower-bound confidence limit may not exceed d = 0.5 simply
because the clinician has only a handful of cases in the database. For example, it is
possible that a clinician with two cases in the database with an estimated effectiveness of
d = 1.0 has a lower-bound confidence limit that is lower than d = 0.5 because of the small
number of cases. On the other hand, a clinician with an estimated effectiveness of d = 0.6
may be designated as effective because the clinician has many cases in the database,
resulting in a lower-bound confidence limit at or above d = 0.5. Therefore, as the cutoff
criterion is well below the average treatment effectiveness observed in a managed care
setting (d = 0.83), the majority of the clinicians with a sizeable caseload in the database
will likely be designated as effective.42 In addition, as the designation that a clinician is
“effective” is not based on a comparison against other clinicians in the database but is
based on a credible benchmark, it is possible that all clinicians in the database are
designated as “effective.”
e. Clinician Feedback System
Arguably the most crucial aspect of outcomes informed care is the feedback given to the
clinicians with regard to their patients, as without this feedback, it is unlikely that the
patients will benefit. In Measurement 2.0, a web-based application (i.e., Clinician’s
Toolkit) provides clinicians access to their data to view both aggregated results and
individual session-by-session patient-level scores. Clinicians differ in what they like to
see, and the Clinician’s Toolkit allows for customization. These interactive aspects of the
Toolkit help to engage clinicians, encouraging them to monitor their own outcomes so
they can become what we call “outcomes informed clinicians.”

4. Getting Clinicians On Board
The psychometric and technological challenges addressed in this article are small
problems compared to the difficulty of engaging clinicians in the process. Not
surprisingly, the message "I'm from the managed care company and I'm here to measure
you" has not been met with enthusiasm by clinicians.
Lack of interest in outcomes informed care initiatives takes many forms. Most common
are the complaints about the additional workload for clinicians and staff. There is no
getting around the problem that even the simplest questionnaires will require work for
someone, and the frequent initial reaction from providers is to view measurement efforts
as yet another administrative burden of serving the managed care organization, but have
no benefit to patients or clinicians.
Clinicians’ participation rates vary even when there are clear incentives, such as an
increase in referrals and/or higher reimbursement rates. The reasons take many forms,
such as concerns about measurement methods and case mix adjustment. Providers often
express the concern that because their cases are qualitatively different and/or more

difficult than those of other providers, they might be unfairly penalized by measurement.
Many providers express anxiety regarding measuring their own outcomes and making
results available to potential patients. A close look at actual outcome data may provide
some clues regarding the source of anxiety. The fact is that outcomes are highly variable,
even for the most effective clinicians. Some patients get significantly worse, some
experience rapid improvement, and most are somewhere in between. The simple fact of
such high variability makes it cognitively impossible to "guesstimate" what their average
outcome is. In addition, for any given case, clinicians likely have a number of different
hypotheses as to why treatment was or was not effective for their clients. Therefore, the
anxiety is likely rooted in the fact that clinicians, except for those who are actively
participating in outcomes informed care initiatives, have difficulty in objectively
assessing what their actual outcomes are or how they might compare to their peers. It is
natural to be anxious under these circumstances.
At the same time, there is a subset of clinicians who do appear willing to participate
without too much encouragement. While these clinicians are currently a minority, our
data suggests that these clinicians tend to have exceptionally good outcomes. Therefore,
it is clearly to the advantage of potential patients, employers, and payers that these
clinicians be recognized and every effort made to steer referrals to them. Likewise, strong
evidence of effectiveness could be used to justify increased reimbursement, regardless of
level of training.
Therefore in summary it appears in the best interest of both those organizing and
financing a system of behavioral healthcare and the patients being served to support those
clinicians who participate in outcomes informed care. Transparency in how data is
analyzed and reported, combined with forthrightness about use of the data may
eventually reduce clinicians’ anxiety. Once clinicians see that their results are actually
very good and they are recognized and rewarded for their efforts, enthusiastic
participation may eventually develop.
Similarly, there is no reason for any organization to harm a provider's reputation or to
their ability to earn a living. However, this unwillingness to say something negative about
any provider should not prevent organizations from saying something positive about a
clinician who has strong evidence of effectiveness. Clearly, patients are better served if
managed care organizations make effort to steer referrals towards clinicians with a track
record of high-level effectiveness with a variety of patients.

5. Future Directions
We have described the evolution of outcomes informed care from the perspective of
advances in psychometrics and treatment effectiveness research and the benefits of
collaboration across multiple organizations. As we have shown, the measurement
methodology and information technology needed to measure treatment outcomes
systematically and cost effectively now exists.

Many questions remain, but the rapid accumulation of data provides the necessary
conditions for further learning. Unanswered questions include: What is the relationship
between clinicians’ use of feedback systems such as the Clinician’s Toolkit and treatment
outcomes? How do the most effective clinicians use outcomes feedback? Which
clinicians are most likely to benefit from feedback? Answers to these and similar
questions will form the basis of the “best practices” of the future.
While we believe we have a solid foundation for measuring treatment outcomes, the
ethos of Measurement 2.0 encourages continuous experimentation. Exploring new
variables to improve case mix models and to provide clinicians with useful clinical
information, combined with the open sharing of technological information, will result in
best measurement practices being propagated across organizations.
In our view, it is crucial to support clinicians who implement outcomes informed care.
The various organizations represented by the authorship of this paper are reaching out to
these clinicians to find ways to facilitate the collection of data with as little burden to the
clinicians as possible. By centralizing many of the processes for data capture and
warehousing, the workload on the clinicians is reduced to the effort to give the
questionnaire to the patient and later fax the form to a tool-free number.
Making it easy to collect data is not enough. We also need to support clinicians in the use
of data to improve outcomes by providing ongoing training and consultation to increase
providers' sophistication and comfort with the methodology of outcomes informed care.
We need to recognize and reward highly effective clinicians, and consider the use of
preferential payment for demonstrated effectiveness. Cost-benefit analyses can be
performed to see if preferential reimbursement rates are justified. Unfortunately, in the
near term the practicalities of provider contracting, not to mention variations in state laws
and regulations, make pay-for-performance strategies difficult to implement. However,
this should not keep us from planning for a future when many more clinicians are ready
to use outcome data for their benefit, which ultimately benefits their patients.
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