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Abstract Evidence shows that routine outcome

monitoring (ROM) and feedback using standardized mea-

surement tools enhances the outcomes of individual pa-

tients. When outcome data from a large number of patients

and clinicians are collected, patterns can be tracked and

comparisons can be made at multiple levels. Variability in

skills and outcomes among clinicians and service settings

has been documented, and the relevance of ROM for de-

cision making is rapidly expanding alongside the trans-

forming health care landscape. In this article, we highlight

several developing core implications of ROM for mental

health care, and frame points of future work and

discussion.
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Introduction

In their seminal paper, Howard et al. (1996) suggested

using standardized session-to-session measures of patient

progress to evaluate and improve treatment outcome by

using data-driven feedback. In doing so, they launched a

new area of research labeled patient-focused research,

which asks: Is this treatment, however constructed, deliv-

ered by this particular clinician, helpful to this patient at

this point in time? Patient-focused research symbolized a

paradigm shift from the more common nomothetic meth-

ods that emphasized aggregating data among patients in

controlled trials conducted in formal research settings.

The significance of this paradigm shift cannot be under-

stated. For instance, the prevailing model of communication

and dissemination between researchers and practitioners had

heretofore been largely unidirectional (Castonguay et al.

2013). The implicit role of the practitioner would be to read

an article and promptly begin to apply group-level findings to

their individual patients. Although still employed today, due

to a variety of factors, this unidirectional dissemination

model has been largely ineffective (Boswell et al. 2015;

Brownson et al. 2012; Safran et al. 2011). Consistent with

Stricker and Trierweiler’s (1995) concept of the ‘‘local

clinical scientist,’’ patient-focused research moves the ‘‘lab’’

to routine practice settings, and emphasizes the integration of

routine assessment and data-driven feedback to inform the

treatment of this patient, as well as groups of patients in a

clinician’s practice. This paradigm shift can empower indi-

vidual clinicians and function as a bridge between the local

clinical scientist and traditional academia.
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Several well-powered meta-analyses (e.g., Shimokawa

et al. 2010) have provided strong empirical support for the

integration of routine outcome monitoring (ROM) and

feedback in psychological treatment. Owing to such evi-

dence, ROM and feedback systems have ascended to a

prominent role in mental health care policies, practice

settings, and research agendas (Bickman et al. 2006; IOM

2007). Work in this area is also part and parcel of health

care’s increasing emphasis on ‘‘quality measurement’’

(Hoagwood 2013). Patient-focused research methods and

the data collected through these methods are being inte-

grated into broader systems of care. Howard et al. (1996)

presciently noted the potential utility of ROM to supervi-

sors, case managers, and systems of care, in addition to

individual patients and clinicians. Castonguay et al. (2013)

underscored the usefulness of the umbrella term practice-

oriented research to capture not only patient-focused re-

search, but also similar data-driven methods for enhancing

practice-research integration and practitioner-researcher

collaboration, as well as mental health care decision

making. In line with Bickman et al. (2006), Constantino

et al. (2013) argued that ROM could potentially promote

clinical responsiveness at multiple levels, spanning indi-

viduals and health care systems.

It stands to reason that ROM and feedback can be used

to enhance the patient-centeredness and responsiveness of

mental health care delivery and decision making across

multiple levels. Precisely how this is accomplished, how-

ever, raises many important questions. For example, what

types of measures yield the most valid and useful infor-

mation? What are the potential consequences of not mea-

suring progress and outcomes? How do outcomes (broadly

defined) fit into health care’s operationalization of ‘‘quality

indicators’’? What outcomes do patients value? How can

we develop new treatments or employ existing ones in a

way that leverages information about patients and provi-

ders that informs ‘‘best matches’’ and ‘‘precise decision

making’’ for different people? Although these issues are

extraordinarily complex, the aims of this article are (a) to

highlight our perceptions of several developing core im-

plications of ROM for mental health care delivery and

decision making, and (b) to frame fundamental points of

future work and discussion.

Has ROM Become a Necessity?

Although the potential benefits of ROM are wide-ranging

(Lambert 2010; Youn et al. 2012), arguably the most im-

portant is the ability to identify whether a current course of

treatment for a given patient is at risk of being ineffective

or harmful. Based on tens-of-thousands of individual cases,

reliable estimates of deterioration and non-response rates in

psychotherapy have been established (Lambert 2010). The

estimated rate of deterioration is approximately 10 % for

adult patients (Hansen et al. 2002; Lambert 2010); esti-

mated rates of non-response (including in controlled trials)

range between 30 and 50 % (Hansen et al. 2002). In a study

of over 4000 child and adolescent patients, the estimated

average deterioration rate across two naturalistic samples

was 19 % (Warren et al. 2010).

Given these sobering statistics, it appears that ROM has

become a necessary practice. Simply stated, ROM is an

effective tool to help identify whether a given patient is at

risk for a negative outcome or on track to experience

benefit. Research to date has demonstrated that ROM and

feedback significantly reduces deterioration and dropout

rates in routine psychological treatment (Lambert 2013).

Predictive analytics indicating that a given patient is at risk

for deterioration or non-response can promote clinical re-

sponsiveness. An individual clinician may respond to this

feedback by (a) offering more sessions or increasing the

frequency of sessions, (b) ramping up pointed assessment

(e.g., of suicidality, motivation to change, social support),

(c) altering the micro-level or macro-level treatment plan,

(d) referring for a medication consultation, (e) calling a

family meeting, and/or (f) seeking additional consultation

and supervision. This is by no means an exhaustive list of

potential responses, but it represents a starting point. In the

absence of feedback and timely responsiveness, however,

treatment may continue to follow the same problematic

course (Harmon et al. 2007).

What if Clinicians did not Monitor Outcomes?

If clinicians did not monitor outcomes, they would be

unaware of many patients who fail to experience benefit

from a given course of treatment. A lack of relevant, ac-

curate information about a patient’s current status and/or

prognosis impedes appropriate responsiveness (Constanti-

no et al. 2013; Tracey et al. 2014). Furthermore, psy-

chology is not only interested in understanding behavior,

but also in its prediction. Unfortunately, predictions that

are based solely on human judgment tend to be inaccurate,

even when such predictions are made by experienced

professionals (Garb 2005). For example, Hannan et al.

(2005) asked psychotherapists at the end of each session if

that particular patient would experience deterioration dur-

ing treatment. This method of prediction was compared to

a statistical algorithm derived from routine outcome data.

Participating therapists were initially informed of the base-

rate of deterioration in routine treatment. Yet, therapists

predicted that less than 1 % of all patients (3 out of 550)

would deteriorate; in actuality, more than 7 % (40 out of

550) evidenced deterioration. The statistical algorithm
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correctly identified 77 % of the deteriorating cases. Addi-

tional research (e.g., Ellsworth et al. 2006) has suggested

that such algorithms can identify 85 to 100 % of eventual

deteriorators prior to leaving treatment, which consistently

exceeds clinical judgment alone.

Although the data on statistical prediction can stand

alone, its importance is enhanced when considered along-

side research on clinicians’ beliefs about their own effec-

tiveness. A recent survey found that clinicians estimated

that about 85 % of their own patients improve or recover

(Walfish et al. 2012). In addition, clinicians had the com-

mon impression that they are unusually successful, with

90 % rating themselves in the upper quartile and none

seeing themselves as below average in relation to their

peers. Thus, while clinicians tend to believe that they are

extremely effective with most of their patients, this over-

valuation is inconsistent with the extant research.

To put it bluntly, failing to monitor outcomes is a choice

to ignore a practice that can reliably enhance clinical re-

sponsiveness to patients and significantly reduce rates of

deterioration, non-response, and dropout (Boswell et al.

2015). Of course, it is important to emphasize that ROM

and ROM-based feedback is an evidence-based tool that

practitioners can integrate into routine practice. Just as a

physician must interpret and respond to the results of a

blood glucose test when monitoring a patient with diabetes,

the psychotherapist is still ultimately responsible for

seeking out, interpreting, and deciding how to respond to

ROM-based feedback as treatment unfolds. It is also im-

portant to note that the effect sizes of ROM and feedback

interventions compared to treatment as usual for cases at

risk of deterioration hover around r = .25–.30, represent-

ing a medium effect (Lambert and Shimokawa 2011).

Although modest, the scalability of integrating ROM

broadens its potential impact on patient outcomes.

Is the Relevance of ROM Expanding?

Imagine that the blood glucose levels of a diabetic patient

are recorded over an extended period and plotted to obtain

a graphical display of his or her response to a particular

treatment regimen. Similar recordings and plots are ob-

tained for each patient being treated by this particular

physician, and this physician’s colleagues in the diabetes

clinic have obtained similar recordings from their own

patients’ over time. A diabetes clinic at a partnering hos-

pital has also been collecting such recordings on individual

patients over an extended period. What begins with

monitoring the progress of an individual patient rapidly

becomes a significant amount of ecologically valid com-

parative treatment information. This is already happening

in medicine (Farley et al. 2002; IOM 2007), and is inevi-

table in behavioral health.

As data accumulate, the implications for understanding

treatment response and improving treatment outcomes are

considerably broadened. For example, one could ask

whether or not significant differences in diabetes outcomes

emerge among different types of patients within a physi-

cian’s caseload (e.g., those with early vs. late onset),

among physicians in a particular clinic (e.g., those with

large vs. small caseloads), or among clinics within a system

of health care delivery (e.g., those in economically ad-

vantaged vs. disadvantaged neighborhoods). Based on such

information, interventions can be tailored to the individual

patient (e.g., administer an alternative treatment to those

patients with an early onset), or resources can be allocated

in a manner that is more likely to maximize impact. In their

comprehensive review of the therapist effects literature,

Baldwin and Imel (2013) described a review of outcomes

data from an archival data registry in which 100 accredited

Cystic fibrosis treatment centers participate and contribute

data (Gawande 2004). Even with consistent and stringent

accreditation criteria requiring the use of detailed treatment

guidelines across all centers, significant differences in life

expectancy and lung functioning have emerged between

the centers. ROM not only allows such analysis, but also

spotlights people and places within healthcare systems that

might require professional guidance/consultation, addi-

tional training, or even recognition/acceptance of certain

practice strengths and limitations.

Addressing the Clinician Uniformity Myth

Kielser (1966) famously wrote about the participant uni-

formity myth in psychotherapy research; specifically, that it

is problematic to consider patients within any particular

group (diagnostic, cultural) as homogeneous, as well as to

assume that all therapists function as the same social sti-

mulus for all patients. In fact, treatment outcome re-

searchers have historically viewed the therapist as a

‘‘nuisance’’ variable that needs to be controlled through

standardized training, supervision, and fidelity monitoring.

Historically, health plans analyzing claims data have

similarly treated clinicians as commodities or inter-

changeable parts, each of whom is assumed to achieve the

same outcome. However, in more recent years, health plans

have started to offer ‘‘tiered networks’’ that are beginning

to integrate differences in provider and hospital perfor-

mance (Scanlon et al. 2008).

Spanning multiple decades, research has consistently

identified significant variability in skill and outcomes among

therapists, in both naturalistic and controlled settings (e.g.,

Baldwin and Imel 2013; Crits-Christoph and Mintz 1991;
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Lutz et al. 2007; Okiishi et al. 2003). Furthermore, differ-

ences among practitioners frequently account for a greater

portion of treatment outcome variance than the specific in-

terventions delivered in controlled trials (Krause et al. 2007;

Wampold 2001). In a reanalysis of the National Institute of

Mental Health (NIMH) Treatment of Depression Col-

laborative Research Program’s (TDCRP) pharmacotherapy

outcomes, differences between psychiatrists accounted for

more of the outcome variance than the anti-depressant

medications they prescribed (McKay et al. 2006).

It is important to note that estimates of outcome variance

attributable to therapists vary considerably between studies,

with some reporting estimates that are not significantly dif-

ferent from zero, and others reporting up to 50 % of the

outcome variance being attributable to therapists (Baldwin

and Imel 2013). Some of the variability across studies is

certainly due to sampling error and/or differences in statis-

tical model specification (e.g., treating therapist as a fixed vs.

random effect; Wampold and Bolt 2006). It also stands to

reason that greater variability in therapist behavior and

outcomes will be observed in routine community practice

compared to controlled research settings, given the homo-

geneous clinician selection, training, and supervision

typically found in efficacy studies. Furthermore, although

significant variability among therapists remains when con-

trolling for within-therapist (i.e., between-patient) vari-

ability, it is likely that moderators play a role in accounting

for variability in therapist outcomes, especially interactions

with patient factors (e.g., Hayes et al. 2014).

For example, research has demonstrated that therapist

differences in fidelity to evidence-based treatment protocols

can be a function of patient severity (Imel et al. 2011) and

trait interpersonal aggression (Boswell et al. 2013). In a study

of nearly 700 therapists’ naturalistic treatment outcomes

over multiple problem domains (e.g., depression, anxiety,

substance use, sleep), involving a sample of 6960 patients,

the majority of therapists demonstrated a differential pattern

of effectiveness depending on the problem domain (Kraus

et al. 2011). For example, some therapists demonstrated

substantial effectiveness in depression reduction, while

others evidenced particular effectiveness in the substance

abuse domain. Many therapists demonstrated effectiveness

over multiple problem domains, yet no therapists demon-

strated reliable effectiveness across all domains. Further-

more, a small, but notable 4 % of the therapists failed to

demonstrate positive outcomes on any domain. With stable

estimates of a therapist’s relative performance with different

groups of patients, stakeholders can make a priori predictions

regarding a patient’s likelihood of experiencing benefit de-

pending on the clinician to whom she or he is referred or

assigned (Wampold and Brown 2005).

In summary, when ROM data from a large number of

individual patients are aggregated, patterns in outcomes

can be tracked and comparisons can be made at multiple

levels—within a therapist’s caseload, between different

therapists, within a treatment setting [e.g., community

mental health center (CMHC)], and between different

treatment settings. Treatment outcome data from both

naturalistic and controlled settings, spanning multiple areas

of health care, demonstrate significant differences between

providers and clinics (even when similar training and evi-

dence-based guidelines are employed), and there is evi-

dence to suggest that these results may be moderated by

patient factors (e.g., interpersonal variables, cultural vari-

ables, problem domain, and problem severity). These re-

sults highlight the additional complexity that emerges once

the use of ROM data extends beyond the individual patient.

Case mix variables such as age, gender, health status,

severity, and previous treatment history have long been

collected by insurers and health care providers to manage

and inform service delivery (Hirdes et al. 1996). The utility

and precision of analytics based on ROM data will depend

on the collection of case mix. As cogently stated by Saxon

and Barkham (2012) ‘‘By including in the model measures

of a therapist’s case mix that are predictive of outcome, not

only are they controlled for but their relative impact on

outcome can be estimated’’ (p. 536). However, the identi-

fication of stable and reliable case mix algorithms remains

a work in progress.

Use of Clinician and Systems Level Outcome Data

The above research findings and recent trends in mental

health care are pressing patients, clinicians, health care

systems, and researchers to grapple with complicated

questions. For example, as a health care consumer in need

of care for diabetes or Cystic fibrosis, would you want

access to a list of top performing clinicians and centers in

your area? The field of medicine has already begun to

explore this issue through pay-for-performance initiatives

(Dudley 2005; IOM 2007) and public reporting of provider

and hospital outcomes (Akbari et al. 2008; Henderson and

Henderson 2010; Scanlon et al. 2008).

In their Cochrane Review, Henderson and Henderson

(2010), attempted to examine research on the effects of

providing surgeon performance data to people considering

elective surgery. The rationale for disseminating these data

is that patients should be informed of a surgeon’s past

performance before making the decision to allow a par-

ticular physician to perform surgery. Although a number of

studies were available for initial review, no studies were

deemed to be of sufficient quality to meet inclusion criteria

[i.e., randomized controlled trial (RCT), quasi-randomized

controlled trial, or controlled pre-post design]. In a subse-

quent review of studies involving the public release of
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medical provider performance data (Ketelaar et al. 2011),

only four studies were deemed methodologically suitable

(i.e., RCT, quasi-RCT, interrupted time series, or con-

trolled pre-post design). The release of provider perfor-

mance data was linked to small improvements in acute

myocardial infarction mortality rates and increased quality

improvement activity within care organizations. None of

the identified studies (or studies cited but excluded from

systematic review due to inadequate methods) involved

mental health.

In addition to the absence of mental health treatment,

there has been a glaring lack of stakeholder involvement in

such outcomes data initiatives and research to-date. Much

remains to be learned about using outcomes data to inform

mental health care decisions (e.g., Do patients value this

information? How should this information be disseminat-

ed? Does access to this information result in better care?).

Theoretically, access to routine psychotherapy outcomes

data would encourage patients to compare individual

clinicians and preferentially choose the best performing

clinician in a particular area of need or geographic location.

Nevertheless, shared decision-making would ideally in-

volve diverse stakeholder input on the value of different

types of performance data, methods of data presentation,

and how data are used. Furthermore, a significant number

of patients are initially referred to local CMHCs, group

practices, and hospital-based outpatient clinics where as-

signment to a particular clinician is largely an adminis-

trative decision based on a number of purely practical

considerations, such as insurance coverage, openings on a

caseload, and scheduling considerations.

The obvious, and still quite open, question is whether or

not patients, referral sources, and mental health care ad-

ministrators might make better informed decisions about

potential providers if information regarding a clinician’s

outcome track record with similar patients were made

available. Furthermore, rather than continue to assume that

we are better than 90 % of our peers across the board,

could the same data assist clinicians in identifying relative

strengths and weaknesses with particular types of patients

(which could, in turn, inform referral acceptances, choice

of subsequent continuing education experiences, or case

consultations)? Could CMHC administrators use these

same data to inform case assignments and resource allo-

cation (e.g., additional training/supervision for clinicians or

clinics that are struggling in a particular area)?

In a pilot survey of mental health stakeholders’ attitudes

toward expanding the use of ROM data and feedback, pa-

tient, clinician, and CMHC administrator groups all en-

dorsed seeing value in ROM and feedback (Boswell et al.

2014). This is consistent with previous work by Bickman

et al. (2000) and Hatfield and Ogles (2004), who found that a

large percentage of therapists held interest in receiving

regular reports of patient progress and access to reliable

outcome information. However, other research indicates that

there may be a discrepancy between endorsed values and

beliefs regarding ROM and its actual utilization (De Jong

et al. 2012; Hatfield and Ogles 2007). Informed by existing

theory (see Riemer et al. 2005), future research should at-

tempt to understand this discrepancy because, in many ways,

it parallels the longstanding science-practice chasm; that is,

clinicians often acknowledge the importance of science, but

remain skeptical adopters (or even absent consumers) of

research-based practices (Safran et al. 2011).

Results from this survey also indicated that a large ma-

jority of patients experience perceived difficulty finding/

selecting a mental health care provider. Of course, the se-

lection of a clinician may be somewhat out of the patient’s

control. For example, a clinician may not accept Medicare or

Medicaid. However, the health care climate is shifting to-

ward increased personalization and choice, and empowering

patients with information to aid in their own treatment de-

cision making (Edwards and Elwyn 2009). As noted above,

there have been recent attempts to disseminate provider and

clinic-level outcomes with the explicit goal of enhancing

stakeholder decision making (Fung et al. 2008; Ketelaar et al.

2011; Scanlon et al. 2008). Presently, patients generally lack

access to valid mental health outcomes data.

There is a growing need to contrast clinician outcome

data derived from repeated administration of standardized

assessments on a large number of patients with unsys-

tematic consumer satisfaction ratings. In a recent article,

Chamberlin (2014) discussed the issue of reviews (in par-

ticular, negative reviews) of clinicians on consumer web-

sites, such as HealthGrades.com and ZocDoc.com. At a

fundamental level, the reliability and validity of such rat-

ings are questionable. One implication, therefore, is that a

clinician may protect oneself by collecting routine outcome

and satisfaction data, using well-established, standardized

measures. In fact, it may be a disservice to an individual

who is seeking a clinician to dismiss contacting a particular

provider who may be likely to help him or her based on a

single anecdotal rating and testimonial from a former pa-

tient. Reliably collected and validly analyzed ROM data,

however, are a different story; not only can these data in-

form patient decision-making, but they can also more ac-

curately represent clinicians’ skills based on their personal

track record. Although consumer satisfaction is important

information (i.e., we should not rely on symptom change

alone to define the ‘‘quality’’ of services provided), we

cannot simply trust judgment in either direction; clinicians

generally over-estimate their own broad-based effective-

ness, and dissatisfied patients may lose credible objectivity.

Data from well-established outcome measures can paint an

important, and reliable, picture that provides context to

health care decisions.

Adm Policy Ment Health

123



Furthermore, although mental health stakeholders ap-

pear to value the idea of using ROM data to aid decision

making, there is less clarity on how outcomes data should

be disseminated. To our knowledge, this is a crucial issue

that has not been directly addressed. Some evidence sug-

gests that patients are uncertain about their ability to in-

terpret and use outcome data reports to make health care

decisions (Boswell et al. 2014; Hibbard et al. 2001). In

addition to its importance for arriving at a sufficiently

broad operationalization of quality, straightforward con-

sumer satisfaction ratings and testimonials may be more

appealing to the average patient. Regardless, patients will

need to be able to understand and use direct-to-consumer

information that is disseminated, and this will only be ac-

complished through patients’ direct involvement in the

research and development process. Marketing research

techniques, such as deliberative focus groups, may be

useful in this regard.

Current Developments and Recommendations

Within the broad context of health care reform, a number

of federal and non-federal ‘‘quality improvement’’ initia-

tives that place ROM and reporting at the center are al-

ready underway (IOM 2007; Zima et al. 2013). For

example, the Medicare physician quality reporting system

(PQRS) now penalizes providers with reduced reimburse-

ment rates if data are not reported on designated service

measures. State agencies and managed care companies

have begun to apply alternative payment models, including

pay-for-performance initiatives (Bremer et al. 2008). In

addition, a number of the United States’ largest health

systems have recently formed a ‘‘Health Care Transfor-

mation Task Force,’’ which aims to develop new payment

models based on quality performance, patient experience,

and cost containment (Herman and Evans 2015). These

efforts have potential merit and seemingly some support

among stakeholders. However, whether or not they ulti-

mately improve the quality of care and reduce costs re-

mains to be seen. What is clear, however, is that significant

changes to payment and service delivery models are al-

ready underway, and that such changes will rely on rigor-

ous, ongoing assessment of process (e.g., guideline fidelity)

and outcome indicators. As such, the relevant question is

no longer ‘‘if’’ the collection of behavioral health outcomes

data will be standard practice and expanded to inform a

variety of health care decisions, but rather ‘‘when’’ and

‘‘how’’ the use of such information will be expanded. In

order to help frame the relevance of these issues for mental

health, we offer the following list of key issues and pre-

liminary recommendations.

Identifying, Defining, and Measuring the Relevant

Outcomes

We have focused on the use of outcomes data, which

typically involves patient self-reports of general distress or

severity in various symptom and functioning domains. It is

important to state that quality of care cannot be reduced to

symptom improvement alone, and there is an active debate

regarding what processes and outcomes should be mea-

sured. For some patients, remaining out of the hospital over

a 6 month period represents a substantial treatment gain,

yet they might continue to present with a high level of

symptom severity on self-report measures. Furthermore,

‘‘quality of care or services’’ implies some level of process

assessment – the nature and frequency of, and the manner

in which, an intervention is delivered. It may be similarly

problematic, however, to define quality by the use of pre-

determined intervention guidelines alone (Hoagwood 2013;

Kravitz et al. 2004). In both controlled and naturalistic

settings, even empirically-supported treatments can be

delivered in a manner that results in a negative impact (see

Castonguay et al. 2010).

The IOM (2001) outlined several quality criteria:

(a) safe, (b) effective (i.e., using evidence-based interven-

tions), (c) patient-centered (tailoring treatment based on

patient preferences, needs, and values), (d) timely, (e) effi-

cient, and (f) equitable. Two things are striking about these

criteria. First, patient outcomes are not addressed explic-

itly, perhaps with the exception of documenting lack of

harm. Second, routine and simultaneous assessment of

these criteria will present significant challenges. In order to

maximize utility, quality indicators must be measureable,

easily assessed on a repeated basis, and demonstrate pre-

dictive validity. In terms of efficiency, feasibility, and

importance to public health, we believe that outcome do-

mains (e.g., symptom change, clinical threshold, quality of

life, days out of the hospital) should ultimately remain at

the center of discussions regarding what should contribute

to calculations of a ‘‘quality quotient.’’

The Use and Integration of Technology

Technology will play a vital role in both the growing in-

tegration of ROM in practice settings (Boswell et al. 2015),

and the regular assessment of diverse process and outcome

indicators being considered in initiatives, such as the

Health Care Transformation Task Force. For example, in-

tegration with electronic medical records provides a built in

case mix resource and promises a more seamless integra-

tion of mental health care with other areas of medicine.

Technology also potentially reduces administrative burden.

A patient can receive an automated reminder to complete a

self-report measure on his or her smartphone prior to an
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appointment, which can be scored and disseminated prac-

tically instantaneously to the provider(s). The capabilities

of ROM and feedback can be enhanced by reduced burden

and increased efficiency because more data from more

individuals results in better predictive models.

Addressing the Implementation Elephant

As noted above, there appears to be a discrepancy between

clinician reported valuing of ROM and its consistent uti-

lization. It is difficult to change provider behavior, as the

recent growth in health service implementation process and

outcome research can attest (Brownson et al. 2012). In the

absence of reliable and consistently collected data, the

potential utility of ROM data for decision making will not

be realized. Additional research is sorely needed to better

understand the barriers and facilitators to provider ROM

adoption and compliance.

The Necessity of Risk Adjustment

Evidence from both controlled and naturalistic outcome

research points to the importance of accounting for patient

level variability and moderators when examining outcome

differences among clinicians or clinics. Any direct com-

parison between practitioners, clinics, hospitals, or systems

of care should be based on risk adjusted and benchmarked

data (Tremblay et al. 2012; Weissman et al. 1999). Risk-

adjustment algorithms are important for increasing the

comparability of collected data because they adjust for

patient characteristics (e.g., case-mix) that could account

for differences among clinicians or mental health centers.

Importantly, the development of risk adjustment models is

a continuous process. Enhanced integration of other (and

more) health care data would theoretically result in better

risk adjustment models. Given the implications of not ap-

plying risk adjustments when interpreting outcomes data

(e.g., falsely concluding that a particular provider or hos-

pital is underperforming relative to peers or other hospi-

tals), this represents a crucial area for future research.

However, future research does not guarantee that a stable,

reliable algorithm will be achieved. Furthermore, given the

iterative nature of such model development, the question of

whether or not a particular model has reached a point of

‘‘sufficient’’ reliability for use in applied settings is a cri-

tical one. It is our hope that decision makers will proceed

cautiously.

The Inevitability of New Payment Models

Recent developments at the federal, state, and private level

are a consequence of the wide recognition of a need for

new payment models (IOM 2007). For example, the

Centers for Medicare and Medicaid Services (CMS) have

spent billions of dollars in recent years funding research

that places the development and testing of new payment

models at the center. To a large degree, suggested models

prioritize demonstration of performance, quality, and effi-

ciency (Berwick et al. 2008). Although financial incentives

for demonstration of good outcomes makes logical sense,

the field must proceed cautiously because (a) as noted, a

number of factors interact to determine a particular out-

come, let alone overall quality, and (b) the relationships

between motivation and performance are extraordinarily

complex. For example, a recent meta-analysis found that

intrinsic motivation and incentives must be considered in

combination when predicting performance (Cerasoli et al.

2014). When incentives were directly tied to performance

(e.g., a financial bonus for achieving a certain outcome),

intrinsic motivation was less predictive of performance. In

addition, intrinsic motivation was more strongly related to

performance quality, and incentives were more strongly

related to performance quantity. Certainly much more re-

search is needed to understand how these relationships

operate within health care, specifically. Nevertheless, it

would be unfortunate if the core benefits of ROM (e.g.,

aiding decision making and thereby enhancing respon-

siveness) are lost when stakeholders begin focusing more

on ‘‘carrots and sticks.’’

The Importance of a Scientific Attitude

Similar to any service-level intervention, initiatives in-

volving the dissemination and implementation of ROM

should be rigorously, empirically scrutinized. As noted,

research on the dissemination of provider performance data

has been sparse and methodologically flawed (Henderson

and Henderson 2010). Furthermore, to-date there is limited

available knowledge regarding stable and replicable risk

adjustment algorithms. Any program or system should be

evidence-based prior to full scale implementation. Fortu-

nately, funding agencies such as the Patient Centered

Outcomes Research Institute (PCORI) and the National

Institutes of Health (NIH), with its recent prioritizing of

‘‘services research,’’ are offering more support for these

types of projects. In the absence of this work, initiatives in

this area are likely to evidence minimal impact.

Diverse Stakeholder Collaboration

The complexity of these issues will require a continuous

dialogue among stakeholder groups, including patients

(and their families), clinicians, administrators, policy

makers, private industry, and researchers. We find this is-

sue to be particularly important. In order for any data-

driven initiative to be successful, relevant stakeholders
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must be adequately represented in the design, implemen-

tation, and testing of such mental health care initiatives.

Because each group is potentially motivated by different

priorities, this represents a significant challenge. The issue

of information privacy should be a principal focus of dis-

cussion among stakeholders.

Conclusion

The uses of ROM and its implications for mental health

care are rapidly expanding. Whether or not this movement

benefits patients and providers will be dependent on active

and open collaborations among stakeholder groups, in-

cluding researchers who are interested in putting develop-

ing methods and programs to the empirical test. Beyond

documenting differences between clinicians and health

care systems (and the development and investigation of

reliable methods for doing so), we agree with Baldwin and

Imel’s (2013) recommendation to learn more about what

accounts for such differences, and to begin learning di-

rectly from clinicians and systems of care that demonstrate

consistently superior outcomes.
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