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Introduction: Measurement-based care (MBC) involves the systematic collection of
data to inform clinical decision-making and monitor treatment outcomes. In addition to
benefitting patients and providers, data on MBC implementation can also be used to
inform quality improvement efforts within existing health care systems. Method: The
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method was retrospective chart review. We collected data on electronic mental health
(MH) screens and symptom measures recorded by MH providers. Patients were 28,376
veterans who received MH services in a northeastern region. Results: Although rates
varied by MH condition and clinic type, screening for alcohol misuse, depression, and
posttraumatic stress disorder appeared to occur with regularity. MH symptom mea-
surement was less frequent than screening but included measures of alcohol and
substance use, posttraumatic stress disorder, depression, and suicidal ideation. Patient
demographics (e.g., age, military service era, sex, MH diagnosis) and frequency of
clinic contact emerged as significant predictors of symptom measurement. Discussion:
In this article, we illustrate how data on MH screening and measurement can be
organized, analyzed, and interpreted to identify opportunities to enhance MBC prac-
tices in MH care. We conclude with a discussion of how large data set analyses can
contribute to programmatic MBC initiatives.
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Measurement-based care (MBC) refers to the
use of screening tools and outcome measures to
identify the presence of prevalent conditions,
monitor changes in symptoms over time, and
guide treatment planning (Scott & Lewis,
2015). Incorporating MBC in mental health
(MH) treatment facilitates patient engagement
(Eisen, Dickey, & Sederer, 2000), quantifica-
tion of symptom severity (Dowrick et al., 2009),
and symptom improvement (Bickman, Kelley,
Breda, de Andrade, & Riemer, 2011). MBC can
also aid the diagnostic process (Sapyta, Riemer,
& Bickman, 2005), support identification of
suitable interventions (Scott & Lewis, 2015),
and improve interprofessional communication
and collaboration, in turn positively influencing
patient outcomes (Katon et al., 2010).

Despite the utility and benefit of MBC, evi-
dence suggests it is often underused by MH pro-
viders (Gilbody, House, & Sheldon, 2002). Poten-
tial contributors may include practical concerns
(e.g., time constraints), a lack of organizational
support (e.g., financial barriers), and perceived
patient complexity (Scott & Lewis, 2015). Low
use of measurement has potential negative impli-
cations for patients, providers, and administrators
(Institute of Medicine, 2001), including the poten-
tial for disparities in care among individuals who
do not receive measurement, decreased service
quality, delayed treatment decisions, and reduced
efficiency in clinic operations. Further, a lack of
patient-level measurement data can hinder pro-
gram administrators’ efforts in evaluating the ef-
fectiveness of clinic processes and outcomes, in-
cluding identification of service gaps.

The use of health information technology,
specifically software embedded in electronic
medical records (EMRs), is one potential solu-
tion to address the low rates of MBC reported in
MH (Beehler et al., 2017; Haberer, Trabin, &
Klinkman, 2013; Scott & Lewis, 2015), as well
as to evaluate planned changes in clinical oper-
ations in MH care systems. Electronic adminis-
tration of screening tools and symptom mea-
sures offers several practical advantages, which
may be imperative for busy providers who want
to improve their clinical practice. For example,
the use of MH software programs can facilitate
self-administration by patients, as well as expe-
dite administration, scoring, and interpretation
of results by providers. Additionally, electronic
chart documentation has the potential to facili-
tate communication among providers and in-
crease contact between members of interdisci-
plinary care teams to coordinate patient care. At
an administrative level, EMR data may be ex-
ported into analyzable data sets to investigate
patterns of program outcomes, determine where
quality improvement (QI) efforts are needed,
and evaluate progress on existing QI initiatives
to promote evidence-based practices.

The Veterans Health Administration (VHA)
is one example of an integrated health care
system with an advanced EMR capable of sup-
porting data-driven QI. In this article, we de-
scribe the current state of MBC across diverse
settings in one VHA region and discuss what
analysis of large clinical and administrative data
sets can contribute to programmatic MBC ini-
tiatives. Specifically, we use EMR data to illus-
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trate how information on MH instrumentation
can be organized, analyzed, and interpreted to
identify potential targets for future QI initia-
tives.

Method

Sample and Procedure

We retrieved VHA EMR data for all veterans
with at least one MH appointment in 2014 in a
northeastern region. Data included all MH
screening tools and symptom measures re-
corded in Mental Health Assistant, a MBC soft-
ware package embedded in the EMR. The study
team included six psychologists and one biosta-
tistician. The Institutional Review Board at the
Veterans Affairs Western New York Healthcare
System approved all study activities.

Study Variables

Patient characteristics. Demographics in-
cluded age, gender, marital status, service era,
service-connected disability status,1 and race
and ethnicity (as available). Encounter data in-
cluded clinic stop codes, appointment dates, and
International Classification of Diseases-9 diag-
nostic codes recorded for each visit. We defined
MH encounters per VHA 2014 stop code pa-
rameters (see the online supplemental materi-
als), and organized each into one of four core
outpatient clinic classifications: primary
care–MH integration (PC-MHI), specialty MH,
substance use disorder (SUD), and posttrau-
matic stress disorder (PTSD). Excluding assess-
ment-based clinics (e.g., neuropsychology),
which were not a part of this investigation, these
settings accounted for nearly all (98%) outpa-
tient encounters.

Diagnostic information. We aggregated
encounter diagnostic codes into Diagnostic and
Statistical Manual of Mental Disorders, Fifth
Edition (American Psychiatric Association,
2013) taxonomic groups, including alcohol/
SUDs, anxiety disorders (e.g., generalized anx-
iety, phobias), mood disorders (e.g., depression,
bipolar disorder), personality disorders, PTSD
and other trauma/stressor-related disorders
(e.g., adjustment disorders), neurocognitive dis-
orders, and schizophrenia/other psychotic disor-
ders. We also compiled a final composite cate-
gory of “other” MH disorders, which included

low base-rate conditions recorded in this sample
(e.g., attention deficit/hyperactivity).

MH instruments. We retrieved names and
dates of administration for validated MH
screening tools and symptom measures from the
EMR. Our organizational structure included
five screening and nine symptom measurement
domains, which mapped on to the diagnostic
categories outlined here.

MH screening tools. For the purposes of
this study, we defined a MH screening tools as
brief instruments designed to identify risk for a
MH condition. For instance, we identified the two-
item Patient Health Questionnaire (Kroenke,
Spitzer, & Williams, 2003) as a depression screen-
ing tool. Screening domains included alcohol/
SUDs, depression/suicidal ideation, cognitive
function, PTSD, and a miscellaneous category.

MH symptom measures. We defined MH
symptom measures as standardized instruments
designed to aid initial assessment and/or routine
outcome monitoring. Specific domains included
alcohol/SUDs, anxiety, depression/suicidal ide-
ation, personality, and PTSD symptoms. Gen-
eral domains included health/quality of life/
disability measures (e.g., Short Form-36 Health
Survey; Ware & Sherbourne, 1992), cross-
cutting/transdiagnostic measures (e.g., Brief
Symptom Inventory; Derogatis, 1993), clini-
cian-rated scales (e.g., Abnormal Involuntary
Movement Scale; Guy, 1976), and one miscel-
laneous category that did not fit the aforemen-
tioned taxonomies (e.g., Zarit Burden Inter-
view; Zarit, Reever, & Bach-Peterson, 1980).

Analysis

Our primary aim was to provide an example
of how information on MH instrumentation can
be organized, analyzed, and interpreted in sup-
port of programmatic initiatives to improve
MBC adoption across outpatient MH settings.
To this end, we used descriptive statistics to
summarize demographic variables, encounter
characteristics, and frequencies of screening
and measurement. We calculated chi-square sta-

1 Service-connected disabilities are objectively linked to
military service, either in origin or exacerbation of an un-
derlying condition (Veterans Benefits Administration,
2013). The overall percentage of disability is based on an
algorithm that estimates functional impairment; higher per-
centages (maximum � 100%) indicate a greater degree of
global impairment.
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tistics and risk ratios (RRs) to explore the rela-
tive likelihood of screening and measurement in
any clinic setting. Incorporating patient-level
predictors of measurement (i.e., gender, diagno-
sis, length of care episode) identified in prior
research (Beehler, King, Vair, Gass, & Funder-
burk, 2016), we then computed separate logistic
regression models using penalized maximum
likelihood estimation (Allison, 2008; Firth,
1993; Heinze & Schemper, 2002). Finally, we
generated corresponding odds ratios (ORs) and
confidence intervals to estimate the likelihood
of electronic MH measurement of patient-
reported outcomes based on clinic and patient-
level predictors. All analyses were performed
with SAS 9.4, with � � .05.

Results

Sample Characteristics

Patients (N � 28,376) were primarily male
(89.8%), married (45.6%), and not of Hispanic/
Latino origin (94.2%). Most were Persian Gulf-
(38.5%) or Vietnam-era veterans (37.9%), with
a mean age of 53.5 years (SD � 15.8). Data on
race were not consistently recorded (71.1%
missing).2 The majority of patients (68.4%) ev-
idenced service-connected disabilities, with
overall disability ratings often exceeding 70%
(60.3%), suggesting a relatively high degree of
functional impairment. Trauma/stressor-related
disorders, including PTSD, were the most com-
mon diagnostic classification (15.1%), followed
by mood disorders (12.9%). Whereas more than
half of patients had comorbid MH conditions
(52.7%), only 1.8% had no MH diagnosis listed.
The most common comorbidities were trauma/
stressor-related disorders and mood disorders
(25.3%), anxiety and mood disorders (13.7%),
and mood and alcohol/SUDs (12.9%). A total of
237,326 MH appointments were recorded and
were predominantly individual (79.0%) versus
group (21.0%) encounters. In addition, partici-
pants were more likely to be seen in specialty
MH (49.8%) versus PC-MHI (18.0%) or other
settings (15.8% SUD, and 14.3% PTSD; see the
online supplemental materials).

Prevalence of MH Screening

Table 1 summarizes MH screens adminis-
tered during the study period. Of the 340,626

screens recorded, most were for alcohol/SUDs
(59.8%), with 80.9% of patients evidencing at
least one completed screen. Depression/suicidal
ideation comprised the next most frequent cat-
egory (23.4%), with 42.3% of patients receiving
at least one screen. PTSD screening tools fol-
lowed (16.2% of all administrations), docu-
mented in 25.4% of patients. Cognitive screens
were among the rarest administrations (0.5% of
all screens, and 0.9% of all patients). All
screens were more likely to be administered in
PC-MHI versus other settings (RR � 1.11–1.36,
p � .001–.02), though rates of cognitive screens
remained low even after restricting comparisons
to patients aged 65 or older (range � 2.0–4.6%
of patients per setting).

Prevalence of MH Symptom Measurement

As noted in Table 2, clinician-rated scales
(e.g., the Abnormal Involuntary Movement
Scale) were most frequently recorded (27.5%).
Measures of PTSD (23.6%), alcohol/SUDs
(23.5%), and depression/suicidal ideation
(19.6%) were the next most common, though
the relative proportion of patients with a com-
pleted measure was low (7.2%, 4.3%, and 7.9%,
respectively). Personality (2.7%), anxiety
(2.4%), and other measures were the least fre-
quently documented (0.0%–0.7% of all admin-
istrations); 1–1.4% of patients (respectively)
had a completed personality or anxiety measure
recorded. Rates of MH symptom measures var-
ied by setting, though rates were generally low
overall. Measurement of alcohol/SUD symptoms
was more common in SUD-specific settings than
other settings combined (32.3% vs. 0.9%; RR �
36.08), �2(1) � 6573.88, p � .0001. Similarly,
measurement of PTSD symptoms was more com-
mon in PTSD-specific treatment settings than oth-
ers (24.7% vs. 4.9%; RR � 5.03), �2(1) � 1685.
26, p � .0001.

Predictors of MH Measurement

Several patient-level factors predicted the
likelihood of symptom measurement (see Table

2 High rates of missing race/ethnicity data have been
demonstrated in other VHA research studies (e.g., Long,
Bamba, Ling, & Shea, 2006), as well as within other health-
care systems (e.g., Williams, Walker, & Egede, 2016).
Research is needed to examine the effects of these factors
on rates of measurement.
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3). Older age was generally associated with a
stepwise decrease in the likelihood of measure-
ment of anxiety, depression, personality traits,
and PTSD. Veterans aged 65 or older were
typically least likely to have documented MH
measurement (ORs � .19–.74). The only con-
sistent effects of service era were found in de-
pression/suicidal ideation and PTSD, with Per-
sian Gulf veterans more likely to evidence
measurement than other cohorts. Individuals
with service-connected disabilities were signif-
icantly less likely to evidence measurement of
alcohol/SUDs (OR � .64), depression/suicidal
ideation (OR � .72), and PTSD (OR � .86)
than those without documented disabilities. Fur-
ther, female veterans were uniformly less likely
than males to evidence measurement in all cat-
egories (ORs � .43–.83). The number of MH
encounters recorded per patient impacted the
likelihood of MH measurement, with a greater
number of encounters generally associated with
a greater likelihood of measurement. Aside
from PTSD symptom measurement, the pres-

ence of multiple MH diagnoses was also gen-
erally associated with an increased likelihood of
symptom measurement. Three or more recorded
MH diagnoses typically corresponded to the
greatest likelihood of measurement (ORs �
3.1–31.8), with the most pronounced effect for
measurement of alcohol/SUDs (OR � 31.8).

Discussion

Recent work on integrated MH care has en-
couraged the design and implementation of sci-
entifically rigorous program evaluation and QI
activities (e.g., Funderburk & Shepardson,
2017; Hunter et al., 2018). Given the wide-
spread utility—but documented underuse—of
MBC in MH (e.g., Gilbody et al., 2002; Scott &
Lewis, 2015), we elected to focus on this prac-
tice element as one example of how large EMR
data set analyses can contribute to program-
matic initiatives to improve MBC. Achieving
change in MBC practices would likely be ad-
vantageous across settings given its potential to

Table 1
Electronic Mental Health Screening by Category and Clinic Type

Screen category and name (N � 340,626 administrations)a n %

Alcohol/SUD
Alcohol Use Disorders Identification Test—Consumption 203,801 59.8
Cut Down-Annoyed-Guilty-Eye Opener Screen 10 .0

Depression
Two-Item Patient Health Questionnaire 79,778 23.4

Cognitive
Blessed Orientation Memory Concentration Test 1,407 .4
Mini-Cog 12 .0
Montreal Cognitive Assessment 14 .0
St Louis University Mental Status Exam 304 .1

PTSD
Primary Care PTSD Screen 55,297 16.2

Screening rate by clinic type (N � 28,376 patients)b,c

Screen type
PC-MHI

(n � 9,720)
Specialty-MH
(n � 21,135)

PTSD
(n � 3,236)

SUD
(n � 3,046)

Alcohol/SUD 86.4% 80.4% 84.6% 81.6%
Depression 48.1% 38.3% 41.1% 43.5%
Cognitive

All ages 1.1% .8% .8% .7%
Age �65 3.3%d 2.8%e 2.0%f 4.6%g

PTSD 30.8% 24.1% 16.8% 36.1%

Note. PC-MHI � primary care–mental health integration; PTSD � posttraumatic stress disorder; Specialty-MH �
specialty mental health; SUD � substance use disorder.
a The miscellaneous screen category (N � 3; e.g., Zarit Burden Interview) was excluded from the table due to overall small
cell sizes. b 0% rate values were observed in each clinic category. c Row sums exceed the total N, as patients may have
had clinical encounters in more than one clinic. d n � 2,764. e n � 5,720. f n � 1,116. g n � 326.
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Table 2
Electronic Mental Health Symptom Measurement by Category and Clinic Type

Measure domain and name (N � 161,113 administrations)a n %

Alcohol/SUD
Alcohol Use Disorder Identification Test 5,837 3.6
Brief Addictions Monitor 27,498 17.1
Brief Addictions Monitor-Consumption Items 6 .0
Clinical institute Withdrawal Assessment-Alcohol Revised 2,335 1.4
Clinical Opiate Withdrawal Scale 2,129 1.3

Anxiety
Beck Anxiety Inventory 2,942 1.8
Seven-item Generalized Anxiety Disorder Scale 944 .6

Clinician-rated
Abnormal Involuntary Movement Scale 44,382 27.4
Brief Psychiatric Ratings Scale 83 .1
Global Deterioration Scale 79 .0

Cross-cutting
Brief Symptom Inventory 2 .0
18-item Brief Symptom Inventory 31 .0
Symptom Checklist-90 Revised 55 .0

Depression/Suicidal ideation
Automatic Thoughts Questionnaire 6 .0
Beck Depression Inventory-2 13,163 8.2
Beck Hopelessness Scale 113 .1
Beck Scale for Suicide Ideation 2 .0
Geriatric Depression Scale 1,737 1.1
Nine-item Patient Health Questionnaire 16,385 10.2
Zung Depression Scale 128 .1

Health/Quality of life/disability
Millon Behavioral Medicine Diagnostic 73 .0
Multidimensional Health Locus of Control–Form C 4 .0
Short Form-36 Health Survey 1 .0
World Health Organization Disability Assessment Schedule 2 970 .6

Personality
Millon Clinical Multiaxial Inventory 3 297 .2
Minnesota Multiphasic Personality Inventory 2 2,016 1.3
Minnesota Multiphasic Personality Inventory 2-Restructured Form 1,743 1.1
Personality Assessment Inventory 231 .1

PTSD
Mississippi Scale 4,076 2.5
PTSD Checklist-Civilian Version 22,588 14.0
PTSD Checklist-Military Version 9,709 6.0
PTSD Checklist Stressor Specific 1,652 1.0

Symptom measurement by clinic type (N � 28,376 patients)b,c

Screen type
PC-MHI

(n � 9,720)
Specialty-MH
(n � 21,135)

PTSD
(n � 3,236)

SUD
(n � 3,046)

Alcohol/SUD 2.5% 4.3% 4.4% 32.3%
Anxiety 2.1% 1.4% 2.0% 1.4%
Clinician-rated 7.4% 14.7% 13.0% 15.7%
Cross-cutting .1% .1% .0% .0%
Depression/Suicidal ideation 9.8% 8.2% 11.6% 20.3%
Health/Quality of life/disability .1% .6% .8% .4%
Personality .8% 1.1% 1.6% 1.6%
PTSD 8.2% 7.9% 24.7% 10.9%

Note. PC-MHI � primary care–mental health integration; PTSD � posttraumatic stress disorder; Specialty-MH �
specialty mental health; SUD � substance use disorder.
a The miscellaneous measure category (N � 60; e.g., Acceptance and Action Questionnaire) was excluded from the table
due to overall small cell sizes. b 0% rate values were observed in each clinic category. c Row sums exceed the total N,
as patients may have had clinical encounters in more than one clinic.
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improve the efficiency and effectiveness of MH
care, and provide specific and measurable
points of reference for evaluation of program
outcomes (Kearney, Wray, Dollar, & King,
2015).

Our findings related to screening were either
intuitive or consistent with previous literature.
For instance, screen administration was more
common in PC-MHI versus other settings,
which is sensible as lower steps in care may
emphasize screening over more elaborate forms
of evaluation (Kearney et al., 2015), and PC-
MHI is a common gateway to MH services
(Wray, Szymanski, Kearney, & McCarthy,
2012). Although overall screening rates varied
by condition and clinic type, several (i.e., alco-
hol misuse, depression, and PTSD) appeared to
be regularly administered by MH providers.
Such observations are likely influenced by prac-
tice standards that encourage or mandate popu-
lation-based screening for patients treated in the
VHA (e.g., Tew, Klaus, & Oslin, 2010). For
instance, annual screening for depression, alco-
hol misuse, and trauma symptoms is part of
preprogrammed “clinical reminders” embedded
in the EMR. Thus, total screening completion
rates (i.e., numbers of patients ever screened at
any VHA encounter) likely exceed our obser-
vations of rates of patients screened at MH
encounters alone. While these screening tools
may be administered by any clinical staff, they
are often also completed by non-MH providers
at other points in care, in which case positive
results often trigger referral to MH providers for
more thorough evaluation and treatment. There-
fore, several explanations exist for the screening
rates we observed, such as the following: (a)
high rates of alcohol screening across settings
may indicate that MH providers reliably re-
spond to “clinical reminders” and/or that the
screening has been adopted in general MH care,
(b) lower rates of depression and trauma screen-
ing may indicate that screening requirements
were met by other staff or that screening was
not necessary (e.g., if diagnosis was preestab-
lished), and (c) low rates of cognitive screening
observed among older veterans may be influ-
enced by the lack of strong recommendations to
implement population-based screening in this
age cohort (Kansagara & Freeman, 2010). Ad-
ditional data capture and analysis could be
planned to evaluate the extent to which such
explanations may apply, for instance, to more

thoroughly investigate rates of MH screening
by non-MH staff.

Our findings on symptom measurement were
also consistent with previous research. Studies
using PC-MHI-only samples have found similar
rates of symptom measurement, with older age
and female sex associated with a decreased like-
lihood of measurement (Beehler et al., 2016;
Lilienthal et al., 2017). While we did not exam-
ine the trajectory or timeline of measurement
directly, the low percentage of patients with
standard measures documented suggests the
possibility that routine outcome monitoring
with electronic measures may not be occurring.
Possible explanations include (a) providers’
time and resource limitations (Scott & Lewis,
2015), (b) uncertainty about how to use mea-
surement in clinical decision-making (Gleacher
et al., 2016), (c) an undervaluation of the ben-
efits of MBC (Zimmerman & McGlinchey,
2008), or (d) a lack of specific guidelines/
requirements to use standard measures. Coupled
with the aforementioned patient-level predictors
identified by our statistical models, these prac-
tical and empirically supported barriers to MBC
may be targets for QI efforts.

Within the VHA, the national MBC Initiative
(Department of Veterans Affairs, Veterans
Health Administration (VHA), 2016) aims to
implement several core MH outcome measures.
In addition to this larger initiative, local QI
plans can nonetheless be developed to address
site-specific areas of suboptimal MBC uptake.
Similar to the data capture and review proce-
dures used in this study, administrators could
review EMR data on MH screens and symptom
measures to identify noteworthy trends in MBC
practice within their clinic(s). Using an ap-
proach inspired by the plan– do–study–act
framework (Deming, 1994), they may then out-
line specific hypotheses and goals for modifica-
tion. For instance, given evidence of lower rates
of symptom measurement among women veter-
ans, and if such trends were also observed lo-
cally, a plausible target might be to improve
rates of PTSD symptom monitoring among
women veterans treated in their clinic(s). Ad-
ministrators could plan to gather EMR data on
women patients served by their clinic, as well as
qualitative data from stakeholders in their work-
group on the perceived value and pros/cons of
symptom monitoring in their practice (plan).
Following an initial test of altered practices
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(do), subsequent data may be collected to iden-
tify whether and how the proposed practice
changes impacted patient outcomes and clinic
processes (e.g., increased us of MH measures
with women veterans), to include any uninten-
tional consequences, such as disruption of work
flow (study). Data collected as part of this pro-
cess could then be used to develop or refine
standard operating procedures that would re-
duce the opportunity for disparities in care by
ensuring routine outcome monitoring for all pa-
tients (act; Kearney et al., 2015).

While we opted for a robust evaluation of
data collected over a 1-year observation, worth
mention is that real-world QI need not be com-
plicated to be informative; data-driven QI can
be based on descriptive data collected over a
relatively short period of time. While it is pos-
sible that certain statistical tests (e.g., Fisher’s
exact test to evaluate associations in Sex �
Measurement contingency tables) may enhance
the quality of conclusions drawn, basic rates of
completed assessments over time are simple to
calculate and are generally understood by most
audiences. Furthermore, undue emphasis on
large and representative data sets (as opposed to
small, practical samples) could emerge as a
barrier to engaging in and sustaining the ongo-
ing QI efforts necessary to promote a culture of
change and rapid improvement (Etchells, Ho, &
Shojania, 2016; Etchells & Woodcock, 2018).

As with any chart-based methodology, there
are limitations that warrant mention. Our ana-
lytic emphasis was on identifying the rates and
relative likelihood of electronic screening and
measurement across outpatient MH settings as
an example of how these data can be organized,
analyzed, and interpreted in support of pro-
grammatic MBC initiatives. As such, we are
unable to provide insight into how measurement
data were integrated into individual treatment or
interprofessional communication. Such ques-
tions cannot be answered by summary data
alone. Because we focused solely on screening
and measurement recorded in the EMR during
MH encounters, our estimates do not pertain to
other instances of MBC (e.g., paper-and-pencil
administrations) that would be necessary for
broader discussion of MBC practices. As a sub-
stantial proportion of race and ethnicity data
were missing from our study sample, we were
also unable to explore these factors as potential
predictors of screening or measurement. Fi-

nally, our data collection spanned just one year
and was limited to a single geographic region. It
is therefore plausible that sample (e.g., high
rates of objective disability) and other contex-
tual factors (e.g., data collection predated a ma-
jor national QI initiative on a similar topic)
would further limit generalizability to other
samples and settings.

Though our data are not generalizable, they
nonetheless illustrate how data-driven decision-
making can be employed in clinically relevant
QI activities. While it is difficult to make broad
recommendations regarding which outcome
measures to use, under what circumstances, and
how often to administer them at each step in
care, clinic administrators may nonetheless ben-
efit from conducting similarly focused investi-
gations of current practices, gathering feedback
from key stakeholders, and developing system-
atic plans to improve uptake of MBC. Measure
recommendations and assessment schedules can
be included as part of clinic-specific operating
procedures that reflect local context, resources,
and standards of practice. Though we assert that
MBC contributes to higher-quality care, patient-
level barriers remain understudied, and may
represent important contributors to the rates of
measurement we observed. Further work is nec-
essary to (a) better understand patient, provider,
and systems-level facilitators and barriers to
electronic MH measurement and MBC; (b) de-
velop appropriate educational/systems-level in-
terventions to improve uptake of measurement;
and (c) describe how providers use measure-
ment data to alter treatment.
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