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The purpose of measurement-based care (MBC) is to detect treatment nonresponse sufficiently early in
treatment to adjust treatment plans and prevent failure or dropout. Thus, the potential of MBC is to provide
the infrastructure for a flexible, patient-centered approach to evidence-based care. However, MBC is
underutilized across the Department of Veterans Affairs (VA) posttraumatic stress disorder (PTSD)
specialty clinics, likely because no actionable, empirically determined guidelines for using repeated
measurement effectively are currently available to clinicians. With data collected as part of routine care
in VA PTSD specialty clinics across the United States in the year prior to COVID-19 (n = 2,182), we
conducted a proof-of-concept for a method of generating session-by-session benchmarks of probable patient
nonresponse to treatment, which can be visualized alongside individual patient data using the most common
measure of PTSD symptoms used in VA specialty clinics, the PTSDChecklist forDiagnostic and Statistical
Manual of Mental Disorders, 5th Edition (PCL-5). Using survival analysis, we first identified the probability
of cases reaching clinically significant change at each session, as well as any significant moderators of
treatment response. We then generated a multilevel model with initial symptom burden predicting the
trajectory of PCL-5 scores across sessions. Finally, we determined the slowest changing 50% and 60% of all
cases to generate benchmarks at each session for each level of the predictor(s) and then assessed the
accuracy of these benchmarks at each session for classifying treatment responders and nonresponders. The
final models were able to accurately identify nonresponders as early as the sixth session of treatment.

Impact Statement
The models we generated were able to accurately identify treatment nonresponders as early as the sixth
session. Should these models prove similarly accurate in specific clinics and for specific providers and
patients in practice, then theymay be applicable as guidelines for clinicians tomake repeatedmeasurement
clinically useful and actionable, supporting measurement-based care goals in VA PTSD specialty care.

Keywords: measurement-based care, evidence-based practice, posttraumatic stress disorder, Veterans,
patient-centered
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Current evidence-based practice (EBP) for posttraumatic stress
disorder (PTSD) is largely limited to packages of serially ordered
treatment sessionswith prescribed content intended to be applied in the
manner tested in efficacy trials, namely with high fidelity per the

treatment manual (e.g., Foa et al., 2007; Resick et al., 2008). However,
efficacy trials across medicine and mental health typically do not
translate well to routine care (they sacrifice external validity for superb
internal validity; e.g., Diener et al., 2022; Hansen et al., 2002), and at
best, providers should only expect to see the mean effect sizes of an
efficacy trial if a given patient’s characteristics and the quality of the
care are similar to that of the trial. Modally, clinicians should expect
variable effectiveness and be prepared to address it (e.g., Benfer et al.,
2022; Maguen et al., 2021; Sripada et al., 2020). This is particularly
pertinent to the care of Veterans with PTSD in that the clinical
significance of the effects of EBPs in psychotherapy trials of service
members and Veterans with PTSD are lower than civilian trials
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(e.g., Litz et al., 2019; Steenkamp et al., 2015).Moreover, EBP ismore
than adherence to a manual supported by efficacy trials evidence with
fidelity (Sackett et al., 1996). Proper person-centered care requires that
providers meet the idiographic needs of diverse patient presentations
(Bensing, 2000; Engle et al., 2021), and providers need to be prepared
to utilize a shared decision-making framework to collaboratively
discuss treatment options whenever a selected approach is not work-
ing, to avoid treatment failure and dropout. Outcome tracking in an
actionable manner is the backbone of measurement-based care (MBC;
e.g., Joint Commission, 2018), yet actionable MBC is only possible if
providers (and their patients) can identify the need for a shift in
approach.
Unfortunately, even though repeated assessments of PTSD is

recommended by EBPs (e.g., Foa et al., 2007), there is very little
evidence-based guidance about how to use repeated assessments
of outcome to avoid treatment failures. Without actionable results
(and guidance about what to do), the use of measurement in treatment
is limited and de facto not MBC. Across the Department of Veterans
Affairs (VA) as a whole, only about a half of the mental health
providers reported using at least one measurement for at least half
of their patients (58%; Oslin et al., 2019). In VA PTSD specialty care
clinics (i.e., PTSD clinical teams [PCTs]), only 44% of patients had
an administration of at least one PTSD measure during treatment
documented by their provider (Maguen et al., 2021); far fewer
documented repeated assessment of PTSD severity over the course
of treatment (0.5% used multiple measurements; Shiner et al., 2018).
Benfer et al. (2022) examined data captured and stored in the VA’s
corporate data warehouse in the year before COVID-19 as part of
routine individual therapy across all PCTs to assess the prevalence of
repeated assessments of outcome. Of those patients who received an
episode of care (EoC) defined as at least eight sessions within 14
weeks, only 37% received at least two documented (i.e., data
available in the corporate data warehouse) measurements, represent-
ing just 2.4% of all Veterans who received care within a PCT that
year. Of those patients who received treatment most typical of PCTs
(i.e., noncontiguous sporadic treatment sessions), only 3% received
at least two documented measurements (Benfer et al., 2022).
For mental health care outside of the VA (i.e., in civilian hospitals/

clinics), even when providers use multiple measurements to track
outcomes, the majority report little, if any, impact of these measure-
ments on their decisions about care (e.g., Garland et al., 2003). Such
limited impact may be due to difficulty visualizing and interpreting
tracked data (e.g., Callaly et al., 2006; Tauscher et al., 2021). The
potential of MBC is chiefly to avoid treatment failures and promote a
more flexible, personalized, and patient-centered approach to EBP.
However, for this potential to be realized, clinicians and patients need
tools and guidance to generate actionable information from tracked
outcome data (Peterson et al., 2019). Despite the current limited utility
and application of MBC across VA broadly, and PCTs specifically, the
limited patient outcome data available within the corporate data
warehouse is sufficient to create initial clinically actionable benchmarks
for the most commonly used measure of PTSD symptoms, the PTSD
Checklist for Diagnostic and Statistical Manual of Mental Disorders,
5th Edition (PCL-5; Weathers et al., 2013). Although the available
data is a convenience sample representing only the small fraction
of cases seen in PCTswith repeatedmeasurement of outcome, the hope
is that initial benchmarks will improve the clinical utility of MBC and
increase its adoption, thus resulting in greater data generation and
capture and allowing for further improvements of benchmarks.

Typically, in clinical trials and some practice contexts, the
methods recommended by Jacobson and Truax (1992) have been
used to establish statistical benchmarks for clinically significant
change (CSC). This method generates thresholds to indicate suffi-
cient improvement or deterioration at each assessment point post-
baseline. Lambert et al. (2001) later generated a benchmarking
method that may further improve shared decision-making in
MBC. Their method generates individual-level expected trajectories
of scores based on the best predictors of change in a given setting to
determine if progress is less than expected and if continued treat-
ment is unlikely to lead to CSC after a given session number.

Lambert et al. (2001) used data from their national database
of civilian outpatient psychotherapy providers and clinics to gener-
ate a survival curve that represented the relationship between CSC
on the Outcome Questionnaire-45 (a measure of general behavioral
health; Lambert et al., 2004) and session number. Treatment site and
initial symptom burden (i.e., baseline Outcome Questionnaire-45
total score) significantly moderated the curve. Lambert et al. (2001)
then calculated recovery trajectories for each level of initial symp-
tom burden (i.e., bands of initial Outcome Questionnaire-45
scores representing 2% increments of the sample, 90 total curves),
with two-tailed “tolerance intervals” generated around the curves at
the 68th and 80th percentiles. These tolerance intervals were used
as guideposts in determining if a patient’s actual data trajectory
throughout treatment is within limits of the expected recovery curve
for patients with similar initial symptom burden. These percentiles
are characteristic of the 10%–15% of patients with the slowest
response to treatment, chosen to ensure capture of the ∼10% of
patients likely to deteriorate during psychotherapy (see Lambert,
2013, for a review). When a patient’s outcome falls outside their
predicted tolerance intervals, this may predict treatment failure,
thus allowing providers and patients to take action and make
changes to the treatment plan. Initial testing of the utility of this
method in clinical practice suggested that cases with providers
who were given feedback using this system were more likely to
improve on the Outcome Questionnaire-45, and less likely to
deteriorate, than cases with providers who did not receive that
feedback (Lambert et al., 2001). Later replications of this study
confirm that the use of this feedback system reliably promotes
improved patient outcomes and decreased dropout compared to
treatment as usual and other feedback methods (see Lambert et al.,
2018 for a meta-analysis).

In this study, we attempted to replicate the methods proposed by
Lambert et al. (2001) using data culled from the VA’s corporate data
warehouse of PCL-5 data collected in the year prior to COVID-19.
We reasoned that COVID-19 led to limitations in collecting assess-
ment data and that the year prior to COVID-19 would represent
an optimal interval to capture a cohort with an EoC and at least
two PCL-5s. We calculated a survival curve for CSC and assessed
the moderating effects of initial symptom burden, region (i.e.,
Veteran Integrated Service Network [VISN]), and their interaction
(to assess for differences in the moderating effect of initial symptom
burden by region). Similar to Lambert et al. (2001), we expected
that both initial symptom burden and treatment location would
moderate the survival curve. Unlike Lambert, the availability of
data at any specific treatment site was too limited to assess differ-
ences at the site level, thus treatment sites were grouped by region
(i.e., VISN) to approximate geographic areas where treatment sites
are likely to have similar culture and access to resources (i.e.,
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differences between treatment sites are increasingly complex with
greater geographic distance; Reponen et al., 2021). Expected PTSD
symptom trajectories and tolerance intervals were generated for
every level of each identified moderator and/or interaction between
moderators, which could include initial symptom burden, treatment
location, or their interaction term. Our aim was to generate a
working set of trajectories of treatment response for Veterans
initiating care in PCTs). We planned to use these trajectories to
generate benchmarks for determining when a Veteran is offtrack for
expected change and at-risk for treatment failure.

Method

Participants and Procedure

This project was determined not to require oversight by the VA
Boston Research and Development Committee.

Generating the Cohort

Actionable MBC requires a useful benchmark for CSC at each
assessment/session cross-section and an a priori expectation that, if
change has not been demonstrated after a given session number of
a treatment approach, an expected positive trajectory of CSC is
improbable (i.e., a dose–response should be observed if treatment is
working as intended; e.g., Hansen et al., 2002). The statistical
methods for generating benchmarks for CSC require considerable
data within treatment settings. To generate a cohort of cases with
sufficient outcome data from the VA’s corporate data warehouse, we
first identified cases with PCL-5 data captured in the year before the
start of COVID-19. We then kept the data of those who received
contiguous individual therapy conservatively defined as an EoC of
at least eight sessions in 14 weeks (with no other sessions in the
preceding 10 weeks to ensure capture of new EoCs). Of these cases,
we retained the 37% who received at least two PCL-5’s during
treatment, which is the minimum required to calculate indices of
CSC (this is 2.4% of all Veterans who received some kind PTSD
specialty care in VA nationally in the year prior to COVID-19). We
relied on repeated measurements to accomplish our aims, yet avail-
able PCL-5 data in the CDW is not explicitly linked to a specific
session. However, the administration date of the first PCL-5 score for
each case was within at least 1 week of the date of their first recorded
session for that EoC and the date of their last PCL-5 was no earlier
than the fourth session, thus allowing for more accurate estimates of
treatment response (for a more detailed description of the method for
culling EoC data, see Benfer et al., 2022). To approximate PCL-5
administrations at least at every other session, thus minimizing cases
with sporadic measurement and more closely tying PCL-5 scores
with specific session numbers, we extracted a repeated-measures
(RM) subsample of Veterans who, in addition to the above criteria,
had recorded PCL-5 administrations equal to at least 50% of their
total number of sessions during the 14-week window.

Measures

PCL-5

The PCL-5 is a 20-item self-report measure of PTSD symptoms,
per Diagnostic and Statistical Manual of Mental Disorders, 5th
Edition (American Psychiatric Association, 2013). Participants

indicate the extent to which they have been bothered by each
symptom on a scale of 0 (Not at all) to 4 (Extremely), all tied to
their index (Criterion A) event. The PCL-5 is traditionally anchored
to past month distress, but in clinical care, a weekly version is often
used. Due to inconsistencies in clinicians using both the weekly and
monthly versions to track weekly change, both the PCL-5 weekly
and PCL-5 monthly were extracted. The PCL-5 has demonstrated
excellent psychometric properties in Veterans (Bovin et al., 2016).

Treatment Site

For Veterans who met our subsample criteria, we also extracted
the VISN in which they received care. There are 18 VISNs across
the United States, which are systems of VA medical centers defined
by regional boundaries, and thus, are a proxy for potential differ-
ences in geography, demographics, and VA resources.

Data Analysis Plan

Clinically Significant Change

CSC was calculated according to Jacobson and Truax (1992).
Reliable change indices (RCIs) were calculated for each case at
each time point as the difference between an individual’s PCL-5 total
score at that time point and their initial PCL-5 total score, divided by the
standard error of measurement of the difference. Standardized differ-
ence is calculated using an indicator of reliability of the measure—
typically either the internal consistency or test–retest coefficient—and
standard deviation of the measure. It has been previously demonstrated
that generating RCIs from national-level data is appropriate (Benfer
et al., 2022) and preferable to generating them from regional or site-
specific data, as it allows for simpler comparisons across cases. We
followed the recommendations of Benfer et al. (2022) who generated
Jacobson and Truax (1992) RCIs using national corporate data ware-
house data and the published test–retest coefficient of r = .84 (Bovin
et al., 2016) to indexmeasurement error. An RCI of≥1.96 is indicative
of CSC (Jacobson & Truax, 1992).

Survival Analysis

Following the procedures outlined in Lambert et al. (2001),
survival analysis was used to identify the percentage of patients
who meet criteria for CSC, based on the reliable change index, at
each session. Survival analysis is a nonparametric procedure that
can be used for tracking the occurrence or nonoccurrence of a
dichotomous event over multiple time points. This type of analysis
examines data across time for a predetermined “terminal event” to
answer the question “how long until X occurs in this sample?” We
used survival analysis to track the occurrence or nonoccurrence of
CSC for the RM subsample. A terminal event was considered to
have occurred at the session when a patient met the criteria for
CSC and did not change from that outcome at a later session,
including if data collection terminated at that point (e.g., a patient
who reaches CSC at their last session and a patient who reaches
CSC and maintains it for several more sessions would both be
considered to have a terminal event).

Survival analysis incorporates censored data (i.e., when the con-
ditions for a terminal event are not met for a given patient and no
further data for that patient is available) using a likelihood-based
approach, arguably the most effective method for adjusting for

BENCHMARKS FOR PREEMPTING TREATMENT NONRESPONSE 3



censored data (Turkson et al., 2021), assuming that censored data
occurs at random. Therefore, unlike other methods for analyzing
longitudinal data (e.g., repeated-measures multiple analysis of vari-
ance), survival analysis does not require that all patients have the
same number of sessions; if a patient has too few sessions and does
not meet the terminal event, their data are treated as censored and
are still included in analysis following likelihood adjustment. We
used survival analysis to estimate a survival curve representing
the number of cases who met the conditions for a terminal event
(i.e., CSC) at each session, starting from initiation of an EoC.
Many variables may impact the number of sessions required

to reach CSC for patients who are responsive to a given treatment
approach. Lambert et al. (2001) used data collection site and
pretreatment symptom levels as moderators of their survival curve;
therefore, we similarly assessed the effect of treatment region (i.e.,
VISNs; a proxy for site), initial symptom burden, and their interac-
tion term using Cox Proportional Hazards and backwards
removal of insignificant moderators. Significant moderators were
then used in subsequent multilevel analysis to generate clinically
actionable treatment response curves that may be used to assess
when individual patients are likely not responding to treatment
as expected, thus indicating the need to shift approach.

Multilevel Modeling

Longitudinal data are often hierarchically clustered, such that
within-person, time-varying variables (e.g., an individual’s PTSD
symptoms across an EoC; Level 1) are influenced by higher order,
between-person variables such as diagnostic categories or clinics
(Level 2). Multilevel modeling is a statistical method that can be
used for examining individual-level change as a function of group-
level variables. This method models within-person data for the
Level 1 analysis, then uses the Level 1 estimates as the dependent
variables in the Level 2 analysis, with between-person predictors.
Further, estimates can be calculated for every individual regardless
of number of sessions in their EoC; as such, fixed effects for
session number are not as influenced by differences in measure-
ment/treatment duration or missing data, as in other repeated-
measures approaches (Kahn, 2011; Lutz et al., 1999).
Using the RM subsample, significant predictor variables identi-

fied from the Cox Proportional Hazards (i.e., initial PCL-5 symptom
burden, defined as eight ranges or “bands” of initial PCL-5 total
scores; see Supplemental Material, for how initial symptom bands
were determined) were entered as Level 2 between-person predic-
tors in a multilevel model predicting Level 1 within-person
change in PTSD symptoms over time (site was ultimately not
included as a Level 2 predictor in the multilevel model due to
low sample sizes in several VISNs, despite statistically significant
moderation in the survival analysis). The final multilevel within-
person model is as follows (see MacCallum et al., 1997):

Y it = π0i + π1iðSesLogitÞ + eit, (1)

where Yit is the PCL-5 total score for individual i at time (i.e., session
number) t, π0i is the random intercept for individual i at Time 0, π1i is
the random slope of change over time for individual i (with time
calculated as a log-linear transformation of session number for
individual i at time t; i.e., SesLogit), and eit is a residual error

term for individual i’s actual PCL-5 score deviation from their
predicted score. The between-person model is as follows:

π0i = β00 + β01ðInitial Symptom BurdenÞ + r0i, (2)

π1i = β10 + β11ðInitial Symptom BurdenÞ + r1i, (3)

where π0i is the within-person random intercept for individual i
at Time 0, β00 is the average intercept, β01 is the slope of change in
intercept by initial PCL-5 total score (i.e., band),

r0i is a residual error term for individual i’s actual intercept’s
deviation from their predicted intercept, π1i is the within-person
random slope of change over time for individual i, β10 is the average
slope of change over time, β11 is the slope of change in slope by
initial PCL-5 total score (i.e., Band), and r1i is a residual error term
for individual i’s actual slope’s deviation from their predicted slope.

Tolerance Intervals and Predictive Accuracy
(Exploratory)

Lambert et al. (2001) generated tolerance intervals at the two-
tailed 68th and 80th percentiles (i.e., one-tailed 85th and 90th
percentiles, respectively) to capture the ∼10%–15% of cases who
will likely deteriorate (e.g., Lambert & Vermeersch 1994). How-
ever, our goal was to identify all treatment nonresponders, which
included 61.7% of the RM subsample and up to 50% of cohorts in
other studies (Resick et al., 2017; Schottenbauer et al., 2008).
Therefore, we generated tolerance intervals at the one-tailed 40th
and 50th percentiles. Ideally, CSC trajectories and tolerance inter-
vals should be generated in one sample (i.e., the training sample) and
tested in an independent sample (i.e., the testing sample); however,
we did not have sufficient data to split our data set into training and
testing subsets. Instead, to assess the predictive sensitivity (i.e., the
probability at each session that a patient who ultimately does
not reach CSC is to be identified as offtrack) and specificity (i.e.,
the probability at each session that a patient who ultimately does
reach CSC is to be identified as on-track) of these trajectories within
the RM subsample, we categorized each case into their appropriate
band (e.g., any case with an initial score of 52 was categorized
into Band 4) and their PCL-5 score at each session according to its
relative position to the associated expected trajectory for cases
within that band (i.e., if at any given session a case’s PCL-5 score
was above the 50th percentile tolerance interval for the expected
trajectory of their initial score band, it was coded as offtrack).

Predictive sensitivity at each session was determined by the
proportion of cases that were correctly coded as offtrack (i.e.,
they were coded as offtrack at that session and ultimately did not
meet for CSC by the end of their EoC); predictive specificity was
determined by the proportion of cases that were correctly coded as
on-track (i.e., they were coded as on-track at that session and
ultimately did meet for CSC by the end of their EoC). Higher
predictive sensitivity at a session would indicate that the method
accurately categorized treatment nonresponders as offtrack, while
higher predictive specificity would indicate that the method is
not miscategorizing treatment responders as offtrack. As such, it
is important to reach a balance of predictive sensitivity and speci-
ficity for a method to be clinically useful at a given session for
distinguishing probable responders from nonresponders, with the
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benchmark for a balanced method being a combined sensitivity
and specificity of at least 1.5 (Power et al., 2013).

Results

Preliminary Analysis

The RM subsample was comprised of 2,182 patients and included
only those cases with a ratio of at least 1:2 of PCL-5 data to sessions
within an EoC, to approximate measurements for at least every
other session. Total initial PCL-5 scores ranged from 17 to 80 (M =
51.98, SD = 13.56) and were normally distributed. The number of
PCL-5 administrations ranged from 4 to 36 (M = 9.01, SD = 3.55).
The number of cases per VISN ranged from 25 to 293, with an
average of 121.22 (SD = 57.69). The threshold for clinically
significant improvement based on the RCI was a decrease in
PCL-5 scores of at least 15 points, per J&T calculations. Although
our threshold was higher than estimates generated using the original
Diagnostic and Statistical Manual of Mental Disorders, 4th Edition-
based PCL (i.e., a 10 point change; Monson et al., 2008), our
threshold is similar to previously published CSC thresholds for the
PCL-5 that were benchmarked against changes in psychosocial
functioning (i.e., a 15–18 point decrease in PCL-5 total score;
Marx et al., 2022), as well as recent efforts to generate clinically
actionable population-based benchmarks for meaningful change
across locality levels using a similar sample culled from the VA
corporate data warehouse (i.e., a 12.34–16.80 point change; Benfer
et al., 2022). For the RM subsample, 38.3% of Veterans improved
by the end of their EoC (n = 836). There were no differences in
significant results between analyses run with and without outliers

(i.e., cases with a total session number greater than 3x the inter-
quartile range beyond the 1st/3rd quartile for total session number
for the full sample; n = 14), therefore all reported results include
outliers to preserve power.

Primary Analysis

Survival Analysis

The effect of initial PTSD symptom burden and treatment loca-
tion (by VISN) on the probability of reaching CSC at each session
(i.e., the survival curve) was assessed using Cox Proportional
Hazards (see Table 1). Initial PCL-5 total score, region (i.e.,
VISN), and an interaction term (initial PCL-5 score × VISN)
were included as predictors in the model. The interaction term
was not significant (p = .96) and was thus removed. The overall
goodness-of-fit of the final model was significant, χ2(18) = 371.34,
p < .001. The overall variable for initial PTSD symptom burden
was significant, Wald χ2(1) = 21.49, p < .001, such that, as initial
symptom burden increased, the predicted probability of a treatment
responder reaching CSC at a given session also increased. Com-
pared to the reference VISN (i.e., VISN 1; VA New England
HealthCare System), 10 of the other 17 VISNs significantly pre-
dicted a lower probability of reaching CSC at each session (p’s <
.05), one predicted a higher probability (p = .01), and six were
not significant (p’s > .05).

Holding moderators constant (i.e., for patients with average
initial symptom burden at the average VISN), treatment respon-
ders had a >10% probability of reporting CSC by the sixth
PCL-5 administration (i.e., approximately Session 6), a >25%

Table 1
Summary of Cox Proportional Hazards Regression Comparing Effect of the Variables VISN and Initial PCL-5 Total Score on
Overall Survival

Variable β SE Wald df R Exp(β)

Initial PCL-5 score 0.01 .00 21.49*** 1 .06 1.01
VISN

1. (New England)a 341.71*** 17 .01
2. (New York/New Jersey) −0.87 .20 19.94*** 1 .01 0.42
4. (Pennsylvania, Delaware) −0.21 .17 1.46 1 — —

5. (West Virginia, Maryland) −0.82 .14 33.51*** 1 .01 0.44
6. (Mid-Atlantic) −0.63 .13 25.04*** 1 .00 0.53
7. (Southeast) −0.41 .13 9.66** 1 .03 0.66
8. (Florida, Puerto Rico, Virgin Islands) 0.08 .12 0.49 1 — —

9. (Mid-South) −1.09 .13 76.01*** 1 .03 0.34
10. (Ohio, Indiana, Michigan) −0.39 .11 12.74*** 1 .02 0.68
12. (Great Lakes) −0.11 .14 0.62 1 — —

15. (Heartland) −0.14 .15 0.87 1 — —

16. (South-Central) −0.27 .12 5.55* 11 .02 0.76
17. (Texas) −0.16 .14 1.29 1 — —

19. (Rocky Mountain) 0.30 .12 6.67** 1 .06 1.35
20. (Northwest) −0.52 .14 13.46*** 1 .00 0.60
21. (Sierra Pacific) −0.47 .12 15.35*** 1 .00 0.63
22. (Desert Pacific) −0.38 .12 9.65** 1 .02 0.69
23. (Midwest) −0.12 .13 0.78 1 — —

Note. N = 2,182. VISN = Veterans Integrated Services Network; PCL-5 = PTSD Checklist for DSM-5; SE = standard error; df =
degrees of freedom; PTSD = posttraumatic stress disorder; DSM-5 = Diagnostic and Statistical Manual of Mental Disorders, 5th Edition;
CSC = clinically significant change. For Exp(β), values >1 have increased chance to reach CSC and values <1 have decreased chance to
reach CSC.
a Reference group.
* p < .05. ** p < .01. *** p < .001.
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probability by the ninth, >50% by the 13th, >75% by the 22nd,
and >88% by the 30th (see Figure 1). As session number
increased (and holding moderators constant), the probability
of a given treatment responder reaching CSC also increased,
with increasingly larger increases in probability until Session 9
(i.e., an accelerating increase in probability). After Session 9, the
increase in probability steadily decreased in magnitude (i.e., a
decelerating increase in probability; Session 9 represented the
point of diminishing returns for treatment) until more than half of
the sample had met for CSC at around session 14 and the change
in the probability of reaching CSC between subsequent sessions
reached an asymptote.

Multilevel Models

Detailed information regarding themultilevelmodeling can be found
in the Supplemental Materials. Like Lambert et al. (2001), prior to
building the model, we used a log-linear transformation by session
number to normalize the symptom score distributions across time.
Further, and also similar to Lambert et al. (2001), we grouped initial
PCL-5 scores into ranges (i.e., bands) of severity (eight total bands; see
Table 2). Based on the results of the Cox Proportional Hazards (see
Table 1), both VISN and initial symptom burden were significant
predictors of treatment response. However, due to limited availability
of outcome data for several VISNs, only initial symptom burden was
included in the multilevel models.
Using the full RM subsample, the full model was constructed by first

generating an unconditional means model (Model 1; all models are

presented in Table 3) as the initial reference model, then unconditional
growth models with a fixed slope for session number (Model 2f) and
random slopes (Model 2r), and finally a conditional growth model
(Model 3). Models were compared in order of increasing complexity to
the previously best fitting model. Overall, Model 3 was the best fitting
model, accounting for 93.54% of the proportion reduction in unex-
plained variance in the relationship between session number (log) and
PCL-5 total score (i.e., at Level 1 of the analysis), compared to the
previously best fitting model. The Level 2 proportion reduction in
unexplained variance was −3.44%, indicating that the effect of initial
PCL-5 score band was small (for two-level models, a negative
proportion reduction in unexplained variance is not considered indica-
tive of reduced model fit; see Roberts et al., 2011). Fixed effects
indicated a significant intercept, b = 28.83, p < .001, 95% CI [28.83,
29.88], a significant effect of session number (log), b = −12.61, p <
.001, 95%CI [−13.37,−11.86], and a significant effect of initial PCL-5
band, b= 5.56, p< .001, 95% CI [5.45, 5.66]. Random effects suggest
significant differences between individuals in the variability of their
PCL-5 scores across sessions, 95% CI [3.04, 3.73] and their length of
treatment (log), 95%CI [15.40, 16.65]. The interclass coefficient (ICC)
indicated little unexplained clustering within the data (ICC = .20).

Exploratory Analyses

Survival Analyses by Band

Considering that a conditional growth model with random
slopes was the best fitting model and the effect of initial PCL-5

Figure 1
Survival Curve of Patients Who Met for CSC by the End of an EoC

Note. N= 2,182. CSC= clinically significant change; EoC= episode of care; Left vertical line= the session number
atwhich the rate of patientsmeeting for CSCbegins to decelerate; Right vertical line= the session number atwhich the
rate of patients meeting for CSC begins to flatten. See the online article for the color version of this figure.
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band on the rate of change was significant but small, exploratory
survival analyses were conducted for cases within each band to
parse this effect (see Table 2). For Band 1 (initial PCL-5 scores
ranging from 17 to 38), Band 7 (64–68), and Band 8 (69–80), the
estimated probability of reaching CSC by the last available session
for cases who report CSC prior to the end of an EoC was 67.3%,
54.6%, and 73.5%, respectively. These probabilities are lower
than all other bands, with each reaching a minimum of 90% by the
last available session. The point of diminishing returns was
Session 9 for Bands 1, 2, 7, and 8, Session 10 for Bands 3 and
4, Session 11 for Band 5, and Session 12 for Band 6. See Figure 2
for example trajectories and benchmarks.

Predictive Sensitivity and Specificity

Using the 40th percentile tolerance interval, the model reached
a combined sensitivity and specificity of 1.55 by Session 6, with a
sensitivity of 80% and a specificity of 74% (see Table 4, for
results of all sensitivity and specificity analyses). Following
Session 6, high sensitivity and specificity was maintained across
sessions (e.g., at Session 9, sensitivity was 89% and specificity
was 79%). Using the 50th percentile tolerance interval, the model
reached a combined sensitivity and specificity of 1.51 by Session
6, with a sensitivity of 68% and a specificity of 83%. Following
Session 6, high sensitivity and specificity was maintained across
sessions (e.g., at Session 9, sensitivity was 76% and specificity
was 89%).

Discussion

We leveraged available VA data to generate initial benchmarks
for tracking and predicting patient progress to avoid treatment
failure. The results provide preliminary support for predicting
treatment nonresponse, which may prove clinically useful for
improving Veteran outcomes in PTSD specialty care. Further,
our findings confirm the results of many clinical trials (see Litz
et al., 2019) that have shown that, contrary to the expectation for
a regression to the mean, Veterans with higher initial PCL-5 total
scores change at a slower rate and/or are more likely to be treatment

nonresponders within a typical EoC than Veterans with lower initial
scores. Contrarily, our planned survival analysis indicated that,
as initial PTSD symptom burden increased, the probability of
reaching CSC in an EoC also increased. However, this finding
may be due to a floor effect, as many cases with low initial scores
may not be expected to demonstrate much change. This interpreta-
tion is consistent with the exploratory survival analyses by band
(as well as the final multilevel model), which demonstrated that
the individuals in our sample who reported CSC by the end of an
EoC whose initial PCL-5 scores were in the lowest scoring band
(i.e., Band 1) or two highest scoring bands (i.e., Bands 7 and 8) had
much lower probabilities of reaching CSC at higher session numbers
compared to all other bands.

In light of a probable floor effect for cases in Band 1, a potential
pattern is recognizable in the rest of these results; as initial symptom
burden increases, more sessions are generally required to reach
CSC, with cases initially scoring above 64 on the PCL-5 requiring
more sessions than are represented in our data set to achieve the
same probability of success and reach a point of diminishing returns
as cases with lower initial scores. In practice, the latter point
translates to Veterans who score in the highest two ranges (i.e.,
Bands 7 and 8) having a <75% probability of reaching CSC by the
last available session (Session 26 and 20, respectively). The most
parsimonious explanation for this is that cases with higher baseline
scores are more complex and multifaceted and may require longer
or more intensive treatment options, or referral to follow-up services
(Ruscio & Holohan, 2006).

For many of those in the RM subsample initially scoring 64 or
higher on the PCL-5, the number of individual sessions required
may be 20 or more. This number is substantially higher than the
recommended course of most EBPs (8–12 sessions; Foa et al., 2007;
Resick et al., 2008) or the modal number of sessions in an EoC for
cases in the RM subsample (mode = 11; 59% had 11 or fewer
sessions, 71% had 12 or fewer, and 91% had fewer than 20),
suggesting that providers currently practicing in VA PCTs should
expect higher scoring patients to require substantially more treat-
ment to reach CSC than is typical during an EoC. The rest of
the bands in our cohort received enough sessions to achieve a
75% probability of reaching CSC. The probability of reaching CSC

Table 2
Session Number to Reach CSC

Band
n (CSC/
no CSC) 25% 50% 75% 90%

Point of
diminishing
returns

1. (17–38) (96/247) 10 21 — — 9
2. (39–43) (82/114) 9 11 16 25 9
3. (44–48) (106/156) 8 12 18 23 10
4. (49–53) (123/185) 9 13 23 29 10
5. (54–58) (135/199) 8 12 20 23 11
6. (59–63) (117/165) 9 13 22 25 12
7. (64–68) (88/135) 9 16 — — 9
8. (69–80) (89/145) 9 16 — — 9

Note. Band = range of initial PCL-5 total scores; CSC = clinically significant change; CSC/no CSC =
sample sizes of patients within that range who did/did not meet for CSC by the end of an episode of care;
PCL-5 = PTSD Checklist for DSM-5; PTSD = posttraumatic stress disorder; DSM-5 = Diagnostic and
Statistical Manual of Mental Disorders, 5th Edition. Each percent column represents the probability that a
case that reaches CSC will reach it at that session. The Point of Diminishing Returns is the session number at
which the rate of cases reaching CSC begins to decelerate.
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was 50% at session 12 or higher for all but Band 2 (which was at
Session 11), suggesting that greater than 50% of Veterans receiving
treatment in VA PCTs may require more sessions to achieve CSC
than is currently typical of care, with higher scoring, potentially
more complex patients requiring a greater number of sessions.
With respect to the overall survival curve, the point of diminish-

ing returns was Session 9, however, further exploration revealed that
it steadily increased from Session 9 to Session 12 from Band 2
to Band 6, suggesting that more sessions had a greater benefit as
initial symptom burden increased. The highest two bands (i.e.,
Bands 7 and 8) both had points of diminishing returns at Session
9, which may be an artifact of having an insufficient number of
sessions for a large proportion of these cases. Until corporate data
warehouse data saturation improves estimates (especially for high
severity cases), a point of diminishing returns of Sessions 9–12
may be useful as a benchmark for CSC (depending on initial
symptom severity), such that the probability of a treatment
responder reaching CSC increases at an accelerating rate at each
session as treatment approaches the point of diminishing returns,
and that rate decelerates at each session following. If this benchmark
were to be used in clinical practice, the point of diminishing
returns could be considered the session where, if a patient has

not met CSC and is not at least “on-track” for expected change,
continued treatment without changing approach will unlikely result
in CSC. Notably, 9–12 sessions of treatment is the total length of
care for the majority of Veterans in our sample and the standard
recommended length of frontline EBPs for PTSD (e.g., prolonged
exposure therapy; Foa et al., 2007; cognitive processing therapy;
Resick et al., 2008). As such, this benchmark may prove most
useful for informing the course of extended care, either extended
variable length EBPs for PTSD (e.g., up to 15 sessions of prolonged
exposure therapy; Morland et al., 2020; up to 24 sessions of
cognitive processing therapy; Resick et al., 2021) or an alternative
treatment plan. Given the time-limited nature of treatment in PCTs,
in practice, information gleaned from actionable MBC may also
need to be shared collaboratively with referral sites (e.g., VA general
mental health clinics), with the ideal being continued capture and
tracking of patient data across clinics.

However, although the point of diminishing returns can be used as
a benchmark for when to expect CSC to occur (i.e., CSC is most
likely to have occurred by Sessions 9–12), session-by-session
benchmarks indicating whether a patient is expected to experience
CSC at any point during treatment may be more clinically useful.
Session-by-session benchmarks may be useful at earlier sessions

Figure 2
Expected Trajectories and Tolerance Intervals at the 40th and 50th Percentiles for Cases at, 1 SD Below, and 1 SD Above the Mean Initial
PCL-5 Score

Note. SD = standard deviation; PCL-5 = PTSD Checklist forDSM-5; PTSD= posttraumatic stress disorder;DSM-5 = Diagnostic and Statistical Manual of
Mental Disorders, 5th Edition; Top horizontal curve = 50th percentile tolerance interval; Bottom horizontal curve = 40th percentile tolerance interval. Dotted
horizontal line indicates clinically significant change (CSC). At the left (solid) vertical line (session 6), 68% of cases who do not ultimately meet for CSC are
above the 50th percentile (83% of those who do ultimately reach CSCwill be below) and 80%will be above the 40th percentile (74% of those who do not reach
CSC will be below). The right vertical (dashed) line represents the point of diminishing returns. See the online article for the color version of this figure.
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to determine whether a patient’s score at that session is consistent
with that of those who report CSC by the end of treatment. A
patient’s data falling outside a given session’s benchmark would be
indicative of probable treatment failure, even before a patient has
reached the session representing their point of diminishing returns.
The model we used to generate benchmarks for determining

whether a patient is “on-track” for expected change was a good
fit to the data, accounting for nearly all clustering and having
significant between-person differences in within-person treatment
response predicted by initial PTSD symptom severity. The eight
expected trajectories (with eight associated initial symptom ranges,
see Table 2) we generated were used at each session to predict
each case in the RM subsample’s ultimate response to treatment,
with tolerance intervals based on previously reported estimates of
treatment nonresponse (e.g., ∼50%, Resick et al., 2017) as well as
the nonresponse rate in this sample (∼60%). Both intervals had
adequate sensitivity and specificity by Session 6, thus suggesting
they could be useful as benchmarks for expected change by as early
as halfway through a modal EoC or EBP package for PTSD.
Unsurprisingly, the interval based on the data set was more sensitive
for predicting nonresponse (80% vs. 68%), although the 50th
percentile interval miscategorized fewer treatment responders at
each session (specificity of 83% vs. 74%). Considering our goal of
capturing treatment nonresponders, the 40th percentile tolerance
interval may provide more useful benchmarks. For example, an 8-
point decrease in PCL-5 total scores by Session 6 may be useful as
a benchmark indicative of a patient being “on-track” for reaching
CSC in an EoC (i.e., using the 40th percentile tolerance interval,
80% of nonresponders had a <8-point decrease by Session 6).
However, more research is needed to assess whether these bench-
marks have clinical utility in more specific samples.
There are several noteworthy limitations to this study. First, we

were unable to test the accuracy of these trajectories on an indepen-
dent data set, which may inflate the significance of our findings.
A second limitation is that PCL-5 data in the corporate data
warehouse is not tied to a specific session (e.g., the second PCL-5
administration may or may not have actually occurred at Session 2).

Although the first administration was within 1 week of the first
session, the last administration was at minimum four sessions
later, and data were only used from the cases that had PCL-5
data for at least half of their sessions, estimates of session numbers
were based on a proxy (i.e., PCL-5 administration number), thus
potentially introducing unexplained variance to our models. Third,
relative to the number of cases that get specialty care for PTSD in
VA, the corporate data warehouse has a small percentage of EoC
and repeated assessments of outcome. To assess if the models are
sufficient for early identification of treatment nonresponse across
contexts, or if there are additional considerations that need to be
made when predicting treatment response, the predictive accuracy
of these models must be tested in an independent data set across
a variety of potential moderators (e.g., types of trauma-focused
EBP, Schnurr et al., 2022; treatment schedule, Ehlers et al., 2014;
age of the patient, Dewar et al., 2020).

Relatedly, VISN was found to be a significant predictor of the
survival curve, but many VISNs had very limited outcome data
that precluded including VISN in all other analyses. Within VA,
VISNs are geographic regions which may be useful as a proxy for
regional differences in demographics and resources. These contex-
tual differences are likely to influence PTSD treatment, and
previous research has demonstrated treatment location is a signifi-
cant moderator of the dose–response relationship (Lambert et al.,
2001). As such, the applicability of all generated benchmarks may
initially depend on where they are implemented until such a time
when the corporate data warehouse houses sufficient data. Further,
therapist-level data were not available for this study, thus the effect
of clustering within therapist could not be determined or accounted
for in the final model.

Finally, the wide range of variability in initial scores for the
lowest and highest ranges (i.e., Bands 1 and 8) affects the validity
of these trajectories. For example, a patient with an initial score of
17 or 80 may be underrepresented by the applied trajectory; pre-
dicted trajectories and tolerance intervals may be somewhat lower
or higher due to the inclusion of relatively few cases with excep-
tionally low or high scores. Thus, the prediction for cases using

Table 4
Sensitivity and Specificity Analyses Predicting CSC by the End of an EoC

Session
Number

40th percentile 50th percentile

Sensitivity Specificity Combined Sensitivity Specificity Combined

1 .48 .49 0.97 .38 .58 0.96
2 .66 .56 1.22 .55 .66 1.21
3 .70 .62 1.33 .60 .70 1.31
4 .74 .66 1.40 .64 .75 1.39
5 .77 .70 1.47 .66 .79 1.45
6 .80 .74 1.55a .68 .83 1.51a

7 .84 .77 1.61a .71 .85 1.56a

8 .86 .79 1.65a .73 .86 1.60a

9 .89 .79 1.68a .76 .89 1.65a

10 .87 .79 1.67a .76 .87 1.63a

11 .85 .77 1.62a .77 .87 1.63a

12 .83 .76 1.58a .72 .87 1.59a

13 .80 .78 1.58a .71 .89 1.60a

14 .77 .77 1.54a .70 .87 1.56a

Note. CSC = clinically significant change; EoC = episode of care. Sensitivity is the probability that a patient who is unlikely to change is to
be identified as offtrack. Specificity is the probability that a patient who is likely to change is to be identified as on-track.
a Combined sensitivity and specificity of at least 1.50 (Power et al., 2013).
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these wide bands may be less accurate than for the narrower bands
in the middle of the symptom severity spectrum (e.g., the proportion
of cases that are misidentified as likely/unlikely to meet CSC may
be skewed to scores on one side of the initial PCL-5 score bands). As
routine outcome monitoring becomes more routine and a higher
percentage of cases with repeated assessments are captured in
the corporate data warehouse, we can generate valid expected
trajectories in the narrower bands with greater sensitivity and
specificity for predicting change. We decided not to exclude excep-
tionally low (i.e., “subthreshold”) or high cases from this report
because we did not want to ignore these bands and inadvertently
discourage or de-incentivize providers to track patient progress
and capture those data in these instances. If that happened, there
would be limited data to refine trajectories for cases on the lower
or higher end of the symptom severity spectrum, but who are
still seeking and receiving treatment from PCTs, as evidenced by
the existence of such data in the corporate data warehouse.
While it remains to be seen if these benchmarks have predictive

utility in specific samples or clinics, or if providing this informa-
tion to clinicians in PCTs will improve patient outcomes (and
patient satisfaction), the results of this study provide a foundation
for the continued refinement of a feedback system for PTSD
specialty care, and thus begin to realize the full potential of
MBC. Research has demonstrated robust improvements in out-
comes across studies when measurement feedback systems are
used in practice (e.g., Lambert et al., 2018; Lutz et al., 2019). The
VA needs to generate and test a feedback system designed to meet
the needs of Veterans receiving specialty care for PTSD. Once our
findings are extended and replicated, expected trajectories of
change could be fielded to improve shared decision-making
and to improve outcome.
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