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Many patients who receive cognitive behavior therapy (CBT) for mood and anxiety disorders fail to respond or
drop out of treatment. We tested the hypotheses that therapist use of each of three decision support tools, a
written case formulation, a list of treatment goals, and a plot of symptom scores, was associated with improved
outcome and reduced dropout in naturalistic CBT provided to 845 patients in a private practice setting. We
conducted regression analyses to test the hypotheses that the presence of each tool in the clinical record was
associated with lower end-of-treatment scores on the Beck Depression Inventory (BDI) and the Burns Anxiety
Inventory (BurnsAI), and lower rates of premature and uncollaborative dropout. We found that the presence of a
written case formulation in the clinical record was associated with lower rates of both types of dropout. A list of
treatment goals was associated with lower end-of-treatment scores on the BDI and the BurnsAI, and a lower rate of
uncollaborative but a higher rate of premature dropout. A plot of symptom scores was associated with lower endof-treatment scores on the BDI, and lower rates of both types of dropout. Results suggest that therapist use of a
written case formulation, list of treatment goals, and a plot of symptom scores can contribute to improved
outcome and reduced dropout in CBT.

Despite its strong evidence base, many patients who receive cogni
tive behavior therapy (CBT) for mood and anxiety and related disorders
fail to respond to it. For example, Cuipers et al. (2014) reported that
response rates of empirically-supported treatments for major depressive
disorder ranged from 44% to 53%. In addition, many patients terminate
treatment prematurely and thus fail to receive a full dose of treatment.
Fernandez et al. (2015), in a meta-analysis, reported that more than 25%
of patients dropped out of cognitive behavioral therapy (CBT).
Clinicians who use the methods of evidence-based practice rely on a
range of strategies and decision support tools to guide decision-making
and solve problems that can otherwise lead to nonresponse and dropout
(American Psychological Association, 2006). First, clinicians of all
theoretical orientations view the case formulation as a key tool (Eells,
2007). The case formulation describes the factors that appear to cause
and maintain a particular patient’s particular symptoms and problems,
and it thus identifies the treatment targets and guides the therapist’s
efforts to overcome problems that can arise in treatment. Despite its
importance to practitioners, the case formulation is under-studied, and
we have little information about the relationship of the case formulation
to outcome and dropout (Persons & Hong, 2016). Second, cognitive

behavioral therapists develop with their patients an agreed-upon list of
treatment goals. The list of treatment goals individualizes the treatment
and focuses it on concrete, specific, achievable objectives. A shared list
of goals is considered to be part of the therapeutic alliance (Bordin,
1994), and we know that the alliance is related to both outcome (Hor
vath et al., 2011) and dropout (Roos, J. & Werbart, A., 2013), but we
don’t know whether the strategy of writing down a list of the patient’s
concrete, specific treatment goals and using them to guide treatment
affects outcome and dropout.
Third, evidence-based practitioners rely on a plot of symptom scores.
The patient completes a symptom scale before the session, and the
therapist and patient together review the plot showing the trajectory of
scores and use it to guide decision-making. A recent review showed that
measurement-based care, defined as “the systematic evaluation of pa
tient symptoms before or during each clinical encounter to inform
behavioral health treatment” leads to improved psychotherapy outcome
(Lewis et al., 2018). But only one of the samples that Lewis et al.
reviewed were American samples of outpatients with mood and anxiety
disorders (Hawkins et al., 2004). All three of these tools (the case
formulation, the list of treatment goals, and progress monitoring data)
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represent elements of evidence-based practice as defined by the Amer
ican Psychological Association (2006), and appear in widely-used clin
ical manuals (J. S. Beck, 1995; Eells, 2007; Persons, 2008), but little is
known about their contribution to outcome and dropout in routine
clinical practice. More empirical support is needed for these tools that
are widely viewed as core elements of evidence-based practice.
To address this gap in the literature, we tested the hypotheses that
therapist use of each of the decision support tools of the written case
formulation, list of treatment goals, and plot of symptom scores were asso
ciated with improved outcome and reduced dropout in a large sample of
patients who received naturalistic cognitive behavior therapy (CBT) for
symptoms of depression and anxiety in a private practice setting. We
studied outcome as defined by scores on two symptom measures at the
end of treatment: the Beck Depression Inventory and the Burns Anxiety
Inventory. We studied dropout as defined in two ways. We studied
premature dropout, defined as ending treatment before, in the therapist’s
judgment, the treatment has been tried for long enough to help the
patient accomplish their treatment goals, and uncollaborative dropout,
defined as ending treatment against the therapist’s advice or without
discussing the termination with the therapist. We predicted that the
presence in the clinical record of a written case formulation, a list of
treatment goals, and a plot of scores on a measure of depression or anxiety
would be associated with improved outcome and reduced premature
and uncollaborative dropout.

completed (n = 14) or sought consultation only, not treatment (n = 24).
Most importantly, patients were excluded if they had fewer than three
sessions in the database (n = 586). We excluded these cases so that the
computations required to carry out the multiple imputation strategy we
used to interpolate missing data could be carried out in a reasonable
length of time, and so we could use the same patient sample for all data
analyses we conducted. If patients completed more than one course of
treatment, only the first course was analyzed to simplify analysis.
1.2. Treatment
Treatment consisted of individual cognitive behavior therapy (CBT),
typically provided weekly and based on a case formulation-driven mode
of treatment (Persons, 1989, 2008). The case formulation-driven mode
of treatment called for the therapist to develop, with the patient, an
individualized formulation of the case and a written list of treatment
goals, to make a plot in each session of scores on symptoms relevant to
the patient’s treatment goals, and to use these three tools to guide
decision-making in therapy. However, therapists worked in a group
private practice, not a clinic, and there was no policy or requirement in
the practice that clinicians use these decision support tools, and thus
therapists made their own decisions about use of the tools. The most
common symptom measures used by the therapists in the practice were
the Beck Depression Inventory and the Burns Anxiety Inventory, and
therefore we selected those two scales as our outcome measures for this
study. Treatment was naturalistic because it did not depend on a pro
tocol that described a pre-determined number and frequency of sessions,
and it allowed the therapist to make adjustments in the treatment (e.g.,
increasing session frequency or adding adjunctive psychosocial treat
ment, such as couple therapy, or adjunctive pharmacotherapy) based on
the results of the progress monitoring data and other factors (e.g., the
patient’s preference). Treatment was open-ended in duration and ended
ideally when patient and therapist agreed that the patient had reached
the patient’s goals but sometimes ended for other reasons (e.g., the
patient moved, the therapist left the practice, the patient felt they had
accomplished all that could be done in the therapy, or the patient ended
treatment against the therapist’s advice). Most therapists were Ph.D.
psychologists; one was an L.C. S.W. The mean (and standard deviation)
of the length of treatment in days was 286.0 (SD = 573.9), and the
number of sessions was 24.0 (SD = 32.7).

1. Method
1.1. Participants
Participants were 845 adults who received individual naturalistic
cognitive behavior therapy during the years 1981–2009 from the second
author or one of 20 therapists at the group private practice she estab
lished in 1995. All participants gave written consent for data from their
clinical record to be used for research purposes. The procedures used to
establish and maintain the Persons Archival Database we studied in this
investigation were reviewed and approved by the Behavioral Health
Research Collective Institutional Review Board. The Persons Archival
Database is a completely de-identified database, and no master code list
links the data in the database to the names of the patients in the
database.
Patients in the sample had an average age of 36.2 years (SD = 12.3)
and had completed an average of 16.6 years (SD = 2.6) of education.
Patients identified as 58.6% female and 41.2% male; 0.2% were of un
specified gender. 80.9% patients were Caucasian, 2.5% were African
American, 2.6% were Hispanic, 6.3% were Asian, 1.9% were of other
ethnicity, and 5.8% were of unspecified ethnicity. 20.0% of patients
received adjunctive psychosocial treatment (e.g., group therapy or
couple therapy), 63.2% did not, and 16.8% were unspecified. 50.7% of
patients received adjunctive pharmacotherapy, while 38.1% did not,
and 11.1% were unspecified. 86.4% of patients had an anxiety or
depressive disorder or both. Diagnoses were assigned by the treating
therapist based on the most current version of the Diagnostic and Sta
tistical Manual of Mental Disorders at the time the patient was treated.
Patients were treated by one of twenty therapists.1
The 845 patients studied here were drawn from a database of 1469
adult patients. Patients were excluded from the larger sample if they had
incorrect or missing data describing how many total sessions they

1.3. Measures
Symptoms of depression. We assessed symptoms of depression
with the original version of the Beck Depression Inventory (A. T. Beck
et al., 1961). The BDI is a widely-used, 21-item self-report measure of
the severity of depressive symptoms that has been shown to have good
internal consistency (α = 0.86 for psychiatric patients) and good
convergence with other measures of depressive symptoms (A. T. Beck
et al., 1988). Total score could range from 0 to 63.
Symptoms of anxiety. We assessed symptoms of anxiety with the
Burns Anxiety Inventory (BurnsAI), a 33-item self-report inventory
measuring 6 anxious feelings (e.g., anxiety, nervousness, worry or fear),
11 anxious thoughts (e.g., feeling that you’re on the verge of losing
control) and 16 physical symptoms (e.g., a lump in the throat). Each
symptom was rated on a 0 to 3 scale ranging from 0 (not at all) to 3 (a
lot). Total score could range from 0 to 99. Burns and Eidelson (1998)
reported, in a sample of 483 outpatients, that the BurnsAI had a Cron
bach’s alpha of 0.94, indicating high internal consistency, and it was
correlated 0.86 (p < 0.001) with the Anxiety subscale of the Symptom
Check List-90 (Derogatis et al., 1976). We used the BurnsAI because it
covered the full range of anxious symptoms we observed in our patients,
its classification of anxiety symptoms as feelings, thoughts, or physical
symptoms was clinically helpful, and it was sensitive to change.
Premature dropout. Premature dropout was coded as present (a
score of 1) when, after treatment ended and the database was being

1
Of the 845 patients, 2 were seen by Therapist 1; 107 by Therapist 2; 23 by
Therapist 3; 20 by Therapist 4; 3 by Therapist 5; 25 by Therapist 6; 2 by
Therapist 7; 1 by Therapist 8; 70 by Therapist 9; 54 by Therapist 10; 16 by
Therapist 11; 16 by Therapist 12; 3 by Therapist 13; 315 by Therapist 14 (last
author); 28 by Therapist 15; 66 by Therapist 16; 3 by Therapist 17; 42 by
Therapist 18; 12 by Therapist 19; 36 by Therapist 20; and 1 by an unspecified
therapist.
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assembled, the patient’s therapist answered “no” to the question: “Has
the therapy been given a fair shake/tried for long enough to help patient
accomplish their treatment goals?” Reasons for the therapist’s judgment
that termination was premature varied widely from case to case
depending on the patient’s treatment goals.
Uncollaborative dropout. Uncollaborative dropout was coded as
present (a score of 1), when, after treatment ended and the database was
being assembled, the patient’s therapist answered “no” to the question:
“Did the patient and therapist work well together on the termination,
agree on it and discuss it fully?” The termination was coded as uncol
laborative, for example, if the patient ended treatment by simply
cancelling a session and never rescheduling it.
Premature and uncollaborative dropout were not mutually exclusive,
and each patient received a score of 1 (yes) or 0 (no) for each type of
dropout.
Therapist use of decision support tools: written case formula
tion, list of treatment goals, and plot. To assess therapist use of the
decision support tools of case formulation-driven CBT, the therapist
reviewed each patient’s clinical record after treatment had ended, and
coded each tool (written case formulation, list of treatment goals, or plot
of behavior or symptoms) 1 if it was present, and 0 if it was not present.
Therapists used a coding manual to make these coding decisions. The
coding manual called for a code of 1 on the case formulation item “if there
was a written case formulation of any quality in the chart, and 0 other
wise. This should be a written formulation of the case, not just a brief
mini-formulation, e.g., a Thought Record or diagram of a panic cycle.”
The coding manual called for a code of 1 on the list of treatment goals if
“the goals or objectives of treatment are stated in the clinical chart prior
to the termination note. . . . This is not the goals/objectives for what the
patient wants to accomplish between one session and another but must
be the Goals or Objectives of treatment. The word ‘Goals’ or ‘Objectives’
must appear, and there should be a list, except in rare cases where there
is a single goal. It is not sufficient to state, ‘The patient seeks treatment to
work on OCD symptoms,’ or similar.” Plot was coded 1 if a plot of scores
on the Beck Depression Inventory or Burns Anxiety Inventory appeared
in the chart with at least one score entered on the plot, and 0 otherwise.

one without the therapist variable. We computed the p-value using the F
distribution for each regression to determine whether the larger model
that included the therapist variable was statistically significantly
different from the smaller model that did not include the therapist
variable.
We handled the therapist variable as a fixed effect rather than a
random effect. Our rationale for this decision was two-fold. Randomeffects and fixed-effects models usually give similar results, and randomeffects models require making an assumption (Gardiner et al., 2009) that
we did not believe was justified, the assumption that therapist effects are
uncorrelated with therapist propensity to use the decision support tools
we are studying.
As an additional aid to understanding the relationship between the
decision support tools and the dropout variables, we computed a mea
sure of correlation between each independent variable and each dropout
variable, the Jaccard similarity coefficient (Jaccard index). The Jaccard
index ranges from 0 to 1, with 1 indicating maximal similarity.
Effect size. Because our sample size was so large, very small effects
could be statistically significant. Therefore, we calculated effect sizes. In
the linear regressions examining the relationship between the tools and
outcome, we used the change in adjusted R2 (designated as ΔR2) as an
effect size. Adjusted R2, the coefficient of determination adjusted for the
number of variables, is a statistical measure of how much variance a
regression model explains. We calculated the ΔR2 by subtracting the
adjusted R2 of a regression model that omitted the variable of interest
(case formulation, treatment goals, or plot) from the adjusted R2 of the
model that included the variable of interest.
In the logistic regressions examining the relationship between the
tools and dropout, we used the odds ratio (eEst.) as an effect size. The
odds ratio describes the relative odds of the dependent variable (pre
mature or uncollaborative dropout) occurring given the inclusion of the
specified independent variable. We are most interested in the odds ratio
(eEst.) for each decision support tool parameter of the regressions, which
indicates the estimated odds of a premature/uncollaborative dropout by
a patient whose clinical record has the decision support tool (case
formulation, list of treatment goals, or plot) as compared to the odds of
dropout by a patient whose chart does not have the decision support
tool. To increase the interpretability of the odds ratio, we converted the
odds ratio to a relative risk ratio for a baseline risk level, using as the
baseline risk level the percentage of patients in our sample who dropped
out prematurely or uncollaboratively.
We carried out the analyses using R Core Team (2018) and Python
(Python Software Foundation, n.d.), using Jupyter Notebooks (Project
Jupyter, n.d.), and used the packages Amelia II (Honaker et al., 2012)
and Zelig (R Core Team, 2007) to conduct the multiple imputations
analyses.

1.4. Data analysis
We tested the hypotheses that the presence in the clinical record of
the three decision support tools (case formulation, treatment goals, and
plot), was associated with lower end-of-treatment scores on the Beck
Depression Inventory and Burns Anxiety Inventory, and reduced likeli
hood of premature and uncollaborative dropout. We conducted a linear
regression to predict each outcome variable (end-of-treatment symptom
scores on the Beck Depression Inventory (BDI) and the Burns Anxiety
Inventory (BurnsAI)), and we conducted a logistic regression to predict
each dropout variable (premature and uncollaborative dropout). In each
analysis, the independent variables were the three decision support tools
(coded 0/1 to indicate whether the tool was present in the clinical re
cord), the number of sessions the patient spent in therapy, and the
identity of the patient’s therapist. In the analyses of end-of-treatment
BDI and BurnsAI scores, we also controlled for the patient’s score on
the measure in the first session. We included all the decision support
tools in the regressions in order to examine the effect of each tool on
outcome and dropout while controlling for the contributions of the other
tools.
To control for therapist identity, we included therapist as a variable
in the regression analyses. Thus, our analyses examined the relationship
between the decision tools and outcome/dropout within each therapist’s
caseload. To enter therapist identity into the regressions, we created one
dummy-coded categorical variable (coded 0–1) for each of the 20
therapists. Rather than report effects for each individual therapist, we
reported a cumulative result of the effect of therapist identity on the
dependent variable. To do that, for each regression analysis, we
compared two nested models, one including the therapist variable and

2. Results
2.1. Preliminary analyses
Missing data. Our dataset contained 845 patients with 15987 ses
sions of data. 104 patients (12.3%) were missing data about case
formulation, 100 patients (11.8%) were missing data about treatment
goals, and 88 patients (10.4%) were missing data about plot. 70 patients
(8.3%) did not have any BDI scores, and 8427 sessions (52.7%) did not
have a BDI score. 177 patients (20.9%) did not have any BurnsAI scores,
and 10,357 sessions (64.8%) did not have a BurnsAI score. 91 patients
(10.8%) were missing data about premature dropout, and 83 patients
(9.8%) were missing data about uncollaborative dropout. Data about the
decision support tools and dropout were missing when we were unable
to interview the treating therapist to obtain this information. BDI and
Burns AI scores were missing when we could not locate the medical
record or when the therapist did not monitor outcome with a symptom
scale or selected another measure (e.g., the YBOCS or a daily log of skinpicking behavior) to monitor outcome.
3
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Multiple imputation. To handle missing data, we used the statisti
cal technique of multiple imputation (Enders, 2017). In this approach,
missing data were estimated from existing data multiple times (multiple
“imputations”) with some degree of randomness, and these multiple
estimates were pooled for a final result. By averaging multiple ran
domized imputations, we can incorporate the variance of estimated
values, so that estimates that the system has low confidence in will have
high variance, and estimates that are highly supported by the existing
data will have low variance. This strategy reduces bias in the estimated
values. We used the package Amelia II (Honaker et al., 2012) to carry out
the imputations. We computed five imputations. To improve our
imputed values, we incorporated our data’s structure into the imputa
tion model. Specifically, we modeled our data as time series within
patient cross-sections, meaning we assumed that patients’ values would
vary over time, and that each patient could have a different starting
point and rate of change. Amelia II modeled patients’ patterns by
computing first-order polynomial regressions for each patient, using
session number to represent time. We included the following as vari
ables for each patient: number of sessions in treatment, number of days
in treatment, age, number of years of education, gender, ethnicity,
whether adjunctive pharmacotherapy was provided, whether adjunctive
psychosocial treatment was provided, whether they had a
depression-related diagnosis, whether they had an anxiety-related
diagnosis, the identity of their therapist (numerically coded), whether
they had a written case formulation in their chart, whether they had a
list of treatment goals in their chart, whether they had a plot of symptom
scores in their chart, whether they were coded as a premature dropout,
whether they were coded as an uncollaborative dropout, and their BDI
and BurnsAI scores for each session. Imputed BDI and BurnsAI scores
were lower-bounded at 0 and upper-bounded at the maximum score for
each measure, and the number of sessions, days in treatment, age, and
years of education were lower-bounded at 0, 0, 18 and 0 respectively. All
missing data for these variables were imputed. Final BDI and BurnsAI
scores were determined after this multiple imputation analysis. To speed
up computation, we used a ridge prior that was set to 10% of the total
number of sessions (for details on Amelia II’s statistical options,
including ridge priors, see Honaker et al. (2012)).
Reliability of coding for therapist decision support tools: writ
ten case formulation, list of treatment goals, and plot. To evaluate
the inter-rater reliability of coding of the clinical record for presence of a
written case formulation, a list of treatment goals, and a plot of symptom
data, we conducted a small study of clinical records of 20 patients
treated by the last author during the years 2008–2020. These records
were randomly selected from a larger database the last author has
collected. Patients gave consent for use of their records for research
purposes, and this study was reviewed by the IRB of the Behavioral
Health Research Collective. We were unable to conduct this study using
the data from the Persons Archival Database used in the present study
because no master code list exists to link the patient clinical record to the
data in the Persons Archival Database. Two authors (R.C. and J.B.P.)
rated each of the 20 clinical records using the same coding manual
(described on page 9) that therapists used to rate these variables in the
Persons Archival Database. The two therapists showed nearly perfect
agreement on ratings of the presence in the clinical record of all three
decision support tools: a written case formulation, a list of treatment
goals, and a plot of symptom data. The clinicians agreed on 19 of 20
ratings of a written case formulation, 19 of 20 ratings of a list of treat
ment goals, and 20 of 20 ratings of a plot of progress monitoring data,
indicating that the presence in the clinical record of the decision support
tools in the clinical record can be reliably rated.
Therapist use of the decision support tools. We had data about the
presence of a written case formulation (present or absent) for 741 par
ticipants; of those 741 cases, 581 (78%) had a written case formulation
in the chart. We had data for 745 participants about the presence of a list
of treatment goals; of those 745 cases, 505 (68%) had a list of treatment
goals in the chart. We had data for 757 participants about the presence

of a plot of BDI or BurnsAI data; of those 757 cases, 424 (56%) had a plot
in the chart.
Patient outcome. Table 1 presents imputed scores on the Beck
Depression Inventory and Burns Anxiety Inventory for all patients, and
for patients whose charts did and did not include a case formulation, list
of treatment goals, and plot. (The equivalent information for the original
data, before the multiple imputation procedure, is presented in Sup
plementary Table 1.)
Patient dropout. We had data on premature dropout for 754 pa
tients; of those, 394 (52%) were premature dropouts. We had data on
uncollaborative dropout for 762 patients; of those, 231 (30%) were
uncollaborative dropouts. These percentages were used as “baseline
risk” estimates for the relative risk ratio calculations for each type of
dropout.
2.2. The effect of decision support tools on outcome and dropout
We hypothesized that the presence in the clinical record of decision
support tools of case formulation, treatment goals, and plot would be
associated with reduced end-of-treatment BDI and BurnsAI scores, and
reduced premature and uncollaborative dropout. To test our hypotheses
about end-of-treatment BDI and BurnsAI scores, we conducted a linear
regression for each symptom score, where the dependent variable was
the end-of-treatment score on the symptom measure, and the indepen
dent variables were the three decision support tools (coded as present or
absent), the initial score on the symptom measure, the identity of the
therapist, and the total number of sessions of treatment. To test our
hypotheses about dropout, we conducted a logistic regression for each
type of dropout, where the dependent variable was premature or
uncollaborative dropout, and the independent variables were the deci
sion support tools (coded as present or absent), the identity of the
therapist, and the total number of sessions of treatment. We multiplied
all p values by four to Bonferroni-correct for the number of regression
analyses. Table 2 reports the results of these regressions. We examine
results for outcome and dropout in turn.
Outcome. First we examine the degree to which the presence of the
decision support tools in the clinical record was related to improved
patient outcome on the Beck Depression Inventory (Table 2). We found
that Treatment Goals (β = − 1.4, p = 0.007) and Plot (β = − 1.6, p = 0.04)
but not Case Formulation (β = − 0.6, p = 0.6) were statistically signifi
cant predictors of end-of-treatment Beck Depression Inventory (all p
Table 1
Estimated means and standard deviations (S.D.) of initial and final outcome
scores of subcategories of patients, after multiple imputation replaced missing
data. Lower scores indicate fewer symptoms.
n = 845

Beck Depression Inventory

Burns Anxiety Inventory

Initial Score

Final Score

Initial Score

Final Score

Mean ± S.D.

Mean ± S.D.

Mean ± S.D.

Mean ± S.D.

17.45 ± 8.89

12.03 ± 9.02

Sorted by Tool
Case Formulation
Present
17.16 ± 8.41

28.79 ±
15.61

19.98 ±
14.62

11.66 ± 8.68

28.55 ±
15.58
29.65 ±
15.73

19.73 ±
14.52
20.89 ±
14.98

28.36 ±
15.84
29.65 ±
15.12

18.62 ±
14.42
22.77 ±
14.64

29.96 ±
15.52
27.29 ±
15.62

19.64 ±
14.48
20.41 ±
14.80

All Patients

Absent

18.53 ±
10.41
Treatment Goals
Present
17.22 ± 8.64

Plot

4

13.35 ±
10.08
11.48 ± 8.72

Absent

17.93 ± 9.37

13.16 ± 9.54

Present

18.21 ± 8.87

12.01 ± 9.00

Absent

16.48 ± 8.83

12.04 ± 9.07
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Table 2
Parameter estimates for linear and logistic regression models predicting outcome and dropout from the decision support tools of a written case formulation, list of treatment goals,
and plot of symptom scores.
n = 845

Beck Depression
Inventory Est. ± S.E.

Intercept

− 2.5 ± 2.7

Case
Formulation
Treatment
Goals
Plot
Total # Sessions
Initial Score
Therapist

− 0.6 ± 0.4

ΔR2

p

Burns Anxiety
Inventory Est. ± S.E.

1.4

5.3 ± 7.3

4e-4

0.6

0.09 ± 1.8

− 1.4 ± 0.4

0.005

7e-3

− 1.6 ± 0.6
4e-4 ± 0.007
0.3 ± 0.04
F(19,76.3) = 8.3

0.007

0.04
3.8
0
0

ΔR2

p

Premature Est.
± S.E.

1.9

2.8 ± 0.6

9e-4

3.8

− 0.5 ± 0.08

− 4.2 ± 1.6

0.02

0.04

− 3.4 ± 1.5
− 0.001 ± 0.01
0.3 ± 0.02
F(19,76.1) = 3.9

0.01

0.09
3.8
0
0

eEst.

eEst.

p

− 0.3 ± 0.07

0.8

0

− 0.4 ± 0.05

0.7

4e4
4e4
0

0
0

− 0.6 ± 0.05
− 0.002 ± 3e-4

0.5

0

F(19,463.4) = 20.5

p

Uncollaborative Est.
± S.E.

0

1.3 ± 0.3

0.6

0

0.3 ± 0.05

1.3

− 0.4 ± 0.05
− 0.01 ± 6e-4

0.7

F(19,10901.4) = 85.8

0
0
0

Note. All p-values were Bonferroni-corrected for the number of regression analyses. A p-value of 0 represents significance at <0.0001. ΔR2 signifies the difference
between adjusted R2 for the full regression model, and adjusted R2 for the regression model without the decision support tool. eEst. is the odds ratio. Both ΔR2 and eEst.
are effect size measures. Reported ΔR2 are means over the five imputations; means ± standard errors across imputations are as follows: Case formulation/BDI: 4e-4 ±
1e-4; Treatment Goals/BDI: 0.0047 ± 0.0013; Plot/BDI: 0.0068 ± 0.0019; Case formulation/BurnsAI: 9e-4 ± 5e-4; Treatment Goals/BurnsAI: 0.017 ± 0.0053; Plot/
BurnsAI: 0.0113 ± 0.0038. Confidence intervals around odds ratios are as follows: Case formulation/Premature Dropout: 0.58, CI = [0.50,0.67]; Treatment Goals/
Premature Dropout: 1.31, CI = [1.19,1.44]; Plot/Premature Dropout: 0.66, CI = [0.60,0.72]; Case formulation/Uncollaborative Dropout: 0.76, CI = [0.67,0.87];
Treatment Goals/Uncollaborative Dropout: 0.70, CI = [0.63,0.77]; Plot/Uncollaborative Dropout: 0.53, CI = [0.48,0.59].

values are Bonferroni-corrected). These beta coefficients indicate that
we would expect that patients whose clinical record included a list of
treatment goals would have an end-of-treatment BDI score that was 1.4
points lower on average compared to patients whose clinical record did
not include a list of treatment goals, and that patients whose clinical
record included a plot of symptoms would have an end-of-treatment BDI
score that was 1.6 points lower. So although statistically significant, the
effects of the Treatment Goals and Plot variables on end-of-treatment
BDI score were small, about 1.5 points on the Beck Depression In
ventory. The measure of effect size, ΔR2, reported in Table 2 also shows
that the effects of Treatment Goals and Plot on end-of-treatment BDI
scores were small.
For the Burns Anxiety Inventory, our linear regression analysis
showed that Treatment Goals was a statistically significant predictor of
end-of-treatment score on the Burns Anxiety Inventory (β = − 4.2, p =
0.04), but not Plot (β = − 3.4, p = 0.09) or Case Formulation (β = 0.09, p
= 3.8) (all p values were multiplied by 4 to Bonferroni-correct for the
total number of regression analyses). These beta coefficients indicate
that we would expect that patients whose clinical record included a list
of treatment goals would have an end-of-treatment BurnsAI score that
was 4.2 points lower on average (fewer symptoms) than patients whose
clinical record did not include a list of treatment goals. As the size of the
beta coefficient indicates, the effect of the Treatment Goals variable on
end-of-treatment Burns Anxiety Inventory score was small (the score on
the measure ranges from 0 to 99). The measure of effect size, ΔR2, re
ported in Table 2 also shows that the effect of Treatment Goals on endof-treatment BurnsAI score was small.
In both the BDI and BurnsAI analyses, the initial score on the mea
sure and therapist identity were statistically significant predictors of the
end-of-treatment score on the measure (p < 0.0001), but total number of
therapy sessions and the intercept parameters were not.
In sum, two decision support tools, Treatment Goals and Plot, were
statistically significantly related to end-of-treatment scores on one or
two of the outcome measures. Treatment Goals was a statistically sig
nificant predictor of both end-of-treatment BDI and Burns AI scores, and
Plot was a statistically significant predictor of end-of-treatment BDI
score. All effects were small in size.
Dropout. First we examine the degree to which the presence of the
decision support tools in the clinical record was related to Premature
dropout. As predicted and shown in Table 2, Case Formulation (β =
− 0.5, p < 0.0001) and Plot (β = − 0.4, p < 0.0001) were statistically
significantly related to reduced Premature dropout compared to when

these tools were not present in the clinical record. However, contrary to
prediction, Treatment Goals was positively related to Premature dropout
(β = 0.3, p < 0.0001), indicating that a list of Treatment Goals was in the
chart was statistically significantly related to increased premature
dropout.
The effect sizes (estimated odds ratios) of the decision support tools
on Premature dropout were 0.6 for Case Formulation, 1.3 for Treatment
Goals, and 0.7 for Plot. The fact that the odds ratio for Case Formulation
was less than one indicates that if patients had a case formulation in
their clinical record, they were less likely to drop out prematurely than if
they did not have a case formulation in their clinical record; the same is
true for Plot. The fact that the odds ratio for Treatment Goals was greater
than one indicates that if patients had a list of treatment goals in their
clinical record, they were more likely to drop out prematurely than if
they did not have a list of treatment goals in the clinical record. Another
way to consider the odds ratio is to convert it to a risk ratio for a given
baseline risk level. Using a baseline risk level of premature dropout of
52% and the odds ratios generated from our model fit, we calculated
that a patient whose chart had a case formulation was 0.74 times as
likely to drop out prematurely as a patient without a case formulation, a
patient whose chart had a list of treatment goals was 1.13 times as likely
to drop out prematurely as a patient without a list of treatment goals,
and a patient whose chart had a plot was 0.80 times as likely to drop out
prematurely as a patient without a plot.
Next we examine the degree to which the presence of the decision
support tools in the clinical record was related to Uncollaborative
dropout. As Table 2 shows, Case Formulation (β = − 0.3, p = 0.0004),
Treatment Goals (β = − 0.4, p < 0.0001), and Plot (β = − 0.6, p < 0.0001)
were each statistically significantly related to Uncollaborative dropout
in the predicted direction, indicating that the presence of a case
formulation, a list of treatment goals, or a plot in the clinical record each
predicted reduced uncollaborative dropout compared to when these
tools were not present in the clinical record.
As reported in Table 2, the estimated odds ratios for Case Formula
tion, Treatment Goals, and Plot were 0.8, 0.7, and 0.5, respectively. The
fact that all odds ratios were less than one indicates that patients with
each of these tools in their clinical record were less likely to drop out
uncollaboratively than patients without each of these tools. Using a
baseline risk level of uncollaborative dropout of 30%, and the modelderived odds ratios, we calculated that patients who had a case formu
lation were 0.82 times as likely to drop out uncollaboratively as patients
without a case formulation, 0.77 times as likely to drop out
5
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uncollaboratively as patients without a list of treatment goals, and 0.62
times as likely to drop out uncollaboratively as patients without a plot.
The total number of sessions a patient completed (p < 0.0001), the
therapist identity (p < 0.0001), and the intercept parameter (ppremature
< 0.0001, puncollaborative = 0.0004) were all statistically significant pre
dictors of both types of dropout.
The mean Jaccard index across imputations for the relationship be
tween the decision support tools and Premature dropout was 0.31, 0.36,
and 0.27, for Case Formulation, Treatment Goals, and Plot, respectively.
The mean Jaccard index across imputations for the relationship between
the decision support tools and Uncollaborative dropout was 0.22, 0.17,
and 0.18, respectively, for Case Formulation, Treatment Goals, and Plot,
respectively. These indices describe the relationship between each de
cision support tool and type of dropout, separate from the presence of
the other tools, therapist, or number of sessions.
In sum, Case Formulation, Treatment Goals, and Plot each predicted
statistically significant reductions in both Premature and Uncollabor
ative dropout, with the exception that, contrary to our prediction,
Treatment Goals predicted an increased rate of Premature dropout.

dropout than of outcome in our sample. All three tools were statistically
significantly related to a lower rate of both types of outcome we studied,
with the exception that a list of treatment goals was a statistically sig
nificant predictor of a higher rate of premature termination. Based on our
model-derived odds ratios and estimated baseline sample rates, we
calculated that patients were 0.74 or 0.80 times as likely to drop out
prematurely when the clinical record had a written case formulation or a
plot of symptom scores, respectively. We calculated that patients were
0.82, 0.77, or 0.62 times as likely to drop out uncollaboratively when the
clinical record had a written case formulation, list of treatment goals, or
plot of symptom scores, respectively.
Contrary to our prediction, we calculated that patients whose chart
included a list of treatment goals were more likely (1.13 times more
likely) to drop out prematurely than patients whose chart did not
include a list of treatment goals. Perhaps this finding resulted from the
fact that the rating of whether the dropout was premature was made by
the therapist, and perhaps the therapist who had a written list of the
patient’s treatment goals in the chart was more likely to be aware of the
patient’s unmet goals and to rate the patient who wanted to end treat
ment before accomplishing all of their goals as ending treatment pre
maturely. Relatedly, therapists seem often to have more goals for
patients than do the patients themselves. This is reflected by the fact that
in our sample (in which patients were only included if they had had at
least three therapy sessions), a very large proportion of patients were
judged by the therapist to have terminated prematurely (52% of the
patients for whom we had premature dropout data) yet had completed a
substantial number of therapy sessions (mean ± std.err of 16.3 ± 0.9) at
the time they terminated treatment. (For all patients in the sample, the
mean ± std.err was 24.0 ± 1.1 sessions.)
We speculate that the effects of the tools on outcome and dropout
was mediated at least in part by the beneficial effects of the use of the
tools on the therapeutic alliance. Notice that all of the decision support
tools we studied entailed a written document that therapist and patient
could review together and use to guide treatment. Thus, the sharing of
the case formulation (Kuyken et al., 2009) and the list of treatment
goals, and the collaborative discussion of progress and decision-making,
may all contribute to the development of a strong therapeutic alliance.
(For example, one of the last author’s patients, a business executive,
volunteered that the author’s practice of collecting and reviewing
outcome data conveyed a willingness to be held accountable that
increased his respect for her.) This notion is consistent with the facts that
agreement on the tasks and goals of therapy is widely viewed as an
element of the therapeutic alliance (Bordin, 1994), and uncollaborative
dropout would seem to be the quintessential example of an alliance
rupture (Safran et al., 2011). A strong alliance has been shown to be
related to both improved outcome (Horvath et al., 2011) and reduced
dropout (Roos & Werbart, 2013).
Of the three tools we studied in our sample, the one that most aligned
with our predictions was the plot of symptom scores, which predicted
reduced end-of-treatment Beck Depression Inventory score, marginally
predicted reduced end-of-treatment Burns Anxiety Inventory score (p =
0.09), and predicted lower rates of both types of dropout. This obser
vation is consistent with a growing body of studies showing that
measurement-based care and routine outcome monitoring are associ
ated with improved outcome (see reviews by Carlier et al., 2012;
Goodman et al., 2013; Lewis et al., 2018) and reduced dropout (Janse
et al., 2020; meta-analysis by; de Jong et al., 2012).
The data analyzed in the present study were collected over a long
time period that ended more than 10 years ago (1981–2009). Many
changes occurred in our field over this time period, including changes in
therapists’ training, the development of new interventions and new
diagnostic systems, and the advent of online tools for the medical record
and progress monitoring. The question of whether these developments
have implications for our results is worth considering. However, our
hypotheses and data analyses were constructed in such a way that in
sulates our findings from these changes. We tested the hypothesis that

3. Discussion
We found that all three of the decision support tools we studied, a
written case formulation, a list of treatment goals, and a plot of symptom
scores, were associated with improved outcome and/or reduced dropout
in our sample of outpatients treated with naturalistic CBT in a private
practice setting. Tools had differing effects on dropout and outcome. We
found that two of the three decision support tools we studied, a list of
treatment goals, and a plot of symptom scores, were associated with
improved outcome. Patients whose medical record included a written
list of treatment goals had lower end-of-treatment scores on the Beck
Depression Inventory and Burns Anxiety Inventory than patients whose
medical record did not include a list of treatment goals. Patients whose
medical record included a plot of symptom scores had lower end-oftreatment scores on the Beck Depression Inventory than patients
whose medical record did not include a plot. Effects of the decision
support tools on outcome were statistically significant but small. The
tools with statistically significant effects were associated with expected
average reductions in the end-of-treatment BDI score of 1.4 points (a
written list of treatment goals) and 1.6 points (a plot of symptom scores),
and an expected average reduction in the end-of-treatment BurnsAI
score of 4.2 points (a written list of treatment goals). These small effects
are similar to the small effects of decision support tools seen in some
other studies (e. g., Delgadillo et al., 2018; Kendrick et al., 2016), and
several of the studies reviewed by Lewis et al. (2018). We might have
obtained larger effects if we had been able to measure the degree to
which therapists actually used each tool; instead, we had only an indi
rect measure of the therapist’s use of the tool, namely whether the tool
was present in the clinical record. Therapists may have had a written
formulation in the chart, for example, but not relied on it in their work,
or they may have relied on a case formulation without writing it down.
We might have also obtained larger effects if we had assessed the quality
of the case formulation; Abel et al. (2016) showed that therapist
competence in case conceptualization was related to sudden gains in
patients with treatment-resistant depression. And the list of treatment
goals might have been more convincingly related to outcome if we had
assessed outcome by assessing progress toward the goals on the list.
Unfortunately, our field has not yet developed a strong measure for
assessing progress toward idiographic goals. Also, there is some evi
dence that decision support tools contribute more to outcome when the
patient begins treatment with a poor outcome than when early progress
is good (cf. Lambert et al., 2005; Vittengl et al., 2019) and that the
currently-available tools are most effective at predicting deterioration
than outcome (e.g., Delgadillo et al., 2018; Lambert & Shimokawa,
2011).
The decision support tools we studied were more predictive of
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therapist use of decision support tools of a written case formulation, a
list of treatment goals, and a plot of symptom scores affected outcome
and dropout. These questions remain of interest today. In fact, our study
provides some empirical support for the treatment utility of online tools
that make it easier for clinicians to maintain a useful clinical record that
includes a written case formulation and a list of treatment goals, and to
collect and plot progress monitoring data.
Our study has several limitations. Use of the decision support tools
was not randomly assigned, and as a result we cannot conclude that the
therapist’s use of a formulation, plot, and treatment goals caused the
effects on outcome and dropout that we observed. However, because we
controlled for the main effect of therapist in our analyses, we can rule
out the competing account that the decision support tools were related
to outcome and dropout because the use of the tools reflects the
conscientiousness or skill level of the therapist rather than the use of the
tools.
Several limitations affect our independent variables, the decision
support tools. We do not have any information about the content or
adequacy of the case formulations or lists of treatment goals; we have
only a rating of whether the tool was present in the clinical record.
Therapists may have used a case formulation to guide the treatment
even if a written formulation was not present in the clinical record. And
the fact that the clinical record included a plot does not indicate that the
therapist reviewed the plot with the patient. We also have no informa
tion about when in the course of treatment the tools were developed and
the degree to which the therapist used the tool to guide the treatment.
Another limitation is that results cannot be assumed to generalize to
therapists other than the ones studied here, who are not typical of
therapists in the community. All of these therapists collected and plotted
symptom data for at least some of their patients; in contrast, less than
20% of providers use measurement-based care (Lewis et al., 2018). This
fact limits the generalizability of our findings, as does the fact that pa
tients were a homogeneous group of highly educated predominantly
White adults who paid high fees for their treatment.
Strengths of our investigation include our study of a sample of pa
tients with multiple comorbidities who received treatment in a clinical
rather than a research setting, and the fact that most of the data we
studied here were collected in the course of routine clinical practice,
both of which are research strategies that increase the external validity
of our findings (Weisz et al., 2014). Additional strengths of our study
include our focus on key elements of evidence-based practice (American
Psychological Association, 2006), and our examination of a large sample
of private practice patients that are infrequently represented in the
research literature. A final strength of our study is that the decision
support tools we studied (the written case formulation, the list of
treatment goals, and the plot of symptom scores) can be used by any
psychotherapist of any discipline or psychotherapy orientation to treat
patients who seek treatment for any disorder or presenting problem.
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