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Abstract
Objective: An empirically derived prediction model was developed in a private practice setting to monitor on-track and offtrack weekly treatment progress in an intensive outpatient program (IOP). Method: The predictive equation was derived as a
function of the baseline measure and time. The formulae for the predictive equations were derived from two groups of
psychiatric patients (N = 400 each) in an IOP diagnosed with major depression. Each equation was cross-validated
between these two psychiatric IOP samples and a dual diagnosis sample (N = 198) using κ, the reliable change index
(RCI), receiver operating characteristic curves, and Youden’s J. Results: Using varying RCI classifications, approximately
66–75% of both samples reliably improved, 23–24% were indeterminant, and only 1–3% deteriorated. Of patients
identified as off-track, which included patients classified as indeterminant and deteriorated, 83% were correctly identified.
Of those identified as on-track, 85% were correctly classified. Those identified as on-track (85%) are highly likely to
respond to treatment as expected. Conclusions: The overall efficiency index (hit rate) for the correct classification of all
patients was 85%. Implications for using this predictive model as a clinical support decision tool with relatively
homogeneous populations in other practice settings are discussed.
Keywords: routine outcomes monitoring; psychotherapy outcomes; predicting change; intensive outpatient

Previous research has demonstrated that depressed
patients with symptom severity levels comparable
to, and in many cases exceeding inpatients, can be
effectively treated in a private practice-based intensive outpatient program (IOP; Wise, 2003). These
findings were based on pre- and post-treatment
measures, as well as weekly symptom data, using
reliable change indices (RCIs) and clinically significant (CS) change methodology (Jacobson & Truax,
1991). Furthermore, a significant and predictable
dose–response relationship was seen between
depressive symptoms and amount of treatment, as
well as a Cohen’s d = 1.681 for the amount of
change in pre- to post-treatment depressive symptoms (Wise, 2005). However, moving beyond ex
post facto patient outcome for individuals and
groups to monitoring and predicting outcomes for
individuals in real time has proved challenging.

The identification of patients at risk for deterioration is perhaps best illustrated by Lambert (2010).
Lambert, Hansen, and Finch (2001) provided a conceptual model involving nearly 12,000 patients
divided into 50 groups, from which they created estimated recovery curves that were used to predict individual outcomes. Fifteen and ten percent of patients
were identified as making less than adequate progress
and deviating significantly from the expected trajectory of change. These patients became identified as
“signal alarm” and “off-track” cases, respectively.
Finch, Lambert, and Schaalje (2001) explained the
rationale for determining that the patient’s intake
score was the most robust predictive variable to
base an expected recovery curve and also defined a
signal alarm or early warning signal to detect individuals at risk for deterioration. They also noted,
however, that “any desired proportion of a patient
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population, such as 15 or 20%” could be used to
identify signal alarm and off-track patients (p. 233).
Lambert et al. (2002) and Spielmans, Masters, and
Lambert (2006) compared rational and empirical
methods to predict psychotherapy outcomes and
found the latter to outperform rational or clinical
predictions.
Unfortunately, the use of this empirical system,
and more importantly the methods, are limited to
extremely large sample sizes such as that used in the
development sample of the signal alarm parameters
using the OQ-45 (Lambert et al., 1996). Due in
large part to the extremely large sample size in
Lambert et al.’s (2001) study, their statistical
approach to predicting treatment outcomes is successful because it produces expected recovery
curves depending on an individual’s baseline severity,
which may vary over the range of the dependent
measures. However, few clinicians or researchers
have access to such large samples with repeated
measures. The challenge of developing similar clinical decision support tools based on actuarial prediction models using smaller sample sizes, which could
be applied to other instruments, has thus far been difficult. Other limitations to these and similar outcome
monitoring systems relate to their generalizability to
specific types of patients, in specific settings.
Thus, even in studies utilizing relatively smaller
sample sizes, the vast majority of patients involved
in outcome prediction studies tend to be those seen
for traditional outpatient services in low acuity settings. For example, Crits-Christoph et al. (2001)
studied 105 moderately depressed and 79 moderately
anxious outpatients receiving manually guided individual therapy and found that early patterns of
change in sessions 2–4 were associated with
symptom remission. Similarly, Renaud et al. (1998)
studied 100 depressed adolescents receiving supportive, family, or cognitive therapy and demonstrated
that rapid responders had better outcomes and
longer periods of time to recurrence. Delgadillo
et al. (2014) studied low-intensity interventions
(e.g., brief, self-help, psycho-educational; average
and modal number of sessions = 4.8 and 2, respectively) provided to 2710 patients in a primary care
delivery system and demonstrated that early treatment response predicted treatment outcomes.
Unlike patients treated in routine outpatient settings, however, patients admitted to the previously
mentioned IOP are treated primarily in groups,
tend to be acutely depressed, with suicidal ideation,
multiple co-morbidities, and typically meet the criteria for inpatient hospitalization. A further complication arises when one considers the generalization
of the predictive model to dual diagnosis substance
abuse patients in a similar IOP. These patients are

seen in manually guided programs for an average of
9 hr per week over a course of treatment of approximately 6 weeks. The practical question is whether it
is possible to use data already being collected to
predict the outcomes of similar patients, in the
same programs, as a foundation for a clinical decision
support tool in the future. We believe this is a frequent question faced by many programs and that a
practical, cost-effective solution would represent a
significant contribution to monitoring treatment progress, providing real-time feedback and improving
treatment outcomes. We were unable to locate any
published studies utilizing routine outcome monitoring (ROM) procedures in IOP settings. Some barriers to the adoption of ROM in higher level of care
programs are related to the acuity of these patients,
the lack of normative data, and the limited sample
sizes in private practice settings on which to develop
predictive equations. Nonetheless, the development
of a clinical decision support tool that predicts
when these individual’s trajectory of change substantially deviates from an on-track profile would be
highly desirable as these patients are potentially at
risk for admission to a higher level of care (e.g., hospitalization) should they deteriorate.

Method
Clinical Setting
An IOP is a state licensed facility-based program that
meets up to 3 hr per day and that patients can attend
up to 5 days per week. It is a group-based program
but may include individual or family therapy, as
well as psychiatric management. The treatment
team is composed of Master’s level therapists and
psychiatrists. Our treatment programs are guided by
treatment manuals. Broadly speaking, treatment consists of a traditional process group, in which dysfunctional repetitive relationship themes are addressed,
cognitive behavioral groups, and skills training
groups. Additionally, both cultures benefit from the
use of a motivational interviewing (Miller & Rollnick,
2013) and stages of change theoretical framework
(DiClemente & Prochaska, 1998), while the dual
diagnosis program is based on an integrated treatment model and incorporates a harm reduction
approach. (The interested reader is referred to
Wise, 2003, and 2010 for further details.)

Participants
These studies were all based on analyses of data gathered for clinical purposes at a multidisciplinary
private practice that operates two IOPs. All study
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participants provided signed informed consent to use
their de-identified data for research purposes. The
primary sample of interest is the psychiatric IOP.
Patients are typically employed or are a family
member of an employee and are referred by employee
assistance programs, employers, primary care physicians, and behavioral health providers. A semi-structured interview of approximately 90 min is used as the
primary intake assessment tool to ensure the consistent and reliable collection of information by Master’s
level clinicians. Additionally, all patients complete a
battery of self-administered assessment tools prior
to being seen by the clinician, including various standardized symptom and functional rating scales. All
patients are commercially insured and must pass
the pre-authorization process instituted by their
respective insurance plans to access this higher level
of care. Pre-authorization by behavioral health
managed care plans typically involves a review of
symptoms, functional impairments, and acuity level
to ensure that the medical necessity criteria for IOP
have been met. Medical necessity for IOP typically
requires that the patient has an acute exacerbation
of a psychiatric condition; which may include
passive or fleeting suicidal and/or homicidal ideation;
that results in significant functional impairments
(e.g., occupational, school, social, interpersonal,
etc.); that cannot be treated in a lower level of care;
can be expected to improve with treatment; and
without which could result in admission to a higher
level of care, such as an inpatient admission. This
external review is usually conducted over the telephone and includes an agreement that the criteria
for primary diagnosis have been met, functional
impairments are present, and meet the specific
medical necessity criteria of the insurer for admission
to IOP. The behavioral health managed care organization typically requests an intermittent concurrent
review of symptoms and response to treatment (as
often as weekly) to ensure that the patient continues
to meet the medical necessity criteria for continued
care. Patients who are imminently suicidal, homicidal, or psychotic are not appropriate for this level of
care.
In the mental health IOP, we had access to a total
of N = 1,956. Of these, 744 cases were excluded
(377 were seen only for intake and never started; 99
were considered dropouts [attended ≤ 3 visits]; and
268 had <3 data points), resulting in 1212 patients
available for the study from the mental health IOP.
In the dual diagnosis IOP, we had access to a total
of N = 616. Of these, 205 were excluded (133 were
seen only for intake and never started; 40 were considered dropouts [attended ≤ 3 visits]; and 32 had <
3 data points), resulting in a total of 411 patients
available for the study from the dual diagnosis IOP.
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For study one, we obtained two non-overlapping
random samples of 400 each from the sample of
1212 from the psychiatric IOP. In order to obtain
randomized, non-overlapping samples, a similar procedure was followed with the dual diagnosis sample.2
The study included all patients who completed at
least three measures (e.g., intake baseline, T1, and
T2), even if those patients later dropped out of
treatment.
As can be seen in Table I, the primary population
served in the psychiatric IOP are depressed females,
with approximately 14.5 years of education, and
with similar proportions of African-American and
Caucasian participants. The comparison dual diagnosis IOP sample, used as a validation sample, is
also described in Table I. These demographics are
similar to those previously reported (Wise, 2003,
2005, 2010).

Measures
Intake scores on the depression scale serve as initial
pre-treatment measures and patients complete the
same measure on a weekly basis in a treatment plan/
weekly update group. We used six common
depression item stems (i.e., suicidal thoughts, loss
of interest, hopelessness, worthlessness, loneliness,
and depressed mood) rated on a scale of 0–4. The
items are prefaced with rating instructions and then
presented in a list. The depression stems were previously validated in an IOP sample with reference to
the BSI-18 Depression subscale (Derogatis, 2001).
In that study (Wise, 2005), patients were administered the SCL-90-R, from which we extracted the
BSI-18 Depression Score. On the same day, they
completed our six depression item stems. The
obtained correlations were .79 for the pre-treatment
group (n = 30) and .76 for the post-treatment group
(n = 50), demonstrating reasonable equivalence
Table I. Demographic information.

Variable
Racea
Caucasiana
African-Americana
Other/missing
Agea
Gender (% male)a
Education
Major depressiona,b
Substance abusea
IOP daysa
a

Psychiatric IOP
(n = 1212)

Dual diagnosis IOP
(n = 421)

570 (47%)
618 (51%)
24 (2%)
41.99 (10.84)
21
14.50 (2.24)
1176 (97%)
1 (0.1%)
15.81 (4.09)

294 (70%)
122 (29%)
4 (1%)
38.47 (12.73)
53
14.23 (4.24)
302 (72%)
411 (98%)
13.49 (2.12)

p < .05.
Primary or secondary diagnosis.

b

626

E. A. Wise et al.

between the two forms, particularly in light of the few
items (Cronbach’s α = .87) When the pre-treatment
reliability study was replicated (n = 100), we obtained
an r = .76. All subsequent calculations that require a
test–retest r were conducted using this value. Our
depression measure performs as a parallel version of
the BSI Depression Scale and in keeping with the
SCL-90-R (Derogatis, 1983) and BSI (Derogatis,
1993), the item scores are averaged.

Statistical Analyses
Like Lambert et al. (2001), we believe that it is desirable for the recovery trajectory to be dependent on an
individual’s intake score or baseline measure, and to
vary over the range of the scale, including missing
data at different intervals with varying lengths of
treatment. To accommodate these two features, we
fit the following ordinary least-squares regression:
YDi = b1 Weeki + b2 Weeki × Baseline + ei ,
where YΔi is the change score in the outcome from
baseline to the last available score for the ith person,
and Weeki is the elapsed time in weeks as described
above for the ith person. As in all regression
models, ei is the error in fit of the regression model
assumed to be normally distributed with a mean of
0 and variance = σ2. The b2 term corresponds to the
regression coefficient for the interaction of the baseline measure and time, which will accommodate the
two features of dependency on an individual’s baseline and allowing for variability over the range of the
scale. The regression line has no intercept term
which refers to a regression line through the origin,
corresponding to 0 change based on no change in
time from baseline. A separate fitted line and error
estimate was calculated for every patient, which
accounted for missing data and allowed for the comparison of individuals, irrespective of number of sessions, time between sessions, and varying lengths of
treatment. Confidence intervals provide predictions
with regard to the average change in score over
time, dependent on baseline score, which is similar
to Lambert’s “tolerance intervals” (Lambert, 2010,
p. 93).
Table II. Regression beta coefficients.
Group
Sample 1
Sample 2
Sample 1
Sample 2

× Sample 2
× Sample 1
× Sample 3
× Sample 3

b (Week 1)

b (Week 1 × depression)

‒0.014883
‒0.052558
‒0.006482
‒0.149572

0.097255
0.110737
0.116412
‒.17449

Our main goal is the assessment of an individual
being on-track or off-track during the course of treatment. We derived the predicted interval equation as a
function of the baseline measure and time using the
formula of Neter, Wasserman, and Kutner (1989,
p. 246) for regression models. Power is the probability of rejecting the null hypothesis when it is in
fact false. Common desired power levels are
between 80% and 90%. In this setting, we are interested in the probability of correct classification of an
off-track individual; therefore, power levels can be
used as guidelines for level specification for the prediction interval. For example, when the prediction
interval level is set to 80%, we want at least 80%
correct classification of an off-track subject. In developing a predictive equation, validation is a necessity
to ensure our recovery model is reproducible. We
produced two random samples where we derived
the recovery curves for each individual within each
sample. To validate our model, we compared the
classification of off-track versus on-track patients
using the equation from the development sample
and the validation data within our validation
sample. We used the κ coefficient to measure the
amount of agreement beyond chance (Landis &
Koch, 1977). We expect a very high κ to show validation of the on-track and off-track classification
groups. We took two additional validation steps: (i)
we calculated RCI and calculated receiver operating
characteristic (ROC) curves based on the on-track
flag created by the predictive equation and (ii) we
reported the absolute agreement obtained based on
the RCI cut scores, based on Youden’s (1950)
index (J ), which is a summary statistic that defines
the optimal cut point between the true-positive rate
and the false-positive rate.

Results
In study 1, after obtaining two random samples of
400 each from the psychiatric IOP, we initially
derived two prediction equations, one from each
sample, to determine those who were on-track and
not on-track (see Table II for b coefficients). To
cross-validate the prediction equations, we applied
the equation derived from the depressed derivation
sample (Sample 1) to the depressed validation
sample (Sample 2), and vice versa. When the
equation derived from Sample 1 was run with the
patient weekly depressive scores from Sample 2, we
obtained a κ2 = .97, 95% CI [.93, 1.00] or near
perfect agreement of patients as being on or offtrack (Landis & Koch, 1977).3 This equation
flagged 70 (17.5%) patients as off-track and there
were only four patients for whom the models did
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not agree. Similarly, when the equation obtained
from the second sample was applied to the first
sample, κ = .96, 95% CI [.92, .99]; 68 (17%) patients
were flagged as off-track and 5 were not agreed upon.
It thus appears that both equations had very high
agreement in classifying patients as on or off-track.
We next calculated RCIs (Jacobson & Truax,
1991) using the average depression scores [i.e.,
(Mpre-treatment – Mpost-treatment)/SEM; test–re-test r
= .76]. Using RCI ≥ 1.96, 66.3% (n = 265) and
65.3% (n = 261) of Samples 1 and 2, respectively,
met or exceeded this cut-off for reliable improvement. When the RCI criterion for reliable improvement was lessened to ≥1.65 (90%) or ≥1.28 (80%)
(Wise, 2004), 68% (n = 272) and 74.5% (n = 298)
of Sample 1 met or exceeded these cut-offs and
66.3% (n = 265) and 73.5% (n = 294) of Sample 2
met or exceeded these cut-offs. Using the least stringent RCI deterioration cut-off of ≥‒1.28, only 2.8%
(n = 11) and 2.5% (n = 10) of Samples 1 and 2,
respectively, were reliably worse following treatment.
Finally, 22.8% (n = 91) of Sample 1 and 24% (n = 96)
of Sample 2 were classified as indeterminants using
the RCI criterion between ≤‒1.28 and ≥1.28.
ROC analyses for the equations were then conducted on Samples 1 and 2, plotting continuous
RCI scores and the on-track/off-track flag obtained
from the equations mentioned above. We obtained
areas under the curve (AUC) of .91 and .89 for
using the on-track variable for Samples 1 and 2,
respectively. The best cut-points to maximize sensitivity and specificity were RCI = 1.60 (J = .72; sensitivity = .84, specificity = .88; 95% CI [.87, .94]) and
1.71 (J = .70; sensitivity = .84, specificity = .86; 95%
CI [.86, .93]) for Samples 1 and 2, respectively.
In study 2, we applied the equation derived from
Sample 1 to a random group derived from the
depressed dual diagnosis IOP described earlier
(Sample 3; n = 198). These patients were also previously shown to be primarily depressed (Wise,
2010), but as is evident in Table I, they are engaged
in addictive behavior(s), with 98% involved specifically in some form of substance abuse. In this comparison, κ = .55, 95% CI [.37, .73]; only 13 (7%)
were flagged as off-track and 18 (9%) were inconsistently classified. When we applied the equation
derived from Sample 2 to Sample 3, the results
were identical to those obtained with equation from
Sample 1 (i.e., κ = .55, 95% [CI .37, .73]); 13 (7%)
flagged as off-track and 18 (9%) were inconsistently
classified. It thus appeared that neither of the
equations based on the depressed psychiatric patients
generalized to the dually diagnosed group, despite
their high comorbidity of depression.
For the IOP depressed patients, the equation
derived from Sample 1 has a slightly higher κ and

Table III. Prediction of flag × RCI ≥ 1.60 cut score.
RCI
Flag
Off-track
On-track
Total

Off-track

On-track

Total

60 (15.0%)
50 (12.5%)
110

12 (3.0%)
278 (69.5%)
290

72
328
400

AUC compared to the equation derived from
Sample 2. Consequently, the equation derived from
Sample 1 was chosen as the better model for future
predictions of the depression scores for the psychiatric IOP patients. Since the best cut point to maximize sensitivity and specificity for this equation was
an RCI score of 1.60, we used this as a cut-off and
derived Table III. Table III shows that of those who
are on-track (RCI ≥ 1.60), 95.86% would be correctly classified. Similarly, the positive predictive
value (PPV) of the flag for those who are classified
as off-track was 83.33% and the negative predictive
value (NPV) of the flag for those on-track was
84.75%. That is, of those identified as off-track (n
= 72), 83.33% were correctly identified and of those
identified as on-track (n = 328), 84.75% were
indeed responding positively to treatment.
However, of those who were off-track (RCI < 1.60),
only 54.54% would be correctly identified. Fortunately, only 15% of the sample (n = 72) were identified as off-track. With an NPV of 85%, we can be
fairly certain that those who are identified as ontrack are responding to treatment as expected.
However, the flag misclassifies 17% (n = 12) as offtrack, which appears to be a relatively acceptable
error rate, in light of the fact that it allows us to correctly identify 83% (n = 60) as off-track. In fact, the
overall efficiency index (hit rate) for the correct classification of all patients is 85%.

Table IV. Depression improvement summary by samples.
Sample
1
N
400
Mean (SD) depression score
Pre-treatment
2.43 (1.02)
Post-treatment
1.02 (0.94)
Effect size
1.30
RCI number
(percent)
≥1.28a
298 (74.5)
≤‒1.28
11 (2.8)
a

2

3

400

198

2.51 (1.04)
1.11 (0.93)
1.24

1.92 (1.24)
0.76 (0.84)
1.07

294 (73.5)
10 (2.5)

92 (46.5)
10 (5.0)

RCI ± 1.28 corresponds to an 80% CI of improvement or
deterioration.
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An inspection of Table IV provides some illumination on these results. As expected, the psychiatric
samples showed higher average pre-treatment
depression scores compared to the dual diagnosis
sample. While we expect baseline severity to affect
recovery rates, it should not influence the accuracy
of the prediction model and classification accuracy
rates. Table IV also shows that although all three
samples had large effect sizes (Cohen, 1988), the
dual diagnosis samples had lower RCI improvement
rates. In fact, a one-way ANOVA of the change
scores was significant (F (2/995) = 3.828, p = .022).
The Newman–Keuls post hoc test showed that
Samples 1 and 2 had similar changes (M = 1.41,
SD = 1.08 and M = 1.39, SD = 1.12, respectively),
and both were significantly higher than Sample 3
(M = 1.15, SD = 1.08).

Discussion
Two of the major findings from this study are: (i) it is
possible to derive equations for relatively homogeneous patient groups that can identify patients
who are off-track using relatively small sample sizes
and (ii) equations derived from such groups may
not generalize to other groups of patients. In contrast
to Lambert’s (2010) report that “ … what matters
most is how disturbed a patient is—not which disorder they have or if they have more than a single
diagnosis—because these variables correlate with
degree of disturbance” (p. 104), our findings
suggest that with smaller, homogeneous sample
sizes, diagnoses and comorbidities made a difference.
This was evident in comparing the groups of
depressed and dual diagnosis patients with respect
to their means, standard deviations, RCIs, ESs, and
change scores (Table IV).
Our findings are also consistent with Molenaar and
Campbell (2009), who argue against attempts to
predict change in heterogeneous psychiatric populations due to inter-individual variation and instead
promote an idiographic approach to predicting
change. In fact, they call for sample homogeneity to
understand and ultimately predict intra-individual
behavior. The non-generalizability of both equations
from the depressed IOP patients to the depressed
dual diagnosis patients, both relatively homogeneous
samples, are consistent with their “person specific
paradigm” (p. 112) and reflect a benefit of a
sample-specific approach.
This study conceptually replicates the clientspecific predictive model provided by Gallop, Connolly-Gibbons, Mack, and Crits-Christoph (2013).
RCI scores were calculated on the depression
symptom measure to provide an estimate of

improvement to validate the classifications of the predictive equation. RCI scores serve as a benchmark to
not only facilitate the identification of improvement
rates but also identify those who are not responding
to treatment as expected. Using RCI classifications,
approximately 66–75% of both samples reliably
improved, 23–24% were indeterminant, and only
1–3% deteriorated. Using the RCI criteria, these
studies demonstrate that relatively accurate treatment
prediction equations can be developed for specific
groups of patients with relatively small sample sizes,
using intake level of symptom severity and weekly
response to treatment as predictor variables.
Additionally, the predictive equations were statistically and clinically reliable within these relatively
homogeneous samples. Using the most liberal RCI
cut-off (1.28) allowed the identification of approximately 23–24% of the samples who were classified
as indeterminant, and 2–3% were classified as reliably
deteriorated. Hence, being able to identify the
roughly 75% of patients who are reliably changing
would allow us to deploy additional treatment
resources to those in the lower quartile who are not
responding as expected (including those classified
as indeterminant) and those who are getting worse
(deteriorating). While identifying approximately
25% of the sample as indeterminant or deteriorated
may appear excessive, it should be noted that historically fewer than 5% of our patients have deteriorated,
but 36–42% have been classified as indeterminant,
based on RCI depression scores (Wise, 2003, 2005,
2010). In fact, the indeterminant classification
group is typically the second largest RCI group and
a primary challenge is to identify these and facilitate
their movement into the improved group. Therefore,
given the small number of patients from Sample 1
who deteriorated (3%), the majority of patients misclassified as off-track are actually from the indeterminant range (23%), not only the deteriorated group.
By identifying patients in both the indeterminant
and deterioration groups, we are able to expand the
opportunity to potentially improve the outcomes of
more patients. Our findings are consistent with Lambert’s (2010, p. 104) review, which reported that the
sensitivity for predicting those who deteriorate from
treatment ranges from 80% to 100% and the overall
correct classification rates for the OQ-45 and OQ30 is approximately .80; both of these findings are
consistent with our results. This indicates that the
80% cut-off tolerance interval will identify many of
the individuals who are in the indeterminant range
during the course of treatment, which in turn will
aid providers in targeting these individuals for
additional interventions.
It is also possible that there are multiple trajectories
of change contained within these relatively
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homogeneous samples. Stulz, Lutz, Leach, Lucock,
and Barkham (2007) demonstrated that more
severely impaired patients showed a distinct trajectory of change. Lutz, Stulz, and Köck (2009) analyzed a group patients diagnosed with Major
Depression and found three distinct patterns of
change. More recently, Nordberg, Castonguay,
Fisher, Boswell, and Kraus (2014) replicated
similar findings and highlighted the importance of
both symptom severity and functional impairment
on treatment outcomes. This growing body of
research has identified different patterns of change
associated with baseline severity symptom scores
and functional impairments, in relatively homogeneous diagnostic groups, that were associated
with different outcomes and lengths of treatment.
This suggests, for example, that our indeterminant
group could be composed of individuals with
chronic or persistent symptoms, or of those who
report lower initial symptom severity and functional
impairment, and who subsequently experience only
moderate improvement rates of change during
treatment.
Similarly, Witkiewitz and Marlatt (2004) have
enumerated a number of established variables that
contribute to substance abuse outcomes, including
depression, self-efficacy, expectancies, motivation,
craving, quality of social support, and so forth.
More recently, Zheng, Cleveland, Molenaar and
Harris (2015) used an idiographic approach to
study the roles of positive social experiences,
craving, and negative affect in a comparatively homogeneous group of abstinent young adults treated for
substance dependence in inpatient or addiction
treatment centers for 3 or more months, engaged in
12-step recovery work. They analyzed the individual
heterogeneity in the daily dynamic process of substance use and identified two subgroups with different recovery patterns. Given the comparatively
lower baseline severity scores, accompanied by the
comorbid substance abuse, one would expect to see
different rates of change in the dual diagnosis
sample compared to the depressed sample, as the
comorbid sample is attempting to cope with two
identified primary problems. Such findings emphasize the likelihood of multiple change trajectories
among the dual diagnosis group that also suggest
different intra-individual dynamic change variables
(e.g., cravings, need for social support, coping with
negative affect) compared to the depressed group,
as evidenced by the effect size scores and significant
differences between the change scores of the
depressed and dual diagnosis groups.
Lambert’s (2010) program of research has demonstrated the utility of providing feedback to clinicians
and clients about their treatment status, based on
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expected response to treatment. The statistical
model presented here allows for the derivation, validation, and dissemination of individual predictive
recovery curves derived from baseline ratings and
helps to bridge the gap between science and practice
by increasing the accessibility of predictive modeling.
This preliminary study is essentially a proof of
concept that demonstrates that the use of pre–post
trajectory of change scores can be used to predict
on-track or off-track status, in real time, week by
week, based on patient end-point scores. Future
study will be required to test the model in routine
outcomes monitoring throughout treatment. In light
of the fact that real-time feedback provided to
clients and clinicians has been shown to improve
treatment outcome, particularly among patients
identified as off-track (e.g., Lambert & Shimokawa,
2011; Shimokawa, Lambert, & Smart, 2010), it is
hoped that the development and dissemination of
predictive models such as that presented here may
facilitate the development of similar equations for
specific practice settings as well as complimentary
electronic clinical decision support tools for the provision of feedback to therapists and patients. We
recognize that the current example is not quite as
sophisticated as Lambert’s (2010) exemplary multilevel model. The advantages of multilevel modeling are
numerous and include accounting for the dependent
nature of time-series data, the nested nature of clinical data, robustness for missing data, allowing for
non-linear growth trajectories, and so on. However,
as previously indicated, extremely large sample sizes
are necessary to develop such models. We believe
that multiple signal alarms (e.g., white, green,
yellow, and red feedback) and additional data
points could be added to the current model, if
desired.
In light of the finding that the equations derived
from the psychiatric IOP sample did not generalize
to the dual diagnosis IOP sample, further work will
be required to replicate this model with other disorders. Additionally, this could indicate that separate
equations might be required for relatively homogeneous groups of patients. Further study involving
the generation and cross-validation of predictive
equations for dual diagnosis patients would be a
logical extension of this work and could further
clarify the need for population-specific predictive
equations with relatively homogeneous samples. On
the other hand, it could be that an equation for a
group of depressed and anxious individual therapy
patients, for example, might generalize to other
similar settings. Nonetheless, while this statistical
model can be tailored for specific patient populations,
the fact that it requires a sample size large enough for
a derivation and validation group could be barriers
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for small practices, particularly if they are treating
diverse patient groups. On the other hand, larger
sample sizes, such as those found in group practices,
could produce more generalizable equations.
However, more diverse populations are more likely
to demonstrate more heterogeneous trajectories of
change, and may require additional sub-group specifications to delineate different patterns of change. Similarly, the model assumes linear change over time,
which may not fit other clinical scenarios, such as
longer time frames. Even within our sample, the
model applies only to those patients who attended
three or more IOP days and completed three or
more repeated measures. Hence, the model does not
inform us about dropouts or patients who choose to
not start treatment. Additionally, the model does not
account for different patterns of treatment response,
but does provide a bridge to identify various trajectories of change, which could also be studied in the
future. This model does demonstrate that actuarial
treatment outcome prediction models and their corresponding expected trajectories of change are not
limited to extremely large sample sizes. Specialty
clinics, group practices, inter-disciplinary practices,
and hospital-based programs, for example, could
access and utilize this predictive equation, develop
clinical decision support tools unique to their setting
and population, and take the prediction of treatment
outcomes one step closer to front line clinicians. The
replication and validation of our conceptual model
and predictive equation await further study.
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Notes
1

2

3

Cohen’s d = 1.68 would be classified as a large effect size (.20 =
small, .50 = medium, and ≥.80 = large; Cohen, 1988).
In the dual diagnosis sample, we originally drew a random
sample of 200. However, we later discovered two cases in this
sample that contained missing data and were eliminated resulting in one sample of 198 dual diagnosis IOP patients.
The κ coefficient is a correlation coefficient used to assess interrater reliability and has a range from 0 to 1.00, with larger values
indicating better reliability. Landis and Koch (1977) consider
values of 0–0.20 as slight, 0.21–0.40 as fair, 0.41–0.60 as moderate, 0.61–0.80 as substantial, and 0.81–1 as almost perfect.
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