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ABSTRACT
Research on routine outcome monitoring in psychotherapy settings is plentiful but not without imple-
mentation obstacles. In fact, there is a relative dearth of real-time outcome monitoring in substance
use treatment settings. Numerous barriers to the development and implementation of clinical deci-
sion support tools and outcome monitoring of substance use patients, including the need to establish
expected trajectories of change and use of reliable change indices have been identified (Goodman,
McKay, & DePhilippis, 2013). The current study was undertaken to develop expected trajectories of
change and to demonstrate the treatment effectiveness of a dual diagnosis intensive outpatient pro-
gram. The expected trajectories of change for days of substance use and depression scores were devel-
oped using predictive equation models from derivation samples and then applied to cross-validation
samples. Predictive equations to monitor substance use were developed and validated for all patients
and for only patients who were actively using substance at the time of admission, as well as to moni-
tor severity of their depression symptom on a weekly basis. Validation of the equations was assessed
through the use of Cohen’s kappa (κ), receiver operating characteristic curves, reliable change index,
and percentage improvement. Large effect sizes for reductions in substance use (Cohen’s d = .76) and
depressive symptoms (d = 1.10) are reported. The best predictive models we developed had absolute
accuracy rates ranging from 95 to 100%. The findings from this study indicate that predictive equations
for depressive symptoms and days of substance use can be derived and validated on dual diagnosis
samples.

In spite of the prevalence of dual diagnosis or co-
occurring disorders (Grant et al., 2004; National Institute
of Drug Abuse [NIDA], 2010; Substance Abuse Mental
Health Services Administration [SAMHSA], 2015), the
literature related to treatment outcomes for dual diagnosis
or co-occurring psychiatric and substance use disorders
is sparse (e.g., Drake et al., 2008; Granholm, Anthenelli,
Monteiro, Sevcik, & Stoler, 2003; Hesse, 2009; SAMHSA,
2005; Tiet & Mausbach, 2007; Wise, 2010). Furthermore,
moving beyond patient outcomes, measurement of rou-
tine outcome monitoring and clinical decision support
tools to monitor and predict outcomes in substance use
practice settings has proved to be challenging (Goodman,
McKay, & DePhilippis, 2013). Lambert et al.’s efforts to
apply outcome feedback and identify patients at risk for
deterioration have been shown to improve outcomes
and prevent deterioration (Lambert & Shimokawa, 2011;
Shimokawa, Lambert, & Smart, 2010). However, the
model used by Lambert, Hansen, and Finch (2001) is
based on a derivation sample of 10,000 individuals whose
data were used to produce expected recovery curves that
were dependent on each individual’s baseline severity.
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This resulted in 50 expected recovery curves consist-
ing of 200 individuals per increment. The challenge of
developing similar actuarially derived prediction models
based on smaller sample sizes, which could be derived
in individual clinics and other settings, including those
used in substance use treatments, has thus far been
insurmountable.

In fact, Goodman et al. (2013, p. 241) found only
one “rigorous study to date” that studied the effects
of progress monitoring and feedback to clinicians on
symptom change with substance using patients. Crits-
Christoph et al. (2012) developed an adapted version of
the Outcome Questionnaire-45 (OQ-45; Lambert et al.,
1996) for patients with alcohol and drug use problems to
monitor expected treatment response under feedback and
no feedback conditions. Consistent with the outcomes’
monitoring with psychotherapy patients, Crits-Cristoph
et al. (2012) reported that “off-track” clients in individual
therapy whose therapists received feedback through
the clinical decision support tool significantly reduced
substance use compared with “off-track” clients whose
therapists did not receive this feedback. This study
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highlights the potential utility of feedback systems to
substance use populations in individual therapy. Unfortu-
nately, this approach is limited to extremely large sample
sizes such as those used in the development sample of
the signal alarm parameters using the OQ-45 (Lambert
et al., 1996). Goodman et al. (2013) noted numerous
limitations of other studies related to the development of
clinical decision support tools and outcome monitoring
of substance use patients that were potentially relevant.
These included the lack of available measures; the lack of
repeated measures; the over sampling of predominantly
Caucasian, female, mildly disturbed individuals; the need
to establish trajectories of change; and the lack of the use
of reliable change indices. Other barriers to the use of
these and similar outcome monitoring systems relate to
their lack of generalizability to specific types of patients
in specific settings.

We previously demonstrated the derivation and val-
idation of predictive equation models based on a rel-
atively small sample of depressed intensive outpatient
patients (Wise, Streiner, & Gallop, 2016). However, that
predictive equation did not generalize to patients in the
dual diagnosis intensive outpatient program (IOP), who
were also diagnosed with a depressive condition and co-
occurring substance used disorders (SUD). Consequently,
this naturalistic study in a real world treatment setting
aims to demonstrate a method to develop expected tra-
jectory of change scores for dually diagnosed substance
use patients in an IOP. The practical questions we are
interested in are directly related to the problems iden-
tified by Goodman et al. (2013). That is, can we adopt
available measures, administered weekly, to acutely dis-
tressed, dual diagnosis patients of mixed race and gender,
to assess client improvement and accurately predict the
trajectory of change for days of substance use and depres-
sive symptoms? We believe that this is an emerging prob-
lem faced by many programs and that a methodologically
sound, practical, and cost-effective solution would rep-
resent a significant contribution to monitoring treatment
progress, providing real-time feedback as a clinical deci-
sion support tool, and improving treatment outcomes for
specific populations, such as substance use and dual diag-
nosis patients.

Method

Clinical setting

The study was conducted in a naturalistic, real world
treatment setting. An IOP is a state-licensed facility-based
program that meets up to 3 hr per day that patients can
attend up to five days per week. It is a group-based pro-
gram that may also include individual or family therapy

as well as psychiatric management. The treatment team
is composed of Master’s level therapists and psychia-
trists. The treatment programs are guided by treatment
manuals. Broadly speaking, treatment consists of a tra-
ditional process group, in which dysfunctional interper-
sonal relationship themes are addressed, cognitive behav-
ioral groups and skills training groups. The dual diagnosis
IOP relies on a motivational interviewing (Miller & Roll-
nick, 2013) and stages of change in theoretical framework
(DiClemente & Prochaska, 1998) that is based on an inte-
grated treatment model and incorporates a harm reduc-
tion approach. (The interested reader is referred to Wise,
2010 for further details.)

Participants

All these studies were based on analyses of data gath-
ered for clinical purposes at a multi-disciplinary private
practice that operates a dual diagnosis IOP. All study par-
ticipants provided signed informed consent to use their
de-identified data for research purposes. Patients are typ-
ically 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 approx-
imately 90 min is used as the primary intake assessment
tool to ensure consistent and reliable collection of infor-
mation by Master’s level clinicians. In addition, 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. Patients
who are imminently suicidal, homicidal, medically
unstable, or psychotic are not appropriate for this level of
care.

As can be seen in Table 1, these individuals were
diagnosed with substance abuse (100%) and primarily
depressive disorders (72%), 53% were males, 29% African
Americans, and 70% Caucasians, who on average had
about 14 years of education. These sample demographics
are similar to those reported previously (Wise, 2010) and
represent reasonably diverse gender and racial compo-
sition similar to our past treatment-seeking populations.
Also consistent with the previous article (Wise, 2010),
the symptom severity of our dual diagnosis IOP patients
was comparable with the SCL-90-R (Derogatis, 1994)
inpatient normative sample on 10 of the 12-symptom
scales, including all three measures of global distress.
In terms of symptom severity, the intensive outpatient
sample was not significantly different from the inpa-
tient normative sample on the somatization, obsessive
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Table . Demographic information.

Variable Dual diagnosis total IOP sample (N = )

Race (%)
Caucasian 
African American 
Others 

Age (years) (SD) . (.)
Gender (Males) %
Years education (SD) . (.)
Number of depresseda (%)  ()
Number of substance abusea

(%)
 ()

Complete records for SUD N = 
M days used in past week . (SD = .) Mdn = ; range: –
M treatment weeks . (SD = .) Mdn = ; range: –
Actively using at admission N =  (%)
M days used in past week . (SD = .) Mdn = ; range: –
M treatment weeks . (SD = .) Mdn = ; Range: –
Primary problem at

admission
Alcohol  (%)
Marijuana  (%)
Opiates  (%)
Polysubstance  (%)
Cocaine  (%)
Others  (%)

Notes: IOP = intensive outpatient program, SUD = substance use disorder.
aPrimary or secondary diagnosis.

compulsive, interpersonal sensitivity, depression, anxi-
ety, hostility, or paranoid ideation scales. Similarly, the
indices of general level of distress for the dual diagnosis
IOP sample, as measured by the Global Severity Index,
Positive Symptom Total and Positive Symptom Distress
Indices, were comparable with the inpatient population.
Consistent with the above-noted report, 33% of these
patients also presented with suicidal ideation and an addi-
tional 10% presented with both suicidal and homicidal
ideation.

Derivation and validation samples

We had an access to a total of 616 patients (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. Of these, 31 (8%) patients had incomplete
substance use data and were omitted from the substance
use data analyses, resulting in 380 patients (N = 380) for
the substance use studies. Table 1 further describes the
treatment sample and differences between the subsam-
ples, particularly those who actively engaged in substance
use at admission. Since it is common for patients begin-
ning outpatient treatment for substance use to include
a significant portion of people who have stopped use
prior to treatment engagement (Crits-Christoph et al.,
2015), we included these patients in our analyses, even

Table . Reasons for admission of patients with no AOD use within
seven days prior to admission (N = ).

Stepped down from higher level of care (%)  ()
Relapse prevention  (%)
Employer mandate  (%)
Behavior addictions (eating and gambling)  (%)
Others  (%)

though they could not improve by reducing substance
use. Table 2 shows the primary reasons associated with
not using alcohol or drugs (AOD) in the week prior to
admission (N = 138; 36%).

The combined samples (samples 1 and 2) were com-
posed of random subsets of all patients, including those
who reported using and not using substance in the week
prior to admission (N = 380); the actively using sam-
ples (samples 3 and 4) were composed of random sub-
sets of only those who were actively using substance in
the week prior to admission (N = 242). In an effort to
examine the effects of these different samples on the equa-
tions, we also analyzed their data together (e.g., samples 1
and 4). Finally, we analyzed all patients who completed
our depression measure (N = 396) in an attempt to derive
and validate a predictive equation for their co-occurring
depressive symptoms (samples 5 and 6). We randomly
assigned all patients to derivation and validation samples;
each sample served as both derivation and validation sam-
ple. This resulted in a total of 12 series of data analyses for
six sample combinations.

Measures

Weekly self-report of substance use and symptom data
were obtained prior to the initial intake assessment and
during the course of treatment from all patients. These
measures were collected prior to intake and then on a
weekly basis during a regularly scheduled weekly goal
group. If clients were absent for their goal group, the
scores from that week were considered missing. Each
patient answered items related to the frequency of use
from the Substance Use subscale of the Maudsley Addic-
tion Profile Self-Completion form (MAP-sc; Luty, Perry,
Umoh, & Gormer, 2006). However, several alterations
were necessary to adapt this instrument to our practice.
Since we were interested in monitoring weekly changes,
we altered the time frame from “month” to “week,” due to
the infrequency with which it was anticipated that heroin
users would be treated, instead of using the item related to
the number of days heroin was used, we inserted the word
“marijuana.” Similarly, to ease respondent burden, the
items related to cocaine, crack cocaine, benzodiazepines,
amphetamines, methadone, hallucinogens, inhalants, or
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other drugs, which we believed to be infrequent in our
sample, were combined into a single composite item for
the number of days any of these drugs were used. The
MAP (Marsden, Gossop, Stewart, Best, Farrell, & Strang,
1998) uses a one-month retrospective recall method;
it is in the public domain, and has been adapted in a
self-administered format with acceptable psychometric
properties. The MAP is a widely used tool designed for
repeated administrations and has demonstrated a high
test-retest reliability (M = .88; Marsden et al, 1998). Of
particular relevance, the kappa (κ) coefficients for the
MAP drug use items with urinalysis screens ranged from
κ = .65–.79, all within the “substantial” range (Landis
& Koch, 1977). Luty et al. (2006) reported test-retest
r = .86 for alcohol days used between MAP and MAP-sc.
Additional evidence for the validity of our results, the
MAP-sc was demonstrated in a previous study which
reported that our IOP patients reported significantly
more days used in the week prior to admission than their
significant other collateral contacts (t(31) = 2.55, p < .02;
Wise, 2010). As recommended by Marsden et al. (2011),
we calculated Reliable Change Indices (RCI; Jacobson &
Truax, 1991) for number of days of substance use as a
continuous outcome classification to further reduce the
threats to reliability due to measurement error.

All patients also completed a weekly self-report depres-
sion measure that is a parallel form of the Brief Symptom
Inventory-18 Depression Scale (BSI-18; Derogatis, 2001)
and is more fully described in Wise et al. (2016). As Wise
(2005) has previously reported, the correlations obtained
from the BSI-18 and the six-item self-report depression
measure used in this study were .76 for the pre-treatment
group (N = 30) and .79 for the post-treatment group (N =
50), demonstrating reasonable equivalence, and sensitiv-
ity to change, between the two forms, particularly in light
of the few items (Cronbach’s alpha = .87). When the pre-
treatment reliability study was replicated (N = 100), we
obtained test-retest r = .76. Our depression measure per-
forms as a parallel version of BSI Depression Scale, and in
keeping with SCL-90-R (Derogatis, 1983) and BSI (Dero-
gatis, 1993), the item scores are averaged. In calculating
RCI for the depression measure (Jacobson & Truax, 1991),
we used the pre- and post-depression scores and a test-
retest r = .76. For the number of days of substance use
and depression measure we derived a predictive equation
for each sample and then applied it to the relevant cross-
validation samples.

Statistical approach

Our initial methodological goal was the assessment of
an individual being on-track or off-track with respect to

their substance use and psychiatric symptoms during the
course of treatment, as demonstrated in the Lambert et al.
(2001) study but using a significantly smaller sample. We
derived a predictive interval equation as a function of the
observed baseline measure and time using the formula
in Neter, Wasserman, and Kutner (1989, p. 246) for
regression models. Similar to 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 as well as length of time between sequential
assessments. To accommodate these two features, we fit
the following within-subject regression equation:

Y�i = b1 Weeki + b2 Weeki × Baselinei + ei,

where Y�i is the change score in the outcome from base-
line to post for the ith person, Weeki is the elapsed time in
weeks as described above for the ith person, and ei is the
error in fit of the regression model, which is assumed to
be normally distributed with a mean of 0 and variance of
σ 2. The b2 term corresponds to the regression coefficient
for the interaction of 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 indi-
viduals, irrespective of the number of sessions, and
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, similar to Lambert’s “tolerance intervals”
(Lambert, 2010, p. 93).

In developing recovery curves, validation is a neces-
sity to ensure that our recovery model is reproducible.
Consequently, we derived our equations on random sam-
ples from our population and cross-validated these on
the validation samples, as described previously. We took
three additional validation steps: (1) we calculated reli-
able change indices (RCI; Jacobson & Truax, 1991) and
calculated receiver operating characteristic (ROC) curves
based on the on-track flag created by the predictive equa-
tion; and (2) we reported the absolute agreement obtained
based on the RCI cut scores. In light of the benefits of
reporting percentage improvement (PI) figures (Hiller,
Shindler, & Lambert, 2012), we repeated these two steps
based on the PI method.
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Table . Predicting number of days of substance use and symptom
severity.

Comparison n Kappa % CI
% absolute
agreement

% on-track
agreement

Predicting number of days of substance use
Study 

 vs   . .–.  
 vs   . .–.  

Study 
 vs   . .–.  
 vs   . .–.  

Study 
 vs   . .–.  
 vs   . .–.  
 vs   . .–.  
 vs   . .–.  
 vs   . .–.  
 vs   . .–.  

Predicting depression symptom severity
Study 

 vs   . .–.  
 vs   . .–.  

Results

Study 1: Predicting days of substance use based on
combined samples

The initial predictive equation was derived using the
number of days of substance use in the preceding week
from half of the dual diagnosis sample 1 (N = 190; both
who used substance in the week prior to admission, and
who did not use) and was applied to the patients in sample
2 (N = 190). Applying the equation derived from sample
1 to the participants in sample 2 resulted in Cohen’s κ =
.98, and 95% Confidence Interval (CI) [.94, 1.00] (Cohen,
1960), falling within the “near perfect” range defined by
Landis and Koch (1977). This model classified 30 (16%)
patients as “off-track” with only one classification dis-
agreement. For the purpose of illustration, the equation
based on sample 2 was then cross validated with sam-
ple 1, which resulted in Cohen’s κ = .71, and 95% CI
[.49, .93]. In this model, eight (4%) patients were classi-
fied as “off-track” and six (3%) did not reach agreement.
The equation derived from sample 1 to predict number
of days of substance use showed near perfect agreement
and outperformed the equation derived from sample 2
(see Table 3, study 1). The same method was followed for
each equation, but for the sake of brevity, only the most
accurate predictive equation from their respective sam-
ples (e.g., sample 1) will be reported in the following text;
the remaining summary statistics for the eight additional
predictive equations and their respective cross validation
results are presented in Table 3.

Study 2: Predicting days of substance use based on
active users

There were 138 patients included in the previous results
who had not reported any substance use in the week prior

to admission in spite of having been diagnosed with a
substance abuse disorder. These patients were removed
from the dual diagnosis sample, leaving 242 patients
(N = 242) who had all reported active substance use in the
week prior to admission. These patients were randomly
divided into two groups, samples 3 and 4 (N = 141 each)
to determine recovery curves and predictive accuracy of
the equations for patients who were actively using sub-
stance at the time of admission to IOP. The most accurate
equation was derived from sample 4 and applied to sam-
ple 3, resulting in Cohen’s κ = .91, and 95% CI [.81, 1.00]
with 19 (16%) classified as “off-track” and three (2%) did
not reach agreement.

Study 3: Predicting days of substance use based on
combined and active users’ samples

The equation derived from sample 1 (all patients) applied
to the patients in sample 4, composed of only patients who
reported use in the week prior to admission, resulted in
perfect agreement (κ = 1.00, 95% CI [1.00, 1.00]), with
22 (18%) patients classified as “off-track” and no misclas-
sifications. To further test the hypothesis that the predic-
tive equation derived from those who were actively using
substance on admission might add additional informa-
tion, we reversed the procedure, applying the equation
derived from sample 4 (active users) to sample 1 (com-
bined group) and also obtained a near perfect agreement
(κ = .91, and 95% CI [.86, .96]). In this analysis, 19 (16%)
patients were classified as off-track and three (2%) were
misclassified.

Study 4: Predicting depression scores

Since the majority of these patients also experienced
co-occurring depression, we were also interested in
developing predictive equations to monitor recovery
from depression. Hence, we obtained two random
samples (samples 5 and 6) from the 198 patients with
depression data and derived two additional predictive
equations to determine patients who were “on-track” and
“not on-track” with respect to their expected trajectory
of change in depressive symptoms. We again cross vali-
dated the prediction equations by applying them to the
other sample, but only the results for the more accurate
equation are reported here. In this analysis, when the
equation from sample 5 was run with the data from
sample 6, Cohen’s κ = .81, and 95% CI [.690–.930]. The
absolute on-track/off-track agreement rate was 95% in
this cross validation. That is, 23 (12%) were flagged as
“off-track” and in nine (5%) cases agreement was not
reached.

Table 4 shows a summary of the descriptive pre- and
post-outcome measures for the combined, actively using,
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Table . Pre- and post-outcome measures by sample.

Sample

Days used Depression

  

N   
Pre-treatment . (.) . (.) . (.)
Post-treatment . (.) . (.) . (.)
Cohen’s d effect size . . .
RCI number (%) N = 

�.∗  ()  ()  ()
�–.  ()  ()  ()

Improvement number (%)
Remission (%)  ()  ()  ()
Response (�%)  ()  ()  ()

Note: RCI ± . corresponds to an % CI of improvement and/or
deterioration.

and depression outcomes (samples 1, 4, and 5, respec-
tively). Samples 1 and 4 showed different pre-treatment
severity and PI classification rates. Cohen’s d for samples
1, 4, and 5 were .46, .76, and 1.10, respectively (where .50
is considered as a medium effect and .80 a large effect;
Cohen, 1988). It should be noted that the discrepancy
between the effect sizes for the number of days used in
samples 1 and 4 is due to the inclusion of patients who
were abstinent throughout treatment. Hence, the large
effect size with Sample 4 (.76) represented the outcomes
of those who were actively using substance at the time of
admission.

Practical utility: Outcome measurement validation

We used RCI and PI scores with ROC procedures as
another validation strategy. We calculated these scores
for each patient and then used the ROC procedures to
determine the sensitivity and specificity of the predictive
equations.

Days of substance use RCI analysis

Based on the equation derived from sample 1 (com-
bined sample), we calculated days of substance used RCI
scores for each individual in sample 1. When the contin-
uous RCI results were plotted against the dichotomous
on-track/off-track prediction, the area under the curve
(AUC) = .78, and 95% CI [.68, .88]. The best cut-point to
maximize sensitivity and specificity was 1.45, where sen-
sitivity = .91 and specificity = .55, yielding a value for J =
.45. We then used these RCI scores to categorize improve-
ment rates. (The RCI analysis relied upon the test-retest
r = .87 for the alcohol days used self-report; Luty et al.,
2006). The RCI results of all patients indicated that 67
patients (35%) could be classified as reliably improved
with respect to days of substance use in the preceding
week, using on the 1.28 (80%) cut-off (Table 4). Based on

the most liberal RCI criterion for deterioration (�–1.28),
10% of this sample was deteriorated, and 55% (105) was
classified as indeterminant (<1.28 and >–1.28). Within
the indeterminant category, 41 patients (39%) reported no
substance use throughout IOP. In fact, because sample 1
included 68 patients (36%) who could not improve (base-
line = 0 days used), the improvement rates from sample
1 are under-estimates.

When the RCI results for days of substance use derived
from sample 4 (active users) were plotted against the on-
track/off-track prediction flag in the ROC analysis, the
AUC = .85, and 95% CI [.73, .96]. The best cut-point to
maximize sensitivity and specificity was 1.55, where sen-
sitivity = .92 and specificity = .63, yielding a value for J =
.55. Using the RCI criteria above, the RCI scores for active
users indicated that 45 (37%) would be classified as reli-
ably improved with respect to days of substance use in the
preceding week, 4 (3%) deteriorated, and 72 (60%) were
classified as indeterminant (Table 4).

Depression RCI analysis

In order to validate the predictive equation derived from
sample 5, we conducted an RCI analysis on depression
scores. The ROC analysis for the RCI by on-track/off-
track prediction resulted in an AUC = .65, and 95%
CI [.55, .74]. The best cut-point to maximize sensitiv-
ity and specificity was 1.14, where sensitivity = .72 and
specificity = .42 and J = .14. Eliminating the 25 patients
who scored in the asymptomatic range (�.23; Wise, 2003)
from the RCI, left N = 173. Based on these RCI cut-
off classifications, 53% (92) could be classified as reliably
improved on their depression scores utilizing the 1.28
(80%) confidence interval (Table 4, Sample 5). Only one
individual deteriorated based on the RCI criteria, and 46%
(80) were classified in the indeterminant range.

Percent improvement

Hiller et al. (2012, p. 4) demonstrated that PI rates
were valid psychotherapy outcome measures, allowed
for between-study comparisons, accounted for baseline
severity, achieved convergent validity with clinical judg-
ment, and could be readily understood and communi-
cated. However, rather than using the PI methodology
with all patients, the authors argued in favor of only
including symptomatic patients and calculating Response
rates to require a reduction of � 25% “on the entire
range of the instrument.” Due to the restricted range of
our scales (i.e., 0–7 days; 0–4 depression severity), a 25%
reduction in range would arbitrarily exclude improved
patients. Hiller et al. (2012, p. 2) also noted, however, that
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to be classified as a Responder, the conventional calcula-
tion of PI simply requires “� 50% reduction” in symptom
severity. Hence, we adopted the conventional calculation
and identified patients who improved �50% as Respon-
ders (e.g., 50% reduction in days used). Remission was
defined as 100% change, crossing over from prior use to
abstinence by the last measure. As a final cross-validation
step, we calculated PI rates for the samples with the best
predictive equations (samples 1, 4, and 5) and performed
ROC analyses to determine the sensitivity and specificity
of classification predictions.

Days of substance use PI: Combined sample

We calculated a percentage of change score based on pre-
and post-treatment number of days used in the past week
and multiplied this by 100. Using this as a continuous
measure, we then used the on-track and off-track flags
to calculate an ROC (AUC = .82, and 95% CI [.72, .89])
for sample 1. The best cut point to maximize sensitivity
and specificity for predicting days used was J = .71, where
sensitivity = .91 and specificity = .55. We then conser-
vatively defined Remission as 100% change, crossing over
from days used into the asymptomatic range of abstinence
or no use by the last week of treatment; 30% of the sam-
ple achieved Remission (Table 4). Based on the conven-
tional �50% symptom improvement rate as the defini-
tion of a treatment Response, 43% of the sample achieved
a Response. An additional 11% (N = 20) of the sample
showed reduction of days used, consistent with our harm
reduction philosophy, ranging from 20–49%. Sixty-three
patients (33%) reported no change in the number of days
used during treatment, but this included a subgroup of
patients who were abstinent throughout IOP (N = 41).
In fact, the total abstinence rate reported by sample 1 in
the last week of treatment prior to discharge was 57%
(108). Thirty-two patients (17%) showed an increase in
the number of days used from admission to discharge.

Days of substance use PI: Active users

The predictive equation obtained from sample 4 resulted
in Cohen’s κ = .91 for on-track classification agreement
with sample 3 and an absolute agreement rate of 98%
in predicting change for other active users, second only
to the equation derived from sample 1. As above, with
days of substance use as a continuous measure for the
on-track/off-track flags derived from sample 4, AUC =
.94, and 95% CI [.89, .99]. The best cut point to maximize
sensitivity and specificity for predicting days used was J =
.81, where sensitivity = .86 and specificity = .95. Sample 4
obtained a Remission rate of 44%, and 24% were clas-
sified as Responders (Table 4). As might be expected,

the no-change classification group was reduced to 22%,
probably due to the elimination of people who reported
no substance use prior to or during IOP.

Depression scores PI

We ran a similar analysis using a percentage of change
score based on the depression scale and included only
those patients who scored in the symptomatic range at
baseline (N = 173). On the depression measure, AUC =
.89, and 95% CI [.84, .93]; the best cut point to maximize
sensitivity was J = .43, where sensitivity = .98 and speci-
ficity = .45. Based on the depression scale, 32% (55) were
classified in the Remission category, 64% (111) achieved
a Response, and 4% (6) reported no change in depressive
symptoms (Table 4).

Discussion

The best predictive models that we developed for the
three samples of interest (actively using at admission, all
users, and depressed) had absolute accuracy rates rang-
ing from 95 to 100%. Our method demonstrates that
trajectories of change can be modeled on smaller sam-
ples than previously demonstrated and used to monitor
“off-track” status quite accurately. In light of the preva-
lence of IOPs delivering substance use treatment, the
development of routine outcomes monitoring and the
prediction of “off-track” individuals has the potential to
identify individuals at risk of deterioration and thereby
improve treatment engagement, retention, and outcomes.
This approach addresses the significant barriers raised by
Goodman et al. (2013) related to outcomes monitoring
in substance use treatment settings by utilizing available
measures; with repeated measures; on more diverse and
severely distressed individuals; developing and validat-
ing expected trajectories of change; and using RCI and PI
measures to validate outcomes.

The use of routine outcomes monitoring in higher level
of care settings has numerous practical implications. The
most important implication is that these studies demon-
strate routine outcome monitoring and clinical decision
support tools can be derived from relatively small sam-
ples, utilizing available measures and adapted for specific
populations. Based on expected trajectories of change, the
identification of an off-track individual could trigger a
review of circumstances, potentially contributing to this
event. In the current dual diagnosis IOP, it would be pos-
sible for an individual to remain on-track with one mea-
sure (depression) and off-track with the other (days used).
Following the identification of an off-track score, such
a review might reveal that a recent interpersonal crisis
has occurred and has resulted in an off-track flag on the
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depression measure, suggesting that more support and
days of treatment might be indicated. On the other hand,
the identification of an off-track alert for substance use
could signal an early lapse and provide an opportunity
for a reassessment of factors contributing to the lapse and
result in a redesigned treatment plan.

Within this group of dually diagnosed IOP patients, an
easily identifiable sub-group comprised those who were
actively using substance at admission, compared with a
larger group that included all patients admitted. Com-
pared with sample 1, sample 4 demonstrated a relatively
higher average number of days used in the week prior
to admission (4.77), a larger effect size (.76), and higher
Response and Remission rates (44% and 68% respec-
tively). The existence of relatively homogeneous sub-
groups is consistent with the research of Zheng, Cleve-
land, Molenaar, and Harris (2015), who demonstrated
that sub-groups of individuals in recovery cope with daily
relapse risk and negative affect through different meth-
ods of coping, and hence demonstrate different treatment
outcomes.

The differences in treatment outcomes between sam-
ples 1 and 4 may also have been due in part to the
methodological problems associated with the no-change
or indeterminant groups, which included patients who
were abstinent throughout the treatment (sample 1, N =
41), and hence unable to change. While maintaining absti-
nence would be considered a successful treatment out-
come in the real world, these individuals were classified
as indeterminant or unchanged in the outcome analysis.
The overall abstinence rate at discharge for Sample 1 was
57% and for Sample 4, it was 44%. Furthermore, 65% of
those from sample 1 who were classified in the no-change
group reportedly were abstinent when they entered IOP
and remained abstinent throughout IOP.

In spite of differences between samples 1 and 4 (sub-
stance use in the week prior to admission, pre-treatment
severity, Cohen’s d, and Response rates), the equation
derived from sample 1 (all patients) applied very well
(average Cohen’s κ = .97) to both samples and appears
to predict an expected trajectory of change for those who
report substance use in the week prior to admission as
well as those who do not report substance use in the
week prior to admission. The ROC analysis further val-
idated the predictive equation for days of substance use.
The RCI scores from samples 1 and 4 showed compa-
rable levels of improvement and their deterioration rates
were within the range reported in the literature (Lambert,
2010). The RCI scores of active users from a previously
published study (Wise, 2010) found a 6% deterioration
rate, comparable with the 4% reported here. Compared
with RCI, the PI method was more liberal in classifying
patients who improved, for both days of substance use and

depression scores. Irrespective of the method of measur-
ing outcomes one uses (PI or RCI), the predictive equa-
tions derived from samples 1 and 4 appear to provide the
foundation for a clinical decision support tool to identify
which patients using substances are “on-track” and “off-
track” of their expected recovery curves as related to their
final outcome classification. If one were interested in an
equation based on all patients, including those who were
abstinent at admission, Equation 1 would be preferred.
On the other hand, if it was deemed more desirable to
monitor only those who could reduce their number of
days of substance use, the equation derived from sample
4 (active users) would be preferred.

With respect to depressive symptoms, 53% of these
dually diagnosed patients achieved reliable change and
64% achieved a Response, while only 1% deteriorated.
This 1% deterioration rate in depressive symptoms is
comparable with the 3% deterioration rate reported previ-
ously by Wise (2010). Based on Cohen’s d, their response
to treatment on the depression measure was quite large
(d = 1.10). It is conceivable that this sample showed a
stronger and perhaps more rapid response to their depres-
sion treatment, suggesting multiple interactions and pat-
terns of underlying change. This finding is consistent with
a recent meta-analysis, which found that the response for
depressive symptoms was achieved sooner than a reduc-
tion in alcohol use (Riper et al., 2014) and a reduction
in depression has also been associated with a later reduc-
tion in substance use (Hunter et al., 2012; Worley et al.,
2012). In light of the absolute agreement and on-track
agreement rates (95% and 84% respectively) found with
the equation derived from sample 5, this equation should
be of considerable assistance in identifying those individ-
uals who are either indeterminant or off-track from their
expected depression trajectory of change and therefore
not responding as expected to IOP.

There are a number of limitations with this study. First,
the sample came from only one treatment setting; and
second, the sample size was relatively small, especially in
comparison to that used by Lambert et al. (2001). How-
ever, these weaknesses can also be seen in a different light.
This paper demonstrates that small outpatient clinics and
practices delivering treatment in naturalistic real world
clinical settings can derive prediction equations specific to
their populations of clinical interest, using statistical tech-
niques that are known and available to most practitioner-
researchers. Unlike other methods relying on very large
sample sizes, this method does not adjust the expected
trajectory of change based on the most recent score and
these specific curves are not expected to generalize to
dissimilar patients or treatment settings. For example, in
light of harm reduction, stages of change, and motiva-
tional interviewing philosophy of this particular IOP, it is
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not clear whether the expected recovery would generalize
to 12-step abstinence based IOPs. The method does, how-
ever, create empirically derived expected recovery curves
based on average expected treatment responses utiliz-
ing relatively smaller sample sizes, and the method has
been proven with various treatment seeking populations
and could easily be applied to varied settings, including
abstinence-based programs. Another limitation relates to
the inclusion of patients who did not use any substances
in the week prior to admission. Patients who do not use
substances prior to admission cannot improve and can
only increase days used, and therefore can only dilute or
negatively skew outcome results. While excluding these
patients from data analysis does show improved treatment
effectiveness, excluding these patients entirely from the
data analysis would pose a threat to the validity of this nat-
uralistic treatment study. For example, Crits-Christoph
et al. (2012, 2015) have pointed out that the majority of
their patients, from a four-site substance use study, started
treatment with no use of substances in the week prior
to admission. They also included these patients in their
analyses because their results showed this was a common
occurrence in this treatment seeking population in their
real world treatment settings.

The future studies interested in replicating this pre-
dictive model could circumscribe comorbid psychiatric
conditions to more homogeneous diagnostic categories,
particularly when using small sample sizes. Another alter-
native would be to use a broad band measure designed
to capture a broader range of general distress, negative
affect, or the addition of items that match the population
under study (e.g., anxiety). Recovery curves for specific
drugs of choice (e.g., cocaine, heroin, alcohol, marijuana,
etc.) might also be of interest. Other baseline predictor
variables might be identified that mediate outcomes. The
current study also shows that predicting and monitoring
co-occurring depression and substance use trajectories of
change can be achieved with dual diagnosis IOP patients
and can provide foundation for a clinical support decision
tool.

Conclusions

The findings of this study indicate that predictive equa-
tions for depressive symptoms and days of substance use
can be derived and validated on dual diagnosis sam-
ples. These findings also confirm our previous report
that by using this method (1) it is possible to derive
equations for relatively homogeneous patient groups that
can identify patients who are off-track; (2) it can be
done using relatively small sample sizes; and (3) relatively
homogeneous sub-groups may benefit from equations
derived from their unique sub-samples in some cases
(e.g., major depression vs. co-occurring substance abuse

and major depression). This study is the first report uti-
lizing this method to derive and validate expected treat-
ment response curves using dual diagnosis IOP patients
and demonstrates that this method can be applied in sub-
stance use treatment settings to derive predictive equa-
tions for expected treatment recovery curves and manage-
ment of routine outcomes.
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