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Abstract

Objective: Previous research indicates positive effects of feedback based on rational or empirical decision rules in
psychotherapy. The implementation of these usually session-to-session-based feedback systems into clinical practice,
however, remains challenging. This study aims to evaluate decision rules based on routine outcome monitoring with
reduced assessment frequency. Method: Data routinely collected every 5-20 sessions of N =3758 patients treated with
CBT in an outpatient clinic (Mgegsions = 42.8, SD = 15.4) were used to develop feedback decision rules based on the expected
treatment response and mnearest neighbors approach, the reliable change index, and method of percental improvement. The
detection of patients at risk of treatment failure served as primary endpoint. Results: Significantly lower reliable
improvement, higher reliable deterioration rates, and smaller effect sizes were found for patients identified at risk of
treatment failure by all rules. The nearest neighbors-based approach showed the highest sensitivity regarding the detection of
reliably deteriorated cases. Conclusion: Consistent with previous research, the empirical models outperformed the rational
rules. Still, the first-time used percental improvement-based rule also showed satisfactory results. Overall, the results point to
the potential of basic feedback systems that might be easier to implement in practice than session-to-session based systems.

Keywords: cognitive behavioral therapy; feedback; expected treatment response; nearest neighbors; percental improvement

Clinical or methodological significance of this article: This study shows that even on a less frequent routine outcome
monitoring structure, empirical, and rational decision rules can be used to identify patients at risk of treatment failure to a
satisfactory degree, with the empirical nearest neighbors method showing the best results. This indicates the potential of a
possibly more easy-to-implement basic feedback system for clinical practice.

Objective

In the last decades, patient-focused psychotherapy
research became more and more popular (Lutz, de

systems (Delgadillo et al., 2018; Finch et al.,
2001; Lutz et al., 2019). The idea is that by routi-
nely collecting (mainly patient-reported) outcome

measures over the course of treatment and reporting
them back to the therapist, treatment outcomes will
improve. In particular, the early detection of

Jong, et al., 2015), going along with the develop-
ment of a variety of increasingly sophisticated
routine outcome monitoring (ROM) and feedback
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patients with unfavorable treatment courses and the
resulting ability to counteract these deteriorations
by adapting interventions represents an essential
objective of feedback systems (Boswell, 2020;
Lambert et al., 2002). This is because of in spite
the extensive evidence that psychotherapy is effec-
tive in treating mental disorders, the proportion of
patients deteriorating during treatment is a non-
negligible 5-10% (Hansen et al., 2002). At the
same time, unfortunately, clinicians often fail to
recognize these deteriorations, emphasizing the
need for continuous monitoring (Hannan et al.,
2005; Hatfield et al., 2010). The effectiveness of
ROM and feedback, especially for those so-called
not on track patients (NOT; also signal cases), has
been demonstrated in multiple meta-analyses and
systematic reviews, showing overall improved out-
comes (de Jong et al.,, 2021; Ostergard et al.,
2020) and reduced deterioration (Lambert et al.,
2018; Lambert & Shimokawa, 2011), and drop-
out rates (de Jong et al., 2021).

In general, two broad classes of decision rules to
assess treatment progress and identify NOT cases
as the underlying basis of these feedback systems
are distinguished (Lutz et al., 2009). First, rationally
derived decision rules refer to predefined criteria and
expert assessments based on clinical as well as stat-
istical expertise regarding what can be considered
as sufficient treatment progress. Arguably the most
widespread example of this approach is the concept
of clinically significant change by Jacobson and
Truax (1991), defining meaningful change on the
basis of a twofold criterion. Using the reliable change
index (RCI), it is first determined whether a change
in test scores is statistically significant given the
reliability of the respective test instrument. In
addition, if a patient crosses the cutoff between a
clinical and a healthy (functional) reference sample,
it can be considered not only a statistically reliable
but also a clinically significant improvement.

Along with the RCI, although less widely used, the
method of percental improvement (PI) has become estab-
lished in recent years for evaluating treatment out-
comes in psychotherapy research (Hiller et al., 2012).
This method, in the tradition of psychopharmacologi-
cal research, expresses the degree of symptom change
in percentage, whereby a change equal or greater to
50% in the pathological range is usually considered sig-
nificant (e.g., Lecrubier, 2002; Schlagert & Hiller,
2017b). Advocates of the PI method name as advan-
tages among other that differences in initial impairment
are considered and that it is easily communicable,
especially to patients (Hiller et al., 2012). Even more
important, early and dramatic changes in the treatment
process defined by the PI criterion proved to be predic-
tive of treatment outcome (Erekson et al., 2018;

Schlagert & Hiller, 2017a). As a disadvantage, the cri-
terion of exactly 50% necessary change appears highly
arbitrary. To the authors’ knowledge, despite its
benefits, the PI method has never been evaluated in
the context of feedback systems.

From the rational decision rules outlined above, the
empirically derived rules can be distinguished. Based
on large sets of ROM data from previously treated
patients, the expected treatment response (ETR) of a
given patient can be modeled using statistical
methods. Consequently, the predicted course of treat-
ment of a patient can be compared with the observed
one (Lutz et al., 2009). By means of failure boundaries
around the modeled treatment course (e.g., based on
the 90% confidence interval; Lutz et al.,, 2019),
strong deviations can then be registered and the
patient can be reported to the respective clinician as
NOT (Finch et al., 2001; Lutz et al., 1999).

The ETR concept was first introduced by Lutz et al.
(1999) using multilevel growth curve modeling (also
known as hierarchical linear modeling) to predict indi-
vidual treatment trajectories on the basis of seven
intake characteristics of previously treated patients.
Since then, alternative and more advanced empirical
methods for generating ETR curves have been devel-
oped (e.g., Finch et al., 2001). A more recent approach
represents an early machine learning technique, called
nearest neighbor method (NN; Lutz et al., 2005, 2019).
Within this method, the presented intake character-
istics are first (and only) used to identify previously
treated patients who are most similar to a given
patient starting treatment, hence his or hers nearest
neighbors. This homogeneous NN subset is then used
to predict the treatment course of the index patient.
The approach is thus intended to be more in line
with how practitioners use their clinical experience
(Lutz et al., 2005).

Previous studies using rational decision rules have
shown that they can reliably predict treatment out-
comes (Lutz et al., 2022). Nevertheless, direct com-
parisons between rational and the described
empirical methods indicate a slight superiority of
the latter regarding their overall predictive accuracy
(Spielmans et al., 2006) and their ability to correctly
identify patients with negative treatment outcomes
(Lambert et al., 2002; Lutz et al., 2006). In addition,
the NN approach showed to be superior to an
alternative ETR approach in predicting client pro-
gress (Lutz et al., 2005). However, these major com-
parison studies are not without limitations with (1)
all using the Outcome Questionnaire (OQ-45; for a
description, see Lambert, 2015) as outcome
measure’ and (2) comparing the respective empirical
method with the same rational decision rule loosely
based on an adaptation of clinically significant
change concepts (Lambert et al., 2002; Lutz et al.,



2006; Spielmans et al., 2006). The restriction of
these previous comparison studies to a rational
decision rule specifically conceptualized for the
Outcome Questionnaire should be considered when
interpreting previous findings. Furthermore, the
rather complex rational decision algorithm with
several decision matrices grouped according to treat-
ment phases (for examples, see Lambert et al., 2002)
poses a challenge for the transfer to other outcome
measures and into clinical practice.

Considering the bigger picture, although the ROM
approach has not only the ambition but also the poten-
tial to narrow the gap between research and practice
(Newnham & Page, 2010), it is the implementation
of these very monitoring and feedback applications
into clinical practice that is proving difficult (Boswell,
2020; Lutz et al., 2022). Surveys from across countries
indicate that ROM is rarely used in clinical practice
(e.g., Ionita & Fitzpatrick, 2014; Jensen-Doss et al.,
2018). Moreover, whereas most current feedback
systems rely on session-to-session assessments (de
Jong et al., 2021) to enable a prompt intervention for
NOT cases, in particular this high frequent application
of outcome measures every 1-2 sessions appears to be
rare in clinical routine care (5.2%; Jensen-Doss et al.,
2018). In our recent survey among psychotherapists
working in an outpatient setting in Germany, ROM
was mainly not used at all (40.8%) or rarely (28%).
Of the psychotherapists using ROM, only 3.3%
reported an assessment every 1-2 sessions (Unpub-
lished observations). Moreover, the motivation for
such a session-to-session administration also seems
to be limited (Jensen-Doss et al., 2018). This is
especially relevant, since therapists’ attitudes and the
commitment to use feedback influence its effects and
thereby treatment outcomes (de Jong et al., 2012;
Lutz, Rubel, et al., 2015).

One of the most cited reasons hindering the
implementation of ROM is the additional adminis-
trative and time burden it causes for clinicians
(Boswell et al., 2015; Kaiser et al., 2018; Mellor-
Clark et al., 2016). Clinicians seem to simply lack
time in their everyday practical routine. Some are
even concerned that the administrative process may
have a negative impact on the therapeutic alliance
(Boswell, 2020). This is probably of particular
importance for the application of outcome measures
on a session-to-session basis. Thus, reducing the
monitoring frequency could provide an opportunity
to ease the administrative burden.

Regarding the empirical prediction models, there is
also the additional challenge of large amounts of
patient outcome data being required for their develop-
ment and use. However, as illustrated earlier, few clin-
icians or even researchers are likely to have access to
such large samples of routinely collected outcome
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measures (Wise et al.,, 2016). Furthermore, most
empirically based feedback systems are based on
rather short treatment durations (for an overview of
mean treatment durations in feedback studies, see de
Jong et al.,, 2021). Thus, their generalizability to
long-term treatments is still lacking evidence and
should be examined. Desirably, we will soon reach a
point where outcome data is shared and pooled so
that empirical models can be better estimated and sub-
sequently broadly applied in practice. Until then,
however, we need practical transitional solutions.

In conclusion, the following questions arise: Can
the empirical predictive models be successfully
applied to a naturalistic sample with longer treatment
durations and less frequent ROM? How does this
affect their predictive accuracy? And, based on
these conditions, do the more extensive empirically
based decision rules continue to outperform the
rationally based decision rules, which might be
faster and easier to implement into clinical practice?

With this study, we therefore pursue several goals:
To address time and administrative burden as one of
the most commonly cited barriers to the adoption of
ROM, we aim to apply two empirical methods,
namely expected trearment response (Lutz et al.,
1999) and mnearest neighbors (Lutz et al., 2005),
already established for session-to-session based
administration and relatively short treatments to a
naturalistic outpatient sample with less frequent
(every 5—20 sessions) ROM. We will then compare
the two empirically based methods with two
simpler rational methods (reliable change index and
percental improvement) and evaluate them based on
their predictive accuracy and ability to detect
deterioration.

Method
Participants

The total sample consisted of N = 7037 patients who
started psychotherapy at a university outpatient clinic
in Germany between 2001 and January of 2021.
Patients who did not finish treatment before data
extraction (n=1316), with less than three assess-
ments (i.e., less than 15 therapy sessions; # = 1691)
or incomplete baseline measures (n=272) were
excluded (Figure 1). Patients included in the remain-
ing sample (N =3758) were on average 35.81 years
old (§D =12.96, age range 16—87) and were predo-
minantly female (66.7%). Of the patients, 49.3%
had a degree for university entrance level. At the
beginning of therapy, 7.4% of patients were unem-
ployed and 22.7% unable to work. The most often
diagnosed primary diagnoses were affective disorders
(37.1%), followed by anxiety disorders with 24.1%.
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Figure 1. CONSORT flow diagram.

Further primary diagnoses were somatic symptom
and related disorders (13.1%), feeding and eating
disorders (8.6%), personality disorders (7.5%),
trauma- and stressor-related disorders (3.9%),
obsessive-compulsive disorders (3.6%), neurodeve-
lopmental disorders (1.7%), schizophrenia spectrum
and other psychotic disorders (1.9%), disruptive,
impulse-control and, conduct disorders (0.9%) or
substance-related and addictive disorders (0.9%).
Comorbidity was given in 69.1% cases, with 41.1%
diagnosed with two mental disorders, 20.2% with
three and 7.7% with four or more diagnoses.

A subsample analysis was conducted for patients
with a diagnosed primary or comorbid depressive dis-
order with the German version of the Beck
Depression Inventory (BDI; Hautzinger et al.,
1994, 2006) as an external outcome measure.
Details on the subsample (z=2506) can be found
in Supplemental material 1.

Procedure

For the development and evaluation of the feedback
systems, archival routine outcome monitoring data of
the outpatient clinic was used. The outpatient clinic
entails a distinctive quality management system, cer-
tified according to DIN EN ISO 9001 since 2005,
securing a standardized intake, diagnostic and pro-
gress monitoring procedure (Hiller et al., 2006).
Prior to treatment, all patients gave written informed
consent regarding the use of their anonymized treat-
ment data for research purposes. Furthermore,
patients were diagnosed using the German version
of the Structured Clinical Interviews for DSM-IV
Axis I Disorders (SCID-I; Wittchen et al., 1997)
and personality disorders (SCID-II; Fydrich et al.,
1997) at the beginning of treatment. Therapy was

conducted by psychologists in advanced psychother-
apeutic training (90.0%) and licensed psychothera-
pists treating the patients with cognitive behavioral
therapy. The treatment lasted on average 42.79 ses-
sions (SD =15.36). Ethical approval for the study
was granted by the local Ethics Committee (021-
JGU-psychEK-S025).

Measures

Brief symptom inventory (BSI). The BSI
(Franke, 2000; German version) is a shortened
version of the Symptom Checklist-90-Revised
(SCL-90-R; Derogatis, 1992), comprising 53
items. It acquires the subjectively perceived impair-
ment due to psychological and physical symptoms
in the last seven days based on a Likert-scale from
0 (“not at all”) to 4 (“extremely”). The Global
Severity Index (GSI) calculated as the average of
all items represents the intensity of general psycho-
logical distress, higher values indicating more severe
distress. In this study, the BSI was administered at
baseline and thereafter at sessions 10, 20, 40, 55,
75, 90, and 95 (if applicable) serving as predictor,
progress, and outcome measure. The internal con-
sistencies ranging between amgi,=.95 and oOmax
=.99 for the present sample can be considered as
high.

Predictor variables. A variety of potential treat-
ment progress predictors were routinely collected
after registration and during the diagnostic phase in
the beginning of treatment, information given by
the patient or their therapist. Complementary to
the GSI-BSI baseline score (i.e., initial impairment),
the baseline score of the BDI (see Supplemental
material 2 for details), sociodemographic variables
(e.g., gender, age), biographic information, treat-
ment and mental disorder history including previous
complications (e.g., previous treatment, medication)
as well as intrinsic treatment motivation (rated by the
therapist on a 5-point Likert scale from 0 [“non-
existent”] to 4 [“very high”]), and diagnostic infor-
mation (e.g., primary diagnosis) were considered.
See Supplemental material 3 for a full list of included
predictors.

Data Analysis

Data analysis was conducted using the free software
Rversion 4.0.4 (R Core Team, 2021). For the devel-
opment of the empirical approaches the packages
glmnet v4.1-3 (Friedman et al., 2010), cluster
v2.1.2 (Maechler et al., 2021), lme4 v1.1-27.1
(Bates et al., 2015), and ImerTest v3.1-3



(Kuznetsova et al., 2017) were used in particular.
The model evaluation was mainly conducted using
epiR v2.0.43 (Stevenson & Sergeant, 2022) and
pROC v1.18.0 (Robin et al., 2011).

Operationalization of NOT Cases and
Outcome Evaluation

For the evaluation of the feedback approaches, a
patient was classified as not on track (NOT; i.e., not
on the path expected or desired by a curative pro-
cedure) case if the respective approach (or failure
boundary) generated a NOT signal at least once
during the course of treatment. The detection of
reliably deteriorated cases (according to Jacobson &
Truax, 1991) at the end of therapy was selected as
main endpoint. Therefore, sensitivity and specificity
rates, positive (PPV) and negative predictive values
(NPV), and the area under the curve (AUC) were
calculated. Cases were categorized as true positive
(TP) if they were identified as NOT whilst being
reliably deteriorated at the end of treatment.

For the evaluation and selection of the decision
rules, sensitivity was weighted higher than specificity
and the PPV. Since feedback tends to have the largest
effect for patients at risk of negative treatment
outcome (Lambert et al., 2018), the detection of
these cases (i.e., sensitivity) seemed crucial to us.
Further, we considered the costs of false negatives,
i.e. the non-recognition of a potential treatment
failure, to be greater than the costs of a false positive
case. Consequently, sensitivity (or recall/hit rate) was
regarded as more relevant than the PPVs (or pre-
cision) of the approaches. Moreover, sensitivity has
the additional merit over the PPV that it is a preva-
lence-independent parameter and is therefore,
unlike the PPV (Altman & Bland, 1994; Tharwat,
2021), not influenced by imbalanced data (which in
our case can be assumed with deterioration rates of
5-10%; Hansen et al., 2002). Lastly, sensitivity and
specificity allow benchmarking with the previous
decision rule comparison studies (e.g., Spielmans
et al., 2006), as these were regularly reported in con-
trast to the PPVs and NPVs.

As additional evaluation parameters, differences
between OT and NOT cases were examined by com-
paring relative frequencies of reliable pre to post
treatment improvement and deterioration. The
classification of treatment outcome into reliable
improvement and deterioration was based on the
RCI? by Jacobson and Truax (1991). For the BSI-
GSI, the parameters used to calculate the RCI were
extracted from the German manual of the BSI
(Franke, 2000). Using the standard deviation of the
representative sample of outpatients (SD,=0.72)
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and the test-retest reliability (r =.90), a critical
difference of 0.63 was obtained.

As the two rational decision rules (see below) also
rely on the RCI and could therefore have an artificial
advantage, effect size differences between OT and
NOT cases were used as a further unrelated main
evaluation criterion. In addition, a subsample analy-
sis using the BDI as a second outcome measure, dis-
tinct from the BSI-GSI forming the feedback basis,
was calculated to further investigate the results
obtained by the rational approaches (see Supplemen-
tal materials 1-2, 4, 89 for details). Cutoff and
reliable change scores for the BDI are provided in
Supplemental material 4.

Rational Decision Rules

RCI approach. Due to its widespread use, the
first rational rule was based on the RCI by Jacobson
and Truax (1991). A patient was considered not on
track if the reliable deterioration criterion was met,
using the baseline value as reference point. A
change in GSI-BSI scores > 0.63 was considered
statistically reliable.

PI approach. A second rational rule (hereafter
named PI approach) was developed based on the
PI method supplemented by the reliable deterio-
ration criterion by Jacobson and Truax (1991). In
the pertinent PI research (e.g., Hiller et al., 2012),
solely the pathological range of a psychometric
scale is used to calculate the degree of change of a
patient. Accordingly, in our study, patients with a
baseline score above the clinical cutoff® of > 0.56
were defined as NOT if they had an increase of at
least 50% between baseline and the current session
on the pathological range (0.56—4.00) of the BSI-
GSI. To cover the entire sample, we then deviated
from the previous conceptualization and used the
complete BSI-GSI scale as a reference point for cal-
culating the percentage change for patients with a
baseline score in the non-pathological range. As the
PI criterion is rather liberal in the upper end of a
scale (i.e., a deterioration of 50% is only achieved
with large score differences; see Hiller et al., 2012;
Schlagert & Hiller, 2017b), the 50% criterion in
our PI approach was supplemented by the RCI as a
fixed critical difference. Following Schlagert and
Hiller’s (2017b) conceptualization of deterioration,
patients were labeled as NOT, if they fulfilled
either the 50% or the RCI criterion in any session.

ROC curve-based PI approach. Supplement-
ing the rational PI approach using the established
50% criterion, we determined a modified “optimal”



6 S. Ramsperger et al.

percentage change criterion based on the Receiver
Operating Characteristic (ROC) curve in a preliminary
analysis. The aim was to be able to factor in our postu-
lated higher costs of a false negative compared to a
false positive feedback signal as well as the prevalence
of reliable deterioration. The optimal PI criterion was
determined with the Youden’s index (Youden, 1950)
modified for prevalence and costs by Perkins and
Schisterman (2006), using the percentage change
values between baseline and the respective assessment
time as predictor for reliable deterioration. The relative
costs of a false negative compared to a false positive
classification were weighted by the factor five and a
deterioration prevalence of 10% (Hansen et al.,
2002) in psychotherapy was assumed. Except for the
percentage change value, this approach modification
was conceptualized identically to the original PI
approach described above. By calibrating the optimal
change value using our archive data, the ROC curve-
based PI approach is, strictly speaking, no longer a
genuine rational rule. It can rather be seen as a
hybrid approach combining empirical and rational
components.

Empirical Decision Rules

Preliminary analysis. Before the development
of the empirically based feedback systems, another
preliminary analysis to identify the predictors to be
used in these models was conducted. The two-step
procedure previously employed by Lutz et al.
(2019) and Miitze et al. (2022) was followed. First,
41 potential prediction variables of pre to post
improvement on the GSI-BSI, controlled for initial
impairment, were examined. Next, all significantly
correlating variables were included in a Least Absol-
ute Shrinkage and Selection Operator (LASSO)
regression model to select the most predictive vari-
ables to optimize model interpretation and protect
against overfitting (Tibshirani, 1996). The LASSO
linear regression model for continuous outcome
was fitted using 10-fold-cross validation.

With both empirically based approaches, the orig-
inal ETR and NN, multilevel growth curve models
were used to model individual treatment trajectories
with treatment session (level 1) nested within
patients (level 2). In accordance with prior research
on the negatively accelerating relationship between
the number of sessions and treatment outcome in
psychotherapy (Howard et al.,, 1986), a base-10
log-linear transformation on session number was
used. The main difference between the two empirical
approaches thus lies in the use of predictors, which is
described below. Different failure boundaries were
calculated according to Lutz et al. (1999). If the

observed course of treatment deviated from the
expected one at least once during the course of treat-
ment by more than the upper boundary of the two-
tailed 50%, 68%, 80%, 90% or 95% failure bound-
ary (see Bone et al., 2021; Delgadillo et al., 2018;
Finch et al., 2001; Lutz et al., 1999, 2019), patients
were considered at risk for negative treatment
outcome and labeled as NOT. Multiple failure
boundaries were tested to identify the one with the
highest detection rate given our sample.

ETR approach. After the preliminary analysis,
the model described by Lutz et al. (1999), adapted
for the predictors selected, was calculated. Patients’
treatment progress was modeled using a multilevel
fixed intercept and random slopes model. Predictors
were entered in the level 2 model, initial impairment
on the GSI-BSI serving as single intercept predictor.
All interval scaled predictors were grand mean cen-
tered. Given that baseline GSI-BSI is used as first
measurement point, it extracts all reliable variation
when entered in the level 2 model predicting inter-
cept (Lutz et al., 1999, 2005). Hence, no random
effect was included.

NN approach. For the NN approach, a dissimi-
larity matrix using Gower’s coefficient (Gower,
1971) was calculated to be able to include categorical
predictors for the identification of a patient’s most
similar cases (i.e., NN). This resulted in distances
between patients ranging from 0 indicating a com-
plete overlap and 1 as maximal dissimilarity possible.
Taking again prior research into consideration, base-
line GSI-BSI was weighted double compared to the
other predictors* because of its assumed high predic-
tive value (Lutz et al.,, 2019, prioritizing initial
impairment in the NN selection process). Sub-
sequently, the 30 patients with the lowest dissimilari-
ties were selected as NN (Miitze et al., 2022). In
contrast to the ETR approach, individual treatment
courses were then modeled using an unconditional
fixed intercept random slopes growth model based
solely on the index patient’s NN subset. The index
patient’s slope was calculated as the average slope
of its NN (Lutz et al., 2005, 2006).

Results
Preliminary Analyses

Out of 22 variables correlating significantly with pre
to post improvement on the GSI-BSI, 5 were
selected by the conservative LLASSO procedure.
Unstandardized regression weights were obtained
from a general linear model predicting pre to post



improvement. Initial impairment (b= 0.59, p <.001)
was the strongest predictor. Additionally, previous
inpatient treatment (b=-0.10, p<.001), intrinsic
treatment motivation (b=0.06, p <.001), a person-
ality disorder (b =-0,17, p<.001), and a patient’s
overall number of diagnoses (b=-0.06, p<.001)
were selected, with the final model explaining 38
percent of variance (see Supplemental material 5).

In terms of the ROC-based determination of the
percentage change criterion, a deterioration of
35.24% was found to be optimal for the detection
of treatment failures. Hence, the modified PI
approach will be referred as PIss5 ,4 approach in the
following.

Comparison of Rational and Empirical
Decision Rules

Regarding the complete sample, 110 patients (3%)
reliably deteriorated during treatment while 1341
patients (36%) showed at least reliable improvement
at the end of therapy. This corresponds to an overall
effect size of dprepose=0.75 [0.71;0.78], with an
average improvement from M;..=1.17 (SDye =
0.68) to Mo =0.70 (SDpose = 0.59), which can be
considered as moderate effect (Ellis, 2010).

The prediction accuracy of the reliable deterio-
ration cases by the decision rules is shown in Table
I. For better clarity, only the failure boundaries
with the highest sensitivity and specificity or PPV
values for the empirical methods are displayed.
Further details on the ETR model can be found in
Supplemental material 6, results for the other
failure boundaries in Supplemental material 7. For
both the NN and ETR method, the 50% failure
boundaries showed the highest sensitivity with
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regard to the prediction of reliable deterioration,
the NN method being slightly more sensitive (.87
vs .81 for the ETR method). Here, 96 out of 110
cases were correctly identified as NOT during treat-
ment, resulting in the highest true positive rate
(87.3%) of all decision rules, outperforming the
ETR-based boundaries as well as the rational
decision rules. As for specificity, the 95% failure
boundaries of both empirical methods showed the
highest rates. However, the overall highest specificity
was shown by the rational RCI approach, with only
130 cases (3.6%) falsely labeled as NOT. Corre-
spondingly, the RCI approach also showed with .30
a significantly higher PPV than all other approaches.
The positive (.07-.30) and negative predictive values
(.98-.99) of all investigated rules were low and very
high, respectively. Of the selected approaches, the
PIs5,4 approach had the highest AUC value, fol-
lowed by the original rational PI and the empirical
NN approach with a 50% failure boundary
(NN5spo,). Differences to the other rules were,
however, not significant.

For the rational approaches, the time difference
between the first NOT signal given by the approach
and the treatment outcome assessment were calcu-
lated for the true positive cases. A mean time differ-
ence of M, -5¢=28.57 treatment sessions (SD=
14.48) for the RCI approach and M,, - ;5= 30.00 ses-
sions (SD =15.69) for the PI approach were found.

Table II shows the reliable improvement and
deterioration rates of OT and NOT cases, cases
being differentiated by the respective decision rule.
The probability for NOT cases to be reliably deterio-
rated by the end of treatment was significantly higher
in every decision rule and failure boundary condition
compared to OT cases. Accordingly, the probability
for NOT cases to be reliably improved was

Table I. Contingency table indices and associated evaluation parameters for the rational and empirical decision rules (and failure

boundaries).
Approach TP n (%) FNn (%) FPn (%) TN n (%) Sensitivity [CI] Specificity [CI] PPV? [CI] NPV [CI] AUC [C]]
PI
50% 78 (70.9) 32 (29.1) 619 (17.0) 3029 (83.0) .71 [.62;.79] .83 [.82;.84] .11 [.09;.14] .99 [.99;.99] .77 [.73;.81]
35.24% 90 (81.8) 20 (18.2) 727 (19.9) 2921 (80.1) .82 [.73;.89] .80 [.79;.81] .11 [.09;.13] .99 [.99;.99] .81 [.77;.85]
RCI 56 (50.9) 54 (49.1) 130 (3.6) 3518 (96.4) .51 [.42;.61] .96 [.96;.97] .30 [.245.37] .99 [.98;.99] .74 [.69;.78]
NN
50% 96 (87.3) 14 (12.7) 1220 (33.4) 2428 (66.6) .87 [.80:.93] .67 [.65;.68] .07 [.06;.09] .99 [.99;.99] .77 [.74;.80]
95% 56 (50.9) 54 (49.1) 308 (8.4) 3340 (91.6) .51 [.41;.61] .92 [.91;.92] .15 [.12;.20] .98 [.98;.99] .71 [.67;.76]
ETR
50% 89 (80.9) 21 (19.1) 1103 (30.2) 2545 (69.8) .81 [.72;.88] .70 [.68;.71] .08 [.06;.09] .99 [.99;.99] .75 [.72;.79]
95% 54 (49.1) 56 (50.9) 260 (7.1) 3388 (92.9) .49 [.39;.59] .93 [.92;.94] .17 [.13;.22] .98 [.98;.99] .71 [.66;.76]

Note: N =3758. TP = True Positive, patients identified as NOT meeting the criterion of reliable deterioration at the end of treatment. FN =
False Negative, FP = False Positive, TN = True Negative. PPV = positive predictive value, NPV = negative predictive value. AUC = Area
under the curve. CI =95% confidence interval. PI = precent improvement approach, RCI = reliable change index approach, NN = nearest
neighbors method, ETR = expected treatment response approach. Indented percentages for NN and ETR represent failure boundaries.

*TP / (TP + FP).
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Table II. Relative frequencies of reliable improvement, deterioration and, effect sizes from pre to post treatment for OT and NOT patients
by rational and empirical decision rules (and failure boundaries).

Reliable improvement Reliable deterioration Cohen’s d [CI]?

Approach  OT#zn (%) NOT (%) x*>(df=1) OTn (%) NOTxn (%) x*(df=1) oT NOT

PI
50% 1291 (42.2) 50 (7.2) 303.07*** 32 (1.0) 78 (11.2) 205.66***  0.94 [0.90;0.98] —0,11 [—0.18;—0.04]
35.24% 1277 (43.4) 64 (7.8) 352.82*** 20 (0.7) 90 (11.0) 240.39***  0.98 [0.94;1.02] —0,08 [-0.14;—-0.01]

RCI 1319 (36.9) 22 (11.8)  48.52** 54 (1.5) 56 (30.1)  508.79*** 0.81 [0.78;0.85] —0,35 [-0.51;—-0.20]
NN
50% 995 (40.7) 346 (26.3)  77.48** 14 (0.6) 96 (7.3)  135.97"**  1.03 [0.98;1.08] 0.37 [0.32;0.43]
95% 1274 (37.5) 67 (18.4)  52.42"* 54 (1.6) 56 (15.4)  220.13** 0.83 [0.80;0.87]  0.05 [-0.05;0.16]
ETR
50% 1012 (39.4) 320 (27.6)  49.70°** 21 (0.8) 80 (7.5)  126.60***  0.99 [0.95;1.04] 0.40 [0.34;0.46]
95% 1261 (36.6) 80 (25.5)  15.55"** 56 (1.6) 54 (17.2) 245.56*** 0.85 [0.81; 0.89] 0.14 [0.03;0.25]

Note: N =3758. OT = on track, NOT = not on track. d = effect size pre to post treatment. ***p <.001. CI=95% confidence interval. PI=
precent improvement approach, RCI = reliable change index approach, NN = nearest neighbors method, ETR = expected treatment
response approach. Indented percentages for NN and ETR represent failure boundaries.

*Negative effect sizes indicate higher impairment at the end of treatment.

significantly smaller than for OT patients for all Depressive Disorder Subsample Analysis
decision rules, with the most substantial difference
shown by the Plss5,4 approach (7.8% vs 43.4%)
slightly ahead of the original PI approach. A similar
pattern can be seen in terms of the pre to post treat-
ment effect sizes of NOT and OT patients. While the
effect sizes of NOT patients can all be considered
small, similarly large effects were found for OT
patients across all decision rules. The biggest differ-
ences in effect sizes between OT and NOT cases
were found in the rational approaches with Ad=
1.16 for the RCI, and Ad=1.05 for the 50% and
1.06 for the 35.24% PI approach, respectively. For
the NOT cases, effect sizes were differentiated
depending on the number of signals received
(Table III). The effect sizes become smaller or even
negative as the number of signals increases.

The results of the BDI subsample analysis are pre-
sented at length in Supplemental materials 8 and
9. All approaches were less sensitive when using an
external outcome measure, NNj5qo, continuing to
have the highest sensitivity at .79. For the rational
rules, differences in sensitivity between the main
and BDI sample were .12 for the PI and .18 for the
RCI approach. The empirically optimized Plss 4
showed a difference of .18 equal to the RCI
approach. Regarding the empirical rules, ETR5qq,
showed with .04 the smallest difference and NNyse,
with .19 the biggest. There were only marginal differ-
ences in terms of specificity. The biggest drop in PPV
is seen in the RCI approach from .30 to .14. The
biggest effect size differences between OT and

Table III. Effect sizes from pre to post treatment for NOT cases differentiated by the number of signals received over their course of
treatment.

Approach 1 Signal d [CI]? 2 Signals d [CI] 3+ Signals d [CI]
PI
50% 0.02 [-0.07;0.10] —0.28 [-0.43;—0.12] —0.69 [-0.99;—0.39]
35.24% 0.05 [~0.02;0.12] —0.24 [-0.37;—0.11] ~0.69 [0.96;—0.41]
RCI —0.22 [-0.39; —0.05] —0.66 [—1.05;—0.26] —1.34 [-2.14;-0.54]
NN
50% 0.47 [0.4050.54] 0.25 [0.15;0.36] 0.21 [0.04;0.38]
95% 0.14 [0.03;0.25] —0.15 [-0.43;0.14] —0.71 [-1.43;0.02]
ETR
50% 0.51 [0.43;0.58] 0.25 [0.14;0.36] 0.2 [-0.01;0.41]
95% 0.18 [0.0650.30] 0.11 [-0.20;0.43] —0.32 [-1.03;0.40]

Note: N=3758. NOT =not on track. d = Cohen’s d, effect size pre to post treatment. CI =95% confidence interval. PI = precent
improvement approach, RCI = reliable change index approach, NN = nearest neighbors method, ETR = expected treatment response
approach. Indented percentages for NN and ETR represent failure boundaries.

*Negative effect sizes indicate higher impairment at the end of treatment.



NOT cases using the BDI as outcome measure are
shown by the rational approaches with Adp;=0.79
and AdRCI =0.89.

Discussion

In the present study, two empirical, two rational, and
a hybrid decision rule for providing feedback regard-
ing a patient’s treatment course were investigated,
and compared on the basis of intermittent ROM.
Consistent with previous research, the empirical
decision rules were found to be superior to the
rational rules. With the highest detection rate of
NOT cases (87.3%), the best result could be
achieved using the NN-based rule with a 50%
failure boundary (NNsq¢,). When comparing the
rational rules, the PI was found to be superior to
the RCI approach with regard to sensitivity. By
using the “optimal” percentage change value of
35.24% determined by means of ROC curve analysis
instead of the established 50%, the PI approach
became more sensitive towards the detection of treat-
ment failures. The hybrid PI35 ,4 approach also had
the highest value in terms of the AUC. But with a
true positive rate of 70.9% and 81.8% respectively,
the hit rates of the PI approaches were still (substan-
tially) lower than with the empirical NN method.
To address the question on how the reduction of
the monitoring frequency affects the accuracy of the
decision rules, we consulted the previous studies
comparing rational and empirical decision rules.
Since these studies evaluated well-established and
widely used decision rules, they will serve as a bench-
mark for our findings. The idea is that our results
should be comparable to those based on session-to-
session based approaches, since a substantially
poorer detection rate has no benefit for clinical prac-
tice even with a facilitated implementation. Whereas
Lambert et al. (2002) reported a substantially higher
predictive accuracy of their empirical decision rule
with a hit rate (i.e., true positives) of 100% compared
to those examined in our study (NNs5q¢, = 87.3% and
ETRs500, =80.9%), similar hit rates to ours were
found in the replication (81.2%; Spielmans et al.,
2006). However, in our case, considerably more
patients were incorrectly labeled as NOT by the
empirical rules (18.0% and 19.1% vs NNsqo, =
33.4% and ETRs5p0, =30.2%). At last, in the direct
comparison of the NN-based models, our replication
on the intermittent ROM structure showed higher
sensitivity values (NNs5qo, = .87 vs .68), while main-
taining comparable specificities (NNs5qo, =.67 Vs
.68; Lutz et al., 2006). Corresponding to the empiri-
cal rules, the PI approach examined in this study
showed once lower (80.6%; Lambert et al., 2002)
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and once quite similar (68.7%; Spielmans et al.,
2006) hit rates in the comparison of the rational
rules (PI1=70.9%). However, there was a difference
with respect to the false positive rate, which was (con-
siderably) lower for the PI approach in both cases (PI
=17.0% vs 20.8% and 39.6%). Finally, Lutz et al.
(2006) reported a lower performance of the rational
rule in both accuracy measures (sensitivity: .71 vs
.57; specificity: .83 vs .66). In addition, the data-
driven reduction of the PI criterion to 35.24% led
to increased hit rates, which are within the range of
the results of the rational rule reported by Lambert
et al. (2002) and the empirical rule of Spielmans
et al. (2006).

In summary, the above comparisons indicate that
even based on an intermittent ROM structure,
deteriorations during treatment can be detected to
a comparable extent. This points to the applicability
and thus the potential of the methods investigated,
especially NN and PI, for routine clinical care.

Strengths and Limitations

As outlined above, we selected sensitivity rather than
specificity or the PPV and NPV as main prediction
target. However, all highly sensitive rules produced
a considerable percentage of false warning signals
(17.0-33.4%). Especially considering the therapists’
reported fears of negative assessment (de Jong,
2016), a feedback system should not excessively
label cases incorrectly as NOT. A worst-case scenario
would be that a high number of false warning signals
could lead to them being ignored by practitioners
(Spielmans et al., 2006). Here in particular, the com-
prehensibility and communicability of the rational PI
approach could be an advantage for both therapists
and patients. Even if eventually no deterioration
occurs, it would be clear to therapists and patients
that a 50% worsening of symptoms during therapy
is meaningful and should be addressed.

Looking at the PPVs as a further evaluation par-
ameter, all values can be interpreted as low. The
highest PPV was achieved by the rational RCI rule
with .30. Nevertheless, even this PPV indicates that
of all patients who received a NOT signal, ultimately
only 30% show a deterioration. As positive and nega-
tive predictive values are sensitive to imbalanced
data, the low (or very high) values could be influ-
enced by the low prevalence of deterioration cases
in our sample (Tharwat, 2021). At 3%, it is slightly
below the frequently reported 5-10% (Hansen
et al., 2002). This might be because the therapists
in training who provided most of the treatments in
the outpatient clinic received mandatory supervision
every fourth session, including the regular review of



10 S. Ramsperger et al.

treatment videos. The supervision could have had a
positive effect on the treatment outcomes (Bambling
et al., 2006), thus reducing the rate of treatment fail-
ures. The application of the presented approaches in
samples with higher prevalence rates could be ben-
eficial for the further investigation of the PPVs.

The low precision of the feedback approaches also
highlights two important aspects. First, thorough
training of therapists and accompanying supervision
are required so that therapists can understand the
feedback system and correctly interpret warning
signals. Second, clinical judgment remains crucial
and should be complemented but not replaced by
the feedback system (Castonguay et al., 2013).
Warning signals and psychometric scores should
not be regarded as absolute certainties, but rather
be openly discussed as an impulse in therapy (e.g.,
as a gateway to previously unaddressed topics) and
evaluated jointly by the patient and therapist.

In this sense, it might also be worth looking at the
relative frequencies of reliable improvement and
effect sizes for NOT and OT patients to better
assess the magnitude of a signal. The probability to
be reliably improved at the end of treatment for
patients identified as NOT by all empirical
approaches was a little less than half of the prob-
ability for other patients. This corresponds to
reported rates in previous feedback studies (e.g.,
Lutz et al., 2019; Spielmans et al., 2006). An even
clearer difference can be seen with the rational
approaches. NOT cases selected by the PI approach
reached the reliable improvement criterion about six
times less frequently (42.2% vs 7.2%). Despite its
data-based optimization, the Pls5,4 approach
achieved only marginally better results. Looking at
the effect sizes, we find similar patterns with con-
siderable differences between NOT and OT patients.
While NOT patients with a signal generated by the
empirical approaches (esp. NNogso,) achieved on
average only small effects in treatment, the NOT
patients labeled by the rational rules even exhibited
negative effect sizes, in the sense of a higher
symptom burden at the end of therapy. Thus, all
but in particular the rational approaches can reliably
differentiate between satisfactory and unfavorable
treatment courses. If a patient receives two or even
more signals, the treatment effects become increas-
ingly unfavorable and should be addressed with
greater urgency.

To our knowledge, the present study was the first
to use the PI criterion as a rational rule for generating
warning signals. Since, in line with previous research,
the 50% deterioration criterion was supplemented by
the criterion of reliable deterioration, the PI
approach can be seen less as an exclusive new
alternative than as an extension of the more often

used RCI approach. Interestingly, the PI approach
proved to be significantly more sensitive in detecting
negative treatment outcomes than the RCI approach
alone, showing the potential of this approach. In pre-
vious research, the PI criterion was limited to the
pathological range of a given psychometric scale
(see Schlagert & Hiller, 2017b). Despite our efforts
to develop an evidence-based, practice-oriented,
and easy to use decision rule, we had to deviate
from the previous established conceptualization due
to a considerable proportion of patients with a non-
pathological baseline value in our sample (20%).
Similar proportions have been reported in other
samples (e.g., 29% in Rubel et al., 2015), suggesting
that our modification is necessary to make the PI
approach broadly applicable.

By using ROC curve analysis, accounting for the
relative cost of a false negative classification and the
deterioration base rate of 10%, an optimal percen-
tage change value of 35.24% was determined. The
increase in sensitivity compared to the PI approach
using the established 50% criterion indicates the
potential of this modified criterion. With regard to
the additional evaluation parameters, however, the
ROC curve-based calibration of the PI criterion
loses some of its added value. The Pls5,4 approach
only differentiated between OT and NOT cases by
Ad=0.01 better than the original PI approach.
Moreover, the sensitivity of the PI approach
improved only marginally using the modified percen-
tage value in the subsample analysis. It should also be
noted that the selection of the weight of the relative
costs for a false negative classification was not empiri-
cally grounded. In this regard, Perkins and Schister-
man (2006) themselves point out that the costs are
often difficult to assess. Overall, the results of the
modified Pls5,4 approach indicate that more
research is needed. It remains to be evaluated
whether the data-based optimization will prove to
be generalizable and thus beneficial, also considering
that the striking simplicity of the PI criterion gets lost
to some extent. Further optimization might be
achieved by adjusting the weighting of the relative
costs.

One of the limitations of the present study con-
cerns the use of the reliable deterioration criterion
in both rational, and the hybrid approach (as an inde-
pendent rule and supplement) as well as for the
assessment of treatment outcomes. We chose the cri-
teria by Jacobson and Truax (1991) for treatment
outcome evaluation as they are widely used in clinical
research, in particular for the evaluation of feedback
(e.g., Lutz et al., 2006). Given an average of (almost)
30 sessions, there was a considerable time gap, in
which a great deal of change can occur between the
first signals provided by rational approaches and



outcome assessment. Still, the present results might
be biased to the advantage of the rational approaches.
To address this potential bias, we selected effect
size differences as an additional RCI-independent
evaluation criterion. In this regard, the rational
approaches perform particularly well (see above).
Furthermore, we carried out the subsample analysis
using the BDI as additional outcome measure. In
regard of sensitivity, the decrease from the main to
the subsample of the rational approaches was com-
parable to the empirical (RCI and PIs5,4 approach
similar to the 95%, original PI approach similar to
the 50% failure boundaries). In contrast, the RCI
approach showed a more substantial drop in PPVs
compared to the other rules. Although the RCI
approach still had the highest PPV, this could indi-
cate a bias. Overall, the inconclusive results of the
subsequent analysis as well as the singular nature of
our findings limit the generalizability of our results.
Accordingly, a replication and validation of the
rational rules in different treatment settings using
various outcome measures is needed. Balancing
costs and benefits of the rational (e.g., immediate
implementation possible, less psychometric knowl-
edge and training required vs lower detection rates)
and empirical decision rules (e.g., large amounts of
data necessary, higher software requirements,
advanced  statistical-methodological knowledge
needed vs higher detection rates), the PI approach
combining the PI and RCI method could neverthe-
less be a useful transitional solution due to its satis-
factory results until sufficient amounts of data are
available to compute the NN-based empirical rule.
In terms of the empirical approaches, this study
also has limitations. Using LASSO regression, five
variables were identified to predict treatment
outcome: Initial impairment (on the GSI-BSI), pre-
vious inpatient treatment, intrinsic treatment motiv-
ation, a diagnosed personality disorder, and overall
number of diagnoses. The predictors identified are
in line with previous research (e.g., Huibers et al.,
2015; Lutz et al., 2019; Lutz, Rubel, et al., 2015;
Muiitze et al., 2022), indicating their generalizability.
However, evidence on dynamic prediction models
and dynamic failure boundaries indicate that the pre-
dictive accuracy can be improved by adding infor-
mation from subsequent treatment sessions and
early change information (Bone et al., 2021; Lutz
et al., 2005, 2019). Thus, the restriction to baseline
variables could limit the predictive accuracy of the
models. Future studies should therefore investigate
the effect on prediction accuracy of the basic feed-
back systems by including progress information.
Keeping the goal of a facilitated implementation in
mind, the additional benefit should be balanced
with the increased complexity of the models. In this
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sense, potential parameters for a further simplifica-
tion should also be explored. In line with previous
research, we selected 30 patients with the lowest dis-
similarities as NN (Lutz et al., 2019; Mitze et al.,
2022). Nevertheless, it has been shown that the per-
formance of the NN model varies only marginally
with the number of nearest neighbors used (Lutz
et al., 2005, comparing numbers of 10-50 neigh-
bors). Accordingly, the applicability of models with
fewer NN (e.g., 10; Lutz et al., 2006) to our intermit-
tent ROM structure should be tested. Moreover, in
accordance with previous findings, initial impair-
ment (on the GSI-BSI) explained by far the largest
amount of variance in treatment outcome in our
study. Empirical models based on a large number
of predictors could complicate their implementation
in routine clinical care, as their standardized assess-
ment requires time. Subsequently, future studies
might also include models such as the alternative
ETR approach by Finch et al. (2001), which are
based solely on the baseline score of the monitoring
instrument, on which the feedback system is based.

Analogous to current ETR-based feedback
systems, including those we replicated and validated
on the intermittent ROM structure, we also modeled
the course of therapy according to the dose-response
model for psychotherapy (Finch et al., 2001; Lutz
et al., 2005, 2019). Although replicated and consist-
ent support can be found for the curvilinear relation-
ship between treatment length and outcome, there is
evidence for different response trajectories in sub-
groups of patients (e.g., with more chronic or
severe psychopathology; Robinson et al., 2020). On
an individual level, treatment trajectories also
appear to be highly variable and heterogeneous. For
instance, Dyason et al. (2021) identified constant
(no change) and linear as the most common patterns
of change whereas only 3% of patients followed the
dose-response models’ negative accelerating course
in their sample. Overall, there is little research avail-
able with respect to long-term psychotherapies. So
far, findings are rather inconsistent, with indications
for a linear (Nordmo et al., 2021), but also for a cur-
vilinear course (Sembill et al., 2019). Thus, to
further improve the accuracy of the empirical feed-
back approaches, especially for long-term psy-
chotherapies, a more individualized or subgroup-
dependent modulation (e.g., primary diagnosis
dependent) of treatment trajectories could be per-
formed in future studies.

To achieve a broader implementation of monitoring
and feedback in clinical practice, we have chosen the
approach of reducing the assessment frequency. In
our case, the assessment times were adapted to the
number of sessions for short- and long-term CBT
treatments provided by the health care and insurance
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system in Germany. However, this also has its draw-
backs for research and practice. In practice, the
decision support provided by the feedback system
decreases and unfavorable treatment courses may be
detected more slowly. A higher monitoring frequency
in the first phase of treatment (e.g., an additional
assessment at session 5) could bring additional
benefit, as early treatment trajectories and changes
in particular appear to have a high predictive value
regarding treatment outcome (Rubel et al., 2015;
Schlagert & Hiller, 2017a). At the same time, data
gathered through repeated measurements are less
useful for practice-oriented research compared to
those based on session-to-session assessments (Lutz
et al., 2022). Also, on a theoretical level, a higher
monitoring and thus feedback frequency is associated
with a higher feedback effectiveness (see Contextua-
lized Feedback Intervention Theory; Sapyta et al.,
2005). However, in a more recent meta-analysis by
de Jong et al. (2021), no significant differences were
found between continuous and intermittent feedback.
Feedback frequency thus represents an interesting
moderator that should be explored in more detail in
future research. To further investigate the influence
of a reduced feedback frequency, as it was used in
our study, ideally a session-to-session and a less fre-
quent feedback should be directly compared in a ran-
domized controlled trial. Besides the efficacy itself (in
terms of reduced deterioration rates or overall
improved treatment outcomes), the acceptance of
the feedback systems by practitioners and patients as
well as the perceived benefit for clinical practice
should be considered, too.

Practical Implications

To counterbalance the shortcomings (i.e., low sensi-
tivity and specificity or PPV, respectively) of the
investigated approaches and failure boundaries, the
use of two distinct warning signals could be useful
in practice (see Lambert et al., 2002, also using mul-
tiple warning signals). In the context of the empirical
decision rules, the 50% failure boundary could be
assigned a yellow warning signal. In this way, its
high detection rate is used, while at the same time
taking its FP rate into account. As a supplement,
the 95% failure boundary could then be provided
with a red warning signal. Due to the failure bound-
ary’s high specificity, an urgent need for intervention
can be assumed in this case. Correspondingly, a
yellow warning signal could be used for the 50%
(or 35.24%) deterioration criterion (high sensitivity)
and a red signal for reliable deterioration (RCI
approach; highest specificity and PPV) within the
scope of the rational rules.

Conclusions

We evaluated and compared two well-established
empirical, two genuine, and one hybrid rational
decision rule as basis for a scaled-down feedback
system on a naturalistic outpatient sample. The
results suggest that the empirical decision rules that
are commonly based on session-by-session ROM are
generalizable to a less-frequent monitoring structure.
Benchmarking our results with those of previous
research on session-to-session based feedback, satis-
factory detection rates and prediction accuracies
could be achieved. Thus, the present study demon-
strated an opportunity that could enable a broader
implementation of feedback systems in clinical prac-
tice, reducing the current gap between research and
practice. In accordance with previous research, the
empirically based decision rules (especially NN5q0,)
outperformed the rational rules. Still, the first time
used PI approach, combining PI- and RCI-based
decision making, might be a good (transitional) sol-
ution for clinical practice due to its also satisfactory
results. The use of the empirically optimized PI cri-
terion could lead to further improved results.
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Notes

Lutz et al. (2006) using the shortened OQ-30.

The RCI was calculated using the following formula (Jacobson
& Truax, 1991), with SD; defined as the standard deviation of
the reference population and r, as the reliability of the question-
naire:

N

RCI = 1.96 x \/2 % (SD; x V1= 1)

The cutoff between the pathological and non-pathological range
was calculated using formula c for unequal variances in the func-
tional and dysfunctional populations by Jacobson and Truax
(1991):

[

cutoff = —SD0M1 + SDiMo
SDy + SD;

with M, and SD, standing for the mean and standard deviation
in the non-pathological reference sample and M; and SD, for
the pathological sample, respectively. For the BSI-GSI, M, =
1.32 and SD, = 0.72 from the representative outpatient sample
and My =0.31 and SD,=0.23 from the adult sample reported
in the manual by Franke (2000) were taken.

4 The NN approach without double weighting of the BSI-GSI
baseline score resulted in only marginal differences in the detec-
tion of NOT cases.
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