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a b s t r a c t

Background: This study aimed to identify patient characteristics associated with poor outcomes in
psychological therapy, and to develop a patient profiling method.
Method: Clinical assessment data for 1347 outpatients was analysed. Final treatment outcome was based
on reliable and clinically significant improvement (RCSI) in depression (PHQ-9) and anxiety (GAD-7)
measures. Thirteen patient characteristics were explored as potential outcome predictors using logistic
regression in a cross-validation design.
Results: Disability, employment status, age, functional impairment, baseline depression and outcome
expectancy predicted post-treatment RCSI. Regression coefficients for these factors were used to derive a
weighting scheme called Leeds Risk Index (LRI), used to assign risk scores to individual cases. After
stratifying cases into three levels of LRI scores, we found significant differences in RCSI and treatment
completion rates. Furthermore, LRI scores were significantly correlated with the proportion of treatment
sessions classified as ‘not on track’.
Conclusions: The LRI tool can identify cases at risk of poor progress to inform personalized treatment
recommendations for low and high intensity psychological interventions.

© 2016 Elsevier Ltd. All rights reserved.
1. Introduction

Although psychological interventions for mental health prob-
lems can be helpful for many people, not all patients have the same
response to treatment. For example, researchers have observed that
some patients (approximately between 15% and 45%) do not
experience clinically significant improvement following treatment
(Hansen, Lambert, & Forman, 2002) and up to 10% of cases actually
deteriorate (Lambert & Ogles, 2004). Thus, it is important to find
ways to identify and manage cases at risk of poor outcomes. This
concern is at the heart of patient focused research, which seeks to
develop decision rules and methods to enhance outcomes for in-
dividuals (Lutz, 2002). Two notable approaches within this line of
research include outcome tracking and patient profiling.

Outcome tracking involves gathering relevant psychometric
measures throughout treatment and using these to compare an
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individual patient's progress against normative data from a clinical
population. Typically, data from cohorts of patients with the same
intake scores on psychometric measures are aggregated to derive
expected treatment response (ETR) norms (e.g. see Finch, Lambert,
& Schaalje, 2001; Lambert et al., 2002; Lueger et al., 2001; Lutz,
Martinovich, & Howard, 1999). Patients whose current scores
denote a level of impairment which is outside of the ETR norms are
classified as ‘not on track’ (NOT). Outcome ‘feedback’ involves
alerting clinicians about cases that are identified as NOT, which can
prompt a review of therapy and the application of clinical decision
rules to prevent poor outcomes (Harmon et al., 2007; Whipple
et al., 2003). A number of reviews and meta-analyses concur on
the usefulness of outcome tracking and feedback as a means of
improving outcomes for individual patients (Carlier et al., 2012;
Castonguay, Barkham, Lutz, & McAleavey, 2013; Knaup, Koesters,
Schoefer, Becker, & Puschner, 2009; Lambert et al., 2003;
Shimokawa, Lambert, & Smart, 2010).

Patient profiling, on the other hand, involves predicting out-
comes for individual patients based on their unique characteristics,
presentation and life context. Patient profiling is founded on the
observation that even patients with the same diagnosis can vary
widely in other demographic and clinical characteristics (Garfield,
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1996; Kiesler, 1966). But just how important is variability in
patient-factors when it comes to treatment outcomes? In a review
on this subject, Garfield (1994) noted that baseline severity of
psychopathology, pre-treatment expectancies and response during
the early stages of therapy seemed to be plausible clinical outcome
predictors. Since then, numerous other investigations have been
published, examining the predictive utility of variables such as co-
morbidity of mental disorders (Hoyer et al., 2014; Karlsson et al.,
2008; Licht-Strunk et al., 2009; van Beljouw, Verhaak, Cuijpers,
van Marwijk, & Penninx, 2010), personality disorders (Goddard,
Wingrove, & Moran, 2015; Meyer, Pilkonis, Proietti, Heape, &
Egan, 2001; Reich, 2003), baseline functioning and impairment
(Frank et al., 2011), ‘chronicity’ or problem duration (Clark et al.,
2009; Hamilton & Dobson, 2002; Karlsson et al., 2008; Richards
& Borglin, 2011), family history of mental health problems
(Dowrick et al., 2011a; Licht-Strunk et al., 2009), prior treatment
episodes (Dobson et al., 2008; Lorenzo-Luaces, DeRubeis, & Webb,
2014; Lutz, Leon, Martinovich, Lyons, & Stiles, 2007), socioeco-
nomic status (Self, Oates, Pinnock-Hamilton, & Leach, 2005), and
pre-treatment expectancies (Constantino, Arnkoff, Glass,
Ametrano, & Smith, 2011; Dowrick et al., 2011b; Grilo et al., 1998;
Lutz et al., 2007; Swift & Callahan, 2011). In spite of the burgeon-
ing research on patient-factors, it is still unclear how specific factors
are weighted (e.g. strength of association) with respect to other
possibly informative characteristics. Therefore, studies with large
sets of variables and weighting schemes are necessary to advance
this literature.

Practical applications of the above research findings are much
less common. Bridging between the outcome tracking and patient
profiling approaches, Lutz and collaborators (1999, 2001, and 2005)
applied multilevel modelling in large clinical datasets to estimate
individual patients’ expected trajectory of improvement across
sessions as a function of their pre-treatment clinical characteristics.
More recently, DeRubeis et al. (2014) generated a personalized
advantage index (PAI), which uses patient characteristics to ascer-
tain which of two available treatments may be more advantageous
to individual patients (DeRubeis et al., 2014; Huibers et al., 2015).
Although the usefulness of the PAI method is yet to be tested
prospectively, this important work presages the future possibility
of individualized treatment recommendations. Still, further evi-
dence is needed to determine which and howmany pre-treatment
variables are necessary to accurately predict treatment outcomes
(Lutz et al., 2005; Lutz et al., 2006; Rubenstein et al., 2007).

With this backdrop of emerging evidence, the present studywas
based on three objectives. (1) To determine the prognostic accuracy
of several patient characteristics gathered as part of intake as-
sessments in a primary care mental health setting. (2) To construct
a patient profiling tool that could be used in routine practice. (3) To
examine the clinical utility of the patient profiling tool.

2. Methods

2.1. Setting and participants

This study used anonymous clinical records for 1347 outpatients
who accessed psychological treatment in a primary care mental
health service in the North of England which was aligned to the
national Improving Access to Psychological Therapies (IAPT) pro-
gramme. IAPT services offer a range of evidence-based in-
terventions for depression and anxiety organised in a stepped care
model (Clark et al., 2009) in accordance with clinical guidelines
(National Institute for Health and Care Excellence, 2011). In this
model low intensity treatments (Step 2 in the treatment pathway)
are offered as a starting point for patients with mild-to-moderate
conditions; these involve teaching and supporting patients to
apply self-help strategies based on cognitive behavioural therapy
(CBT) principles. These interventions typically last between one
and eight sessions, they rely on didactic materials, and are sup-
ported by qualified mental health practitioners. High intensity
psychological interventions are considered the next step up in the
model (Step 3); they are often lengthier (e.g. up to 20 sessions) and
are offered to those who have not derived benefit from low in-
tensity care or those with more severe clinical presentations. Step 3
interventions included CBT, interpersonal psychotherapy, EMDR,
and counselling for depression.

The mean age in the sample was 37.9 (SD ¼ 14.2); 65.6% were
females; 89.8% were of aWhite British background; and 49.4% were
unemployed (43.3% working, 7.3% full-time students). Primary di-
agnoses were established through semi-structured interviews
supplemented by screening tools for depression and anxiety dis-
orders (IAPT National Programme Team, 2011). The most common
primary problems were major depression (35.1%), mixed anxiety
and depressive disorder (36.4%), generalized anxiety disorder
(12.2%), panic disorder (5.7%), obsessive compulsive disorder
(3.4%), social phobia (2.3%), post-traumatic stress disorder (1.3%),
with other problems accounting for less than 4% of recorded di-
agnoses. Approximately 67.6% of patients in this sample were only
treated at Step 2, and 32.4% accessed Step 3 interventions (67.8% of
whom had CBT).

2.2. Measures and data sources

Two symptom questionnaires were taken as primary outcome
measures, which are consistent with the service's target popula-
tion. The PHQ-9 is a nine-item screening tool for major depressive
disorder (Kroenke, Spitzer,&Williams, 2001). Each item is rated on
a 0 to 3 scale, yielding a total depression severity score between
0 and 27. A diagnostic cut-off � 10 has been recommended for the
detection of major depression, with adequate sensitivity (88%) and
specificity (88%). GAD-7 is a seven-item questionnaire developed to
screen for anxiety disorders (Spitzer, Kroenke, Williams, & Lowe,
2006). Each item is also rated on a 0 to 3 ordinal scale, rendering
a total severity score between 0 and 21. A cut-off score � 8 in this
questionnaire is recommended to identify the likely presence of an
anxiety disorder with adequate sensitivity (77%) and specificity
(82%) (Kroenke, Spitzer, Williams, Monahan, & L€owe, 2007). Both
questionnaires were self-completed by patients on a session-to-
session basis to monitor progress during therapy, and the last
observed measures (for completers and dropouts) were used to
assess final treatment outcomes using intention-to-treat principles.
In this dataset, dropout was defined as a unilateral decision by the
patient to stop attending treatment, and these cases were identified
by a specific variable contained in clinical records.

Potential outcome predictors were grouped into demographic
and clinical factors. All variables were derived from information
gathered as part of 45-min semi-structured assessment interviews
conducted when patients initially accessed the service. De-
mographics included: age; gender; ethnicity; employment status
(employed vs. unemployed); socio-economic status. Following
Paddison et al. (2012), socio-economic status was derived by
matching each patient's home postcode to the Index of Multiple
Deprivation (Department for Communities and Local Government,
2011) and generating a 5-level ordinal variable where higher levels
denoted greater deprivation. Clinical factors characterised the his-
tory and profile of the patient's condition; these included family
history of psychiatric problems; chronicity of mental health prob-
lems (in years and months); number of prior treatment episodes;
chronic physical illness; self-reported disability; and outcome ex-
pectancy. Outcome expectancy was measured using a single
question based on Lutz et al. (2007), rated on a Likert scale (range
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0 ¼ low expectancy, to 10 ¼ high expectancy). Clinical factors also
included baseline symptom severity (PHQ-9, GAD-7) and psycho-
social functioning measured using theWork and Social Adjustment
Scale (WSAS) (Mundt, Mark, Shear, & Griest, 2002).

2.3. Statistical analyses

The analyses were performed in 3 stages which aimed to (1)
identify outcome predictors, (2) to develop a patient profiling and
risk index, and (3) to evaluate the predictive utility of the risk index.

The first stage involved multivariate logistic regression model-
ling based on a backward elimination method. The outcome in
these models was a binary variable which indicated whether or not
patients met criteria for reliable and clinically significant
improvement (RCSI) at the end of treatment, based on the method
outlined by Jacobson and Truax (1991). The outcome variable was
coded 0 ¼ RCSI and 1 ¼ no RCSI, so that the models would predict
the risk of a poor treatment outcome. Separate models for
depression (PHQ-9) and anxiety (GAD-7) were developed applying
the diagnostic cut-offs and reliable change indices described by
Delgadillo et al. (2014). Spurious results can be obtained in large
samples when examining several variables (Altman, Gore, Gardner,
& Pocock, 1983); therefore we applied a series of methods to
enhance the reliability of the analysis. The dataset was randomly
split into an estimation sample (N ¼ 651) and a validation sample
(N ¼ 696). The analysis was initially performed in the estimation
sample entering all potential predictors, and replicated 1000 times
using bootstrap resampling (Mick & Ratain, 1994). Goodness-of-fit
in these analyses was assessed using the HosmereLemeshow test
(Lemeshow & Hosmer, 1982). Residual plots were also examined to
diagnose the adequacy of regression models. Using backward
elimination, the final estimation model only retained predictors
which were significant at a level of p < .05. The next step involved
testing the predictive validity of the parameters of the estimation
model in the validation dataset. Any predictors that were not
supported in the validation sample were removed until a final
model was obtained.

The next stage aimed to construct a risk stratification method
based on the patient characteristics that were found to predict poor
outcomes. Any continuous outcome predictors identified in the
prior stage were transformed into categorical variables split by
quartiles. This was necessary to be able to classify or ‘group’ pa-
tients with different levels of risk. Depression (PHQ-9) and anxiety
(GAD-7) logistic regression models (as described above) were run
in the full sample entering the categorical outcome predictors
corresponding to each of the respective outcome measures.
Weights for each variable were determined based on the co-
efficients from the final regression models. Following the risk
stratification method outlined by Fan et al. (2002), the beta coef-
ficient for each variable was multiplied by four and then rounded to
the nearest integer to derive a simplified risk weighting scheme.
The resulting weighting scheme combined all variables from
depression and anxiety regression models, which we refer to as the
Leeds Risk Index (LRI). Each case in the full sample was then
assigned an LRI score (range ¼ 0e21) matched to their baseline
characteristics, where higher LRI scores indicated an accumulation
of risk factors. The rationale for developing an index was to be able
to rate the potential risk of poor progress for individual patients
using a simple and intuitive scale.

In the final stage of analysis, we aimed to empirically test the
clinical utility of the LRI. To do this, we formulated a series of
questions which would enable us to confirm or disconfirm our
assumptions about patient profiling. (1) Are patients with higher
LRI scores less likely to attain RCSI after therapy? (2) Are LRI scores
associated with dropout from therapy? (3) Do LRI scores still
predict final treatment outcome after controlling for baseline
severity, early response to treatment and length of treatment? (4)
Are higher LRI scores associated with the probability of being
classed as ‘not on track’ (NOT) during the course of therapy?

To answer question 1, we stratified all cases into different risk
categories according to their LRI scores, and used bar charts to
visually compare the % of cases with RCSI across categories. Initially
we split the sample into quartiles; however the two middle quar-
tiles had comparable RCSI rates so we merged them to arrive at a
three-group split that optimally differentiated cases. We applied
chi-square analyses to formally compare RCSI rates across cate-
gories. We also used bar charts to compare RCSI rates attained at
step 2 and step 3 of the stepped care treatment pathway. To answer
question 2, we used bar charts and chi-square analyses to compare
the number of cases that dropped out of treatment across risk
categories. To answer question 3, we estimated change scores in
PHQ-9 and GAD-7 measures between the intake assessment and
the third therapy session (indicative of early response to treat-
ment). We then entered LRI scores into logistic regression models
predicting RCSI post-treatment, additionally controlling for base-
line severity, early change scores and total number of therapy
sessions attended.

To answer the fourth question, PHQ-9 and GAD-7 measures
gathered on a session-to-session basis for each case were analysed
using hierarchical linear modelling to develop expected treatment
response (ETR) curves following themethod outlined by Finch et al.
(2001). Mean predicted values derived from these regression
models and 80% confidence intervals were calculated for each
treatment session, for every cluster of patients with a shared intake
score on the relevant outcome measure. Observed outcome scores
at each therapy sessionwere then classified as ‘on track’ (OT) if they
were smaller than the upper-boundary of the confidence intervals
(representing the 90 th percentile marker), or classified as ‘not on
track’ (NOT) if larger than this boundary. This enabled us to code
every single session in the dataset as either OT or NOT; the
exception to this was for a small proportion of cases (N¼ 21; 1.6% of
1347 cases) that had missing intake scores for one of the two
outcome measures and for whomwe were unable to generate ETR
curves. We then estimated a single index for each case that rep-
resented the proportion of treatment sessions classed as NOT (%
NOT) in each of the two outcomemeasures. In the final steps of this
analysis, we used Spearman's (non-parametric) correlations to
assess whether LRI scores were associated with %NOT variables for
PHQ-9 and GAD-7. A sensitivity analysis was carried out applying
partial correlations to assess whether associations between LRI and
%NOT variables were statistically significant when controlling for
the total number of treatment sessions. This was considered
important because differences in therapy length obviously affect
the weighting of the %NOT variable.

3. Results

3.1. Investigation of outcome predictors

The baseline levels of depression and anxiety symptoms in the
study sample were PHQ ¼ 15.91 (SD ¼ 5.66) and GAD-7 ¼ 14.24
(SD¼ 4.30). A total of 1168 casesmet criteria for clinically significant
depression symptoms (PHQ-9 � 10), of whom 543 (46.5%) had RCSI
at the end of treatment. Of the 1275 cases with clinically significant
anxiety symptoms (GAD � 8), a total of 595 (46.7%) had RCSI.

Using a backward elimination logistic regression method
applied in the estimation sample, we arrived at a parsimonious
model which explained approximately 15% of variance in depres-
sion (PHQ-9) outcomes (Nagelkerke R2 ¼ .15). This model correctly
classified 63.4% of cases based on pre-treatment variables. Results
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indicated that younger age (B ¼ �.37, SE ¼ .13, b ¼ .69, p < .01),
unemployment (B ¼ .69, SE ¼ .18, b ¼ 1.99, p < .001), having a self-
reported disability (B ¼ .79, SE ¼ .22, b ¼ 2.21, p < .001), and higher
baseline impairment on WSAS (B ¼ .06, SE ¼ .01, b ¼ 1.06, p < .001)
significantly predicted a poor treatment outcome. The results of
bootstrap resampling did not differ from the predictors obtained
without resampling. When the parameters obtained in the esti-
mation model were tested in the validation dataset, all of the same
variables were statistically significant predictors of a poor depres-
sion outcome. The final models from the estimation and validation
samples are presented in Table 1.

Using the same method, the estimation model for GAD-7
explained approximately 13% of variance (Nagelkerke R2 ¼ .13)
and indicated that higher baseline depression (PHQ-9) severity
(B¼ .07, SE¼ .02, b¼ 1.07, p < .001), higher baseline impairment on
WSAS (B¼ .03, SE¼ .01, b¼ 1.03, p¼ .03), having a family history of
mental health problems (B¼ .42, SE ¼ .17, b¼ 1.52, p¼ .02), greater
number of prior treatment episodes (B ¼ .11, SE ¼ .05, b ¼ 1.11,
p¼ .03), and lower outcome expectancy (B¼�.10, SE¼ .05, b¼ .90,
p ¼ .03) all predicted a poor anxiety outcome. This model correctly
classified 62.1% of cases. Results of bootstrap resampling were no
different to those without resampling. However, the final model
obtained in the validation sample only provided support for a
narrower set of anxiety outcome predictors, these were: higher
baseline depression (PHQ-9) severity (B ¼ .06, SE ¼ .02, b ¼ 1.06,
p ¼ .001) and lower outcome expectancy (B ¼ �.12, SE ¼ .05,
b ¼ .89, p ¼ .01). These models are presented in Table 2.

3.2. Development of a risk weighting scheme

As in the prior stage of iterative regression analysis, several
models were constructed, but this time using predictors that were
transformed to categorical variables. We aimed to obtain final
models that maximized predictive power (Nagelkerke R2 statistic)
and optimized goodness-of-fit (HosmereLemeshow test). We found
that the optimal models required dichotomizing the age variable
Table 1
Cross-validation of depression (PHQ-9) outcome prediction models.

First estimation sample model F

Nagelkerke R2 ¼ .177 N
HosmereLemeshow c2 ¼ 4.060, p ¼ .852 H

p

Variables B SE b p B

Constant �1.011 .671 .364 .132 �
Age (quintiles) �.390 .135 .677 .004 �
Unemployed (ref ¼ employed) .638 .188 1.893 .001
Disabled (ref ¼ no disability) .675 .227 1.965 .003
Baseline WSAS .048 .013 1.049 <.001
Gender (ref ¼ male) �.190 .193 .827 .324
Ethnicity: white (ref) .941
Ethnicity: mixed .156 .513 1.168 .762
Ethnicity: South Asian �.068 .506 .935 .894
Ethnicity: Black .534 .545 1.705 .327
Ethnicity: Chinese .501 1.298 1.650 .700
Ethnicity: Other .252 1.056 1.287 .811
SES (quintiles) .081 .072 1.084 .259
LTC (ref ¼ no LTC) .010 .209 1.010 .961
Family history (ref ¼ no history) .128 .189 1.137 .497
Chronicity (in months) .000 .001 1.000 .842
Prior treatment episodes .070 .048 1.073 .139
Baseline PHQ-9 .049 .026 1.050 .065
Baseline GAD-7 �.012 .025 .988 .619
Expectancy �.072 .052 .930 .164

Dependent variable ¼ poor PHQ-9 outcome defined as not meeting criteria for reliab
SES ¼ Socio-economic status rank derived from multiple deprivation index (quintile gro
ratio; LTC ¼ long term condition (co-morbid physical illnesses); statistically significant p
into “teenager vs. adult” categories (using an age cut-off < 20)
instead of quintile or quartile groups, as well as splitting the ex-
pectancy variable into 3 groups. The resulting optimal models
based on categorical variables are presented in Table 3. This table
also shows the LRI patient profiling method, which assigns a ‘score’
(weight) to specific characteristics. For example, a teenage patient
(weight ¼ 3) with severe baseline depression (PHQ-9 ¼ 21 to
27 ¼ weight ¼ 6), moderate functional impairment (WSAS ¼ 21 to
30 ¼ weight ¼ 3) and low expectations of improvement
(Expectancy ¼ 0 to 5 ¼ weight ¼ 3) would have a total LRI score of
15 (sum of weights ¼ 3 þ 6 þ3 þ 3). In this way, many possible
combinations of patient characteristics (e.g. different profiles) can
be stratified according to low (0e4), moderate (5e9), or high
(10e21) risk.

3.3. Evaluating the clinical utility of the Leeds Risk Index

Fig. 1 shows that RCSI rates were significantly lower in the
groups with moderate and high LRI scores. This trend was
confirmed for both Step 2 (PHQ-9: x2 ¼ 20.80, DF ¼ 2, p < .001;
GAD-7: x2 ¼ 40.04, DF ¼ 2, p < .001) and Step 3 (PHQ-9: x2 ¼ 16.00,
DF¼ 2, p < .001; GAD-7: x2 ¼ 14.50, DF¼ 2, p < .001) interventions.
We noticed an exceptionwhere Step 2 cases with lowandmoderate
LRI scores had comparable RCSI rates (42%), but cases with high LRI
scores had considerably poorer outcomes (22% RCSI). Overall, Step 3
interventions had higher RCSI rates across all LRI categories. The
relative advantage of Step 3 interventions (9%e23% difference) was
more pronounced for depression cases with low LRI scores, and
anxiety cases with moderate and high LRI scores. Fig. 2 shows
treatment completion rates across LRI categories, also comparing
Step 2 and Step 3 interventions. Differences between LRI categories
were statistically significant (x2 ¼ 23.58, DF¼ 2, p < .001) in the full
sample; this was primarily because cases with high LRI scores had
considerably lower treatment completion rates (55.2%) compared
to those with low (71.2%) and moderate scores (69.3%). Treatment
completion rates were generally higher for Step 3, though the
inal estimation sample model Final validation sample model

agelkerke R2 ¼ .150 Nagelkerke R2 ¼ .071
osmereLemeshow c2 ¼ 1.589,
¼ .991

HosmereLemeshow c2 ¼ 8.032,
p ¼ .430

SE b p B SE b p

.840 .400 .432 .036 �.167 .379 .846 .659

.374 .126 .688 .003 �.287 .122 .750 .018

.689 .184 1.992 <.001 .492 .173 1.636 .004

.793 .215 2.209 <.001 .553 .202 1.739 .006

.059 .011 1.061 <.001 .031 .011 1.031 .004

le and clinically significant improvement after therapy; ref ¼ reference category;
ups); B ¼ unstandardized regression coefficient; SE ¼ standard error of B; b ¼ odds
robability (p) values highlighted in bold text.



Table 2
Cross-validation of anxiety (GAD-7) outcome prediction models.

First estimation sample model Final estimation sample model Final validation sample model

Nagelkerke R2 ¼ .152 Nagelkerke R2 ¼ .127 Nagelkerke R2 ¼ .096
HosmereLemeshow c2 ¼ 9.810, p ¼ .279 HosmereLemeshow c2 ¼ 6.622,

p ¼ .578
HosmereLemeshow c2 ¼ 4.941,
p ¼ .764

Variables B SE b p B SE b p B SE b p

Constant �.459 .614 .632 .454 �.702 .513 .496 .171 �.492 .454 .611 .278
Baseline PHQ-9 .078 .021 1.081 <.001 .067 .019 1.070 <.001 .061 .018 1.063 .001
Expectancy �.097 .049 .908 .047 �.102 .047 .903 .032 �.117 .046 .889 .011
Baseline WSAS .030 .012 1.030 .015 .026 .012 1.027 .028 .021 .012 1.021 .078
Family history (ref ¼ no history) .453 .179 1.573 .011 .420 .174 1.521 .016 .211 .171 1.235 .217
Prior treatment episodes .097 .048 1.102 .041 .105 .047 1.111 .025 .045 .051 1.046 .377
Age (quintiles) �.276 .127 .759 .030
Unemployed (ref ¼ employed) .259 .178 1.295 .147
Disabled (ref ¼ no disability) .246 .220 1.279 .263
Gender (ref ¼ male) .048 .185 1.049 .796
Ethnicity: white (ref) .631
Ethnicity: mixed .933 .528 2.542 .077
Ethnicity: South Asian .041 .483 1.042 .932
Ethnicity: Black .305 .502 1.357 .543
Ethnicity: Chinese �.052 1.060 .949 .961
Ethnicity: Other .153 .805 1.166 .849
SES (quintiles) .021 .067 1.021 .756
LTC (ref ¼ no LTC) .202 .198 1.224 .307
Chronicity (in months) .000 .001 1.000 .769
Baseline GAD-7 �.048 .028 .954 .085

Dependent variable ¼ poor GAD-7 outcome defined as not meeting criteria for reliable and clinically significant improvement after therapy; ref ¼ reference category;
SES ¼ Socio-economic status rank derived from multiple deprivation index (quintile groups); B ¼ unstandardized regression coefficient; SE ¼ standard error of B; b ¼ odds
ratio; LTC ¼ long term condition (co-morbid physical illnesses); statistically significant probability (p) values highlighted in bold text..
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differencewasmore pronounced for cases with high LRI scores (17%
difference).

LRI scores remained significantly associated with final depres-
sion (B ¼ .16, SE ¼ .03, b ¼ 1.18, p < .001) and anxiety (B ¼ .15,
SE ¼ .02, b ¼ 1.17, p < .001) outcomes, after controlling for baseline
severity, early response and total therapy sessions using logistic
regression models. These models accounted for 32% (9% unique to
LRI) and 29% (4% unique to LRI) of variance in final PHQ-9 and GAD-
7 outcomes respectively. These models correctly classified 71.9% of
depression outcomes and 71.3% of anxiety outcomes. Finally, LRI
scores were significantly correlated with the proportion of treat-
ment sessions classified as ‘not on track’ (%NOT) using expected
treatment response curves for PHQ-9 (r ¼ .10, p < .001) and GAD-7
Table 3
Leeds Risk Index (LRI) patient profiling and risk stratification method.

PHQ-9 outcome prediction model

Nagelkerke R2 ¼ .088
HosmereLemeshow c2 ¼ 2.278, p ¼ .943

Variables B SE b p

Constant �1.064 .217 .345 <.00
Disabled (ref ¼ no disability) .583 .143 1.792 <.00
Unemployed (ref ¼ employed) .500 .126 1.648 <.00
Teenager (ref ¼ adult with age � 20) .652 .284 1.920 .02
Baseline WSAS ¼ 0e10 (ref) <.00
Baseline WSAS ¼ 11e20 .580 .221 1.785 .00
Baseline WSAS ¼ 21e30 .869 .221 2.385 <.00
Baseline WSAS ¼ 31e40 1.316 .262 3.729 <.00
Baseline PHQ-9 ¼ 0e9 (ref)
Baseline PHQ-9 ¼ 10e15
Baseline PHQ-9 ¼ 16e20
Baseline PHQ-9 ¼ 21e27
Expectancy ¼ 8e10 (ref)
Expectancy ¼ 6e7
Expectancy ¼ 0e5

B¼ unstandardized regression coefficient; SE¼ standard error of B; b¼ odds ratio; the ref
assigned a score of 0; the LRI method helps to rate the cumulative risk of poor outcome
according to low (0e4), moderate (5e9), or high (10e21) LRI scores.
(r ¼ .20, p < .001). These associations remained statistically sig-
nificant when controlling for length of treatment in partial corre-
lations between LRI and PHQ-9 (r ¼ .11, p < .001), and LRI and GAD-
7 (r ¼ .25, p < .001). This indicates that patients with higher LRI
scores are more likely to be classed as being not on track during
therapy, and therefore have a different and less favourable trajec-
tory of symptom changes.

4. Discussion

4.1. Main findings

This study supports the notion that different people respond
GAD-7 outcome prediction model Leeds risk Index

Nagelkerke R2 ¼ .092 Weighted risk
HosmereLemeshow c2 ¼ 6.277, p ¼ .508 scores for different

B SE b p patient characteristics

1 �.689 .167 .502 <.001
1 2
1 2
2 3
1 0
9 2
1 3
1 5

<.001 0
.385 .186 1.469 .39 2
.679 .187 1.972 <.001 3

1.425 .202 4.158 <.001 6
<.001 0

.108 .132 1.114 .413 0

.633 .158 1.883 <.001 3

erence categories for binary variables (e.g. no disability, employed, adults) should be
s on a continuous scale ranging between 0 and 21; risk level can also be stratified



Fig. 1. Leeds Risk Index (LRI) as a predictor of reliable and clinically significant
improvement (RCSI).
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differently to psychological therapy, based on their individual
characteristics and circumstances. Our results indicate that
disability, unemployment, younger age (<20) and functional
impairment are associated with the persistence of depressed mood
after therapy. Furthermore, co-morbid depression symptoms and
low expectations about the potential benefit of therapy appear to
be associated with the persistence of anxiety symptoms after
Fig. 2. Leeds Risk Index (LRI) as a predictor of treatment completion.
treatment. Symptoms measured by PHQ-9 and GAD-7 are highly
correlated and likely to measure a common aspect of psychopa-
thology (B€ohnke, Lutz,& Delgadillo, 2014). We therefore developed
a patient profiling method that combines all of the above risk fac-
tors for these types of symptoms. The resulting LRI method can
enable clinicians to rate the risk of poor treatment outcomes for
individual cases, and to stratify this into low, moderate or high risk
categories. A particular advantage of employing a risk index is that
it uses a relatively simple and intuitive scale that can classify
numerous possible combinations of patient characteristics and
associated regression weights.

We propose that LRI information can improve our ability to
predict clinical outcomes. The estimation of probability of a
particular outcome is generally more accurate when it is informed
by base-rates, rather than relying on intuition or personal experi-
ence (Tversky & Kahneman, 1974). Applying this logic, an educated
guess before starting treatment would be that any particular pa-
tient has a 46% probability of attaining RCSI, since this is the base-
rate in this sample. But predictions can be improved upon the base-
rate if we have statistically valid information about individual cases
(Kahneman, 2011). Using the LRI helps us to calibrate our prognosis
for cases whose probability of improvement is markedly lower than
the ‘average patient’: cases with high LRI scores (�10) had
considerably low RCSI rates (average of 25%) across Step 2 (low
intensity) and Step 3 (high intensity) interventions. These cases
also tend to have persistently high symptom scores (classed as ‘not
on track’) during treatment, and are at increased risk of dropout
and poor final outcomes. Furthermore, LRI scores continued to
significantly predict up to 9% of variance in outcomes after con-
trolling for baseline severity, early response and therapy length.

4.2. Strengths and limitations

The outcome prediction analysis in this study was enhanced by
the application of well established cross-validation and resampling
methods (see Sauerbrei, 1999). The large dataset enabled the
replication of findings in a statistically independent validation
sample to prevent reaching conclusions based on spurious associ-
ations. A series of empirical tests enabled us to verify our as-
sumptions about cumulative risk factors, also applying growth
curve modelling methods to assess the utility of the LRI within the
outcome tracking and feedback paradigm. Of particular note is the
simultaneous analysis of more than a dozen patient characteristics.
Compared to most of the studies cited in the introduction, which
assessed the predictive accuracy of small sets of variables, this
dataset enabled us to identify key outcome predictors whilst con-
trolling for various potentially confounding variables.

As is common in large naturalistic datasets, we encountered
missing data points for self-reported outcome measures. For
example, a small number (N ¼ 21) of cases only had baseline scores
for one of the outcome measures. This meant that we could not
produce growth curves or pre-post treatment outcomes for these
cases on at least one measure, but they were nevertheless included
in analysis using the available outcome and assessment data.

In spite of the inclusion of over a thousand cases with complete
assessment data, the Step 3 sample sizewas insufficient to carry out
cross-validated outcome prediction analyses for specific high in-
tensity treatments. The ongoing accumulation of this type of data
should enable more fine-grained analyses to understand which
predictors may interact with which treatments or combinations of
interventions. The LRI could also be combined with additional
variables for this purpose; for example including personality dis-
order measures (see Goddard et al., 2015) to investigate the pos-
sibility of developing personalized advantage indices for different
treatment modalities (DeRubeis et al., 2014; Huibers et al., 2015).
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This dataset did not contain information about the therapists
that treated each case, so we were unable to assess variability in
clinical outcomes that may be attributable to therapists. Never-
theless, we note that a recent study conducted in a similar setting
(Firth, Barkham, Kellett, & Saxon, 2015) found that similar patient-
variables (symptom severity, functioning, age, employment status)
differentially moderate clinical outcomes even after controlling for
variability between therapists (e.g. therapist effects). We consider
that this convergence of findings by independent research groups
enhances the reliability of the evidence base. Nevertheless, we
recognise that the LRI method requires further replication in other
datasets, particularly since it was developed using data from a
single service.

4.3. Considerations for clinical practice

The LRI method could be feasibly integrated into a spread-sheet
or a web-application to help therapists to easily classify patients
with different profiles using a ‘traffic light’ system (low, moderate,
high risk). This risk stratification system could support personal-
ized clinical decision making in stepped care services. Depression
cases with low LRI and anxiety disorder cases with moderate LRI
have an advantage if treated at Step 3. However, they are likely to
complete treatment, so from a cost-efficiency perspective it is
appropriate to offer Step 2 interventions initially, expecting that the
smaller proportion of cases who require Step 3 are likely to attend
and to gain further improvements. Depression cases with moderate
LRI and anxiety disorder cases with low LRI attain similar outcomes
in Step 2 or Step 3, and are likely to complete treatment. This
clinical equipoise justifies offering conventional stepped care. On
the contrary, depression and anxiety disorder cases with high LRI
have a modest advantage (6%e9% RCSI difference) at Step 3, but the
probability of dropout in these cases is particularly high at Step 2
(>50%). On this basis, we recommend patient-intensity-matching,
where these cases are referred directly to Step 3.

Patient-intensity-matching could potentially enhance comple-
tion and clinical outcomes for high risk cases. Ideally, the cost-
effectiveness of this strategy should be tested prospectively using
experimental or quasi-experimental designs using historical con-
trols. In addition to this, we recommend that close monitoring of
early response to treatment could considerably improve the accu-
racy of identifying cases at risk of poor outcomes. It may be espe-
cially important to monitor early response to therapy in cases with
high LRI scores, since they are more likely to be classed as ‘not on
track’ and may therefore benefit most from outcome feedback
strategies (Shimokawa et al., 2010).
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