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Abstract 

Studies on relations between number of sessions and effect of psychotherapy 

have usually assumed a constant rate of change across different lengths of 

therapy, explained by a model called the dose-effect model. This assumption has 

been challenged by the good-enough level (GEL) model, which makes the 

prediction that the rate of change will vary as a function of total number of 

sessions. This study aimed to compare these models. We also assessed the 

relationship between reliable and clinically significant change (RCSI) and total 

dose of therapy. Participants were drawn from two datasets in the Swedish 

primary care (n = 640) and adult psychiatric care (n = 249). The participants 

made session-wise ratings on the Clinical Outcomes in Routine Evaluation-

Outcome Measure (CORE-OM). Multilevel analyses indicated a better fit using 

the GEL-model, with some reservations concerning RCSI and patterns of 

change. The results may indicate a general lawful relationship that may have 

implications for future research, as well as psychotherapy practice and policy 

making. 
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Rate of change in psychotherapy: 

A matter of different patients 
 

Effectiveness research has been recommended by several authors for 

understanding how psychotherapy works in actual clinical settings (e.g. 

Llewelyn & Hardy, 2001; Ogles, 2013). For many psychiatric syndromes 

comparisons between different treatment approaches have yielded roughly 

equivalent outcomes (Castonguay, Barkham, Lutz & McAleavy, 2013; Werbart, 

Levin, Andersson & Sandell, 2013), a finding that has been labeled the dodo 

bird verdict (Rosenzweig, 1936). However, even if a psychotherapy treatment 

for a given disorder has been shown to be effective, no treatment works for 

every patient (Lutz, Martinovich & Howard, 1999). Therefore, knowing what 

influences individual response to treatment, improvement and potential relapses 

in psychotherapy are of critical importance (Wolf & Hopko, 2008).  

 Studies on relations between dose (i.e. number of sessions) and effect of 

psychotherapy have usually assumed a constant rate of change across different 

treatment lengths (Howard, Kopta, Krause & Orlinsky, 1986). This assumption 

has been challenged by the GEL-model (Barkham, Connell et al., 2006), which 

makes the prediction that the rate of change will vary as a function of total 

number of sessions. Baldwin, Berkeljon, Atkins, Olsen and Nielsen (2009) 

showed that the GEL-model predicted their data better than the dose-effect 

model. The main aim of this study was to compare these models. More 

knowledge about the rate of change in psychotherapy may have implications for 

both psychotherapy research, practice and policy making (Stulz, Lutz, Kopta, 

Minami & Saunders, 2013). It might also shed some light on the question if 

more therapy always is better. 
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Background 

 

Evidence-based practice  

Evidence-based research is usually concerned with testing the efficacy of 

treatments, for example if a certain type of psychotherapy could work under 

specific conditions. Conventionally, a search for a specific active ingredient is 

prioritized in this type of research (Castonguay et al., 2013; Kopta et al., 1999). 

Randomized Controlled Trials (RCT), have historically played an important part 

when examining specific treatments for specific conditions (Saxon & Barkham, 

2012), although this design comes with some limitations. The RCT is primarily 

concerned with maximizing internal validity by eliminating influence of 

irrelevant variables. Such designs usually study homogeneous groups of 

patients, although a common criticism is that such patients seldom are seen in 

clinical practice (Beutler, 1998; Weisz, Donnenberg, Han & Weiss, 1995). 

Seligman (1995) comments that efficacy research might not be representative 

for what happens in routine clinical practice, for example by the systematical 

use of manuals (Beutler, 1998), which rarely is the case in the psychotherapy 

that is conventionally practiced. In routine clinical practice a number of 

interactions with other factors, other than type of treatment method, occur, such 

as those between settings variables, patient characteristics, and skills of the 

therapists (Kopta et al., 1999), which usually are not examined in RCTs. Since 

interest has been given to these types of predictors, focus has recently been 

turned towards practice-based designs to gather evidence (Castonguay et al., 

2013).  

 

Practice-based evidence 

While evidence-based practice investigates treatment preferably in randomized 

controlled trials, practice-based evidence uses evidence drawn from naturalistic 

settings, for making decisions about the care of patients (Barkham et al., 2010b). 

Understandably practitioners play a central role in retrieving this data, by the 

implementation of pre-and post-, repeated or session-by-session administration 

as a standard procedure in their therapy (Castonguay et al., 2013). Investigating 

treatments in the settings they are practiced takes variation in variables into 

consideration, which would usually often be attempted to be minimized in 

controlled randomized trials. Examples being differences in intensity of 

symptoms, comorbidity within the sample, therapeutic competences or treatment 

settings (Castonguay et al., 2013). Questions best suited for practice-based 

studies are those that cannot be answered by randomized trial design (Barkham 

et al., 2010b). According to Holmqvist, Philips and Barkham (in press) these 

types of research questions often involve natural variability in human 

performance and service delivery. Examples of such factors are patient 

resources, therapist and relationship qualities, and setting variables (Holmqvist 

et al., in press), which means that evidence can be used to inform clinical 
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decisions, and consequently also policies about needed length of therapy 

(Castonguay et al., 2013).  

 Since data is routinely collected, designs are often overlaid onto data 

rather than being subject for its retrieval, which is often the case in RCTs 

(Castonguay et al., 2013). This means that the data restricts the designs at option 

for the researcher, instead of the researcher retrieving data suited for the design 

he/she thinks is best for studying that particular research question. One 

advantage is that this provides findings that are not just results about the average 

patient, but to the patients in the psychotherapy that the therapists are 

performing (Lutz, Lowry, Kopta, Einstein & Howard, 2001). Another advantage 

is that missing data, in practice-based research can be interpreted as valuable 

information, as the reason to why patients omit results can be linked to the 

actual interventions being delivered (Barkham, Hardy & Mellor-Clark, 2010a). 

The aim of practice-based evidence is thereby twofold, in that data is used to 

improve the practitioners practice, by investigating questions of quality and 

delivery, and also that the pooled data can contribute to and enhance the 

evidence base for psychological therapies overall, by investigating the 

application of results from RCTs to routine practice (Barkham et al., 2010a; 

Castonguay et al., 2013).   

 Some may argue that practice-based data has limited usefulness given 

the lack of a control group in these studies, giving less focus on internal validity 

than RCTs (Kopta et al., 1999). Other may argue that the possibility to 

generalize results is of more importance to the practitioners, thereby 

emphasizing external validity (Saxon & Barkham, 2012). Still others mean that 

we need both types of research since they aim to answer different research 

questions (Leichsenring, 2004). Naturalistic research, validates the effectiveness 

of psychotherapy as it is practiced, and RCT research, can confirm the efficacy 

of new therapies, which both are needed to produce treatment support and 

optimize the potential for relief of discomfort and distress (Barkham et al., 

2010a; Lutz et al., 2001). 

 Although there might not be any restrictions on data inclusion for these 

studies, there are some requirements on how to conduct measurements on the 

data from the clinics, using well designed, valid and reliable measurement 

systems and procedures (Barkham et al., 2010b). Practice-based evidence 

comprises a wide range of treatment approaches, both qualitative and 

quantitative, process and outcome approaches, in mirroring routine practice 

(Barkham et al., 2010a). Ogles (2013) mentions that one such later development 

in practice-based studies is the introduction of session-by-session outcome 

measurement, as a means to modify the treatment and introduce some degree of 

experimental control at the clinics. By delivering feedback and other types of 

procedures to portions of the therapists and clients at the clinics, randomization 

is made with modest interventions and minimal control. The development of 

ongoing assessment using practical measures and improved technology (Ogles, 
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2013) is something that Kopta et al. (1999) also predict for the whole field of 

process-outcome research, as it adopts more empirical approaches using for 

example log-linear and mixed effect modeling to investigate trends. Some may 

argue that the day might come when psychological outcome measurements are 

as widely used as blood pressure, pulse and temperature when visiting a 

physician (Ogles, 2013). Others say that no measurement system ever will be 

able to capture the complexity of adult mental health (Sperlinger, 2002).   

 

The dose-effect model 

After studies showing that psychotherapy could be effective (Shapiro & Shapiro, 

1982; Smith & Glass, 1977). Howard et al. (1986) proposed a dose-effect model 

to answer the question; how much psychotherapy is enough? This question 

includes patterns across sessions in treatment, how different symptoms respond 

to treatment and how treatment works in practice. Previous research used 

designs with homogeneous groups of patients and randomization to maximize 

internal validity. The meta-analysis of Howard et al. (1986) made no such 

attempt and investigated data from the context in which it was practiced, 

uncontrolled and without homogeneity within groups, thus maximizing external 

validity. The psychotherapy session was suggested as the unit of treatment, 

containing the active components of change for all kinds of psychotherapy. The 

more sessions of psychotherapy a patient received, the more exposure to the 

active components of the treatment in question, a view similar to milligrams of 

medication as dosage unit in a pharmacological context (Kopta et al. 1994). 

Increasing the number of sessions would arguably expose patients to a higher 

amount of the active ingredient (Baldwin et al., 2009), which would then predict 

the percentage of patients reaching a reliable and clinically significant change to 

increase if receiving higher number of sessions. Howard et al. (1986) used the 

percentage of patients improved as a measure of effect and presented, inter alia, 

the following results: after 8 sessions 53% of patients were measurably 

improved, and after 26 sessions this figure was 74%.   

 Moreover, the results indicated a negatively accelerated relation between 

dose, that is the number of sessions, and measurable improvement of the 

patients, which has been read by Howard, Lueger, Maling, and Marinovich 

(1993) and Kadera, Lambert, and Andrews (1996) as an indication of the 

subsequent sessions’ diminishing potency. That is, as improvement comes with 

more exposure to the active components, through increasing the number of 

sessions, the benefit of these additional sessions will decrease. Even if a patient 

is more likely to reach improvement with a higher number of sessions, the first 

sessions would be more beneficial than the later ones. Further, Howard et al. 

(1986) showed that different diagnostic groups responded differently towards 

treatment. Patients grouped in the categories anxiety and depression seemed to 

improve earlier in treatment, than those grouped in the borderline-psychotic 

category. Kopta et al. (1994) also found differences in treatment response 
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among categories of patients, with characterological symptoms responding 

poorly compared to acute and chronic distress. There are a number of studies 

presenting results indicating different responsiveness for different sets of 

symptoms (Maling, Gurtman, & Howard, 1995; Kopta et al., 1994). 

 Later studies (Kopta et al., 1994; Kadera et al., 1996; Lambert, Hansen 

& Finch, 2001) have implied that the earlier reports of rates of improvement 

may have been overestimated, and suggested a higher number of sessions to 

reach clinically significant improvement, but the relationship between dose and 

effect was still modeled as negatively accelerating. Although the general time-

trend is negatively accelerating, a critical assumption by the dose-effect model is 

that the effect of additional sessions, or dose, is equal across all patients 

(Baldwin et al. 2009). The rate of change is thus assumed to be constant across 

these patient groups. Regardless of covariates, such as demographics, diagnoses 

and total amount of sessions, the effects of additional sessions would be the 

same for all patients. Predictions of the later introduced GEL-model are in this 

respect in contrast to the dose-effect model.  

 

The good-enough level model 

Barkham et al. (1996) made a similar meta-analysis to that of Howard et al.’s 

(1986), in which they also found that the dose-response relationship took the 

form of a negatively accelerated curve. These dose-response curves, 

representing the mean change among several patient categories, have long been 

described as a log-linear function of session numbers in psychotherapy research 

(Castonguay et al., 2013; Howard et al., 1986; Lutz et al., 1999). Based on their 

session-by-session plotting Barkham et al. (1996), however argued that the 

negatively accelerating pattern probably would disappear if different doses of 

sessions, symptom severity and types of symptomatology were taken into 

account. This would arguably make the dose-effect model consist of a series of 

more or less linear effects of sessions for different groups of patients, who for 

whatever reason, improved at different rates by different numbers of sessions. 

The negatively accelerated pattern would then represent all patients, both easy- 

and hard-to-treat, making the negatively accelerating curve an artefact of 

aggregating patients with different lengths of therapy. Barkham et al. (2006) 

labeled this phenomenon of patients dropping out due to an already reached 

symptom reduction as a level of good-enough improvement. This could be 

determined or achieved by either the therapist or the client in whatever way that 

would make the client end his/ her therapy. In a later study Barkham, Connell et 

al. (2006) provided support for this GEL-model, by modeling linear regressions 

with different slopes for groups of patients receiving different amounts of 

therapy, presenting steeper slopes for those who attended fewer sessions. 

Neither did they find any support for increased percentage of persons achieving 

RCSI by the number of sessions attended, as proposed by Howard et al. (1986). 

Barkham, Connell et al. (2006) proposed an alternative metaphor to the sessions 
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as milligrams of dose given in a pharmacological context. In an agricultural 

context, insecticides are used for weaker insects only low doses are needed, but 

for the tougher ones larger doses are required. This would mean that rather than 

additional doses lose strength, when stronger doses are utilized, the weaker 

insects are already gone, and only the hardy ones remains. In therapy settings 

this would mean that when additional sessions are given, the patients who 

respond quickly have already terminated therapy. Dose is therefore a reflection 

of treatment response, where people generally remain in treatment until they get 

better (Barkham, Connell et al., 2006).  

 Summed up, the GEL-model proposes that the good-enough level would 

be individually determined and reached at different doses of therapy depending 

on various therapist, client and treatment factors. The patient and therapist may 

agree to lower expectations of improvement to reach a good-enough level, 

perhaps different from the standardized RCSI. Opposed to the dose-effect 

model, RCSI is seen as uncorrelated (Baldwin et al., 2009; Barkham, Connell et 

al., 2006), or negatively correlated (Barkham, Connell et al., 2006), to the total 

dose of therapy. This would be in line with the agricultural metaphore. The rate 

of change on the individual level is linear opposed to log-linear as in the dose-

effect model and is correlated with total number of sessions as opposed to being 

independent to the number of sessions attended. Studies have both been in favor 

for the dose-effect model (Kopta et al., 1994; Lambert et al., 2001; Maling et al., 

1995) and the GEL-model (Baldwin et al., 2009; Reese, Toland & Hopkins, 

2011; Stiles et al., 2008). Stulz et al. (2013) found support for both models by 

finding the rate of change not to be constant across various treatment lengths as 

well as finding a negatively accelerated pattern of change, irrespective of the 

duration of the treatment. Baldwin et al. (2009) did also give some support to the 

dose-effect model, by finding treatments lasting longer than 8 sessions to vary in 

their rate of change, with faster changes in the beginning and at the end of the 

therapies.  

 

Measurement systems 

Measurement and monitoring systems measuring different aspects of well-being, 

symptoms and functioning started out as a need for health insurance companies 

to measure evidence of outcome, with later developments in practice-based 

research only recently adopting these systems. The systems have here become 

useful, not only to quantify overall treatment effect, but also to monitor progress 

in routine practice (Ogles, 2013). Practitioners’ adoption of these measurement 

systems has both increased the possibilities to publish practice-based research 

and aided in bridging the gap between science and practice, by its ability to 

provide self-correcting information and evidence at both the level of practice 

and science within a short timeframe (Castonguay et al., 2013). Practice based 

measurement systems began its development in the 1990s, with its development 

mostly conducted in the US and the UK (Barkham, Stiles, Lambert, Mellor-
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Clark, 2010b). In the Handbook of psychotherapy and behavior change, 

Castonguay et al. (2013) mention some of these systems: the Outcome 

Questionnaire-45 (OQ-45), the Treatment outcome package (TOP), 

CelestHealth System for Mental Health and College Counseling Settings (CHS-

MH), Partners for Change Outcome Management System (PCOMS), and the 

Clinical Outcome in Routine Evaluation system (CORE). All of which have the 

main aim to improve service delivery and patient outcome by feedback systems 

to the therapists at the clinics (Castonguay et al., 2013). In a meta-analysis by 

Lambert et al. (2001), the use of feedback systems to the therapists decreased 

worsening and increased positive outcome in routine practice. 

 As mentioned earlier, experimental control and establishing causal 

relationships are not the primary concerns of practice-based measurement 

systems. Instead logic, feasibility and plausibility characterizes the planning, 

data collection and the interpretation of the results to enhance ongoing treatment 

and understand patterns of change (Barkham et al., 2010b; Ogles, 2013). One of 

the key features of measurement system is to generate large datasets (Barkham 

et al., 2010b). 

 

Reliable and Clinically Significant Improvement  

To assess whether a patient has improved significantly Baldwin et al. (2009) 

used Jacobson and Truax’s (1991) criterion for reliable and clinically significant 

improvement (RSCI) for the self-report measure OQ-45. According to the GEL-

model, Baldwin et al. (2009) hypothesized no higher likelihood of RCSI for 

patients with higher doses of therapy, than for patients with lower doses. The 

dose-effect model would, in contrast, predict a positive correlation between total 

number of sessions and number of patients achieving RCSI. Clinical 

significance occurs when a patient’s scores regarding e.g. symptoms, moves 

from a clinical to a non-clinical range (Jacobson, Follette & Revenstorf, 1984). 

Reliable improvement is an additional aspect to assess if the magnitude of 

change is reliable and not due to measurement errors (Jacobson & Truax, 1991).  

 

Mixed effect modeling and growth curve modeling  

Multilevel modeling (MLM), also called mixed effect modeling, mixed-linear 

models or hierarchical linear models (Raudenbush & Bryk, 2002) can be seen as 

an extended linear regression analysis (Bickel, 2007; Twisk, 2013). When 

investigating patients with session-by-session analyses, each estimate may be 

dependent on the patient’s last rating, and likewise there is a risk of similar 

ratings from patients belonging to the same clinic. Because standard statistical 

tools, such as ANOVA and multiple regression (Peugh, 2010) assume 

independent observations, this type of dependence or hierarchy of data will not 

be taken under consideration. This generates an underestimation of standard 

errors, thereby increasing the risk of getting false significant results, Type-I 

errors, and biased parameter estimates (Hox, 2002; Peugh, 2010). MLM solves 
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this problem by grouping data that are dependent or nested within other data, 

thereby partitioning the residual terms into different parts (Twisk, 2013). Level 

1 in a multilevel model is the lowest level, usually defined by individuals or 

individual ratings, and it is only when there is variability in the mean between 

different level-2 units, for example clinics or individuals, that MLM is needed to 

estimate variances (Peugh, 2010). This would supposedly be the case when 

using several measures of the same individuals, when independent subjective 

ratings, by the same person, will be more likely to correlate with each other than 

two ratings from, for example session three, in two different patients. MLM 

applied to large datasets has become a hallmark of practice oriented research 

(Castonguay et al., 2013). It overcomes many of the practical limitations of 

analysis of variance (ANOVA), such as requiring complete datasets on all 

repeated measures as well as the problem with unequal spacing between time 

points within individual ratings, by handling missing data, which makes it 

practical for analyzing outcome data (Hox, 2002). Furthermore it may also be a 

convenient method in non-balanced longitudinal data structures, in which the 

numbers and time interval of observations differ between individuals (Kahn & 

Schneider, 2013) and when assuming that a relationship between two variables 

is not consistent across different groups (Adewale et al., 2007), whereby 

modeling with random slopes and intercepts. Random slopes and intercepts 

permits the rate of change and initial values to vary between patients, with the 

assumption that the variance is normally distributed (Raudenbush & Bryk, 

2002). The relationship between random slopes and random intercepts are 

modeled with a covariance matrix, which defines their relationship and the 

distribution of variance between them (Hox, 2002).    

  Growth curve modeling (GCM) refers to a set of analyses designed to 

test whether individual clients differ from one another in their average level of 

the outcome variable across sessions (Kahn & Schneider, 2013). GCM is 

flexible because it allows the researcher to test a variety of hypotheses about the 

specific pattern of change that occurs throughout treatment, by investigating 

additional predictors of the within-person intercept and/or slope, to explain 

individual differences between patients (Kahn & Schneider, 2013). These 

predictors can both be time varying, like working alliance or time, or time 

invariant, such as gender and employment. Employment could be interpreted as 

a time varying variable, but since we only had information on occupation after 

the therapy, in the CORE End of Therapy Form, it was assumed to be time 

invariant. 

 

Missing data 

Missing data are according to Enders (2011) and Rubin (1976) a frequent and 

one of the most common analytic problems for researchers in the behavioral 

science. Rubin’s (1976) classification system of missing data distinguish 

missing data on the basis of the relationship between the participants score, i.e. 
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outcome measure, and other predictor variables. Missing completely at random 

(MCAR) mechanism describes missing data when it is unrelated to other 

measured variables and the outcome measure at future time points. If data is 

considered to be MCAR, excluding incomplete cases would be acceptable, 

which in our case would mean that a missing data point would not affect our 

expected dependent variable. A missing at random (MAR) mechanism means 

that the missing data is related to other variables, but unrelated to the expected 

values of that variable (Enders, 2011). In our case, missing such data could 

mean that an earlier symptom score cause the data to be missing, for example 

because of high distress. The last type of missing mechanism is the not missing 

at random (NMAR). Missing data would then be related to the would-be value 

of that variable, which potentially could interfere with our outcome variable if 

the patient omits information due to a high would-be score.              

 

Potential confounds of treatment response 

Relationships that are not causal but due to a third variable are often called 

confounds (Shadish, Cook & Campbell, 2002). These variables work in a way 

that positively or negatively affect both the predictor and the outcome variable at 

the same time. This falsely obscures or accentuates the relationship between 

them (MacKinnon, 2008), which makes identification of potential confounds 

important to every area of experimental research (Shadish et al, 2002). 

 Characteristics of the patient. Characteristics of the patient, the setting 

of the therapy and the therapist all combine to affect how quickly clients 

improve and when treatment can be terminated (Barkham et al., 1996; Wolf & 

Hopko, 2008). Raised interest has therefore been given to the patient factors in 

psychotherapy over the last couple of years, although little evidence demonstrate 

any moderating or mediating treatment effects of demographic variables (Bohart 

& Wade, 2013). Clarkin and Levy (2004) argue that it is time for research to 

move from studying simple correlations, such as demographic variables only in 

contrast to outcome, to more sophisticated relationships where demographic 

variables together with other treatment factors better can explain a certain trait in 

its context. One example being years of age indicating something more than just 

being of a certain age, but also belonging to a particular generation (Clarkin & 

Levy, 2004). Wolf and Hopko (2008) identified similar predictors of outcome in 

psychiatric and primary care, although primary care samples were perceived as 

understudied. Patient characteristics linked to poor treatment response included 

increased severity at pre-treatment, lower levels of education, unemployment, 

older age, male gender, non-adherence to treatment, presence of personality 

disorders, co-existent Axis I disorders, and decreased social functioning (Wolf 

& Hopko, 2008). From a primary care sample, Roy-Byrne, Russo, Cowley and 

Katon (2003) also found unemployment to be a predictor of poor responsiveness 

in patients with panic disorder. Anderson and Lambert (2001) found in their 

study that more severely distressed patients in an outpatient psychotherapy 
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sample made slower progress to the criterion of clinical significant change than 

less distressed patients. Also Clarkin and Levy (2004) made this conclusion, in 

contrast to many other studies where more distressed patients are known to 

make the biggest changes on outcome scores. Notably thought, many studies 

failed to control for improved functioning status (Bohart & Wade, 2013), which 

may explain differing results and also support the notion about investigating and 

explain psychotherapy progress with more sophisticated relationships, for 

example using RCSI. 

 Characteristics of the treatment. There is growing evidence that 

psychotherapy is effective (Howard et al., 1986; Lambert et al., 2003; Shapiro & 

Shapiro, 1982) with both specific techniques as well as common factors having 

effect across different therapies (Lambert, 2013). Research has therefore moved 

its focus from does therapy work? to how and what in psychotherapy works? 

(Silverman, 2000). The development of meta-analysis which helped settle the 

answer to the first question by determining effect sizes (Lambert, 2013) are also 

being used in answering the second one, by identifying moderating and 

mediating effects in various studies. Eckert (1993) suggested in his review that 

the rate of therapeutic change is accelerated when a time limit is imposed in 

psychotherapy. Equivalent results were obtained in fewer sessions, due to 

planning, collaboration, timing (including control for number and frequency), 

and empowerment. Limits were proposed by Eckert (1993) since patient overall 

seemed to desire brief interventions and receive therapeutic benefit primarily 

within 6-8 sessions, with decreasing gains over the succeeding sessions (Eckert, 

1993; Howard et al. 1986). The latter was also confirmed by Baldwin et al. 

(2009) who found this decrease after 9 sessions. Reese et al. (2011) found that 

patients who attended individual sessions roughly once per week achieved more 

change in fewer sessions compared to those who had less frequent sessions. 

Using a modified stratified model, similar to the GEL-model, but with a 

measurement of frequency incorporated, a better fit for rate of change was 

achieved (Reese et al., 2011).  

 Characteristics of the therapist. According to Kopta et al. (1999) and 

Wampold (2001), variance attributable to therapist differences in psychotherapy, 

has been found to be greater than variance attributed to treatment differences. 

Findings indicate that the therapist effects account for 5-8% of outcome variance 

(Castonguay et al., 2013). Saxon and Barkham (2012) found a range between 1-

10%, with greater effect for more severe patients. Notably, therapists differ in 

effectiveness, even though the differences are small (Baldwin & Imel, 2013). 

According to Lambert & Baldwin (2009) the variability in therapist effect is 

something that has not been widely explored, and additionally even less is 

known about the variability of patient outcomes within therapists’ caseloads. 

Baldwin and Imel (2013) emphasize the need for more studies concerned with 

potential confounds of the therapist effect, since the possibility still exists that a 

third variable like a therapists preference of difficult patients is accountable for 
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the effect. Even if we are able to identify which therapists are effective for 

which patients, such information does not necessarily tell us what to do with our 

new knowledge, and therefore more research on therapist effects is needed 

where patient treatment response is comprehensively monitored (Barkham & 

Imel, 2013; Lambert et al., 2009). This monitoring could help us track which 

therapists are the least and most effective, which would allow us to study their 

behavior to see if there are other characteristic differences (Baldwin & Imel, 

2013). Barkham et al. (2010) propose multilevel modeling as an appropriate 

statistical method to investigate the effect of therapist variability in the study of 

patient outcomes.   

 

Research questions 

 

To summarize, this study will evaluate the following two main hypotheses:  

1.) Will the rate of change during therapy be predicted by the total number of 

sessions? The GEL-model predicts it will, whereas the dose-effect model 

does not make this prediction. (Baldwin et al., 2009)  

2.) Will the likelihood of achieving reliable and clinically significant 

improvement be predicted by the total number of sessions? The GEL-

model predicts they will be unrelated or negatively correlated, whereas 

the dose-effect model predicts a positive correlation. (Baldwin et al., 

2009) 

Further, we will control our models for potential confounds by investigating 

variables that might affect the rate of change and likelihood of achieving RCSI 

our two samples: 

- If more frequent therapy sessions generate a better outcome? As Reese et 

al. (2011) propose, frequency is generating a better fitting model, with 

higher frequency resulting in more rapid improvement.  

-  Age, gender and employment, presumably, by Wolf and Hopko (2008) 

affecting, the outcome in this settings. 

-  Planned or unplanned endings, with planned ending patients presumably 

being those who improve more (Barkham, Connell et al., 2006).  

  

Method 

Participants 

Data from the two settings, Swedish primary care and psychiatric care, was 

apprehended from The Department of Behavioral Science and Learning at 

Linköping University. The patients referred to psychological treatment at the 

different clinics had already been asked to participate in the Swedish CORE-

system and all of them had already completed or at least started their therapy. If 

the patient agreed to participate, he or she was instructed to complete the CORE-

OM questionnaires after the first session and then before each consecutive 

session. The forms were completed in the waiting room and then delivered to the 
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university in sealed envelopes. The psychotherapies were delivered at each 

respective clinic. The therapists completed the CORE Assessment Form when 

the therapy started and the CORE End of therapy Form, when the therapy 

terminated.  

 Like in Baldwin et al. (2009) we limited our analyses to individual 

therapy outcomes in which the therapy episode was ended. If this information 

was not available from the CORE End of Therapy Form, we considered the 

therapy to have ended if the time interval between sessions exceeded 90 days 

(Baldwin et al., 2009; Reese et al., 2011). Patients were also required to have 

attended at least three sessions and to have been in therapy no longer than 40 

weeks. These criteria were introduced by Baldwin et al. (2009) in order to make 

their models stable, which also proved to be the case in our analyses. The 

descriptive data is based on available data, thus missing data may exist and will 

be presented afterwards to make the incomplete numbers comprehensible.  

 From the primary care sample, 640 patients met the inclusion criteria 

(Figure 1), of whom 55.9 % were female and 18.0 % male. Descriptive statistics 

on gender were missing in the remaining 26.1 % of the cases. The age range was 

14 to 88 years (M = 36.8, Mdn = 34.0, SD = 14.9) with 16.1 % missing data. 

Patients were seen by 68 therapists, with missing information on therapist 

identity for four patients. 

 In the psychiatry dataset, 249 patients met the inclusion criteria, 36.1 % 

were male, 33.3% were female, and 30.5% had missing information concerning 

gender. The age range was 16 to 64 (M = 32.6, Mdn = 27.5, SD = 13.3). 

Information on age were missing in 34.9 % of the sample. These patients were 

seen by 59 therapists, with missing information on therapist identity for 67 

patients.  

 In the primary care sample 17.6% of the therapists treated only one 

patient respectively 20.3% of the therapists for the psychiatric care sample. 

Since Baldwin et al. (2009) got consistent results when they replicated their 

analyses with those patients whose demographic variables were missing, all 

cases who met the inclusion criteria regardless of their missing data were 

included in our analyses as MAR. This has the advantage of increased statistical 

power. 
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Primary care settings 

 

Psychiatric care settings 

Figure 1. Flowchart of patient attrition and missing data. 
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Procedure  

The work process differed between the two datasets. The primary care dataset 

had already been collected, between the years of 2009 and 2011, and the process 

of gathering data had been terminated. The process of collecting data from the 

psychiatric clinics started in 2011 and is still an ongoing project with data 

arriving to the university each week. Therefore a deadline was introduced, 

which meant that sessions were included until the beginning of December 2013. 

 

The CORE-OM  

 The CORE-OM questionnaire. The Clinical Outcomes in Routine 

Evaluation-Outcome Measure (CORE-OM; Barkham et al., 2001; Evans et al. 

2002) is a patient self-report questionnaire to assess change in psychotherapy. 

The system was first developed in order to study effects of psychological 

treatment in primary care (Mellor-Clark et al., 1999), but has later been found to 

adequately also evaluate treatment in psychiatric settings (Elfström et al., 2013). 

It consists of 34 items on a five-point scale ranging from “not at all” to “most or 

all the time”. The items cover four domains: subjective well-being, 

problems/symptoms, life functioning and risk. The measure is problem scored, 

with higher scores indicating more problems, expressed in a mean score to 

indicate a global index of distress ranging from 0 to 4 (Mellor-Clark, Barkham, 

Connell & Evans, 1999). The mean is then multiplied by 10, to become what is 

known as clinical scores, which enhances the likelihood of practitioners 

assigning clinical meaning and use to the scores (Barkham, Mellor-Clark, 

Connell & Cahill, 2006) by making the clinical differences into whole numbers 

(Stiles et al., 2008).  

 Practitioners complement the CORE-OM by providing contextual 

information in two practitioner forms. The CORE Assessment Form helps 

profiling the patient by their presentation of the problem and pathway into 

therapy, for example reasons for referral, patients’ demographics, and the nature, 

severity and duration of the difficulties. The CORE End of Therapy Form helps 

to profile the patient´s pathway through and out of therapy, together with a range 

of subjective outcome measures. Therapists can here mark which therapy was 

conducted and rate aspects of the patient’s work in therapy on a three-grade 

scale: motivation, reflective ability and alliance (Mellor-Clark et al., 1999). 

 Evaluation. The CORE-OM has been translated into 22 languages 

including Swedish (Elfström et al., 2013). A Swedish validation (Elfström et al., 

2013), showed excellent acceptability (low rate of refusal), high internal 

consistency (α = 0.76-0.94) and test–retest reliability (r = 0.78), as well as 

acceptable convergent validity (r = 0.66-0.68 with the Hospital Anxiety and 

Depression scale (HAD), in line with that of Evans et al. (2002). The British 

version of CORE-OM has in earlier research shown good internal and test–retest 

reliability (0.75–0.95) (Evans et al., 2002), convergent (r =0.77 with the Clinical 

Interview Schedule Revised (CIS–R) (Connell et al., 2007) and discriminant 
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validity (i.e. that measurements that are supposed to be unrelated are, in fact, 

unrelated), and sensitivity to change (Evans et al., 2002). 

 The CORE-OM and RCSI. Using the criteria of Jacobson and Truax 

(1991), cut-off scores for reliable and clinically significant change has recently 

been established for the CORE-OM where reliable change was set to 6.3 points 

and the cut-off to separate clinical from non-clinical scores to 13 points 

(Holmqvist et al., 2013). Therefore, in our study, a patient would be considered 

to have reached RSCI if they started therapy with a CORE-OM score above 13 

points, ended therapy with a score below 13, and had improved 6.3 points or 

more.  

 

Data analysis and statistical analyses 

This treatment study used a naturalistic longitudinal design. Longitudinal 

multilevel growth models (Raudenbush & Bryk, 2002) were used to determine 

whether rate of change varied as a function of the total number of sessions 

patients attended, where repeated measurements of the clinical score on CORE-

OM (level 1) were nested within patients (level 2). In order to study the 

relationship between variables from session-to-session, a time varying predictor 

variable (Session) was used. This variable was coded by the session’s number 

and then recoded to start with zero, meaning therapy session 1 was coded as 0, 

session 2 as 1 and so on. Multilevel modeling has been proposed when using 

hierarchically structured data, in longitudinal studies as well as in meta-analysis 

(Hox, 2002). Time invariant predictors: frequency of sessions, gender, 

employment, age and planned/unplanned endings, were used to investigate the 

potential contributions to treatment response. Barkham, Connell et al. (2006) 

included only patients with planned endings, meaning if the therapist and client 

agreed to end the therapy or a previously planned course of therapy was 

completed, as a means of determining when the GEL was reached. We instead 

used patients with both planned and unplanned endings, to control for this 

potential confound of the treatment response. Logistic regression was used to 

examine the relationship between the dependent variable RCSI and the 

independent variable total dose of treatment. The same potential confounds were 

controlled for here, as well as the initial CORE-OM score. Missing data was 

treated as MCAR and therefore listwise deletion was used. 

 Rate of change. To evaluate the primary research questions, we applied 

multilevel growth models (Hox, 2002) to assess the rate of change. All models 

were estimated using the statistical package for social sciences (SPSS) version 

21, with full maximum likelihood (ML) estimation utilizing all available data 

and assuming any missing data as MAR, similar to Reese et al. (2011). We 

adopted the same names for the growth models as Baldwin et al. (2009): the 

dose-effect model being the aggregate model, and the GEL-model being the 

stratified model. The models used by Baldwin et al. (2009) are explained below: 
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The aggregate model 

 

𝑌𝑖𝑗𝑘 =  β00 + β10(𝑠𝑒𝑠𝑠𝑖𝑜𝑛)𝑖𝑗 + β20(𝑠𝑒𝑠𝑠𝑖𝑜𝑛)𝑖𝑗
2 + β30(𝑠𝑒𝑠𝑠𝑖𝑜𝑛)𝑖𝑗 

3

+ [β00𝑗 + β10𝑗(𝑠𝑒𝑠𝑠𝑖𝑜𝑛)𝑖𝑗 + β20𝑗(𝑠𝑒𝑠𝑠𝑖𝑜𝑛)𝑖𝑗
2 + 𝑐10𝑘(𝑠𝑒𝑠𝑠𝑖𝑜𝑛)𝑖𝑗

+ 𝑒𝑖𝑗𝑘] 

The stratified model 

 

𝑌𝑖𝑗𝑘 =  β00 + β01(#𝑠𝑒𝑠𝑠𝑖𝑜𝑛𝑠)𝑗 + β10(𝑠𝑒𝑠𝑠𝑖𝑜𝑛)𝑖𝑗 + β20(𝑠𝑒𝑠𝑠𝑖𝑜𝑛)𝑖𝑗
2

+ β30(𝑠𝑒𝑠𝑠𝑖𝑜𝑛)𝑖𝑗 
3 + β11(#𝑠𝑒𝑠𝑠𝑖𝑜𝑛𝑠)𝑗(𝑠𝑒𝑠𝑠𝑖𝑜𝑛)𝑖𝑗

+ β21(#𝑠𝑒𝑠𝑠𝑖𝑜𝑛𝑠)𝑗(𝑠𝑒𝑠𝑠𝑖𝑜𝑛)𝑖𝑗
2 + β31(#𝑠𝑒𝑠𝑠𝑖𝑜𝑛𝑠)𝑗(𝑠𝑒𝑠𝑠𝑖𝑜𝑛)𝑖𝑗

3

+ [β00𝑗 + β10𝑗(𝑠𝑒𝑠𝑠𝑖𝑜𝑛)𝑖𝑗 + β20𝑗(𝑠𝑒𝑠𝑠𝑖𝑜𝑛)𝑖𝑗
2 + 𝑐10𝑘(𝑠𝑒𝑠𝑠𝑖𝑜𝑛)𝑖𝑗

+ 𝑒𝑖𝑗𝑘] 

 The aggregated equation averaged the rate of change across all patients, 

ignoring the total number of sessions patients attended. Y𝑖𝑗𝑘 is the CORE-OM 

score at time (i) when patient (j) is attending therapy with therapist (k); β00 is 

the average CORE-OM score when therapy start, which is the overall intercept; 

β10(session)𝑖𝑗 the fixed linear, β20(session)𝑖𝑗
2  the fixed quadratic and 

β30(session)𝑖𝑗 
3 the fixed cubic rates of change. The random effects are displayed 

within the brackets; β00𝑗 is the variability around the overall intercept, 

β10j(session)𝑖𝑗  and β20𝑗(session)𝑖𝑗
2  represents the variability around the linear 

respectively the quadratic rate of change. The model also included a random 

effect that accounted for therapist variability around the intercept and the linear 

rate of change; 𝑐10𝑘(𝑠𝑒𝑠𝑠𝑖𝑜𝑛)𝑖𝑗. 

 The random effects in the second equation, are identical to those in the 

first one. A fixed main effect of total number of sessions; β01(#sessions)𝑗 and 

interactions between the linear (β11), quadratic (β21) and cubic (β31) rates of 

change and total number of sessions (#𝑠𝑒𝑠𝑠𝑖𝑜𝑛𝑠)𝑗 , were added to formulate the 

stratified model. 

 In our analyses we adopted these models with some modifications. The 

therapist effect did not significantly improve the model fit, when accounting for 

random intercepts, and therefore the level three random effect; 𝑐10𝑘(𝑠𝑒𝑠𝑠𝑖𝑜𝑛)𝑖𝑗, 

was excluded from our models. The random effects were estimated as variance 

components, 𝑒𝑖𝑗𝑘, that is the variance of each random effect were estimated 

separately but no correlation between them was estimated. In the psychiatric 

dataset the cubic trend β30(𝑠𝑒𝑠𝑠𝑖𝑜𝑛)𝑖𝑗 
3  was excluded due to non-positive 
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definiteness of the Hessian matrix when this term was included, presumably 

because of over-parameterizing the model in this relatively small sample. We 

did also test for a random cubic effect in the models, but this was not found to 

improve the models’ fit. 

 To test whether the rate of change was a function of the total number of 

sessions a patient attended, we compared the two growth models: the aggregate 

model, ignoring the difference in number of sessions patients attended and the 

stratified model, which included the main effect of number of sessions attended 

and its cross-level interaction with session number. The purpose of this thesis 

was primarily to try to replicate the results of Baldwin et al. (2009) and therefore 

a bottom-up approach was never considered. Significantly better fit of the GEL-

model would indicate that patients who attends different number of session 

change at different rates. 

 Many psychotherapy studies (e.g. Howard et al., 1986; Kopta et al., 

1994; Lutz et al., 2001) use a natural log transformation of the time variable 

rather than modeling separate linear and quadratic terms. Like Baldwin et al. 

(2009), we compared model fit for these models using Schwartz Bayesian 

Information Criterion, which can be used when comparing non-nested models. 

 The logarithmic model showed somewhat worse model fit compared to 

the polynomial models (Bayesian information criterion = BIC; Primary care 

sample BICcubic = 22274.45, BIClog = 22301.77, BICdiff = 27.32 and the 

Psychiatric care sample BICquadratic = 9302.22, BIClog = 9317.36, BICdiff = 15.14, 

where smaller BICs indicate better fit). Log-transformations of number of 

sessions was also considered because of skewness in our data, but we decided to 

use the non-transformed variable due to a marginally different fit from the 

model using the non-transformed variable.  

 To rule out the influence of potential confounds, we re-estimated the 

models including age (grand mean centered), gender (0 = male or 1 = female), 

employment (dummy coded: 1= yes or 0 = no) noted in the CORE End of 

Therapy Form, whether the ending of therapy was planned or unplanned 

(dummy coded: 1= yes or 0 = no) and frequency, formulated as the average 

amount of time between each session (Reese et al., 2011). Grand mean centering 

of variables facilitates interpretation, especially when multicollinearity is present 

(Hox, 2013). This was done by subtracting the mean from the obtained scores. 

Due to different missing demographic information on the potential confounds, 

these analyses only included patients without missing data, which forced each 

potential confound to be investigated in separate analyses. The Likelihood Ratio 

Chi-square test was used, where -2log-likelihood values were compared to a 

model, where each respective confound first was included only as a covariate, to 

reduce the sample to only include patients with existing information, and then 

re-estimated for model comparison. All variables were included as main effects 

as well as interactions with the linear and quadratic terms in the both settings, 

and as together with a cubic term in the primary care setting. We also controlled 
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these variables for possible interactions with number of session, but this 

interaction was excluded due to lack of better fit.  

 Reliable Clinically Significant Improvement. Patients who started below 

the clinical cutoff for the CORE-OM could not have achieved RCSI as defined 

by Jacobson and Truax (1991). Consequently, for the analyses, we limited the 

data to those patients who started above the clinical cutoff (n = 488 compared to 

640 in the primary care sample, and n = 163 compared to 249 in the psychiatric 

care sample). We started by controlling for therapist effect, and since we 

encountered difficulties with convergence, probably due to too small therapist 

differences in RCSI variance, we decided to conduct single-level linear logistic 

regression instead of multilevel logistic regression.  

 The probability of achieving RCSI, was then investigated using the 

predictors from the previous analyses. Like Baldwin et al. (2009) we added the 

grand mean centered initial symptom level for the participants as a predictor. 

Like Baldwin et al. (2009) we added all predictors simultaneously (i.e. no 

stepwise procedure was used). This method has been proposed as the method of 

choice when the model rests upon previous research and theoretical reasoning 

(Gelman & Hill, 2006). 

 

Results 

Descriptive data 

Primary care patients in our sample remained in therapy for an average of 6.0 

sessions (SD = 3.12, range 3-19, Mdn = 5.0) and stayed in therapy for 14.1 

weeks (SD = 8.94, range 1.57-40.0, Mdn = 12.0). Pooling across all patients the 

mean clinical score at the first session was 17.4 (Mdn = 17.4, SD = 5.47) and 

12.1 at the last session (Mdn = 11.6, SD = 6.22).  

 The average time in therapy for patients in the psychiatry sample was 

7.65 sessions (Mdn = 13.7, SD = 4.73, range 3-26), and they stayed on average 

for 15.3 weeks (Mdn = 13.7, SD = 9.87, range = 1-39.6). The mean clinical 

scores on the CORE-OM were at onset 16.9 points (Mdn = 16.9, SD = 6.26) and 

at therapy end 14.5 (Mdn = 13.8, SD = 7.35). Although both average initial 

symptom levels and weeks in therapy indicated that the two populations were 

rather similar, some differences were found. The patients in the primary care had 

larger symptom reduction (M = 5.2, SD = 6.0 versus M = 2.4, SD = 6.0) t(872) = 

6.14, p < .001, and less number of sessions (M = 6.08, SD = 3.12 versus M = 

7.65, SD = 4.74) t(887) = 5.78, p < .001. These differences were both 

significantly different. The primary care sample achieved the biggest symptom 

reduction. The time interval between each session in weeks also differed 

significantly between primary care (M = 2.98, SD = 1.56) and the psychiatric 

care (M = 2.64, SD = 1.72) t(887) = 2.78, p = .0055. Considering these 

differences, the two samples were analyzed separately. 
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1.The rate of change 

 Congruence with the models. The primary care results of the aggregate 

model were generally consistent with previous dose-response analyses. In Figure 

2 the results indicate improvement of the average patient over time when the 

differences in total number of sessions attended were ignored. The rate of 

change is described in the upper part of Table 1a. The linear (Session = -1.43), 

quadratic (Session2 = 0.115) and cubic (Session3 = -0.005) variables were all 

significant (p < .005), indicating that the average rate of change was most rapid 

in the early stages of therapy, flattened out in the middle stages of therapy and 

then did not change much at all in the later stages of therapy (Figure 2). This is 

consistent with the results of Baldwin et al. (2009) and Howard et al.’s (1986) 

concerning the dose-effect model, predicting rapid rate of change in the early 

sessions and then stagnation. 

 The effects of the session variable in the stratified model in the primary 

care sample were consistent with the aggregate model: the linear (Session = -

1.86), quadratic (Session2 = 0.28) and cubic (Session3 = -0.023) terms were all 

significant (p < .005). The results of number of sessions (Number of sessions = 

0.13, p < .05) indicate significant differences in initial symptom score on the 

CORE-OM across patients with different total number of sessions. Patients with 

a higher CORE-OM score at the initial stage of therapy were predicted by the 

model to receive more sessions (upper illustration of Figure 3). The stratified 

model also indicates that rate of change was related to the number of sessions 

patients attended. This can be seen in the results of the linear, quadratic and 

cubic trends of the number of sessions attended (Number of sessions×Session = 

0.081, p = .005, Number of sessions×Session2 = -0.013, p = .05, Number of 

sessions×Session3 = 0.0017, p < .005). The stratified model fits the data 

significantly better than the aggregate model, χ2(4) = (22228.71 - 22167.91) = 

60.80, p < .001., which is consistent with the results of Baldwin et al. (2009), 

indicating that patients who attended different numbers of sessions changed at 

different rates, with fewer sessions indicating faster rate of change (upper 

illustration of Figure 3). Regardless of total number of sessions, the model also 

predicted the average patients to improve over time. 
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Table 1a 

Multilevel Growth Curve Models Predicting Change in CORE-OM 

during Treatment in the primary care sample 

 Coefficient 

Variable 
Aggregate  

model 

Stratified  

model 

Fixed effect 

Intercept 17.15** 17.32** 

Session -1.43** -1.86** 

Session2 0.115** 0.28** 

Session3 -0.005** -0.023** 

Number of sessions  0.13* 

Number of sessions × Session  0.081** 

Number of sessions ×  Session2  -0.013* 

Number of sessions ×  Session3  0.0017** 

Random effects 

 Variance estimates 

 

Between patient   

    Initial status 20.84** 20.45** 

    Session 0.47** 0.44** 

    Session2 0.002** 0.001** 

    Residual 10.26** 10.20** 
Note. Number of sessions were grand mean centered and Session recoded to start with zero to 

become easier to interpret. 

CORE-OM = The Clinical Outcome in Routine Evaluation – Outcome Measure. 

*p < .05. 

**p < .005. 

 

 The results of the aggregate model for the psychiatric care setting are 

presented in Table 1b. The linear (Session = -0.18) and quadratic (Session2 = 

0.015) terms were both significant (p < .05), indicating that the average rate of 

change was slightly faster at the beginning of therapy, and then decreased 

towards the end of the therapy, as seen in Figure 2. This result is consistent with 

earlier dose-effect research (Howard et al., 1986; Baldwin et al., 2009). 

 The results of the stratified model differed from the aggregate model, 

with a similar linear trend (Session = -0.48, p < .005), but a much smaller and 

non-significant quadratic trend (Session2 = 0.0007, p > .05), indicating a steeper 

decrease in the CORE-OM score with each consecutive session, than in the 
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aggregate model. A comparison between Figure 2 and lower illustration of 

Figure 3 supports this notion. Patients improved over time in an almost linear 

form by consecutive sessions, with faster rates for the patients attending fewer 

sessions. The non-significant main effect of number of sessions indicates no 

differences of initial symptom between patients with different total number of 

sessions. The model does thus not predict how many sessions a patient is going 

to receive, on the basis of initial level of distress. The results indicate that 

patients who attend different numbers of sessions change at different rates 

(Number of sessions×Session = 0.075, p < .005), with those attending more 

sessions changing at a slower rate, as seen in the lower illustration of Figure 3. 

The stratified model fitted the data significantly better than the aggregate model 

also in the psychiatric care settings, χ2(4) = (9267.75 - 9235.46 = 32.29, p < 

.001). The increase of symptoms, around the 6th session in the aggregate model 

can, just like the long plateau in the primary care dataset model, around the 9th 

session, (Figure 2), be interpreted as the effect of patients terminating therapy. 

Patients who have ended their therapy are here still subjects of the statistical 

model, making the patients still in therapy seemingly improve less than they 

actually do in the aggregate model. This can be illustrated when comparing 

Figure 2 and the lower illustration of Figure 3. Just like in the primary care 

dataset, the stratified model predicts the patients to improve regardless of total 

dose. 
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Table 1b 

Multilevel Growth Curve Models Predicting Change in CORE-OM 

during Treatment in the psychiatric care sample 

 Coefficient 

Variable 
Aggregate  

model 

Stratified  

model 

Fixed effect 

Intercept 16.33** 16.68** 

Session -0.18* -0.48** 

Session2 0.015* 0.0007 

Number of sessions  0.08 

Number of sessions × Session  0.075** 

Number of sessions ×  Session2  -0.002 

Random effects 

 Variance estimates 

 

Between patient   

    Initial status 32.00** 31.61** 

    Session 0.28** 0.21** 

    Session2 0.00005 0.00008 

    Residual 12.70** 12.62** 
Note. Number of sessions were grand mean centered and Session recoded to start with zero to 

become easier to interpret. 

CORE-OM = The Clinical Outcome in Routine Evaluation – Outcome Measure. 

*p < .05. 

**p < .005. 
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Aggregated models of the primary care and psychiatric care samples 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
Figure 2. Predicted rate of change in the Clinical Outcomes in Routine Evaluations - Outcome 

Measure clinical scores across sessions in treatment illustrated by the aggregate model. The 

primary care sample is modeled up to 13 sessions and the psychiatric care sample is modeled 

up to 14 sessions.  

 

Stratified model the primary care sample 
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Stratified model of the psychiatric care sample 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 3. Predicted rate of change in the Clinical Outcomes in Routine Evaluations - Outcome 

Measure clinical scores across sessions in treatment in the stratified model. In the upper 

illustration is the primary care sample modeled up to 13 sessions and in the lower illustration 

is the psychiatric care sample modeled up to 14 sessions. 

 

 Potential confounds to the rate of change. The results of the models were 

not significantly affected when including gender, planned ending and number of 

sessions, meaning that parameters from the original models were essentially 

unchanged, except for the inclusion of frequency. These results are congruent 

with the statements of Bohart and Wade (2013), who concluded that most 

moderating or mediating effects are not to be found in the demographic 

variables.  

 The results in the primary care settings were significantly affected by the 

inclusion of age, frequency and employment, presented in Table 2. Age was 

significant (χ2Age(4)∆ = 9.75, p = .045), with a linear (Age×Session =.024, p = 

.003), quadratic (Age×Session2 = -.0046, p = .005), and cubic form of session 

(Age ×Session3 = .0002, p = .010), indicating that being of older age predicts a 

slower symptom reduction at the onset of therapy, although the effect was small 

and diminishing over time with additional sessions. This conclusion is in line 

with that of Wolf and Hopko (2008), who also found older age to be linked to 

poor treatment response. Frequency also improved the fit (χ2Frequency(4)∆ = 

20.19, p < .0005), with the main effect (Frequency = -.514, p = .001). A higher 
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initial score on CORE seemed to correlate with more frequent sessions. We are 

cautious in interpreting this finding, since the effect of number of sessions was 

no longer significant when frequency was included as a predictor. Employment 

(χ2Employment(4)∆ = 13.35, p = .001) showed a significant main effect 

(Employment = -1.48, p = .025), a significant quadratic (Employment×Session2 

= -.173, p = .006) and cubic form of session (Employment×Session3 = .009, p = 

.008), which indicates that having an occupation is correlated with lower initial 

CORE-OM score, and with increased initial recovery speed  

 Age was found to be the only predictor in the psychiatric settings that 

significantly improved the fit of the model (χ2Age(3)∆ = 8.09, p = .044), with a 

linear (Age×Session= .0187, p = .012) and quadratic form of interaction effect 

with session (Age×Session2 = -.0013, p = .040). This indicates that older age has 

a slight but diminishing repressing effect on the rate of change compared with 

the average age in the psychiatric care settings as well.  

  



26 

 

Table 2 

Potential confounds of the rate of change in the stratified models  

 Primary care Psychiatric care 

Significant confounds N Estimate N Estimate 

 

Age 

Age × Session 

Age × Session2 

Age × Session3 

 

407 

 

 

 

 

-0.1968 

.02385** 

-.0046** 

.00023* 

 

116 

 

-.0737 

.0188* 

-.0013* 

 

Frequency 

Frequency × Session 

Frequency × Session2 

Frequency × Session3 

 

Employment 

Employment × Session 

Employment × Session2 

Employment × Session3 

 

640 

 

 

 

 

640 

 

 

 

 

 

-.5138** 

.0532 

.0156 

-.0009 

 

-1.488* 

.3973 

-.1729* 

.0089* 

 

 

249 

 

 

 

 

249 

 

 

 

 

 

.0161 

.0106 

.00005 

 

 

.1874 

-.0029 

.0019 

 

 
*p < .05. 

**p < .005.  

 

2.Reliable and Clinically Significant Improvement 

 Congruence with the models. Table 3 presents the rates of reliable and 

clinically significant improvement, RCSI, and also reliable improvement as an 

additional measurement, stratified by the total number of sessions attended. A 

total of 191 (39.1%) patients in the primary care settings and 37 (22.7%) 

patients in the psychiatric settings reached RCSI (Table 3). To investigate the 

differences in the probability of reaching RCSI between different conditions of 

our potential confounds we used odds ratio (OR). An OR value above on 1 

shows a positive relationship, and a value below 1 a negative relationship. An 

exact value of 1 means that there is no difference in the odds of achieving RCSI 

or not. Using odds ratio number of sessions was shown in Table 4 to slightly 

increasing the odds of reaching RCSI in the primary care sample (OR = 1.150, p 

< .005), while the odds in the psychiatric care sample decreases by the number 

of sessions (OR = .832, p < .005).  
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Tabel 3 

Primary and psychiatric care crosstabulation of patients  

reaching RCSI and Reliable change after Number of sessions 

Note. Only clients whose initial CORE–OM score was at or above the clinical cutoff of 13 

were included. RCSI, reliable and clinically significant improvement, defined as having a post 

treatment CORE–OM score below 13 and having changed by at least 6.3 points. Reliable 

improvement change of at least 6.3 points regardless of post-treatment score (and thus 

includes clients who achieved RCSI). 

 

 

 

 

  
Primary care 

settings 
 

Psychiatric care 

settings 
Number 

of 

sessions 

Total RCSI  
Reliable  

improvement 
Total RCSI  

Reliable  

improvement 

 N N %  N % N N %  N % 

3 104 28 26.9  40 38.5 32 12 37.5  14 43.8 

4 88 28 31.8  38 43.2 24 2 8.3  3 12.5 

5 71 27 38.0  33 46.5 9 2 22.2  2 22.2 

6 45 19 42.2  24 53.3 10 2 20.0  2 20.0 

7 46 21 45.7  24 52.2 17 3 17.6  3 17.6 

8 40 19 45.5  21 52.5 15 4 26.7  6 40 

9 16 7 43.8  7 43.8 5 1 20.0  1 20.0 

10 24 13 54.2  14 58.3 7 2 28.6  2 28.6 

11 16 7 43.8  8 50.0 8 1 12.5  3 37.5 

12 15 9 60.0  11 73.3 5 4 80.0  4 80.0 

13 4 0 0.0  2 50.0 7 1 14.3  1 14.3 

14 6 3 50.0  4 66.7 7 0 0.0  0 0.0 

15 4 3 75.0  4 100.0 2 1 50.0  1 50.0 

16 3 3 100.0  3 100.0 5 1 20.0  1 20.0 

17 1 1 100.0  1 100.0 5 0 0.0  2 40.0 

18 4 2 50.0  3 75.0 2 1 50.0  1 50.0 

19 1 1 100.0  1 100.0       

20             

21             

22             

23       2 0 0.0  0 0.0 

24       1 0 0.0  1 100.0 

25             

26             

Total 488 191 39.1  238  48.8 163 37 22.7  46 28.2 
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Table 4 

Logistic Regression Models Predicting Reliable and Clinical 

Significant Improvement 

 

Variables 

Primary care  

odds ratio 

n = 488 

Psychiatric care 

odds ratio 

n = 163 

Number of sessions 1.150* .832* 

Number of sessions2 

Employment 

.993 

1.533 

1.012 

.844 

Initial CORE-OM score .755 .721 

Age 1.005 .996 

Gender 1.043 2.369 

Planned endings .616 .274 

Frequency .928 .684 

Note. Planned endings in the primary care (OR= .616, p =.081) and Planned endings in the 

psychiatric care (OR = .274, p = .055), were both on the verge of significance. 

*p < .05. 

 

 To illustrate this results in Table 3, we used predicted probability of 

reaching RCSI (Figure 4). The relationship between RCSI and sessions appeared 

in the primary care settings to be linear up to at least the 9th session, which is in 

line with the increased odds of number of sessions. The prediction about the 

primary care sample is consistent with the dose-effect model, predicting the 

effect of additional sessions to be constant, up to the first nine sessions, followed 

by fluctuating effects, which also was the finding of Baldwin et al. (2009).  

 A visual inspection of the predicted values of the psychiatric sample 

(lower illustration in Figure 4), on the other hand, concludes that this 

relationship rather is negative, but that it is difficult to find this relationship to be 

linear. Rather the distribution of patients reaching RCSI looks multimodal, with 

spikes at three and eight sessions. This negative relationship between probability 

of RCSI and number of sessions is in line with the GEL-model (Barkham, 

Connell et al., 2006).  

 Potential confounds of RCSI. As seen in Table 3 no other confounds 

besides number of sessions was found to significantly affect the odds of 

reaching RCSI. Hansen, Lambert and Forman (2002) found that most patients 

ended their therapy before reaching clinical and meaningful change. In our study 

39.1% achieved RCSI in primary care, with an additional 9.6% reaching reliable 

change. In the psychiatric care 22.7% reached RCSI and an additional 5.5% 

reached reliable change. Potential explanations why we received such low 

figures will be discussed below.  
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Primary care predicted probability  

 

Psychiatric care predicted probability  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 4. Predicted probability of reaching RCSI (y) in Number of sessions (x). The primary 

care sample is modeled up to 13 sessions and the psychiatric care sample is modeled up to 14 

sessions.  
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Discussion 

Summary of results 

The dose-effect model makes the assumption of an average rate of change that is 

constant regardless of total number of sessions attended, and that the expected 

pattern of change can be modeled as negatively accelerating. The dose-effect 

model further suggests an increased likelihood of reaching clinically significant 

change with a higher number of sessions attended. The GEL-model makes the 

contrasting prediction that the rate of change is varying across different total 

treatment doses, and the prediction of no correlation or a negative correlation 

between total number of sessions and the likelihood of achieving reliable and 

clinically significant change.  

 1.Rate of change. When the variability of total number of sessions was 

taken in consideration the GEL model made a better fit for both samples. The 

average rate of change seems to vary across the total number of sessions 

received, with patients attending fewer sessions showing a faster rate of change 

compared to those attending more sessions.  

 2.Reliable and Clinically Significant Improvement. The relationship 

between RCSI and number of sessions appeared in the primary care settings to 

be positively linear during the first nine sessions, whereas a potentially 

multimodal negative relationship was found in the psychiatric care settings. The 

findings thus gave mixed support for both the GEL-model and the dose-effect 

model. Overall, the results mainly supported the GEL-model, with better model 

fit using number of sessions as a covariate, but with some reservations 

concerning the primary care sample treatment response pattern. It may appear 

that Howard et al.’s (1986) milligrams-as-dose metaphor is to some extent 

suitable for the primary care sample, where the likelihood of improvement 

increases with more psychotherapy although the benefits of higher doses are 

diminishing. Barkham et al.’s (2009) agricultural metaphor fits on the other 

hand the psychiatry sample better, with no higher likelihood of improvement 

with more psychotherapy and a rather linear trend for recovery. 

 

Discussion of results 

 1.Rate of change. For the psychiatry sample change seemed to follow a 

rather linear trend, in congruence with Barkham, Connell et al. (2006), where for 

the primary care sample the rate of change seems to decrease midway through 

therapy after which it accelerates again, which would follow Howard et al.’s 

(1986) proposed pattern of progress. This raises the question if there are actual 

differences in the patterns of treatment response between primary care and 

psychiatry patients. Baldwin et al. (2009) notes that future research should 

investigate whether their results are applicable to different populations of 

patients. In our study, although both average initial symptom levels and weeks 

in therapy indicated two very similar populations, symptom reduction and 

number of sessions both differed significantly, between our two datasets, with 
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the primary care sample on average making the largest symptom reduction and 

receiving the smallest amount of therapy. This is in contrast to Wolf and 

Hopko’s (2008) finding about primary care patients generally having less severe 

symptoms at onset. One explanation to be considered is our use of the total score 

on CORE-OM as outcome measurement. If subscales from the CORE-OM 

questionnaire had been used, potential differences in symptoms between the 

datasets could have been detected. This is interesting since previous dose-

response studies have shown different response to treatment for symptoms of 

different nature (Howard et al., 1986; Kopta et al., 1994; Maling, Gurtman & 

Howard, 1995). 

 Although there was no difference in total weeks in therapy between the 

two datasets, the time interval between each session differed significantly 

between the primary care settings and the psychiatric care settings. Further 

research could therefore investigate frequency’s (non-) significance for 

psychiatric patients and its impact on primary care patients. Another 

consideration is that the inclusion of frequency in the primary care model made 

the significant main effect of number of sessions disappear, which may make 

our inferences uncertain. The disappearance of the main effect of number of 

sessions reflects that frequency explains the variance of initial distress better. 

The primary care dataset indicate that patients with higher initial distress 

received more frequent sessions. This is comprehensible when higher distress 

may require urgent support, and thus more frequent sessions would arguably 

yield higher exposure to the active ingredients faster. Why this relationship is 

not found in the psychiatric settings, has still to be investigated. Perhaps stricter 

guidelines concerning frequency in addition to more regular attendance among 

primary care patients could explain this further. Reese et al. (2011) found in 

their study the relationship between frequency and initial score to be moderated 

by number of sessions attended on which they concluded that all patients with a 

high amount of number of sessions did not always had high initial distress. 

Reese et al. (2011) also found that a more frequent therapy contact predicted a 

faster recovery rate regardless of number of sessions. Notably, we found no 

significant interaction effects for frequency, marking its lack of impact on the 

rate of change in our samples compared to Reese et al.’s (2011) finding of 

higher frequency resulting in more rapid rate of change. Frequency is possibly a 

misleading predictor of symptom reduction, since less frequency, more days 

between sessions, also indicates a longer time interval for recovery between 

sessions. We therefore recommend further research to investigate the 

relationship between frequency and rate of change where frequency is adjusted 

for how much total time has elapsed. Another issue that may have biased our 

results for frequency is the fact that frequency may vary within patients during 

treatment. This should also be investigated further.  

 Neither did we find any therapist effect in relation to the rate of change 

in either dataset. As Werbart et al. (2013) argued, this might have been because 
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many therapist treated just one patient, which may have biased the therapist 

variance estimation. Another possibility might have been that the subsample of 

patients: having more than three sessions and being in therapy no longer than 

forty weeks, used in our analyses were not affected by the therapists influences 

(Werbart et al., 2013). Since Saxon and Barkham (2012) found the therapist 

effect to vary, 1-10% of the outcome variance, depending on symptom severity, 

a possibility might have been that all patient included in this study were patients 

showing relatively little distress. Since the two samples showed similar average 

initial CORE-OM scores, it would also have been strange if we had found 

different therapist effects in our two samples. Harder to treat patient may be 

harder to get to fill in the CORE-questionnaire implying that the samples might 

have consisted of patients showing relatively little distress. Further research on 

therapist effects in natural settings should therefore be conducted. We found 

different significant predictors for patient response between the primary care and 

psychiatry care sample, which contradicts the review of Wolf and Hopko 

(2004), who found them to have similar predictors. Although, age seems to be a 

common predictor, frequency and employment were not significantly 

influencing the rate of change for patients in the psychiatric settings. Two 

explanations for this could be the meagre variation in response rate and the 

relatively small sample, i.e. individuals at level 2, due to missing data on the 

demographic information of the patients in psychiatric care, offering small 

opportunities to show effects of these characteristics. Since Wolf and Hopko 

(2008) regarded primary care samples to be understudied more research is 

needed regarding these factors.  

 2.Reliable and Clinically Significant Improvement. According to 

Castonguay et al. (2013) earlier studies using the CORE-OM has yielded a mean 

rate of 56% of patients meeting the threshold for RCSI, with an additionally 

18% achieving only reliable improvement. One reason for the smaller number of 

patients that attained RCSI change in our study might be the somewhat higher 

limits for both reliable change and the cut-off for belonging in the clinical range 

on CORE-OM in Swedish studies (Elfström et al., 2013). The cut-off is 13.0 for 

both genders with 6.3 points as a reliable change index, compared to the British 

limits: 11.9 for men and 12.9 for women, with a reliable change index of 4.8 

(Barkham, Connell et al., 2006). Connell et al. (2007) has made similar remarks 

about the British norms and has therefore recommended a cut-off value of 10.0 

for both genders, which certainly would increase the number of patients 

reaching RCSI (Elfström et al., 2013). Different pre-treatment levels of distress, 

or more effective therapists in the U.K. are two other potential explanations 

offered by Werbart et al. (2013) why our results do not correspond with the 

British means. This last hypothesis might explain why we did not find any 

therapist effects regarding RCSI status. Also we did not control for which 

episode of treatment the patient were having, diagnosis or the presence of 

comorbid illnesses, which may have influenced the rates of improvement. In a 
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review Richards (2011) concluded that the presence of comorbid illnesses, 

medical or psychiatric, significantly influences rates of remission, recovery and 

relapses. Another factor might have been differences in the organizational 

frames for delivering psychotherapy in Sweden compared to the U.K (Werbart 

et al., 2013).  

 For the primary care sample a higher number of sessions increased the 

percentages of patients reaching RCSI, at least up to nine sessions, with the 

curve leveling out afterwards. This positive relationship was predicted by the 

dose-effect model, where a higher number of sessions results in more exposure 

to the active ingredient in therapy. This result is also consistent with Baldwin et 

al. (2009), who argued that although initially supporting the dose-effect model, 

the positive relationship disappeared after session eight. In our study the 

predictive graphs modeled sessions up to session 13 respectively 14, due to the 

small number of patients having longer therapies. Since patients terminate 

therapy progressively, uncertainty in estimates increases as the number of 

patients receiving a higher dose of therapy decreases. This limitation makes it 

hard to draw conclusions for patients receiving a higher number of sessions, 

why we only can talk of support for the dose-effect model up to nine sessions in 

the primary care settings.  

 Interestingly, this relationship did not appear for patients in the 

psychiatry sample, where patients seemed to decrease their odds of achieving 

RCSI by attending a higher number of sessions. Patients in psychiatric care 

might therefore be said to gain less from additional sessions compared to 

primary care patients. A multimodal distribution might indicate the existence of 

different populations within the sample. In our case meaning that the psychiatric 

care sample might consist of two normally distributed types of patient 

populations: those who benefit the most from three sessions and those who 

benefit the most from ten sessions. The different nature of the clinics, with 

different target groups, might speak for this hypothesis. The low percentage of 

RCSI follow the GEL-model’s prediction that patients who receive high doses 

of therapy might lower the expectations of improvement to a level of good-

enough symptom reduction for termination, without necessarily reaching RCSI. 

Therefore hard-to-treat patients would not yield a higher percentage reaching 

RCSI, even if exposed to larger amounts of therapy and also getting the feeling 

of making progress. Again, this might be a consequence of the relatively low 

improvement rate and small sample in the psychiatric settings.  

 

Limitations  

 Multilevel modeling. Although MLM matches the natural hierarchical 

structure of the real world, the method is associated with some shortcomings 

(Adewale et al., 2007). The primary limitation of MLM is that it can only model 

one dependent variable at a time, which complicates the ability to investigate 

causal interactions and which also makes it impossible to investigate faulty or 



34 

 

spurious relationships between variables due to just one diagonal entry of a 

variance-covariance-matrix, confining the ability to explain variability (Adewale 

et al., 2007). Neither does MLM effectively include measurement error 

concerns. The shift towards explaining correlations in MLM with growth 

modeling has not yet reached the level of growth curve modeling in more 

sophisticated frameworks such as structural equation modeling (SEM) (Adewale 

et al., 2007; Hox, 2013). SEM allow estimation of relationships between 

observed and not directly observed, latent, variables and direct and indirect 

effects (Hox, 2013), which therefore could have been an alternative method to 

conduct our analyses of potential confounds. MLM using ML also requires a 

considerable amount of data on each group at the highest level, in our case 

individuals with different amounts of total number of sessions on level 2, to 

obtain credible coefficient estimates and power (Bickel, 2007; Hox 2013). The 

absence of strict rules for determining adequate sample sizes at any level poses a 

problem (Bickel, 2007) and since many patients were removed due to the strict 

inclusion criteria in our study, the results for primarily the psychiatric care 

sample should be treated with caution. A limitation to our study is that we only 

tested relative fit of two theoretically postulated models, without testing for 

absolute model fit. Absolut model fit indices are not regularly reported by most 

MLM software, although there are measures developed, e.g. Conditional 

concordance correlation (Wu, West & Taylor, 2009). This means that although 

the stratified model fitted the data better than the aggregate model, it may still 

not fit the individual data points very well. 

 Naturalistic studies. Beutler (1991) presents a scheme to evaluate all 

relevant differences among treatment types. According to this scheme about 1.5 

million interactions between potentially important patient, therapist, and therapy 

variables, so called causal entanglements (Barkham et al., 2010a), would have 

to be studied. Taking this statement under consideration, it is easy to understand 

that all types of naturalistic studies are associated with some limitations. 

Naturalistic studies have limited internal validity, in part due to the fact that 

therapists have different skills (Barkham et al., 2010b). Like other practice-

based studies we had limited insight into therapist adherence, education and 

therapeutic training, besides the already mentioned limited information on the 

patients and the type of therapy conducted in each case. Therapist and patient 

responsiveness are influenced by the context and can therefore affect the 

process-outcome correlation differently in each case (Crits-Christoph, Gibbons 

& Mukherjee, 2013). A limitation of naturalistic studies is the risk of 

interchanging cause and effect (Crits-Christoph et al., 2013), why it is necessary 

to control for confounding variables. As mentioned above potential confounders 

might be the weakest part also of MLM in this type of studies, which represents 

a methodological flaw in these type of studies. Barkham, Stiles, Connell and 

Mellor-Clark (2012) have recently examined and found large variations in 

outcome scores in primary care psychotherapies depending on what subsamples 
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of patients were studied and what outcome measures were used. Since we used 

strict inclusion criteria for our samples, this might been a reason why we did not 

find any significant therapist effects and also why our results are similar to those 

of Baldwin et al. (2009). A strength, and at the same time a weakness, of our 

study is that we used another measurement system than Baldwin et al. (2009) 

and achieved similar results. This would potentially strengthen our hypotheses 

regarding our and Baldwin et al.’s (2009) results and at the same time prove a 

limitation, being that we too used only one single outcome measure. The use of 

two or several measures would have enabled the use of other statistics that 

would have given us more robust evidence of potential confounds.  

 Data. In contrast to Baldwin et al. (2009), where data was collected from 

a university counseling center, our samples were drawn from primary care as 

well as psychiatric care clinics. Differences between patients from these 

locations might evoke different, and maybe interesting, results. Patients from 

psychiatric care settings seemed to improve less than patients from primary care. 

The primary care sample conveyed similar results as the sample from the 

Baldwin et al. (2009) study, compared to the psychiatric sample. This might 

indicate that primary care samples are more similar to university counseling 

samples, than to psychiatry samples, and that the process of change de facto 

looks different at different healthcare facilities. A reason why the initial 

symptom scores were similar between the datasets, could be the exclusion of all 

patient with less than three sessions, perhaps omitting less distressed primary 

care patients.  

 There will always be a tipping point where securing more data comes at 

the cost of data becoming unreliable, thus undermining the intention of using 

session-by-session registration on large patient groups (Baldwin et al., 2010a). 

Some patients will always refuse to complete a questionnaire and others will get 

tired and give less than honest responses. This is true also for the therapists, for 

whom the absence of a local ownership of the data they collect results in a 

colander effect of missing data, due to a lack of effort and infrastructure at the 

clinics (Holmqvist et al, in press). Missing data concerning gender (26.1% in 

primary care and 30.5 % in psychiatric care) and age (16.1% in primary care and 

34.9% in psychiatric care) were large, complicating the interpretation of the 

results regarding potential confounds. When controlling for these confounds we 

used only participants with this data available and excluded those with missing 

data. Another reason for the large amounts of missing data may be because of 

the paper-wise recoding process of transferring the data from the clinics, instead 

of in digitalized forms, emphasizing the need for a consistent way of reporting 

naturalistic data.  

 Intermittent missing CORE-OM data are treated as missing at random by 

the multilevel models, but since all information for many patients were deleted 

completely, either due to missing all data or to not fulfilling the inclusion 

criteria, missing data for these patients are assumed to be missing completely at 
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random, which is a stronger assumption. The missing at random assumption 

means that results are unbiased even if missing observations in the dependent 

variable are correlated with other variables included in the models or with the 

dependent variable at other time-points (Enders, 2011). However, if missing 

data in CORE-score correlates with the scores at the same time-point, this 

assumption is violated and results may be biased. In our case this might been 

because of patients feeling too depressed or anxious that day. In that case, data is 

said to be NMAR (Enders, 2011), which is certainly not implausible, although 

checking this directly is not possible. 

 Contrary to Baldwin et al. (2009) our analyses did not include data 

concerning the number of therapists seen by each patient and neither which 

diagnoses nor subcategories on the CORE-OM questionnaire that were 

prevalent. Similar to Baldwin et al. (2009) and common to many naturalistic 

studies, we did not use information about what different treatments were 

delivered. Thus, no conclusions could be made regarding different 

responsiveness patterns across different treatments or diagnoses. Further, 

Barkham, Connell et al. (2006) proposed their GEL-model, only including 

patients with planned endings. In our understanding Baldwin et al. (2009) 

included patients with unplanned endings, which we also did, which poses a 

problem about the reasons why a patient ended his/ her therapy: due to RCSI, 

good-enough level improvement, incidental dropout or panel attrition. Panel 

attrition being patients dropping out after a couple of sessions (Bickel, 2007). 

This may risk influence the results of our study. In this study, no conclusions 

can be made regarding patients who attended less than three sessions, which is a 

limitation in our study as well as for Baldwin et al. (2009). Previous research has 

although reported support for the GEL model including patients with less than 

three sessions (Barkham, Connell et al., 2006; Stiles et al., 2008).  

 

Research and clinical implications  

Dose-response studies have important implications for psychotherapy research, 

practice, and policy making (Stulz et al., 2013). According to our results the rate 

of change can be modeled as linear as well as with different patterns of negative 

acceleration, depending on what patient group is observed and for which number 

of total sessions. Primary care patients appear to respond to therapy in the latter 

fashion while patients from the psychiatry setting seem to follow a more linear 

trend. The sample size and design of our study comes with some limitations 

worth noting, and further investigations comparing the two healthcare 

institutions would be necessary. Whether the actual rate of change is linear or 

not, the key assumption of the GEL-model is validated in our study: the rate of 

change varies across patients with different amount of sessions attended. Hence, 

our study implies that future dose-response research should incorporate number 

of sessions when making analyses.  
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 For clinicians, it is important to bear in mind that the impact of each 

session may diminish as treatment length increases and that the rate of change 

may differ considerably across clients. Early evaluation of the change process 

and investigation of initial symptoms, using measurement systems, could guide 

clinicians in their choice of further modifying the treatment. Through assessing 

the expected total number of sessions needed, the therapist can compare the 

patient to other patients who have attended the same number of sessions. When 

the progress does not meet predicted treatment response, feedback from 

measurement systems can be used in guiding the therapist into treatment 

modification while the patient is still in therapy. This may generate a reference 

of the expected pattern of progress to the therapist. No therapy should, however, 

be ended to limited success, without considering the potential change patterns. 

Termination of therapy seems instead to benefit from consent between therapist 

and patient, where measurement systems might be used to inform patients about 

their progress (Barkham, Mellor-Clark et al., 2006). Measurement systems 

might also be of use as a tool for supervision of trainees (Lambert et al., 2001). 

 Dose-response research have a clinical implication to policy makers, 

who may argue for fixed treatment lengths when resources are scarce, in order to 

be more cost-effective (Barkham et al., 2010). Stulz et al. (2013) and Stiles et al. 

(2008), alongside our study, indicate that there is no prespecified number of 

sessions to be recommended across all patients, since the individual differences 

in treatment response are large. Our research is therefore one step further away 

from such conceptions and towards a more dynamic psychometric progress 

monitoring in routine care. Measurement systems employed in a session-by-

session fashion could therefore be used to influence manage care companies to 

make treatment decisions (Barkham et al. 2010a; Lambert et al., 2001). 

 

Future research 

As mentioned by Stulz et al. (2013) psychometric progress monitoring or routine 

outcome monitoring (ROM; Boswell, Kraus, Miller, & Lambert, in press) of 

patient improvement and not prespecified doses of therapy should guide the 

work for achieving optimal outcome in psychotherapy. Increasing the therapists’ 

access to feedback about how their patients are doing in therapy has been 

proposed and studied by numerous authors (Barkham, Mellor-Clark et al., 2006; 

Lambert et al., 2001; Lucock et al., 2003). This way of letting the therapist learn 

from experience (Lambert et al., 2003), identify early positive responses, so 

called sudden gains, often seen as the best indicator of the final outcome 

(Lambert et al., 2001; Ogles, 2013), and matching services to patients needs is 

important to future research (Boswell et al., in press). Lambert et al. (2001) 

showed for example that monitoring so called nonresponders gave the therapists 

the possibility to keep this group of patients longer in therapy, which as a group 

made them improve more than the patients of the therapist which did not receive 

this feedback. According to Lambert et al. (2001) feedback has to be timely to 
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be effective, and timeliness would increase if therapists were more willing to 

administer, score and graph patient results with more accessible software 

(Lambert et al., 2001). Since this is a time and energy-consuming affair for 

practitioners, later developments of outcome monitoring systems into more 

robust real-time electronic feedback systems (Boswell et al., in press), such as 

the CORE Net (2010; www.coreims-online.co.uk), has been developed. 

According to Barkham et al. (2010a) this will also strengthen the knowledge 

base not only for practitioners but also to service managers and policy makers. 

This development is interesting to our research, since feedback alarm-signals 

has shown to increase response rate among patients (Boswell et al., in press). 

Further dose-response research should incorporate and investigate the influence 

of number of sessions attended as well as the prevalence of different populations 

within patient samples. In our study, results indicated different treatment 

responses across primary care and psychiatry patients, which may be of interest 

for future research. Sudden gains are further something that Reese et al. (2011) 

incorporate into their frequency concept as it is seen to relate to the rate of 

change. Frequency together with feedback systems are therefore something that 

should be further investigated, not only given the amount of unexplained 

variance in our models, but also because this information may enhance future 

adoption and compliance, and therefore further improve outcome in 

psychotherapy and aid in bridging the gap between science and practice.   
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