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ABSTRACT

The aim of this study was to create a model for tracking individual patients’

progress across psychotherapy.  This model provides a system for clinicians and

researchers to identify cases at risk for treatment failure.  A large national database of

repeated administrations of the Life Status Questionnaire was used to develop an

empirically based statistical model.  The model displayed estimated recovery curves with

corresponding prediction intervals for patients entering therapy across a range of

frequently occurring intake scores.  The recovery curves were replicated on an

independent sample of patients.  There was no evidence of statistically meaningful

differences between the slopes or intercepts of the recovery curves.  Additionally, the

model was able to identify 95% of cases whose final treatment outcome status was

considered a treatment failure.  These findings indicate confidence in the reliability and

criterion validity of the model.  This study provided the foundation for establishing an

effective system of clinician feedback in a routine practice setting.  It is hoped that the

use of this system will supplement carefully developed treatment plans and make good

therapists even better. 
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CHAPTER ONE

INTRODUCTION

To date, there exists a vast body of research suggesting that psychotherapy is

helpful in reducing patient symptoms and improving quality of life (Smith, Glass, &

Miller, 1980; Lipsey & Wilson, 1993).  Lambert & Ogles (2003) reported research

spanning more than five decades, which encompassed a host of interventions, involving

thousands of clients and therapists.  The general conclusions were the same across most

diagnostic categories, patient populations, and treatment modalities: psychotherapy

works.  

The finding that psychotherapy is effective is extremely important to the field;

however, we must not ignore another conclusion that can be drawn from the results of the

same outcome literature.  As Lambert & Ogles (2003) noted, there is a small group of

patients who do not achieve such treatment success.  These patients fail to progress, and

at times even become worse.

The body of research on deterioration in therapy indicates that approximately five

to ten percent of patients become worse by the time treatment ends.  This rate is in

contrast to a deterioration rate of only five percent in untreated groups (Bergin &

Lambert, 1978; Lambert & DeJulio, 1978).  Additional support for the deterioration rate

in these studies is reported in meta-analyses and reviews that find a similar percentage of

patients who experience a negative response to therapy (Lambert & Ogles, 2003; Mohr,

1995; Shapiro & Shapiro, 1982; Smith, Glass, & Miller, 1980).  There are also a

substantial number of patients who enter treatment and leave without improving to any

measurable degree.  This is true both in clinical trials research as well as routine clinical

practice.  Additionally, approximately 20% to 50% of patients leave therapy with no

improvement (Hansen, Lambert & Forman, 2001).
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In addition to concern about patient welfare, economic factors are an important

part of the push to identify potential treatment failures.  To be sure, therapy that does not

progress as expected may require a significant investment on the part of the patient in the

form of fee-for-service expenses or even co-payments required by insurance companies,

as well as a significant investment for employers, the government, and third party payers. 

For third party payers, ineffective therapy represents a significant expense in payments

for treatment sessions as well as the costs associated with ongoing case management.  

In light of the factors described above, it seems important for therapists and other

treatment providers to identify patients at risk for negative outcomes in treatment.  Such

identification may protect the patient from the potential harm and waste of continuing

with a therapy that may harm rather than help as well as serve to preserve valuable health

care resources.  It is also important to note that understanding therapy failures provides

an opportunity to improve on therapeutic techniques and case management that might be

helpful to both individual patients and select groups of patients.

Potential assessment tools are available for addressing these issues.  Froyd,

Lambert, and Froyd (1996) identified 1430 different outcome measures used in peer

reviewed psychotherapy outcome research.  Of these measures, 830 were used only once. 

In an attempt to identify the most useful, valid and reliable of these instruments, Ogles,

Lambert, and Masters (1996) as well as Maruish (1999) reviewed many of these

instruments and provided recommendations for their use by clinicians.  The results of

these reviews suggested that there are many suitable, standardized scales available for

assessing patient outcome.  What is missing, to date, however, is a widely implemented,

systematic application of such instruments to identify patients at risk for treatment

failure.  Researchers are beginning to investigate this area, with a handful of studies

reporting on the successful creation of empirically driven systems for identifying

potential treatment failures (Barkham, et al., 2001; Finch, Lambert, & Schaalje, 2001;

Kordy, et al., 2001; Lambert, Hansen & Finch, 2001; Lueger, et al., 2001).  

This study represents another attempt to establish such a systematic process for

tracking an individual patient’s progress across psychotherapy, compared to an expected

course of recovery, for use with the Life Status Questionnaire, a standardized outcome

measure (Lambert, Hatfield, Vermeersch, Burlingame, Reisinger, & Brown, 2000).  A
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large national database of repeated administrations of the Life Status Questionnaire,

which assesses patients’ recovery in psychotherapy, was used to develop an empirically

based statistical model for generating expected recovery curves for patients entering

therapy at varied levels of distress.  Cutoff limits were established to identify patients

whose recovery trajectory significantly deviated from what is expected.  A model similar

to that proposed by Finch, Lambert & Schaalje (2001) was created to track individual

patient progress against these expected recovery curves, and to supply providers with

feedback regarding each patient’s progress.  

This chapter provided a brief introduction to the problem addressed in the current

study.  Chapter Two contains a literature review of the body of research relevant to this

project.  Chapter Three discusses the method applied to obtain the final results, and

Chapter Four describes the actual outcome of these efforts.  Chapter Five provides

conclusions that can be drawn, discusses limitations of the study and suggestions for

future research. 
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CHAPTER TWO

LITERATURE REVIEW

Outcome Research

Research assessing psychotherapy outcome can be conceptualized as addressing

three questions:  1) Does the treatment work under special experimental conditions

(efficacy)? 2) Does the treatment work in actual practice (effectiveness)? And 3) is the

treatment working for this particular individual (patient-focused research)? (Howard,

Moras, Brill, Martinovich, & Lutz, 1996).

In response to the first question, clinical scientists have evaluated the “efficacy”

of various treatments.  This efficacy research is most commonly performed by the use of

a randomized clinical trial, where the treatment of interest is compared against a criterion

group of some form.  This criterion is generally a no-treatment control group, a placebo

control or a treatment group previously demonstrated to be effective.  Careful

experimental design attempts to account for any contributing variables, making it

possible to state with greater certainty that any differences between treatment groups are

best accounted for by the treatment condition.  Randomization is used to ensure the

comparability of the treatment groups from the onset of the experiment.  Participants are

usually carefully selected to exclude all but those who clearly meet a set, operationalized

diagnostic criteria and who are without other confounding disorders.  Treatments used

are typically manualized to ensure that each participant is given the same treatment and

providers are monitored for adherence to treatment protocol (Chambless & Hollon, 1998;

Cook & Campbell, 1979; Howard, et al., 1996).

This established methodology has been criticized on many levels.  First, although

randomization is frequently employed to assure theoretical equivalence of groups, it

often fails to meet this objective because an influential percentage of the sample drops

out of the study/therapy (Howard, Krause, & Lyons, 1993).  Howard’s group argued that
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because therapy is an ongoing process, which is often an integral part of a person’s life,

and very demanding of resources, it is unreasonable to think that people drop out in a

randomized fashion that is independent of outcome.  In line with this argument; one will

never truly implement a randomized design in studies of psychotherapy.  One can also

argue that by achieving a randomized controlled experimental design, one no longer is

studying psychotherapy as practiced.  The laboratory has taken over, implementing the

research parameters of randomization, participant selection/exclusion, and treatment

manualization, which compromises the generalizability of any results (Seligman, 1995;

Goldfried & Wolfe, 1998).

The second question, “Does the treatment work in actual practice?” falls under

the title of “effectiveness” research (Chambless & Hollon, 1998).  In contrast to efficacy

research, such studies are typically performed by service researchers within the mental

health provider’s arena.  The preferred methodology here is the systematic, naturalistic

experimental condition.  This method is typically employed in an effort to emphasize

external validity by enhancing generalizability of the findings to other clinicians, settings

and patient populations.  Assignment to groups is frequently categorical rather than

random, meaning that many groups may systematically differ on variables other than the

variable of interest.  This is one of the most serious criticisms of this methodology, since

many of the unobserved or unmeasured variables (e.g. assignment to group) may be at

least partially responsible for the results.  The absence of random assignment to groups

allows for multiple interpretations of the measured phenomena, often making it difficult

to draw meaningful conclusions.  These “quasi experimental” studies frequently require

multiple replications in order to establish causal theories (Howard, et al, 1986).

To date, the least explored, and yet arguably the most salient research question for

practicing clinicians and case managers is, “Is the current treatment affecting the

identified condition of the patient?”  In other words, it may not be enough for a provider

to know that a particular intervention has been proven effective in a clinical trial.  A

clinician still needs to know if the treatment is specific enough to address the specific

problems of the client or if it is truly one size fits all.  Such information seems

particularly important in light of the fact that treatment manuals, used in clinical trials,

typically encourage a certain amount of uniformity of therapist behavior.  In the interest
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of adhering to the manual, it is possible that the clinician will choose interventions that

are inappropriate to a specific client.  So, while efficacy and effectiveness research may

broadly inform a clinician’s decision to use a particular intervention or treatment

strategy, it remains important to determine whether the treatment is addressing the

idiographic presentation of a unique individual in treatment.  This suggests that it is

imperative to provide a methodology for clinicians to be able to evaluate the helpfulness

of a specific intervention for an individual patient.  Unfortunately this area of research is

the least developed, with current efforts often centered on anecdotal reports of individual

cases, or other unsystematic measurements of individual progress.  Although research

efforts to develop systematic methods for evaluating the progress of individual patients

(a.k.a. patient profiling) and to provide the clinician with feedback during the course of

treatment (e.g. Lambert, Hansen & Finch, 2001; Howard, et al, 1986) have begun, this

remains an area in need of much inquiry. 

To date, the process of providing feedback has typically been informal and rarely

systematic.  This process has received little attention in psychological research (Davis,

Thompson, Oxman, & Hayes, 1995).  Information is an important element for clinical

decision-making.  Intuitively, one might think that the quality of information is the

essence of good decision-making; yet, quantity and quality of information might not be

sufficient.  The research suggests that it is very difficult to effectively integrate

information into accurate judgments (Rossi, Schuerman, & Budde, 1996; Nisbett & Ross,

1980).  Garb and Shramke (1996) suggested that difficulties with clinical judgment are

directly related to the use of a system that makes it difficult for clinicians to learn from

experience.  More specifically, they argued that health care providers received feedback

that was global and so late (after the intervention) that it was irrelevant.  The results of

ambiguity about client progress can include adherence to an inappropriate treatment plan

or alterations to an effective clinical regimen.  

Historically, a key part of this problem was that outcome data were seldom

gathered from patients.  Once data supporting the efficacy of psychotherapy were

generally available (e.g. Smith, Glass, & Miller, 1980), a shift occurred in psychotherapy

research, in the direction of process to outcome research.  Research endeavors became

more focused on linking process with outcome as a way of identifying the active
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ingredients of therapy.  While this currently remains an active area of research, there are

also many researchers focused on finding ways to identify and inform clinicians of their

clients’ individual outcomes.  In fact, outcome data are now regularly collected in many

settings, and the problem is now one of getting the information to the clinician in a timely

and helpful manner (Lambert, Hansen & Finch, 2001).

The ability to provide clinicians with such information is an important research

area, since clinicians may be unable to accurately judge the progress of their patients.  In

1954, Meehl convincibly showed that statistical prediction outperforms clinical

prediction.  Thus, it is not surprising that clinicians are often unable to accurately assess

patient progress.  It was Leiberman, Yalom and Miles (1973) who took one of the first

systematic approaches to investigating therapeutic judgments in ongoing encounter

groups.  They found that these therapists were unable to identify casualties in their

groups.  Since that time, research indicates that many therapists have a belief that patients

tend to get worse in therapy before they get better.  In other words, patient deterioration

in treatment is sometimes perceived as a necessary step toward a successful treatment.  It

follows that a clinician who sees a patient getting worse may interpret this as appropriate

progress rather than an issue of a potentially harmful treatment plan (Canen & Lambert,

1999).  Such a position flies in the face of current research, which suggests that early

response to treatment is not uncommon in clinical trials (e.g. Wilson, 1999) and other

research showing that early treatment response is one of the single best predictors of

eventual outcome (Haas, Hill, Lambert & Morrell, 2002).  This information does not

begin to address the issue of what feedback is most helpful and how it is best delivered. 

It does, however, suggest that clinicians may be forced to make decisions based on

unnecessarily limited information because they do not have systematic feedback on

patient improvement and deterioration.  This study represents an attempt to develop a

practical feedback system. 

Managed Care

The summary of outcome research above suggests that within the growing body

of psychotherapy research, one can see ongoing efforts to identify the most efficient

treatment methods, efforts to determine the factors most likely to contribute to positive

treatment outcomes, as well as efforts to identify and measure elements of process in
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psychotherapy.  A large portion of this research has been academically driven and based

upon clinical trials, with experimental controls and random assignment to groups.  These

efforts are aimed at establishing systematic, theory driven, psychosocial treatments for

specific types and severities of client problems (Chambless & Hollon, 1998).  In addition

to academically driven efforts, research in this area has also been directed by the more

utilitarian demands of quality management.

In the United States, the cost of health care has been on the rise (Sharfstein &

Stoline, 2000).  As a result, American health care systems are making efforts to contain

costs.  Insurers in the U.S. have attempted to reduce the unnecessary utilization of

services through unit price containment (i.e. managed health care) (Sharfstein & Stoline,

2000).  While this managed care system is largely a product of the American economic

system, the desire to contain costs while maintaining quality is not unique to America. 

Cost containment appears to be a worldwide concern spawning ongoing research efforts

in many countries (Barkham, et al, 2001; Kordy, Hannover, & Richard, 2001).  Third

party providers, in an effort to maximize their service to cost ratio, espouse an interest in

seeking to measure the effectiveness of various mental health care services across visits

(Bloom, 1987; Brokowsky, 1991; Richardson & Austad, 1991; Sabin, 1991).  Some

within the managed care system have started using instruments for outcome assessment

as a way of making clinical decisions about amount and type of treatment (Lambert,

1983; Mirin & Namerow, 1991; Moses-Zirkes, 1994).

Given that managed health care has largely become the model for treatment

delivery, the organizations behind these systems have come under fire from consumers,

professional organizations, third party payees (such as corporations purchasing health

care for employees, and various governmental agencies) for providing minimum levels of

treatment in an effort to cut costs (Miller, 1996; Docherty, 1999).  With the rise in

number of various health care organizations in the market, managed care companies are

now addressing the issue of quality in order to stay alive.  In other words, it seems that

the way for managers to hold onto their market share is to assure the quality of the

contracted services they provide to their subscribers.  In response to pressure to hold onto

market share, the health care management systems have looked to psychotherapy
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outcome assessment as a means to inform case management decisions and to minimize

costs (O’Donahue, Graczyk, & Yeater, 1998).  

The literature confirms the notion that issues of quality improvement are of

concern in the mental health care arena; however, most published articles addressing this

issue are centered around organizational and behavioral issues related to staffing,

management, and incentive programs for increased productivity (Gunn, 1998; Bobbitt,

Marques, & Trout, 1998).  Outcome measures are generally employed, after the

completion of therapy, as a tool to compare the effects of various interventions (or

programs) and to select the most efficient providers in capitated health management

(Steenbarger & Smith, 1996).

Throughout the literature in this area, two particular phrases are used in tandem

with outcome research.  These phrases are Quality Assurance (QA) and Continuous

Quality Improvement (CQI).  Johnson and Shaha (1996) articulated the difference

between these domains of quality control.  They argue that QA is a process imposed on

the health care profession by external forces, and typically is viewed by participants as

bureaucratic red tape.  In efforts to guarantee quality care, managed care companies

verify degrees, licenses, and malpractice insurance records.  While these efforts may

ensure that providers meet a minimum qualifying set of requirements, they speak little to

the actual quality of the services offered.  This “assurance” of quality typically boils

down to independent reviews of patient charts.  The authors suggest that the strongest

criticism of such an approach may be that it provides for the financial health of the

company rather than the mental health of the patient.  For example, clinicians may

improve their compliance with chart maintenance, but this typically has a minimal (if

any) effect on the quality of services directly received by the patient.  It is even argued

that QA makes quality improvement impossible since it tends to emphasize the minimum

standards of care, promulgates uniformity, and may stifle creativity and innovation by

diverting clinician attention to record keeping rather than patient care (Johnson & Shaha,

1996).

In contrast, CQI attempts to measure quality in a manner that improves the

quality of services actually delivered to the consumer.  In order to do so, the CQI is best

accomplished if it emanates from the provider rather than the health care manager.  As
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Berwick (1989) noted, such an effort is similar to growing better apples rather than just

eliminating the bad ones.  In the CQI model, providers can improve their services

through the use of psychometrically sound, easily administered and easily interpreted

instruments of process and outcome.  Kordy, et al (2001) further suggest that any

inventory used for this purpose must be sufficient to answer the desired outcome

question, be relevant to the task of identifying and describing the desired target, and be

practical (i.e. require little effort and time for the therapist or patient to complete.)  

Such CQI efforts are necessary to develop interventions that address individual

client needs.  Establishing such interventions will also involve identifying effective and

efficient means of delivering feedback to therapists about the client’s progress or

deterioration during therapy.  Anecdotal results suggest that individually tailored

feedback, using such inventories, may be of particular interest to patients, and that both

patients and therapists appreciate targeted feedback.  It is still unclear at this time exactly

what information is most helpful for which person (Lambert, et al, 2001; Kordy, et al,

1999).  Finch, et al. (2001) suggested that individually tailored interventions will use

self-reported feedback of session-to-session outcome.  This area of research has been

sparse, but there is evidence of recent activity.

Current Research On Outcome Feedback

Patient Profiling

Howard, Moras, Brill, Martinovich, and Lutz (1996) were the first to report on

their efforts to develop a method for identifying potential treatment failures.  Their

prediction model was based upon the phase model of therapy, which was developed in an

effort to explain the curvilinear shape of dose response curves for patient progress across

therapy (Howard, Lueger, Maling & Martinovich, 1993).  The phase model consists of

three hypothesized phases of treatment outcome:  remoralization, remediation and

rehabilitation.  

The first phase, remoralization, is described as the point in time when a patient is

demoralized by their current subjective experience and feels hopeless about their state of

functioning.  Howard, et al (1993) provided data that suggested that demoralization

responds very quickly to therapy, and may be resolved within the initial sessions. 
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Howard, et al (1996) suggested that the remoralization phase is responsible for the steep

initial slope, which characterizes recovery curves.

Remediation, the second phase, is focused on assisting the client to resolve his or

her symptoms, life problems, or both.  Treatment at this point focuses on mobilizing a

patient’s coping skills or encouraging the use of more effective coping skills.  Studies

have shown that this phase is more gradual than the first, with recovery taking as long as

sixteen sessions (Kopta, et al, 1994).  Howard, et al (1996) suggest that this phase

represents the gradual deceleration of the recovery curve following the initial phase of

rapid change. 

The final phase, rehabilitation, was conceptualized as representing the more

traditional model of psychotherapy.  The focus in treatment is on modifying the habits

and behaviors that helped to create and perpetuate the symptoms.  Unlearning such

longstanding problems is complex and time consuming.  Howard et al. (1993) showed

that improvement in this final phase only becomes evident over a large number of

sessions.  This phase was proposed to represent the asymptotic tail of the recovery curve

that exhibits virtually no significant slope at all, particularly as the number of sessions

continues to grow (Howard, et al., 1996).

In Howard, et al.’s 1996 study, treatment phase was operationalized as a subscale

on the Mental Health Index (MHI), a self-report questionnaire intended to represent

overall treatment criteria.  Remoralization is represented by responses on the Subjective

Well-Being scale, remediation is measured by the Symptom Scale, and the Life

Functioning scale assesses rehabilitation.  The MHI has a reported internal consistency

coefficient of .87 and test-retest reliability was measured at .82 on a three to four week

measurement.  This instrument is at the core of their system of patient profiling.

Initially, individual patient’s MHI scores were modeled as a log-linear function of

session number.  This model produced individual intercepts and slopes for each patient,

where intercepts were expected MHI scores at the first session, and slopes were the

expected change in MHI per log of each session number.  These estimates were then

included in a hierarchical linear model where the slope and intercept for each individual

were modeled as a linear function of eighteen different client variables, including

chronicity of problems, severity of problems, pattern of presenting problems, and
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attitudes toward treatment.  The final linear function provided an estimated recovery

curve for an individual patient based on the unique quantities of these eighteen variables

and their initial level of severity as measured by the MHI at intake.  This recovery curve

was then plotted on a graph that was overlaid with the actual data points from the MHI at

each session measured.  In this fashion, it was possible to identify how far a patient’s

score at a given point in therapy deviated from expectations for that individual (Howard,

et al., 1996).

Since this study, Lueger, Howard, Martinovich, Lutz, Anderson & Grissom

(2001) have more formally established this procedure.  The MHI has recently been

integrated into a system called the Compass Outpatient Treatment Assessment System. 

This system still utilizes the Subjective Well-Being, Current Symptoms, and Current Life

Functioning scales and includes the Global Assessment Scale (GAS; Endicott, Spitzer,

Fleiss, & Cohen, 1976).  Pretreatment scores for MHI have been obtained for over 16,000

patients and the database of repeated measures for this instrument continues to grow. 

Lutz, Martinovich, and Howard (1999) have used Hierarchical Linear Modeling (Bryk &

Raudenbush, 1992) to develop a predictive model based on seven pre-treatment clinical

characteristics, and have generated predicted recovery curves for each segment of the

phase model for each individual.  These recovery curves have been combined with

knowledge of the dose response model (Howard, et al, 1986) and allow researchers to

provide clinicians with feedback on patient progress and with treatment suggestions

based on the location of the client within a stage of the Phase Model.  The foundation of

the original 1996 model for predicting patient recovery remains the same, with the

addition of using a Reliable Improvement Index (RII), a modified version of the Reliable

Change Index (RCI; Jacobson & Truax, 1991) to interpret the observed differences

between Expected Treatment Response (ETR) and the patient’s actual course of

recovery.  This system allows a clinician to describe patients as “successes,”

“responders” or “treatment failures.”   

Howard, et al.’s (1996) approach is based on a mixed statistical model, allowing

examination of both fixed and random effects.  In the study, fixed effects refer to

coefficients describing the relationship between the eighteen intake variables and

expected treatment response.  The conditional random effects are estimates of slope and
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intercept variance not accounted for by the specified intake characteristics.  The authors

indicate that the random effects estimates from this model were used to estimate residual

variance from the predicted intervals generated by the fixed effects.  These residual

deviations were used to generate scores that represent the twenty-fifth percentile.  The

authors chose the twenty-fifth percentile as the limit for acceptable therapeutic progress. 

MHI scores that fall below the twenty-fifth percentile even once are the indicator for

treatment failure.  The authors did not provide an explanation for their choice of a

twenty-fifth percentile limit, and it does not appear to follow any clearly established

convention in the outcome literature.

Service Profiling

Barkham, et al. (2001) have recently described efforts to develop a systematic

approach to “quality enhancement” in the United Kingdom.  Their study reports on the

development and implementation of the Clinical Outcomes in Routine Evaluation-

Outcome Measure (CORE-OM), a thirty-four item self-report questionnaire designed to

tap four domains: Subjective Well-Being, Problems, Functioning, and Risk.  This

primary measure is then combined with specific extensions or “spokes” consisting of

instruments geared toward certain patient groups with whom practitioners may be

working.  Sufficient levels of reliability and validity have been established, and the

CORE-OM is considered a valid instrument to measure psychotherapy outcome.

A primary use of the CORE-OM is the profiling of treatment providers.  The

CORE-OM was administered to a diverse group of patients across a wide range of

treatment settings.  The resulting data were used to develop outcome “benchmarks” of

what might be considered an average outcome across therapy for a patient with a

specified severity of symptoms undergoing a particular treatment.  To establish these

benchmarks, the authors aggregated cases and developed recovery curves and considered

proportions of persons falling within each of the RCI categories for treatment outcomes. 

Barkham, et al. (2001) proposed that service providers be compared against these

benchmarks in an effort to identify and maintain an expected level of performance, and

therefore provide a means to assure a minimal level of service quality (Barkham, et al.,

2001).
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The authors suggest that the use of these benchmarks combined with ongoing data

collection will ultimately allow the development of predictive models of recovery.  They

suggest that these predictive models might then be used to generate expected recovery

curves against which a specific individual might be compared.  Assuming the validity of

their trajectories, this methodology would allow for the identification of patients who are

progressing too slowly in therapy and might be at risk for failing or dropping out of

treatment.

Systematic Treatment Selection

Fisher, Beutler, and Williams (1999) are also in the process of developing a

system to help prevent or detect therapy failures.  Their intended system is designed to

track patient progress as well as help clinicians and care managers develop effective

treatment plans.  This system is known as the Systematic Treatment Selection-System 2

(STS).  The STS was derived from the idea that patient factors interact differentially with

treatment factors.  The STS attempts to assess key patient factors such as coping and

response styles and to pair them with an optimized treatment plan aimed at providing the

most efficient treatment possible for a specific patient presentation.  Only the clinician

originally used the STS, but current efforts are underway to implement timesaving self-

report measures into the process.  This is a system heavily dependent on specific

computer technology to be effective.  The data that were gathered during cross-validation

studies on the STS are now being incorporated into predictive algorithms that will

potentially allow clinicians to identify treatment failures as therapy proceeds.  This

system is interesting in conception and is in an early developmental stage.

Stuttgart-Heidelberg model

In Germany, Kordy, et al., (2001) have developed a system of Continuous Quality

Management (CQM) for inpatient psychotherapy and treatment aimed at problem

detection and problem-solving.  Their model is based upon three guiding tasks: 1) a

monitoring system to gather relevant data, 2) a standardized evaluation to detect failures

and shortcomings, and 3) feedback tools which make information accessible.  This

system uses a core series of instruments that include both patient self-report measures as

well as standardized instruments completed by the treatment provider.  This core battery

is then allowed a certain amount of flexibility, where dictated by the specific needs of a
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setting.  Each patient completes a full battery, and their treatment provider completes the

corresponding measures at intake.  Additional self-report administrations may follow

during the course of treatment.  A second full battery is completed at treatment

termination, when the patient leaves the hospital.  The authors indicate that the primary

goal of this system is to identify patients at risk for treatment failure.

Treatment failures are labeled as “signal cases.”  A signal case may be identified

in three different ways.  First, if a patient terminates therapy and it is determined by the

therapist that indicators point toward a strong need for continued treatment, then the

patient is classified as a signal case.  If the intention of identifying signal cases is to

revise some aspect of the therapy, using termination as the signal seems of no utility. 

Next, a strategy for establishing reliable and clinically significant change was employed. 

Each completed instrument from the battery is rated as showing reliable or clinically

meaningful change in a positive or negative direction.  These categories are added up and

compared.  If a patient produces a higher proportion of negatively changed scales than

positively changed scales or the proportion of positively changed scales is smaller than

an established standard, then he or she is identified as a signal case.  Finally, signal cases

may be identified through the comparison of the individual patient’s recovery course

against a predicted normative course of recovery.  The expected recovery curve is

derived from the baseline of the first year of research using this methodology.  The

expected recovery curve is plotted along with a confidence interval (i.e. the degree of

acceptable deviation from the curve), which these researchers refer to as an “action

limit.”  If a patient at any time during therapy produces aggregate scale scores that fall

above the action limit, then they are also classified as signal cases (Kordy, et al., 2001).

The key to this system is a computer program known as AKQUASI 2.0.  This

system allows each participating site to input the data for their patients and obtain

estimates of progress.  Feedback is provided, which is specific and intensive.  First, a

general chart, with all data for the patient is provided along with an overall report card of

therapeutic change.  To the degree that a clinician is sufficiently focused and operating

from a systematic theory that would make use of the available information, this extensive

information about feedback would be useful.  Additionally, a plot is presented containing

the estimated course of therapy along with the confidence interval.  The patient’s actual
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course of recovery as measured by the standardized instruments is then plotted against

these curves.  If a patient’s measured score exceeds the action limit, then he or she is

immediately classified as a signal case, and the treatment provider is alerted to the poor

therapy progress (Kordy, et al., 2001).  These curves seem to have the most utility.  This

is a very complex system that is logistically cumbersome and for which the recovery

curves have not been validated sufficiently to be useful to the clinician.  

Signal Cases

Work on signal cases, by the Lambert group, forms the basis for this dissertation. 

Lambert and associates initiated a program to provide an early warning system, to

therapists of patients at risk of dropout or deterioration in psychotherapy.  These at-risk

patients are also referred to as “signal cases.”  The warning system was intended to first

identify signal cases and then give feedback to the therapist that the patient might be in

trouble.  Their approach was unique in that the information provided to the clinician was

immediate and specific regarding what the patient had reported at recent sessions.  The

goal was to give therapists feedback during the ongoing flow of therapy, almost as soon

as the client showed indicators of being in trouble.  The therapist was then encouraged to

try to generate with the client, what the difficulty was.  The logic and steps in the

development of their system is described below.  

Anderson and Lambert (2001), Hansen (1999), and Kadera, Lambert & Andrews

(1996) initiated the exploration of recovery expectations in therapy as measured by the

Outcome Questionnaire (OQ-45).  The OQ-45 is a self-report measure designed to tap

symptoms related to a number of common disorders, such as anxiety and depression, and

symptoms reflecting interpersonal and social role problems (Lambert, Hansen,

Umphress, Lunnen, Okiishi, & Burlingame, 1996).  The Lambert group studies used a

procedure they described as survival analysis techniques to identify expected rates of

improvement as well as the probability of successfully completing therapy by a given

number of sessions.  

Subsequent to these studies, the Lambert group created two warning systems. 

First, Brown and Lambert (1998) combined information about average recovery rates,

information about early response to treatment and its relationship to outcome, and

information regarding descriptive statistics of psychotherapy outcome based on the
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reliable change index (RCI) for the OQ-45.  This information was integrated by expert

judges into a series of rationally derived expected recovery curves.  In other words, these

expert judges used the information described above to predict an expected course of

therapy outcome.  A detailed explanation of the decision rules used to create the recovery

curves was provided in Lambert, Whipple, Bishop, et al. (2000).  The aim of the curves

was to identify patients who are progressing as expected in therapy, as well as clients

who are not making expected progress, or even deteriorating at the third, fifth and tenth

sessions (Lambert, Whipple, Bishop, et al., 2002).

Finch, Lambert & Schaalje (2001) created the second warning system.  This

system attempted to improve upon the rationally derived system presented by Brown &

Lambert (1998).  Like the Howard, et al (1996) study, the researchers used a large

naturalistic data set to establish expected recovery curves.  This data set consisted of

11,942 patients who took the outcome measure at least twice by the time of treatment

termination, with most providing three or more assessments.  The therapists were not

screened and selected, but represented private practitioners and agency staff who were

routinely performing services in their setting. Unlike Howard, et al (1996), Finch, et al.

(2001) created recovery curves to represent actuarial recovery curves based on the group

mean rather than individualized patient profiles generated by predictive factors for the

group.  This approach permitted the creation of tables that can be used to compare

individual progress against expected group norms without a need for computerized

creation of an individual profile.  Using a patient’s initial level of distress, estimated

recovery curves and tolerance bands around these curves were generated for score-bands

on the OQ-45.   This system built upon the rational system by providing tabled values for

comparisons of treatment progress at any session (rather than only at the third, fifth, and

tenth sessions).  Additionally, rather than using logical/rational integration of statistical

results, Finch, et al. (2001) provided an empirically based statistical approach to creating

expected recovery curves and limits for identifying possible treatment failures when

using the OQ-45.  More specific information about the methodology used in the Finch, et

al. (2001) study will be presented in the method section of this paper.

Impressive validity data has been reported for both the rational and the empirical

warning systems (Lambert, Whipple, Bishop, et al., 2002).  Comparing predictions to
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clients’ final outcomes assessed the accuracy of these systems.  Hit rates reported were

79% for the rational method and 83% for the empirical method.  Both methods were

particularly effective in identifying poor outcome cases, with the empirical method

identifying 100% of the cases and the rational method identifying 81% of cases.  Both

methods over-identified cases for review, giving false alarms in about 17% to 21% of

cases.  

Lambert, et al (2001) initially implemented the rationally derived warning system

(which was developed before the empirically based system) in a study at a university

counseling center.  All clients at the counseling center were randomly assigned to either a

control or experimental condition and completed OQ-45s prior to each session.  Each of

the participating therapists then received feedback (prior to each session) on half of their

individual client’s progress in therapy as measured by the OQ-45.  The other half of their

clients were used as a control group and clinicians received no feedback on their

progress.

Based on the recovery curves, if a client exhibited a typical recovery trajectory

the therapist was encouraged to continue the therapy.  If a client exhibited recovery

consistent with clinically significant change, therapists received feedback that

termination may be appropriate.  Clients with these types of recovery patterns were

considered “on-track.”  If a client began to exhibit a trajectory that was less than the

algorithms indicated was reasonable, then the therapist received feedback that progress

was inadequate and the treatment plan may need to be reconsidered.  If a client exhibited

a more dramatic deviant trajectory in a negative direction, then the therapist received a

warning that the client was following a pattern typical of those who deteriorate in, or

drop out of therapy.  As a result, the suggestion was given to reevaluate and modify the

current treatment, but no specific course of action was suggested to the therapist.  Those

clients who received the warning signal were categorized as signal cases (Lambert et al,

2001).

In sum, this study explored the feasibility of implementing an early warning

system into an established clinical practice, its affect on final outcome, and the affect that

providing session-to-session feedback on client progress might have on efficiency of

treatment.  This study showed an effective feedback system could be implemented into a
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large clinical practice, with relative ease.  The authors noted that while this study relied

heavily on human efforts, a computerized version of a feedback system could be easily

implemented into any sized practice (Lambert, et al, 2001).

Lambert was exploring whether therapists could beneficially make use of

feedback that their client was at risk for treatment failure.  The results suggested that both

the experimental and control groups had statistically equivalent intake score ranges for

the signal cases as well as the on-track patients.  The signal cases had significantly higher

intake scores than the on-track patients.  Nine signal cases in the experimental condition

showed clinically significant improvement compared to four signal control cases.  Five

signal cases showed clinically significant recovery, compared to one control signal case. 

The mean number of sessions for all signal patients was 7.10 and for all on-track cases

was 3.1, a significant difference (p=.001).  The mean number of sessions was 9.26 for

signal cases in the experimental condition, and 4.68 for signal controls.  The mean

number of sessions after feedback was 4.63 for signal cases in the experimental

condition, and 1.87 for signal controls, again representing a significant difference

(p=.001).  The mean number of sessions was 2.81 for on-track cases in the experimental

condition, and 3.59 for on-track controls.  These results ultimately suggest that feedback

to therapists increased the number of sessions given to patients who were predicted to

drop out of therapy before improving.  This feedback also resulted in more recovery for

those same patients (Lambert, et al, 2001), even though the feedback offered no direct

suggestion of a course of action to improve patient progress.  

Lambert and colleagues (Lambert, Whipple, Vermeersch, et al., 2002; Whipple et

al., 2003) conducted two additional studies evaluating the effects of providing therapists

with feedback about client improvement.  These studies made use of the empirically

derived recovery curves created by Finch, et al (2001), and therapists were provided with

feedback about clients’ therapy through the use of progress graphs and warnings for

clients who were failing to demonstrate expected treatment responses (signal-alarm

cases).  The question of interest in these studies was: Does formal feedback to therapists

(regarding client progress) improve psychotherapy attendance and outcomes?

These studies shared many common features:  1)Each was conducted in the same

college counseling center, 2) Each included consecutive cases regardless of diagnosis
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rather than being disorder specific, 3) Patients were randomly assigned to experimental

and control conditions, 4) The professional staff that provided the treatment remained

relatively constant across the studies and provided a variety of theoretically guided

interventions, including cognitive behavioral and eclectic orientations. Professional

therapists represented about 50% of the clinicians participating in each study, with the

remainder of therapists being graduate student trainees (practicum students and interns). 

5) In each study therapists saw both experimental and control cases, thus limiting the

likelihood that differences between conditions could be due to therapist effects, 6) the

measure of outcome and standards (recovery curves) against which patient recovery was

compared remained constant, 7) the length of therapy was determined by patient and

therapist rather than be research design or arbitrary insurance limits, and 8) patient

characteristics such as gender, age and ethnic identification were similar across studies. 

The results of these studies were consistent with the first feedback study

(Lambert, et al., 2001). Signal-alarm clients (those predicted to have a poor treatment

response) whose therapists received feedback showed better outcomes (more treatment

gains and fewer deteriorators) than similar clients whose therapists did not receive

feedback.  The provision of feedback also resulted in increased length of treatment for

clients identified as being at risk for treatment failure.  

Hawkins, Lambert, Vermeersch, & Slade (submitted) recently conducted a client

feedback study in a hospital based outpatient mental health clinic.  This study examined

the effects of providing treatment progress information to therapists only and to both

clients and therapists during the course of treatment.  Clients were randomly assigned to

the following treatment groups: treatment as usual, therapist only feedback, and

client/therapist feedback.  Clients in the feedback conditions demonstrated more

improvement at termination than did clients in the treatment as usual condition.  

Present Study

A brief summary of the outcome research reviewed above suggests that a portion

of patients in therapy deteriorate (Bergin & Lambert, 1978).  Studies have also suggested

that treatment can be improved if these patients at risk for treatment failure can be

identified early in treatment (e.g. Lambert, et al., 2001; Lambert, Whipple, Vermeersch,

et al, 2002; Whipple, et al., 2003; Hawkins, et al., submitted).  Clinicians do not reliably
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identify these patients on their own (Rossi, Schuerman, & Budde, 1996).  It is therefore

important to develop systematic approaches for making these clinical judgments (e.g.

Lueger, et al., 2001; Finch, et al., 2001).  Such a system must make use of assessment

tools with sound psychometric properties, which can be easily administered to patients

over repeated sessions of therapy.  The Life Status Questionnaire (Lambert, Hatfield,

Vermeersch, Burlingame, Reisinger, & Brown, 2000), which is the focus of this study, is

a measure that meets these criteria.  It is currently in use in a large managed behavioral

healthcare company, which insures approximately four million lives (of which

approximately 3%-5% will use mental health care benefits in a given year) in nine

western states (Brown, Burlingame, Lambert, Jones & Vaccaro, 2001).  To date, no

recovery curves exist for this measure.  The identification and provision of recovery

curves will enable clinicians to use this measure as a signal warning system to identify

patients at risk for treatment failure.

This study used elements of some of the previous studies.  It also attempted to

address the limitations of the models discussed, in an effort to expand the ability to

identify clients likely to become treatment failures or clients likely to drop out of therapy. 

An evaluation of the strengths and weaknesses of the previous models is presented here.

One possible strength of the Howard, et al. (1996) study is that each patient’s

individual responses are incorporated as predictive variables used to generate an

idiographic recovery curve.  This allows any individual’s progress in therapy to be

compared to his or her own expected recovery curve rather than a recovery curve based

on the mean expected rate of recovery for a group.  Unfortunately, the original article

provides no information regarding the strength of this predictive model, specifically, the

amount of variance accounted for by the eighteen selected variables described in their

first article and the seven selected variables listed in their second article.  In a related

article, Lutz (2002) suggested that the seven clinical variables accounted for only 22% of

the interindividual differences in the curves/growth rates.  He also noted a need for more

refinement of the selection of treatment predictors.  An additional criticism of the study is

that it is unclear how these values are incorporated into a general linear model for

predicting treatment response, since some of them appear to be continuous and others

categorical.  No further information was given regarding how the more subjective
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variables, such as severity of disturbance as assessed by the clinician and patient, were

evaluated for reliability.  These may have been appropriately integrated and controlled,

but the authors do not provide sufficient information to resolve these concerns.  It is also

unclear why the twenty-fifth percentile was used as the cutoff for treatment failure.

What may be considered the most important drawback to the “Patient Profile”

methodology is the requirement of a system of software capable of running the statistical

procedures required to generate each individual patient’s profile, and track them across

time.  To date these variables and the procedures used to assess them have not been

published, making it difficult to replicate the patient profiling procedure even if

appropriate computing and statistical resources are available.  Beutler (2001) states that

this system of patient profiling has a distinct advantage because it is based on an

empirically driven theory (i.e. the phase model), however, it is important to note that the

phase model is one theoretical explanation of an observed empirical phenomenon for

which any number of alternative explanations might be applicable.  To date, the utility of

this model has not been demonstrated.  Clinicians who do not adopt the phase model

theory will likely have difficulty seeing an advantage to implementing this system.  

Lambert, et al. (2001) were able to overcome the need for computerized profiling

of each patient by establishing tables of expected recovery.  These tables included clear

boundaries for how significantly a patient’s progress could deviate from what was

expected before being considered a treatment failure.  The expected course of recovery

and deviations from this course were determined rationally, using information about the

client’s initial distress level as well as considering the patient’s level of deterioration with

respect to the reliable change index.  The provision of such expected recovery curves

then allowed clinicians to plot and compare individual patient recovery curves without

the need for computerized assistance.  In contrast to Howard, et al. (1996), these expected

recovery curves are based on what is expected for a patient at a given level of disturbance

who receives various doses of therapy, as opposed to the more complex formulation that

incorporates trait variables into the algorithm.  This latter process creates a complexity

that might exceed the clinician’s need for an intuitive grasp of the treatment.    

In their first study, Lambert, et al. (2001) used these tables of expected recovery

to identify approximately ten percent of their sample as potential treatment failures.  This
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is in line with previously established research findings, which suggest that an average of

five to ten percent of patients can be classified as treatment failures (Lambert & Bergin,

1994).  Additionally, in a study comparing the rational system to the empirically based

system, the empirically based system more accurately identified cases in need of clinical

attention.  Two additional studies (Lambert, Whipple, Vermeersch, et al., 2002; Whipple,

et. al., 2003) using the empirically derived warning system for the OQ-45 provide

evidence that the system is able to identify individuals at risk for treatment failure. 

Furthermore, feedback to clinicians based on this identifying system improves treatment

outcome for at-risk patients.  

At this point in time the Barkham model is not developed enough for use in a

clinical setting.  Beutler’s system seems quite ambitious, but is also in the early stages of

development, lacking enough information to know whether it is feasible.  The German

model is so complex that it is not logistically feasible to use in the average clinical

setting.  Many researchers and clinicians are drawn to the German model (Kordy, et al.,

2001) because of the flexibility available in instrument selection.  However, altering

instruments will likely affect the generalizability in ways that are unknown unless full-

scale validity studies are run with this new battery.  

Like the work presented by Howard et al. (1996) as well as Lambert, et al. (2001),

this study used a large naturalistic data set to establish expected recovery curves. 

Consistent with the work by Finch, et al. (2001), this study created recovery curves,

which represent actuarial recovery curves based on the group mean rather than

individualized patient profiles generated by predictive factors for the group.  The

advantage to this system is that it allowed the creation of tables that can be used to

compare individual progress against expected group norms without the need for

sophisticated computer technology.  Additionally, this study used the empirical approach,

which has been demonstrated to outperform rationally developed systems.  This

empirically based approach makes it possible to generate expected recovery curves for

unique populations.  It also establishes a methodology to create recovery curves and

tolerance intervals that become more reliable as the database becomes larger.  Finally, in

contrast to Finch, et al. (2001), who identified recovery curves using the Outcome

Questionnaire-45, this study generated expected recovery curves for use with the Life
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Status Questionnaire, a shortened version of the OQ-45 that was designed to shorten test

administration time while maintaining the psychometric strength of the OQ-45 (Lambert,

et al, 2000).  A detailed discussion of this measure is provided in the method section of

this paper.

Using the Life Status Questionnaire, the aims of this study were threefold.  First,

expected recovery curves and cut-off limits were created, using a large national database

of client outcome scores.  Twenty different curves were generated, across the range of

client intake scores (scorebands) or initial levels of distress.  Once the curves were

created, the model was replicated on a second large sample to test the reliability of the

model.  Recovery curves for each scoreband from the model group were compared to

their counterpart in the replication group.  The third step in the study aimed at providing

validity for the empirically derived model.  In other words, did the model accurately

identify patients at risk for poor treatment outcomes?  To evaluate this question, the

relationship between a patient’s warning status (i.e. the model predicted a poor treatment

outcome) was compared to the patient’s final treatment outcome status.  
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CHAPTER THREE

METHOD

Participants

This study included 8815 clients, each of whom provided outcome information at

two or more sessions.  These clients received services through a large managed

behavioral healthcare company (MBH), which insures approximately four million people

in nine western states.  This behavioral healthcare company manages commercially

insured members (i.e. the patient or someone in his or her immediate family is employed

at a job that provides access to behavioral health services from the MBH) as well as some

public sector (unfunded or covered through public funding such as Medicaid)

populations.  The behavioral healthcare company currently has 16 private sector group

practices and five public sector clinics that are providing ongoing outcome data.  This

extremely large data set represents many clinicians, and many clients with a wide range

of clinical disorders.  Because the data are collected from on-going clinical practice,

information is available about the effects of client progress during routine clinical

interventions.  As a result, these findings are readily generalizable to clients receiving

routine clinical services.

The mean age of the participants was 42 (SD = 11).  Sixty-nine percent were

female and thirty-one percent male.  These demographic data were consistent for group

one and group two.  Information regarding diagnosis and GAF score was available for

17% (N=1481) of the overall sample.  The mean Global Assessment of Functioning

(GAF) score for participants was 66 (SD = 14), falling in the mild symptom range.  The

most common diagnoses were Axis I, with mood disorders (51%), adjustment disorders

(29%), and anxiety disorders (13%) occurring most frequently.  The aim of the MBH

Company was to collect these data for all clients; however, the level of compliance of

providers varied, as is typical of applied research studies.  
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In regard to the providers of care in this study, specific information about the

particular provider was not linked to the outcome data.  Exact information about years of

experience and the percentage of practitioners from different disciplines is not known,

but all providers were licensed professionals.  In general, the therapists providing

services through the managed care company were psychiatrists, psychologists and social

workers.  All providers had completed a credentialing process and maintained licensure. 

More detailed information about the providers, although interesting and potentially

informative, is not available due to agreements made with providers.      

Measure

 The recovery curves generated in this study were based on patients’ responses to

the Life Status Questionnaire–30.  The LSQ-30 (Lambert, Hatfield, Vermeersch,

Burlingame, Reisinger, & Brown, 2000) was developed in response to limitations

identified by Froyd, Lambert, and Froyd (1996), in a review of self-report outcome

measures of psychological treatment.  These authors found few instruments that were

psychometrically sound, provided normative data, measured meaningful aspects of

psychotherapy outcome and were cost effective.  These issues are of particular concern to

managed care organizations in their attempts to use outcome research to modify

treatment plans and justify service decisions.

The LSQ-30 is a thirty-item self-report questionnaire designed to facilitate

outcome management in behavioral health care organizations.  It is a shortened version

of the Outcome Questionnaire-45 (OQ-45) (Lambert, Hansen, Umphress, Lunnen,

Okiishi, & Burlingame, 1996), designed to reduce test administration time while

maintaining the OQ-45’s reliability, validity and sensitivity to change. This measure,

which was the focus of this study, is intended for use in behavioral, medical health care

and private practice settings to measure patient progress following psychological and

medical interventions.

The thirty items on the LSQ were chosen from the OQ-45 based on their

individual sensitivity to change as estimated from a large scale study of patients

undergoing treatment in a variety of settings (Vermeersch, Lambert, & Burlingame,

2000).  More specifically, items were selected that addressed commonly occurring

problems across a wide variety of disorders.  The items needed to tap the symptoms that
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are most likely to occur across patients, and items needed to measure relevant personal

and social characteristics that affect the individual’s quality of life.  The items tap

different areas of functioning, including client assessments of personal distress,

interpersonal relationships and overall personal adjustment.  Examples of items include:

1) I feel no interest in things, 2) I feel fearful, 3) I have family troubles, and 4) I feel

stressed at work, school or other daily activities.   

Like the OQ-45, the LSQ is a self-report measure, with items rated on a five point

Likert scale.  It is administered prior to or at the beginning of a therapy session.  The

individual is instructed to use the past week as the reference time for their responses.  A

total score is calculated by summing the patient’s ratings across all 30 items, with scores

then ranging from 0-120.  The higher the score, the more distress the individual is

acknowledging.

The LSQ has demonstrated good psychometric properties.  Internal consistency

and test-retest reliability estimates are reported at .93 and .84 respectively, as derived

from normative and patient samples.  These coefficients are significant at the .01 level of

confidence.  High to moderately high concurrent validity has been demonstrated on the

LSQ with other frequently used scales:  the Symptom Checklist-90-R (Derogatis, 1977),

Beck Depression Inventory (Beck, Ward, Mendelson, Mock, & Erbaugh, 1961),

Inventory of Interpersonal Problems (Horowitz, Rosenberg, Baer, Ureno, & Villasenor,

1988), and Social Adjustment Scale (Weissman & Bothwell, 1976).  Correlation

coefficients ranged from .60 to .69, with all criterion measures significant beyond the .01

level of confidence.  Construct validity studies, measuring changes in level of

psychological disturbance as well as the ability of the measure to distinguish between

clinical and normative samples, have also shown statistically significant results (p<.001)

(Lambert, et al., 2000).  

Procedure

Within the managed behavioral health care company, which provided data for this

study, data collection was designed such that clients completed the LSQ at the first, third,

and fifth sessions, and at least every five sessions after that.  The questionnaire was

administered before the session. For example, completion of the pre-test occurred

immediately prior to the first session.  Consistent with the instructions on the LSQ,
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clients were asked to describe their functioning “over the past week.”  It should be noted

that while data collection was designed as described above, in practice there was no

effort to systematically monitor how or when the LSQ was administered.  This reflects

the typical nature of applied research in clinical practice.     

Design

The purpose of this study was to develop recovery curves based on naturalistic

archival data from repeated administrations of the LSQ.  The recovery curves included

tolerance intervals, specifying the degree of acceptable deviation from the curve.  The

tolerance limits allow for the identification of patients who might be at risk for treatment

failure, including dropout. 

The recovery curves were created for two groups so that recovery could first be

modeled and then the model could be evaluated with a replication group.  This step was

completed to determine whether the methodology successfully reflected the assumption

that the recovery curves represent a predictable course of recovery.  In other words, were

the curves trustworthy?  Measurement theory requires an additional step to provide

support for the model.  This next step is to demonstrate that what you say you are

modeling is actually being modeled (Rogers, 1995).  In other words, does this model

actually forecast an individual’s progress in therapy?  To study the criterion validity of

the empirically derived warning system, correspondence between a patient’s

classification (based on the warning system/recovery curves developed) and final

outcome was assessed.  Final outcome was determined by the individual’s level of

change on the LSQ, in relation to cut-off scores and the reliable change index (Jacobson

& Truax, 1991).       

Data Preparation

Initially, the data were separated, randomly, into two groups (N1=4404,

N2=4411).  When the variables to be analyzed (outcome scores and sessions) were

examined, it was observed that the session variable was not normally distributed.  For

example, the modal number of sessions attended was three, with some patients attending

as many as 50 sessions.  This is typical of all studies using psychotherapy sessions as a

variable and has been reported in previous psychotherapy research (e.g. Howard, et al.,

1986; Gibbons, Hedeker, Elkin, et. al., 1993).  Given this past research, the problem was
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anticipated in this study and visual inspection of the data followed.  The fact that the

variable session was not normally distributed (it was skewed in a negative direction)

poses a problem for the analyses of this study, given that one of the assumptions in

regression analyses is normally distributed variables.  Gibbons, et. al., (1993)

demonstrated that one way to handle this problem is to apply a mathematical

transformation on the time variable, such as computing the natural log of each session

number.  In other words, a log transformation of the session number produces a data set

that more closely approximates a normal curve.  This step was completed in the current

study, with the variable session being converted to the log of session.  

Next, twenty scorebands were created to include a minimum of 100 individuals.

One important consideration, pertaining to modeling reliable recovery curves, is the

stability of the standard error of the recovery curve.  In the regression literature, one rule

of thumb for establishing a stable standard error is a sample size of at least 100.  Ideally it

would seem possible to generate a recovery curve for every possible intake score on the

LSQ-30 between zero and 120.  However, because extreme scores are rare (e.g. no

patient gets a score of 0 or 120), the width of scorebands was based on percentiles to

more accurately reflect the empirical range rather than the theoretical range of the

instrument.  The aim here was to create a distribution across intake scores that was

approximately normal, with intake score increments as small as one point at the group

average, and a larger spread between intake scores at the two extreme tails.  The twenty

scorebands created for group one are presented in Table 1. 

Statistical Procedure   

Once the score bands were created, the next step was to analyze the data to

develop recovery curves at each score band.  The groups of data at each score band on

the LSQ-30 were analyzed using the PROC MIXED functions of the Statistical Analysis

System (SAS) to generate a random coefficient model (also referred to as a hierarchical

linear model in the social science literature).  In this model, repeated measurements are

modeled in a linear regression model with parameters that vary over individuals

(otherwise known as random effects or subject specific regression coefficients).  The

choice of this model allowed for the modeling of a sophisticated series of nested

summary statistics (e.g. LSQ scores nested within a patient, and patients nested within
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scorebands) to estimate random slopes and random intercepts and account for the added

variance and correlations associated with multiple measurements across the same subject.

Traditionally, in the outcome literature, individual change has been measured by

pre and post test data collection with the computation of a difference score between the

two values (e.g. a residual change score).  This has been found to provide a simple and

unbiased measure of individual growth (Mintz, Luborsky & Christoph, 1979; Cronbach

& Furby, 1970).  However, this form of two-measurement design does not represent an

ideal strategy for modeling individual growth since it really provides a very minimal

level of information about the observed change.  It has been suggested that increasing the

number of observations per participant beyond a simple pre and posttest measurement

can serve to significantly enhance the reliability of the estimates that are produced

(Willet, 1989).  More sophisticated forms of statistical analysis have been developed

which can accommodate more than two data points per subject and which adopt different

assumptions than the more traditional techniques employed.  

A random coefficient or hierarchical model was particularly appropriate for these

data.  Because the data were collected in routine clinical practice, it was not possible to

ensure that the typical assumptions necessary for the more traditional multivariate

regression techniques were met.  These assumptions include participants entering or

leaving the study at different times, being observed a different number of times, or being

observed with different intervals between points of measurement (Verbeke, 1997;

Boroto, Piper, Joyce & McCallum, 1997).  For example, if a patient in these data set did

not have LSQ-30 scores at every session, a linear model of their course in therapy was

still produced, accounting for the within-subject variance of the missing data points.  In

other words, this model allowed comparisons of individuals even when the data were

unbalanced (i.e. scores were missing at different session numbers, patients attended

different numbers of sessions, or length of time between sessions differed).     

A second advantage was that the model allowed for the analysis of data that were

nested, or hierarchical.  For instance, outcome scores were nested within an individual

patient, who was nested within a specific scoreband.  While such a relationship between

variables violates the assumption of independence of observation, which is important in

statistical techniques such as the ANOVA test, it is permissible in a hierarchical linear
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model (Boroto, et al., 1997).  This is possible because a hierarchical model accounts for

the multiple sources of variance that result from the nested nature of the data and

combines this variance with the fixed effects (slope and intercept) in the linear equation

that is used to establish the mean estimate (also referred to as the expected recovery score

in this model). 

Another advantage to using this form of mixed modeling was that the final output

from the analysis contained the estimates for the distinct error and correlation

components.  These values were needed to create an accurate prediction model that

accounted not only for the variance of the aggregate mean estimate for each session, but

also the additional variance contributed by estimating the possible range of scores (i.e.

the tolerance intervals) for a specific individual at a given session, within a specific

scoreband. 
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CHAPTER FOUR

RESULTS 

Estimates and Tolerance Intervals

Using the PROC MIXED function of the SAS statistical package, a random slope

and random intercept linear model for the LSQ-30 total score by session number was

created; accounting for the within-subject variance of each participant, and the between-

subject variance.  Mean estimates were then calculated for each session across the

scorebands (See Tables 2-21).  Error estimates from the fixed effects, random effects,

and correlations were combined into an aggregate error term for the estimates of the

LSQ-30 total score at each session.  This combined error term was then used to establish

the upper and lower bounds of tolerance intervals for each coefficient.  

The tolerance interval is a quality control indicator often used in engineering

applications.  Tolerance intervals determine the probability that a given score at a given

session will fall within a specified interval.  Thus, the tolerance intervals allowed for the

identification of LSQ-30 total score values that had an established probability of falling

outside of the upper and lower limits of the tolerance intervals.  Specifically, this means

that the two-tailed 68% and 80% tolerance intervals calculated in this model identified

the patients whose rate and trajectory of progress deviated from the expected recovery

track.

Using the model proposed by Finch, et al. (2001), tolerance intervals were

calculated for the expected mean LSQ-30 total score for each session.  First, a two-tailed,

eighty percent tolerance interval was created for each estimate.  A cutoff score was

established for each session to identify patients whose LSQ-30 score placed them in the

ten percent of clients likely to drop out early or otherwise fail in therapy.  A two-tailed,

sixty-eight percent tolerance interval was calculated using the same procedure.  Lines

were plotted across sessions, for the mean estimates of LSQ-30 total scores and for each



33

of the upper and lower bounds of the tolerance intervals.  This produced a visual

representation of the expected recovery curve by LSQ-30 total scores across each session

centered within the upper and lower cutoff bounds of each tail of the tolerance intervals

(See Figures 1-20).  Using this information, individuals could be identified whose

progress in therapy deviated from the expected recovery rate by one standard deviation or

more.  

It should be noted that if a patient’s score fell within the lower bounds of the

tolerance intervals, he or she was showing improvement.  Although this study does not

focus on this, work is in progress to identify clinical decision-making situations for

which a significant positive departure from the expected recovery curve would indicate

providing that feedback to the clinician.  One such case is consideration of termination

with a client who is enthusiastic and has developed a positive bond with the therapist and

thus might not spontaneously suggest termination.

The coefficients and two-tailed tolerance intervals described above were used to

form what Lambert, et al. (2001) called an empirically derived warning system.  Values

for this empirically derived warning system are presented in Figures 1-20 and Tables 2-

21.  A clinician would use these figures and tables by first, determining the distress level

of a client at intake.  Based on the distress level, the corresponding scoreband would be

identified, with its corresponding figure and table.  If at any session following intake, the

LSQ-30 total score for a patient is within the 68% tolerance interval shown on the chart,

then therapy is proceeding as anticipated for this particular patient.  If that same total

score falls outside the cutoff for the upper 68% tolerance interval, but is still within the

upper bound of the eighty percent tolerance interval, then the patient is beginning to

deviate by greater than one standard deviation from what is expected of a typical person

at this point in therapy, and a therapist would want to attend more carefully to this

patient’s progress.  One can notice that one standard deviation for this sample

approximates a nine-point increase in the LSQ-30 score (the marker for reliable change). 

If this same score falls above the upper limits of the eighty percent tolerance interval

(upper 10%), then the patient is deviating significantly in a negative direction from what

is predicted for patients at this point in therapy, and his or her recovery curve is within

the range of scores predicted for the 10% of patients whose progress is most in question. 
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The 10% boundary is consistent with the estimate that about 10% of patients deteriorate

in psychotherapy (Lambert & Bergin, 1994).  At this point a therapist might consider an

alternative course of action, since the patient seems to be at risk for treatment failure.

Evidence for Reliability of the Model

Once the model was created with data from the model group, the same steps

described above were used to create the model for the replication group.  Although the

two groups were created through random assignment, the sub groupings or scorebands

within each group were forced to match one another.  This means that in comparing the

models, no differences would occur between the intercepts, but differences would be

possible when comparing the slopes of the two models.   

After matching the scorebands, the recovery curve in each scoreband in group one

was compared to its corresponding recovery curve in group two.  The curves were

compared using a t test, to determine the probability that the slope and intercept were

significantly different from one another (with slope being the variable of primary

interest).  It was hypothesized that no statistically meaningful differences would be

identified between the two samples, thus showing support for the stability of the original

model.  Results for these analyses are presented in Table 22.  The results suggested that

the model in scoreband five was not reliable (p=.03), but all other models were reliable

(i.e. they were not significantly different from the model sample to the replication

sample.)  With a traditional alpha (p) level of .05, a researcher expects to find a

difference in the population of interest approximately one in twenty times simply due to

chance.  In other words, given the large number of analyses on this sample (20

comparisons of slope), one would expect this finding by chance alone.  A Bonferroni

adjustment was made to control the overall Type 1 error rate.  The Bonferroni adjusted

level of significance was calculated to be .0025.  Using this adjusted alpha level, the

model in scoreband five was considered reliable.  

Evidence for Internal Validity

The evidence above suggests that the model created predicts the course of

treatment in a consistent fashion, across two large samples of psychotherapy clients. 

Because the model identified a course of recovery across 15 sessions, only those

individuals who attended 15 or fewer sessions were included in this analysis (this
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included approximately 94% of the sample in group 2).  First, each of the 4136 patients

in the replication group were classified into two groups:  those falling into the warning

zone, labeled as a “signal” case (moving out of the 68% tolerance band, in the direction

of greater distress) at any point during therapy versus never having moved into the

warning zone (i.e. “on-track” case).  Next, each of the 4136 patients was assigned to one

of the following groups according to treatment outcome assessed by LSQ-30 scores:  1)

recovered/ improved, 2) no change, and 3) nonresponders.  

The criteria for recovery included demonstration of a “reliable change” or

“clinically significant change.”  This nomenclature was introduced and defined by

Jacobson & Truax (1991).  Reliable change indicates whether the observed amount of

change reflects more than the error variance of the measuring instrument.  Using

formulas suggested by Jacobson & Truax (1991), the normative data of the LSQ were

analyzed to provide values for the Reliable Change Index (RCI).  The RCI was estimated

to be nine on the LSQ-30.  Thus an individual’s score must have changed by at least nine

points on the LSQ to be considered a reliable change.  The cutoff score for determining

whether a person was in the “clinical range” (i.e. considered to be substantially impaired)

was estimated to be 44.  When a clients’ score was 44 or less, that client was considered

to be functioning within the normal range of functioning (Lambert, Hatfield,

Vermeersch, Burlingame, Reisinger, & Brown, 2000).  For a patient to be considered

clinically significantly improved, a patient must have met the reliable change criteria and

to have moved from a score above 44 (the clinical range) to a score at or below 44 (the

non-patient range).  Clients were considered treatment failures if they reliably worsened

(i.e. their score moved 9 or more points in the direction of more distress) or they

deteriorated.  Deterioration was defined by a reliable worsening as well as a movement

from the non-clinical range of functioning to the clinical range of functioning.  

Once the participants were classified as to their signal case status as well as their

end of treatment outcome status, the data were summarized in table format (see Table

23).  As can be seen, 367 of the 4136 clients were considered treatment failures (reliably

worse or deteriorated) at termination.  The warning system identified 350 of these cases,

giving a sensitivity rate of 95%.  The system identified 3097 of the 3769 patients who did

not fail in treatment (those who made either no change, reliable change or clinically
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significant change), producing a specificity rate of 82%.  Validity is most meaningful

when considered as utility for a specified population and within a specified situation. 

The warning system identified patients at risk for treatment failure.    
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CHAPTER FIVE

DISCUSSION

This project was undertaken to address challenges currently faced by clinicians. 

The whole health care movement has produced some challenges for clinicians for which

they have not been trained.  These challenges sometimes appear to be limiting rather than

challenging.  Psychotherapy research has arrived at a point where we can make a

contribution to clinicians.  We can now address important clinical questions, using

theoretically and empirically sound measures that are logistically feasible in a real

clinical setting.  One important phenomenon that clinicians would find valuable to assess

and for which there is sufficient methodologically and empirically sound information, is

the issue of identifying patients at risk for treatment failures in real-time. 

In the area of patient focused research, strides are being made towards providing

clinicians with the capability of identifying at-risk patients.  This study developed a

system for identifying at-risk patients.  The analyses in this study yielded a series of

recovery curves, representing expected patterns of therapy outcomes for patients who

began therapy at different levels of distress (as measured by the Life Status

Questionnaire).  The statistical analysis of these curves indicated that the model at each

scoreband was a good fit for the data (see Chi Square statistics in Table 1).  The

availability of such information to the clinician has been proposed as a way to provide

quality assurance for clients (Lambert, 2001).    

What would clinicians do if they had available to them information to indicate

that a specific client was, under business as usual, going to deteriorate in therapy?  This

indicator, based on the LSQ-30, might reflect a number of different scenarios.  Perhaps a

client attended therapy, with a focus on coping with panic disorder.  She initially

presented with an LSQ-30 score of 59.  Shortly after beginning treatment, she lost a

loved one and began to report increased levels of depression, anxiety and loss of social

support.  She also reported increased difficulty at work, as she was absent many days. 
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Even if the client did not assert her need for a change in treatment focus, a therapist using

this system would have been alerted to the patient’s increased score of 70, which signaled

that the client was at risk for treatment failure.  Given this type of feedback, a clinician

has an opportunity to begin gathering information about how to reverse the problem.  The

signal alarm provides an opportunity for creativity and movement on the part of the

therapist.  Ultimately, the clinician’s behavior is likely to be case specific, but at the very

least the information may make him or her more attentive to the case (Percevic, Lambert,

& Kordy, In press).

Within a therapy session, a clinician is regularly confronted with a number of

simultaneous challenges.  These include detecting client change, determining the

direction of that change, assessing what the antecedents of the change are, and attending

to the need to either determine the cause of the change or assess an effective intervention

to correct for or increase that change.  Doing this all at the same time as well as being

present in a conversation with the client (i.e. listening to the client’s story and interacting

with the client around the story) is no small task.  The fact that the warning system

developed in this study can eliminate the first two challenges is exciting and meaningful.

 Lambert and colleagues (Lambert, et. al, 2001; Lambert, Whipple, Vermeersch,

et. al., 2002; Whipple, et al., 2003) presented findings from a program of study in which

an empirically derived warning system for the Outcome Questionnaire-45 was used to

identify and notify clinicians of cases at risk for treatment failure.  Their findings

indicated that treatment outcomes were enhanced by the provision of feedback to

therapists.  Outcome comparisons between the “at risk” clients in the feedback condition

and treatment as usual conditions revealed moderate effect sizes (approximately .40). 

Additionally, there were significantly fewer deteriorators among the clients of therapists

receiving feedback information (13.4% versus 21.3% in treatment as usual).  

Hawkins, et al. (submitted) went on to investigate whether there would be an

additional gain by providing feedback to the actual patient in addition to the therapist.  It

was found that patients did benefit in terms of treatment outcomes from the provision of

feedback and patients also reported that they were very interested in the feedback (on a

scale ranging from 1-9, with 9 being very interested in feedback, a median rating of 8

was reported.)  It is hoped that the empirically derived curves generated in this study will
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enable clinicians or researchers to monitor patient progress and guide ongoing treatment

using the LSQ.       

A model for recovery curves was created and replicated in this study, on an

independent sample of patients who completed the LSQ-30 across therapy sessions.  The

comparison of recovery curves between the two large samples suggested that all recovery

curves (aside from scoreband five) were similar (i.e. there was no evidence of statistically

meaningful differences between the slopes or intercepts of the recovery curves).  The

slope was the statistic of primary interest in this analysis, since the intercepts were forced

to match one another, making the scorebands in the initial and replication analysis

comparable to one another.  Within scoreband five, the slope of the curve in the model

group was statistically different from the slope of the curve in the replication group

(p=.03).  However, when this alpha value was compared to the Bonferroni adjusted

significance level, the slopes from scorebands five were not significantly different

(comparison p value of .0025).  Given this adjustment, further discussion does not seem

warranted.   

Another important question with regard to the application of the warning system

is; how good are these results?  Overall the model was 82% effective at accurately

predicting treatment outcomes.  Additionally, the model identified treatment failures with

an accuracy rate of 95% (worsened by 9 or more points and moved into the clinical range

of functioning or simply worsened by 9 or more points).  It is also important to note that

upon visual inspection of the 5% (N=17) of treatment failures who were missed by the

model, 15 of these individuals started and ended therapy at a level of functioning more

typical of nonpatients than patients.  That is, although technically worse, their final

treatment status may not have been alarming to the clinician.  The additional two of the

17 missed cases started therapy in the non-clinical range of functioning and ended just

above the cut-off point, falling in the clinical range of functioning at termination.  This

information suggests that, at least for 15 of the 17 non-identified treatment failures, their

status as failures may be questioned.

These accuracy rates are impressive.  However, the misidentification of cases has

practical implications that are worth noting.  For the individual, the miss might mean

investing resources (e.g. time and money) in a fruitless endeavor.  A miss would also be
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potentially devastating to significant others or the community, if the patient’s behavior

were in some way harmful to others.  For instance, if a client does not get the help he

needs and misses work regularly, his co-workers and employers will pay a cost.  This

discussion is not intended to imply that the warning system works in a vacuum, as the

only source of information to a clinician.  But it does seem important to consider the

practical implications of the performance of the system.    

Despite the noted success of the model’s ability to identify patients who worsened

by the end of treatment, the model identified many more signal-alarm cases than there

were actual treatment failures.  Approximately 16% (N=672) of patients who became

signal cases showed no worsening or deterioration at termination.  Included in these

cases were a number of patients (N=556) who met the “no change” criteria.  Patients who

did not change by treatment termination were included in the non-failure cases treatment

outcome category (see Table 23).  It could be argued that 83% (N=556) of those over-

identified as signal cases were cases in which treatment gains were limited.  It would be

interesting to evaluate the impact of signal alarms on this group of individuals’ treatment

outcomes.  With regard to the impact of false alarms on clinical practice, the extent to

which they are problematic is debatable (Lambert, Whipple, Bishop, et al., 2002).  The

signal-alarm is typically used in therapy as an alert to the therapist for reconsidering the

value of ongoing treatment and is not used as a mandate for specific changes to ongoing

treatment.  Thus, the provision of a false signal-alarm may have a small cost in clinical

situations, unlike some medical decisions where the cost of over-identifying problem

cases may result in very intrusive interventions (Swets, 1992).  As suggested by other

researchers (Lambert, Whipple, Bishop, et. al, 2002), the current level of

misidentification seems to be tolerable since the warning system alerts therapists to the

possible need for action, rather than triggering a negative event, such as psychosurgery,

ECT, and the like.  Nevertheless, therapists need to be aware of the degree to which false

alarms exist so that they can adjust their decision making with this information in mind.

 In evaluating the accuracy rate of the model, it seems possible that missed cases

reflect problems inherent in rigidly applying standard decision rules about patient

progress.  Ogles, Lunnen and Bonesteel (2001) discussed some of the criticisms of

methods used to evaluate the meaningfulness of psychotherapy outcomes.  They noted



41

that while Jacobson & Truax’s (1991) criteria are the most widely accepted and widely

used; the application of the criteria is not without limitations.  One such problem with

their criteria for determining treatment outcomes may be the fact that the same criteria

get applied regardless of the patient’s initial level of distress.  For example, a

hypothetical client who begins therapy with an LSQ-30 score of 90, and worsens by 8

points by treatment end, would be classified as having made no change according to the

criteria.  Another hypothetical client, beginning therapy with an LSQ-30 score of 35, and

worsening by 9 points at termination, is classified as deteriorating (this client made a

reliable change and also moved into the clinical range which starts at a score of 44). 

According to the criteria alone, more concern is raised for the second client, despite the

fact that the first client is functioning at a much higher level of distress.  Tingey,

Lambert, Burlingame, & Hansen (1996) proposed that one way to handle this would be to

use multiple normative samples to create multiple cut-off points, representing different

ranges of distress.  In other words, one could expand the classification of outcome to

include multiple levels of distress, which are potentially more meaningful.  While a

scenario like that proposed above may represent a rare case, addressing such limitations

in the final outcome criteria may increase the accuracy of the empirically derived

warning system.  Other potential avenues for improving the model might include more

specific examinations of the clients who fail, in order to tailor the methodology to better

address the needs of this group.     

In sum, this study created estimated recovery curves with corresponding

prediction intervals, across a range of frequently occurring LSQ-30 intake scores.  These

curves can be used to track patient progress with the LSQ-30 and identify patients who

are at risk for treatment failure.  The recovery curves were replicated, indicating

confidence in the reliability of the model for all scorebands.  In addition, the model’s

ability to identify “at-risk” cases was compared with final treatment outcome status.  The

model correctly identified 95% of treatment failures, suggesting that the model has good

criterion related validity.  The data that were used in these analyses represented an

extremely large number of patients who were being seen in routine clinical practice.  The

patients presented with a range of clinical disorders (mostly Axis I), met with many

different clinicians and were seen across many states in the U.S.  A data set of this
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magnitude is rare in studies of psychotherapy outcome and is an important strength of

this study.  The fact that these data reflect a course of therapy typical of routine practice

means that these data easily generalize to treatment in these settings.  

Along with its numerous strengths, the current study has a number of weaknesses

that deserve mention.  One limitation relates to the sample described above.  The patients

in this study received services in a managed care setting (through a large MBH

Company).  For example, Hawkins, et al., (submitted) found that when the warning

system which was developed for the OQ-45 was applied in a hospital based

psychotherapy outpatient clinic (patients from this type of setting were not abundant in

the samples used in the creation of the warning system for the OQ-45), the warning

system identified 50% of the patients as signal alarm cases.  This finding seems

indicative of the notion that different types of client samples, with different mixtures of

disorders, may show different treatment trajectories.  For example, if the algorithms in

this study were used within a community mental health center, in which patients are

largely made up of severely and persistently mentally ill, who are poor, unemployed and

uneducated relative to the present sample (which consisted of employed persons and their

family members); one might find a disproportionate number of patients identified as

potential treatment failures.  In other words, patients who are internally disturbed but

who have a support system and a job may have a different trajectory than a person at a

similar distress level that is economically disadvantaged and has little social support. 

Additional studies with different samples are also needed to conclude that the results of

this study generalize to fee-for-service settings.  However, given the current health care

situation, those limitations may not be extensive.   

With regard to treatment trajectories, some have argued that different types of

symptoms (e.g. subjective internal distress vs. interpersonal distress) change at different

rates in psychotherapy (Howard, et. al., 1993; Thompson, 2000).  This argument is

suggestive of the notion that different diagnoses (major depression versus borderline

personality disorder) may have a different path towards improvement in treatment and in

fact, some evidence supports this notion (Lueck, 2001).  Other researchers; however,

have noted that diagnosis adds very little to predictions of speed of recovery once level of

initial distress is taken into account (Brown & Lambert, 1998).  In fact, the recovery
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curves in this study were diagnosis nonspecific and identified 95% of at-risk cases.  It is

hard to imagine that one could improve upon this accuracy rate without needing a

population of infinity.   In addition to these research findings, practical constraints must

be considered.  It is much easier to give a five-minute test, which assesses a client’s level

of distress than it is to conduct a diagnostic interview, which ultimately has limited

reliability.  So, while our system may be limited by its reliance on level of distress as a

predictor of treatment outcome, it uses the best predictor known and is practical for

regular practice settings. 

One might suggest that another limitation in this study was the use of a single

self-report scale.  A multi-trait, multi-method approach to measuring outcome would

provide a more flexible and comprehensive picture of psychotherapy outcome (like the

system reported by Kordy, Hannover, & Richard, 2001), particularly if the selected

instruments focused on a different set of clinical features than the LSQ.  To be sure, a

design involving multiple measures would demonstrate more scientific rigor; however,

this study was aimed at impacting routine clinical practice where time constraints limit

the feasibility of such a design.  Balancing feasibility and practicality with scientific rigor

is an important task for researchers whose work aims towards impacting routine clinical

services.  With this in mind, Beckstead, Hatch, Lambert, et al., (submitted) conducted a

study in which the concordance rates between the Outcome Questionnaire-45 and a

number of other outcome measures were compared with respect to their ability to assess

client distress levels and classify treatment outcomes (using Jacobson & Truax’s (1991)

criteria).  Their investigation demonstrated high levels of concordance between the OQ-

45 and the Symptom Checklist-90 (Derogatis, 1983), the Social Adjustment Rating Scale

(Weissman, Prusoff, Thompson, Harding & Myers, 1978), the Inventory of Interpersonal

Problems-Short Form (Hansen, Umphress & Lambert, 1998), and the Quality of Life

Inventory (Frisch, 1988).  Concordance rates between the measures ratings of clients’

levels of distress at pre and post treatment ranged from 75% to 78%.   Additionally, the

mean percent concordance between the measures’ assessments of client treatment

outcome status at termination (improved, no change or deteriorated) was 66%.  These

findings suggest that the OQ-45 is typical of a number of different outcome measures. 

So, with practicality concerns in mind, it seems reasonable to use the OQ-45 as a
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measure of client change.  It will be important to assess such concordance rates for the

LSQ-30, providing more confidence in the validity of the measure and the algorithms

developed in this study.      

Another potential problem relates to the methodology of the study, which calls for

repeated measurement with patients over time.  Some researchers have found that the

impact of such administrations, to the same patient on several occasions, leads to reduced

symptomatology on some measures, a “test-retest artifact” (Jorm, Duncan-Jones, &

Scott, 1989).  Durham, McGrath, Burlingame, Schaalje, Lambert & Davies (2002)

investigated this “test-retest artifact” on the Outcome Questionnaire-45, the longer

measure from which the LSQ was created.  They found that test scores decreased slightly

at the second assessment (about 2 points) but that decreases were not cumulative across

further testing periods in untreated individuals.  The extent to which the test-retest

artifact occurs using the LSQ is not known; however, the measure is based on the

Outcome Questionnaire-45.

Future Directions  

The purpose of this study was to determine whether a methodologically sound

and clinically meaningful recovery curve could be generated, using a standardized

measure that is useful for assessing outcome and is logistically feasible to use.  In this

study, the application of a hierarchical model generated expected recovery curves and

tolerance intervals, providing the foundation of an effective system of clinician feedback. 

From here, research endeavors might attempt to improve on the model; although,

admittedly there is not much room to improve.  It is also necessary to examine the utility

of identifying potential treatment failures (with the LSQ warning system) while

providing feedback to providers.  As part of this endeavor, it may be important to identify

subgroups of categories of people at risk for treatment failure, based on types of

interventions that can be applied to reduce their at-risk status.  

Preliminary research efforts, using a different outcome measure (Lambert, et. al.,

2001; Lambert, Whipple, Vermeersch, 2002; Whipple, et al., 2003; Hawkins, et. al.,

submitted), indicate that simply providing practitioners with treatment feedback has an

impact on the course of therapy.  The identification of the most effective means of

providing feedback as well as the identification of interventions that might change the
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actual therapy outcomes remains to be investigated.  If future research using the LSQ

continues to validate its use in an early warning system, these additional areas of inquiry

will also be of interest.

The implementation of early warning systems is in the beginning stages of

application in routine practice settings.  It is hoped that the use of such systems can

supplement carefully developed treatment plans and make good therapists even better. 

This research is not intended to replace carefully conducted experimental research. 

Rather, it is hoped that it will support many established findings, as well as raise new

questions that are best addressed by more traditional research methodologies.  If systems

such as this are successful in obtaining their objectives, the amount of time spent in case

management by both clinicians as well as third-party providers stands to be significantly

reduced.  Any clinician currently using the LSQ-30 to monitor psychotherapy outcomes

is invited to participate in this research as an active scientist practitioner by providing

data as well as participating in research to establish the validity of an early warning

system and streamline its implementation across a wide range of clinical settings.
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Table 1

Scoreband Number with corresponding number of participants and outcome score on the

Life Status Questionnaire (LSQ).

Scoreband N Minimum Maximum Model Fit Statistics

LSQ Score LSQ Score Chi-Square(df) p value

1 208 0 32 113 (2) <.0001

2 254 33 37 112 (2) <.0001

3 218 38 40 162 (2) <.0001

4 234 41 43 238 (2) <.0001

5 172 44 45 207 (2) <.0001

6 218 46 47 186 (2) <.0001

7 200 48 49 129 (2) <.0001

8 217 50 51 238 (2) <.0001

9 236 52 53 255 (2) <.0001

10 256 54 55 304 (2) <.0001

11 264 56 57 233 (2) <.0001

12 127 58 58 141 (2) <.0001

13 226 59 60 264 (2) <.0001

14 246 61 62 340 (2) <.0001

15 205 63 64 186 (2) <.0001

16 258 65 67 219 (2) <.0001

17 221 68 70 275 (2) <.0001

18 233 71 74 291 (2) <.0001

19 190 75 79 228 (2) <.0001

20 221 80 120 137 (2) <.0001
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Table 2

Expected Scores and Cutoff Scores for Intake LSQ Total Scores 0-32

Session

Number

Lower cutoff score

for the two-tailed

80% Tolerance

Interval 

Lower cutoff score

for the two-tailed

68% Tolerance

Interval

Expected

Score1

Upper cutoff score

for the two-tailed

68% Tolerance

Interval 

Upper cutoff score

for the two-tailed

68% Tolerance

Interval

1 19 22 29 36 38

2 21 23 30 38 40

3 22 24 31 39 41

4 22 24 32 40 42

5 23 25 33 40 43

6 23 25 33 41 43

7 23 25 33 41 43

8 23 26 34 42 44

9 24 26 34 42 44

10 24 26 34 42 44

11 24 26 34 42 45

12 24 27 35 43 45

13 24 27 35 43 45

14 25 27 35 43 45

15 25 27 35 43 45

1 The expected score represented the mean estimate, as determined by the random coefficient model

computed an intercept and slope from the data, forming a linear model. The expected score or mean

estimate w as then de termine d as a fun ction of ses sion num ber. 
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Table 3

Expected Scores and Cutoff Scores for Intake LSQ Total Scores 33-37

Session

Number

Lower cutoff score

for the two-tailed

80% Tolerance

Interval

Lower cutoff score

for the two-tailed

68% Tolerance

Interval

Expected

Score
1

Upper cutoff score

for the two-tailed

68% Tolerance

Interval 

Upper cutoff score

for the two-tailed

68% Tolerance

Interval

1 30 30 36 42 44

2 30 30 36 43 44

3 30 30 36 43 45

4 30 30 37 43 45

5 30 30 37 44 46

6 30 30 37 44 46

7 30 30 37 44 46

8 30 30 37 44 46

9 30 30 37 44 46

10 30 30 37 44 47

11 30 30 37 45 47

12 30 30 37 45 47

13 30 30 37 45 47

14 30 30 37 45 47

15 30 30 37 45 47

1 See Table 2 for explanation of this term
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Table 4

Expected Scores and Cutoff Scores for Intake LSQ Total Scores 38-40

Session

Number

Lower cutoff score

for the two-tailed

80% Tolerance

Interval

Lower cutoff score

for the two-tailed

68% Tolerance

Interval

Expected

Score1

Upper cutoff score

for the two-tailed

68% Tolerance

Interval 

Upper cutoff score

for the two-tailed

68% Tolerance

Interval

1 31 33 39 46 48

2 31 33 40 47 49

3 31 33 40 47 49

4 31 33 40 48 50

5 30 33 40 48 50

6 30 33 40 48 50

7 30 33 40 48 51

8 30 33 41 49 51

9 30 32 41 49 51

10 30 32 41 49 51

11 30 32 41 49 51

12 30 32 41 49 52

13 30 32 41 49 52

14 30 32 41 49 52

15 30 32 41 49 52

1 See Table 2 for explanation of this term
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Table 5

Expected Scores and Cutoff Scores for Intake LSQ Total Scores 41-43

Session

Number

Lower cutoff score

for the two-tailed

80% Tolerance

Interval

Lower cutoff score

for the two-tailed

68% Tolerance

Interval

Expected

Score1

Upper cutoff score

for the two-tailed

68% Tolerance

Interval 

Upper cutoff score

for the two-tailed

68% Tolerance

Interval

1 34 36 42 48 50

2 33 35 42 48 50

3 33 35 42 49 51

4 32 34 42 49 51

5 32 34 41 49 51

6 31 34 41 49 51

7 31 33 41 49 51

8 31 33 41 49 52

9 31 33 41 49 52

10 30 33 41 49 52

11 30 33 41 49 52

12 30 33 41 49 52

13 30 32 41 50 52

14 30 32 41 50 52

15 30 32 41 50 52

1 See Table 2 for explanation of this term
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Table 6

Expected Scores and Cutoff Scores for Intake LSQ Total Scores 44-45

Session

Number

Lower cutoff score

for the two-tailed

80% Tolerance

Interval

Lower cutoff score

for the two-tailed

68% Tolerance

Interval

Expected

Score1

Upper cutoff score

for the two-tailed

68% Tolerance

Interval 

Upper cutoff score

for the two-tailed

68% Tolerance

Interval

1 36 38 44 51 52

2 34 36 43 50 52

3 33 35 42 50 52

4 32 34 42 49 52

5 31 33 41 49 51

6 31 33 41 49 51

7 30 32 41 49 51

8 30 32 40 49 51

9 29 32 40 49 51

10 29 31 40 49 51

11 28 31 40 49 51

12 28 31 40 48 51

13 28 30 39 48 51

14 28 30 39 48 51

15 27 30 39 48 51

1 See Table 2 for explanation of this term
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Table 7

Expected Scores and Cutoff Scores for Intake LSQ Total Scores 46-47

Session

Number

Lower cutoff score

for the two-tailed

80% Tolerance

Interval

Lower cutoff score

for the two-tailed

68% Tolerance

Interval

Expected

Score1

Upper cutoff score

for the two-tailed

68% Tolerance

Interval 

Upper cutoff score

for the two-tailed

68% Tolerance

Interval

1 39 41 47 53 55

2 37 39 46 53 55

3 36 38 46 53 55

4 36 38 45 53 55

5 35 37 45 53 55

6 35 37 45 53 55

7 34 37 45 53 55

8 34 36 44 53 55

9 34 36 44 53 55

10 33 36 44 53 55

11 33 35 44 53 55

12 33 35 44 53 55

13 33 35 44 53 55

14 32 35 44 53 55

15 32 35 44 53 55

1 See Table 2 for explanation of this term
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Table 8

Expected Scores and Cutoff Scores for Intake LSQ Total Scores 48-49

Session

Number

Lower cutoff score

for the two-tailed

80% Tolerance

Interval

Lower cutoff score

for the two-tailed

68% Tolerance

Interval

Expected

Score1

Upper cutoff score

for the two-tailed

68% Tolerance

Interval 

Upper cutoff score

for the two-tailed

68% Tolerance

Interval

1 41 43 49 54 56

2 39 41 47 54 56

3 38 40 46 53 55

4 37 39 46 53 55

5 36 38 46 53 55

6 35 38 45 53 55

7 35 37 45 53 55

8 35 37 45 53 55

9 34 36 44 52 55

10 34 36 44 52 55

11 34 36 44 52 55

12 33 36 44 52 55

13 33 35 44 52 55

14 33 35 44 52 55

15 33 35 44 52 54

1 See Table 2 for explanation of this term
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Table 9

Expected Scores and Cutoff Scores for Intake LSQ Total Scores 50-51

Session

Number

Lower cutoff score

for the two-tailed

80% Tolerance

Interval

Lower cutoff score

for the two-tailed

68% Tolerance

Interval

Expected

Score1

Upper cutoff score

for the two-tailed

68% Tolerance

Interval 

Upper cutoff score

for the two-tailed

68% Tolerance

Interval

1 43 45 50 56 58

2 41 43 49 55 57

3 39 41 48 55 57

4 38 40 47 54 56

5 38 40 47 54 56

6 37 39 46 54 56

7 37 39 46 54 56

8 36 38 46 53 56

9 36 38 46 53 56

10 35 38 45 53 55

11 35 37 45 53 55

12 35 37 45 53 55

13 34 37 45 53 55

14 34 36 45 53 55

15 34 36 44 53 55

1 See Table 2 for explanation of this term
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Table 10

Expected Scores and Cutoff Scores for Intake LSQ Total Scores 52-53

Session

Number

Lower cutoff score

for the two-tailed

80% Tolerance

Interval

Lower cutoff score

for the two-tailed

68% Tolerance

Interval

Expected

Score1

Upper cutoff score

for the two-tailed

68% Tolerance

Interval 

Upper cutoff score

for the two-tailed

68% Tolerance

Interval

1 44 46 53 59 61

2 41 43 51 59 61

3 39 42 50 58 61

4 38 40 49 58 60

5 37 40 49 58 60

6 36 39 48 58 60

7 35 38 48 57 60

8 35 38 48 57 60

9 34 37 47 57 60

10 34 37 47 57 60

11 33 36 47 57 60

12 33 36 47 57 60

13 33 36 46 57 60

14 32 35 46 57 60

15 32 35 46 57 60

1 See Table 2 for explanation of this term
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Table 11

Expected Scores and Cutoff Scores for Intake LSQ Total Scores 54-55

Session

Number

Lower cutoff score

for the two-tailed

80% Tolerance

Interval

Lower cutoff score

for the two-tailed

68% Tolerance

Interval

Expected

Score1

Upper cutoff score

for the two-tailed

68% Tolerance

Interval 

Upper cutoff score

for the two-tailed

68% Tolerance

Interval

1 46 48 55 61 63

2 43 45 53 60 62

3 42 44 51 59 61

4 40 43 51 59 61

5 39 42 50 58 61

6 38 41 50 58 61

7 38 40 49 58 61

8 37 40 49 58 60

9 37 39 48 58 60

10 36 39 48 57 60

11 36 38 48 57 60

12 35 38 48 57 60

13 35 38 47 57 60

14 35 37 47 57 60

15 34 37 47 57 60

1 See Table 2 for explanation of this term
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Table 12

Expected Scores and Cutoff Scores for Intake LSQ Total Scores 56-57

Session

Number

Lower cutoff score

for the two-tailed

80% Tolerance

Interval

Lower cutoff score

for the two-tailed

68% Tolerance

Interval

Expected

Score1

Upper cutoff score

for the two-tailed

68% Tolerance

Interval 

Upper cutoff score

for the two-tailed

68% Tolerance

Interval

1 47 49 56 63 65

2 44 47 54 62 64

3 43 45 53 61 63

4 41 44 52 60 63

5 40 43 51 60 63

6 40 42 51 60 62

7 39 41 50 59 62

8 38 41 50 59 62

9 38 40 50 59 62

10 37 40 49 59 61

11 37 40 49 59 61

12 36 39 49 58 61

13 36 39 49 58 61

14 36 39 48 58 61

15 35 38 48 58 61

1 See Table 2 for explanation of this term
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Table 13

Expected Scores and Cutoff Scores for Intake LSQ Total Score 58

Session

Number

Lower cutoff score

for the two-tailed

80% Tolerance

Interval

Lower cutoff score

for the two-tailed

68% Tolerance

Interval

Expected

Score1

Upper cutoff score

for the two-tailed

68% Tolerance

Interval 

Upper cutoff score

for the two-tailed

68% Tolerance

Interval

1 50 52 58 65 67

2 46 48 56 63 65

3 44 46 54 62 64

4 43 45 53 61 63

5 41 44 52 61 63

6 40 43 52 60 63

7 40 42 51 60 62

8 39 42 50 59 62

9 38 41 50 59 62

10 38 40 50 59 62

11 37 40 49 59 61

12 37 39 49 58 61

13 36 39 49 58 61

14 36 39 48 58 61

15 36 38 48 58 61

1 See Table 2 for explanation of this term
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Table 14

Expected Scores and Cutoff Scores for Intake LSQ Total Scores 59-60

Session

Number

Lower cutoff score

for the two-tailed

80% Tolerance

Interval

Lower cutoff score

for the two-tailed

68% Tolerance

Interval

Expected

Score1

Upper cutoff score

for the two-tailed

68% Tolerance

Interval 

Upper cutoff score

for the two-tailed

68% Tolerance

Interval

1 51 52 59 66 68

2 47 49 56 64 66

3 44 47 54 62 64

4 43 45 53 61 64

5 41 44 52 61 63

6 40 43 51 60 62

7 39 42 51 60 62

8 39 41 50 59 62

9 38 41 50 59 61

10 37 40 49 58 61

11 37 39 49 58 61

12 36 39 48 58 60

13 36 39 48 58 60

14 35 38 48 57 60

15 35 38 47 57 60

1 See Table 2 for explanation of this term
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Table 15

Expected Scores and Cutoff Scores for Intake LSQ Total Scores 61-62

Session

Number

Lower cutoff score

for the two-tailed

80% Tolerance

Interval

Lower cutoff score

for the two-tailed

68% Tolerance

Interval

Expected

Score1

Upper cutoff score

for the two-tailed

68% Tolerance

Interval 

Upper cutoff score

for the two-tailed

68% Tolerance

Interval

1 51 52 59 66 68

2 47 49 56 64 66

3 44 47 54 62 64

4 43 45 53 61 64

5 41 44 52 61 63

6 40 43 51 60 62

7 39 42 51 60 62

8 39 41 50 59 62

9 38 41 50 59 61

10 37 40 49 58 61

11 37 39 49 58 61

12 36 39 48 58 60

13 36 39 48 58 60

14 35 38 48 57 60

15 35 38 47 57 60

1 See Table 2 for explanation of this term
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Table 16

Expected Scores and Cutoff Scores for Intake LSQ Total Scores 63-64

Session

Number

Lower cutoff

score for the

two-tailed 80%

Tolerance

Interval

Lower cutoff

score for the

two-tailed 68%

Tolerance

Interval

Expected

Score1

Upper cutoff

score for the

two-tailed 68%

Tolerance

Interval 

Upper cutoff

score for the

two-tailed 68%

Tolerance

Interval

1 54 56 63 70 72

2 50 52 60 67 69

3 48 50 58 66 68

4 46 48 56 64 67

5 44 47 55 64 66

6 43 46 54 63 65

7 42 45 54 62 65

8 42 44 53 62 64

9 41 43 52 61 64

10 40 43 52 61 64

11 40 42 51 61 63

12 39 42 51 60 63

13 39 41 51 60 63

14 38 41 50 60 62

15 38 40 50 59 62

1 See Table 2 for explanation of this term
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Table 17

Expected Scores and Cutoff Scores for Intake LSQ Total Scores 65-67

Session

Number

Lower cutoff score

for the two-tailed

80% Tolerance

Interval

Lower cutoff score

for the two-tailed

68% Tolerance

Interval

Expected

Score1

Upper cutoff score

for the two-tailed

68% Tolerance

Interval 

Upper cutoff score

for the two-tailed

68% Tolerance

Interval

1 55 57 65 73 75

2 50 53 61 70 73

3 48 50 59 68 71

4 46 48 58 67 70

5 44 47 57 66 69

6 43 46 56 66 69

7 42 45 55 65 68

8 41 44 54 65 68

9 40 43 54 64 67

10 39 42 53 64 67

11 39 42 53 63 66

12 38 41 52 63 66

13 38 41 52 63 66

14 37 40 51 62 66

15 37 40 51 62 65

1 See Table 2 for explanation of this term
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Table 18

Expected Scores and Cutoff Scores for Intake LSQ Total Scores 68-70

Session

Number

Lower cutoff score

for the two-tailed

80% Tolerance

Interval

Lower cutoff score

for the two-tailed

68% Tolerance

Interval

Expected

Score1

Upper cutoff score

for the two-tailed

68% Tolerance

Interval 

Upper cutoff score

for the two-tailed

68% Tolerance

Interval

1 59 61 68 75 77

2 53 55 63 71 74

3 50 52 61 69 72

4 48 50 59 68 70

5 46 49 58 67 69

6 44 47 56 66 68

7 43 46 55 65 68

8 42 45 55 64 67

9 41 44 54 64 67

10 40 43 53 63 66

11 40 43 53 63 66

12 39 42 52 62 65

13 38 41 52 62 65

14 38 41 51 62 64

15 37 40 51 61 64

1 See Table 2 for explanation of this term
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Table 19

Expected Scores and Cutoff Scores for Intake LSQ Total Scores 71-74

Session

Number

Lower cutoff score

for the two-tailed

80% Tolerance

Interval

Lower cutoff score

for the two-tailed

68% Tolerance

Interval

Expected

Score1

Upper cutoff score

for the two-tailed

68% Tolerance

Interval 

Upper cutoff score

for the two-tailed

68% Tolerance

Interval

1 60 63 71 80 82

2 54 57 66 76 78

3 50 53 63 73 76

4 48 51 61 71 74

5 46 49 59 70 73

6 44 47 58 69 72

7 42 46 57 68 71

8 41 44 56 67 71

9 40 43 55 67 70

10 39 42 54 66 69

11 38 42 53 65 69

12 37 41 53 65 68

13 37 40 52 64 68

14 36 39 52 64 67

15 35 39 51 64 67

1 See Table 2 for explanation of this term
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Table 20

Expected Scores and Cutoff Scores for Intake LSQ Total Scores 75-79

Session

Number

Lower cutoff score

for the two-tailed

80% Tolerance

Interval

Lower cutoff score

for the two-tailed

68% Tolerance

Interval

Expected

Score1

Upper cutoff score

for the two-tailed

68% Tolerance

Interval 

Upper cutoff score

for the two-tailed

68% Tolerance

Interval

1 64 67 76 85 87

2 57 60 70 80 82

3 53 56 66 77 80

4 50 53 64 75 78

5 48 51 62 73 77

6 46 49 61 72 75

7 44 48 59 71 74

8 43 46 58 70 74

9 42 45 57 69 73

10 41 44 56 69 72

11 40 43 56 68 72

12 39 42 55 68 71

13 38 42 54 67 71

14 37 41 54 66 70

15 36 40 53 66 70

1 See Table 2 for explanation of this term
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Table 21

Expected Scores and Cutoff Scores for Intake LSQ Total Scores 80-120

Session

Number

Lower cutoff score

for the two-tailed

80% Tolerance

Interval

Lower cutoff score

for the two-tailed

68% Tolerance

Interval

Expected

Score1

Upper cutoff score

for the two-tailed

68% Tolerance

Interval 

Upper cutoff score

for the two-tailed

68% Tolerance

Interval

1 71 74 83 93 96

2 65 68 78 88 91

3 61 64 75 85 88

4 59 62 72 83 85

5 57 60 70 81 84

6 55 58 69 79 82

7 54 57 68 78 81

8 53 56 67 77 80

9 52 55 66 76 80

10 51 54 65 76 79

11 50 53 64 75 78

12 49 52 63 74 77

13 49 52 63 74 77

14 48 51 62 73 76

15 47 50 62 73 76

1 See Table 2 for explanation of this term
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Table 22

Reliability statistics, across scorebands, comparing slopes and intercepts of the recovery

curves in the test model to the slopes and intercepts in the replication group.

Intercept Slope

Scoreband t value p value t value p value

1 .65 .51 -1.48 .14

2 -.81 .42 -.90 .37

3 -.21 .84 -1.03 .30

4 -.84 .40 -.85 .39

5 .51 .61 -2.12 .03

6 -.36 .72 -.68 .50

7 -.23 .82 -.04 .96

8 -.66 .51 -.32 .75

9 .40 .69 -.09 .93

10 -.04 .96 .62 .53

11 -.07 .94 -.03 .97

12 .13 .90 -1.45 .15

13 1.39 .16 -.82 .41

14 .18 .86 -1.14 .26

15 .48 .63 1.09 .27

16 -.71 .48 .48 .63

17 -.44 .66 -.59 .55

18 .84 .40 -.96 .34

19 .25 .80 -.19 .85

20 -.11 .91 .80 .43
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Table 23

Comparison of predicted outcome, using the empirically derived warning

system, versus actual treatment outcome, using Jacobson & Truax (1991) criteria.

Predicted Negative

Outcome 

(Signal Case)

Predicted Positive

Outcome

(On-Track Case)

Total N

Treatment

Failures

350 (8.8%) 17 (.4%) 367 (9%)

Patients who did

not fail in

treatment

672 (16%) 3097 (75%) 3769 (91%)

Total N 1022 (25%) 3114 (75%) 4136

Sensitivity Rate         95%

Specificity Rate         82%

Hit Rate         83%

Positive Predictive Power   34%

Negative Predictive Power  99%  
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Figure 1

Expected Recovery Curve with Tolerance Intervals for Scoreband 1
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Figure 2

Expected Recovery Curve with Tolerance Intervals for Scoreband 2
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Figure 3

Expected Recovery Curve with Tolerance Intervals for Scoreband 3
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Figure 4

Expected Recovery Curve with Tolerance Intervals for Scoreband 4
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Figure 5

Expected Recovery Curve with Tolerance Intervals for Scoreband 5
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Figure 6

Expected Recovery Curve with Tolerance Intervals for Scoreband 6
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Figure 7

Expected Recovery Curve with Tolerance Intervals for Scoreband 7
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Figure 8

Expected Recovery Curve with Tolerance Intervals for Scoreband 8
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Figure 9

Expected Recovery Curve with Tolerance Intervals for Scoreband 9
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Figure 10

Expected Recovery Curve with Tolerance Intervals for Scoreband 10
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Figure 11

Expected Recovery Curve with Tolerance Intervals for Scoreband 11
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Figure 12

Expected Recovery Curve with Tolerance Intervals for Scoreband 12
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Figure 13

Expected Recovery Curve with Tolerance Intervals for Scoreband 13
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Figure 14

Expected Recovery Curve with Tolerance Intervals for Scoreband 14
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Figure 15

Expected Recovery Curve with Tolerance Intervals for Scoreband 15
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Figure 16

Expected Recovery Curve with Tolerance Intervals for Scoreband 16
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Figure 17

Expected Recovery Curve with Tolerance Intervals for Scoreband 17
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Figure 18

Expected Recovery Curve with Tolerance Intervals for Scoreband 18
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Figure 19

Expected Recovery Curve with Tolerance Intervals for Scoreband 19
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Figure 20

Expected Recovery Curve with Tolerance Intervals for Scoreband 20
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