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Using the Minnesota Multiphasic Personality Inventory–2 Restructured Form
to Predict Functioning After Treatment for Borderline Personality Disorder:

A Machine Learning Approach

Carlijn J. M. Wibbelink1, Martin Sellbom2, Raoul P. P. P. Grasman3, Arnoud Arntz1, 4,
Roland Sinnaeve5, and Jan H. Kamphuis1

1 Department of Clinical Psychology, University of Amsterdam
2 Department of Psychology, University of Otago

3 Department of Psychological Methods, University of Amsterdam
4 Academic Center for Trauma and Personality, Amsterdam, the Netherlands

5 Department of Neurosciences, Mind Body Research, Catholic University Leuven

Insight into predictors of functioning after treatment for borderline personality disorder (BPD) is limited,
despite growing recognition that more focus on other aspects of recovery, especially psychosocial
functioning, is warranted. The present study explored the utility of a widely used omnibus assessment
instrument, the Minnesota Multiphasic Personality Inventory–2 Restructured Form (MMPI-2-RF), to
predict change in functioning during treatment for BPD. Data were obtained from a randomized clinical trial
into the effectiveness of 2-year evidence-based treatment for BPD (dialectical behavior therapy or schema
therapy) among 130 participants diagnosed with BPD. Different machine learning algorithms, including
elastic net regression (ENR), random forest, gradient boosting machine, and extreme gradient boosting,
were implemented using nested cross-validation. The ENR model had an average explained variance of
42%. A combination of baseline functioning and four MMPI-2-RF scales emerged as key predictors of
change in functioning. Baseline functioning was the most important predictor, with lower initial functioning
levels related to more improvement. Higher scores on ideas of persecution, somatic complaints, family
problems, and disconstraint were associated with less improvement in functioning. Given the risk of
overfitting and the lack of an independent data set, future research should focus on the replicability and
generalizability of the findings, as well as clarifying the underlying mechanisms. Our study serves as a first
step in identifying patients at risk of poor functional outcome after treatment for BPD.

Public Significance Statement
Given the increasing emphasis on improving psychosocial functioning alongside symptom recovery in
treatment for borderline personality disorder, the present study employed machine learning algorithms
to identify predictors of functional outcome after treatment using the Minnesota Multiphasic Personality
Inventory–2 Restructured Form. Baseline functioning was the strongest predictor, while ideas of
persecution, somatic complaints, family problems, and disconstraint were also associated with change in
functioning, tentatively suggesting the importance of the therapeutic relationship.

Keywords: borderline personality disorder, predictors, machine learning, Minnesota Multiphasic
Personality Inventory–2 Restructured Form, treatment response
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Borderline personality disorder (BPD) is a major health problem,
affecting 1%–3% of the general population and up to 22% of
psychiatric inpatients (Ellison et al., 2018; Leichsenring et al., 2024;
ten Have et al., 2016). BPD is characterized by a pervasive pattern of
instability in interpersonal relationships, affect, and identity, along
with marked impulsivity (American Psychiatric Association, 2013).
Evidence-based treatments for BPD are available (Storebø et al.,
2020), but treatment effectiveness studies are often focused on
symptom improvement and diagnostic remission (Ng et al., 2019;
Renneberg et al., 2024). However, it has become increasingly
recognized that more focus on other aspects of recovery, especially
psychosocial functioning (Larivière et al., 2015; Ng et al., 2016,
2019; Renneberg et al., 2024), is warranted. Several considerations
undergird this assertion. First, a qualitative study examining the
experiences of individuals diagnosed with BPD found that while
patients with BPD value symptom improvement, 88% also desired
better psychosocial functioning, including better social and voca-
tional outcomes (Ng et al., 2019). Second, in psychotherapy studies
including functioning measures, less favorable results were found
for functional outcomes compared to clinical outcomes (Arntz et al.,
2022; Harned et al., 2018; McMain et al., 2012). Likewise, two
meta-analytic reviews demonstrated that although patients with
BPD had higher levels of functioning after psychotherapy compared
to treatment as usual, the effect size was below clinical relevance
(Storebø et al., 2020), and there was considerable variability among
patients (Zahediabghari et al., 2020). Finally, long-term follow-up
studies showed that a substantial proportion of patients, more so
than in other disorders, continued to experience difficulties in
functioning (J. G. Gunderson et al., 2011; Zanarini et al., 2018).
These persistent functional impairments are not only detrimental for
patients with BPD (Larivière et al., 2015; Zeitler et al., 2020) but
also pose a high burden on society, with up to 80% of BPD-related
societal costs attributed to occupational impairment (van Asselt et
al., 2007; Wagner et al., 2014, 2022). To conclude, more focus on
functioning in patients with BPD appears justified, especially in
regard to how to improve functional outcomes after treatment.
One approach to improve treatment effectiveness involves iden-

tifying patient characteristics that predict treatment response (Huibers
et al., 2021). While numerous studies examined factors associated
with BPD symptom change during psychotherapy or treatment
discontinuation (Arntz et al., 2015; Barnicot et al., 2012; de Freixo
Ferreira et al., 2023; McMurran et al., 2010), less attention has been
given to predictors of functioning (Wilks et al., 2016). Wilks et al.
(2016) investigated two potential predictors of functional outcome
(skills use and emotion dysregulation) after BPD treatment, with
only emotion dysregulation being predictive of less improvement in
functioning. In addition, Herzog et al. (2020) found that age, work
disability, perceived emotional and physical role limitations, and
bodily pain were predictive of change in functional outcome among
BPD inpatients. Furthermore, a history of abuse, prior treatment,
functioning levels, comorbidity, and poor family relationships were
associated with functional impairment at 2-year follow-up among
treatment-seeking patients with BPD (J. G. Gunderson et al., 2006).
Finally, in the McLean Study of Adult Development (Zanarini et al.,
2003), patients with BPD initially hospitalized were followed over
the course of 16 (Zanarini et al., 2014) and 20 (Zanarini et al., 2018)
years to examine recovery rates and predictors of recovery. Recovery
was defined by symptomatic remission, good social functioning, and
good vocational functioning. Several competence features (IQ and

vocational record in childhood and adulthood) and clinical features
(cluster C personality disorder, extraversion, agreeableness, and
neuroticism) were related to recovery.

While these studies provide some clues as to the determinants of
functional treatment outcomes among patients with BPD, existing
research has examined a diverse range of predictors, resulting in a
lack of replication. Moreover, some studies have only considered a
limited set of potential predictors. To overcome these shortcomings,
research on predictors of functioning would benefit from utilizing a
widely used omnibus assessment instrument that measures a broad
spectrum of patient characteristics. The Minnesota Multiphasic
Personality Inventory–2 Restructured Form (MMPI-2-RF; Ben-
Porath& Tellegen, 2011) is one such instrument and aligns well with
contemporary psychopathology and personality models, including
the Hierarchical Taxonomy of Psychopathology (Kotov et al., 2017)
and the Diagnostic and Statistical Manual of Mental Disorders,
fifth edition Alternative Model for Personality Disorders (American
PsychiatricAssociation, 2013; Sellbom, 2019).Moreover, its utility in
predicting treatment response has been demonstrated across a variety
of populations (e.g., Anestis et al., 2015; Scholte et al., 2012; Sellbom
et al., 2008; Tarescavage et al., 2015; Tylicki et al., 2019). However,
to our knowledge, no studies have yet utilized the MMPI-2-RF to
predict functioning after treatment in individuals with BPD.

The aim of the present study was therefore to examine the
predictive validity of the MMPI-2-RF for functioning following
treatment for BPD. Understanding what factors are associated
with limited functional improvement during treatment enables the
identification of patients who may be at risk of poor functional
outcome and can help in altering treatment strategies to improve
treatment effectiveness (Barnicot et al., 2012). We employed
machine learning (ML) methods to achieve this aim, as ML allows
for the investigation of numerous potential predictors (Aafjes-van
Doorn et al., 2021), which applies to the MMPI-2-RF. Moreover,
according to Gillan and Whelan (2017), ML can be particularly
beneficial for prediction research in the field of psychology due to its
ability to generate reproducible, robust, and generalizable results.
The present study was part of a multicenter randomized clinical trial
into the effectiveness of two evidence-based treatments for BPD,
dialectical behavior therapy (DBT; Linehan, 1993, 2015) and
schema therapy (ST; Arntz & van Genderen, 2009; Young et al.,
2003; the Borderline Optimal Treatment Selection [BOOTS] study;
Wibbelink et al., 2022). Due to the exploratory nature of the study, no
specific hypotheses were formulated concerning which MMPI-2-RF
scales would predict change in functioning after an evidence-based
treatment for BPD.

Method

Participants

The participants were drawn from the BOOTS study (Wibbelink
et al., 2022). Participants were eligible to participate in the BOOTS
study if they (a) were between 18 and 65 years old, (b) had a primary
diagnosis of BPD, (c) had a severity score above 20 on the BPD
Severity Index, Version 5, (d) were proficient in Dutch, and (e) were
motivated and available for a 2-year treatment and assessments over
a period of 3 years. Patients were excluded if they (a) had an IQ score
below 80, (b) did not live within a 45-min travel distance from the
mental health care center (except when the patient lived in the same
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city), (c) had no permanent home address, and (d) had received ST or
DBT in the past year. Moreover, patients diagnosed with antisocial
personality disorder in combination with interpersonal violence in
the past 2 years were excluded to reduce the risk of violent events
among group members. Additionally, if patients met the criteria in
the past year for a psychotic disorder or bipolar I disorder with one or
more manic episodes, they were referred to specialized treatments.
To select the final data set for the present study, two additional
exclusion criteria were specified: (a) an incomplete MMPI-2-RF or
invalid MMPI-2-RF profile (Cannot Say ≥ 15, Variable Response
Inconsistency ≥ 80, True Response Inconsistency ≥ 80, Infrequent
Responses ≥ 120, and/or Infrequent Psychopathology Responses ≥
100; Ben-Porath & Tellegen, 2011) and (b) absence of a reas-
sessment of the functioning measure.

Procedure

The BOOTS studywas approved by theMedical Ethics Committee
of the Academic Medical Center Amsterdam (Registration Number
NL66731.018.18). Participants were recruited from January 2019 to
October 2021 at various Dutch mental health care centers, including
Antes (Rotterdam), GGZ inGeest (Amsterdam), GGZ Noord-
Holland Noord (Heerhugowaard), GGZ Rivierduinen (Leiden),
NPI (Amsterdam), Pro Persona (Ede and Tiel), PsyQ (Rotterdam-
Kralingen), and PsyQ/i-psy (Amsterdam). Patients diagnosed
with BPD or suspected of BPD were invited to the screening
process. After obtaining written informed consent, the screening
process involved the assessment of personality disorders with the
Structural Clinical Interview for Diagnostic and Statistical Manual
of Mental Disorders, fifth edition Personality Disorders (First et al.,
2015), if not already administered, and syndrome disorders with the
Structural Clinical Interview for Diagnostic and Statistical Manual
of Mental Disorders, fifth edition Syndrome Disorders (First et al.,
2018). In addition, the BPDSeverity Index,Version 5, and a screening
interview assessing the participant’s motivation and availability
were administered. Moreover, if there were uncertainties regarding
the participant’s intelligence level, an intelligence test was admin-
istered. Participants eligible for participation were invited for the
baseline assessment, including self-report questionnaires and inter-
views. Thereafter, participants were randomized to a 2-year treatment
(DBT or ST). For more information on the treatment protocols, the
reader is referred to Wibbelink et al. (2022).
After the treatment phase started, participants were reassessed

every 6 months until 1 year posttreatment using self-report ques-
tionnaires and interviews. The interviews were conducted by
independent research assistants. In addition, a brief online ques-
tionnaire was administered every 3 months during the treatment
period. In the present study, only data collected during the 6-month
reassessments until the end of treatment were included.

Materials

MMPI-2-RF

The MMPI-2-RF (Ben-Porath & Tellegen, 2011; Dutch version:
van der Heijden et al., 2013) is a self-report questionnaire including
338 true–false items. TheMMPI-2-RF contains nine Validity Scales
measuring various forms of response bias (e.g., overreporting,
random reporting) and 42 substantive scales that assess a wide range

of personality characteristics and psychopathology symptoms.
These scales are organized in three hierarchical sets (three Higher
Order Scales, nine Restructured Clinical Scales, and 23 Specific
Problem Scales), two Interest Scales, and a revised version of the
Personality Psychopathology Five Scales. The Technical Manual
provides extensive documentation on the test’s reliability and
validity across a variety of samples (Tellegen & Ben-Porath, 2011).
A recent review also documents extensive construct validity evi-
dence from subsequent research studies (Sellbom, 2019). In the
present study, only substantive subscales that were maintained in the
latest version of theMMPI (MMPI-3; Ben-Porath & Tellegen, 2020)
were considered as potential predictors, resulting in 37 predictors
(excluded subscales: Gastrointestinal Complaints, Head Pain
Complaints, Multiple Specific Fears, Aesthetic-Literary Interests,
and Mechanical-Physical Interests). Moreover, the Validity Scales
were only utilized to exclude patients with invalid test responses.

World Health Organization Disability Assessment
Schedule 2.0

Functioning was measured by the 36-item World Health
Organization Disability Assessment Schedule 2.0 (WHODAS 2.0)
interview version (Üstün et al., 2010; Dutch version: van der Hoeken
et al., 2000). The WHODAS 2.0 measures experienced difficulties
over the last 30 days in six major life domains, including cognition,
mobility, self-care, getting along, life activities, and participation. The
items are rated on a 5-point Likert scale (0 = none to 4 = extreme or
cannot do). A total score indicating overall functioning was calculated
using the simple scoring method (Üstün et al., 2010). The WHODAS
2.0 showed adequate psychometric properties among patients and
nonpatients (Üstün et al., 2010).

Statistical Analyses

Preprocessing and Outcome Measure

Univariate outliers (Z-score > |3.29|; Tabachnick & Fidell, 2013)
were winsorized, and the variables in the data set were screened for
near-zero variance. Given that the used ML methods are robust
against correlated predictors (e.g., Altelbany, 2021; Herawati et al.,
2024; Mousa et al., 2019), we only checked for near-perfect cor-
relations (r > |.95|), which were not found. Finally, 15 predictors
with a nonnormal distribution were transformed using the Box–Cox
method (Box & Cox, 1964), implemented in the R package caret
(Kuhn, 2008), and all predictors were standardized.

To compute the outcome variable—individual change in func-
tioning during treatment—a multilevel model was fitted. This model
included a fixed effect of time and a random intercept and slope,
with an unstructured covariance structure for the repeated part. The
WHODAS 2.0 demonstrated a quadratic relationship with time, in
line with previous research (Wilks et al., 2016). Therefore, time was
modeled as the square root of the number of months since the start of
the treatment phase, which provided a better fit compared to models
with a linear effect of time or linear and quadratic effects of time.
The estimated individual slope coefficients were then extracted to
represent the change in functioning during treatment for each
participant. We adhered to the intention-to-treat principle, including
data from all patients that started treatment, except from patients
with only a baseline assessment of the WHODAS 2.0.
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Model Building and Evaluation

For predicting change in functioning (i.e., estimated individual
slope coefficients), we implemented and compared four ML ap-
proaches, including (a) elastic net regression (ENR; Friedman et al.,
2010), (b) random forest (RF; Garge et al., 2013), (c) gradient
boosting machine (GBM; Natekin & Knoll, 2013), and (d) extreme
gradient boosting (XGB; Chen & Guestrin, 2016). ENR is a regu-
larized linear regression method that combines the Lasso and Ridge
penalizations (Zou&Hastie, 2005). RF, GBM, andXGB are decision
tree ensemble methods that can handle nonlinear relations and in-
teractions and therefore allow for complex model structures. In RF,
multiple decision trees are built in parallel to make predictions. In
GBM, the decision trees are built sequentially by focusing on
minimizing the residual errors from previous trees. Finally, XGB is a
regularized and optimized version of gradient boosting (Jacobucci et
al., 2023). The default values of the tuning parameters were applied,
except for the parameters listed in Table 1. In each model, the 37
MMPI-2-RF scales as well as baseline functioning levels of the
participants were included.
To minimize overfitting, we employed a nested cross-validation

(CV) approach that combines an inner and outer loop (Bischl et al.,
2012; Jacobucci et al., 2023; Pargent et al., 2023). In the outer loop,
the full data set was divided into five folds (80% of the data in the
training set and 20% as test data). The inner loop operates on
the training set of the outer loop. Within the inner loop, we trained
the four ML approaches with tenfold CV to test the performance of
these approaches and select the optimal method including the
optimal tuning parameter values. Model assessment was then
conducted by testing the selected model on the test set from the
outer loop, providing a more accurate estimation of the true root-
mean-square error (RMSE) and explained variance (R2). This
process was repeated four additional times. Subsequently, the four
ML methods were evaluated on the whole data set using tenfold
CV, which was repeated 30 times. Variables were selected from
the best performing method (lowest RMSE), and the average
variable importance of the MMPI-2-RF predictors across the
30 trials was visualized using the varImp function in the caret
package. In this method, the contribution of each predictor to the

model is estimated using a model-specific approach (e.g., absolute
value of the t-statistic for linear models), with values scaled to a
maximum of 100 (Kuhn, 2008).

Transparency and Openness

The BOOTS study was registered at the Netherlands Trial
Register (Registration Number NL7699), part of the Dutch Cochrane
Center. The present secondary analysis was not preregistered.
Research materials and analysis code are available by emailing the
corresponding author. The analyses were carried out with Rstudio
(RStudio Team, 2020), using R packages lme4 (Bates et al., 2015;
multilevel analysis) and caret (Kuhn, 2008; preprocessing and ML
analyses).

Results

Patient Characteristics

Out of the 291 patients that were referred to the BOOTS study, 87
patients were not eligible for participation (n = 3 met the exclusion
criteria and n = 84 did not meet the inclusion criteria). In addition, 74
participants were excluded due to an incomplete MMPI-2-RF (n = 1)
or an invalid MMPI-2-RF profile (n = 29, with Cannot Say ≥ 15: n =
0, Variable Response Inconsistency ≥ 80: n = 7, True Response
Inconsistency ≥ 80: n = 6, Infrequent Responses ≥ 120: n = 12, and
Infrequent Psychopathology Responses ≥ 100: n = 8) or because no
reassessment of the functioning measure was available (n = 44).
Therefore, 130 patients participated in the study. Most patients were
female (84.6%), had a Dutch ethnicity (79.2%), and were unem-
ployed (71.5%), with a mean International Standard Classification of
Education score (International Standard Classification of Education,
2012) of 4.32 (SD = 1.66) and a mean age of 32.24 (SD = 10.08).
Of the 130 patients, 42 (32.3%) dropped out of treatment, and 38
(29.2%) had at least one missing reassessment. The descriptive
statistics of the MMPI-2-RF scales andWHODAS 2.0 at baseline are
presented in the Appendix.

Predicting Change in Functioning

Table 2 presents the results of the nested CV procedure in which
the four ML methods were tested in the training data set and, sub-
sequently, the optimal method was evaluated in the test data set.
Overall, ENR was the best performing model in the training phase,
based on the RMSE. In the test phase, an average RMSE of .0139
(SD = 5.13 × 10−4) was found with an average R2 of 41.6%, re-
presenting an estimation of the performance of this model selection
procedure in an independent data set.

Next, the fourMLmethods were tested in the whole data set across
30 trials. In line with the previous results, ENR was consistently the
best performingmethod (averageRMSE= .0134, averageR2= .489).
Baseline functioning was the main predictor of change in functioning
during treatment across all 30 trials, with lower initial functioning
levels related to more improvement in functioning. Figure 1 shows
the average variable importance of the MMPI-2-RF predictors, based
on the absolute values of the t-statistics and scaled to a maximum
value of 100 (baseline functioning). Of the 37 MMPI-2-RF scales,
nine emerged as predictors of change in functioning during treatment,
with higher values of ideas of persecution (RC6), somatic complaints
(RC1), family problems (FML), disconstraint-revised (DISC-r),
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Table 1
Adapted Values of the Tuning Parameters

ML approach Parameter Value

ENR tuneLength 50
RF mtry 1–18
GBM interaction.depth 1, 2, 3

n.trees 50–5,000, with increments of 50
shrinkage 0.0001, 0.001, 0.01, 0.1
n.minobsinnode 5

XGB nrounds 200–600, with increments of 50
eta 0.01, 0.025, 0.05, 0.1
max_depth 2, 3, 4, 5

Note. ML = machine learning; ENR = elastic net regression; RF =
random forest; GBM = gradient boosting machine; XGB = extreme
gradient boosting; tuneLength = tuning grid for alpha and lambda values;
mtry = number of randomly selected predictors; interaction.depth =
maximum tree depth; n.trees = number of iterations; n.minobsinnode =
minimal terminal node size; nrounds = number of boosting iterations;
max_depth = maximum tree depth; eta = shrinkage.
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aberrant experiences, cognitive complaints, and suicidal/death
ideation related to less improvement in functioning, whereas more
anger proneness and negative emotionality/neuroticism were related
to more improvement in functioning. However, five predictors
(anger proneness, aberrant experiences, negative emotionality/
neuroticism, cognitive complaints, and suicidal/death ideation) had
a relatively low average variable importance value (<1), suggesting
that these predictors were not as important compared to the other
predictors.

Discussion

In the present study, a ML approach was applied to identify
predictors of functional outcome after treatment in individuals
with BPD, using the MMPI-2-RF. The MMPI-2-RF is a com-
prehensive measure of psychopathology and personality char-
acteristics that is widely used. We applied ML techniques to
examine 37 MMPI-2-RF scales in addition to baseline func-
tioning among patients with BPD receiving a 2-year evidence-
based treatment (DBT or ST). Overall, we found that baseline
functioning, combined with several MMPI-2-RF scales, was pre-
dictive of change in functioning during treatment, with an average
explained variance of 42%.
Baseline functioning was by far the strongest predictor of change

in functioning, consistent with previous research among diverse
patient populations (Bozzatello et al., 2022; Carrión et al., 2013;
Cross et al., 2023). Lower initial functioning levels were related to
more improvement in functioning, suggesting that the greatest func-
tional gains during treatment may be made by patients with significant
levels of impairment at the start of the treatment. Alternatively, this
could also reflect statistical artifacts, such as ceiling effects in patients
with high initial functional levels and regression to the mean. In the
meta-analysis of Barnicot et al. (2012), a similar finding was observed
whereby higher initial symptom severity predicted greater symptom
improvement among patients with BPD. They concluded that there
was minimal evidence of statistical artifacts, suggesting that patients
with more symptom severity actually have a greater potential for
change. In conclusion, further research is needed on how initial
functioning levels affect change in functioning during treatment.
Of theMMPI-2-RF scales, RC6, RC1, FML, and DISC-r were the

most important predictors of change in functioning, with higher
scores related to less improvement. Although various explanations
are possible, a potential underlying mechanism could be the

therapeutic relationship, which is considered a crucial element for
successful treatment of (BPD) patients (Barnicot et al., 2012;
Fahlgren et al., 2020; Flückiger et al., 2018; J. Gunderson et al.,
1997; Horvath et al., 2011). According to Ben-Porath and
Tellegen (2011), persecutory beliefs (RC6) may impede the
development of a therapeutic relationship and affect treatment
compliance. Persecutory thinking is related to paranoid delusional
thinking, which has been linked to or even equated with epistemic
mistrust (Pierre, 2020). Its inverse, epistemic trust, has been defined
as the ability to trust others as sources of knowledge about the world
and has been posited as a general precondition for any psychother-
apeutic intervention to be effective (Fonagy et al., 2017; Kamphuis &
Finn, 2019). For social learning (of which psychotherapy is an
example) to take place, epistemic hypervigilance needs to be relaxed
which likely will be particularly challenging for individuals with
higher scores on RC6.

Along with RC6, higher levels of RC1 may also be related to a
weakened therapeutic alliance, perhaps through a compromised
ability to mentalize psychological problems. In a study among
psychiatric outpatients, a negative association between RC1 and
therapeutic alliance was found (Patel & Suhr, 2020). Additionally,
higher scores on RC1were related to counterproductive behaviors in
treatment, including noncompliance (e.g., arriving late at appoint-
ments) and inactivity (not completing homework assignments;
Tylicki et al., 2019). Moreover, previous research has demonstrated
that somatic problems are associated with poorer functional treat-
ment outcomes, which aligns with the findings of our study. Tylicki
et al. (2019) found that more RC1 were linked to reduced func-
tioning at the end of treatment. Similarly, physical role limitations
and bodily pain were predictive of less improvement in functioning
among BPD inpatients (Herzog et al., 2020). High scores on RC1
indicate a preoccupation with physical health issues, a tendency to
develop physical symptoms in response to stress, and a psycho-
logical aspect to somatic problems (Ben-Porath & Tellegen, 2011).
Patel and Suhr (2020) suggested that a preoccupation with physical
health might impede the formation of a therapeutic alliance, as the
patient’s perception of their difficulties may not align with a psy-
chological formulation of their problems. This misalignment can
hinder agreement on the tasks and goals of therapy, which are crucial
elements of the therapeutic alliance. Integrating RC1 into therapy
goals could therefore enhance the therapeutic alliance (Patel & Suhr,
2020), potentially leading to more treatment success including
improved functional outcome.
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Table 2
Predictive Performances of the Four Machine Learning Methods in the Training Phase and Optimal Method in the Test Phase

Fold

Training phase Test phase

RMSE R2 RMSE R2

ENR RF GBM XGB ENR RF GBM XGB Optimal method

1 .0137 .0161 .0149 .0157 .535 .390 .465 .432 .0135 .189
2 .0133 .0151 .0148 .0140 .495 .329 .371 .448 .0148 .355
3 .0126 .0143 .0136 .0143 .476 .324 .401 .333 .0143 .580
4 .0129 .0143 .0134 .0156 .455 .353 .413 .299 .0143 .583
5 .0138 .0154 .0147 .0163 .508 .342 .428 .324 .0126 .371

Note. The RMSE in bold is the RMSE of the best performing method in the training phase. RMSE = root-mean-square error; ENR = elastic net
regression; RF = random forest; GBM = gradient boosting machine; XGB = extreme gradient boosting.
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Figure 1
Average Variable Importance of Minnesota Multiphasic Personality Inventory–2 Restructured
Form Predictors Across 30 Iterations
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Note. A gray bar indicates a negative relationship, whereas a black bar indicates a positive relationship. ACT =
Activation; AGG=Aggression; AGGR-r=Aggressiveness-Revised; ANP= anger proneness; AXY=Anxiety;
BRF = Behavior-Restricting Fears; BXD = Behavioral/Externalizing Dysfunction; COG = Cognitive
Complaints; DISC-r = disconstraint-revised; DSF = Disaffiliativeness; EID = Emotional/Internalizing
Dysfunction; FML = family problems; HLP = Helplessness/Hopelessness; INTR-r = Introversion/Low Positive
Emotionality-Revised; IPP = Interpersonal Passivity; JCP = Juvenile Conduct Problems; MLS = Malaise;
NEGE-r = negative emotionality/neuroticism-revised; NFC = Inefficacy; NUC = Neurological Complaints;
PSYC-r = Psychoticism-Revised; RC1 = somatic complaints; RC2 = Low Positive Emotions; RC3 = Cynicism;
RC4 = Antisocial Behavior; RC6 = ideas of persecution; RC7 = Dysfunctional Negative Emotions; RC8 =
Aberrant Experiences; RC9 =Hypomanic Activation; RCd=Demoralization; SAV= Social Avoidance; SFD =
Self-Doubt; SHY = Shyness; STW = Stress/Worry; SUB = Substance Abuse; SUI = suicidal/death ideation;
THD = Thought Dysfunction.
a Predictors had an average variable importance larger than 0.
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Furthermore, our finding that FML was associated with less
improvement in functioning during treatment corresponds to
findings from previous studies. J. G. Gunderson et al. (2006)
found that poor family relationships predicted reduced func-
tioning after a 2-year follow-up among patients with BPD.
Moreover, the FML scale specifically was related to no-show
behavior and premature termination in an outpatient sample (Anestis
et al., 2015). According to Fruzzetti and colleagues (Fruzzetti et al.,
2005; Fruzzetti & Fantozzi, 2008), BPD symptoms and related
issues are maintained by distress in close relationships. Close re-
lationships may respond with judgment, express emotions in a
dysfunctional manner, and engage in negative behaviors such as
criticizing, making demands, or attacking the individual with BPD,
which can escalate emotions (Fitzpatrick et al., 2019). Although the
empirical evidence is limited, a review by Guillén et al. (2021)
suggested that interventions involving family members of patients
with BPD can improve family dynamics and, in turn, benefit the
patient’s recovery. Moreover, the National Institute for Health and
Care Excellence guideline on the treatment of BPD recognizes the
potential relevance of family interventions for improving the social
outcome and welfare of individuals with BPD (National Institute for
Health and Clinical Excellence, 2009). To conclude, enhancing
family relationships might be a promising approach for improving
functional outcomes of patients with BPD, although more research
is necessary.
Finally, DISC-r has been repeatedly related to negative treatment

outcomes across diverse patient populations (Anestis et al., 2015;
Mattson et al., 2012; Patel & Suhr, 2020; Scholte et al., 2012). High
scores on DISC-r refer to disinhibited and acting-out behavior, poor
impulse control, and sensation seeking (Ben-Porath & Tellegen,
2011). Such externalizing behaviors are associated with more
interpersonal problems (Mancke et al., 2015), which, in turn, are
linked to a lower quality of the therapeutic relationship (Grosse
Holtforth et al., 2014; Strauss et al., 2006). Within a therapeutic
context, acting-out behavior toward therapists can lead to conflicts
and evoke negative countertransference in therapists (Fahlgren et al.,
2020; McMain et al., 2015). Scholte et al. (2012) found that higher
DISC-r scores were associated with more disruptive behavior during
therapy sessions. Furthermore, disconstrained behavior is assumed to
be related to treatment noncompliance and a lack of motivation for
treatment (Ben-Porath & Tellegen, 2011). This aligns with findings
from several studies linking DISC-r to no-show behavior (Anestis et
al., 2015) and dropout (Mattson et al., 2012; Patel & Suhr, 2020).
To summarize, four (RC6, RC1, FML, and DISC-r) of the 37

MMPI-2-RF scales examined emerged as predictors of change in
functioning. More insight into the underlying mechanisms of
change is however necessary, for example, the role of the therapeutic
relationship. In addition, this study has several limitations that need
to be considered. First, the primary limitations of our study are the
relatively small sample size and the absence of an independent data
set. An inadequate sample size increases the risk of overfitting and
the probability of producing incorrect results (Rajput et al., 2023).
Moreover, the bias–variance trade-off in ML often favors less
complex models when data are limited (Pargent et al., 2023).
Consequently, our relatively small sample size may be the reason
why our comparison of the four ML approaches favored the least
complex model (ENR). In addition, the generalizability of our
findings might be limited because of our lack of a truly independent
data set. To minimize potential bias, we employed a nested CV

approach, which, according to several studies (e.g., Vabalas et al.,
2019; Varma & Simon, 2006), reduces bias considerably and
provides error estimates close to those obtained in independent data
sets. Luedtke et al. (2019) also argued that using a smaller sample
size is justified if the study aims to develop prediction models that
can be tested in future research. We therefore emphasize that the
findings of our study, particularly those related to the MMPI-2-RF
scales, should serve as input for further cross-validation, with future
studies focusing on replicating and generalizing the results.

Second, we utilized the WHODAS 2.0 to assess functioning,
which is frequently used in previous research (Federici et al., 2017).
Functioning is a multifaceted concept with varying conceptualizations
(Habtamu et al., 2016; Ro, 2011). The WHODAS 2.0 follows the
definition of functioning according to the International Classification
of Functioning, Disability, and Health framework, including func-
tional impairments across six domains (cognition, mobility, self-care,
getting along, life activities, and participation; Üstün et al., 2010).
However, the WHODAS 2.0 was developed for all mental and
physical disorders, resulting in several items that may be less relevant
to mental disorders (Konecky et al., 2014). Moreover, vocational
problems are not reflected in the functioning score in case individuals
are neither working nor studying. This could lead to an underesti-
mation of the disability score for individuals without work or edu-
cation, which is especially problematic for BPD as individuals with
BPD are less frequently employed or in education (Hastrup et al.,
2019). It is therefore advisable for future research to also include
additional measures of functioning.

Third, our aim was to examine predictors of functional outcome
after an evidence-based treatment for BPD. Consequently, this study
did not provide insight into moderating factors that predict different
treatment responses depending on the treatment (DBT or ST). In
future research, it would be interesting to investigate both predictors
and moderators of treatment response. Finally, although we adhered
to the intention-to-treat principle, patients without a reassessment of
our functioning measure could not be included in the analysis,
potentially leading to biased results.

Constraints on Generality

Our study sample consisted predominantly of female participants
of Dutch ethnicity, recruited from several mental health care in-
stitutions. The overrepresentation of female and White participants
in our BPD sample aligns with previous studies on the effectiveness
of psychotherapy for BPD (Crotty et al., 2024) and is representative
of the Dutch BPD outpatient population. However, research on
differences between subgroups in treatment effectiveness and
predictors of (functional) outcome after treatment among patients
with BPD remains inconclusive and scarce (Chang et al., 2023;
Cougle & Grubaugh, 2022; Herzog et al., 2020). Herzog et al.
(2020) found some indications of differences in predictors of
functional outcome after treatment for female and male inpatients
with BPD. Unfortunately, our sample size was insufficient to test our
models within specific subgroups. It is therefore important for future
research to evaluate the generalizability of the results across gender,
race, and ethnicity. In addition, patients with a comorbid diagnosis
of antisocial personality disorder and a history of interpersonal
violence during the last 2 years, as well as patients with a comorbid
psychotic disorder or bipolar I disorder with at least one manic
episode in the past year, were not eligible to participate in the
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BOOTS study. This aligns with clinical practice in the Dutch
outpatient mental health care and therefore does not pose a sub-
stantial threat to the ecological validity of our study in the
Netherlands. However, it may limit the generalizability to other
countries and mental health care settings.

Conclusion

Taken together, baseline functioning emerged as a key predictor
of functional outcome after an evidence-based treatment for BPD.
Additionally, four MMPI-2-RF scales were also predictive of
change in functioning. To our knowledge, this is the first study that
utilized a ML approach to identify predictors of functional outcome
after treatment in individuals with BPD based on a single assessment
instrument, the MMPI-2-RF. The widespread use of the MMPI-2-
RF in routine clinical settings enhances the feasibility of im-
plementing a prediction model in clinical practice. Future research
should focus on the replicability and generalizability of the findings
and the underlying mechanisms involved. Our study serves as a first
step in identifying patients at risk of poor functional outcome
following an evidence-based treatment for BPD. This information
could help in refining treatment strategies to enhance treatment
efficacy and, consequently, improve the well-being of individuals
with BPD.
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Appendix

Descriptive Statistics for the Minnesota Multiphasic Personality Inventory–2 Restructured Form Scales and
WHODAS 2.0 at Baseline (N = 130)

Scale

Raw score T-score

M SD M SD

Higher Order Scales
EID 29.01 5.87 75.22 7.35
THD 4.35 3.26 60.17 12.79
BXD 8.05 3.63 68.66 12.51

Restructured Clinical Scales
RCd 18.99 3.66 76.66 6.40
RC1 11.21 5.38 66.35 13.42
RC2 10.10 3.19 66.27 11.91
RC3 7.68 3.27 55.33 11.14
RC4 8.69 3.49 75.27 13.30
RC6 3.30 2.38 61.66 14.12
RC7 13.85 4.36 71.44 10.82
RC8 4.62 3.31 62.73 13.32
RC9 12.20 4.62 60.70 12.39

Specific Problem Scales
MLS 5.83 1.60 68.48 9.02
NUC 3.62 2.22 62.61 14.00
COG 5.84 2.13 76.12 10.79
SUI 2.14 1.62 76.55 19.03
HLP 2.65 1.43 63.05 12.63
SFD 3.45 0.89 72.27 8.17
NFC 5.97 2.20 67.30 11.30
STW 5.38 1.21 72.31 8.10
AXY 1.92 1.50 70.37 15.52
ANP 4.13 2.09 68.72 13.30
BRF 1.82 1.69 61.21 13.68
JCP 2.14 1.65 64.42 13.88
SUB 2.04 1.78 67.11 19.43
AGG 3.87 1.97 68.84 13.56
ACT 4.22 2.06 60.60 14.63
FML 5.02 2.63 70.72 14.64
IPP 4.70 2.52 52.41 10.70
SAV 5.31 2.91 54.15 13.47
SHY 3.64 2.52 54.98 12.17
DSF 1.19 1.37 55.18 11.96

Personality Psychopathology Five
Scales, Revised

AGGR-r 7.63 3.51 51.78 11.23
PSYC-r 4.62 3.38 59.33 12.38
DISC-r 7.01 3.07 64.43 12.31
NEGE-r 13.47 2.56 73.22 8.44
INTR-r 10.36 4.49 55.78 13.56

WHODAS 2.0 1.54 0.61

Note. WHODAS 2.0 = World Health Organization Disability Assessment Schedule 2.0; EID =
Emotional/Internalizing Dysfunction; THD = Thought Dysfunction; BXD = Behavioral/
Externalizing Dysfunction; RCd = Demoralization; RC1 = somatic complaints; RC2 = Low
Positive Emotions; RC3 = Cynicism; RC4 = Antisocial Behavior; RC6 = ideas of persecution;
RC7 = Dysfunctional Negative Emotions; RC8 = Aberrant Experiences; RC9 = Hypomanic
Activation; MLS = Malaise; NUC = Neurological Complaints; COG = Cognitive Complaints;
SUI = suicidal/death ideation; HLP = Helplessness/Hopelessness; SFD = Self-Doubt; NFC =
Inefficacy; STW = Stress/Worry; AXY = Anxiety; ANP = anger proneness; BRF = Behavior-
Restricting Fears; JCP = Juvenile Conduct Problems; SUB = Substance Abuse; AGG =
Aggression; ACT = Activation; FML = family problems; IPP =Interpersonal Passivity; SAV =
Social Avoidance; SHY = Shyness; DSF = Disaffiliativeness; AGGR-r = Aggressiveness-
Revised; PSYC-r = Psychoticism-Revised; DISC-r = disconstraint-revised; NEGE-r = negative
emotionality/neuroticism-r evised; INTR-r = Introversion/Low Positive Emotionality-Revised.
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