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Abstract.

Background: The European OPTIMISTIC clinical trial has demonstrated a significant, yet heterogenous effect of Cognitive
Behavioural Therapy (CBT) for Myotonic Dystrophy type 1 (DM1) patients. One of its remaining aims was the assessment of
efficacy and adequacy of clinical outcome measures, including the relatively novel primary trial outcome, the DM1-Activ-c
questionnaire.

Objectives: Assessment of the relationship between the Rasch-built DM1-Activ-c questionnaire and 26 commonly used
clinical outcome measurements. Identification of variables associated with CBT response in DM1 patients.

Methods: Retrospective analysis of the to date largest clinical trial in DM1 (OPTIMISTIC), comprising of 255 genetically
confirmed DM1 patients randomized to either standard care or CBT with optionally graded exercise therapy. Correlations
of 27 different outcome measures were calculated at baseline (cross-sectional) and of their respective intervention induced
changes (longitudinal). Bootstrap enhanced Elastic-Net (BeEN) regression was validated and implemented to select variables
associated with CBT response.
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Results: In cross-sectional data, DM 1-Activ-c correlated significantly with the majority of other outcome measures, including
Six Minute Walk Test and Myotonic Dystrophy Health Index. Fewer and weaker significant longitudinal correlations were
observed. Nine variables potentially associated with CBT response were identified, including measures of disease severity,

executive cognitive functioning and perceived social support.

Conclusions: The DM1-Activ-c questionnaire appears to be a well suited cross-sectional instrument to assess a variety of
clinically relevant dimensions in DM1. Yet, apathy and experienced social support measures were less well captured. CBT
response was heterogenous, requiring careful selection of outcome measures for different disease aspects.

Keywords: Myotonic dystrophy, Cognitive Behavioral Therapy, outcome measures, DM1-Activ-c questionnaire, response

prediction

INTRODUCTION

Myotonic dystrophy type 1 (DM1) is a genetic,
complex multisystem progressive disorder caused by
a trinucleotide repeat expansion in the dystrophia
myotonica protein kinase (DMPK) gene [1, 2]. DM1
is a disorder associated with a high emotional, social
and economic burden and loss of quality of life [3—6].
The unmet clinical need in DM is high, as there is no
cure and options for symptomatic treatment are lim-
ited. As for any rare disease, the design of properly
powered clinical trials in DM1 is difficult and calls
for sensitive and robust outcome measures [7, 8].

The European OPTIMISTIC project comprised of
a4-country prospective clinical trial that included 255
genetically proven, adult DM1 patients [9, 10]. They
were randomized 1:1 to standard care versus standard
care with a behavioural intervention that comprised
of cognitive behavioural therapy (CBT), optionally
combined with graded exercise. Besides assessment
of efficacy of the behavioural intervention, the results
of which have been published elsewhere [10], one of
the aims of OPTIMISTIC was the identification of
outcome measures for assessment of efficacy and
adequacy of clinical response. Identification of appro-
priate outcome measures may aid in the design and
conduction of future (drug) trials. Therefore, many
patient-reported outcome measures (PROMs), clin-
ical tests and objective assessments were collected
during the trial. The primary outcome was the rel-
atively new DMI-Activ-c scale, a DM1-specific,
25-item Rasch-built patient reported outcome mea-
sure for (capacity for) activity and social participation
that yields a 0-100 interval score [11, 12].

As the OPTIMISTIC study was the first occasion
on which the DM1-activ-c was used in a prospec-
tive clinical trial, we were interested in how it relates
to other outcome measures that have been used in
previous DM trials or clinical trials in other neuro-
muscular diseases. Additionally, we were interested
in the individual changes of DM 1-Activ-c in the inter-

vention group, as significant heterogeneity in the
response to CBT was observed [10]. In future studies
and in clinical practice, identification of those indi-
viduals likely to benefit from the intervention (i.e.
prediction), would be highly valuable. We therefore
studied whether we could identify baseline variables
associated with a beneficial treatment response, as
measured by means of DM 1-Activ-c changes over the
course of 10 months. To this end, we validated and
implemented a machine learning based regression
model (Bootstrap enhanced Elastic-Net) [13-15].

In summary, our objectives were to evaluate both
cross-sectional (1) and longitudinal, intervention
driven (2), correlations among patient reported out-
come measures, clinical tests and accelerometery
data obtained during the OPTIMISTIC clinical trial.
Furthermore, Bootstrap enhanced Elastic-Net regres-
sion has been validated [3] and used to identify
predictors of a positive cognitive behavioural therapy
response for DM 1 patients [4].

METHODS
Dataset

All data used to perform this study were col-
lected during the OPTIMISTIC trial. Trial specific
information, including ethical committee approval
and methodological details have been published
elsewhere [10]. In short, 255 genetically proven,
adult, ambulant, DM1 patients that were severely
fatigued (CIS-fatigue score > 35) from four clinical
sites [Paris, France (n="71, 28%); Munich, Germany
(n=66, 26%); Newcastle, UK (n=52, 20%) and
Nijmegen, Netherlands (n = 66, 26%)], were included
after providing written informed consent. Partici-
pants in the OPTIMISTIC study were on average
45.6 years old, with an estimated age at onset of
25.4 years; 117 participants (46%) were female. Par-
ticipants were randomized 1:1 to either standard
care (n=127) or standard care with a behavioural
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intervention (n = 128). The latter comprised of cogni-
tive behavioural therapy (CBT), optionally combined
with graded exercise. CBT was delivered by trained
psychologists or psychotherapists and based on a
specifically developed treatment manual; it was tai-
lored to the individual patient on the basis of
screening questionnaires and an intake session with
the therapists. CBT was given over a 10-month
period and was front-loaded with the majority of
sessions given within the first five months. The aver-
age number of sessions was 10, with each session
scheduled for a duration of 40—60 minutes. Clini-
cal assessments were obtained at the start of the trial
(referred to as baseline measurements) and after 5,
10 and 16 months. Summaries of the variables and
clinical assessments that were obtained during the
OPTIMISTIC trial are given in Table 1 and 2. Our
analyses focus on the difference after 10 months,
as it was the primary clinical trial endpoint where
the largest effect of the CBT intervention has been
observed. The trial was powered for both DMI-
Activ-c, the primary outcome measure, and for the
six-minute walk test (6MWT), a measure of exercise
capacity. Researches whishing to access the OPTI-
MISTIC trial data should contact BGMVE ( E-mail:
baziel.vanengelen @radboudumc.nl.) [10].

STATISTICAL ANALYSES

Correlation analysis

We performed two correlation analyses: [1] cor-
relations between baseline variables as collected
in OPTIMISTIC (hereafter: cross-sectional corre-
lations) and [2] correlations between the absolute,
intervention driven changes in variables from 7=0 to
t=10 months (hereafter: longitudinal correlations).
We calculated cross-sectional correlations based on
the entire study cohort (n=255) and calculated the
longitudinal correlations based on the intervention
group of the study (n=128). All 27 variables used
for these analyses are listed in Table 1.

Analysis of the variable distributions using the
Shapiro-Wilk’s test for normality revealed that the
majority of the variables deviated significantly from
the normal distribution. Screening for outliers was
based on the Interquartile Range Rule (Q1 — 2*IQR
and Q3+2*IQR as respective lower and upper
boundaries), with flagged outliers being individu-
ally confirmed using distribution plots. At baseline
6 outliers were removed (Stroop Interfence 1, Mea-
nENMO 2, MSENMO 1, LSENMO 2), and for the

delta-values 18 outliers were removed (d6MWT 2,
dMDHI 3, dBDIFS 1, dTMT 1, dMcGillPain 1,
dASBQ 3, dSSLNScore 1, dSSLIScore 1, dICQ 1,
dIMQ 1, dSES28 2, dCSI 1).

Pairwise correlations were calculated based on the
non-parametric Spearman’s rank methodology using
the function ‘corr.test’ of the R package ‘psych’ (v
2.1.3) [16]. Using this function, statistical signifi-
cance was calculated by a formula based conversion
of the individual correlation scores to a t-statistic.
Adjustment for multiple testing was done by setting
the false discovery rate (FDR) to p=0.05 using the
Benjamini-Hochberg procedure. Statistically signif-
icant results were visualized using the R package
‘corrplot’ (v 0.84), with nominal significant results
under and adjusted significant results above the diag-
onal [17].

Regression analyses

The second part of our study aimed at the iden-
tification of baseline variables associated with CBT
intervention effect, defined as 10-month changes in
DM1-Activ-c scores. Statistical modelling was chal-
lenged by both the high number of baseline predictors
in relation to the patient cohort size (multidimension-
ality) as well as the significant correlations among the
predictors (multicollinearity). These challenges can
result in unstable regression coefficients with high
standard errors when using regular linear regression
solutions [14, 18]. Additionally, a clinically useful
prediction system is limited to a subset of impor-
tant predictors, making a variable selection approach
necessary. The machine learning based Bootstrap
enhanced Elastic-Net (BeEN) regression approach is
apowerful variable selection tool that has been shown
to overcome the limitations of high dimensionality
and multicollinearity [13—15]. Using this approach,
predictors are selected independently for each boot-
strap distribution based on FElastic-Net regression.
Subsequently, variable inclusion probabilities (VIP)
are calculated based on the percentage of bootstraps
in which the predictors were selected [14, 15]. VIP’s
ranging between 50-70% yield sensitive, yet ade-
quately conservative predictor selection results [14,
15, 18].

Regression framework validation
To validate Bootstrap enhanced Elastic-Net

(BeEN) regression, it was first used to reproduce the
published regression model of baseline DM 1-Activ-c


mailto:baziel.vanengelen@radboudumc.nl

1034 D. van As et al. / Clinical Outcome Evaluations for DM1 Trials

Table 1
Overview of OPTIMISTIC measurements(10)
Primary outcome Measurement Score range Direction*
DMI-Activ-c(12) Capacity of activity and 0-100 H
social participation
Secondary outcomes Measurement Score range Direction™
Six-minute walk test (6MWT) (29) Exercise capacity 0-o00 H
BORG Scale (PreBORG) (30) Perceived exertion 0-10 L
Myotonic Dystrophy Health Index Disease impact 0-100 L
(MDHI) (31)
Fatigue and Daytime Sleepiness Experienced fatigue and 0-100 L
Scale (FDSS) (32) sleepiness
Checklist Individual Strength Experienced fatigue 8-56 L
— subscale fatigue (CISFatigue) (33)
Accelerometery Activity 0-o00 H
— Euclidian Norm Minus One
(ENMO); divided in least, mean
and maximum 5 hours of activity
(resp. LSENMO, MeanENMO,
MSENMO)(34)
Individualized Neuromuscular Quality of life / health status 0-100% L
Quality of Life Questionnaire
— domain quality of life (INQoL) (35)
Beck Depression Inventory Depression 0-21 L
— fast screen (BDIFS) (36)
Apathy Evaluation Scale Apathy 18-72 L
— clinical version (AESc) (37)
Stroop colour-word interference Executive cognitive 0-o00 H
score (Stroop) (38)** functioning
Exploratory outcome measures Measurement Score range Direction*
Muscle Impairment Rating Scale Progression in muscular 1-5 L
(MIRS) (39) impairment
Trail Making Test (TMT)*** (40) Executive cognitive 0-o00 L
functioning
McGILL Pain Questionnaire (41) Severity of experienced pain 0-100 L
— short version (McGILLPain) during last 7 days
Adult Social Behavioral Social behaviour 44 - 132 L
Questionnaire (ASBQ) (42)
Social Support (43) Combination score of 34-102 L
— Discrepancies (SSLD) perceived lack or surplus of
social support
Social Support (43) Negative interactions 7-28 L
— Negative Interactions (SSLN)
Social Support (43) Experienced social support 34 - 136 H
— Interactions (SSLI)
Jacobsen Fatigue Catastrophizing Attitudes and perception of 10-50 L
Scale (JECS) (44) fatigue
Tllness Cognition Questionnaire (45) Degree of coping/accepting 6-24 H
— subscale acceptance (ICQ) disease
Tllness Management Questionnaire Dealing with chronic disease 9-54 L
(IMQ) (46)
Self-Efficacy Scale 28 (SES28) (47) Attitude towards fatigue 7-28 H
Caregiver Strain Index (CSI) (48) Strain on caregiver 0-13 L
Apathy evaluation scale(49) Apathy 18-72 L
— informant version (AESI)
Checklist Individual Strength (33) Reduction of activities 3-21 L
— subscale activity (CISActivity)
Sickness Impact Profile (SIPScore) Quality of sleep and rest at 0-499 L

(50)
— subscale Sleep & Rest

baseline

*H: Higher scores beneficial; L: Lower scores beneficial; **Calculated by dividing the accuracy-speed trade-off of Stroop III by the accuracy-

speed trade-off of Stroop II; *** Calculated by dividing TMT-B completion time by TMT-A completion time.
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scores. Cumming et al. studied genetic correla-
tions with several outcome measures obtained at
baseline (including DM1-Activ-c) using the same
OPTIMISTIC dataset. They implemented backwards
stepwise regression (BSR) analyses with the can-
didate predictors Log(ePAL), somatic instability,
variant repeats, sex, age at baseline and interac-
tion terms between Log(ePAL), somatic instability
and age at baseline. For baseline DM1-Activ-c, this
resulted in the following model [19].

DM1 Active = 100.05 4 0.43 x Age — 33
* Log(ePAL) — 1.6 x Somatic Instability
+ 12.4 x Variant Repeats
—0.48 % Log(ePAL) x Age

We generated an exact reproduction of this model
using the stepAIC function of the R package ‘MASS’
(v 7.3.53.1) on 246 patients of the OPTIMISTIC
datasets [20]. Next, we implemented BeEN regres-
sion using the R packages ‘glmnet’ (v 4.1.1) and
‘boot’ (v 1.3.27) by using the cv.glmnet function with
alpha=0.5 and 5 fold cross validation on 5000 differ-
ent bootstrap distributions [21, 22]. Per predictor, its
variable inclusion probability (VIP) was calculated
based on the percentage of its non-zero coefficients
among the 5000 bootstrap distributions. We selected
VIPs greater or equal to 60% and subsequently used
them to fit a linear regression model on the same
dataset. If an interaction term has been selected, the
respective main effects were selected as well. As a
measure of linear regression model performance, we
report the adjusted R-squared (a.Rsq) as well as the
Root Mean Squared Error (RMSE) for both models.

To study the external validity and the impact of
overfitting, we split the dataset in training (n =184,
75% cases) and testing (n =62, 25% cases) subsets.
We used the training set to both select variables using
either BSR or BeEN regression and subsequently
build ordinary least squares models. We calculated
model specific out-of-sample (OS) statistical perfor-
mance measures (a.Rsq and RMSE) based on the
prediction results of the testing set. To account for
randomness based on the training/testing splits this
was repeated 10 times. Through selection of identi-
cal cohort splits for both regression approaches, we
assured comparability. We report mean VIPs and sta-
tistical performance measures for both approaches,
in addition to box-blots of sampling dependent sta-
tistical performance distributions.

As our proposed main analysis was restricted to
the intervention group, it was also of interest to
study the impact of reducing the patient cohort by
roughly 50% on variable inclusion frequencies as
well as on statistical performance measures of both
models. Therefore, the aforementioned analyses were
repeated for the intervention group (n=126, 10 dis-
tinct subsets with each n=94/32).

Variable selection for delta-DM -Activ-c prediction

CBT treatment response was defined as changes
in the primary OPTIMISTIC research outcome
DM1-Activ-c between 10 months and baseline, as
expressed in delta values (dDM1-Activ-c). All vari-
ables listed in Table 1 and 2 were considered as
independent variables, resulting in an initial set of
40 distinct potential predictors. This analysis was
limited to the patients of the intervention cohort
(n=128). Data from 22 patients were excluded from
the analysis for the following reasons: missing essen-
tial treatment related information (n=7), missing
DMI1-Activ-c scores at baseline or at #=10 months
(n=11), maximum baseline DM1-Activ-c scores
(n=4). Patients with maximum DM]1-Activ-c base-
line values were removed as those cases cannot be
used to identify variables associated with positive
treatment response. We identified and removed 2 out-
liers by combining the IQR rule (Q1 — 2*IQR and
Q3 +2*IQR as respective lower and upper bound-
aries) with visual inspection.

Baseline variables with more than 25% missing
values among all cases were excluded (CSI, AESI,
CTGDiagnostic). We imputed three missing values
regarding CBT therapy session time of two patients
by averaging the session times of their respective
other sessions. The remaining missing values were
imputed using the ‘Multiple Imputation by Chained
Equations’ (MICE) algorithm (v. 3.13.0) [23]. A total
of 10 different imputed datasets were generated, each
using 50 iterations for predictive mean matching. The
impact of imputation was mainly studied by its influ-
ence on variable inclusion probabilities (VIPs).

Each imputed dataset was used to fit Elastic-Net
regression on 5000 bootstrap distributions using the
R functions ‘boot’ and ‘cv.glmnet’ with alpha=0.5
and 5 fold cross validation [21, 22]. Subsequently,
we calculated VIPs for each variable based on the
percentage of their non-zero coefficients among the
5000 bootstrap distributions. Imputation independent
predictors were obtained by calculating mean VIP’s
among all imputed datasets. Predictors with a mean
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VIP exceeding 60% were selected and used to fit
a linear model on 80 unimputed intervention cases
without missing relevant values. After removal of one
outlier (n ="79), all assumptions of linear regression as
assessed by the R package ‘gvima’ (v 1.0.0.3) were
met [24]. Unstandardized regression coefficients as
well as their error terms are reported. Supplementary
to the main analysis, we repeated the same predic-
tion analysis for absolute changes of 6BMWT scores
in the intervention group, expressed as delta 6MWT.
In order to be able to distinguish variables that mostly
predict therapy response versus natural history, we
also implemented the same regression framework for
both the delta DM 1-Activ-c and delta 6 MWT predic-
tion in the control group, excluding treatment related
variables.

All statistical analyses were done using the pro-
gramming language R (version 4.0.5). All R
scripts used to generate the results are available
on github.com/cmbi/OPTIMISTIC Post-hoc. Fur-
thermore, non-reported results of the supplementary
analyses, including Variable Inclusion Probabilities,
were also added to Git Hub.

RESULTS

The clinical trial OPTIMISTIC investigated the
value of cognitive behavioural therapy (CBT) with
optional graded exercise therapy for patients with
genetically confirmed DM1. The primary research
outcome was measured with the Rasch-built DM1-
Activ-c questionnaire. In addition to the primary
outcome measure, 12 secondary outcome measures
were used, as well as 15 exploratory outcome mea-
sures. A comprehensive overview of all outcome

measures, clinical tests and accelerometery measure-
ments is summarized in Table 1. Patient specific
variables such as patient characteristics, genetic vari-
ables and CBT related information are summarized
in Table 2.

CORRELATION ANALYSES

The first objective of this study was the identifica-
tion of interrelations between the different outcome
measures used in the OPTIMISTIC trial, as signifi-
cant interrelations may reveal redundancy. This could
potentially limit the number of outcome measures
used in future trials, thereby decreasing patient bur-
den while also improving patient adherence and study
efficiency. Interrelations between outcome measures
were studied by calculating pairwise correlations
at baseline (cross-sectional correlations), as well as
their changes after 10 months in response to CBT
(longitudinal changes).

Cross-sectional correlations

The DM1-Activ-c scores correlated significantly
with 17 other variables (BH adjusted p-value
(p-adj) <0.05; Fig. 1A). DM1-Activ-c scores demon-
strated the strongest correlations with 6MWT
(rho=0.66, p-adj <0.001) and the Myotonic Dystro-
phy Health Index (MDHI, rtho =-0.64, p-adj < 0.001).
In general, many of the variables were correlated,
with the strongest correlations between the desig-
nated primary and secondary outcome measures in
the OPTIMISTIC trial (Fig. 1 and Table 1). Notable
exceptions were scores for apathy, experienced social
support and strain on caregivers.

Table 2
Patient specific variables
Variable name Measurement Variable name Measurement
Patient variables Therapy variables
Sex Male (0), Female (1) nSessions Number of completed CBT sessions
Age Age at baseline in years Sessiontime Summation score of all session
durations
Age at onset DMI onset age nIndications Summation score of how many CBT
modules were indicated at baseline
0-7
Genetic variables Indscore Summation score of how many

Variant repeats Number of variant repeats in CTG
expansion locus

ePAL Estimated progenitor allele length

V2Mode
CTGDiagnostic
time of diagnosis

CTG triplet expansion length at baseline
CTG triplet expansion length estimate at

indicated CBT modules were
completed at least once (0-100%)

Whether or not the CBT intervention
was combined with graded
exercises therapy

Graded exercise Therapy
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Fig. 1. Correlograms of OPTIMISTIC baseline and delta-value measurements. Spearman rank correlations of OPTIMISTIC measurements
at baseline (N =255; panel A) and their delta-values (difference in intervention group between the 10 months and baseline evaluation;
N=128; panel B). Significance was calculated using #-tests in a pairwise manner. Only nominally significant (p <0.05, below the diagonal)
pairwise correlations and pairwise correlations that are significant after multiple testing correction (Benjamini-Hochberg adjusted p <0.05,
above the diagonal) are shown as circles. The size of the circle represents the magnitude of the Spearman rho correlation, the color represents
the direction. For colored version see the digital version.
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Longitudinal correlations

Overall, we observed fewer and weaker corre-
lations in the longitudinal correlation analysis in
comparison to the cross-sectional analysis (Fig. 1B).
Yet, the majority of the BH-adjusted significant bas-
eline correlations were also found for the nomi-
nal significant delta value correlations, defined as
the score at r=10 months minus #=0 months.
The lower number of subjects (only 128 subjects
in the intervention group) was not the only rea-
son for the lower significance; the correlations
were also weaker (absolute rho) in comparison to
the cross-sectional correlations. Delta-DM1-Activ-c
(dDM1-Activ-c) correlated significant with 8 other
delta scores (BH adjusted p-value (p-adj) < 0.05). The
strongest correlations of dADM1-Activ-c we observed
were with dMDHI (rho =-0.32, p-adj=0.01) and the
accelerometer measure dMeanENMO (rho=0.34,
p-adj =0.02). Notably, we did not observe a longitu-
dinal correlation between DM1-Activ-c and 6MWT,
despite their moderately-strong cross-sectional cor-
relation (rho=0.14, p-adj=0.38). Nevertheless, all
significant cross-sectional and longitudinal correla-
tions were in the expected direction: DM1-Activ-c
correlated positive with measurements in which
patients benefit from a higher score and negatively
with measurements in which negative scores are ben-
eficial.

Regression analyses

Although the OPTIMISTIC clinical trial demon-
strated positive effects of CBT on activity, par-
ticipation and exercise capacity of DMI1 patients,
substantial heterogeneity in clinical responses have

D. van As et al. / Clinical Outcome Evaluations for DM1 Trials

been observed. One important objective of this study
was therefore the identification of baseline measure-
ments and patient characteristics that are associated
with CBT treatment response. Treatment response
was defined as the 10 month changes of DM 1-Activ-c
scores in the intervention group, expressed in delta-
values. All variables listed in Table 1 and 2 were
considered as potential predictors. Given the large
number of significantly correlating predictors, con-
ventional regression solutions could not be used as
they are likely to yield unstable results [14, 18]. We
therefore proposed the use of the machine learn-
ing based Bootstrap enhanced Elastic-Net (BeEN)
regression. This algorithm has been shown to over-
come these limitations and is furthermore able to
select predictors [13]. Among a large number of
bootstrap distributions, predictors are chosen based
on how frequently they have been independently
selected [14, 15]. This frequency is called variable
inclusion probability (VIP) and predictors with a
high VIP are considered to be important predictors.
To validate this methodology, we first compared it
to the more commonly used Backwards Stepwise
Regression (BSR) approach that has been used to
study genetic correlations with baseline DM 1-Activ-
¢ scores [19].

Regression framework validation

Both, BeEN regression and its comparator BSR,
selected the variables Log(ePAL), Variant Repeats,
Age and the interaction term Age*Log(ePAL) as
predictors for baseline DM1-Activ-c (Table 3). The
BSR approach additionally identified somatic insta-
bility (SI) as a meaningful predictor. The resulting
regression models show similar, yet low performance

Table 3
Comparison of predictor inclusion frequencies (%) between BSR and BeEN based regression
Cohort*  Cohort sizes™  Method™* ePAL VR  Age SI Sex  Age*ePAL  ePAL*SI  Age*SI  Age*ePAL*SI
FC 246 BSR 100 100 100 100 0 100 0 0 0
FC 246 BeEN 100 100 100 0 0 100 0 0 0
FC 184/62 BSR 100 100 100 70 0 80 50 50 50
FC 184/62 BeEN 100 70 100 0 0 100 0 0 0
1C 126 BSR 100 0 100 100 0 0 0 0 0
1C 126 BeEN 100 0 100 0 0 100 0 0 0
IC 94/32 BSR 100 0 100 60 0 30 20 20 20
1C 94/32 BeEN 100 0 100 0 0 100 0 0 0

Per cohort size and implemented regression methodology the selection probability of each considered predictor is shown in %. For cohort
sizes without a testing/training split these represent the results of one analysis; For cohort sizes with testing/training split these represent the
average inclusion frequencies among 10 randomly resampled analyses. *Cohort: FC (Full cohort), IC (Intervention cohort). **Cohort sizes:
Cobhort sizes are reported as one number (no subsets) or respective the sizes of the training and testing subsets (training/testing). ***Method:
BSR (Backwards Stepwise Regression), BeEN (Bootstrap enhanced Elastic-Net). ****ePAL values reflect Log(ePAL) measurements; VR:

Variant Repeats; SI: Somatic Instability.
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Table 4
Performance comparison between BSR and BeEN based regression models

Cohort* Cohort sizes™* Method*** IS a-Rsq. IS RMSE OS a-Rsq. OS RMSE
FC 246 BSR 0.230 15.060

FC 246 BeEN 0.220 15.150

FC 184/62 BSR 0.242 14.946 -0.008 15.829
FC 184/62 BeEN 0.217 15.277 0.087 15.423
IC 126 BSR 0.160 15.700

1C 126 BeEN 0.140 15.880

1C 94/32 BSR 0.155 15.644 -0.249 17.048
1C 94/32 BeEN 0.135 15.863 -0.061 16.211

Statistical performance measures (a-Rsq; RMSE) of linear regression models based on variables selected by either BeEN or BSR. For
cohort sizes without a training/testing split these represent the results of a single analysis, for cohort sizes with testing/training splits
these represent the average performance measures among 10 randomly resampled analyses. In addition to model-derived performance
measures the out-of-sample performance measures were calculated if a training/testing split has been used. *Cohort: FC (Full cohort), IC
(Intervention cohort). **Cohort sizes: Cohort sizes are reported as one number (no subsets) or respective the sizes of the training and testing
subsets (training/testing). ***Method: BSR (Backwards Stepwise Regression), BeEN (Bootstrap enhanced Elastic-Net). ****IS (In-Sample),

OS(Out-of-Sample); a-Rsq (adjusted R-squared), RMSE (Root-Mean-Squared-Error).

measures for both a-Rsq (0.23, 0.22) and RMSE
(15.06, 15.15) for respectively the BSR and BeEN
regression models (Table 4).

In order to study the external validity and the
impact of overfitting, the full patient cohort was
split into training (n=184, 75% cases) and test-
ing (n=62, 25% cases) subsets. Variable selection
and regression model fitting were done using the
training sets and evaluated using in-sample (IS) per-
formance measures. These models were then used
to predict the results of the testing sets. Out-of-
sample (OS) performance measures were obtained
by evaluating the accuracy of the predicted testing
set results. A much lower OS than IS performance is
a sign of overfitting, which is a common phenomenon
when working with relatively small sample sizes.
To account for random sampling effects, the split
between training and testing subsets was repeated 10
times. Among the 10 training datasets, BeEN regres-
sion robustly selected the variables Log(ePAL), Age
and the interaction term Age*Log(ePAL). Only Vari-
ant Repeats was less frequently selected (70%). On
the contrary, BSR yielded more variable results in
this down sampling experiment, with now also select-
ing the interaction terms Log(ePAL)*SI, Age*SI, and
Age*Log(ePAL)*SI in 50% of the subsets, while
ST (70%) and the interaction term Age*Log(ePAL)
(80%) were not always selected (Table 3). Irre-
spective of the differences in variable selection, the
average in-sample (IS) performance measures were
similar between the two approaches and similar
to the results obtained by utilizing the full dataset
(Table 4). Furthermore, the IS performance measures
showed small sampling dependent variation (Fig. 2).
In contrast, the OS-performance estimates showed

large sampling dependent variation and much lower
average performance measures compared to the IS-
measures for both approaches (a-Rsq: —0.01, 0.09;
RMSE: 15.83, 15.42; for respectively the BSR and
BeEN based regression models; Table 4 and Fig. 2).
To further study the impact of sample size, all mod-
els were run on the intervention cohort only (n = 126).
As expected, performance further decreased and BSR
showed more variability in the predictors selected
than BeEN regression (Table 4 and Fig. 2).

Delta-DM 1-Activ-c prediction

After BeEN regression framework validation,
we subsequently used BeEN regression to select
variables associated with response to the behavioural
intervention. As penalized regression models neces-
sitate complete datasets, missing values were imputed
using Multiple Imputation by Chained Equations
(MICE) [23, 25]. To account for the effects of impu-
tation, 10 different imputed datasets were generated.

Variable inclusion probabilities (VIP) for the
potential predictors of delta-DM1-Activ-c are shown
in Table 5 for each imputed dataset. For the major-
ity of the predictors stable, imputation independent,
VIPs were observed. The variables that have been
selected in more than 60% of the imputed datasets are
most likely the best and most robust prediction vari-
ables. These were DM 1-Activ-c, SSLI, MIRS, Sex,
nIndications, TMT, Stroop, SSLD and BDIFS. The
largest variability in VIPs was observed for the vari-
ables with the most missing values (MeanENMO,
L5ENMO, M5ENMO, ASBQ, SSLD). In order to
obtain coefficient estimates, the most frequently
selected variables were used to fit a linear regression



1040 D. van As et al. / Clinical Outcome Evaluations for DM1 Trials

Full cohort

© ©
o N
1 N

-0.21

S o
(o) B N
1 1

[ ]

-0.81

Adjusted R-squared
2

1.2
1.41

BSR-IS BeEN-IS BSR-OS BeEN-OS

Full cohort

BSR-IS BeEN-IS BSR-OS BeEN-OS

Intervention cohort

—_— = | I

© o
o i
P

-0.21

S O
o »

-0.81

Adjusted R-squared
°

1.2
1.4

BSR-IS BeEN-IS BSR-OS BeEN-OS

Intervention cohort

N
-

Root Mean Square Error

A A A A A A A A a N
= N WO & O O N O © O
1 1 1 1 1 1 1 f 1 1

BSR-IS BeEN-IS BSR-OS BeEN-OS

Fig.2. Sampling dependent impact on statistical performance for BSR and BeEN based regression models. Box-plots illustrating the sampling
effects on in-sample (IS) and out-of-sample (OS) statistical measures (Adjusted R-squared (panel A, B) and Root-Mean-Squared-Error (panel
C,D)) when using 10 different 75% training / 25% testing splits of the full cohort (panels A and C, N =184/62) and the Intervention cohort

(panels B and D, N =94/32).

model on the unimputed intervention cohort dataset.
These results hinted towards positive CBT response
if patients are female, have high baseline scores of
BDIFS, TMT, SSLI and nIndications, and lower base-
line scores of DM 1-Activ-c, Stroop, MIRS and SSLD
(Table 6).

As a supplementary analysis, the same regres-
sion framework was used to predict delta-6MWT
in the intervention group. Here, the predictors with

VIPs higher than 60% were Stroop, Sessiontime,
IMQ and ASBQ. MeanENMO and PreBORG barely
missed the inclusion threshold with VIPs of respec-
tively 59% and 58%. Both regression frameworks
were also used to predict delta DM1-Activ-c and
delta 6MWT in the control groups. In neither of
these analyses VIPs higher than 60% were identified,
suggesting that the predictors identified in the inte-
rvention group are more likely modelling interven-
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Table 5
Variable Inclusion Probabilities per imputed dataset
1 2 3 4 5 6 7 8 9 10 Mean
Intercept 100 100 100 100 100 100 100 100 100 100 100
DMIActivC 90 88 91 89 89 90 90 91 93 91 90
MIRS 80 79 84 79 80 81 82 82 85 79 81
SSLI 78 75 88 80 75 73 77 81 85 80 79
nindications 69 65 68 68 65 68 69 66 76 68 68
Sex 65 64 73 64 63 63 73 72 73 64 67
Stroop Interference 65 59 63 58 69 65 64 69 66 64 64
™T 66 54 67 58 60 63 67 66 73 63 64
BDIFs 59 69 61 64 62 65 52 57 64 62 62
SSLD 61 78 48 69 68 72 60 28 75 57 62
Age 61 50 59 52 56 57 66 60 58 59 58
6MWT 56 49 56 49 53 52 53 52 57 54 53
AEScScore 54 55 53 47 48 52 54 55 51 48 52
PreBORG 48 43 55 53 50 49 51 51 58 49 51
MDHI 49 46 51 39 46 54 50 54 55 48 49
SIPScore 48 45 50 40 44 51 50 53 55 52 49
L5ENMO 37 41 60 47 32 32 58 72 64 34 48
Mode 47 43 58 39 51 43 50 48 48 55 48
McGillPain 42 65 48 39 52 56 41 53 44 39 48
MeanENMO 58 26 30 33 47 41 59 54 47 68 46
MS5SENMO 20 50 64 30 43 50 46 64 53 39 46
I1CQ 42 44 43 47 30 43 47 56 33 45 43
CISFatigue 42 32 42 29 39 42 44 47 42 38 40
VariantRepeats 38 42 43 36 40 43 39 37 44 40 40
CISActivity 38 39 42 31 36 38 41 38 41 35 38
SES28 35 28 33 30 34 35 40 33 36 31 34
GradedExerciseTherapy 32 30 36 28 32 34 35 36 37 31 33
FDSS 31 29 34 27 30 36 35 34 36 31 32
JFCS 34 26 34 27 28 36 36 35 30 31 32
ASBQ 23 39 38 20 21 30 35 28 54 26 31
Sessiontime 28 24 32 24 28 30 33 30 31 30 29
Age at onset 26 33 29 26 23 29 32 26 27 22 27
IMQ 26 29 24 22 27 29 23 24 23 27 25
IndScore 22 21 26 17 21 24 23 27 26 21 23
ePAL 19 18 24 16 16 20 22 29 26 21 21
nSessions 19 20 22 17 18 22 21 21 22 21 20
SSLN 18 17 22 16 18 21 20 20 20 21 19
INQoL 18 17 19 13 16 21 20 20 20 17 18

Per baseline predictor and imputed dataset the percentage of its non-zero regression coefficients for delta-DM1-Activ-c prediction among
5000 bootstrap samples is presented in % (Variable Inclusion Probability (VIP)). Predictors are sorted (descending) based on the mean VIP

among the 10 imputed datasets.

tion response and not natural disease progression
(Supplementary results are available on github.com/
cmbi/OPTIMISTIC _Post-hoc).

DISCUSSION

In this study, we evaluated (1) correlations between
cross-sectional data of reported outcome measures,
clinical tests and accelerometry data derived from the
European OPTIMISTIC trial in myotonic dystrophy
type 1 (DM1); [2] correlations between longitudi-
nal changes of these outcome measures in the same
study [10]. Next [3], we validated the Bootstrap
enhanced Elastic-Net (BeEN) regression methodol-
ogy as a valuable tool to select predictors of a clinical

intervention with robust outcomes in small cohorts.
Last [4], we used the validated BeEN regression
methodology to identify promising predictors of
a positive effect of cognitive behavioural therapy
(CBT) for DM1 patients. In the following paragraphs,
we will discuss our results in this order.

In the cross-sectional analysis, OPTIMISTIC’s
primary outcome variable, the DM 1-Activ-c, demon-
strated moderate to strong correlations with measures
for exercise capacity (60MWT), objectively assessed
activity (MeanENMO, M5ENMO), disease impact
(MDHI), quality of life (INQoL) and disease severity
(MIRS). In addition, significant yet weaker correla-
tions of DM1-Activ-c scores were seen for several
measures of fatigue and fatigue related believes (CIS-


https://github.com/cmbi/OPTIMISTIC_Post-hoc
https://github.com/cmbi/OPTIMISTIC_Post-hoc

1042 D. van As et al. / Clinical Outcome Evaluations for DM1 Trials

Table 6
Delta-DM1-Activ-c predictor coefficient estimates
Predictors Coefficients estimates Std. Error
Intercept —2.75555 10.65242
DM1-Activ-c -0.09843 0.05933
BDIFS 0.52019 0.31380
Stroop -3.12030 5.38731
Sex 2.15947 1.65717
MIRS -3.25671 0.98746
TMT 1.75687 1.15734
SSLD -0.19735 0.08135
SSLI 0.18077 0.06461
nlndications 2.27963 0.80045

BDIFS: Beck Depression Inventory-fast screen, Stroop: Stroop
colour-word interference score, MIRS: Muscle Impairment Rating
Scale, TMT: Trail Making Test, SSLD: Social Support - Discrepan-
cies, SSLI: Social Support - Interactions, nIndications: Summation
score of how many CBT modules were indicated.

fatigue, JFCS, SES28) and with patient reported
activity (CIS-activity). However, DM 1-Activ-c failed
to correlate significantly with measurements of per-
ceived social support (SSLD, SSLI, SSLN) and had
only very weak to non-existent correlations with apa-
thy measures (AESc, AESI). This is a noteworthy
drawback, as patients with DM 1 are severely limited
by apathy and decreased social functioning.

Overall, these results support the utility of DM1-
Activ-c as a patient reported outcome measure
(PROM). If used as a cross-sectional instrument,
DM1-Activ-c provides assessments of a variety of
important disease aspects. Yet, the questionnaire is
not entirely comprehensive, as some of the impor-
tant disease characteristics are not or only marginally
captured. Given the complex multisystem nature of
DM1, it may not be surprising that one questionnaire
is unable to comprehensively assess all affected dis-
ease domains. Nonetheless, these findings can aid in
the selection of fewer clinical outcomes in future tri-
als, thereby reducing patient burden while improving
study efficiency.

Our longitudinal analysis focused at the changes of
outcome parameters over the course of the trial and
evaluated whether the different outcome measures
changed similarly over time. In general, weaker cor-
relations were found in the longitudinal analyses in
comparison to the correlations observed in the cross-
sectional analyses, including those for DM1-Activ-c
with other variables. Yet, in line with the baseline cor-
relations, delta DM 1-Activ-c (dDM1-Activ-c) scores
still showed significant, yet weaker correlations with
delta scores for measures of objectively assessed
activity (dMeanENMO), disease impact (AIMDHI),
quality of life (dINQoL), patient reported activity

(dCIS-activity) and perceived fatigue (dJFCS).
Notably, the moderately-strong baseline correlation
between DM1-Activ-c and 6MWT scores was not
found when analysing delta scores.

The weak longitudinal correlations highlight the
heterogeneity in clinical responses towards CBT. To
a certain extent this was in line with the expectation,
as OPTIMISTIC’s CBT intervention was specifically
tailored towards the needs of individual patients.
Nonetheless, the absent longitudinal correlations of
delta-DM1-Activ-c and delta-6MWT was surprising
as both scores improved significantly in the interven-
tion group. These results suggest that improvement
on activity and social participation may be indepen-
dent of gains in exercise capacity. Similar response
heterogeneity has been observed in earlier studies,
in which improved physical abilities and increased
daily activity levels did not mediate fatigue [26].
Irrespective of the clinical intervention effects, these
results highlight the necessity to choose trial specific
outcome measures, as no single outcome measure
was able to comprehensively assess the heterogenous
intervention effects.

The results of the regression frame work vali-
dation suggest that Bootstrap enhanced Elastic-Net
(BeEN) regression and Backwards Stepwise Regres-
sion (BSR) are mostly selecting consistent predictors.
Overall, BeEN regression appears to be a more
robust variable selection method, in particular for
smaller sample sizes. Independent of cohort sizes
and variable selection method applied, the variables
Log(ePAL) and Age have always been selected,
confirming previously established negative associ-
ations between variant repeat length and age and
disease severity [19, 27]. Given the comparable IS-
performance estimates among the regression models
based on either variable selection approach, these
variables likely have the strongest predictive effect on
baseline DM 1-Activ-c among the subset of predictors
considered.

However, irrespective of the different down sam-
pling based cohorts used, substantial, methodology
independent, variance among the out-of-sample (OS)
performance measures has been found. These results
hint towards an insufficiently large cohort size to
allow for training/testing splits in which both accu-
rately represent the study population. Based on these
findings it was concluded that the intervention dataset
was sufficiently large to identify variables associated
with treatment response when using BeEN regres-
sion, but too small to also create a linear model and
test its OS statistical performance.
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The final aim of this study was to identify variables
associated with the response to the CBT interven-
tion. Using BeEN regression, we robustly selected 9
variables that could potentially be associated with the
response of the intervention: baseline DM 1-Activ-c,
BDIFS, Stroop tests, Sex, MIRS, Trail Making Test,
SSLD, SSLI and the number of indicated CBT mod-
ules. Unsurprisingly, the DM 1-Activ-c baseline score
was the strongest candidate with a mean Variable
Inclusion Probability (VIP) of 90%. This finding may
be regarded as a control variable, as potentially pos-
itive CBT effects are limited in patients with high
baseline scores. The regression estimates of the vari-
ables SSLI and SSLD are suggestive of a potential
positive effect of experienced social support on the
benefits imparted by CBT. Also, the positive regres-
sion coefficient of BDIFS implies that patients with
more depressive symptoms benefit more from the
intervention. This conforms to expectations, as CBT
is known to be an effective therapy for depressive
disorder [28], aspects of which are present in DM1.
Together these findings further support the validity
of both the implemented methodology as well as
the results. An important potential candidate was the
number of CBT modules that were indicated accord-
ing to baseline screening. This variable was the result
of a shared decision making process between the ther-
apist and the patient. As such, the variable is thought
to reflect both the therapist-subject based assessment
of disease severity, as well as the willingness of
the patient to address (several) CBT modules. The
positive regression coefficient therefore supports the
value of the shared decision making process in the
context of CBT.

In line with the subgroup analysis of the OPTI-
MISTIC clinical trial, graded exercise therapy has
not been identified as an important predictor of CBT
intervention effect [10]. The regression coefficients of
the final regression model based on the 9 selected pre-
dictors as identified by using BeEN regression could
provide an indication of directional association of
the selected variables with CBT treatment response.
However, as the model was built on the same data that
has been used to select variables, in-sample statistical
estimates cannot give an accurate estimate of the true
predictive power of these variables. For this reason,
it was decided to not report the associated statistical
performance measures of the final model.

The supplemental delta 6MWT prediction iden-
tified the predictors Stroop, Sessiontime, IMQ and
ASBQ as potential predictors of therapy response.
For neither prediction analysis (delta DM1-Activ-c

and delta 6MWT) variables were identified in the
control group. The inability to identify predictors in
the control group may be due to a 10 month period
being too short to observe meaningful progression
in disease severity, especially given the heterogenous
disease cohort. In contrast, the ability to identify pre-
dictors in the intervention group for both outcome
measures supports the overall positive effect of the
CBT intervention, since this illustrates a to a cer-
tain extent predictable homogenous response in at
least a subset of patients. Stroop Interference was
selected as an independent predictor for delta DM 1-
Activ-c as well as for delta 6MWT, however it was
found to be negatively associated with delta-6MWT
(as opposed to its positive association with delta-
DM1-Activ-c). While seemingly counterintuitive, the
substantial standard errors of this predictor necessi-
tate further research before meaningful conclusions
may be drawn. Interestingly, no further overlap in
selected predictors among the delta DM 1-Activ-c and
delta 6MWT prediction were observed. We believe
this further highlights the response heterogeneity in
terms of improvement on activity and social partici-
pation versus exercise capacity which has also been
observed in the longitudinal correlational analysis.

CONCLUSIONS

The Rasch-built DM1-Activ-c patient reported
outcome scale appears to be a well suited instrument
to serve as a marker for a variety of relevant clinical
dimensions in DM1. Yet, it is not entirely compre-
hensive as important disease characteristics such as
apathy and certain social measures are not sufficiently
captured. Nonetheless, it may make other measure-
ments for exercise capacity, disease impact, quality
of life and disease severity redundant if used in a
cross-sectional setting.

The same does not apply in longitudinal settings,
where the correlations between delta scores of DM1-
Activ-c with other delta variables were much weaker.
As such, researchers are advised to carefully select
study-specific outcome measures when designing
clinical trials and other longitudinal studies. Fur-
thermore, we have shown that Bootstrap enhanced
Elastic-Net is a robust predictor selection algorithm
that can overcome challenges of multidimensionality
and multicollinearity. The continuous strive towards
personalised medicine is frequently challenged by
small patient cohort sizes, especially for rare neu-
romuscular disorders. Our findings suggest that this
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machine learning approach is particularly useful for
studies with small sample sizes that are typical for
clinical trials in rare diseases. Using this approach, a
total of 9 predictors were selected that are promising
candidates for CBT treatment response prediction.
The combined results can guide the design and anal-
ysis of prospective trials in DM1 and potentially other
neuromuscular disorders.
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