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Abstract

Background. Patients with Parkinson’s disease (PD) are highly vulnerable to develop cognitive dysfunctions, and the mitigating
potential of early cognitive training (CT) is increasingly recognized. Predictors of CT responsiveness, which could help to tailor
interventions individually, have rarely been studied in PD. This study aimed to examine individual characteristics of patients
with PD associated with responsiveness to targeted working memory training (WMT). Methods. Data of 75 patients with PD
(age: 63.99 £ 9.74 years, 93% Hoehn & Yahr stage 2) without cognitive dysfunctions from a randomized controlled trial were
analyzed using structural equation modeling. Latent change score models with and without covariates were estimated and
compared between the WMT group (n = 37), who participated in a 5-week adaptive VWWMT, and a waiting list control group (n
= 38). Results. Latent change score models yielded adequate model fit (y>-test p > .05, SRMR = .08, CFl = .95). For the near-
transfer working memory composite, lower baseline performance, younger age, higher education, and higher fluid intelligence
were found to significantly predict higher latent change scores in the WMT group, but not in the control group. For the far-
transfer executive function composite, higher self-efficacy expectancy tended to significantly predict larger latent change scores.
Concdlusions. The identified associations between individual characteristics and WMT responsiveness indicate that there has to be
room for improvement (e.g., lower baseline performance) and also sufficient “hardware” (e.g., younger age, higher intelligence) to
benefit in training-related cognitive plasticity. Our findings are discussed within the compensation versus magnification account.
They need to be replicated by methodological high-quality research applying advanced statistical methods with larger samples.
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As working memory (WM) has been ascribed the role of ~ Corresponding Author:
a processing resource for other cognitive abilities’ and is a  Elke Kalbe, Department of Medical Psychology, Neuropsychology
vulnerable function in healthy aging,6 WM has already & Gendelf Studies, Center for Neur0|:>'5)'lcho|ogica|ADiag'nostic ar'1d
become a main target for CT in healthy older adults. In this Igterventlon .(Cel.\lDI), Faculty of Medicine and University Hospital

i o ologne, University of Cologne, Kerpener StraBe 68, Cologne,

population, recent meta-analyses’® on WM training (WMT) Nordrhein-Westfalen 50937, Germany.
reveal significant positive training effects in trained tasks ~ Email: elke.kalbe@uk-koeln.de


https://us.sagepub.com/en-us/journals-permissions
https://journals.sagepub.com/home/nnr
mailto:elke.kalbe@uk-koeln.de
http://crossmark.crossref.org/dialog/?doi=10.1177%2F1545968320981956&domain=pdf&date_stamp=2021-01-07

118

Neurorehabilitation and Neural Repair 35(2)

and near-transfer (i.c., untrained WM) tasks. However, the
debate on the degree of far-transfer effects (i.e., effects in
untrained domains) is unsolved, questioning the practical
importance of WMT.”® Notably, WM and executive func-
tions belong to the most vulnerable cognitive domains in
PD.'° Furthermore, targeted WMT in healthy individuals
has been associated with changes in frontoparietal and sub-
cortical neural networks and particularly dopaminergic
functions'"!'>—neural networks and neurotransmitter sys-
tems on the one hand directly associated with WM, !* on the
other hand, especially vulnerable in PD.'* Therefore, first
randomized controlled trials (RCTs) on targeted WMT in
PD have been conducted recently.!>1¢

However, evidence on the effectiveness of WMT in PD is
limited to direct training and partial near-transfer effects'>-!”
and the degree of far-transfer effects is unclear. Furthermore,
even within near-transfer effects, responsiveness to training
is highly heterogeneous, with some patients improving stron-
ger than others, some patients maintaining, and others even
decreasing their performance.'® Individual differences in
cognitive plasticity might be able to explain this variance.'s:"
Identifying such predictors of WMT responsiveness could
promote the movement away from a one-treatment-suits-all-
approach to the development of a “personalized” or “strati-
fied” precision medicine in the context of the broad spectrum
of CT interventions.?*?!

Importantly, prognostic research might be especially rea-
sonable in the context of large heterogeneity among treat-
ment effects: This heterogeneity could lead to very small
insignificant and even null effects reported in single trials as
well as meta-analyses, as effects in opposite directions
between participants might eliminate overall reported effects.
Prognostic research then bears the potential to identify pre-
dictors of treatment responsiveness to answer the question, if
there are systematic relationships between individual charac-
teristics and treatment response. One could argue that con-
ducting prognostic analyses on null effects might be dealing
with pure noise. However, the adherence to high method-
ological standards,??? for example, by comparing prognostic
factors between a control group and the group receiving the
treatment of interest, allows prognostic research to detangle
unsystematic fluctuations and predictors of systematic retest
effects, such as practice effects or regression to the mean,
from predictors of treatment response.

Previous studies in healthy aging have, for example,
investigated baseline performance, intelligence, age, and
education as possible predictors of WMT responsiveness.?
The results were summarized in a recent systematic review,>
indicating large heterogeneity and several methodological
shortcomings across studies. Even though only an elabo-
rated individual participant data meta-analysis will be able
to overcome the current research gaps regarding both gen-
eral effectiveness and mechanisms of WMT responsiveness
in healthy aging, the available evidence so far indicated that
individuals with lower baseline performance, less education,

younger age, and higher intelligence seemed to benefit most
from WMT. Furthermore, motivational processes seem to
constitute an important variable regarding CT success in
healthy older adults.?*

Fellman and colleagues'” investigated predictors of direct
WMT effects in PD. Trained task improvement over the
course of WMT was positively predicted by higher baseline
general cognitive abilities, higher education, and shorter dis-
ease duration. Others, however, found lower baseline perfor-
mance’>? or longer disease duration’’?® to be positive
predictors for CT responsiveness in PD. Notably, the applied
statistical methods were highly heterogeneous ranging from
simple correlational approaches and group comparisons to
advanced methods such as growth curve analyses.

By analyzing data of an RCT on the effectiveness of WMT
in PD,'6 the aim of this study was to investigate individual char-
acteristics associated with WMT responsiveness in PD, includ-
ing both posttest and 3-month follow-up data, with an advanced
statistical approach, that is, structural equation modelling
(SEM). Since previous research in this field is inconclusive and
data are rare, we pursue a rather exploratory approach, and no
directional hypotheses were formulated. We investigated pre-
dictors of immediate versus 3-month follow-up WMT respon-
siveness separately for near-transfer and far-transfer outcomes,
as underlying mechanisms might be heterogeneous and their
analysis will further help to develop individualized interven-
tions strengthening cognition in the long term.

Methods

Study Design

The original study was designed as a single-blind RCT to
evaluate the effects of a 5-week computerized WMT com-
pared with a waiting list control group (CG). Clinical and neu-
ropsychological assessment took place at baseline, the week
after the 5-week training/waiting period (posttest, 5.67 = 0.58
weeks after baseline), and at 3-month follow-up (14.03 =
0.86 wecks after posttest). Patients were recruited via the
University Hospital of Cologne, Germany, as well as regional
neurologists and PD support groups. During all assessments,
patients were on their regular medication. Outcome assessors
were blinded for group allocation, patients were not.
Summarizing the results of the 2 prior publications on the
neuropsychological and clinical outcomes in this trial, statisti-
cally significant positive training effects for the WMT group
compared with the CG were reported in the WM domain
only.!®!7 Reliable far-transfer effects in cognitive and clinical
variables were not found for either point of time. However,
variability of training effects was large across participants
with some patients improving over time and some patients
remaining stable or even showing declined performance over
time.' The WMT effect on neural correlates investigated with
a newly developed WM paradigm and functional MRI was
small, but decreased activation in areas relevant for working
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memory could be observed, with activation changes correlat-
ing with behavioral change.?® Further details are reported in
Ophey and colleagues'® and Giehl and colleagues.'”*

Standard Protocol Approvals, Registrations, and
Patient Consents

The study protocol was approved by the local ethics com-
mittee of the Medical Faculty of the University of Cologne
(vote-no.16-043), conducted in compliance with the
Helsinki Declaration of 1975, as revised in 2008, and regis-
tered with the German Clinical Trials Register (drks.de,
DRKS00009379). Before the baseline assessment, all par-
ticipants gave written informed consent for participation.
The reporting of the original RCT!® followed the CONSORT
(Consolidated Standards of Reporting Trials) guidelines.

Participants

Inclusion criteria for study participation were age between
45 and 85 years, diagnosis of idiopathic PD according to
UK brain bank criteria,>® and normal or corrected-to-normal
vision and hearing. Exclusion criteria were cognitive dys-
functions according to the level-II diagnostic criteria for
PD-MCP*! or PD dementia,*? severe depressive symptoms
operationalized by the Geriatric Depression Scale (GDS =
11),3 deep brain stimulation and other reported psychiatric,
neurological, and life-threatening diseases. Included
patients were randomized to either the WMT group (n =
37) or CG (n = 39). 75 of these 76 patients completed the
posttest, and 72 patients completed the 3-month follow-up.
For details on inclusion and exclusion criteria, see Ophey
and colleagues,'® and for details on study flow, refer to the
flow chart in Figure 1.

For this post hoc analysis, we included all patients for
which at least one follow-up assessment was carried out
(i.e., posttest and/or 3-month follow-up). Therefore, our
final sample consisted of n = 37 patients in the WMT
group, n = 38 patients in the CG. On average, our patients
(47% female) were 63.99 = 9.74 years old, and diagnosed
with PD 6.36 = 5.39 years ago, with the wide majority of
patients showing mild to moderate motor impairment (93%
Hoehn & Yahr stage 2, Unified Parkinson’s Disease Rating
Scale-III, UPDRS-III, 16.81 = 8.28). Further details on
patient characteristics can be obtained from Table 1.

Intervention

The computerized WMT consisted of 5 varying WM tasks
per training session selected out of a total of 9 different WM
tasks based on the online CT program NeuroNation
(Synaptikon GmbH, Berlin, Germany). The WMT was
accessed online and administered at home for 30 minutes a
day, 5 days a week, over 5 weeks and adapted to user perfor-
mance across training sessions. More details are described in

Ophey and colleagues.'® No training was applied between
posttest and 3-month follow-up. The CG was a waiting list
CG and was granted access to the WMT after their last
follow-up.

Statistical Analysis

All statistical analyses were conducted in R (https:/www.r-
project.org). SEM was carried out using the R package
lavaan. The R code can be obtained from Supplementary
Material 1. We fitted latent difference score models
(LDSM), where the difference between the measured out-
come at posttest and baseline (or 3-month follow-up and
baseline), that is, the change through WMT, is represented
as a latent variable (Aposttest, Afollow-up). The measured
outcome at posttest or 3-month follow-up in turn is the sum
of the measured outcome at baseline and the corresponding
latent difference score.

To specify this in terms of SEM,* as represented in Figure
2a for the basic LDSM, both, the path coefficients from base-
line to posttest/3-months follow-up and from the latent differ-
ence score to the measured outcome at the respective point of
time, are set equal to 1. By setting the intercepts and residuals
for measured outcomes at posttest and 3-months follow-up
equal to 0, the estimated intercept of Aposttest/Afollow-up ()
represents the average observed difference score at the respec-
tive point of time, and the estimated variance (y,;) of
Aposttest/Afollow-up represents the variability of the change
through training. The covariance (y, , ;) between baseline and
Aposttest/Afollow-up represents the correlation between the
measured outcome at baseline and the change through
training.

To identify characteristics associated with individual vari-
ation in difference scores beyond individual baseline perfor-
mance, we extended the basic LDSM by covariates predicting
the variance of latent change scores (y,; by B,,), Figure 2b.
Note that several global terms for individual differences pre-
dicting training responsiveness are used interchangeably in
literature,”>** for example, “predictors”, “prognostic fac-
tors”, “covariates”, and “moderators”. Here, we call them
“predictors” on a content-related level, and “covariates” on a
methodological level, referring to their properties in the
applied LDSM. For further details on outcome measures and
covariates, see the corresponding sections below.

Overall model fit was evaluated using the y>-test. Further
approximative fit indices as the standardized root mean
square residual (SRMR), and comparative fit index (CFI)
are reported. Values of SRMR = .08 and CFI = .95 were
considered to reflect adequate model fit.>>*® No model fit
indices are reported for the basic LDSM, as the model is
just identified (degrees of freedom, df = 0) and no fit indi-
ces can be assessed.

*Notation follows the LISREL notation system, the most widely
applied notation in structural equation modeling literature.
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[ Enrollment J

Assessed for eligibility (n = 85)

Excluded (n = 9)

+ not meeting inclusion criteria (n = 9)

Randomized (n = 76)

}

( Allocation ] Y

Allocated to intervention (n = 37)

+ received allocated intervention (n = 37)

Allocated to control group (n = 39)
+ received allocated intervention (n = 38)

+ declined participation because of lack
of time (n=1)

[ Post-Test ] l
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Lost to post-test (n = 0) Lost to post-test (n = 1)
v [ F0||0W-Up ] v
Lost to follow-up (n = 2) Lost to follow-up (n = 1)
+ mobility constraints due to a broken leg + patient declined further participation
(n=1) because of lack of interest and time
+ longer hospital stay (n = 1) (n=1)
l [ Analysis ] vy
L Y )

n=75

¢ analyzed in the intervention group: n = 37
¢ analyzed in the control group: n =38

Figure 1. Flowchart: Enrollment, treatment allocation, posttest, and 3-month follow-up of study participants.

Full information maximum likelihood estimation
(FIML) was used to deal with missing data patterns. As sug-
gested for SEM with small samples,*” Bollen-Stine boot-
strapping with n = 1000 bootstrap replicates was performed
for both model parameter estimates and fit indices using the
R package semTools. Significance level for model parame-
ters was set to oo = .05. Following the explorative nature of
our analyses on individual characteristics predicting WMT
responsiveness, we interpreted oo = .10 as a trend toward
statistical significance for path coefficients of covariates to
Aposttest and Afollow-up (B; ). Ninety-five percent CI are
reported for model parameters and fit indices.

For the extended LDSM, we compared model fit between a
model where the variances (y, ), covariances (y,, ), and path
coefficients between covariates and the variance of Aposttest
and Afollow-up (B,,) were assumed to be equal across the

WMT group and CG versus a model where those parameters
were left free to vary using a y>-difference test (Ay?). These
group comparisons enable us to draw inferences on predictors
specific for training responsiveness compared to retest effects.
Regarding the influence of baseline performance on
Aposttest/Afollow-up, we additionally compared the standard-
ized covariances (i.e., correlations, yao) between baseline
performance and Aposttest/Afollow-up between the WMT
group and CG using a z-test for independent sample correla-
tions. The fitted models are separately reported for the WMT
group and the CG.

Outcomes

We analyzed data of two cognitive domains: WM as near-
transfer effect measure and executive functions as a
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Table I. Patient Characteristics.?

Characteristic

Working memory training group (n = 37)

Control group (n = 38)

Age in years
Sex, n (%)
Female
Male
Education in years
Global cognition MoCA score
Fluid intelligence LPS-4 T-score
Working memory composite T-score
Baseline
Posttest
Follow-up
Executive functions composite T-score
Baseline
Posttest
Follow-up
Disease duration in years
H&Y, n (%)
Stage 2
Stage 3
LEDD in mg
Self-efficacy expectancy SWE T-score

64.09 (8.56) 63.88 (8.39)
18 (48.6) 17 (44.7)
19 (51.4) 21 (55.3)
15.00 (I1.00-22.00) 15.50 (10.00-23.00)
27 (24-30) 28 (25-30)
53.84 (10.60) 54.32 (8.32)
49.08 (5.60) 51.82 (6.16)
50.59 (4.60) 52.97 (5.88)
51.10 (5.76) 52.85 (4.77)
52.75 (5.76) 54.28 (4.77)
53.74 (4.45) 55.17 (4.78)
54.09 (5.35) 54.50 (4.52)
5.20 (0.47-22.05) 4.62 (0.35-27.04)
36 (94.7) 35 (94.6)
2 (5.3) 2 (5.4)
600.00 (0 - 1785) 590.00 (100 - 2120)
49.11 (9.57) 53.65 (11.24)

Abbreviations: H&Y, Hoehn & Yahr scale; LEDD, levodopa equivalent daily dose; LPS-4, Leistungspriifsystem subtest 4—reasoning; MoCA, Montreal
Cognitive Assessment; SWE, Skala zur Allgemeinen Selbstwirksamkeitserwartung.

?Data are mean (standard deviation) or median (range by minimum to maximum) unless indicated otherwise. Variables were previously inspected
visually by qg-plots and statistically by Shapiro-Wilk tests for normal distribution.

far-transfer effect measure, assessed by several single test
measures each, including both paper-pencil assessments
and computer tests and parallel test forms, if available.
T-standardized (M = 50, SD = 10) test scores were calcu-
lated using published normative data of age-, sex-, and edu-
cation-matched healthy controls. Domain composite scores
were computed as the average of the corresponding equally
weighted single test 7-scores, which strengthened the inter-
pretability of scores on the cognitive domain level and
reduced overall type-I-error.

WM was assessed by the digit span forward and back-
ward task (Wechsler Memory Scale revised)®® the n-
back verbal and n-back nonverbal tasks and the CORSI
block tapping tasks forward and backward (Wiener
Testsystem).>* Tests for executive functions included
semantic and phonemic verbal fluency (CERAD-Plus),*
Trail Making Test B/A (TMTB divided by TMTA,
CERAD-Plus),* and the interference measure of the
Stroop Color-Word-Interference test.*! For details on fur-
ther cognitive and clinical outcomes in the study, see
Ophey and colleagues. '

Covariates

Age in years, education in years, fluid intelligence as mea-
sured with the LPS-4 (Leistungspriifsystem subtest 4:

reasoning, standardized T-score),*> PD motor impairment
as measured with the UPDRS-III,* and self-efficacy expec-
tancy as measured with the SWE (Skala zur Allgemeinen
Selbstwirksamkeitserwartung, standardized T-score)* were
included in the extended LDSM." Covariates were assessed
at baseline assessment with both patients and outcome
assessors blinded for group allocation and knowledge of
candidate predictors. Covariates were grand-mean-centered
to ensure interpretability of the difference score intercepts
(o). Covariances between all combinations of covariates
were allowed in the model.

TWith this set of covariates, we derogated from the trial
registration, which listed age, education, PD motor impairment,
self-efficacy expectancy, and training motivation as potential
predictors. As already described above, we aimed at fitting the
models in both the WMT group and CG to ensure validity of
our results concerning predictors of training responsiveness
compared to retest effects. Training motivation was only
assessed in the WMT group, and, therefore, had to be excluded
from our set of covariates. Furthermore, by including fluid
intelligence as one potential predictor, we followed the
literature on WMT responsiveness in healthy aging, where
fluid intelligence, next to age and baseline performance (which
our models account for by including the covariance, vy, ,
between baseline and Aposttest/ Afollow-up), is one of the most
frequently investigated predictors.
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Figure 2. (a) Basic latent difference score model, (b) extended latent difference score model including covariates. Rectangles
represent observed variables, and ellipses represent latent variables. Fixed parameters and path coefficients appear in gray. Free
(i.e., to be estimated) parameters and path coefficients appear in black. Covariates and corresponding paths introduced for the
extended latent difference score model appear with dashed lines. Covariances between covariates introduced for the extended
models are estimated for control reasons, however, are not of main interest for our research question. o, = intercept of latent
variable, ;; = path coefficient for covariates, A = difference, v, = intercept of observed variable, y,; = variance, \y, , ; = covariance.

Results

Near-Transfer: Working Memory

Details on fitted models for WM without equality con-
straints between the WMT group and CG can be obtained
from Table 2. The basic LDSM was just identified (df = 0),
therefore neither model fit nor a test for measurement
invariance between the WMT and CG was assessed. The
estimated mean of Aposttest was significant in both the
WMT group and the CG. However, the estimated mean of
Afollow-up was only significant for the WMT group, but
not for the CG. Variance estimates indicate significant indi-
vidual variation in both Aposttest and Afollow-up for both
the WMT group and CG.

In the WMT group, the covariances of baseline perfor-
mance and both Aposttest (Y, yyr = —10.51, p = .005) and
Afollow-up (Y 5wy = —13.73, p = .010) were significantly
negative, suggesting that individuals with lower baseline per-
formance showed both larger immediate and follow-up gains
through training than individuals with higher baseline perfor-
mance. In the CG, only baseline performance and Afollow-up
(Y1306 = —7.85, p = .044) were significantly negatively cor-
related. A comparison of standardized covariances (i. e., cor-
relations) of the basic LDSM between WMT group and CG
indicated descriptively stronger negative relationships
between baseline performance and Aposttest, as well as
Afollow-up, in the WMT group compared with the CG; how-
ever, these differences did not reach statistical significance
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Table 2. Latent Difference Score Models of Near-Transfer Working Memory.?

Working memory training group (n = 37) Control group (n = 38)
Estimate (95% Cl) SE p Estimate (95% Cl) SE p
Basic model
Intercepts
Baseline 48.96 (47.14,50.78) 0.90 <<.00|*** 51.42 (49.44,53.4) 099 <.00[***
APosttest 1.62 (0.49, 2.76) 0.56 006 1.56 0.12,3.01) 0.72 .035*
AFollow-up 1.98 (0.26, 3.69) 0.84 .025* I.16 (-0.05,2.37)  0.60 .059*
Variances
Baseline 29.74 (15.69, 43.8) 6.93 <.00 |+ 36.47 (19.62,53.32) 843 <.00|***
APosttest 11.38 (5.96, 16.81) 2.68 <<.001%*F* 19.08 (10.14,28.02) 4.47 <.00|***
AFollow-up 25.62 (13.27,37.97) 6.09 <.00]*** 13.18 (6.92, 19.44) 3.13  <.00|***
Covariances
Baseline~~APosttest -10.51 (-17.62, -3.41) 3.50 .005%* -8.60 (-17.75,0.54)  4.57 064"
Baseline~~AFollow-up -13.73 (-24.01, -3.46) 5.07 .010%* -7.85 (-15.49,-0.2) 3.82 .044*
APosttest~~AFollow-up 8.57 (2.06, 15.07) 3.21 Ol I* 10.21 (3.9, 16.52) 3.16 .002*
Extended model with covariates
Intercepts
Baseline 48.95 (47.12,50.78) 0.90 <<.00|*** 51.50 (49.54,53.45) 0.98 <.00[***
APosttest 1.79 (0.6, 2.99) 0.59 .004+* 1.76 (0.25,3.27) 075 .023*
AFollow-up 2.26 (0.49, 4.03) 0.87 .014* 1.06 (-0.12,2.24)  0.59 076"
Variances
Baseline 30.28 (15.98,44.59) 7.05 <.00]*** 35.67 (19.15,52.19) 826 <.00|***
APosttest 11.69 (5.92, 17.46) 2.85 <<.001*** 17.72 (9.21,26.23) 426 <.00]***
AFollow-up 23.79 (12,35.58) 581 <.00]*** 10.47 (5.38, 15.56) 2.55  <<.00|***
Covariances
Baseline~~APosttest —-15.35 (-23.61,-7.09) 4.07 .001** -10.95 (-20.41,-1.5) 473 .024*
Baseline~~AFollow-up -16.62 (-27.54,-5.7) 538 .004+* =731 (-14.46, -0.15) 3.58 .046*
APosttest~~AFollow-up 10.63 (3.79, 17.47) 337 .003** 9.21 (3.58, 14.84) 2.82 .002%*
Regressions
APosttest R? 0.28 (0.03, 0.49) 0.16 (0.01, 0.36)
~ Age -0.10 (=0.19, -0.01) 0.04 .024* -0.05 (-0.23,0.13)  0.09 .587
~ Education 0.05 (-0.21, 0.31) 0.13 707 0.20 (-0.36,0.75) 0.28 476
~ Fluid intelligence 0.18 (0.11, 0.26) 0.04 <.00|%®* -0.01 (-0.19,0.18)  0.09 .940
~ Motor impairment 0.04 (-0.07, 0.15) 0.05 452 -0.04 (-0.24,0.16) 0.10 .659
~ Self-efficacy 0.02 (-0.05, 0.1) 0.04 521 -0.07 (-0.2,0.06) 0.07 .288
AFollow-up R? 0.18 (0.01, 0.37) 0.19 (0.01, 0.40)
~ Age -0.12 (-0.29, 0.05) 0.08 .163 -0.07 (-0.22,0.07) 0.07 302
~ Education 0.44 (-0.06, 0.93) 0.25 083" 0.12 (-0.32,0.56) 0.22 .589
~ Fluid intelligence 0.07 (-0.07,0.21)  0.07 325 -0.05 (-0.2, 0.1) 0.07 521
~ Motor impairment 0.12 (-0.09, 0.33) 0.10 254 0.02 (-0.14,0.18) 0.08 778
~ Self-efficacy 0.03 (-0.12, 0.19) 0.08 675 0.04 (-0.07,0.14)  0.05 .505
Fit indices
y2-test 14(5) = 6.0l (0.92, 16.57) .305 $4(5) = 5.32 (0.84, 14.20) 378
CFI 0.97 (0.85, 1) 0.98 (0.89, 1)
SRMR 0.08 (0.03, 0.14) 0.08 (0.03, 0.15)
Abbreviations; CFl, comparative fit index; SRMR, standardized root mean square residual; A, latent difference score; ~, regressed on; ~~, covaries with.

2Bollen-Stine bootstrap parameter estimates with n = 1000 bootstrap samples are reported.
*p < .100; *p < .050; ¥*p < .010; ¥*p < .001.

(W 2 = —1.25, p = .106; y,5, z = —0.76, p = .225). The The extended LDSM further included the covariates age,

covariance of Aposttest and Afollow-up was significantly pos- ~ ¢ducation, fluid intelligence, PD motor impairment and
itive for both the WMT group and CG, indicating that  self-efficacy. The model fit difference between the extended

Aposttest and Afollow-up were positively correlated. LDSM with, x*(25) = 57.30, p = .001, SRMR = 0.12
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[95% CI 0.07, 0.18], CFI = 0.80 [95% CI 0.61, 0.95], and
without, y2(10) = 11.31, p = .305, SRMR = 0.08 [95% CI
0.04, 0.12], CFI = 0.98 [95% CI 0.92, 1.00], equality con-
straints between the WMT group and CG was significant,
Ay?(15) = 45.99, p = .001, revealing a benefit for model fit
by allowing model parameters to differ between the WMT
group and CG. The extended LDSM of the WMT group
revealed comparable parameter estimates for intercepts,
variances, and covariances as the basic LDSM. Even when
controlling for the above-mentioned covariates, estimates
for Aposttest, Afollow-up, variances, and covariances
remain significant. Age was found to be a significant nega-
tive predictor of Aposttest (3,, = —0.10, p = .024) and fluid
intelligence was found to be a significant positive predictor
of Aposttest (8, = 0.18, p = .001), indicating that younger
individuals with higher levels of fluid intelligence show
largest immediate training gains. For Afollow-up, only for
education a trend toward significance as a positive predictor
was reported (B,, = 0.44, p = .083), that is, the more edu-
cational years, the higher the training gains. No other
covariate was found to significantly predict variance in
Aposttest and Afollow-up within the WMT group.

The extended LDSM of the CG revealed comparable
parameter estimates for intercepts, variances, and covari-
ances as the basic LDSM as well. However, when controlling
for the aforementioned covariates, the covariance between
baseline and Aposttest reached statistical significance (W, ¢
= —10.95, p = .024). A comparison of standardized covari-
ances of the extended LDSM between WMT group and CG
indicated a significantly stronger negative relationship
between baseline performance and Aposttest in the WMT
group compared with the CG (y,,, z = —2.631, p = .004), as
well as a trend in the same direction between baseline perfor-
mance and Afollow-up (y,5, z = —1.251, p = .105). None of
the covariates was found to be a significant predictor of vari-
ance in Aposttest and Afollow-up within the CG.

Far-Transfer: Executive Functions

Details on fitted models for executive functions without
equality constraints between the WMT group and CG can
be obtained from Table 3. The basic LDSM was just identi-
fied (df = 0). The estimated means of Aposttest and
Afollow-up were not statistically significant, neither in the
WMT group nor in the CG. However, for both points of
time, they were descriptively larger in the WMT group than
in the CG. Variance estimates indicate significant individual
variation in both Aposttest and Afollow-up for both the
WMT group and CG. The covariance of baseline perfor-
mance and both Aposttest, as well as Afollow-up, for both
the WMT group (W, wyr = —18.36, p = .001; 5 yyr =
—14.27, p = .004) and the CG (y,, o = —16.17, p = .002;

Ve = —8.64, p = .009) were significantly negative;

however, it did not significantly differ between the WMT
group and CG (y,, z = —0.98, p = .164; y;, z = —0.021,
p = .492). The covariance of Aposttest and Afollow-up was
significantly positive for both the WMT group and CG.

The model fit difference between the extended LDSM
with, ¥%(25) = 56.00, p = .001, SRMR = 0.11 [95% CI
0.08, 0.16], CFI = 0.74 [95% CI 0.52, 0.94], and without,
x2(10) = 12.63, p = .245, SRMR = 0.07 [95% CI 0.04,
0.12], CFI = 0.97 [95% CI 0.85, 1.00], equality constraints
between the WMT group and CG was significant, Ay*(15)
= 43.37, p = .001, revealing a benefit for model fit by
allowing model parameters to differ between the WMT
group and CG. The extended LDSM of the WMT group
revealed comparable parameter estimates for intercepts,
variances, and covariances as the basic LDSM. Regarding
the influence of covariates on variance at Aposttest and
Afollow-up, self-efficacy expectancy only turned out to be
a significant positive predictor of Aposttest (B, = 0.14,p =
.019) in the WMT group, indicating that individuals with
higher levels of self-efficacy expectancy show larger imme-
diate training gains. No other covariate was found to be a
significant predictor of variance in Aposttest and Afollow-up
within the WMT group. The extended LDSM of the CG
revealed comparable parameter estimates for intercepts,
variances, and covariances as the basic LDSM as well. Age
was found to be a significantly positive predictor of the
variance in Aposttest (8,; = 0.20, p = .022) for the CG.
Furthermore, a trend of fluid intelligence being a positive
predictor (B;; = 0.14, P = .093) and self-efficacy expec-
tancy being a negative predictor (B5; = —0.11, p = .064) of
the variance in Aposttest was found for the CG.

Discussion

The aim of this study was to investigate predictors of WMT
responsiveness in patients with PD by analyzing data of an
RCT on the effectiveness of a computerized 5-week tar-
geted WMT in PD, including both posttest and 3-months
follow-up assessments'® with an advanced SEM approach.
Summarizing, the extended LDSM including covariates to
predict individual variance in latent change scores revealed
lower baseline performance, younger age, and higher fluid
intelligence to significantly predict higher change scores in
near-transfer WM outcomes directly after WMT (posttest),
as well as lower baseline performance and higher education
to predict larger change scores at 3-month follow-up. For
far-transfer executive function outcomes, higher self-effi-
cacy expectancy showed a trend to significantly predict
larger positive WMT responsiveness at posttest.

The predictive power of individual differences regarding
training responsiveness is often discussed within the compensa-
tion versus magnification framework.** Following the magni-
fication account, individuals with more cognitive resources “to
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Table 3. Latent Difference Score Models of Far-Transfer Executive Functions.

Working memory training group (n = 37) Control group (n = 38)
Estimate (95% Cl) SE p Estimate (95% Cl) SE p
Basic model
Intercepts
Baseline 52.76 (50.87, 54.65) 0.93 <<.001**k* 54.24 (52.72,55.77)  0.76  <.00[***
APosttest 0.97 (-0.61, 2.56) 0.78 222 0.93 (-0.67, 2.52) 0.80 .248
AFollow-up 1.27 (-0.17,2.71) 0.71 .083* 0.18 (—1.08, 1.44) 0.63 773
Variances
Baseline 31.58 (16.48,46.67) 7.44 <.001*+* 21.47 (11.42,31.52) 502 <.00[***
APosttest 22.17 (11.57,32.77) 523 <.001*+* 23.98 (12.49,35.48) 575 <<.00[***
AFollow-up 17.81 (9.09,26.53) 4.30 <<.00|*** 14.30 (7.32,21.28) 349 <.00[***
Covariances
Baseline~~APosttest -17.48 (-28.17, -6.8) 5.27 .002%* -11.42 (-20.04, -2.81) 43I Ol*
Baseline~~AFollow-up -11.38 (-20.4, -2.35) 445 .015% -8.40 (-14.96,-1.85) 3.28 .013*
APosttest~~AFollow-up 13.72 (5.47,21.97) 4.07 .002%* 11.79 (438, 19.19) 3.70 .003**
Extended model with covariates
Intercepts
Baseline 52.73 (50.86, 54.61) 0.92 <.001%*** 54.24 (52.72,55.75)  0.76  <<.00[***
APosttest 1.37 (-0.21, 2.95) 0.78 .088* 1.17 (—0.54, 2.87) 0.85 175
AFollow-up 1.33 (-0.17, 2.83) 0.74 081+ 0.26 (—0.96, 1.48) 0.61 .669
Variances
Baseline 31.14 (16.25,46.03) 7.34 <.001*+* 21.40 (11.42,31.52) 507 <.00[***
APosttest 19.88 (9.88,29.87) 4.93 <.00]*** 24.94 (12.71,37.16)  6.12  <.00[***
AFollow-up 16.75 (8.31,25.19) 4.16 <.00]*** 11.43 (5.64,17.21) 2.89 <.00[***
Covariances
Baseline~~APosttest -18.36 (-29.1,-7.63) 529 .00 ** -16.17 (-25.89, -6.44) 487 .002%*
Baseline~~AFollow-up -14.27 (-23.8,-4.75) 4.70 .004+* -8.64 (-15,-2.28) 3.I18 .009%*
APosttest~~AFollow-up 13.75 (5.64,21.86) 4.00 .00 ** I1.67 (442, 1891) 3.62 .002%*
Regressions
APosttest R? 0.17 (0.01, 0.37) 0.22 (0.03, 0.42)
~ Age 0.01 (-0.12, 0.14) 0.06 .840 0.20 (0.03, 0.37) 0.09 .022%*
~ Education -0.12 (-0.51, 0.27) 0.19 .525 -0.07 (-0.6, 0.45) 0.26 .782
~ Fluid intelligence 0.03 (—0.08, 0.14) 0.06 .582 0.14 (-0.02, 0.31) 0.08 0937
~ Motor impairment -0.00 (-0.17, 0.16) 0.08 .982 -0.07 (—0.26, 0.12) 0.10 464
~ Self-efficacy 0.14 (0.02, 0.27) 0.06 .019* =0.11 (—-0.24, 0.01) 0.06 0647
AFollow-up R? 0.18 (0.00, 0.38) 0.22 (0.03, 0.40)
~ Age 0.09 (-0.06, 0.23) 0.07 226 0.06 (-0.08, 0.2) 0.07 .362
~ Education -0.10 (-0.52, 0.32) 0.21 619 -0.30 (-0.72, 0.12) 0.21 .158
~ Fluid intelligence 0.06 (-0.07, 0.18) 0.06 .364 0.11 (-0.03, 0.24) 0.07 119
~ Motor impairment -0.07 (-0.25, 0.1) 0.09 404 0.12 (—0.04, 0.28) 0.08 152
~ Self-efficacy 0.06 (-0.07, 0.18) 0.06 .389 0.0l (-0.08, 0.11) 0.05 .783
Fit indices
y2-test xX(5) = 7.28 (1.00, 21.16) 201 x4(5) = 5.23 (0.89, 14.21) .388
CFI 0.95 (0.76, 1) 0.974 (0.84, 1)
SRMR 0.08 (0.03, 0.15) 0.066 (0.03, 0.12)
Abbreviations: CFl, comparative fit index; SRMR, standardized root mean square residual; A, latent difference score; ~, regressed on; ~~, covaries with.

?Bollen-Stine bootstrap parameter estimates with n = 1000 bootstrap samples are reported.
*P < .100; *P < .050; **P < .010; ***P < .001.

acquire, implement, and sharpen effortful cognitive strate- performance prior to training have more room for improvement
gies”* would show largest training benefits. On the contrary, than individuals already performing at or near optimal levels,
the compensation hypothesis argues that individuals with lower and therefore would show largest training benefits* .
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Baseline Performance, the Compensation
Hypothesis, and Methodological Considerations

Some studies found positive associations between baseline
performance and change through training,'>*” whereas oth-
ers found evidence for negative associations.?*?° As broadly
discussed in Smolén and colleagues,*® one fallacy linking
those negative associations between baseline performance
and change through training directly to the compensation
account is that other sources for this association are
neglected and not accounted for in analyses. One such
important artefact is regression to the mean, a statistical
artefact that causes negative correlations between baseline
performance and gain by noisy repeated measurements,
where extreme values at the first point of time tend to be
closer to the mean at the second point of time without
reflecting real change.*® Furthermore, analyses to identify
predictors of training responsiveness are frequently con-
ducted with data of the experimental group only.*® Therefore,
they do not control for effects in the control group,?’ which
impedes disentangling predictors of training responsiveness
from predictors of retest and practice effects.*’

The analytical approach of fitting LDSM that allowed to
explore the (statistical) properties of change without actually
calculating change scores, and the comparison of models fit-
ted in the WMT group versus models fitted in the CG, enabled
us to draw inferences on predictors specific for training
responsiveness compared with regression to the mean and
practice effects.*® In our LDSM, the negative covariances
between baseline performance and latent difference scores
indicated that individuals with lower baseline performance in
the respective outcome measure tend to show larger change
scores than individuals with higher baseline performance.
For near-transfer WM, not only descriptive but also statisti-
cally significant differences between standardized covari-
ances in the WMT group and CG were present, revealing
significantly stronger negative relationships between base-
line performance and change in the WMT group compared
with the CG. We hypothesize this difference to be attributable
to an increased compensation effect through training in the
WMT group. Therefore, our data indicate that for both post-
test and long-term near-transfer responsiveness of WMT in
PD, “room for improvement” regarding participants’ WM
abilities at baseline seems necessary.

In the CG, the negative association is in line with the
compensation account as well, however, this compensation
does not reflect change through training, but rather compen-
sation through practice effects and regression to the mean.
Similarly, the negative relationship between baseline per-
formance and change in the LDSM for executive functions
might rather represent compensation through practice
effects and regression to the mean, as the covariances were
significant for both groups and differences between the two
groups were present on a descriptive level only.

Other Predictors and the Magnification
Hypothesis

Notably, our data regarding associations of other predictors
than baseline performance rather point to evidence for the
magnification account: latent change score estimates were
higher for individuals of the WMT group with higher intel-
ligence, younger age, more educational years, and higher
self-efficacy expectancy. Higher intelligence might consti-
tute the required “hardware” to utilize the possibilities
given by WMT to extend the cognitive repertoire and to
engage in true plasticity. Corroborating this hypothesis,
higher intelligence was found to be a positive predictor for
change through training in the first study investigating pre-
dictors of WMT responsiveness for patients with PD,! as
well as studies with healthy older adults.>*!

Age might constitute a proxy for the general potential to
engage in neural and cognitive plasticity.”>>* Due to age-
related reductions in processing resources,® the ability to
engage in plastic changes after WMT might be reduced
with increasing age. Our results are in line with several
findings from WMT in healthy older adults, which also
identified younger age as a positive predictor for training
responsiveness.*®*!** In contrast to our results, Fellman and
colleagues' did not find an association between age and
training responsiveness. However, they identified shorter
PD disease duration as a positive predictor for change
through training. As the prevalence of PD increases with
age> and neuropathological changes progress with disease
duration,*® disease duration might be another (and possibly
even the more conclusive) measure as a proxy for the poten-
tial of neural and cognitive plasticity in PD. However, con-
flicting results identifying longer PD duration to be
predictive of higher training gains exist.?’?® This discrep-
ancy regarding the direction of predictive effects and cor-
responding mechanisms might be dependent on the type of
CT and the applied analytical approach.?

As in Fellman and colleagues,'® more educational years
were predictive for more WMT related positive change in our
cohort of patients with PD. Education might be a proxy for
cognitive reserve,”’ which in terms of the magnification
hypothesis enables individuals to engage in processes of plas-
ticity.*>4® However, contradicting findings in the CT literature
exist in healthy older adults, which discuss that CT might be
able to diminish the cognitive reserve disadvantage of less-
educated older adults.?3® Furthermore, the discussion can be
taken to the next level, considering a higher cognitive reserve
to be commonly associated with less cognitive deficits given
the same brain pathology.* We did not find a significant pre-
dictive value of PD motor impairment, which can be consid-
ered a proxy to the amount of PD-related brain pathology.®’
Therefore, our analyses controlled for a proxy of PD brain
pathology, which is why education might have emerged as a
proxy of cognitive reserve rather than brain reserve.
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A trend of a higher self-efficacy expectancy being a posi-
tive predictor for training responsiveness was found for far-
transfer executive functions. Self-efficacy refers to an
individual’s belief in his/her ability to influence and affect
certain situations by his/her actions,®' and is, therefore,
strongly linked to motivational processes and general train-
ing success. Especially the role of self-efficacy expectancy
for transfer effects was discussed®”: Higher self-efficacy
expectancy would lead to higher motivation to learn and to
transfer. Self-efficacy expectancy has been identified as a
predictor for CT responsiveness before,?* strengthening the
hypothesis that it might be beneficial for CT outcomes to
ensure self-efficacy expectancy and motivation at the begin-
ning of the training period.

Timeline of Predictors of Training
Responsiveness

For near-transfer WM, evidence for both the compensation
and magnification account was found at posttest and
3-month follow-up. For far-transfer executive functions,
evidence for the magnification account was present at post-
test only. Therefore, the underlying mechanisms of training
responsiveness might at least partly be dependent on timing
aspects.®3 With more time to elaborate and consolidate the
WMT content beyond the training period, individual differ-
ences might become less important in predicting WMT
responsiveness.®*

Strengths and Limitations

As a major strength, by applying SEM as a highly flexible
statistical approach, we were able to circumvent several sta-
tistical fallacies clinical trial data often include such as vio-
lations of multivariate normality assumptions, nonlinear
change trajectories, and missing data patterns, therefore
applying high methodological standards to answer the ques-
tion “who benefits most” from WMT.2%** Furthermore, by
fitting LDSM for both the WMT group and CG, we were
able to detangle WMT effects from retest effects such as
practice effects and regression to the mean. The discussed
associations were present in the WMT group only, which
further promotes the specificity of predictors for training
responsiveness versus retest effects.

By applying a bootstrapping technique to estimate model
parameters and fit indices of our LDSM, we made this mod-
eling technique suitable even for small sample sizes.’’
However, our sample size still was fairly small to apply
SEM, which constitutes a limitation concerning the reliabil-
ity and validity of our results. We acknowledge that the lim-
ited statistical power increases the risk of missing important
effects and of reporting false alarms. Therefore, results
should be treated cautiously and will have to survive sound
methodological replication. So far, only few studies applied

SEM techniques in the CT framework.'®* More method-
ological high-quality research applying advanced statistical
methods beyond simple correlational approaches is urgently
needed, especially with larger samples. Hence, also indi-
vidual participant data meta-analytic approaches might be
one suitable format in this context.

Analyses on internal consistency (Supplementary Material
2) of the used cognitive domain composite scores revealed
acceptable internal consistency for the working memory
composite. For the executive function composite score, how-
ever, internal consistency was low. This might limit the inter-
pretability of our findings, as the use of composite scores
might obscure fine-grained and differential effects of the
WMT on single-task performance. However, the use of com-
posite scores reduces type I error and ensures interpretability
on the cognitive domain level, which might be of more clini-
cal importance than the single-test level. Alternatively, pos-
sible extensions of the present LDSM framework would be
the simultaneous modeling of 2 or more domains of interest,
allowing the investigation of cross-domain couplings, and
the use of multiple indicators for latent factors instead of
using equally weighted (observed) composite scores.®
Especially the latter would reduce the influence of measure-
ment errors and, therefore, improve validity and reliability of
the analyses and should be implemented where possible. In
the context of the present manuscript, post hoc attempts of
implementing a multiple indicator LDSM approach failed to
converge.

Another limitation is that a substantial proportion of
variance in latent difference scores at posttest and 3-month
follow-up remained unexplained (0.17 < R? = 0.28). Future
SEM approaches might, next to demographic, neuropsy-
chological, and clinical individual characteristics, consider
individual training trajectories to predict transfer to near-
and far-transfer effect measures. Moreover, the clinical sig-
nificance of our results remains a matter of debate, which is
not only important in the context of prognostic research for
WMT responsiveness, but also regarding general effective-
ness of WMT and other CT approaches.®® Future research
on effects and mechanisms of WMT and other CT
approaches should more consistently include patient-cen-
tered outcomes such as daily life functioning or health-
related quality of life assessments.

Further strengths of this study include the adherence to
high methodological standards in general study design fol-
lowing the CONSORT recommendations. Additionally, the
reporting of the prognostic analyses includes the relevant
items of the CHARMS (Critical Appraisal and Data
Extraction for Systematic Reviews of Prediction Modelling
Studies) Checklist,?? allowing future research to more reli-
ably synthesize findings from single prognostic trials.
Another strength is that patients and outcome assessors were
blinded for candidate predictors, which might reduce a pos-
sible incorporation bias. However, only outcome assessors
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were blinded for group allocation across the whole trial.
Finally, by including posttest and 3-months follow-up data,
a more comprehensive and encompassing view on predic-
tors of WMT responsiveness was derived.

Conclusion

Considering the high vulnerability of patients with PD to
develop cognitive dysfunctions' and the large heterogeneity
in CT outcomes, there is an increasing urge for personalized
interventions.?! This study contributes to the examination of
individual characteristics of patients with PD associated
with responsiveness to WMT, a promising nonpharmaco-
logical intervention option against cognitive dysfunction in
PD. WMT might be especially beneficial for patients with
PD of younger age, higher education, higher intelligence,
and greater self-efficacy expectancy. However, there has to
be room for improvement, as lower baseline performance is
associated with a greater positive WMT responsiveness as
well. Individual characteristics predicting immediate versus
long-term WMT responsiveness need further research to
achieve a better understanding of mechanisms leading to
enduring WMT effects. In general, the present findings
should be interpreted cautiously, as they need sound meth-
odological replication with larger sample sizes or individual
participant data meta-analytic approaches.
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