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Abstract

Background: Digital neuropsychological tools for diagnosing neurodegenerative diseasesin the older population are becoming
more relevant and widely adopted because of their diagnostic capabilities. In this context, explicit memory is mainly examined.
The assessment of implicit memory occurs to alesser extent. A common measure for this assessment is the serial reaction time
task (SRTT).

Objective: This study aims to develop and empirically test a digital tablet—based SRTT in older participants with cognitive
impairment (Col) and healthy control (HC) participants. On the basis of the parameters of response accuracy, reaction time, and
learning curve, we measure implicit learning and compare the HC and Col groups.

Methods: A total of 45 individuals (n=27, 60% HCs and n=18, 40% participants with Col—diagnosed by an interdisciplinary
team) completed a tablet-based SRTT. They were presented with 4 blocks of stimuli in sequence and afifth block that consisted
of stimuli appearing in random order. Statistical and machine learning modeling approaches were used to investigate how healthy
individuals and individuals with Col differed in their task performance and implicit learning.

Results: Linear mixed-effects models showed that individuals with Col had significantly higher error rates (b=—3.64, SE 0.86;
z=-4.25; P<.001); higher reaction times (F; ,,=22.32; P<.001); and lower implicit learning, measured viathe response increase
between sequence blocks and the random block (f=-0.34; SE 0.12; t=—2.81; P=.007). Furthermore, machine learning models
based on these findings were able to reliably and accurately predict whether an individual was in the HC or Col group, with an
average prediction accuracy of 77.13% (95% Cl 74.67%-81.33%).

Conclusions:  Our results showed that the HC and Col groups differed substantially in their performance in the SRTT. This
highlights the promising potential of implicit learning paradigms in the detection of Col. The short testing paradigm based on
theseresultsis easy to usein clinical practice.
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Introduction

Memory, Neurodegeneration, and Aging

Overview

In an aging society, the number of individuals with
neurodegenerative diseases is increasing. Alzheimer disease
(AD) and Parkinson disease rank among the most prevalent
neurodegenerative disorders. One of the most apparent cognitive
symptoms of neurodegenerative diseasesisachangein memory
impairment, which can affect different cognitive and memory
functionsin different ways.

Memory functions differ in concepts and models [1-5]. When
comparing different memory models, memory can be
categorized into specific subsystems: intentional learning leads
to explicit memory, and unintentional and incidental learning
creates implicit memory [3-6]. Most studies on
neuropsychological changesin neurodegenerative diseasesfocus
on explicit memory, whereas studies examining the decline of
implicit memory remain scarce [7-13]. Accordingly, many
assessments for explicit memory are available, but only a few
assessments are available for implicit memory, and most
assessments are paper based. Paper-based examination of
implicit memory is effortful and limited in its possibilities and
test quality, although there are some digital tools available
[8,14]. till, solely examining explicit memory seems to be
insufficient, as neurodegenerative disorders such as AD show
changesin different cognitive domains, not just explicit memory
but also implicit memory [14-19], among others. Thus, implicit
memory paradigms are promising tools in addition to common
explicit memory tasks in early diagnostics to assess memory
dysfunctions more precisely and to determine the different
causes of neuropsychological dysfunction. Reasonsfor reduced
performance in implicit memory tasks can be independent of
the reasons for deficits in regular tasks such as word lists used
for explicit learning.

Weintroduce adigital tablet—based version of the serial reaction
timetask (SRTT) aimed at ng implicit memory. We then
use datagathered by thistool to develop machinelearning (ML)
models for predicting cognitive impairment without relying on
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diagnoses from comprehensive assessments such asthe Montreal
Cognitive Assessment or the Consortium to Establish aRegistry
for Alzheimer's Disease. On the basis of computer-based
studies, we developed an app for clinical application, aiming
to provide results comparable with previous findings on the
SRTT. This study examines a mobile touch-based SRTT on a
tablet in healthy older participants and older participants with
cognitive impairment (Col).

Implicit Learning

Researchers use various terms for implicit memory, referring
to different concepts and processes inconsistently. Sometimes,
these terms can refer to subtypes of aform of memory [8,14].
Although implicit learning is an umbrellaterm for the absence
of awareness and intention, which means “a collection of
abilities that are expressed through performance without
requiring conscious memory content” [2], statistical learning
“refers to the ability to detect and learn regularities in the
environment” [13]. Sequence learning “ describes the ability to
incidentally acquire knowledge of sequences of events and
actions’ [20]. Motor skill learning “refers to the increasing
spatial and temporal accuracy of movements with practice’
[21]. Procedural learning is used as a synonym for sequence
learning, referring to the learning of sensory-motor skills
[10,13,22,23]. As we ae focusing on a rather
application-oriented approach, we further refer to the more
general concept of implicit learning.

SRTT Paradigm

Different tasks have been used to assessimplicit learning [8,14].
Among others, the SRTT was established as a widely used
assessment. Inthe original version of the SRTT [24], participants
react to stimuli presented in blocks with repeated sequences.
After several blocks of repeated sequences (“ sequence blocks”),
ablock with random sequencesis presented (“random block”).
Although reaction times usually improve throughout the blocks
of repeated sequences, they decelerate in the blocks with a
random sequence [16,24]. Implicit learning is assumed when
there is a decrease in reaction time in blocks of repeated
seguences and an increasein reaction timein the random bl ock.
Figure 1 shows an illustration based on the example of this
study.
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Figure 1. Illustration of the serial reaction task paradigm used in this study and the expected reaction times for healthy participants. (A) Touch-based
variant used in the study. The participants' task was to respond with their finger to the target stimulus in the form of a ship’s wheel on the tablet. (B)
Expected reaction times for healthy participants. After the sequenceis repeated in thefirst 4 blocks, leading to a decrease in participants' reaction time,
arandom seguence occurs in block 5, resulting in a significant increase in participants' reaction time.
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SRTT Variants

Thereare many variationsinthe SRTT paradigm and ambiguous
findings on the effects and results of different clinical
syndromes. Variationsin paradigms can significantly influence
the patterns of results observed. Different versions of the SRTT
may vary in factors such as the quantity and length of stimuli;
number of trials and blocks; the arrangement, structure, and
display of stimuli on screen; the method of response; and even
the medium used. Stimuli are presented on a computer screen
in most studies [14,25]. Participants are asked to indicate the
position of the stimuli using buttons on a keyboard or button
box. Very few studies used a touchscreen- or tablet-based
presentation of the SRTT [9,26-31]. Thus, researchers have
many degrees of freedom in adjusting the paradigms of the
SRTT, especialy when implementing a touch-based version
for older participants. In this setup, the participants use their
fingers to indicate the position of the stimuli directly on the
touchscreen. The most appropriate specifications may vary
based on the research question (RQ) and the sample under
investigation.

As described by Hong et a [16], an dternating design, that is,
a design with an aternating sequence and random blocks
[32-34], has advantages in distinguishing between motor and
cognitive learning, but progressions in sequence tasks cannot
be analyzed. Moreover, aternating sequences lead to a longer
overall assessment time. In contrast to laboratory studies, design
decisions are limited in a clinical approach. An SRTT version
suitable for clinical use with older participants should be as
short as possible to meet their staminaand motivation, especialy
in the case of Col. Although some researchers suggest the
superiority of aternating SRTT variants because of their
capacity to discriminate between sequence-specific and general
skill learning [35], we decided to use the SRTT in atablet-based
version as a short SRTT version that only needs 5 blocks and
thus is much shorter and more usablein clinical contexts.

Possible Distinguishing Features
The patient and control groups differ for various outcome
measures. First, reaction times can differ between groups in
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general, meaning that healthy controls (HC) are faster than
patient subgroups. Second, learning curves can vary between
groups, meaning that HC participants should learn sequences
faster. Third, the response increase between the groups may
deviate. That is, the contrast in reaction times between sequence
and random blocks becomes more pronounced after extensive
learning of sequences, rather than just motor skill leaning or
increased familiarity with the task. Finally, the number of correct
responses, that is, the response accuracy (and vice versa error
rates), is expected to differ between groups. That is, the Col
group should show more false responses than the HC group. In
addition, when we combine these variables as features in a
statistical model, we may discover findings not only about
implicit memory but also about parameters such as limitations
intask comprehension or altered reaction times, which serve as
additional diagnostic information.

SRTT Findings

The SRTT and similar tasks to assess implicit learning have
been used in numerous studiesin different fields[25], reporting
different variables, outcome measures, and results. Varying
patterns of results can be explained by different design variations
(eg, [32,33]) and experimental requirements and conditions
[8,14]. In healthy adults, differences in response increase were
found consistently between sequence and random blocks. There
was a dight tendency of agerelated deterioration in
performance, |earning, accuracy, and reaction timeswith higher
age[20,36,37]. Worse performance can be observed in patients
with strokes [38]. Numerous studies show a deterioration of
performance in neurodegenerative disorders aff ecting the basal
gangliaand thethalamus, such as Parkinson disease[25,39,40],
and other neurodegenerative and neuropsychiatric diseases,
such as Huntington disease [41-43] and Korsakoff syndrome
[24].

Some SRTT studies were conducted with patients with AD as
theclinical sample, whereas otherswere conducted with patients
with mild cognitive impairment (MCI; for reviews, refer to the
studies by de Wit et a [8] and van Halteren-van Tilborg et al
[14]). Overall, there are mixed findings on the association
between SRTT performance and cognitive impairment (such
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as AD, which can be alater stage of MCI). Comparing various
studies poses a challenge because of differences in sample
characteristics, such as the varying degrees of impairment
severity (eg, MCI vsAD at different levels of severity), and the
diverseinclusion criteriaused for clinical samples (eg, specific
diagnostic criteriavs various screening scores) [8]. In addition,
inconsistent methodological approaches, including variations
in the quantity and duration of stimuli, sequences, and blocks,
further complicate comparisons between studies. Some studies
revedled no significant differences in learning concerning
responseincreasefor participantswith MCI compared with HC
participants. That is, participantswith MCI and HC participants
showed similar response increases between sequence and
random blocks [9,16,44,45], whereas other studies found
differences [15,46]. Participants with AD, however, show less
response increase than HC participantsin some studies [47-49]
and a comparabl e response increase in others [50-52].

Compared with learning curves, that is, the reduction in reaction
time over sequence blocks, patients with MCl seem to have
similar curves as HCsin most studies[9,15,16,44,45], whereas
some studies found differences [46,48]. Patientswith AD show
more deficits than HCs, asindicated by aflatter learning curve
in some studies[49,53], but thiswas not clearly evident in most
studies [47,50-52].

When comparing accuracy or error rate, in some cases, no
differences are found between participants with AD [41,51,52]
and MCI [44,46]. In other cases, participantswith AD [47,48,50]
and MCI [16,45] differ from the reference groups.

In most cases, patients with MCI [16,46] and AD [47,50-53]
had slower overall reaction time [54]. These differences can be
explained by motoric demands, the experimental design of the
tasks, and differences in sample selection. In addition, alarge
number of dementia diseases may be mixed pictures of different
subtypes of dementia [55,56]. This phenomenon may further
contribute to the divergent findings. In a review and
meta-analysis, de Wit et a [8] discuss the difficulty of
participants with AD in understanding and remembering the
test instructions of SRTT paradigms. Most studies found
differences in response accuracy and reaction times (with
participantswith Col being slower than HC participants). These
differences suggest that the understanding and execution of the
task play a significant role in classifying differences between
healthy individuals and individuals with Col.

This Study

We developed a mobile SRTT version suitable for testing
implicit memory inaclinical routine (in contrast to an extensive
|aboratory assessment). Working with older patientsin everyday
clinica routines, we recognized the need for a short,
understandable, and highly accepted digital assessment that
medical professionals can use in point-of-care or bedside tests
without requiring additional technical equipment. We also
expect ashort and tablet-based variant to address the difficulties
intask understanding and remembering task instructions among
patients with Col reported by de Wit et al [8]. Using atablet in
neuropsychological testing has benefits in terms of the
availability of new data sourcesand its applicability outside the
laboratory [57,58]. Furthermore, digitalized testing enables
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tasks and measuresthat areimpossiblein pen-and-paper testing
[57]. Using a touchscreen is a considerable relief for older
patients, and particularly patientswith Col, compared with using
akeyboard [59-62]. Furthermore, motivational effects must be
considered when designing tasks for older participants[57,63].
Not only the design of the task but also the task parameters are
essential: the length of the sequence and the frequency of
repetitions should capture implicit learning but should not be
unnecessarily prolonged. Using ML approaches that combine
various parameters, we may predict participants’ cognitive status
more accurately with lessdatathan atraditional approach, which
accommodates shorter assessments. Combining the SRTT with
ML represents a more recent development in this research
domain [9,10,16].

ML predictions based on these parameters can potentially lead
to accurate predictions using fewer repetitions, which facilitate
shorter assessmentsthat are mandatory for acceptancein clinical
outpatient and inpatient practice.

Research Questions

This study focuses on the following RQs, which are centered
on the question of whether the findings for the computer-based
version of the SRTT can be replicated and transferred to the
tablet-based version of the SRTT used in this study.

We investigated the following RQs:

1. Do participants with Col and HC participants differ
significantly in response accuracy?
»  We expect participants with Col to make more errors
than HC participants.

2. DoHC participantsand participantswith Col differ intheir
average reaction times during the learning phase?
»  Weexpect that participantswith Col are systematically
slower than HC participants.

3. Do participants with Col and HC participants differ in
implicit learning? That is, is the response increase in the
random block compared with the learning curve
significantly lower for participants with Col ?

»  Weexpect that participantswith Col show lessimplicit
learning than HC.

4. Do participants with Col show a different learning curve
during the learning phase than HC participants?
+  We expect HC participants to show a steeper learning
curve than participants with Col, which should show
aflatter learning curve.

5. Can wereliably predict participants groups using an ML
prediction model?

+  We expect to classify participants with an accuracy
comparable with that of Hong et a [16]. That is, we
expect the 80.9% found by Hong et a [16] to bewithin
our 95 % CI of prediction accuracy.
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Methods

Participants

We recruited and tested 49 older participants at the Geriatric
Center at the University Clinic for Psychiatry and Psychotherapy
in TUbingen, Germany. A total of 2 participants discontinued
the experiment. One participant had to be excluded owing to a
low response accuracy of 40%, which indicates a failure to
understand and complete the task appropriately. We later
identified 1 participant with significantly prolonged reaction
times as an outlier and had to exclude this participant. Within
the scope of this project, we also collected data from 11
participants with depression, which we excluded from the

Textbox 1. Inclusion and exclusion criteria.

Mychajliw et al

analysisof this study because of the focus on neurodegeneration.
The remaining 45 participants (26 female individuals), aged
between 52 and 87 (mean 68.4, SD 9.82) years, consisted of 27
HC participants and 18 participantswith Col. A list of inclusion
and exclusion criteriais presented in Textbox 1.

We based the allocation of groups on experienced physician
examinations, confirmed by an interdisciplinary team
(physicians, psychologists, specialized therapists, and nurses),
as most participants were known to us as patients of our (day)
hospital and their caregivers or relatives. We also recorded the
participants’ educational level. Subsequently, we converted the
educational levels into corresponding years representing the
time typically taken to achieve them. The descriptive statistics
of the demographics of the sample are provided in Table 1.

Inclusion criteria

« Adults aged =50 years

« Diagnosis of cognitive impairment (for patient group), confirmed by an interdisciplinary team

«  Understanding and agreement of informed consent

o  Participation on avoluntary basis

Exclusion criteria

« Unableto perform or alack of understanding of the task requirements

o Visual impairment

« Refusal or inability to give informed consent
« Acutedelirious or psychotic episode

« Acutemedical or physical conditions

Table 1. Demographic data of the 2 groups (HC® and Col; N=45).

Characteristics HC (n=27) Col (n=18) Total (N=45) P value
Age(y) .002°
Mean (SD) 64.89 (9.66) 73.67 (7.62) 68.40 (9.82)
Range 52-85 55-87 52-87
Education (y) 52¢
Mean (SD) 11.74 (3.21) 11.06 (3.80) 11.47 (3.43)
Range 8-17 8-19 8-19
Sex, n (%) 391
Female 17 (63) 9 (50) 26 (58)
Male 10 (37) 9 (50) 19 (42)

8HC: healthy controls.

bCol: participants with cognitive impai rment.
CLinear model ANOVA.

9Pearson chi-square test.
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Materials

Overview

We used a tablet-based variant of the SRTT (described in the
subsequent sections) designed for this study to meet the needs
of older participants. The experiments were performed on a
“Samsung Galaxy Tab A (2016) with S Pen” tablet (model

Mychajliw et al

SM-P580, Samsung Electronics) with a screen size of 10.1
inches, running on Android 7.0. Tablets were positioned on the
table horizontally and planar in front of the participants (Figure
2). Thus, the participants were able to rest their elbows on the
table. The participants’ task wasto repeatedly respond asquickly
aspossibleto thetarget stimulus, whose position changed, with
their fingers.

Figure 2. View of the setup and task in the app used for the study. Participants were allowed to rest their hands on the table.
n

SRTT Design

The experimental design of the SRTT used in this study isbased
on the study by Lum et a [64], as they used a shorter version
with fewer trials than previous studies, which was necessary in
working with older participants. Thus, following a 10-trial
practice phase, the SRTT used in this study consisted of 5 blocks
with 60 trials each. Blocks 1 to 4 are sequence blocks and
contain the 10-item sequence, repeated 6 times per block. The
repeated sequence 4-2-3-1-3-2-4-3-2-1 is based on the original
design of Nissen and Bullemer [24] and was also used by Lum
et al [64] and Lum and Kidd [65]. Inthecircular order we used,
the top position (north) corresponds to 1, 2 corresponds to the
right-hand position (east), 3 corresponds to the lowest position
(south), and 4 corresponds to the | eft position (west; Figure 3).

When we developed the tablet-based variant, a circular order
of stimuli [9,10,64,66-69] was chosen to ensure comparable
spatial distances between stimuli on the screen (Figure 3). A
horizontal arrangement of stimuli would lead to unequal
distances between stimuli. A touchscreen-based version of the
SRTT was used in only afew studiesin general [26,29,31,70],
specifically in samples consisting of older individuals [27]. To
the best of our knowledge, apart from the study by Dominey et
al [27], no study with older participants that exclusively used
touchscreen versions of the SRTT on a larger sample was
published. The motor skills required for responding on atabl et
surface differ from those needed for pressing buttons on a
response panel [29,31].

https://aging.jmir.org/2024/1/e48265
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In block 5, based on the study by Lum et al [64], the stimulus
appears in a pseudorandomized order. This order isbased on 2
conditions: first, each stimulus appears as often as in the
antecedent (learning) seguence blocks, and second, the
probability of appearing at 1 of the 4 positions after its
antecedent stimulusisthe same asin thelearning sequence. We
precomputed 1 pseudorandomized sequence (Multimedia
Appendix 1) and used the same pseudorandomized sequence
for each participant. We did not inform participants about the
given configuration. Using the difference between sequential
and pseudorandomized trialsyieldsameasure of skill acquisition
from the SRTT that is specific and sensitive, as measuring
implicit learning by only comparing improved reaction times
in sequenced blocks is confounded by visuomotor association
[71]. Multiple parameters captured through the app were used
for statistical modeling to assess their predictive value, viathe
approach of Hong et al [16] using random forest classification.

After the stimulus appears at position 1, the probability that it
will appear at either position 3 or position 4 is50%, respectively.
After appearing at position 2, itisequally likely that the stimulus
appears next at positions 1, 2, or 4, corresponding to 33% for
each position. After appearing at position 3, the probability for
the stimulusto appear next is 33.33% for position 1 and 66.66%
for position 2. After appearing at position 4, the probability for
the stimulus to appear next at position 2 or position 3 is 50%,
respectively. After apracticetrial, the participants were advised
to react to the stimulus, changing their position as quickly as
possible throughout the blocks. The app recorded the reaction
times and the correctness of the reactions.

JMIR Aging 2024 | vol. 7 | e48265 | p. 6
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Figure 3. Circular order of the serial reaction time task.

Task | mplementation

We developed the mobile touch-based SRTT in Unity 3D,
version 2019.1.0f2 [72] as part of the TUCAN (Tibingen
Cognitive Assessment for Neuropsychiatric Disorders) Project,
which develops a tablet-based test battery app. In afirst pilot
study with university students, we showed that different user
interface designs on the tabl et are comparable and that no effects
are attributable to the design. Moreover, we examined the
usability and preferences of different designs with older
participants in a second pilot study. The usability study is

Mychajliw et al

substantial for older participants to accommodate for possible
low computer and tablet literacy and to ensure that an app is
developed according to the needs of older participants
[60,73,74]. Inthe preceding user tests and pilot studies described
in this section, in which different designs were compared, we
identified a circular compass design as the preferred design
version for older participants (Figure 4). In this design, a
compass dia is placed in the center of the screen and is
surrounded by 4 circles. In the background, an ancient-looking
map isdepicted. A ship’'swheel, asthetarget stimulus, changes
the positions between the 4 circles.

Figure 4. The compass design of the serial reaction time task developed to meet the needs of older participants.

Statistical Analysis

Overview

We performed analyses on the full sample of 45 participants.
In addition, because of significant differences in age between
the groups, all dstatistical analyses were rerun using an
age-matched subsample of 36 participants (18 HCs and 18
participants with Col). The pattern of the results remained
identical, underlining the robustness of the findings to age
differences. Therefore, we only report the results from the full
sample in this study. The results of the matched samples are
reported in the web supplement [75]. Similarly, the assumptions
for all statistical models were checked. In case of assumption

https://aging.jmir.org/2024/1/e48265

violation, we reran the analyses with robust models to ensure
that the pattern of results remained identical. For the sake of
readability, the results of the robust models are only reported
in the web supplement [75].

Analyses Software

We conducted statistical analyses for RQs 1 to 4 using R
software (R version 4.3.2, R Foundation for Statistical
Computing) [76].

We used the Ime4 package (version 1.1-35) to fit (generalized)
linear mixed-effect models [77]. The df and P values were
calculated with the Imer Test package (version 3.1-3) [ 78] using
Satterthwaite approximation for the denominator df. We
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calculated the Clsfor logistic regressions with the broom.mixed
package (version 0.2.9.4) [79] using Wald approximation. We
used the ggplot2 package (version 3.4.4) [80] to create plots,
the stargazer (version 5.2.3) [81], the arsenal (version 3.6.3)
[82], and tab_model from the gjplot (version 2.8.15) [83,84]
packages to create tables.

The criterion of statistical significance was set at Cronbach
0=.05. Theraw dataand R scripts detailing all analyses can be
accessed in the web supplement [75].

Data Cleaning

For all analyses except for the accuracy analysis (RQ 1), we
removed trialswithin blocks according to the following criteria
in the following order: (1) thefirst trial of each block, as these
trials succeed the fixation cross; (2) erroneous trials; (3) trias
following erroneous trials; (4) trials with reaction times <200
ms; and (5) trials with reaction times deviating >2.5 SDs from
the mean within a block, within participants. In total, we
removed 5.36% (723/13,500) of trials.

General Modeling Approach (RQ 1+RQ 3+RQ 4)

Mixed-effect models will be hierarchically constructed from a
full model (containing all fixed and random effects, including
interactions) with a maximum random effects structure to the
model with the best fit according to the Bayesian information
criterion by removing the most complex fixed effects first (ie,
interaction terms). If the complexity of the random effect
structure is not supported by the data (ie, convergence issues),
the random effects structure is reduced, similar to the fixed
effects structure, by removing the most complex termsfirst.

Accuracy (RQ 1)

To contrast the difference in accuracy between the 2 groups,
weran generalized linear mixed-effects modelsusing thelogistic
link function in al trials. Accuracy was computed as the
proportion of correct trials to the total number of trials per
participant per block. The models included group, block, their
interaction, and age as fixed effects and random intercepts for
the participant.

Average Reaction Time (RQ 2)

Analyses of covariance (ANCOVAS) were performed on the
cleaned data (ie, correct trials only) to contrast the difference
in the average reaction time across the learning phase, that is,
excluding the random block. The average reaction time was
computed per participant as the average of the median reaction
time of each block. Thefixed effectswere group, with age, sex,
and years of education as covariates.

On the basis of recommendations for good scientific practice
for reporting ANCOVASs [85], an ANOVA comparing the
average reaction times between groups was aso performed,
showecasing the impact of the covariates on the results.

Implicit Learning (RQ 3) and Learning Curve (RQ 4)

Linear mixed effect (LME) spline modelswith thelast sequence
block as the knot were performed on participants median
reaction times per block to contrast the influence of group,
block, responseincrease, sex, age, education, and theinteraction
between block and group and response increase and group. The

https://aging.jmir.org/2024/1/e48265
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model included random slopes for block and response increase
for the participants. The linear and quadratic effects of blocks
were tested for their contribution to the model fit. To this end,
orthogonal polynomials were computed to encode the linear
and quadratic effects of time. The response increase between
the expected reaction time in the random block, based on the
estimated learning curve during the learning phase in the
sequence blocks, and the measured reaction time in the random
block was coded as follows: We used dummy coding for the
response increase between the expected reaction time in the
random block, based on the estimated |earning curve during the
learning phasein the sequence blocks and the measured reaction
time in the random block. That is, the dummy variable for
response increase is set to O for blocks 1 to 4, and to 1 for the
last and fifth block (“Response increase = 1 if random block,
else 0").

Prediction Model: Classification of Group (RQ 5)

In an exploratory step, we trained random foreststo investigate
how accurately the participants group (Col vs HC) could be
predicted. Theinput features were participants’ mean accuracy
across blocks, participants mean reaction time across the
learning phase (refer to RQ 2), age, and participants’ estimated
learning curve and response increase. In addition, as features
for learning curves (linear and quadratic effect of block) and
implicit learning (response increase, coded as explained in the
Implicit Learning (RQ 3) and Learning Curve (RQ 4) section,
we extracted the predicted values of the LME model with the
median of the ztransformed reaction time per participant per
block as the response and learning curve and implicit learning
as fixed effects. The model included random slopes for the
learning curve and the response increase of the participants.

ML and Prediction Model (RQ 5)

ML approaches have shown promising results in predicting
potential diagnoses and outcomes. These predictive models
combine various parametersthat were collected during the study.
However, only 1 study by Hong et al [16] used an ML approach
to predict participants' cognitive status. Using a random forest
approach [86], they achieved a prediction accuracy of 80.9%.
Thus, using ML approaches to predict participants’ potential
diagnoses rather than only examining group differences may
improve the value of such tasks in cognitive assessments,
enabling their broader use in populations of older individuals.

As explained previously, we used the random forest classifier
to predict whether a participant belonged to the Col group or
the HC group. Repeated nested |eave-one-out cross-validations
were used to optimize hyperparameters and gain unbiased
estimates of the model performance (eg, [86]). Specifically,
each training data set from the initial leave-one-out
cross-validation (outer cross-validation) was further split using
a subsequent leave-one-out cross-validation  (inner
cross-validation). In the inner cross-validation, the number of
trees per forest (range 10-100 in steps of 10), their maximum
depth (range 1-7), and the minimum number of samplesin each
leaf (range 1-5) were optimized using grid search. Subsequently,
to obtain an unbiased measure of accuracy, the best model from
the inner cross-validation was used to predict the test set from
the corresponding outer cross-validation. Finally, this procedure

JMIR Aging 2024 | vol. 7 | e48265 | p. 8
(page number not for citation purposes)


http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR AGING

was repeated 15 times (ie, the same cross-validation procedure
with varying random seeds) to account for random variations
in the modeling procedure. These ML analyses (RQ 5) were
conducted in Julia (version 1.9.3) [87] using the Machine
Learning in Julia (MLJ, version 0.19.2) library [88].

Ethical Consider ations

The study was approved by the ethics committee of the
University Hospital of Tiibingen (332/2016B0O2). Participation
was on avoluntary basisand after written informed consent and
signature. Compliance with data protection and the
implementation and evaluation were based on relevant
regulations, guidelines, and protocoals.

Mychajliw et al

Results

Response Accuracy (RQ 1)

The descriptive statistics for the average response accuracy per
group are shown in Figure 5. The most suitable generalized
linear mixed-effects model using the logistic link function to
predict participants accuracy was obtained through hierarchical
model comparisons, as outlined in the modeling approach in
the General Modeling Approach (RQ 1+RQ 3+RQ 4) section.
The final model contained block, group, and the interaction of
block and group as fixed effects and a random intercept for
participants. Hierarchical model analyses revealed that age did
not contribute significantly to the model fit. The model revealed
asignificant main effect of group (b=-3.64, SE=0.86; z=—4.25,;
P<.001). We further found a significant interaction effect
between block and group (b=0.53, SE=0.23; z=2.33; P=.02).
Themain effect of block was not significant (b=—0.18, SE=0.11;
z=-1.54; P=.12). The models are listed in Table 2.

Figure5. Average response accuracy by group and block. Bars represent the SE of the mean. Col: participants with cognitive impairment; HC: healthy

controls.
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Table 2. Estimates for participants’ response accuracy for the generalized linear mixed-effects models obtained in the hierarchical modeling approach.

The final model is provided in the second column.

Variables Dependent variable: response accuracy
RO: full model containing all fixed and R1: final model, without age as fixed R2: model without age and the interaction
random effects, including interactions® effect? between group and block®
Oddsratio (Cl)  zvaue Pvalue  Oddsratio (Cl) zvalue Pvalue Oddsratio(Cl) zvaue P value
Intercept 270.03 (2.02- 224 .03 552.97 (238.66- 14.73 <.001  332.65(178.96- 18.36 <.001
36181.50) 1281.22) 618.33)
Group 0.02 (0.004-0.15) -4.02 <.001 0.03(0.005-0.14) -4.25 <.001 0.09(0.03-0.29) -4.10 <.001
Block 0.84 (0.67-1.05) -1.54 12 0.84 (0.67-1.05) -1.54 12 1.03(0.91-1.16) 0.49 .63
Age(y) 1.01(0.94-1.08) 0.29 77 _d _d _d _d _d . d
Groupxblock 1.70(1.09-2.66) 2.33 .02 1.70(1.09-2.66) 2.33 .02 _d _d _d

30bservations=225; Bayesian information criterion=420.48.
PObservati ons=225; Bayesian information criterion=415.16.
CObservations=225; Bayesian information criterion=416.91.
dy/ariables do not apply to a specific model.

Aver age Reaction Times During the L earning Phase
(RQ2)

The ANCOVA comparing participants average reaction time
(computed as the average of the median reaction times per
block) during the learning phase between groups while
controlling for age and education revealed a significant
difference in the mean reaction times between participantswith
Col and HC participants (F; 44=22.32; P<.001), with a large

effect size of Cohen degjmaer=1.61 (n,°=0.35). Participantswith

Col were, on average, 198.57 (SE 42.03) ms slower than the
HCs (during the learning phase). Furthermore, an ANOVA
comparing mean reaction times between groups without
covariates was conducted to test the robustness of the findings.
The results showed a significant difference in reaction time
between the participants with Col and the HC groups
(F1,43=37.02; P<.001), indicating a robust effect. Descriptive
dtatisticsfor the average reaction times during the learning phase
are presented in Figure 6, and the results of the statistical
analyses are provided in Table 3.

Figure 6. Descriptive statistics of the average reaction times per group and block. Bars represent the SE of the mean. (A) untransformed reaction times
and (B) z-transformed reaction times. Col: participants with cognitive impairment; HC: healthy controls.
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Table 3. Estimates for participants average reaction time during the learning phase for the analysis of covariance (ANCOVA) and ANOVA models.

Variables Dependent variable: average reaction time

ANCOVA? ANOVAP

b (SE) F test np?2 P b (SE) F test np2 P
Intercept 526.71(164.70) 10.23(1,41) _c .003 729.52(19.22) 1440.53(143) _c <.001
Group 198,57 (42.03) 22.32(1,41) 0.35 <.001 23388(38.44) 37.02(143) 046 <.001
Age(y) 367 (2.12) 2.99(141) 007 .09 _d _d _d _d
Education () -4.52 (5.48) 0.68(1,41) 0.2 41 _d _d _d _d

3R?=0.51, Adjusted R°=0.47, F3 47=14.18; P<.00L.
PR?=0.46, Adjusted R?=0.45, F; 43=37.02; P<.001.
®Not applicable.

dy/ariables do not apply to a specific model.

Implicit Learning and L earning Curve (RQ 3and RQ
4)

The descriptive statistics of the average reaction times per group
aredisplayed in Figure 6. Asthefinal model predicting the raw
reaction times obtai ned through the modeling approach outlined
inthe Statistical Analysis section in the Methods section resulted
in nonnormally distributed residuals, we decided to use
z-transformation of reaction times over the compl ete experiment
per participant to reduce the effect of baseline differences in
reaction times between individuals, which reduced skewness
in the distribution of the residuals across participants. That is,
we entered the median of the z-transformed reaction times per
participant per block asthe responseinto the LME. For models
predicting the z-transformed reaction time, the visual inspection
of theresidual plot did not suggest a significant deviation from
anormal distribution.

Thefinal LME predicting z-transformed reaction times contained
linear and quadratic terms of block, response increase, group,
and the interaction between response increase and block, age,
and education as fixed effects and random slopesfor linear and
quadratic terms of block as well as response increase of
participants (formula: median reaction time [ z-transformed] ~

https://aging.jmir.org/2024/1/e48265

time [linear] + time [quadratic] +response
increase+ group+aget+education in years+response increase;
group+time [linear] + time [quadratic] +response
increase]|participant). The hierarchical model analysesreveaed
that the interaction effect between the linear and quadratic
effects of block and group did not significantly improve the
model fit. The final model revealed a significant main effect of
the linear effect of the block (=-0.44, SE 0.09; t=—4.74;
P<.001), asignificant main effect of the quadratic effect of the
block ($=0.46, SE 0.07; t=6.59; P<.001), a significant main
effect of response increase (3=0.23, SE 0.11; t=2.21; P=.04),
and a significant interaction effect of response increase and
group (B=-0.34, SE 0.12; t=-2.81; P=.01). Regarding the
interaction effect, participantswith Col had asignificantly lower
response increase between the random block and the last
sequence block compared with HC participants. That is, there
was adifferencein response increase of z-transformed reaction
times, obtained from the final model (3=-0.34, SE 0.12), and
the difference in untransformed response increase between
participants with Col (mean 26.83, SD 46.09 ms) and HCs
(mean 45.37, SD 35.59 ms) was 18.54 ms. The effects of group,
age, and education were not significant. Thefinal model, along
with the models investigated using the hierarchical modeling
approach, is provided in Table 4.
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Table 4. Estimates for participants’ z-transformed response increase of the linear mixed-effects models of the hierarchical modeling approach. The

final model islisted in panel C.

Variables Dependent variable: reaction time (z-transformed)
B (SE) t test P value
Panel A: RO: full model containing all fixed and random effects, including interactions®
Intercept 270.03 (-0.12) -0.95 .34
Group 0.07 (0.06) 118 24
Time (linear) -0.43 (0.09) -4.57 <.001
Time (quadratic) 0.47 (0.07) 6.53 <.001
Response increase 0.22 (0.12) 197 .06
Age(y) 0.001 (0.002) 0.44 67
Education (y) -0.01 (0.004) -1.63 11
Group x response increase -0.43 (0.23) -1.90 .06
Group x time (linear) 0.02 (0.19) 0.12 .90
Group x time (quadratic) 0.08 (0.14) 0.57 .57
Panel B: R1: model without the interaction between group and quadratictimeb
I ntercept -0.12 (0.12) -0.97 .34
Group 0.05 (0.04) 1.08 29
Time (linear) -0.44 (0.09) -4.65 <.001
Time (quadratic) 0.46 (0.07) 6.59 <.001
Response increase 0.23(0.12) 2.09 .04
Age(y) 0.001 (0.002) 0.43 67
Education (y) -0.01 (0.004) -1.63 A1
Group x response increase -0.33(0.15) -2.24 .03
Group x time (linear) -0.03 (0.17) 0.15 .89
Panel C: R2: final model without the interaction between group and quadratic and linear time®
I ntercept -0.12 (0.12) -0.97 .34
Group 0.05 (0.04) 1.16 25
Time (linear) -0.44 (0.09) -4.74 <.001
Time (quadratic) 0.46 (0.07) 6.59 <.001
Response increase 0.23(0.12) 2.09 .04
Age(y) 0.001 (0.002) 0.43 67
Education (y) -0.01 (0.004) -1.63 A1
Group x response increase -0.34(0.12) -2.81 .007
Panel D: R3: model without theinter action between group and quadratic and linear time, and without theinter action between responseincrease
and groupd
Intercept -0.13(0.12) -1.04 .30
Group -0.03 (0.03) -1.05 .30
Time (linear) -0.44 (0.09) -4.74 <.001
Time (quadratic) 0.46 (0.07) 6.59 <.001
Response increase 0.27 (0.12) 2.33 .02
Age(y) 0.001 (0.002) 0.44 .66
Education (y) -0.01 (0.004) -1.63 A1

80bservations=225; Bayesian information criterion=150.74.
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bObservattion;225; Bayesian information criterion=145.66.
®Observations=225; Bayesian information criterion=140.27.
d0bservations=225; Bayesian information criterion=142.40.

Prediction Modédl: Classification of Group (HC vsCol;
RQ 5)

Random forest classification predicting the group (Col or HC)
was computed using (1) standardized ordinal linear, (2) quadratic
trendsin reaction time for the sequence blocks, (3) standardized
response increase, (4) age (years), (5) education (years), (6)
response accuracy, and (7) average reaction timein milliseconds

Mychajliw et al

asfeatures. To extract features 1 to 3, werefitted the LM E from
RQ 3 without the fixed effects of group, age, and education as
well as the corresponding interaction terms. These models
showed an average prediction accuracy of 77.13% (95% CI
74.67%-81.33%) across the repeated, nested leave-one-out
cross-validation. The receiver operating characteristics curve
isshownin Figure 7.

Figure 7. Receiver operating characteristic (ROC) curve for the prediction of cognitive impairment.
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Discussion

Principal Findings
Overview

In this study, we presented and evaluated a digital tablet—based
app featuring a variant of the SRTT to facilitate the diagnosis
of implicit learning and memory and use it to predict the
assignment of the diagnosis of Col using an ML modeling
approach. The app focuses on use in clinical routines and is
based on computer-based studies and the findings of the SRTT.
We evaluated our tablet-based SRTT with 27 HC participants
and 18 older participants with mild to moderate Col. We
performed statistical analyses to evaluate the replicability and
transfer of the results of previous (computer-based) SRTT
studies with older participants with Col to our tablet-based
version of the SRTT. In addition, we deployed an ML modeling
approach using a random forest classification to predict the
participants’ group assignments (HC vs Col). On the basis of
the RQs outlined in the Introduction section, the resultsindicate
that we were ableto transfer the findings of previous studiesto
a tablet-based implementation of the SRTT in this study. We
found the same significant performance differences between
HC and Col groups, and our ML modeling approach achieves
promising resultsin predicting participants group assignments.
In summary, our results indicate that the SRTT paradigm is
transferable to (touch-based) tablet devices, and the results
obtained with our app are comparablewith previously published
findings. The RQs and their findings are as follows:

https://aging.jmir.org/2024/1/e48265

1. Do participants with Col and HC participants differ
significantly in response accuracy? That is, do participants
with Col €licit more errors than HC participants?

+ Paticipants with Col conducted, on average,
significantly more errors per block than HC
participants. We found no interaction between the block
and the group.

2. Do participants with Col and HC participants differ in
average reaction times during the learning phase? That is,
are participants with Col systematically slower than HC
participants?

»  Participants with Col showed a significantly slower
reaction time—on average, approximately 200 ms
slower than HC participants (during thelearning phase),
with a large effect size of Cohen degimaeq=1.61

(n,’=0.35).

3. Do participants with Col and HC participants differ in
implicit learning? That is, is the response increase in the
random block compared with the learning curve
significantly lower?

»  Participants with Col showed a significantly lower
response increase than HC participants on
z-transformed reaction times.

4. Do participants with Col show a different learning curve
during the learning phase than HC participants?
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- No dignificant differences were observed between
participants with Col and HC participants in terms of
linear, quadratic, or cubic learning curves.

5. Can wereliably predict participants groups using an ML
prediction model?
- A random forest classification achieved an average
prediction accuracy of 77.13%.

In this study, we used atouchscreen-based version of the SRTT.
Thus, our results may differ from those of previous studiesusing
keyboard or button box input because of the change in medium.
Wefound the same effectsin our tablet-based version previously
found in comparable SRTT setups [8,27]. Thus, changing the
medium does not significantly change the pattern of implicit
learning in older participants with little prior knowledge of
technology. The analysis of the parameters of the SRTT with
models predicting participants groups alows us to make
predictions about cognitive status and diagnoseswith arelatively
high accuracy. Even if only limited statements about isolated
and pure implicit learning are possible [71,89], the app can be
appliedindaily clinical routineswith older participantsto collect
diagnostic neuropsychological information.

Response Accuracy (RQ 1)

We found response accuracy to be lower in participants with
Cal, in line with previous findings [8,14]. A low response
accuracy may indicate difficulties in understanding and
memorizing the task instruction, considering the hypothesis of
difficulties with task comprehension [8,71,89]. In this study,
we altogether excluded 4 participants from the analysis owing
to difficultieswith the task or attention and behavior difficulties
or discontinuation of the examination. Among them, we
excluded 2 participants who failed to complete the experiment,
1 participant because of low response accuracy, and 1 with
exceptionally prolonged reaction times. This number is
comparable with reported exclusionsin other studies[8]. After
exclusion, participantsfrom the Col group still had apercentage
of correct trids of approximately 95%, compared with
approximately 99% to 100% in the HC group. However, both
numbers were still very high. Given the assumption of a strong
influence of understanding the task instruction as a foremost
parameter, asdiscussed in arecent review [8], wewould suppose
a lower response accuracy. Thus, the exclusion we made was
in a manner that did not result in a systematic methodol ogical
error [8]. In summary, we were able to replicate previously
published findings on a computer-based SRTT. At the same
time, the results indicate that differences in response accuracy
are not caused by task incomprehension or methodological
errors, indicating the ecological reliability and applicability of
our findings.

Reaction Time (RQ 2)

Similarly, we found differences in reaction times between the
Col and HC groupsin thelearning phase (Cohen Jugtimates=1-61;

np2=0.35; participantswith Col were, on average, approximately
200 ms slower). Thisfinding follows most previous studies on
reaction times in general [90] and in the SRTT in particular
[14,16,91]. This finding can be explained by general RT
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differencesin participants with mild and moderate Col and AD
owing to vigilance, cognitive, and psychomotor impairments
[92], for example, caused by degeneration of thelocus coeruleus
[90,93].

Response I ncrease (RQ 3)

As a third factor, we found a significant difference in the
response increase between the groups, represented by the
difference between the estimated reaction time of the fitted
learning curve and the measured reaction time in the random
block. As shown in Figure 6, we observed a response increase
for both groups. However, the Col group showed asignificantly
lower response increase than the HC group, which againisin
line with previous findings [8,14]. A lower response increase
indicates a less sustainable learning of the sequence. That is,
this indicates more than just motor learning and growing
familiarity with the task [71]. The response increase in the
classical SRTT paradigm has been used as a valuable and
verified measure for (differences in) implicit learning [8,24].
Although more basic research scholars recommend a more
complex paradigm, for example, with aternating sequencesto
differentiate different forms of learning more precisely [71,89],
we opted for the straightforward approach of contrasting
sequenced blocks with a random block to gain a sensitive and
specific measure of skill learning for practical use in everyday
clinical practice through a short and easy-to-perform task.

Learning Curve (RQ 4)

According to RQ 4, all participants showed improved reaction
times across the 4 sequence blocks, indicating learning gains
in both groups. These findings align with those of previous
studies with comparable paradigms and samples [8,14]. With
a more differentiated group division, we may find differences
in the dope of the curve, which may indicate a more
distinguished learning gain in the HC group. Motor learning
and familiarity with such tasks certainly interfere with this
finding. To what extent motor learning and familiarity with the
task affect the learning curve cannot be differentiated at this
point.

Prediction Model: Classification of Group (RQ 5)

The prediction model obtained through a random forest
classification showed an accuracy of 77.13% in predicting the
participants’ group (HC vs Col) correctly. This performanceis
comparable with that of the study by Hong et a [16], who
achieved an accuracy of 80.9% with a similar but lengthier
version of the SRTT containing 4 learning and 4 random blocks
of 48 tridls each (384 trials total). In contrast, our version
consisted of 5 blocks of 60 trials each, for atota of 300 trials.
In addition, we achieved our results with a more robust ML
approach using repeated nested cross-validation. Taken together,
we achieved comparable accuracies using only the relatively
short and straightforward SRTT paradigm combined with a
robust random forest classification. This fact indicates the
acceptable accuracy of the diagnosis classifications, despite
only acoarse diagnosisclassification. Thisinsight is promising
for future practical use.
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Implicit Memory asa Part of Digital
Neuropsychological Diagnostics

The development of neuropsychological deficits in explicit
memory has been thoroughly researched and described and has
become an integral part of dementia diagnostics. The role of
implicit memory in the diagnosis and distinction of different
subtypes of dementia has been scarcely investigated so far. In
neuropsychological diagnosticsand dementiaresearch, implicit
memory can be seen as an additional important domain in the
entire pattern of deficits [94]. The use of digital assessment
tools [57] can simplify examinations of implicit memory in
clinical practice routines; even if overlaps in diseases exist,
different participants show different deficit patterns in the
process of neurodegeneration [95,96], partly also because of
mixed subtypes of dementia [55,56]. This heterogeneity in
neurodegeneration can also be seen as a relevant cause of
inconsistent research outcomes [8,14] and, of course, needs
further research on specific tasks such as the SRTT. On the
basis of further research, differential diagnoses can besimplified
using atool similar to the one described in this study.

Asdifferent subtypesand mixed subtypes[55,56] have different
progression types, paradigms such as the SRTT used for this
study can helpinthedifferential diagnosis of different dementia
subtypes. When diagnosing the neuropsychological profiles of
mixed dementia subtypes, a deeper and more differentiated
examination at the level of explicit and implicit memory may
be helpful. Using ML prediction can provide further benefit in
differentiating diagnostic information based on future clinical
studies that include more detailed and comprehensive
diagnostics. Even thismethodol ogically broad approach to group
classification and the transdiagnostic and heterogeneous Col
group yielded significant results. Therefore, amore sophisticated
approach to discriminate diagnosis groups will provide at least
comparable results.

Onegoal of thisstudy wasto devel op an assessment tool usable
inclinica practice without exposing participantsto unnecessary
strains because of the length and complexity of the task. In
developing a tablet-based tool relying on preceding user tests
with older participants, we provided a short and transportable
assessment instrument suitable even for older participants with
Col.

Relevance of This Study

Inthisstudy, weinvestigated atouch-based version of the SRTT
in asample of older participants. No control through hardware
devices such as keyboards or response boxes was necessary;
participants responded directly to the visual target stimuli with
their fingers. The response increase and overall high response
accuracy, even in participants with Col, indicate that the
paradigm we used is manageable and appropriate for older
participants and that the origina button-based paradigm is
transferrable to tablets.

In our study, exploring an undifferentiated and roughly divided
sample, significant differences between the groups were found.
The application of statistical models enables the inclusion of
features that exceed mere implicit memory, such as response
increase. Therefore, the random forest trained achieved a
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prediction probability of the diagnosis groups of 77.13%. The
accuracy of group prediction in our study is comparable with
the accuracy reported by Hong et al [16].

Different definitions and concepts of learning are commonly
used, based on different memory models, partly as different
subtypes. We adhereto “implicit learning” asan umbrellaterm,
as our task is too unspecific to distinguish more sophisticated
terms and to differentiate which parts of the process can be
explained through motor learning or sequence learning. Our
essential objective was not to devel op an experimental paradigm
for the laboratory to distinguish forms of learning clearly but
to provide a ssimple screening usable as part of a short battery
of testsin clinical practice. Such tests could help to distinguish
different diagnostic groups in real-life practice.

Limitations and Strengths

The study was initially part of atechnical feasibility study for
tablet use that did not address the conventional quality criteria
of a clinica trial but had high ecologica validity. Trained
professional teams made the diagnoses after an extensive
examination. Thus, classification into groups was based on the
judgments of trained specialistss and confirmed by
interdisciplinary teams, as neuropsychological and depression
scores were not available for al participants.

Divergent paradigms that can distinguish implicit and motor
learning more sensitively are available. A more profound
distinction between learning processes is not possible with the
paradigm used in this study. We intended not to develop a tool
for laboratory purposes but a user-centric tool that is usablein
the clinic. Using statistical models, we are not limited to the
exact distinction.

Taken together, the specific properties of thetask partly explain
the results found in our study. A pattern of stimuli alternating
between random and sequence trials, for example, ensures the
discrimination of explicit and implicit memory [32-34]. We
chose amore focused approach without aternating patterns, as
the use of statistical models for diagnostic information on
implicit memory does not depend solely on accurately
differentiated implicit memory processes in the experimental
paradigm but on a variety of parameters. We aso included
parameters such as reaction times and learning gains in the
statistical model. The objective of thetask isnot to map implicit
learning as accurately as possible but to collect featuresthat can
be used in astatistical model to predict diagnostic information.
The sequencelength can be seen asa second factor. Inthis case,
the well-proven and original sequence by Nissen and Bullemer
[24] was used. Thus, we do not expect variationsin the sequence
or sequence length used in this study to result in the differences
we found.

By contrast, a short tool that is easy to use in daily clinical
practice is available to assess implicit memory on atablet, for
example, even at the bedside and not only in the laboratory.
Because of the nature and implementation of the task,
interruptions and early termination by participants who are
stressed are less likely. In addition, participants do not receive
negative feedback or fedlings in the SRTT compared with
explicit memory tasks, where they may experience failure in
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repeating words, drawing figures, or calculating numbers. By
not only including pure reaction times but also responseincrease
and response accuracy in a ML model, reliable predictions
regarding diagnoses can be made with relatively little data and
within a short time. Comparable results, asin previous studies,
can be achieved with our app more quickly and simply.

Overdl, a reliable assignment of the diagnoses and high
ecological validity are possible with the app’srelatively smple
and short execution because of the use of ML algorithms. This
assignment is preferable for a clinical setting, where brief
assessments are essential . The datashow that the short procedure
is effective and yields results comparable with those obtained
with more extended tests.

Future Studies

In the future, larger samples are needed to test the ahility to
discriminate similar conditions with heterogeneous cognitive
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symptom patterns such as dementia and delirium and different
dementiasubtypes. Asimplicit impairments are transdiagnostic,
the SRTT and similar tasks have been examined with different
samples[25]; however, only afew studies were performed with
atouchscreen. Shortened versions of the task may facilitate the
execution of the task to prevent cognitive overload in
participants considered more impaired.

On the basis of more differentiated neuropsychological
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be identified, especialy when implementing additional
information into statistical models. The SRTT can aso be
combined with another short task as another promising way to
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test.
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