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Abstract: Self-administered computerized assessment has the potential to increase the reach of

neuropsychological assessment. The present study reports the first split-half reliability estimates

for a self-administered computerized variant of the Wisconsin Card Sorting Test (WCST), which is

considered as a gold standard for the neuropsychological assessment of executive functions. We

analyzed data from a large sample of young volunteers (N = 375). Split-half reliability estimates for

perseveration errors, set-loss errors, and inference errors were all above 0.90. Split-half reliability

estimates for response time measures on switch and repeat trials exceeded 0.95. Our results indicated

sufficient split-half reliability for a self-administered computerized WCST, paving the way for an

advanced digital assessment of executive functions. We discuss potential effects of test formats,

administration variants, and sample characteristics on split-half reliability.

Keywords: Wisconsin Card Sorting Test; executive functions; neuropsychological assessment;

computerized assessment; reliability generalization; split-half reliability

1. Introduction

The reach of neuropsychological assessment is limited by its conventional assess-
ment set-ups that typically require face-to-face expert-administration of paper-and-pencil
tools. Self-administered online assessment addresses these efficiency constraints by al-
lowing examinees to complete computerized tools remotely without expert supervision.
Self-administered online assessment and related approaches to remote neuropsycholog-
ical assessment (e.g., teleneuropsychology) have received increasing interest in recent
years [1–8]. The COVID-19 pandemic, which poses a potential threat to examinees and
examiners in conventional assessment set-ups, is likely to intensify this development [9–11].

Progress with regard to the practical implementation of self-administered online as-
sessment depends on the translation of well-established assessment tools into a suitable
format [2,5,12]. The present study addresses two translation steps that are crucial for the
practical implementation of self-administered online assessment. First, assessment tools
need to be converted from traditional paper-and-pencil format into computerized format,
enabling examinees to use these tools by means of their own electronic devices. Second,
assessment tools must provide sufficient information for successful self-administration. Ide-
ally, these translation steps are completed in a way that retains the psychometric properties
of the original neuropsychological tool [6,7,12–14]. The present study is concerned with the
Wisconsin Card Sorting Test (WCST) [15,16], which is probably the most frequently used
neuropsychological tool for the assessment of executive functions [17–19]. We examine
split-half reliability of speed and accuracy measures of a self-administered computerized
WCST variant. We collected data from a sample of young individuals, who were group-
wise tested in the lab. Hence, the present study presents a step along the way towards fully
remote neuropsychological assessment.
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The WCST presents participants with four key cards that depict one red triangle, two
green stars, three yellow crosses, and four blue circles. Participants have to sort stimulus
cards to key cards according to the color, the shape, or the number of depicted objects.
Following any card sort, participants receive positive or negative feedback indicating
whether he or she was right or wrong. Successful performance on the WCST requires
participants to establish abstract cognitive sets, i.e., to sort stimulus cards by the color,
shape, or number category [20]. Participants are supposed to switch the applied cognitive
set following negative feedback. In contrast, participants are supposed to maintain the
applied cognitive set following positive feedback.

The WCST provides a number of performance indices that were designed to tap
different aspects of executive functions [20–22]. The number of perseveration errors (PE)
refers to the number of failures to shift the applied cognitive set on trials following negative
feedback (i.e., switch trials). The number of set-loss errors (SLE) refers to the number of
failures to maintain a cognitive set on trials following positive feedback (i.e., repeat trials).
Moreover, the number of inference errors (IE) has been introduced as an additional type of
error that can provide incremental information about participants’ performance [22–24].
The number of IE refers to the number of failures to infer the prevailing category when
participants received all necessary information to do so (i.e., on inference trials, which are
a sub-type of switch trials). Figure 1 gives illustrative examples of switch, repeat, and
inference trials.

There are several well-established manual WCST variants [21,25–28] that require
conventional face-to-face expert-administration. On manual WCST variants, the examiner
presents participants with concrete key and stimulus cards that are placed in front of the
participant. Participants indicate card sorts by moving stimulus cards next to the intended
key card. The examiner provides participants with verbally uttered feedback (i.e., ‘correct’
or ‘incorrect’) following any card sort. Test lengths differ between manual WCST variants,
ranging from the completion of 48 trials [26,27] to the completion of 128 trials [21]. Test
instructions are verbally provided by the examiner (for an example, see [20]).

There are also a number of computerized WCST variants [29–32]. The present study is
concerned with the cWCST [25]. The cWCST presents participants with target displays on
a computer screen. Target displays consist of key cards that appear invariantly above stim-
ulus cards. Participants indicate their card sorts by pressing one of four keys on a conven-
tional computer keyboard that spatially map key card positions. Following any key press,
participants receive a visual feedback cue (i.e., “SWITCH” or “REPEAT” [23,25,30,31]). The
cWCST requires participants to complete an increased number of trials when compared
to common manual WCST variants. The cWCST ends after the completion of 40 switches
of the prevailing sorting category (around 160 trials) or the completion of a maximum of
250 trials. In contrast to manual WCST variants, the cWCST provides participants with
test instructions on the computer screen. Figure 1 depicts an illustrative example of a trial
sequence on the cWCST.

The cWCST can be executed on personal computers. Moreover, the cWCST is designed
in a way that should enable participants to successfully self-administer that test. Hence, the
cWCST may be suitable for a self-administered online assessment of executive functions.
The cWCST also offers a number of additional advantages over manual WCST variants. For
example, the cWCST allows to complement the assessment of error scores (e.g., the number
of PE, SLE, and IE) along with response time (RT) measures, providing valuable information
about participants’ performance [23,33–36]. The high trial number of the cWCST also
renders robust implementation of computational modeling possible [24,37–40]. Against
this background, the cWCST could provide an advanced understanding of executive
functions that remains difficult to achieve by manual WCST variants.
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There are only a few studies that reported reliability estimates for manual WCST
measures [45], and there are even less studies that reported reliability estimates for com-
puterized WCST measures [46–49]. These studies almost entirely used conventional face-
to-face expert-administration set-ups. Moreover, these studies mainly reported test–retest
reliability estimates for WCST measures. Test–retest reliability estimates are obtained by
correlating data from two distinct WCST administrations that were separated by relatively
long-lasting time intervals (ranging from less than a day to 30 months [45]). A review
of reliability studies of manual WCST variants [45] indicated an across-studies average
test–retest reliability estimate of 0.56 for the number PE and 0.16 for failures to maintain
set (which roughly correspond to the number of SLE). Test–retest reliability estimates for
the number of PE and SLE on computerized WCST variants seem to be comparable in
size [46]. These test–retest reliability estimates are far from values which are considered as
the desirable minimum (i.e., r = 0.90; see page 265 of [44]), putting the conception of WCST
measures as reliable indicators of executive functions into doubt [50].

In a recent study [20], we argued that test–retest reliability estimates are not infor-
mative with regard to most contexts in which the WCST has been applied. Test–retest
reliability estimates refer to the temporal stability of a measure. However, most frequently,
the temporal stability of WCST measures is of less importance, rendering estimates of
the internal consistency reliability more appropriate and informative. Split-half reliability
estimates are common indicators of internal consistency reliability [42,51,52]. Split-half
reliability estimation is applicable whenever a measurement consists of repeatedly ad-
ministered trials (or items [20,53]). The total number of trials of a test is divided into two
discretionary construed test halves, such as the first and second test halves or subsets of
trials with odd and even trial numbers. Performance indices are calculated for each test
half (e.g., by counting the number of PE on the first and second test half). The correlation
between performance indices on test halves, when corrected for test length, gives an esti-
mate of a measure’s split-half reliability [42,51,52]. Note that reliability estimates may also
be obtained by computing intra-class correlation coefficients. However, this method is of
no further interest for the present study.

There are many different options to split a test into halves, and there is an equal num-
ber of available split-half reliability estimates for a single measure [20,41,53]. For example,
researchers may choose to report split-half reliability estimates obtained from first/second
half splits. Alternatively, researchers could also choose to report typically higher estimates
obtained from splitting the test by odd/even trial numbers [54,55]. Sampling-based ap-
proaches to split-half reliability allow to assess the bias that is associated with such arbitrary
test splits [20,41,53,56–60]. Sampling-based split-half reliability estimates are computed by
iteratively applying random test splits. For any random test split, a split-half reliability
estimate is computed. The resulting frequency distribution of all sampled split-half relia-
bility estimates is informative about potential biases toward higher or lower ends of the
range of all achievable split-half reliability estimates. The median of the resulting frequency
distribution is furthermore considered as an unbiased estimate of a measure’s split-half
reliability [53].

In a recent study [20], we investigated sampling-based split-half reliability estimates
for manual WCST measures in a conventional face-to-face expert-administration set-up.
Median sampling-based split-half reliability was 0.92 for the number of PE and 0.69 for
the number of SLE in a sample of neurological inpatients. These split-half reliability
estimates are considerably higher than the test–retest reliability estimates reported by
previous studies [45]. Thus, the number of PE (and to a lesser degree the number of SLE)
on this manual WCST variant seem to exhibit adequate split-half reliability in samples of
neurological inpatients in conventional assessment set-ups.

To our knowledge, there are no investigations of split-half reliability of the cWCST
yet. Our present study aimed at closing this gap by reporting the first split-half reliability
estimates for the cWCST when self-administered in a laboratory. We report split-half
reliability estimates for common error scores (i.e., the number of PE, SLE, and IE) as well as
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for typical cWCST RT measures (i.e., mean RT on switch, repeat, and inference trials; see
Figure 1). We investigated a large sample drawn from the population of young volunteers,
which have been frequently studied by computerized WCST variants [23,25,29,31,61,62].
We calculated split-half reliability estimates from systematic test splits (i.e., first/second
half split and odd/even split) as well as from iteratively sampled random test splits.

2. Materials and Methods

2.1. Data Collection

A sample of N = 407 participants (155 male, two preferred not to say; m = 23.47
years; SD = 4.83 years) completed the cWCST while participating in one of the two studies
reported by Lange and Dewitte [25]. Participants were recruited from the subject pool of the
Faculty of Economics and Business at KU Leuven, Belgium. The majority of participants
(90%) were students and indicated to speak Dutch as their first language (66%), but
as the subject pool also included many international students, all study materials were
administered in English. We excluded 32 participants because of invalid test performance.
We considered test performance as invalid when any category was more frequently or
less frequently applied than the overall mean of applications of that category plus/minus
three standard deviations. The final sample included N = 375 participants (144 male, one
preferred not to say; m = 23.17 years; SD = 4.37 years). For details of data collection, see [25].

2.2. cWCST

Participants indicated card sorts by executing one of four responses. Response keys
spatially mapped the position of key cards (i.e., one red triangle, two green stars, three
yellow crosses, and four blue circles). A positive or negative visual feedback cue (“REPEAT”
or “SWITCH”, respectively) followed any response execution. Feedback cues appeared
500 ms after response execution and remained on screen for 300 ms. Previous studies
in non-clinical populations (e.g., [23,63]) revealed this presentation to be sufficient for
feedback-cue perception. The next stimulus card and key cards appeared 500 ms after
feedback cue offset and remained on screen until response detection. The prevailing
category switched unpredictably following runs of two or more repetitions of the same
sorting category. Participants completed a short practice block prior to the experimental
block, which ended after six switches of the prevailing category. The experimental block
ended after 40 switches of the prevailing category or the completion of 250 trials (including
six practice runs). Participants were presented with test instructions before the first practice
run. That is, participants received information about the viable categories and about the
fact that the prevailing category periodically switches. Test instructions are available from
www.osf.io/3ny95. The cWCST was programmed by means of OpenSesame [64] and it is
also available from www.osf.io/3ny95.

We tested participants in groups of up to six people. Upon entering the laboratory,
the experimenter instructed each group of participants to leave any potentially distracting
materials (e.g., cell phones) in the entrance area of the laboratory before directing each
participant to a partially enclosed testing cubicle. In the testing cubicle, the cWCST and all
task instructions were administered on a personal computer. We offered participants the
possibility to contact the experimenter in case of questions, but only few participants made
use of this option. When contacted, the experimenter solely repeated the instructions that
had been provided on the computer screen. During the assessment, the experimenter took
a seat in the entrance area, about 5–10 m away from the different testing cubicles and out
of sight of all participants.

We considered three trial types for reliability analysis: switch trials, repeat trials, and
inference trials [23]. Figure 1 gives illustrative examples of these trial types. Switch trials are
any trials that follow negative feedback. On switch trials, participants committed a PE by
repeating the previously applied category. Repeat trials are any trials that follow positive
feedback. On repeat trials, participants committed a SLE by switching the previously
applied category. Inference trials are a sub-type of switch trials. Inference trials are any
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trials that follow a switch trial on which the applied category was switched but again
followed by a negative feedback. As, after a switch trial, the correct sorting category does
not change before it has been identified, participants have all necessary information to
infer the prevailing category on inference trials (see Figure 1 for an example). They have
received negative feedback for applying two of the three sorting rules, so they can infer
that the third sorting rule must now be correct. Participants committed an IE by applying
any other category than the prevailing category on an inference trial. For any participant,
we computed the number of committed PE, SLE, and IE.

For RT analysis, we excluded all trials with RT faster than 100 ms or RT slower than
an individual RT cut-off. We defined the individual RT cut-off as three individual standard
deviations above the mean RT of that participant [23]. We also excluded all trials on which
participants committed a PE, an SLE, or an IE. For the remaining trials, we computed
individual mean RT on switch, repeat, and inference trials. Trial exclusion criteria for RT
analysis were consistent with previous cWCST studies [23].

2.3. Split-Half Reliability Estimation

For split-half reliability estimation, we considered systematic test splits as well as
iteratively sampled random test splits [20,41,53]. Systematic test splits were obtained by
splitting the total of a participants completed trials (1) into first and second halves and
(2) into odd and even numbered trials. Sampling-based split-half reliability estimation
comprised 1000 randomly assembled test splits. For any applied test split (i.e., first/second
half split, odd/even split, and any random split), we computed the number of PE, SLE, and
IE as well as mean RT on switch, repeat, and inference trials. For any of these performance
indices, Pearson correlation coefficients r were computed between corresponding test
halves and corrected for test length by the Spearman–Brown formula [51,52]

rSB = 2r/(1 + r) (1)

For sampling-based split-half reliability estimation, we summarized the frequency
distribution of all sampled rSB by its median and the 95% highest density interval (HDI).
The 95% HDI contains 95% percent of sampled split-half reliability estimates [20,53]. We
used a modified variant of RELEX for split-half reliability analysis [53]. That is, the modified
version of RELEX automatically computed means and standard deviations of conditional
error probabilities and response times for any considered test half. RELEX is a Microsoft
Excel-based software tool for split-half reliability sampling. Split-half reliability analyses
are available from https://www.osf.io/3ny95/.

3. Results

3.1. Descriptive Statistics

Table 1 shows descriptive statistics for the number of committed PE, SLE, and IE.
Participants completed an average of 168.59 trials (SD = 14.38). About 83.12 (SD = 18.68)
of these trials were switch trials on which participants committed an average of 12.16 PE
(SD = 13.65). About 82.71 trials (SD = 8.30) were repeat trials. On repeat trials, participants
committed an average of 5.03 SLE (SD = 7.07). Participants completed an average of
27.95 inference trials (SD = 8.30) with about 8.46 IE (SD = 8.82) committed.
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Table 1. Descriptive statistics and split-half reliability estimates for the number of PE, SLE, and IE. SD = standard deviation;

HDI = highest density interval.

Number of
Committed Errors

Split-Half Reliability Estimates

First/Second Half Split Odd/Even Split

Random Test Splits

Median
95% HDI

Error Type Mean SD Lower Upper

Perseveration Errors 12.16 13.65 0.8465 0.9515 0.9434 0.9318 0.9534
Set-Loss Errors 5.03 7.07 0.8269 0.9226 0.9076 0.8843 0.9259
Inference Errors 8.46 8.82 0.7455 0.9313 0.9020 0.8819 0.9185

For RT analysis, we excluded 0.03% of all trials because of a RT faster than 100 ms
and we excluded 1.93% of all trials because of a RT slower than the individual cut-off.
We also excluded those trials on which a PE, an SLE, or an IE was committed. Table 2
shows descriptive statistics for the number of remaining switch, repeat, and inference trials
as well as for RT on these trial types. Remaining valid trials for RT analysis were about
68.76 switch trials (SD = 8.94), 77.41 repeat trials (SD = 13.18), and 18.98 inference trials
(SD = 3.74). Mean RT were fastest on repeat trials (m = 1241 ms; SD = 441 ms), followed by
inference trials (m = 1700 ms; SD = 636 ms) and switch trials (m = 1835 ms; SD = 694 ms).

Table 2. Descriptive statistics and split-half reliability estimates for RT measures. SD = standard deviation; HDI = highest

density interval. Response times in milliseconds.

Descriptive Statistics Split-Half Reliability Estimates

Valid Trials Response Time
First/Second

Half Split
Odd/Even

Split

Random Test Splits

Median
95% HDI

Trial Type Mean SD Mean SD Lower Upper

Switch Trial 68.76 8.94 1835 694 0.9370 0.9772 0.9721 0.9653 0.9772
Repeat Trial 77.41 13.18 1241 441 0.9173 0.9481 0.9573 0.9190 0.9731

Inference Trial 18.98 3.74 1700 636 0.8183 0.8330 0.8510 0.8059 0.8802

3.2. Split-Half Reliability Estimation

Table 1 and Figure 2 show split-half reliability estimates for the number of PE, SLE,
and IE. For all error scores, medians of sampling-based split-half reliability estimation fell
in the range between 0.90 < rSB < 0.95. The median of sampling-based split-half reliability
estimation was highest for the number of PE, followed by the number of SLE, and the
number of IE. Split-half reliability estimates obtained from first/second half splits were
overall lower than medians of sampling-based split-half reliability estimation. In contrast,
split-half reliability estimates obtained from odd/even splits were overall higher than
medians of sampling-based split-half reliability estimation.

Table 2 and Figure 3 show split-half reliability estimates for mean RT on switch, repeat,
and inference trials. For mean RT on switch and repeat trials, medians of sampling-based
split-half reliability estimation were higher than 0.95. In contrast, the median of sampling-
based split-half reliability estimation for mean RT on inference trials was considerably lower
(rSB = 0.85). Again, split-half reliability estimates obtained from first/second half splits
were overall lower than medians of sampling-based split-half reliability estimation. Only
for mean RT on switch trials, the split-half reliability estimate obtained from the odd/even
split was higher than the median of sampling-based split-half reliability estimation.
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from a large sample of young volunteers indicated overall high split-half reliability esti-
mates for the number of PE, SLE, and IE: medians of sampling-based split-half reliability
estimation of these measures fell in the range between 0.90 < rSB < 0.95. Moreover, medians
of sampling-based split-half reliability estimation of mean RT on switch and repeat trials
exceeded 0.95. Our results suggest that these cWCST measures provide adequate split-half
reliability when self-administered in a sample of young volunteers.

Neuropsychological assessment’s reach is limited by its conventional administration
set-ups that require face-to-face expert-administration of paper-and-pencil tests. Self-
administered online assessment addresses these limitations by enabling examinees to
remotely self-administer computerized assessment tools [6–8]. However, the practical
implementation of self-administered online assessment requires the translation of well-
established paper-and pencil assessment tools to digital format. Such translations to digital
format typically necessitate changes in perceptual, cognitive, and/or motor features [2].
For example, manual WCST variants [21,26–28] present participants with concrete key and
stimulus cards, whereas the cWCST presents participants with key and stimulus cards on
a computer screen. On manual WCST variants, participants indicate their card sorts by
placing stimulus cards next to key cards. In contrast, the cWCST requires participants to
indicate card sorts by pressing one of four keys. On manual WCST variants, the examiner
provides participants with verbal feedback, whereas the cWCST presents participants with
visual feedback cues. These differences between manual WCST variants and the cWCST
may impact reliability [2,5]. However, we found similar split-half reliability estimates for
the cWCST as reported for a well-established manual WCST variant (i.e., the M-WCST [20]).
For example, medians of sampling-based split-half reliability estimation for the number of
PE was 0.94 for the cWCST and 0.92 for the M-WCST [20]. Thus, the named differences in
test format between manual WCST variants and the cWCST do not seem to exert strong
impact on split-half reliability.

The practical implementation of self-administered online assessment also requires the
shift from face-to-face expert-administration to self-administration of assessment tools. On
manual WCST variants, participants are provided with test instructions by the examiner.
As participants are under constant supervision, the examiner may intervene if there are any
(severe) deviations from the instructed behavior. In the present study, participants received
cWCST instructions on the computer screen and were not supervised by the examiner.
However, split-half reliability estimates for the self-administered cWCST were similar to
split-half reliability estimates for the face-to-face expert-administered M-WCST [20]. Hence,
self-administration of the cWCST when compared to conventional face-to-face expert-
administration of the M-WCST seems to exert no strong impact on split-half reliability.
It should be noted that we excluded around 8% of participants from the initial sample
because of invalid cWCST performance (for details, see Data Collection). It remains to be
shown whether participants with invalid cWCST performance misunderstood instructions
or whether these participants were not committed to successfully perform on the cWCST.
Future research is necessary to reduce the number of participants with invalid cWCST
performance.

It should be highlighted that the reported split-half reliability estimates cannot be
considered as an invariant property of the cWCST when self-administered. Instead, these
split-half reliability estimates should be better conceived as a joint property of the cWCST
when self-administered and the studied sample of young volunteers [65,66]. An important
metric that determines reliability in that regard is the inter-individual variance of a sample,
i.e., true differences between participants [67]. In general, a low inter-individual variance
is associated with low (split-half) reliability estimates. Samples of young volunteers are
likely to show a lower inter-individual variance (a more homogeneous performance as
indicated by overall low numbers of PE, SLE, and IE) when compared to a sample of
patients with various neurological diseases [20]. As a consequence, split-half reliability
estimates are expected to be lower in studies of young volunteers when compared to
studies of neurological patients. It therefore comes as a surprise that we found split-half
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reliability estimates of cWCST measures in a sample of young volunteers that are similar to
those we had observed on the M-WCST in a sample of neurological patients [20].

This finding can be explained by the fact that the cWCST consists of more trials
(m = 168.59 trials; SD = 14.38; in the present study) when compared to the M-WCST (a
fixed number of 48 trials). Higher numbers of administered trials are associated with
reduced measurement error, which increases reliability [51,52]. Thus, higher trial numbers
of the cWCST may have been beneficial with regard to split-half reliability estimates,
thereby counteracting potential adverse effects on split-half reliability of the purported low
inter-individual variability of young volunteers.

We found generally lower split-half reliability estimates obtained from first/second
half splits when compared to estimates obtained from splits by odd/even trial numbers. It
has been argued that inter-individual long-term trends in performance (e.g., individual
differences with regard to learning or fatigue) exert detrimental effects on split-half relia-
bility estimates obtained from first/second half splits but not on estimates obtained from
odd/even test splits [20]. For example, learning may improve one participant’s cWCST
performance on the second test half (i.e., a reduction in the number of committed PE,
SLE, and IE as well as faster RT), whereas another participant may show worse cWCST
performance on the second test half because of fatigue. These individual long-term trends
could decrease the correlation between performance indices on the first and second test
half, reducing associated split-half reliability estimates. In contrast, individual long-term
trends may impact split-half reliability estimates obtained from odd/even splits to a lesser
degree, because such effects exert their influence on approximately as many odd as on even
trials. Hence, our finding of lower split-half reliability estimates obtained from first/second
half splits when compared to odd/even splits could be indicative of individual long-term
trends in cWCST performance.

The cWCST allows complementing the assessment of traditional error scores with RT
measures, providing additional information about participants’ performance. For mean
RT on switch and repeat trials, medians of sampling-based split-half reliability estimation
exceeded 0.95. We found a relatively low median of sampling-based split-half reliability
estimation for mean RT on inference trials (i.e., 0.85). This low split-half reliability estimate
could be related to the relatively small number of inference trials that was entered into
the RT analysis. Participants completed an average of 18.98 inference trials (SD = 3.74)
compared to an average of 68.76 switch trials (SD = 8.94) and 77.41 repeat trials (SD = 13.18).
These considerations suggest that the reliability of mean RT measures on inference trials
should be improved by increasing the number of inference trials. How many trials are
necessary to obtain sufficient reliability estimates should be investigated by a simulation
study. Such a study could manipulate the number of trials entered into reliability analysis
and investigate the resulting reliability estimates.

Our results suggest that the cWCST is appropriate for self-administration in samples
of young volunteers. However, it remains to be shown whether it is also suitable for
self-administration in populations that are typically examined in clinical practice, such
as neurological patients. Future studies should investigate whether the utilized cWCST
instructions are appropriate for successful self-administration in clinical samples. In addi-
tion, WCST variants that were tailored for administration in clinical practice incorporate
relatively small numbers of trials [27]. Hence, the considerably higher trial number of
the cWCST may be challenging for clinical samples. cWCST configurations with reduced
trial numbers may be more appropriate for administration in clinical samples. However, a
decreased trial number may reduce the reliability of cWCST measures, hence the trade-off
between test length and applicability in clinical samples needs careful consideration in
future work.

The present study addresses two important steps that are required for the practical
implementation of self-administered online neuropsychological assessment. These steps are
(1) the translation of traditional paper-and-pencil WCST variants to digital format (i.e., the
cWCST) and (2) the switch from face-to-face expert-administration to self-administration.
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Our results suggest that these changes do not exert strong effects on split-half reliability
of WCST measures. However, the practical implementation of self-administered online
assessment requires further changes which might impact the (split-half) reliability of
WCST measures. In the present study, participants self-administered the cWCST in the
laboratory using identical computers. In self-administered online assessment, participants
self-administer an assessment tool at their own homes using their own personal computers.
Differences in computer characteristics (e.g., screen size or the operating system) or in
testing environments (e.g., time of day or background noise) may introduce systematic
variability in participants performance [2]. Hence, future research is necessary to study the
effects of computer characteristics and testing environments on reliability (and validity)
of the cWCST in self-administered online assessment [2]. We would like to highlight that
the cWCST was programmed in OpenSesame [64], which allows easy switches to online
administration by means of the open-source and freely available JATOS project [68].

5. Conclusions

We presented the first split-half reliability estimates for a self-administered computer-
ized variant of the WCST. We found overall high split-half reliability estimates for error
scores and most RT measures in a relatively large sample of young volunteers. Our results
demonstrate that the considered cWCST measures show adequate split-half reliability
when self-administered, paving the way for an advanced digital assessment of executive
functions.

Author Contributions: Conceptualization, A.S., B.K., and F.L.; Data curation, A.S. and F.L.; Formal

analysis, A.S.; Funding acquisition, B.K. and F.L.; Investigation, A.S., B.K. and F.L.; Methodology,

A.S., B.K. and F.L.; Project administration, B.K. and F.L.; Resources, B.K. and F.L.; Software, A.S.;

Supervision, B.K. and F.L.; Validation, A.S.; Visualization, A.S.; Writing—original draft, A.S., B.K.

and F.L.; Writing—review and editing, A.S., B.K. and F.L. All authors have read and agreed to the

published version of the manuscript.

Funding: This work was supported by a grant to BK from the Karlheinz-Hartmann Stiftung, Han-

nover, Germany. FL received funding from the FWO and European Union’s Horizon 2020 research

and innovation program under the Marie Skłodowska-Curie grant agreement No. 665501 and a FWO

postdoctoral fellowship (No. 12U1221N).

Institutional Review Board Statement: The study was conducted according to the guidelines

of the Declaration of Helsinki, and approved by the local ethics committee of the KU Leuven

(G-2016 12 694).

Informed Consent Statement: Informed consent was obtained from all subjects involved in the study.

Data Availability Statement: Data, split-half reliability analyses, the cWCST and test instructions

are available from https://www.osf.io/3ny95/.

Conflicts of Interest: The authors declare no conflict of interest.

References

1. Miller, J.B.; Barr, W.B. The technology crisis in neuropsychology. Arch. Clin. Neuropsychol. 2017, 32, 541–554. [CrossRef] [PubMed]

2. Germine, L.; Reinecke, K.; Chaytor, N.S. Digital neuropsychology: Challenges and opportunities at the intersection of science and

software. Clin. Neuropsychol. 2019, 33, 271–286. [CrossRef] [PubMed]

3. Munro Cullum, C.; Hynan, L.S.; Grosch, M.; Parikh, M.; Weiner, M.F. Teleneuropsychology: Evidence for video teleconference-

based neuropsychological assessment. J. Int. Neuropsychol. Soc. 2014, 20, 1028–1033. [CrossRef]

4. Bilder, R.M.; Reise, S.P. Neuropsychological tests of the future: How do we get there from here? Clin. Neuropsychol. 2019, 33,

220–245. [CrossRef] [PubMed]

5. Bauer, R.M.; Iverson, G.L.; Cernich, A.N.; Binder, L.M.; Ruff, R.M.; Naugle, R.I. Computerized neuropsychological assess-

ment devices: Joint position paper of the American Academy of Clinical Neuropsychology and the National Academy of

Neuropsychology. Arch. Clin. Neuropsychol. 2012, 27, 362–373. [CrossRef] [PubMed]

6. Chaytor, N.S.; Barbosa-Leiker, C.; Germine, L.T.; Fonseca, L.M.; McPherson, S.M.; Tuttle, K.R. Construct validity, ecological

validity and acceptance of self-administered online neuropsychological assessment in adults. Clin. Neuropsychol. 2020, 35, 148–164.

[CrossRef] [PubMed]



Brain Sci. 2021, 11, 529 13 of 15

7. Germine, L.; Nakayama, K.; Duchaine, B.C.; Chabris, C.F.; Chatterjee, G.; Wilmer, J.B. Is the Web as good as the lab? Comparable

performance from Web and lab in cognitive/perceptual experiments. Psychon. Bull. Rev. 2012, 19, 847–857. [CrossRef] [PubMed]

8. Mackin, R.S.; Insel, P.S.; Truran, D.; Finley, S.; Flenniken, D.; Nosheny, R.; Ulbright, A.; Comacho, M.; Bickford, D.; Harel, B.;

et al. Unsupervised online neuropsychological test performance for individuals with mild cognitive impairment and dementia:

Results from the Brain Health Registry. Alzheimer Dement. Diagn. Assess. Dis. Monit. 2018, 10, 573–582. [CrossRef]

9. Parlar, M.E.; Spilka, M.J.; Wong Gonzalez, D.; Ballantyne, E.C.; Dool, C.; Gojmerac, C.; King, J.; McNeely, H.; MacKillop, E. “You

can’t touch this”: Delivery of inpatient neuropsychological assessment in the era of COVID-19 and beyond. Clin. Neuropsychol.

2020, 34, 1395–1410. [CrossRef]

10. Marra, D.E.; Hoelzle, J.B.; Davis, J.J.; Schwartz, E.S. Initial changes in neuropsychologists clinical practice during the COVID-19

pandemic: A survey study. Clin. Neuropsychol. 2020, 34, 1251–1266. [CrossRef]

11. Hewitt, K.C.; Loring, D.W. Emory university telehealth neuropsychology development and implementation in response to the

COVID-19 pandemic. Clin. Neuropsychol. 2020, 34, 1352–1366. [CrossRef]

12. Feenstra, H.E.M.; Murre, J.M.J.; Vermeulen, I.E.; Kieffer, J.M.; Schagen, S.B. Reliability and validity of a self-administered tool for

online neuropsychological testing: The Amsterdam Cognition Scan. J. Clin. Exp. Neuropsychol. 2018, 40, 253–273. [CrossRef]

13. Assmann, K.E.; Bailet, M.; Lecoffre, A.C.; Galan, P.; Hercberg, S.; Amieva, H.; Kesse-Guyot, E. Comparison between a self-

administered and supervised version of a web-based cognitive test battery: Results from the NutriNet-Santé Cohort Study. J.

Med. Internet Res. 2016, 18, e68. [CrossRef]

14. Backx, R.; Skirrow, C.; Dente, P.; Barnett, J.H.; Cormack, F.K. Comparing web-based and lab-based cognitive assessment using the

Cambridge Neuropsychological Test Automated Battery: A within-subjects counterbalanced study. J. Med. Internet Res. 2020, 22,

e16792. [CrossRef]

15. Grant, D.A.; Berg, E.A. A behavioral analysis of degree of reinforcement and ease of shifting to new responses in a Weigl-type

card-sorting problem. J. Exp. Psychol. 1948, 38, 404–411. [CrossRef]

16. Berg, E.A. A simple objective technique for measuring flexibility in thinking. J. Gen. Psychol. 1948, 39, 15–22. [CrossRef]

17. MacPherson, S.E.; Sala, S.D.; Cox, S.R.; Girardi, A.; Iveson, M.H. Handbook of Frontal Lobe Assessment; Oxford University Press:

New York, NY, USA, 2015.

18. Rabin, L.A.; Barr, W.B.; Burton, L.A. Assessment practices of clinical neuropsychologists in the United States and Canada: A

survey of INS, NAN, and APA Division 40 members. Arch. Clin. Neuropsychol. 2005, 20, 33–65. [CrossRef]

19. Diamond, A. Executive functions. Annu. Rev. Psychol. 2013, 64, 135–168. [CrossRef]

20. Kopp, B.; Lange, F.; Steinke, A. The reliability of the Wisconsin Card Sorting Test in clinical practice. Assessment 2019, 28, 248–263.

[CrossRef]

21. Heaton, R.K.; Chelune, G.J.; Talley, J.L.; Kay, G.G.; Curtiss, G. Wisconsin Card Sorting Test Manual: Revised and Expanded;

Psychological Assessment Resources Inc.: Odessa, FL, USA, 1993.

22. Lange, F.; Seer, C.; Kopp, B. Cognitive flexibility in neurological disorders: Cognitive components and event-related potentials.

Neurosci. Biobehav. Rev. 2017, 83, 496–507. [CrossRef]

23. Lange, F.; Kröger, B.; Steinke, A.; Seer, C.; Dengler, R.; Kopp, B. Decomposing card-sorting performance: Effects of working

memory load and age-related changes. Neuropsychology 2016, 30, 579–590. [CrossRef] [PubMed]

24. Steinke, A.; Lange, F.; Seer, C.; Kopp, B. Toward a computational cognitive neuropsychology of Wisconsin card sorts: A showcase

study in Parkinson’s disease. Comput. Brain Behav. 2018, 1, 137–150. [CrossRef]

25. Lange, F.; Dewitte, S. Cognitive flexibility and pro-environmental behaviour: A multimethod approach. Eur. J. Personal. 2019, 56,

46–54. [CrossRef]

26. Nelson, H.E. A modified card sorting test sensitive to frontal lobe defects. Cortex 1976, 12, 313–324. [CrossRef]

27. Schretlen, D.J. Modified Wisconsin Card Sorting Test (M-WCST): Professional Manual; Psychological Assessment Resources Inc.: Lutz,

FL, USA, 2010.

28. Kongs, S.K.; Thompson, L.L.; Iverson, G.L.; Heaton, R.K. WCST-64: Wisconsin Card Sorting Test-64 Card Version: Professional

Manual; Psychological Assessment Resources Inc.: Lutz, FL, USA, 2000.

29. Barceló, F. The Madrid card sorting test (MCST): A task switching paradigm to study executive attention with event-related

potentials. Brain Res. Protoc. 2003, 11, 27–37. [CrossRef]

30. Lange, F.; Vogts, M.-B.; Seer, C.; Fürkötter, S.; Abdulla, S.; Dengler, R.; Kopp, B.; Petri, S. Impaired set-shifting in amyotrophic

lateral sclerosis: An event-related potential study of executive function. Neuropsychology 2016, 30, 120–134. [CrossRef]

31. Kopp, B.; Lange, F. Electrophysiological indicators of surprise and entropy in dynamic task-switching environments. Front. Hum.

Neurosci. 2013, 7, 300. [CrossRef]

32. Heaton, R.K.; Staff, P.A.R. Wisconsin Card Sorting Test; Computer Version 4; Psychological Assessment Resources: Odessa, FL,

USA, 2003.

33. Lange, F.; Seer, C.; Loens, S.; Wegner, F.; Schrader, C.; Dressler, D.; Dengler, R.; Kopp, B. Neural mechanisms underlying cognitive

inflexibility in Parkinson’s disease. Neuropsychologia 2016, 93, 142–150. [CrossRef]

34. Lange, F.; Seer, C.; Müller-Vahl, K.; Kopp, B. Cognitive flexibility and its electrophysiological correlates in Gilles de la Tourette

syndrome. Dev. Cogn. Neurosci. 2017, 27, 78–90. [CrossRef]

35. Lange, F.; Seer, C.; Salchow, C.; Dengler, R.; Dressler, D.; Kopp, B. Meta-analytical and electrophysiological evidence for executive

dysfunction in primary dystonia. Cortex 2016, 82, 133–146. [CrossRef]



Brain Sci. 2021, 11, 529 14 of 15

36. Lange, F.; Seer, C.; Müller, D.; Kopp, B. Cognitive caching promotes flexibility in task switching: Evidence from event-related

potentials. Sci. Rep. 2015, 5, 17502. [CrossRef]

37. Steinke, A.; Lange, F.; Kopp, B. Parallel Model-Based and Model-Free Reinforcement Learning for Card Sorting Performance. Sci.

Rep. 2020, 10, 15464. [CrossRef]

38. Steinke, A.; Lange, F.; Seer, C.; Hendel, M.K.; Kopp, B. Computational modeling for neuropsychological assessment of bradyphre-

nia in Parkinson’s disease. J. Clin. Med. 2020, 9, 1158. [CrossRef]

39. Steinke, A.; Lange, F.; Seer, C.; Petri, S.; Kopp, B. A computational study of executive dysfunction in amyotrophic lateral sclerosis.

J. Clin. Med. 2020, 9, 2605. [CrossRef]

40. Steinke, A.; Kopp, B. Toward a computational neuropsychology of cognitive flexibility. Brain Sci. 2020, 10, 1000. [CrossRef]

41. Parsons, S.; Kruijt, A.-W.; Fox, E. Psychological Science needs a standard practice of reporting the reliability of cognitive

behavioural measurements. Adv. Methods Pract. Psychol. Sci. 2018, 2, 378–395. [CrossRef]

42. Cho, E. Making reliability reliable: A systematic approach to reliability coefficients. Organ. Res. Methods 2016, 19, 651–682.

[CrossRef]

43. Slick, D.J. Psychometrics in neuropsychological assessment. In A Compendium of Neuropsychological Tests: Administration, Norms,

and Commentary; Strauss, E., Sherman, E.M.S., Spreen, O., Eds.; Oxford University Press: New York, NY, USA, 2006; pp. 3–43.

44. Nunnally, J.C.; Bernstein, I.H. Psychometric Theory, 3rd ed.; McGraw-Hill: New York, NY, USA, 1994; ISBN 9780070478497.

45. Kopp, B.; Maldonado, N.; Scheffels, J.F.; Hendel, M.; Lange, F. A meta-analysis of relationships between measures of Wisconsin

card sorting and intelligence. Brain Sci. 2019, 9, 349. [CrossRef]

46. Steinmetz, J.-P.; Brunner, M.; Loarer, E.; Houssemand, C. Incomplete psychometric equivalence of scores obtained on the manual

and the computer version of the Wisconsin Card Sorting Test? Psychol. Assess. 2010, 22, 199–202. [CrossRef]

47. Fortuny, L.I.A.; Heaton, R.K. Standard versus computerized administration of the Wisconsin Card Sorting Test. Clin. Neuropsychol.

1996, 10, 419–424. [CrossRef]

48. Feldstein, S.N.; Keller, F.R.; Portman, R.E.; Durham, R.L.; Klebe, K.J.; Davis, H.P. A comparison of computerized and standard

versions of the Wisconsin Card Sorting Test. Clin. Neuropsychol. 1999, 13, 303–313. [CrossRef]

49. Tien, A.Y.; Spevack, T.V.; Jones, D.W.; Pearlson, G.D.; Schlaepfer, T.E.; Strauss, M.E. Computerized Wisconsin Card Sorting Test:

Comparison with manual administration. Kaohsiung J. Med. Sci. 1996, 12, 479–485.

50. Bowden, S.C.; Fowler, K.S.; Bell, R.C.; Whelan, G.; Clifford, C.C.; Ritter, A.J.; Long, C.M. The reliability and internal validity of the

Wisconsin Card Sorting Test. Neuropsychol. Rehabil. 1998, 8, 243–254. [CrossRef]

51. Spearman, C. Correlation calculated from faulty data. Br. J. Psychol. 1910, 3, 271–295. [CrossRef]

52. Brown, W. Some experimental results in the correlation of mental abilities. Br. J. Psychol. 1910, 3, 296–322.

53. Steinke, A.; Kopp, B. RELEX: An Excel-based software tool for sampling split-half reliability coefficients. Methods Psychol. 2020,

2, 100023. [CrossRef]

54. Lord, F.M. The measurement of growth. Educ. Psychol. Meas. 1956, 16, 421–437. [CrossRef]

55. Hussey, I.; Hughes, S. Hidden invalidity among 15 commonly used measures in social and personality psychology. Adv. Methods

Pract. Psychol. Sci. 2020, 3, 166–184. [CrossRef]

56. Cooper, S.R.; Gonthier, C.; Barch, D.M.; Braver, T.S. The role of psychometrics in individual differences research in cognition: A

case study of the AX-CPT. Front. Psychol. 2017, 8, 1482. [CrossRef]

57. Enock, P.M.; Hofmann, S.G.; McNally, R.J. Attention bias modification training via smartphone to reduce social anxiety: A

randomized, controlled multi-session experiment. Cogn. Ther. Res. 2014, 38, 200–216. [CrossRef]

58. MacLeod, J.W.; Lawrence, M.A.; McConnell, M.M.; Eskes, G.A.; Klein, R.M.; Shore, D.I. Appraising the ANT: Psychometric and

theoretical considerations of the Attention Network Test. Neuropsychology 2010, 24, 637–651. [CrossRef] [PubMed]

59. Meule, A.; Lender, A.; Richard, A.; Dinic, R.; Blechert, J. Approach—Avoidance tendencies towards food: Measurement on a

touchscreen and the role of attention and food craving. Appetite 2019, 137, 145–151. [CrossRef] [PubMed]

60. Revelle, W.; Condon, D. Reliability from α to ω: A tutorial. Psychol. Assess. 2018, 31, 1395–1411. [CrossRef] [PubMed]

61. Barceló, F. Electrophysiological evidence of two different types of error in the Wisconsin Card Sorting Test. Neuroreport 1999, 10,

1299–1303. [CrossRef]

62. Díaz-Blancat, G.; García-Prieto, J.; Maestú, F.; Barceló, F. Fast neural dynamics of proactive cognitive control in a task-switching

analogue of the Wisconsin Card Sorting Test. Brain Topogr. 2018, 31, 407–418. [CrossRef]

63. Lange, F.; Kip, A.; Klein, T.; Müller, D.; Seer, C.; Kopp, B. Effects of rule uncertainty on cognitive flexibility in a card-sorting

paradigm. Acta Psychol. 2018, 190, 53–64. [CrossRef]

64. Mathôt, S.; Schreij, D.; Theeuwes, J. OpenSesame: An open-source, graphical experiment builder for the social sciences. Behav.

Res. Methods 2012, 44, 314–324. [CrossRef]

65. American Educational Research Association; American Psychological Association; American Educational Research Association;

National Council on Measurement in Education. Standards for Educational and Psychological Testing; Amer Educational Research

Assn: Washington, DC, USA, 2014.

66. Appelbaum, M.; Cooper, H.; Kline, R.B.; Mayo-Wilson, E.; Nezu, A.M.; Rao, S.M. Journal article reporting standards for

quantitative research in psychology: The APA Publications and Communications Board task force report. Am. Psychol. 2018, 73,

3–25. [CrossRef]



Brain Sci. 2021, 11, 529 15 of 15

67. Henry, F.M. Reliability, measurement error, and intra-individual difference. Res. Q. Am. Assoc. Health Phys. Educ. Recreat. 1959, 30,

21–24. [CrossRef]

68. Lange, K.; Kühn, S.; Filevich, E. “Just Another Tool for Online Studies” (JATOS): An Easy Solution for Setup and Management of

Web Servers Supporting Online Studies. PLoS ONE 2015, 10, e0130834. [CrossRef]


	Introduction 
	Materials and Methods 
	Data Collection 
	cWCST 
	Split-Half Reliability Estimation 

	Results 
	Descriptive Statistics 
	Split-Half Reliability Estimation 

	Discussion 
	Conclusions 
	References

