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Abstract. Rationale: Assessing complex problem-solving skills (CPS) is of great interest to many researchers. However, existing assessments
require long testing times making them difficult to include in many studies and experiments. Here, we propose a specific composition of
microworlds based on the MicroDYN approach, which allows for valid estimation of CPS in a substantially reduced amount of time (<20 min).
Methods: Based on the reanalysis of a sample of N = 232 university students who worked on 11 microworlds of increasing difficulty, we conducted
multiple confirmatory factor analyses to test all possible combinations of microworlds, which were theoretically justified in advance. Results/
Discussion: We demonstrate one best fitting set with five microworlds, which shows excellent factorial validity and relates to both conventional
measures of intelligence and to school grades. We hope that this will allow other researchers to include CPS into their study designs even when

testing time is limited.
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Being able to solve complex problems is an essential skill
to succeed in the 2lIst century (Autor et al., 2003).
Measuring complex problem-solving skills (CPS) has,
therefore, been of great interest to psychologists for
several decades (Schoppek et al., 2019). A recent culmi-
nation of this interest has been the assessment of CPS in
the Program for International Student Assessment 2012,
the arguably most well-known large-scale assessment
worldwide (e.g., OECD, 2017). Following a widely adopted
definition by Buchner (according to Frensch & Funke,
2014, p. 14), CPS is, throughout this paper, understood as
“(...) the successful interaction with task environments
that are dynamic (i.e., change as a function of the user’s
interventions and/or as a function of time) and in which
some, if not all, of the environment’s regularities can only
be revealed by successful exploration and integration of
the information gained in that process.”

Solving complex problems is closely associated with
cognitive constructs, such as reasoning (Stadler et al.,
2015; Wiistenberg et al., 2012) or working memory ca-
pacity (WMC; Meifdner et al., 2016; Schweizer et al., 2013;
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Zech et al., 2017). In addition, it has been demonstrated to
be significant in predicting job-related or educational
success (Mainert et al., 2019; Sonnleitner et al., 2013).

Measuring CPS usually requires problem-solvers to
interact with dynamic computer-simulated microworlds
(Brehmer & Dorner, 1993). While there is a vast array of
microworlds that were developed for this purpose (Stadler
et al.,, 2015), most current research uses microworlds
based on the MicroDYN approach (Greiff, Fischer et al.,
2015). In this approach, problem-solvers need to interact
with several microworlds that require determining the
relation between multiple input and output variables.
Studies usually use between 8 and 11 of these microworlds
to assess CPS (Greiff, Fischer et al., 2015). This results in
rather long testing times of more than 40 min, which may
prevent many studies from including measures of CPS in
their designs. In this paper, we suggest a set of micro-
worlds that covers the whole theoretical range of micro-
worlds based on the MicroDYN approach, provides
empirically valid estimates of CPS scores, and reduces
testing time to less than 20 min.

Note that there are competing definitions of CPS (e.g., Dorner & Funke, 2017).
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What Is the Construct Being
Measured?

First approaches to measuring CPS relied on intricate
microworlds, including thousands of variables that were
related to each other in ways that emulated real-world
systems such as factories, cities, or even whole countries
(Frensch & Funke, 2014). Due to the tremendous time and
effort required by this approach, problem-solvers worked
only on single microworlds, which made it challenging to
estimate independent indicators of CPS. Moreover, per-
formance in these microworlds was not related to per-
formance in other microworlds beyond a shared measure
of theoretically related constructs such as performance in
more conventional measures of intelligence. Finally, the
close emulation of real-world problems made it difficult to
differentiate domain-general CPS from domain knowl-
edge (SR, 1996, 1999).

The multiple complex systems (MCS; Greiff, Fischer
et al., 2015; see also Biithner et al., 2006; Zech et al., 2017)
approach was suggested as a solution to those problems. In
this approach, CPS is assessed as the performance in
multiple smaller microworlds, rather than the perfor-
mance in one single large microworld. This is made fea-
sible by reducing both the number of variables and the
complexity of their interrelations. The MicroDYN ap-
proach, as the most common operationalization of the
MCS approach, describes the relation between variables
by linear equations (Funke, 1993; Wiistenberg et al., 2012).
Figure 1 graphically illustrates the underlying structure of
three prototypical microworlds based on the MicroDYN
approach. In the most complex example, three input
variables (that can be manipulated by the problem-solver)
are related to three output variables. Output variable Z
affects itself, a so-called Eigendynamic (Funke, 1993),
which may describe growth processes (such as interest
rates) or decay processes (such as resource depletion) that
are independent of the other variables. The relations are
arbitrary and do not represent any real-world relations to
minimize the impact of domain knowledge on the per-
formance in these microworlds. However, to make the

simple

microworlds more appealing, they are usually semantically
embedded in familiar scenarios. For instance, problem-
solvers may need to take over the role of handball coaches
investigating the impact of three types of training (ge-
nerically labeled Training A-C) to three types of outcomes
(e.g., exhaustion, speed, or power of the throw).

In line with the definition of CPS (see above), the
problem-solving process is separated into two phases
(Novick & Bassok, 2005). In the knowledge acquisition
phase, problem-solvers determine the relations between
input and output variables by systematically manipulating
the input variables while registering the resulting changes
in the output variables. The knowledge gained is then used
to reach specific target values in the output variables
(knowledge application phase). While the two phases are
theoretically separate (Newell & Simon, 1972), they are
empirically highly correlated and often aggregated into
one CPS factor (Stadler et al., 2019; Wiistenberg et al., 2012).

The (a) number of variables and the (b) number and type
of relations and (c) the number of Eigendynamics have
been shown to fully describe the “microworlds” difficulty
in both the knowledge acquisition phase and the knowl-
edge application phase with Eigendynamics affecting the
difficulty most strongly (Stadler et al., 2016). Corre-
spondingly, most CPS measures based on the MicroDYN
approach employ rather simple (few variables/relations)
and complex (more variables/relations) microworlds
without Eigendynamics, as well as microworlds with Ei-
gendynamics to cover a broad range of difficulties (see
Figure 1).

What Are the Intended Uses?

The intention of the current research is to provide a set of
microworlds that allow for the estimation of a valid CPS
score with low testing time. Since CPS assessment is
traditionally time-consuming, we aim to communicate a
short version, which allows an inclusion of CPS assessment
in multiple research contexts (e.g., educational psychol-
ogy, differential psychology, cognitive psychology, and
artificial intelligence research).

Figure 1. Example of structural
equations  underlying  MicroDYN

items: simple items, complex items,
and items with eigendynamics.
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What Is the Intended Target Population?

The proposed subset is not intended for individual as-
sessment as the resulting scores will likely have lower
reliability than scores based on the full set of microworlds
(Sijtsma & Emons, 2011). However, we believe that a short
measure of CPS will be valuable for researchers interested
in using the construct in experiments or studies. Due to the
sets’ composition, we expect the difficulties to be rather
high making the short measure most suitable for adult
samples of higher educational backgrounds.

Development of the Short Scale

To develop the short scale without losing the sound psy-
chometric properties of MicroDYN (see Kemper et al.,
2019; Ziegler et al., 2014), we suggest reducing the as-
sessment to five microworlds with a specific composition.
To maintain a wide range of difficulties, the set of mi-
croworlds should include both a simple and a complex
microworld without Eigendynamics as well as three mi-
croworlds with Eigendynamics. The composition was
based on two considerations. First, as suggested by Stadler
et al. (2016), complexity (i.e., number of variables and
number of relations among them) and the existence of
Eigendynamics are the most important features in defining
the difficulty of CPS tasks based on the MicroDYN ap-
proach (see also Greiff| Fischer et al., 2015). Therefore, we
included both tasks with high and low complexity as well
as with and without Eigendynamics. The other consider-
ation alludes to the separation of connectivity and dy-
namics in CPS tasks, as suggested by Stadler et al. (2019).
To estimate these two dimensions as latent factors, both
require at least three indicators. As all tasks based on the
MicroDYN approach include connectivity, the minimal
number of tasks that complies with both of these con-
siderations consists of two tasks of high and low com-
plexity, respectively, without Eigendynamics and three
tasks with Eigendynamics.

Furthermore, we propose to reduce the assessment to
the knowledge acquisition phase only. Previous studies
showed that the knowledge application phase was either
redundant to the knowledge acquisition phase (Stadler
et al., 2019; Wiistenberg et al., 2012) or did not contrib-
ute much in predictive validity when explaining external
criteria (Lotz et al., 2016).

To find the optimal set of established microworlds, we
reanalyze an existing data set that includes performance
data on 11 microworlds. The three simple microworlds,
four complex microworlds, and four microworlds in-
cluding Eigendynamics allow comparing a total of 48
subsets that fulfill the criteria described above. We

© 2021 The Author(s). Distributed as a Hogrefe OpenMind article

estimate factorial validity and inspecting item charac-
teristics for all these subsets. Subsequently, we estimate
the construct validity of the best-fitting subset by com-
paring the resulting “scores” in relation with proximal
variables such as the performance on conventional
measures of intelligence (Kretzschmar et al., 2016; Lotz
et al., 2016) and WMC (Schweizer et al., 2013). Finally,
we estimate the subset’s criterion validity by comparing
their relation to school grades, an established criterion of
CPS (Kretzschmar et al., 2016; Stadler et al., 2019), to the
relation found for the full set.

Methods

Participants

Analyses were based on data of a larger screening study, in
which CPS was assessed besides other cognitive and
noncognitive variables. Two hundred and thirty-four
students of social sciences (mainly psychology and edu-
cational sciences) from universities in Munich (204 fe-
males and 30 males) participated in this study. We
excluded two participants due to missing data for CPS.
Remaining participants (N = 232) were between 18 and 52
years old (M = 22.25, SD = 3.86). The study was part of their
course requirements, and the data of the study served for
practicing statistical analyses in the following course. After
assessing cognitive ability, participants were assigned to
conditions of an experiment investigating impacts of in-
structional design on learning outcomes (for a full de-
scription, see Bichler et al., 2020). Participants received
either €55 (~$60) or a certificate of participation in an
empirical study after completing the study.

To estimate the optimal sample size, we referred to
results of Monte Carlo simulations recommending a
sample size of >200-500 (for an overview, see Kyriazos,
2018) for confirmatory factor analysis (CFA). Thus, we
used more than 200 participants for our analyses.

Measures

Complex Problem-Solving

We measured CPS with the standard form of Complex
Problem Solving Test (COMPRO) (Greiff & Wiistenberg,
2015). This test contains 11 microworlds (for structural
equations, please see Appendix A), each differentiating
between the knowledge acquisition and the knowledge
application phase. Each microworld first describes a sce-
nario embedded in a context belonging to the business
sector. Afterward, the participant interacts with a system
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including both input and output variables connected
through a structural equation system. The participant is
instructed to manipulate the input variables by using slide
controls and observe the effect on the dependent variables.
The task of the participant is to identify the associations
among input and output variables by systematically
working with the input variables and draw the associations
in a diagram. Participants have 3 minutes for this first part
of the task. The performance in the first part of the mi-
croworld is an indicator of knowledge acquisition in
complex situations (Greiff & Wiistenberg, 2015).

After a short transition, the participant works on the
second part of the task, in which they apply the derived
knowledge about the system of the first phase to reach
specific, predefined goals. As described, we only focus on
the first phase in the current study.

Note that COMPRO is one instance of the MicroDYN
approach and thus relies on the same structures as other
tests based on MicroDYN, which are widely employed in
the literature. In detail, COMPRO consists of 11 items
whose structure is based on the MicroDYN approach used
in other studies (e.g., Greiff et al., 2012; see also Greiff &
Wiistenberg, 2015). The specialty about COMPRO is that
all cover stories of its items are from a business context.
However, since the tasks from the MicroDYN approach
are designed to not require any specific prior knowledge of
the respective context, tasks are designed in that manner
that their cover stories are fictitious and do not interfere
with the solving process (see also Greiff et al., 2012).

Intelligence

Fluid and crystallized intelligence were measured using
the computerized and adaptive intelligence structure
battery (INSBAT; Hornke et al., 2004). Both facets of
intelligence were operationalized with three subtests each.
For each subtest, the number of tasks depended on the
performance of the participants (adaptive testing). The
results of all subtests for each facet of intelligence were
transformed into raw scores for fluid and crystallized in-
telligence. All subtests are Rasch homogeneous and reli-
ability of each subtest was a = .70.

Fluid intelligence (gF) was measured by (a) numerical
inductive reasoning, (b) figural inductive reasoning, and (c)
verbal deductive reasoning. The task of participants in the
numerical inductive reasoning subtest is to identify the rule
underlying a series of numbers and complete the series. In
the figural inductive reasoning subtest, participants see a
3 x 3 matrix with one empty field. Afterward, they must
identify a rule for the symbols in the remaining eight fields.
Then, the participants must choose the correct symbol out
of eight possible ones to complete the matrix. In the
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deductive reasoning subtest, participants receive two given
statements and have 45 s to draw a conclusion from these
statements based on five possible answers.

Crystallized intelligence (gC) was assessed with the
subtests (a) general knowledge, (b) word meaning, and (c)
verbal fluency. In the general knowledge subtests, par-
ticipants receive gap texts containing definitions for terms.
Participants must complete these texts so that the defi-
nition is right by choosing among several clauses. In the
word meaning subtest, participants initially receive a
single term. Then, they must choose among four possible
terms, the one which has the most similar meaning to the
initially presented term. In the verbal fluency subtest,
participants must arrange a series of letters to form a
sensible noun. For this purpose, participants must click at
the letters in the right sequence.

Working Memory Capacity

We used the shortened versions of the automated
complex span tasks operation, reading, and symmetry
span (Oswald et al., 2015) within the software E-Prime
(version 2.0.10.356) as measures to assess WMC. The
three complex span tasks consist of two phases and differ
only concerning the stimulus material. In the first phase,
participants have to initially indicate whether a simple
mathematical equation is right or wrong (operation span
task), a sentence makes sense or not (reading span task), or
a pattern in a 8 x 8 matrix is symmetric according to the
vertical axis (symmetry span task). Afterward, participants
have to memorize a letter (operation and reading span
task) or the position of a red square in a 4 x 4 matrix
(symmetry span task). After a variable sequence alter-
nating between processing and storing information, par-
ticipants have to recall the letters (operation span and
reading span task) the pattern of red squares (symmetry
span task) in the right order (second phase). The depen-
dent variable for all complex span tasks was the proportion
of correctly recalled elements (see Conway et al., 2005, for
different scoring methods). The reliability of WMC based
on these three measures was w = .65.

Grade Point Average

We used participants’ self-reports on their grade point
average (GPA). GPA represented the German 6-point
grading scale, on which 1 represents the best and 6 the
worst grade. For the sake of consistency with the previous
literature, we transformed GPA in the sense that higher
values represent a higher GPA in the current article (i.e.,
multiplied GPA by —1).
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Statistical Analyses

Item Selection

As described above, the aim was to select five microworlds
from the CPS long measure by considering both theo-
retical assumptions on item composition and psychometric
properties of the items. To this end, we applied three steps,
including a combination of a conceptual approach for item
selection and a multi-indicator approach for evaluating
item-scale fit, which goes beyond a mere inspection of fit
values in factor analyses (see Figure 2).

In Step 1, we predefined a theoretical criterion that one
item should be included with a simple structure, one with a
complex structure, and three items including eigendy-
namics. The applied long measure assesses CPS with 11
items, including three items with simple structure (set
SIM), four items with a complex structure (set COM), and
four items with a complex structure with Eigendynamics
(set ED). To select five items according to the theoretical
criterion, one item out of set SIM, one item out of set
COM, and three items out of set ED have to be drawn,

resulting in (i) X (411) x (g) = 48 models.

In Step 2, we conducted 48 CFA (one for each model) with
a one-factor solution and inspected the respective model fit.
Specifically, we focused on the x? statistic, the respective p
value, CFI, SRMR, and RMSEA. We adhered to the following
conventions to assess the global fit of the model besides a

step criteria

e 1litem out of 3 simple items
* 1litem out of 4 complex items
* 3items out of 4 ED items

nonsignificant x? statistic: RMSEA < .06, SRMR < .09, and
CFI > .96 (see combination rules by Hu & Bentler, 1999).

Since there are reasonable considerations that the mere
focus on fit indices can lead to a misleading model ac-
ceptance when factor loadings are low or false model
rejection when factor loadings are high (e.g., Greiff &
Heene, 2017; Heene et al., 2011), we applied further cri-
teria in Step 3. To avoid a misleading model acceptance
due to low factor loadings, we only included models in this
step, which have a minimum factor loading of A = .50 (i.e.,
medium factor loading; e.g., see Heene et al., 2011) of one
of the five microworlds. This is backed-up by the criterion
to only include models with an internal consistency of
McDonald’s ® >.70. In addition, only models were in-
cluded, for which the reliability does not become sub-
stantially better when one of the five microworlds would
have been dropped to allow that only microworlds are
included, which contribute to an at least acceptable reli-
ability. For this, we defined that the difference between o
for the scale with all five microworlds and o for the re-
maining four microworlds when one item was dropped
should be around O or positive (i.e., diff-w = —.01).

Out of the 48 models, we selected the models with the
best properties regarding the described criteria. Validity
analyses were conducted using the Pearson-moment
correlation. The chosen approach as a combination of
top-down definition of task characteristics and a data-
driven task selection is increasingly becoming best

remaining models

* X* non-significant

e CFI>.96

* RMSEA< .06, SRMR <.09
*  no convergence issue

48 models

*  McDonald’s w >=.70
e  Minimal A >=.50
e diff-w>=0

> 22 models

© 2021 The Author(s). Distributed as a Hogrefe OpenMind article

> 1 model

Figure 2. Applied three-step scheme
for short-measure construction.
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practice in the development of short scales from existing
longer ones (e.g., Schroeders et al. 2016). In this case,
where there is a relatively small number (k = 48) of per-
mutations (i.e., sets of tasks with the predefined charac-
teristics), we can estimate all models in a reasonable time.
More complex scenarios use more sophisticated optimi-
zation algorithms to limit the number of models to be
estimated (e.g., Leite et al., 2008).

Analysis

Analyses were performed using both Python (create com-
binations, CFA syntaxes, and plots) and R (statistical ana-
lyses). Specifically, for statistical analyses, the R packages
lavaan (Rosseel, 2012) and jmv (The jamovi project, 2020)
were used. For CFA, WLSMYV was used as an estimator since
microworld scores were dichotomous. To compare the
magnitude of dependent correlations, we used analyses for
paired correlation using paired.r from psych-package in R.

All analyses, the used data set, task characteristics of
all microworlds, and output of all 48 model comparisons
can be retrieved at the open science framework reposi-
tory (OSF; https://osf.io/5grmj).

Results

Three Steps for Item Selection

After defining the models based on theoretical criteria
(Step 1), 48 CFA models were conducted in Step 2. Four

models (Models 2, 14, 18, and 30) did not converge, po-
tentially due to large collinearity between items, and were
not further considered. The remaining models revealed 44
values for 2 statistic, respective p values, CFI, SRMR, and
RMSEA (see also Appendix B). The minimum for x? sta-
tistic was 1.769; the maximum 50.66, p values ranged
from < .001 to .88; for CFI, the minimum was .95 and the
maximum was 1.00; for RMSEA, the minimum was .00
and the maximum was .20; and for SRMR, the minimum
was .03 and the maximum was .15. Based on the defined
criteria for model fit, 22 models were further excluded in
Step 2, resulting in 22 remaining models.

In Step 3, item analysis was performed for all remaining
models, resulting in 22 values for each indicator for item
analysis of the respective short measure (internal con-
sistency McDonald’s o, diff-o, and factor loadings). Values
for McDonald’s o ranged from .69 to .78, values for diff-o
ranged from —.04 to O, and values for minimal factor
loading of one of the microworlds for each model ranged
from .35 to .64. Applying the defined criteria for Step 3,
Model 43 remained.

Figure 3 displays the distributions of fit indices for all 44
models. Models are categorized as acceptable models
according to Step 2 and nonacceptable models according
to Step 2. The winning Model 43 is displayed at first po-
sition on the x-axis.

Evaluation of the Winning Model

Table 1 displays the structural properties of Model 43. A
one-factorial solution for Model 43 is plausible with
X(5) = 8372, p = .14, CFI = 1.00, RMSEA = .054,

value of statistic

CFI
—— RMSEA
—— SRMR

p value
~ minimal loading
McDonald's Q
Difference in Q

43 7 3 15 11 29 5 25 31 1 9 27 13 8 26 32 4 6 12 28 16 10 40 37 36 33 38 34 47 45 39 48 46 35 41 44 42 17 19 21 23 20 22 24

model #

Figure 3. Properties of short measure (y) plotted against model number (x). The winning model is displayed at first position at the x-axis. Values are

sorted by model fit (see the criteria above).
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Table 1. Item characteristics and item analyses of Model 43

[tem Input Output Relations ED M SD A o if dropped
Task 3 (SIM) 2 2 2 0 0.80 0.40 .64 .756
Task 9 (COM) 3 3 4 0 0.74 0.44 .82 717
Task 7 (ED) 3 2 1 1 0.22 0.42 72 737
Task 10 (ED) 3 3 3 1 0.42 0.50 .94 .653
Task 11 (ED) 3 3 4 1 0.43 0.50 .87 .673

Note. COM = complex, ED = eigendynamic, SIM = simple, A = factor loading.

SRMR = .05. The short measure has a mean difficulty of
0.52 (SD = 0.32), an internal consistency of = .75, a diff-o
of —.004, and a minimum factor loading of one of the
items of .64. The results of item analyses for Model 43 are
displayed in Table 1. The correlation between the sum
score of long measure and the sum score of short measure
based on Model 43 was r=.93,95% CI [.91, .95], indicating
strong similarity between both short and long measures.

To further determine internal validity, we also repli-
cated the proposed two-factor model by Stadler et al.
(2019), in which a second, orthogonal factor for Ei-
gendynamics (with loadings constrained to equality) has
been proposed. Our model received an excellent fit
(x*[4] = 2.89, p = .58, CFI = 1.00, RMSEA = .00,
SRMR =.03), replicating the model with the short version.
In addition, we tested whether the use of the vary-one-
thing-at-a-time strategy (VOTAT) is a strong predictor of
performance since several studies on CPS have demon-
strated its positive impact on solving CPS tasks (Greiff,
Wiistenberg & Awvisati, 2015; Lotz et al, 2017; Wu &
Molnar, 2021; Wiistenberg et al., 2014). We could repli-
cate that successful VOTAT usage is a strong predictor of
CPS performance for both long (r=.76,95% CI [.70, .81]) and
short version (r = .60, 95% CI [.51, .68]). Although the
correlation of VOTAT was smaller for the short version than
for the long version (¢ = 10.99, p < .001), it is still a strong
relation replicating results from previous fields. For instance,

Kroner et al. (2005) report an effect size of 7 = .47 of VOTAT
usage (labeled “rule identification”) and overall perfor-
mance, or Greiff et al. (2016) report an effect size of § = .55.

To compare the two forms’ construct validity, we first
correlated the sum scores of the long measure with WMC,
gF, and gC. The results revealed that the long measure is
moderately related to WMC (r = .21, 95% CI [.09, .33]),
which is comparable to literature reporting correlations
between CPS and WMC (Greiff, Wiistenberg, Goetz et al.,
2015; Meifdner et al., 2016; Zech et al., 2017) or other
measures of intelligence with similar WMC estimates on
a manifest level (Krieger et al., 2019; Unsworth & Engle,
2005). Also, the long measure was substantially related to
both gF (r = .41, 95% CI [.30, .51]) and gC (r = .38, 95% CI
[.26, .48]), which is also in line with previous literature
(e.g., Stadler et al., 2015). More importantly, the short
measure based on Model 43 is related with the respective
construct to a similar extent (WMC, » = .23, 95% CI [.10,
34]; gF, r = .43, 95% CI [.32, .53]; ¢C = 0.40, 95% CI [.28,
.50]), indicating no decrease in validity from long to short
measure. Regarding predictive validity, both long mea-
sure and short measure showed a moderate positive
relation with GPA (for the long measure, r = .27, 95% CI
[.15, .38]; for the short measure, r =.30, 95% CI [.18, .41]).
All comparisons and statistical verifications are displayed
in Table 2 besides descriptives of the respective
measures.

Table 2. Descriptives and correlations of measures and short form of winning Model 43

Descriptives

Intercorrelations

Difference
long—short version

M SD Long Short

WMC gF gC GPA [t] p
Long 0.65 0.26
Short 0.52 0.32 0.93
WMC 0.70 014 0.21 0.23 0.46 .56
gF 0.21 0.89 0.41 0.43 0.37 0.75 45
gC —-0.13 0.56 0.38 0.40 0.28 0.48 1.03 .30
GPA -1.88 0.62 0.27 0.30 0.06 0.14 0.08 1.36 18
VOTAT 8.91 3.35 0.76 0.60 0.09 0.29 0.25 0.13 10.99 <.001

Note. Mean score was used for both long and short versions; for WMC mean proportion correct of measures, OSpan, SSpan, and RSpan were used; for GPA,
values were transformed and high values represent high GPA; statistical verification for differences of correlations for long or short version with respective
measure is displayed in “difference long-short version.” GPA = grade point average; WMC = working memory capacity.
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Discussion

This paper aimed to propose a set of microworlds based
on the microworlds that allow for the estimation of a valid
CPS score with short testing time. In line with other
measures of cognitive ability, CPS scores have consis-
tently proved themselves valid predictors of both aca-
demic (Stadler et al., 2018; Stadler et al.,, 2019) and
professional success (Mainert et al., 2019). Moreover,
CPS scores provide a valid approximation of general
intelligence (Lotz et al., 2016). A short yet valid measure
of CPS may, thus, enrich future studies in various fields
that would, otherwise, not have had the opportunity to
include measures of CPS. To find a reliable and valid set
of microworlds to be used in a short measure, we defined
several sets of five microworlds composed of one simple
microworld, one complex microworld, and three micro-
worlds with Eigendynamics that showed excellent indi-
cators of both factorial validity and item analyses. We
propose choosing one set that clearly showed the best
properties using multi-indicators for model fit and item
analysis. CPS scores based on this set showed high
correlations with CPS scores based on 11 microworlds.
Furthermore, there were no substantial differences in the
relation between performance in a conventional measure
of intelligence and CPS scores based on the five micro-
world subset as compared to the full set of 11 micro-
worlds. Finally, CPS scores based on the five-microworlds
subset are meaningfully related to school grades, an
established criterion of CPS, as strongly as CPS scores
based on the full set.

Limitations

Some limitations need to be considered in interpreting
these results. Most importantly, we reanalyzed an ex-
isting data set including data on 11 microworlds, rather
than gathering a new validation sample with participants
only working on five microworlds. This allowed us to
compare the relations found directly between the two sets
of microworlds but can only be considered the first step in
the scale’s validation as the presence of other tasks may
affect performance in the individual microworlds. There
is a slight increase in problem-solving performance with
increased familiarity with the microworlds (Lotz et al.,
2017) that could alter the tasks’ difficulties as observed in
the long version. In other words, the reduced opportu-
nities to familiarize with the tasks might increase item
difficulties for complex microworlds or microworlds with
Eigendynamics in the shorter version. Moreover, in-
structions for COMPRO, as with most established im-
plementations of MicroDYN tasks, are split into two

Psychological Test Adaptation and Development

parts. The first part of the instruction, which is provided
at the onset of the assessment, provides a general in-
troduction without introducing Eigendynamics. Ei-
gendynamics are then introduced separately in the
second part of the introduction, right before the first
microworld with Eigendynamics. This separation seems
unnecessary for a short measure with only five micro-
worlds, and both instructions should be provided at the
onset of the assessment. Taken together, this strongly
suggests a follow-up study assessing data based on only
the items of the short version proposed here. That
means including only the knowledge acquisition phase
and providing a combined instruction. However, it is
promising that a study using a set of six microworlds
(Kretzschmar et al.,, 2016) found results that were
similar to ours, leading to the assumption that the direct
application of the subset of five microworlds will reveal
similar properties. Therefore, we hope that this paper
will instigate researchers to use the scale in their re-
search but urge them to keep this limitation in mind.

In addition, limiting our assessment of CPS on only the
knowledge acquisition phase, it ignores the knowledge
application phase, which is a theoretically separate aspect
of CPS. Tasks based on the MicroDYN approach attempt
to measure the two processes independently in two phases
by providing the full solution to the knowledge acquisition
phase (i.e., the relation between input and output vari-
ables) in the knowledge application phase. Empirically,
however, very high correlations (>.85) are reported be-
tween knowledge acquisition and knowledge application
(e.g., Gnaldi et al., 2020; Wiistenberg et al., 2012). Other
publications even regressed the two factors onto a single
higher-order factor of CPS (e.g., Greiff & Fischer, 2013;
Kretzschmar et al., 2014) with knowledge acquisition
consistently showing the stronger loadings. Thus, while
our short measure does not capture the construct of CPS in
its entirety, the measure represents a good estimate of
CPS.

Finally, we would advise against interpreting individual
CPS scores based on the proposed subset of microworlds.
The microworlds’ internal consistency was acceptable but
still indicated more measurement error than is desirable
for individual assessment (Greiff et al., 2012). This is
despite our rather homogenous sample that may have
slightly increased internal consistencies. In addition,
gender was not balanced in our sample, and thus, the
homogeneous sample during construction needs to be
considered depending on the purpose of the use of the
short form. However, we can assume that composition of
sample has no effect on the reported measurement models
in this article as it has been shown that CPS shows strong
measurement invariance across gender (Wiistenberg et al.,
2012).
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Implications and Practical Use

Our results support the use of CPS scores based on the
proposed composition of microworlds in research contexts
such as cognitive psychology, the learning sciences, or
even clinical psychology. While this study used micro-
worlds in the COMPRO design, the results should be
generalizable to all realizations of the MicroDYN approach
such as the conventional design (e.g., Wiistenberg et al.,
2012) or the Genetics Lab (Hazotte et al., 2011; Sonnleitner
et al., 2012). For a study relating performance in different
realizations of tasks based on the MicroDYN approach, see
Greiff, Stadler et al. (2015).

In conclusion, we hope that the possibility to assess
CPS in a short testing time will instigate more researchers
to include measures of CPS into their studies and ex-
periments. This is necessary to increase our under-
standing of the construct and help people succeed in the
21st century. The items of the proposed short version of
this article were developed with the CBA Item Builder
(Rolke, 2012). A software for displaying items and col-
lecting data can be found on OSF (https://osf.io/5grmj).
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Appendix A. Task descriptions and linear structural equations for all items of long version

Task Short? Classification Input Output Relations Eigendynmic Linear structural equations

1 No Simple 2 1 0 No Xe+1 = 18X¢ + 2%A; + 2%B;

2 No Simple 2 2 2 No Xe+1 = %X + 2#A: + 0xB;
Ye+1 = 1Y + 0#A; + 2#B;

3 Yes Simple 2 2 2 No Xe+1 = 1%Xt + 0%xAr + 2% B
Ye+1 = 1xY; + 0xA + 2B

4 No Complex 3 2 3 No Xe+1 = 1% Xy + 2xA; + 2% Bt + 0xCy
Yi+1 = 1xY:y + 0xAr + 0% By + 0+Cy

5 No Complex 3 3 3 No Xe+1 = 1% X + 0xAr + 2% By + 0%Cy
Ye+1 = 1xYy + 2xA; + 0% B¢+ 0xCy
Zi+1 = 1% Z + 0% A: + 0% B+ 2%C;

6 No Complex 3 3 5 No Xe+1 = 1% X + 2% A + 2By + 0%Cy
Ye+1 = 1%Y: + 0% Ay + 2By +2xC;
Zi+1 = 1% Z + 0xA: + 0% B+ 2%C;

7 Yes Eigendynamic 3 2 2 Yes Xe+1 = 1% Xy + 0xA; + 0xB;+ 0xCy
Ye+1 =% Yy + 0xAr + 2xB;+ 0%C;) + 3

8 No Eigendynamic 3 2 3 Yes Xe+1 = 1% X + 2%xAr + 0% By + 0%Cy
Ye+1 =% Yy +0xA; + 2xB;+0%C;) + 3

9 Yes Complex 3 3 4 No Xe+1 = 15X + 2% A + 0% By + 0xCy
Ye+1 = 1%Y: +0xA;r + 2B +2+C
Zi+1 = 1xZ + 0xAr + 0% By + 2%C

10 Yes Eigendynamic 3 3 4 Yes Xe+1 = 1%Xy +0xA; + 0% B¢+ 0%C
Yi+1 =(1xY: + 2xA; + 2B +0%C;) +3
Zi+1 = 1xZ + 0xAr + 0% B+ 2%Cy

i Yes Eigendynamic 3 3 5 Yes Xe+1 =X + 2xAt + 2xB; +0%Ct) +3

Ye+1 = 1xYr 4+ 25A + 0B +0«C;
Zi+1 = 12 + 0xAr + 0% B+ 2%Cy

Note. Short? = Is this task used in the short version of model 43?

© 2021 The Author(s). Distributed as a Hogrefe OpenMind article
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Appendix B. Results of all 44 CFA, which showed convergence

Further evaluation

Descriptives

Fit indices (Step 2) criteria (Step 3) for score Intercorrelation between score and ...
No. Tasks X P df CFI RMSEA SRMR w Min A Diff w M SD WMC GPA gF gC VOTAT Long version
1 1,4,7,8,10 6.122 295 5 .998 .031 .068 .70 40 —.04 0.54 0.29 0.21 0.29 0.39 0.36 0.53 0.90
3 1,4,7,10, 1 4.327 .503 5 1.000 .000 .051 .69 43 -.03 0.55 0.29 0.21 0.29 0.42 0.37 0.54 0.91
4 1, 4,8,10, 1 2.974 704 5 1.000 .000 .040 .75 .37 —.04 0.58 0.31 0.19 0.26 0.40 0.34 0.54 0.90
5 1,5,7,8,10 4173 525 5 1.000 .000 .053 7 41 -.03 0.55 0.29 0.18 0.31 0.39 0.38 0.57 0.91
6 1,5,7,8 1 6.958 224 5 .997 .041 .065 70 .37 —.04 0.55 0.29 0.19 0.34 0.44 0.38 0.59 0.90
7 1,5,7,10, 1 3.561 614 5 1.000 .000 .042 70 43 -.03 0.56 0.29 0.18 0.31 0.42 0.39 0.58 0.91
8 1,5,8,10, 1 4.769 445 5 1.000 .000 .048 .75 .38 —.04 0.59 0.31 0.7 0.29 0.40 0.36 0.58 0.91
9 1,9,7,8,10 3.999 .550 5 1.000 .000 .044 73 .39 —.04 0.53 0.30 0.21 0.28 0.42 0.40 0.49 0.88
10 1,978 M 5.665 .340 5 .999 .024 .051 72 .35 —.04 0.53 0.30 0.22 0.30 0.46 0.39 0.51 0.88
i 1,9,7,10, 1 2.442 .785 5 1.000 .000 .032 72 42 -.03 0.54 0.30 0.21 0.27 0.45 0.40 0.50 0.88
12 1,9,8,10, 1 3.303 .653 5 1.000 .000 .035 77 .36 —.04 0.57 0.33 0.20 0.25 0.42 0.37 0.50 0.89
13 1,6,7,8,10 2.994 .701 5 1.000 .000 .044 71 .38 —.04 0.54 0.29 0.18 0.28 0.40 0.39 0.54 0.89
15 1,6,7,10, 1 1.769 .880 5 1.000 .000 .031 .69 42 -.03 0.55 0.29 0.18 0.28 0.43 0.40 0.55 0.90
16 1,6,8,10, 1 3.462 .629 5 1.000 .000 .038 .75 .36 —.04 0.59 0.31 017 0.26 0.41 0.37 0.55 0.90
17 2,4,7,8,10 19.594 .001 5 .976 M2 .097 72 48 -.02 0.52 0.30 0.20 0.26 0.36 0.37 0.56 0.91
19 2,4,7,10, M 21.314 .001 5 .969 19 .096 .70 47 -.02 0.53 0.30 0.20 0.26 0.39 0.38 0.58 0.92
20 2,4,8,10, M 17.856 .003 5 .987 106 .084 .76 43 —.03 0.56 0.33 0.19 0.24 0.37 0.35 0.57 0.92
21 2,5,7,8,10 9.696 .084 5 .993 .064 .067 72 46 -.02 0.53 0.30 0.18 0.28 0.37 0.39 0.61 0.92
22 2,5,7,8 M 14.807 0N 5 .985 .092 .083 72 43 —.02 0.53 0.30 0.18 0.31 0.41 0.39 0.63 0.92
23 2,5,7,10, M 1.439 .043 5 .988 .075 .07 7 44 -.02 0.54 0.30 0.7 0.28 0.40 0.40 0.62 0.93
24 2,5,8,10, M 14.922 .0m 5 .990 .093 .075 .76 41 —.03 0.57 0.32 0.7 0.26 0.38 0.37 0.62 0.93
25 2,9,7,8,10 2.875 719 5 1.000 .000 .029 74 40 -.03 0.51 0.31 0.21 0.25 0.39 0.41 0.53 0.90
26 2,9,7,8M 6.431 .266 5 .998 .035 .046 73 .37 -.03 0.51 0.31 0.22 0.27 0.43 0.40 0.55 0.90
27 2,9,7,10, M 3.721 .590 5 1.000 .000 .038 73 .39 —-.03 0.52 0.31 0.21 0.25 0.42 0.42 0.54 0.91
28 2,9,8,10, M 3.374 .643 5 1.000 .000 .032 .78 .36 —.04 0.55 0.34 0.20 0.23 0.40 0.38 0.54 0.91
29 2,6,7,8,10 2.812 729 5 1.000 .000 .036 72 41 —.03 0.52 0.30 0.17 0.25 0.37 0.40 0.58 0.91
31 2,6,7,10, 1 4.940 423 5 1.000 .000 .049 .70 40 -.02 0.53 0.30 0.7 0.25 0.41 0.41 0.59 0.93
32 2,6,8,10, 1 5.265 .384 5 1.000 .015 .047 .76 .37 —.04 0.56 0.32 0.16 0.23 0.38 0.38 0.59 0.92
33 3,4,7,8,10 45.730 .000 5 947 188 154 .75 .78 .01 0.53 0.31 0.22 0.31 0.37 0.35 0.62 0.93
34 3,4,7,8 M1 45.244 .000 5 .948 187 151 74 .73 .00 0.58 0.31 0.23 0.33 0.42 0.35 0.64 0.93

(Continued on next page)
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Appendix B. (Continued)

Further evaluation

Descriptives

Fit indices (Step 2) criteria (Step 3) for score Intercorrelation between score and ...
No. Tasks X2 P df CFI RMSEA SRMR w Min A Diff w M SD WMC GPA gF gC VOTAT Long version
35 3,4,7,10, 1 42151 .000 5 .946 79 136 .73 .66 .01 0.54 0.31 0.22 0.31 0.40 0.36 0.64 0.94
36 3,4,8,10, 1 43.928 .000 5 .966 184 125 79 .78 .00 0.57 0.33 0.21 0.29 0.38 0.33 0.63 0.93
37 3,5,7,8,10 38.039 .000 5 .963 169 150 .75 81 .01 0.58 0.31 0.19 0.34 0.37 0.37 0.67 0.94
38 3,5,7,8 M 39.686 .000 5 .962 73 152 .75 .76 .01 0.58 0.31 0.20 0.36 0.42 0.37 0.69 0.94
39 3,5,7,10, 1 35.351 .000 5 .964 162 127 74 .70 .01 0.54 0.31 0.19 0.33 0.40 0.38 0.68 0.94
40 3,5,8,10, 1 50.663 .000 5 .964 199 145 79 .83 .00 0.57 0.33 0.18 0.31 0.38 0.35 0.67 0.94
41 3,9,7, 8,10 10.027 .074 5 .993 .066 .063 .76 .64 -.01 0.51 0.32 0.23 0.30 0.40 0.39 0.59 0.92
42 3,9,7,8MN 12.835 .025 5 .990 .082 .067 .75 .62 -.01 0.52 0.32 0.24 0.32 0.44 0.39 0.61 0.93
43 3,9,7,10, 1 8.372 137 5 .995 .054 .050 .75 .64 .00 0.52 0.32 0.23 0.30 0.43 0.40 0.60 0.93
44 3,9 810, 1 10.994 .0562 5 .995 .072 .053 .80 .64 -.02 0.56 0.35 0.21 0.28 0.41 0.37 0.60 0.92
45 3,6,7, 8,10 23.1M .000 5 .975 125 .095 .75 .70 .00 0.53 0.31 0.19 0.30 0.38 0.38 0.64 0.93
46 3,6,7,8,M 24.491 .000 5 .972 130 .097 74 .68 .00 0.53 0.31 0.20 0.33 0.43 0.38 0.66 0.93
47 3,6,7,10, 1 21.578 .001 5 972 120 .089 .73 .70 .01 0.54 0.31 0.19 0.31 0.41 0.39 0.65 0.94
48 3,6, 8,10, 11 24.443 .000 5 .982 130 .091 .78 .69 —.01 0.57 0.33 0.18 0.28 0.39 0.36 0.64 0.93
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