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Abstract
Various forms of relational processing have been linked to cognitive capacity measures, such as working memory and fluid
intelligence. However, previous work has not established the extent to which different forms of relational processing reflect
common factors, nor whether individual differences in cognitive style also contribute to variations in relational reasoning. The
current study took an individual-differences approach to investigate the prerequisites for relational processing. In two studies,
college students completed a battery of standardized tests of individual differences related to fluid intelligence and cognitive style,
as well as a series of experimental tasks that require relational reasoning. Moderate correlations were obtained between relational
processing and measures of cognitive capacity. Questionnaire measures of cognitive style generally did not improve predictions
of relational processing beyond the influence of measures of cognitive capacity.
Keywords Relational reasoning . Individual differences . Cognitive capacity . Cognitive style

Introduction
Relational reasoning – inferential processes constrained by the
relational roles that entities play rather than the specific features of those entities – is a hallmark of human cognition.
Languages would be severely limited without prepositions
and verbs that represent relations between things (e.g., give
expresses an exchange of something between a giver and a
recipient). Analogical reasoning, in which a familiar source
domain is mapped to a less understood target domain that
shares its relational structure, underlies the powerful ability
to derive plausible inferences about a target based on a source
analog. Analogical reasoning can be challenging when surface
properties differ for entities that correspond across the analogs
(e.g., Gick & Holyoak, 1980).
Given that many school subjects involve relational knowledge, understanding the cognitive underpinnings of such
knowledge may help to improve education. Virtually all concepts in STEM fields are relational in nature (i.e., defined by
shared relations rather than shared features). Furthermore, expertise in any domain requires rich knowledge of an interrelated set of concepts, many of which may themselves be

* Maureen E. Gray
maureengray@ucla.edu
1

Department of Psychology, University of California, 405 Hilgard
Ave, Los Angeles, CA 90095-1563, USA

relational in nature. Indeed, some researchers have argued that
analogy is critical for creativity and innovation in technological fields (Goel, 1997). Goldwater and Schalk (2016) suggest
that abstract relational schemas are prerequisites for knowledge transfer, which is arguably the end goal of education. In
addition, recent research has shown that effective use of relational processing separates successful from unsuccessful students (McDaniel, Cahill, Robbins, & Wiener, 2014). A better
understanding of relational processing, and why some students embrace it while others do not, could lead to improved
educational outcomes.
A great deal of research indicates that adequate cognitive
capacity (often characterized in terms of concepts such as
working memory, inhibitory control, executive functioning,
and/or fluid intelligence; see Ackerman, Beier, & Boyle,
2005) is necessary for relational processing (for a review,
see Holyoak, 2012). For example, imposing a workingmemory load causes college students to make fewer relational
(and more featural) matches on a picture-mapping task (Waltz,
Lau, Grewal, & Holyoak, 2000). Scores on the Ravens
Progressive Matrices (RPM), a standard measure of fluid intelligence (Raven, 1938), have been shown to correlate positively with the probability of spontaneous analogical transfer
in a problem-solving task (Kubricht, Lu, & Holyoak, 2017).
Neuropsychological evidence links impaired prefrontal functioning with greatly diminished performance on analogy tasks
(e.g., Kane & Engle, 2002; Krawczyk et al., 2008; Morrison
et al., 2004). In one such study, participants completed an
analogy task in which the correct answer was based on
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relational similarity. Individuals with frontal-variant
frontotemporal lobar degeneration failed to inhibit a semantically related distractor, demonstrating the importance of interference control in relational processing (Krawczyk et al.,
2008). A number of computational models of analogical reasoning emphasize the centrality of capacity constraints (e.g.,
Halford, Wilson, & Phillips, 1998; Hummel & Holyoak,
1997, 2003; Keane, 1997).
Relational reasoning may not depend entirely upon pure
cognitive capacity, however. While fluid intelligence capabilities decline in older adulthood (Horn & Cattell, 1967), older
adults are still able to complete relational tasks of lower relational complexity (Viskontas et al., 2004). Older adults do not
simply lose their ability to reason upon reaching an advanced
age, which suggests that some other constructs are at play.
One other potential contributor to relational reasoning performance is crystalized intelligence, the counterpart to fluid intelligence that reflects reasoning based on prior knowledge.
Indeed, in many situations, such as reaching a justified conclusion regarding the guilt or innocence of an individual based
on information presented at a trial, reasoning critically depends on accumulated knowledge. Studies that have examined links between fluid intelligence and relational reasoning
have seldom distinguished the potentially separable impact of
crystalized intelligence.
While cognitive capacity and accumulated knowledge are
likely to be important contributors to performance in tasks that
require relational reasoning, other sources of individual differences may also play a role. In particular, some evidence implicates variations in cognitive style – differences in preferred
thinking strategies – in performance on reasoning tasks (e.g.,
Stanovich & West, 1997). Several measures of cognitive style
might be plausibly linked to relational processing. For example, the Need for Cognition (NFC) scale measures preferences
for engaging in or avoiding analytic thinking (Cacioppo &
Petty, 1982). Some past research has linked scores on the
NFC to performance on the RPM, which is an inherently
relational task (Day et al., 2007; Hill et al., 2013), as well as
to performance on syllogistic reasoning problems (West,
Toplak, & Stanovich, 2008). However, it remains unclear
whether individuals’ propensity to think analytically affects
relational processing in other tasks that involve it, such as
analogical reasoning. To the best of our knowledge, this paper
is the first to explicitly examine the predictive power of cognitive style measures in the context of an extensive battery of
relational processing tasks.
Another cognitive style measure that may be related to
relational processing is the construct of Actively Openminded Thinking (AOT; Baron, 1985). This scale captures
an individual’s propensity to avoid “myside” bias, which is
the tendency to approach and process new information in such
a way that already-held beliefs are strengthened (Baron, Scott,
Fincher, & Metz, 2015). While this measure has been linked to
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some instances of reasoning (e.g., better performance on belief
bias syllogisms; Baron et al., 2015), its possible relationships
to other tasks involving relational processing have not been
investigated.
As a final example, the Need for Cognitive Closure
(NFCC; Kruglanski, 1989) scale measures an individual’s desire to reach some answer on a given problem, regardless of
whether or not that answer is correct. This desire manifests
itself in a tendency to reach conclusions quickly and maintain
them in an effort to reduce and avoid feelings of ambiguity. As
in the case of the other cognitive style measures noted above,
the NFCC has not been linked explicitly to relational reasoning tasks; however, the measure appears to be related to some
characteristics that might influence reasoning, such as resistance to consideration of alternative hypotheses (Kruglanski
& Mayseless, 1988) and a preference for simplified judgments
(Van Hiel & Mervielde, 2003). This construct might plausibly
relate to relational processing more generally.
One measure that arguably spans the gap between cognitive capacity and cognitive style is the Cognitive Reflection
Test (CRT), developed by Frederick (2005). The CRT is a
short test that measures what Frederick termed “cognitive reflection,” which is “the ability or disposition to resist reporting
the response that first comes to mind” (p. 35). The test consists
of three word problems, each of which has an obvious, “intuitive” answer that springs to mind but is ultimately incorrect.
To answer these problems correctly, people must inhibit the
tendency to respond with the automatically generated incorrect answer and think more analytically. Frederick argued that
the CRT is related to cognitive capacity, interference control,
and cognitive style. He found the CRT to be correlated weakly
with the NFC (r = .22), and moderately with three measures of
cognitive capacity (the SAT, ACT, and Wonderlic Personnel
Test; r = .43–.46). The CRT has also been shown to be weakly
related (r = .15) to scores on the Stroop test, a common measure of inhibitory control (Toplak, West, & Stanovich, 2011).
Neuropsychological research also suggests an inhibitory control component of the CRT. When participants’ inhibitorycontrol capabilities are diminished by administering cathodal
stimulation to the dorsolateral prefrontal cortex, they give
more incorrect impulsive answers to CRT questions (Oldrati,
Patricelli, Colombo, & Antonietti, 2016).
The present studies applied an individual-difference approach to investigate potentially separable components of relational reasoning. Our general tack was to examine a suite of
tasks that appear to require relational processing, and to have
participants also complete a battery of tests expected to measure aspects of cognitive capacity, inhibitory control,
crystalized intelligence, and cognitive style. We sought (1)
to determine which relational tasks seem to exhibit a shared
pattern of relationships to measures of individual differences,
and (2) to assess which types of individual differences predict
performance on tasks requiring relational reasoning.
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Study 1
Study 1 explored relationships among performance on a series
of a tasks requiring relational processing and performance on
a subset of the tests of individual difference reviewed above.
The relational processing tasks included an analogical transfer
problem (Gick & Holyoak, 1980), translating a statement into
an algebraic expression (Martin & Bassok, 2005; Simon &
Hayes, 1976), and a picture-mapping task (Markman &
Gentner, 1993). These tasks, while heterogeneous in nature,
were selected because they all involve some degree of relational reasoning and are used widely in the literature to study
relational reasoning (e.g., Cushen & Wiley, 2018; Fisher,
Borchert, & Bassok, 2011; Kubricht et al., 2017; Lewis &
Mayer, 1987; Tohill & Holyoak, 2000; Vendetti, Wu, &
Holyoak, 2014). Two of the selected tasks involve constructing an analogical mapping (the analogical transfer problem
and the picture-mapping task), and all tasks involve consideration of relations between entities. The individual difference
measures administered in Study 1 were Raven’s Progressive
Matrices (RPM; Arthur, Tubré, Paul, & Sanchez-Ku, 1999),
the Cognitive Reflection Test (CRT; Frederick, 2005), and the
Need for Cognition scale (NFC; Cacioppo & Petty, 1982).

Method
Participants
Participants were 202 undergraduate students (mean age =
20.1 years, 137 female) from the University of California,
Los Angeles (UCLA) who received course credit for
participating.
Measures
Each participant completed a series of individual difference
measures, followed by experimental tasks likely to require
relational processing.
Raven’s Progressive Matrices (RPM) Participants completed a
shortened, 12-item version of the RPM test, a common measure of fluid intelligence (Arthur et al., 1999). In this task,
participants view a series of 3 × 3 grids with shapes in each
cell except for the bottom right cell, which is blank.
Systematic patterns are instantiated across the rows and down
the columns of each matrix. From eight alternatives, participants choose which shape correctly completes the matrix by
following the relational rules instantiated in the filled cells.
This task is untimed and no feedback is given.
Need for Cognition (NFC) The Need for Cognition scale
(Cacioppo & Petty, 1982), measures whether the individual
enjoys engaging in analytic thinking. The shortened scale was
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used, which consists of 18 statements about processing preferences (e.g., “I would prefer complex to simple problems,” or
“Thinking is not my idea of fun”). Participants indicated how
characteristic each statement is of themselves on a scale from
1 (extremely uncharacteristic) to 5 (extremely characteristic).
Some items were reverse scored.
Cognitive Reflection Test (CRT) The Cognitive Reflection Test
(Frederick, 2005), measures an individual’s ability to inhibit
an automatic response and engage in more effortful analytic
thinking. This test consists of three problems, all of which
have an “obvious” incorrect answer that immediately springs
to mind. To answer these problems correctly, participants must
inhibit these attractive automatically generated answers and
instead engage in more effortful processing to compute the
correct answer. The CRT is thought to tap many constructs,
including cognitive capacity, inhibitory control, and cognitive
style (Campitelli & Gerrans, 2014).
Analogical transfer In this task (Gick & Holyoak, 1980), participants read a story containing a source analog (“The
General”) and summarized it. Later, they were presented with
the radiation problem (Duncker, 1945), which has an analogous “convergence” solution, and were prompted to solve it.
After attempting to solve the problem without any prompt to
use the source analog, participants were given a hint to think
back to the source analog story and write down a solution that
the story suggests. The total solution rate for the radiation
problem was calculated based on convergence solutions generated either before or after the hint is given.
Algebra translation problem In this task (Martin & Bassok,
2005; Simon & Hayes, 1976), participants read the statement,
“There are six times as many students as professors at this
university,” and were asked to translate it into an algebraic
expression. This task requires mapping semantic elements of
the verbal problem (number of students and of professors)
onto elements of an algebraic equation. Success on this problem requires successfully avoiding a deceptively easy syntactic translation strategy, which would yield the incorrect expression 6S = P. Producing the correct response, S = 6P, requires engaging in analytic processing and evaluating the
qualitative relation between the number of students and of
professors (the number of students would be expected to exceed the number of professors).
Picture-mapping task The final measure of relational processing employed was a picture-mapping task developed by
Markman and Gentner (1993), with additional items added
by Tohill and Holyoak (2000). In this task, participants were
shown a series of picture pairs and asked to map one object
from the top picture to an object in the bottom picture. The two
pictures were displayed for 10 s, after which an object in the
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top picture was visually highlighted (see Fig. 1). The participants then had to decide which object in the bottom picture
“goes with” the highlighted object in the top picture. The
expression “goes with” was kept purposefully vague: for each
picture pair, the highlighted object could be mapped either on
the basis of object attributes or on the basis of a shared relational role that each object fills. The dependent measure of
interest was how many relational mappings a participant made
out of 10 picture pairs.1
Procedure
Participants completed all tasks individually on a computer,
using the keyboard to input responses. The tasks were ordered
as follows: (1) Participants read the source analog for the
analogical mapping task and summarized it. They then completed (2) the NFC scale, (3) the CRT, and (4) the RPM. Next,
(5) participants were prompted to solve the radiation problem
for the analogical mapping task; (6) they completed the algebra translation task; and (7) they completed the picturemapping task. At the end of the study, participants were asked
whether or not they had seen any of the tasks in the study
previously, and if so to describe them. The study took 1 h to
complete.

Results and discussion
Data from one participant who failed to follow experimental
instructions were excluded, leaving a total of 201 participants
for analysis. Data for specific tasks were excluded for several
additional participants. Data from the CRT were excluded for
six participants, and data from the analogical mapping problem were excluded for two others, because these participants
expressed familiarity with the respective tasks. Data from the
RPM were removed for one participant who failed to follow
instructions and for eight additional participants whose log
trial times fell below 2.5 standard deviations of the average
log trial time for six or more trials, indicating low effort. Most
seriously, the initial version of the instructions for the picturemapping task proved confusing to participants, requiring us to
modify the instructions. Data for the first 41 participants (who
received the initial version) were excluded for this task. Data
on this task were excluded for 12 additional participants because they gave five or more responses coded as “other,”
indicating a misunderstanding of the task. Open-ended responses were coded by two independent raters. Any disagreements were decided by a third party.
1

Aword classification task developed by Little and McDaniel (2015) was also
administered. However, task performance was poor (fewer than 33% of participants successfully learned to classify the words). Consequently, data from
this task were not analyzed and the task will not be discussed further. It was not
included in the task battery for Study 2.
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Solutions to the radiation problem were scored according
to criteria adapted from previous research (Gick & Holyoak,
1980). If participants expressed at least two out of three critical
ideas, they received full credit: (1) multiple radiation sources,
(2) low intensity of rays, (3) arrangement of rays around the
tumor with rays converging on the tumor. Responses were
scored either as correct or incorrect (no partial credit was
awarded). In addition, participants were scored as to whether
they had solved the radiation problem spontaneously (without
the hint) or after receiving the hint. The score could therefore
be 0 (not solved), 1 (solved after hint), or 2 (solved without a
hint). Inter-rater reliability was high for this task (Cohen’s κ =
.73).
Responses on the picture-mapping task were scored according to previously established criteria as featural, relational, or other (Markman & Gentner, 1993). The key dependent
measure for this task was the number of relational mappings
(out of 10 possible) that participants made. Inter-rater reliability on this task was high as well (Cohen’s κ = .84).
Descriptive statistics
Raw means and standard deviations for the three key
individual-difference measures and relational-processing measures are displayed in Table 1. These descriptive results show
that performance on the analogical transfer task was poor. The
spontaneous transfer rate in the current study (.09) was close to
the solution rate found by Gick and Holyoak (1980) for participants who did not read a source analog (i.e., the control level).
The total solution rate (.29) was much lower than that observed
in the earlier study (.70). The poor performance in Study 1 may
have been due to the extended time interval between presentation of the source analog and the target problem, coupled with
interference from the demanding set of tasks that participants
performed in between. As a result of the low spontaneous
transfer rate, this task was recoded in a binary fashion as either
solved (1) or not solved (0).
Correlational analyses
Prior to running analyses, each participant’s score on each task
was standardized. A relational composite measure was created
by summing participants’ standardized scores on each of the
relational-processing measures (relational responses on the
picture-mapping task, score on the algebra translation problem, and score on the analogical transfer task). We created this
relational composite measure because there are theoretical
reasons to believe that each of these tasks employs relational
reasoning. Further, the pattern of correlations between the individual difference measures and each of the relational processing measures were comparable (see Table 2), suggesting
that there may be some common process underlying each of
the tasks. The relational processing measures did not correlate
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Fig. 1 Example picture from the Picture Mapping task used in Studies 1 and 2. The highlighted object from the top picture (the woman) could be mapped
to the woman from the bottom picture (featural mapping) or to the squirrel (relational mapping). Adapted from Markman and Gentner (1993)

strongly with one another, perhaps due to the fact that two of
the measures were binary rather than continuous, and that
performance on the radiation problem was poor.
Inter-task correlations are presented in Table 2. In all
correlational analyses, missing data were handled using
pairwise deletion. Relationships between continuous
Table 1

variables were assessed with Pearson’s correlations, while
relationships between one continuous and one binary variable were assessed with point-biserial correlations.
Finally, the phi coefficient was used to measure the association between two binary variables. Several interrelationships among the individual difference measures are

Descriptive statistics (Study 1)

RPM
CRT
NFC
Radiation problem
Algebra problem
Picture mapping

N

Maximum Possible score

Mean

Std. deviation

192
195
201
198
199
138

12
3
90
1
1
10

7.05
1.05
60.63
.30
.53
6.68

2.81
1.11
10.49
.46
.50
2.72

RPM Raven’s Progressive Matrices, CRT Cognitive Reflection Test, NFC Need for Cognition
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Table 2

1
2
3
4
5
6
7
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Inter-task correlations (Study 1)

RPM
CRT
NFC
Radiation problem
Algebra problem
Picture mapping
Composite

1

2

3

4

5

6

7

1
.48**
.16*
.26**
.34**
.37**
.45**

1
.24**
.30**
.36**
.33**
.46**

1
.13
.23**
.06
.22*

1
.18* 1
.15
.23** 1
.65** .68** . 67** 1

RPM Raven’s Progressive Matrices, CRT Cognitive Reflection Test, NFC
Need for Cognition
** denotes p < .01, * denotes p < .05

apparent. The moderate correlation between RPM and
CRT (r = .48, p < .001) is somewhat stronger than correlations noted in previous studies, which have found these
two measures to be correlated at about .3 (e.g., BrañasGarza, García-Muñoz, & Hernán-González, 2012; Hanaki,
Jacquement, Luchini, & Zylbersztejn, 2016). The weak
relationship between RPM and NFC (r = .16, p = .02)
is similar to that found in previous studies (e.g., Hill
et al., 2013). Finally, the relationship between NFC and
CRT (r = .24, p = .001) is similar to correlations found in
previous studies, supporting the hypothesis that the CRT
is sensitive to both capacity and style components (e.g.,
Pennycook, Cheyne, Koehler, & Fugelsang, 2016).
Table 2 also shows the pattern of correlations among
the individual-difference measures and the relationalprocessing measures. In line with expectations from previous research (Kubricht et al., 2017), RPM scores correlated significantly with each of the relational reasoning
measures, suggesting that cognitive capacity contributes
to performance in these tasks. The CRT also correlated
moderately with each of the relational reasoning measures. These correlations suggest the involvement of the
constructs that contribute to performance on the CRT, including cognitive capacity, inhibitory control, and cognitive style. The pattern of correlations with NFC differed
slightly between the three measures of relational reasoning. A significant relationship was observed between the
NFC and the algebra problem, (rpb = .23, p < .001), but
not among the other two relational processing measures.
The algebra problem may depend more upon cognitive
style than the other two measures, although the relationships observed between the CRT (a behavioral measure of
cognitive style) and each of the relational processing measures suggest that cognitive style may play a role more
broadly.
Next, correlations between the individual-difference
variables and the relational composite were examined.
The relational composite measure was correlated

moderately with RPM (r = .45, p < .001) and CRT (r =
.46, p < .001), and weakly with NFC (r = .22, p = .015).
This pattern suggests that relational processing was influenced by fluid intelligence and the constructs tapped by
the CRT, which include cognitive capacity, style, and inhibitory control (Campitelli & Gerrans, 2014).
To further tease apart the independent contributions of each
individual difference variable to relational processing performance, a stepwise multiple regression was run, predicting the
relational composite from the three individual difference measures. Stepwise regression was utilized due to the exploratory
nature of the analysis. We did not have a priori reasons to
enter the predictors in any particular order, and wanted to
account for potential shared variability among the predictors.
The results of this analysis are shown in Table 3. In this analysis, participants with missing data were excluded on a
listwise basis, leaving a total of 118 participants in the final
analysis. The first predictor to enter the model was standardized score on the CRT, followed by standardized score on
RPM. NFC did not contribute any unique predictive power
after accounting for the CRT and RPM. Overall, this analysis
supports the results of the correlational analysis, showing that
RPM and the CRT each contributed unique predictive power
with respect to relational processing. The impact of cognitive
style was mediated by the behavioral CRT score but not by the
self-assessed NFC test.
In sum, the findings of Study 1 suggested that there may be
multiple distinct individual differences that support relational
processing. Multiple regression analyses demonstrated that
cognitive capacity contributes to relational reasoning performance. Although self-assessed measures of cognitive style
were not predictive, style assessed in a behavioral manner
contributed to relational reasoning.
Table 3 Multiple regression analyses predicting relational composite
score (Study 1)
Predictor

ΔR2

Step 1
CRT
RPM
NFC
Step 2
CRT
RPM
NFC

.208**

β

t

.456
.274a
.097a

5.53**
3.14**
1.20

.315
.281
.103b

3.40**
3.03**
1.31

.059**

Note. All measures are standardized.
RPM Raven’s Progressive Matrices, CRT Cognitive Reflection Test, NFC
Need for Cognition
a Predictors in the model: CRT
b Predictors in the model: CRT, RPM
**denotes p < .01
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Study 2
Study 2 was performed to replicate the major findings of
Study 1, while adding additional measures. The new measures
included a new task that may involve relational processing, a
measure of visual working memory span (Foster et al., 2015),
a measure of crystalized verbal intelligence (Stamenković,
Ichien, & Holyoak, 2019), and two additional self-report measures of cognitive style, the Need for Cognitive Closure scale
(NFCC; Kruglanski, 1989) and the Actively Open-Minded
Thinking scale (AOT; Baron et al., 2015).

Method
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performance on the WAIS-III Vocabulary subtest, a standard
measure of crystalized verbal knowledge, whereas the test was
correlated only moderately (r = .39) with the RPM, which is
considered a measure of fluid intelligence. The SST consists
of 20 word pairs ordered from easy (e.g., orange-ball) to hard
(e.g., tavern-church). For each pair, the participant answered
the question, “How are these two concepts similar?” (e.g., for
orange-ball both are spheres, and for tavern-church both are
places of gathering). The instructions for the SST included one
example (chair-sofa) and a possible answer (both are types of
furniture). Participants’ scores were calculated using an answer key developed by Stamenković et al. Each item could
be fully correct (2 points), partially correct (1 point), or incorrect (0 points).

Participants
Participants were 231 UCLA undergraduate students (mean
age = 20.3 years, 177 female) who received course credit for
participating.
Measures
All the tasks assessed in Study 1 were also used in Study 2.
Here we describe additional measures that were added to the
test battery in Study 2.
Symmetry span The symmetry span task is a visuospatial
complex span test designed to measure working-memory capacity (Foster et al., 2015). In this task, participants are presented with a 4 × 4 grid of cells. On each trial, a certain
number of the cells are highlighted, one at a time. The participant’s task is to correctly recall which cells were highlighted
in which order. In between the presentation of each to-beremembered highlighted cell, the participant was shown a figure and had to decide whether or not the figure was left-right
symmetrical. After the presentation period ended, the participant was presented with a blank grid. The participant inputted
his or her responses by clicking on the cells in the order in
which they recalled seeing the cells highlighted. All participants completed three trials at each span length from 2 to 7 for
a total of 21 trials. In addition, participants received feedback
at the conclusion of each trial, informing them whether they
had recalled the cells correctly or not. Scores were calculated
by computing the average proportion of correctly recalled
grids across all trials. Trials were weighted equally, so answering incorrectly at lower span lengths is more detrimental to the
final score.
Semantic Similarities Test (SST) The SST is a short test designed to assess verbal crystalized intelligence (Stamenković
et al., 2019) by asking participants to generate similarities for a
given pair of concepts. Stamenković et al. (Study 3) found that
scores on the SST were strongly correlated (r = .67) with

Need for Cognitive Closure (NFCC) We supplemented the Need
for Cognition scale with two additional scales that were designed to measure slightly different aspects of cognitive style.
The Need for Cognitive Closure scale (Kruglanski, 1989)
measures an individual’s desire for a definite answer on some
topic or problem in an effort to avoid ambiguity and
confusion, regardless of whether that answer is correct or
not. In the current study, a shortened scale devised by Roets
and Van Hiel (2011) was used. The scale contains 15 items
(e.g., “When I am confronted with a problem, I’m dying to
reach a solution very quickly,” or “I don’t like situations that
are uncertain”).
Actively Open-minded Thinking (AOT) The measure of
Actively Open-Minded Thinking (Baron, 1985) captures the
disposition to weigh new evidence against a held belief (or
not). The current study used a shortened measure consisting of
eight items (e.g., “Allowing oneself to be convinced by an
opposing argument is a sign of good character”). The shortened scale was developed by Baron, Scott, Fincher, and Metz
(2015).
The three cognitive style scales (NFC, NFCC, and AOT)
were intermixed and items were randomized once (i.e., each
participant answered the items in the same randomized order).
Participants were instructed to read each statement and decide
how much they agree or disagree with each according to their
beliefs and experiences. A 7-point Likert scale was used,
where 1 represented “strongly disagree” and 7 represented
“strongly agree.”
Perceptual mapping task We administered an additional measure of relational processing adapted from a study by
Goldstone, Medin, and Gentner (1991, Experiment 1). In this
task, participants had to choose which of two possible figures
was most similar to a given target figure. The target figures
were created based on the stimuli provided in Goldstone et al.,
and the two response options were created to highlight either
attributional or relational similarity to the target figure. There

Mem Cogn (2020) 48:96–110

were seven trials, and on each trial participants saw the target
figure at the top of the screen with the two response options
displayed below (see Fig. 2). Trial order and left/right presentation of response options (attributional or relational) were
randomized, and participants recorded their responses by
pressing the “a” key to indicate the left response option was
most similar to the target, and pressing the “b” key to indicate
the right response option was most similar to the target.
Procedure
Tasks were completed individually on a computer. The task
order was as follows: (1) Participants completed the symmetry
span task, followed by (2) the CRT, and (3) the SST. Next,
participants took the (4) cognitive style composite scale,
followed by (5) RPM. Then, participants completed (6) the
perceptual mapping task, (7) read the source story for the
analogical transfer problem, and (8) completed the algebra
translation problem. Next, participants were prompted to (9)
solve the radiation problem (first without a hint, then with a
hint prompting them to think back to the source story), and
(10) complete the picture mapping task. Note that in an effort
to increase spontaneous analogical transfer rates, in Study 2
we moved the source analog and the target radiation problem
closer together (separated only by the algebra translation problem). Finally, participants were asked whether or not they had
seen any of the tasks in the study previously, and if so to
describe them. The study took 1 h to complete.

Results and discussion
Data from one participant who did not follow experimental
instructions were excluded, leaving a total of 230 participants
for analysis. In addition, data for specific tasks were excluded
for several additional participants. Data from the CRT were
excluded for 14 participants, and data from the analogical
transfer problem were excluded for 13 others, because these
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participants expressed familiarity with the respective tasks.
Eight participants were excluded from the symmetry span task
because their symmetry judgment accuracy fell below 85%,
and two participants were excluded from RPM because the
log of their trial response times (RTs) fell below 2.5 standard
deviations of the mean log trial RT for six or more trials. Two
participants were excluded from the SST because they scored
below 12/40 points, which was identified by Stamenković
et al. (2019) as the cutoff point. Finally, 22 participants were
excluded from the picture-mapping task because they gave
five or more responses coded as “other,” indicating a misunderstanding of the task.
Coding for open-ended tasks was completed by two independent raters following the same criteria outlined in Study 1.
Inter-rater agreement was comparable to that of Study 1 for
both the analogical transfer problem and the picture-mapping
task (Cohen’s κ = .85 and .83, respectively). Any disagreements were decided by a third party.

Descriptive statistics
Raw means and standard deviations for each task are
displayed in Table 4. As in Study 1 (and despite reducing
the temporal separation between presentation of the story
and radiation problem), spontaneous analogical transfer occurred very infrequently (.12 of participants), and the total
solution rate of .33 was considerably lower than that observed
by Gick and Holyoak (1980). Presumably analogical transfer
was difficult in the context of the demanding overall battery of
tasks. As in Study 1, the analogical transfer task was recoded
into a binary variable where participants received a score of 1
if they solved the radiation problem or a score of 0 if they
failed to do so.
In traditional scoring of the NFCC, higher scores indicate a
greater need for cognitive closure. In the present study, scores
were inverted to match the structure of the other cognitive
style scales, so that higher scores correspond to a greater

Fig. 2 Example stimulus from the Perceptual Mapping task used in Study 2. Participants could choose the left figure (showing a preference for featural
similarity) or the right figure (showing a preference for relational similarity). Adapted from Goldstone, Medin, and Gentner (1991)
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Descriptive statistics (Study 2)

RPM
Symmetry span
CRT
SST
NFC
AOT
NFCC
Ray problem
Algebra problem
Picture mapping
Perceptual mapping

N

Maximum Possible Score

Mean

Std. Deviation

228
222
217
229
229
229
229
207
224
184
227

12
1
3
40
126
56
105
1
1
10
7

6.50
.63
0.99
26.30
55.00
38.51
80.48
.33
.50
6.22
2.74

2.92
.18
1.03
4.30
12.73
6.57
13.47
.47
.50
2.56
2.81

RPM Raven’s Progressive Matrices, CRT Cognitive Reflection Test, SST Semantic Similarities Test, NFC Need for Cognition, AOT Actively Openminded Thinking, NFCC Need for Cognitive Closure

tolerance of uncertainty and ambiguity, and lower scores correspond to a greater need for cognitive closure.
As shown in Table 4, on average participants made two
relational matches out of seven possible matches on the perceptual mapping task, demonstrating low levels of relational
responding overall. This pattern is comparable to that reported
by Goldstone et al. (1991), who observed that when given the
choice between these two particular kinds of figures, participants tended to make attributional matches. However, considering only mean performance on this task may be misleading.
A histogram revealed that the distribution of responses on this
task appeared to be bimodal. One group of participants (n =
88) made only attributional matches, while another group (n =
53) made almost only relational matches. The basis for this
bimodal responding is uncertain, but two general possibilities
should be considered. First, individual participants may only
perceive one type of similarity. Alternatively, participants may
perceive both relational and attributional similarity, and focus
on the one that they prefer (since the instructions do not favor
one type of response over the other). Thus, the apparent individual differences in choice may arise either at the perceptual
level of processing or at a later decision stage. Our data do not
discriminate between these two possibilities, but we note the
potential for future investigations that could use this task to
investigate the basis for individual differences in processing
relational versus attributional similarity.
Correlational analyses
As in Study 1, all scores on all tasks were standardized prior to
analysis. Again, as in Study 1, missing data were handled with
pairwise deletion. The pattern of correlations among the relational processing measures observed in Study 2 was weaker
than that observed in Study 1 (see Table 5), though the three

measures used in Study 1 showed similar relationships with
the individual difference measures. As a result of the overall
low levels of relational responding in the perceptual mapping
task, this task was excluded from the composite relational
measure. Thus, as in Study 1, the relational composite measure was constructed by summing together participants’ standardized scores on three measures (relational responses on the
picture-mapping task, score on the algebra translation problem, and score on the analogical transfer task).
Table 5 also shows correlations among all individual difference measures and the relational composite. Several of the
relationships observed in Study 1 were also observed in Study
2. The moderate correlation between RPM and CRT (r = .49,
p < .001) was replicated, but the relationship between NFC
and RPM was not. However, the RPM correlated weakly with
both AOT (r = .21, p = .001) and NFCC (r = .21, p = .001).
The correlation between the CRT and NFC in Study 2 (r = .14,
p = .03) was slightly weaker than that observed in Study 1 (r =
.24, p = .001).
Correlations among the new individual-difference measures added in Study 2 were examined. The moderate correlation between RPM and symmetry span (r = .42, p < .001) is
comparable to those observed in previous studies (e.g., Foster
et al., 2015), and the moderate correlation between NFC and
AOT (r = .30, p < .001) is also comparable to previous findings (e.g., Haran, Ritov, & Mellers, 2013; West et al., 2008).
Contrary to expectations, the cognitive style measures did not
correlate consistently with one another. While a moderate correlation was observed between AOT and NFCC (r = .38, p <
.001), the NFC was only weakly correlated with NFCC (r =
.17, p = .011). Previous studies have found the correlation
between NFC and NFCC to be closer to .3 (e.g., Petty &
Jarvis, 1996). Moreover, the correlation between NFC and
AOT was weak and negative (r = -.13, p = .05). In contrast,
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Table 5

1
2
3
4
5
6
7
8
9
10
11
12

105

Inter-task correlations (Study 2)

RPM
Symmetry span
CRT
SST
NFC
AOT
NFCC
Ray problem
Algebra problem
Picture mapping
Perceptual mapping
Composite

1

2

3

4

5

6

7

8

9

10

11

1
.40**
.54**
.25**
.21**
.22**
.01
.21**
.19**
.26**
-.06
.31**

1
.38**
.14*
.02
.10
.07
.15*
.17*
.22**
-.07
.23**

1
.22**
.14*
.22*
.01
.25**
.37**
.22**
-.04
.39**

1
.10
.30**
.07
.17*
.17*
.27**
-.03
.31**

1
.38**
-.16*
.02
-.05
-.10
.10
-.11

1
.13*
.09
.08
.25**
.01
.20**

1
.02
-.04
.10
.17*
-.01

1
.09
.20*
-.12
.67**

1
.08
-.22**
.59**

1
.03
.66**

1
-.12

RPM Raven’s Progressive Matrices, CRT Cognitive Reflection Test, SST Semantic Similarities Test, NFC Need for Cognition, AOT Actively Openminded Thinking, NFCC Need for Cognitive Closure
** denotes p < .01, * denotes p < .05

the positive correlation observed between RPM and the SST
(r = .25, p < .001) was consistent with that observed in previous research (Stamenković et al., 2019), as well as with theoretical expectations (in that fluid intelligence and crystalized
intelligence are both expected to load on general intelligence).
Finally, correlations between the individual difference
measures and the relational processing tasks were examined
to shed light on which of the measured individual differences
play a role in relational processing. As in Study 1, the relational composite measure was correlated with RPM (r = .31, p
< .001). The other measure of “pure” cognitive capacity, symmetry span, was also correlated with the relational processing
composite (r = .23, p = .010). A moderate correlation was
observed between the relational composite and the CRT (r =
.39, p < .001), suggesting the contribution of the constructs
involved in the CRT, which include cognitive capacity, inhibitory control, and cognitive style (Campitelli & Gerrans,
2014). In addition, crystalized intelligence as assessed by the
SST was modestly correlated with the relational composite (r
= .30, p < .001), suggesting that in addition to raw cognitive
power, accumulated verbal knowledge also contributes to relational processing.
In contrast to the indirect assessment of cognitive style
tapped by the CRT, correlations between the self-report
cognitive style measures and the relational composite were
not consistently obtained in Study 2. The correlations between NFC and NFCC and the relational composite were
near 0, and the relationship between AOT and the relational composite was weak (r = .20, p = .009). These correlational analyses generally replicate the findings of Study 1,
supporting the hypothesis that relational processing relies
most prominently on cognitive capacity and accumulated
knowledge, while the contribution of “pure” cognitive

style as assessed by self-report measures is less clear.
However, the consistent relationship observed between
the CRT and the relational composite suggests that less
explicit measures of cognitive style may be related to relational reasoning.
To investigate the independent contribution of each of the
individual difference constructs to relational processing, we
ran a stepwise multiple regression predicting performance on
the relational composite from each of the individual difference
measures. As in Study 1, stepwise regression was selected
over other model selection procedures because we had no a
priori reasons to enter predictors in a particular order and
wanted to account for any shared variability among predictors.
Participants with any missing data were excluded on a listwise
basis, leaving a total of 153 participants in the analysis. As
shown in Table 6, standardized score on the CRT was the first
predictor to enter the model, followed by standardized score
on the SST. As in Study 1, none of the self-report measures of
cognitive style contributed any unique predictive variance to
the model. Unlike Study 1, however, the RPM did not contribute any additional predictive variance after accounting for
the CRT and the SST. To further investigate the relationship
between the CRT, RPM, and relational processing, an additional stepwise multiple regression analysis was run predicting
performance on the relational composite from CRT, RPM, and
NFC using observations from both studies. After excluding
participants with missing data in a listwise fashion, the total
number of observations in this analysis was 277. The results
of this analysis, shown in Table 7, support the findings of
Study 1. The CRT entered the model first, followed by the
RPM. This analysis supports the hypothesis that the CRT
and RPM, while related, nonetheless assess separable processes involved in relational reasoning.
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Table 6
Multiple regression analyses predicting relational composite
score (Study 2)
Predictor

ΔR2

Step 1
CRT
RPM
WM

.122**

SST
AOT
NFC
NFCC
Step 2
CRT
SST
RPM
WM
AOT
NFC
NFCC

β

t

.358
.133a
.068a

4.71**
1.56
0.81

.195a
.157a
-.154a
-.053a

2.56*
2.03*
-2.04*
-0.70

.315
.195
.105b
.054b
.122b
-.135b
-.074b

4.12**
2.56*
1.26
0.65
0.12
-1.82
-0.98

.036*

Note. All measures are standardized
RPM Raven’s Progressive Matrices, CRT Cognitive Reflection Test, SST
Semantic Similarities Test, NFC Need for Cognition, AOT Actively
Open-minded Thinking, NFCC Need for Cognitive Closure, WM working memory
a Predictors in the model: CRT
b Predictors in the model: CRT, SST
** denotes p < .01, * denotes p < .05

The multiple regression results in Study 2 generally confirm and extend the results obtained in Study 1. Cognitive
capacity, inhibitory control, crystalized intelligence, and a behavioral assessment of cognitive style contributed predictive
Table 7 Multiple regression analyses predicting relational composite
score (Studies 1 and 2)
Predictor

ΔR2

Step 1
CRT
RPM
NFC
Step 2
CRT
RPM
NFC

.172**

β

t

.415
.206a
-.025a

7.57**
3.35**
-0.45

.315b
.206b
-.025b

5.10**
3.35**
-0.46

.032**

Note. All measures are standardized
RPM Raven’s Progressive Matrices, CRT Cognitive Reflection Test, NFC
Need for Cognition
a Predictors in the model: CRT
b Predictors in the model: CRT, RPM
**denotes p < .01

variance to relational processing, whereas cognitive style as
assessed by standard self-report questionnaires (NFC, NFCC,
AOT) was not observed to have an independent effect. In a
multiple regression analysis combining participants from both
studies, the CRT and RPM added separate predictive power to
relational reasoning performance. Given that the CRT accounts for a significant amount of variation in relational processing after accounting for cognitive capacity as assessed by
RPM, it seems that this measure uniquely captures an inhibitory control component of cognitive capacity and some aspect
of cognitive style as it relates to relational processing
performance.

General discussion
Summary
The present study applied an individual differences approach to investigate component processes underlying relational processing in tasks related to analogical reasoning. In two studies, large samples of college students
completed a battery of relational tasks as well as a set of
tests designed to assess cognitive capacity, inhibitory control, crystalized intelligence, and cognitive style. The relational tasks were used to construct a composite measure
of relational processing. This composite measure was
based on analogical transfer in a verbal problem-solving
task (Gick & Holyoak, 1980), an algebra task requiring
translation from a verbal problem to an equation (Simon
& Hayes, 1976), and a task requiring mapping objects
between two visual scenes (Markman & Gentner, 1993).
Regression analyses were performed to identify measures
that made separable contributions to prediction of this
relational composite. In Study 1, scores on the Cognitive
Reflection Task (CRT) and the Ravens Progressive
Matrices (RPM) proved to be effective predictors, whereas score on the Need for Cognition test (NFC, a selfreport measure of cognitive style) did not. Study 2 included a more extensive battery of individual difference measures, including the Semantic Similarities Test (SST) as a
measure of crystalized intelligence, and two additional
measures of cognitive style: Need for Cognitive Closure
(NFCC) and Actively Open-minded Thinking (AOT). An
overall regression analysis combining the data from the
two studies indicated that the CRT and RPM contributed
separable predictive power. In addition, Study 2 revealed
that the SST also made a separable contribution, suggesting that verbal semantic knowledge makes a unique contribution to aspects of relational reasoning. Each of the
three self-report measures of cognitive style yielded weak
correlations with the measures of cognitive capacity, but
none of these cognitive style tests improved prediction of
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relational processing after statistically removing the influence of the other measures.

Implications for component processes
underlying relational reasoning
The relational processing tasks selected for use in these studies
were heterogeneous in nature and correlated with one another
only weakly. However, each of the selected tasks involves
relational processing in some form, and a consistent pattern
of correlations was observed between the individual difference measures and the each of the relational tasks. The fact
that the tasks were so different at the surface level yet elicited a
common pattern of correlations extends the generality of the
current findings.
One previous study that examined the genetic basis of complex relational processing found correlations among relational
tasks ranging from .40 to .56 (Hansell et al., 2015), which
were significantly larger than those observed in the current
studies. However, Hansell et al. specifically chose relational
tasks in the context of relational complexity theory (Halford
et al., 1998) with a goal of quantifying the single construct of
relational complexity across different domains (e.g., verbal
comprehension, deductive reasoning). In contrast, we chose
relational tasks commonly used in research on relational reasoning, but without the goal of defining a specific underlying
construct.
The individual differences in relational reasoning observed
in the present study help to characterize the component processes involved in this type of reasoning. Given what prior
research has indicated about the nature of the various measures of individual differences employed in the present studies, it is clear that what is broadly considered fluid intelligence, or executive functions, plays a major role.
Performance on the CRT is believed to reflect the ability to
inhibit the impulse to accept an “obvious” answer uncritically,
and to think flexibly (shifting strategies as needed). The RPM
appears to assess the ability to form and maintain goals and
subgoals in working memory, as well as the ability to infer
relations and to use them to generate inferences. Although
performance on these two tests was correlated, the aggregated
data from the two studies indicated that each made an independent contribution to prediction of success on the relational
composite measure. Notably, in Study 2 a relatively pure measure of working-memory capacity (symmetry span) failed to
make an independent contribution after accounting for the
impact of the CRT and RPM. These results are consistent with
the view that working memory and fluid intelligence, though
closely related, are not identical constructs (Ackerman et al.,
2005).
Our findings are consistent with those of previous studies
that identified a link between relational processing and fluid
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intelligence (Kubricht et al., 2017; Vendetti et al., 2014). The
present work also supports previous findings linking inhibitory control to relational processing (e.g., Cho et al., 2010;
Krawczyk et al., 2008). Previous studies have found the
CRT to be positively correlated with performance on various
decision-making tasks (e.g., Lesage, Navarrete, & de Neys,
2013; Toplak et al., 2011), and with rule transfer in a causal
learning paradigm (Don, Goldwater, Otto, & Livesey, 2016),
while it is negatively correlated with trust in intuition
(Pennycook et al., 2016). Given that a link between relational
processing and the CRT has now been established, the relevance of relational processing to each of these tasks should be
considered. For example, an individual who is better at processing relations might be more likely to consider the relations
between variables in a conjunctive probability problem.
In Study 2 we found that the SST, a measure of crystalized
intelligence based on verbal semantic knowledge, is also a
potent predictor of relational processing. It is noteworthy that
although many studies of cognitive individual differences
have included the RPM and other measures of fluid intelligence and executive functions, almost none have included
tests that assess semantic knowledge. It seems likely that a
rich store of semantic relations in long-term memory can reduce the burden on working memory during relational reasoning tasks involving strong semantic content (e.g., solving the
radiation problem using a convergence analog). It is noteworthy that the SST has been shown to predict metaphor comprehension, and in fact appears to be a stronger predictor than the
RPM for relatively simple metaphors (Stamenković et al.,
2019). Each of the three tasks comprising our relational composite involved active manipulation of semantic knowledge
(whether conveyed verbally or in meaningful visual scenes).
The importance of crystalized verbal intelligence as demonstrated in the present study is consistent with computational
models of relational processing that treat knowledge of semantic relations as a core constraint (e.g., Doumas,
Morrison, & Richland, 2018; Holyoak & Thagard, 1989;
Lu, Chen, & Holyoak, 2012: Lu, Wu, & Holyoak, 2019).
In contrast to the clear predictive power of core measures of
fluid and crystalized intelligence, we found no compelling
evidence that questionnaire measures of cognitive style can
add additional predictive power. In general, the cognitive style
measures showed weak correlations with the capacity-related
measures, but did not contribute separately to prediction of
success in relational reasoning. However, the self-report measures of cognitive style used in the current studies may underestimate the contribution of cognitive style to relational reasoning, and the limited selection of cognitive style measures
used in the current project necessitates caution in interpreting
null results. Indeed, previous research shows that individuals
with low analytic thinking abilities (assessed through performance on the CRT) demonstrate a systematic miscalibration
of perceived Need for Cognition: these participants reliably
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overreport their own Need for Cognition when their performance on a behavioral measure suggests otherwise
(Pennycook, Ross, Koehler, & Fugelsang, 2017). Such findings suggest that self-report measures of cognitive style do not
necessarily reflect behavioral tendencies. To clarify the true
contribution of cognitive style to relational reasoning, future
work should include a more extensive battery of behavioral
cognitive style measures, such as an expanded CRT
(Thomson & Oppenheimer, 2016), base-rate problems, and
heuristics and biases problems (e.g., Stanovich & West, 2008).
One previous study administered the NFC along with some
behavioral indices of cognitive style (including the CRT) and
measures of cognitive capacity, as well as a test of verbal
analogical reasoning (Barr, Pennycook, Stolz, & Fugelsang,
2015). A modest correlation was observed between NFC and
accuracy on validation of cross-domain analogies (r = .36). In
a multiple regression analysis, the behavioral indices of cognitive style and cognitive ability measures independently predicted performance on a composite measure consisting of performance on cross-domain analogies and the Remote
Associates Test (a common measure of creativity). This regression analysis did not include questionnaire measures of
cognitive style. The results reported by Barr et al. are consistent with the present findings in showing that behavioral measures of cognitive style and cognitive capacity are related to
analogical reasoning tasks.
We emphasize that the present null findings do not imply
that cognitive style has no impact on reasoning. In particular, it
has been suggested that the CRT in part reflects thinking dispositions (Campitelli & Gerrans, 2014; Pennycook et al.,
2014; Toplak et al., 2011). Given that the CRT was shown to
add additional predictive power separately from the influence
of cognitive capacity measures, differences in thinking dispositions may have contributed to the predictive potency of the
CRT. It is noteworthy that the CRT does not directly signal the
relevance of cognitive style to a person taking the test, in
contrast to the direct style measures, which are based on questionnaires that explicitly query thinking dispositions.
Although these questionnaire measures of cognitive style typically correlate with each other and with a variety of personality scales (e.g., self-consciousness, dogmatism, and introspectiveness; Cacioppo, Petty, Feinstein, & Jarvis, 1996), they
may not independently predict relational reasoning performance. The present results imply that the impact of cognitive
style measures on reasoning should be assessed while taking
into account the impact of correlated capacity variables (e.g.,
Kokis, Macpherson, Toplak, West, & Stanovich, 2002;
Stanovich & West, 1997). In addition, behavioral measures
of cognitive style should be used whenever possible
(Pennycook et al., 2017).
Although in the present study we did not find any clear
links between the self-report cognitive style measures and
relational reasoning, such links have been found for some
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other reasoning tasks (e.g., Griffin, Wiley, Britt, & Salas,
2012; Stanovich & West, 1997). Cognitive style measures
have been linked to probabilistic reasoning (Kokis et al.,
2002), syllogistic reasoning problems and belief bias (West
et al., 2008; Macpherson & Stanovich, 2007), argument evaluation (Stanovich & West, 1997), and a myriad of heuristics
and biases tasks (Toplak et al., 2011). It is noteworthy that
those reasoning tasks for which performance can be predicted
by questionnaire measures of cognitive style have largely been
drawn from the literature on heuristics and biases, whereas
those not predicted by the questionnaire measures (i.e., those
used in the present paper) have been largely drawn from the
literature on analogical reasoning. Relational reasoning is likely not a unitary construct. It remains an open question what
factors distinguish the types of relational reasoning that are or
are not predicted by different measures of cognitive style.

Approaches to improving relational reasoning
Given the strong contribution of executive function to successful relational processing, interventions to improve relational reasoning should focus on bolstering the cognitive capacity of the reasoner, or on lessening their cognitive load.
Much work in the field of educational psychology has focused
on the benefit of lessening the cognitive burden on the learner
(Sweller, 2011). For example, studies have shown that for
lower-skill students in particular, lessening the burden on cognitive capacity by first presenting a worked example of a
problem before asking the student to generate their own solution leads to superior learning outcomes (e.g., Barbieri &
Booth, 2016; Reisslein, Atkinson, Seeling, & Reisslein,
2006). Previous studies of relational reasoning offer examples
of the kinds of interventions that may help individuals with
relatively low cognitive capacity. Kubricht et al. (2017) found
that supplying an animated diagram along with the source
analog improved analogical transfer performance for individuals with lower scores on the RPM. Vendetti et al. (2014)
showed that generating solutions to semantically distant analogies induced a general relational set, which in turn increased
the number of relational matches made on an unrelated
picture-mapping task (see also Andrews & Bohadana,
2018). Moreover, induction of a relational set reduced the
association between performance on the mapping task and
score on the RPM. Given the ubiquity of relational processing
in math and science education (Goldwater & Schalk, 2016),
improving relational reasoning is an important goal in the
overall effort to improve educational outcomes.
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