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Children’s cognitive reflection
predicts successful
Interpretations of covariation
data
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Introduction: Cognitive reflection is the ability and disposition to reflect on one's
own thinking, allowing a person to identify and correct judgments grounded
in intuition rather than logic. Cognitive reflection strongly predicts school-
aged children’s understanding of counterintuitive science concepts. Here, we
asked whether children’s cognitive reflection similarly predicts a domain-general
scientific skill: the interpretation of covariation data.

Method: Five- to 12-year-olds (N = 74) completed a children’s Cognitive
Reflection Test (CRT-D) and measures of executive functioning. They also
interpreted covariation data presented in 2 x 2 contingency tables.

Results and discussion: CRT-D performance predicted children’s overall
accuracy and the strategies they used to evaluate the contingency tables, even
after adjusting for their age, set-shifting ability, inhibitory control, and working
memory. Thus, the relationship between cognitive reflection and statistical
reasoning emerges early in development. These findings suggest cognitive
reflection is broadly involved in children’s scientific thinking, supporting domain-
general data-interpretation skills in addition to domain-specific conceptual
knowledge.

KEYWORDS
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1 Introduction

Human reasoning and decision-making are often characterized by the coexistence
and interaction of fast intuitive processes and more costly deliberative analytic processes
(Kahneman, 2011). The Cognitive Reflection Test (CRT; Frederick, 2005) and its variants
(e.g., verbal CRT, Sirota et al., 2021) are the most widely used measures of individual
differences in analytic vs. intuitive thinking in adults. CRTs are designed to measure the
ability and disposition to override an intuitive incorrect response and engage in deliberative
reflection to generate a correct alternative response. Consider the famous bat-and-ball
item: “A bat and a ball cost $1.10 in total. The bat costs $1 more than ball. How much does
the ball cost?” A majority of adults provide the intuitively cued response of 10 cents, failing
to realize that the bat itself would then cost $1.10. Adults who provide the correct answer
of 5 cents are thought to have engaged in analytic reflection, detecting and inhibiting the
incorrect intuitive response that first came to mind and effortfully generating a correct
response in its place (see also Bago and De Neys, 2019).

Adult performance on the CRT is widely known as an excellent predictor of
rational thinking on heuristics-and-biases tasks and normative thinking dispositions
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(e.g., Frederick, 2005; Toplak et al, 2011). More broadly, adults
with greater cognitive reflection tend to prioritize analysis over
intuition across many domains. For example, they demonstrate
greater conceptual understanding of science (e.g., astronomy and
thermodynamics; Shtulman and McCallum, 2014) and are more
likely to endorse contested scientific beliefs (e.g., evolution, climate
change, and vaccination; Gervais, 2015; Pennycook et al., 2023).
They are also better at rejecting empirically unjustifiable claims,
including fake news (Pennycook and Rand, 2019), conspiracy
theories (Swami et al., 2014), paranormal beliefs (Pennycook et al.,
2012), and social stereotypes (Blanchar and Sparkman, 2020).

Recent studies using a verbal CRT for elementary-school-aged
children, the Cognitive Reflection Test-Developmental Version
(CRT-D), have found cognitive reflection to be a similarly powerful
predictor of children’s thinking and reasoning (Shtulman and
Young, 2023). Performance on the CRT-D predicts rational
thinking on heuristics-and-biases tasks and normative thinking
dispositions in children from the U.S. (Young et al, 2018) as
well as China (Gong et al, 2021). Furthermore, the CRT-D
predicts children’s understanding of counterintuitive concepts in
biology, physics, and mathematics, as well as their ability to learn
from instruction targeting these concepts (Young and Shtulman,
2020a,b; Young et al., 2022).

The above evidence suggests cognitive reflection supports
the development of domain-specific scientific knowledge.
However, domain-general scientific skills and practices (e.g.,
data interpretation, experimentation, and argumentation) are
also fundamental to the development of scientific thinking
2007; Walker, 2020; NGSS
Lead States, 2013). The present study investigates whether

(Zimmerman, Shtulman and
cognitive reflection predicts children’s successful interpretations of
covariation data.

Interpreting covariation data is a critical skill, as both children
and adults need to draw conclusions from and update beliefs in
response to data encountered in their everyday lives. By the end of
the preschool years, children are able to interpret and revise their
beliefs based on simple patterns of covariation data (Koerber et al.,
20055 Schulz et al., 2007). However, many children and adults have
great difficulty interpreting more complex patterns of covariation.
When presented with covariation data in a 2 x 2 contingency table
like the one shown in Figure 1, children and adults commonly
generate inaccurate judgments and use non-optimal strategies that
often neglect parts of the data (Shaklee and Mims, 1981; Shaklee
and Paszek, 1985; Saffran et al., 2019; Osterhaus et al., 2019). For
example, Saffran et al. (2016) found that 2nd and 4th graders
justified their covariation judgments by mentioning only two-cells
of a contingency table (e.g., A and B, but not C and D) on ~33%
of trials, and mentioned the normative comparison of ratios (i.e.,
conditional probabilities) on only ~3% of trials.

Prior research has not directly examined whether cognitive
reflection predicts children’s interpretations of covariation data
presented in 2 x 2 contingency tables. However, cognitive reflection
does predict reasoning on several related tasks. In adults, cognitive
reflection is positively associated with accurate interpretations of
covariation data that are presented sequentially (e.g., Saltor et al.,
2023). Stanovich, Toplak, and colleagues have also found that
cognitive reflection predicts adolescent and adult performance
on composite measures of scientific thinking that include items
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Example of a 2 x 2 contingency table with labeled cells.

on covariation detection in 2 x 2 contingency tables, though
they do not report correlations with covariation items specifically
(Stanovich et al., 2016; Toplak and Stanovich, 2024).

Obersteiner et al. (2015) have suggested children’s invalid
strategy use on 2 x 2 contingency tables arises from two
common intuitive biases: base-rate bias (i.e., ignoring the base
rate at which some effect occurs) and whole number bias (i.e.,
focusing on whole number components of fractions rather than
the overall ratios). Children with greater cognitive reflection are
less likely to exhibit both of these biases. For example, CRT-D
performance predicts normative reasoning on base-rate sensitivity
and denominator neglect/ratio bias tasks (e.g., Gong et al,
20215 Young and Shtulman, 2020a). Furthermore, middle school
students’ CRT-D performance positively predicts their mature
number sense, including perceiving fractions as numbers (rather
than separate numerators and denominators) and rich conceptual
understandings of rational and whole numbers (Kirkland et al.,
2024).

Finally, considering multiple hypotheses and focusing on
disconfirmation (rather than confirmation) are both thought
to improve correct interpretation of contingency tables (e.g.,
Osterhaus et al., 2019). Cognitive reflection facilitates children’s
reasoning about possibilities (Shtulman et al., 2023), and might
similarly facilitate children’s reasoning about multiple hypotheses.
Additionally, adults who rely on counterexamples to solve
reasoning problems tend to have higher CRT scores and more
accurate covariation judgments (Béghin and Markovits, 2022;
Thompson and Markovits, 2021). These multiple lines of evidence
suggest children who exhibit greater cognitive reflection should be
more successful in interpreting covariation data than those who
exhibit less.

In this study we measured school-aged children’s performance
on the CRT-D and explicit judgments of covariation data presented
in 2 x 2 contingency tables. We adopted our stimuli and procedure
from Saffran et al. (2016). That is, we presented data in a grounded
context (i.e., plant foods and plant growth) using symmetrical
tables that compared two potential causes rather than the presence
and absence of one candidate cause (i.e., Food A vs. Food B,
rather than Food A vs. No Food). Both contextual grounding and
symmetry of variables support children’s and adults’ successful
interpretations of covariation data (Osterhaus et al., 2019; Saffran
et al, 2016). We considered children’s covariation judgment

frontiersin.org


https://doi.org/10.3389/fdpys.2024.1441395
https://www.frontiersin.org/journals/developmental-psychology
https://www.frontiersin.org

Young and Shtulman

accuracy and strategy use. Prior research has usually examined
children’s and adults’ strategies for interpreting covariation data by
eliciting verbal explanations and justifications (e.g., Saffran et al,
2016, 2019) or by evaluating patterns of correct responding across
items (e.g., Shaklee and Paszek, 1985; Osterhaus et al., 2019). We
used patterns of responding, including specific errors, to assess
children’s strategies.

We also measured children’s executive functions, including
set-shifting, inhibitory control, and working memory. Inhibitory
control processes have been hypothesized to support children’s
covariation judgments (e.g., reducing base-rate and whole number
biases; Obersteiner et al., 2015). Similarly, limited working memory
capacity might contribute to children’s use of strategies that neglect
parts of a data table (Saffran et al., 2019). However, prior research
has not directly examined children’s executive functions and their
evaluations of 2 x 2 contingency tables. Measuring executive
functions also allowed us to further examine the predictive utility of
cognitive reflection. Research with children and adults suggests the
predictive strength of cognitive reflection is largely independent of
executive functions (e.g., Toplak et al,, 2011; Young and Shtulman,
2020a), but this may not be the case for interpreting covariation
data. Thus, we asked whether the CRT-D is a useful predictor of
covariation judgment accuracy and strategy use after adjusting for
children’s age and executive functions.

2 Method
2.1 Participants

Our participants were 74 children in kindergarten through 6th
grade. Their mean age was 7 years and 5 months, and they were
approximately balanced for gender (42 female, 32 male). Children
were recruited from public playgrounds in Southern California.
The present data is a subset of 86 children reported on in Gorman
(1986) investigation of fake news detection. Eight children from
this larger dataset did not complete the covariation judgment task
and were excluded from the present analyses. Additionally, four
children who had not yet entered kindergarten were excluded, as
the covariation judgment task we used has not been used with
preschoolers in prior research.

2.2 Measures and materials

2.2.1 Cognitive reflection test—developmental
version

Children completed the 9 item CRT-D (Young and Shtulman,
2020a) as a measure of cognitive reflection. The test consists of
brainteasers designed to elicit intuitive, yet incorrect, responses that
children can correct upon further reflection. An example item is “If
you’re running a race and you pass the person in second place, what
place are you in?” The lure response is first, but the correct answer
is second, as you have not passed the person in first. We used the
number of correct responses as children’s score, with higher scores
indicating greater cognitive reflection.
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2.2.2 Executive function tasks
2.2.2.1 Verbal fluency

Children completed two verbal fluency tasks as measures of
endogenous set-shifting (Munakata et al., 2012). They named
as many animals as they could in 1min and as many foods
as they could in I min (without repetition). To be successful,
children had to recognize the need to switch subcategories when
they had exhausted exemplars from the current subcategory
(e.g., breakfast foods) and also decide what new subcategory
to switch to (e.g., desserts, fruits, or snacks) without external
cues. Children’s responses were audio-recorded and transcribed.
Children’s performance on the animal and food tasks were similar
(Mean ppimal = 12.6, SD pApimal = 5.5 vs. Meangooq = 11.9, SDpooq =
5.6) and highly correlated, r(33) = 0.73. We used the mean number
of items across the animal and food tasks as children’s verbal fluency
score. In cases where we did not have data for both verbal fluency
tasks (e.g., due to recording errors or attrition), we scored their
performance on a single verbal fluency task.

2.2.2.2 Toolbox flanker inhibitory control and
attention test

Children completed the tablet-based Flanker Test from the
NIH Toolbox Cognition Battery (Zelazo et al., 2013; iPad Version
1.11). The test measures both attention and inhibitory control,
requiring children to indicate the left-right orientation of a middle
stimulus while inhibiting attention to four flanking stimuli. Scoring
of the Toolbox Flanker is based on both accuracy and reaction
time (Zelazo et al,, 2013). We used uncorrected standardized
scores (Mean = 100, SD = 15), which reflect overall level of
performance relative to the entire NIH Toolbox normative sample,
regardless of age or other demographic factors. Higher scores
indicate better performance.

2.2.2.3 Backward digit span

Children completed a backward digit span task that required
maintenance and manipulation of items in working memory
(Alloway et al., 2009). The experimenter read a sequence of
numbers at a pace of one per second. Children were then asked
to repeat the numbers in reverse order. Children were given a
practice trial of 3 digits and then test trials starting at 2 digits,
increasing by 1 digit after every 2 trials. The task ended when
children failed both trials of a given length or at the conclusion
of the 8-digit trials. We used the highest span with at least one
correct trial as children’s score (Alloway et al., 2009). Scores could
range from 1 to 8 (a score of 1 was assigned if children failed both
2-digit trials).

2.2.3 Covariation judgment materials

We used six 2 x 2 contingency table items from Saffran
et al. (2016). Ttems were presented in the context of a story
about scientists developing different plant foods to improve plant
growth. The rows of the tables were labeled with illustrations
indicating “Food A” and “Food B, the two levels of the independent
variable. The columns of the tables were labeled with illustrations
indicating the “plant is growing” and the “plant is dying,” the two
levels of the dependent variable. Cell frequencies were depicted
with illustrations and numbers. Figure 2 shows an example item
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Here are the results of the first scientist:

»i«* Plant K Plant

7S5 is growing {? is dying
30 11
20 1

Is food A or food B better for plants or is there no difference?

Item 1 Item 2 Item 3
30 30 6 7 8 8
27 10 10 29 16 16
Item 4 Item 5 Item 6
15 10 30 11 20 10
16 30 20 | 10 5
FIGURE 2

Sample item (top) and cell frequencies for the six covariation data
tables (bottom)

as presented to children and the cell frequencies of the six
items. The normative strategy for solving such problems is to
compare conditional probabilities. In this strategy, also called
comparison of ratios, a solver compares the proportion of cases
with growing plants that received Food A to the proportion of
cases with growing plants that received Food B [e.g., A/(A+B)
vs. C/(C+D)].

As described in Saffran et al. (2016), items were designed with a
number of characteristics in mind. There were two items depicting
no relationship (Items 3 and 6), two items favoring Food A (Items
2 and 4), and two items favoring Food B (Items 1 and 5). For
the majority of items, attention to only the first row (A vs. B
strategy) or only the first column (A vs. C strategy) would yield
incorrect judgments. The structure of relationships between cell
values also varied across items. Three items included the same
cell value twice (Items 1, 3, 6), one item had cell values that
were simple multiples (Item 6), and other items had less salient
relationships (e.g., 16 is about half of 30 in Item 4). Finally, the
difference between the cells in the two rows and the cells in
the two columns was the same for Items 3 and 5, but not the
other items.
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2.3 Procedure

Children completed the study on-site with the consent of
their guardians. Trained research assistants worked one-on-one
with the children to complete the tasks at tables adjacent to the
playgrounds. Depending on the measure, research assistants either
read the items aloud or displayed them on an iPad, and the children
responded verbally or via touch screen. Children completed the
tasks in the following order: animal verbal fluency, Flanker, CRT-D,
covariation judgment (described below), backward digit span, food
verbal fluency. Children also completed a short (<5 min) fake news
detection activity between the CRT-D and covariation judgment
tasks; the results for this activity are presented in Gorman (1986)
and will not be considered here. Most children completed the entire
study session in 20-25 min.

2.3.1 Covariation judgment procedure

The procedure and script of our covariation task closely
followed the symmetrical condition of Experiment 1 in Saffran et al.
(2016). A researcher first introduced the covariation judgment task
by providing a grounded context with the following story:

In this game you are going to think about some scientists
that are trying to invent foods that help plants grow. Each
scientist has invented two different plant foods and wants to
figure out if one food is better for helping plants grow, or if
there is no difference between the foods. So each scientist did
an experiment. The scientists gave one of their foods to one set
of plants, and then gave their other food to a different set of
plants. After a few weeks, the scientists checked to see if the
plants grew well or died.

After the introduction, the researcher explained the structure of
a sample table that contained no data:

Each scientist wrote down what they saw in a table like
this. This row will show the plants that got food A (researcher
pointed across 1st row). This row will show the plants that got
food B (researcher pointed across 2nd row). This column will
show the plants that grew well (researcher pointed down Ist
column). This column will show the plants that died (researcher
pointed down 2nd column).

The researcher then asked two comprehension questions to
make sure children understood the meaning and structure of the
table (“Before we move on, can you show me which box will
have plants that got food A and are growing? Can you show
me which box will have plants that got food B and are dying?).
Children who failed these questions received a second explanation
of the sample table and answered the comprehension questions
again. After passing the comprehension questions, children were
presented with the six contingency tables one at a time in random
order. For each table children were asked to make a judgment about
which plant food was better based on the results of the scientist’s
experiment (e.g., “Here are the results of the first scientist. Is food
A or food B better for plants or is there no difference?”). Children’s
six judgments were scored for accuracy (e.g., responding Food B for
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Item 1). The McDonald’s o total of the measure was 0.77 (Zinbarg
et al., 2005).

2.4 Coding

We coded children’s response patterns across the items for the
use of six strategies observed in prior studies (see Saffran et al,
2016). Strategies relying on all four cells of the tables included
the normative comparison of ratios strategy [e.g., A/(A+B) vs.
C/(C+D)] and the comparison of differences strategy [e.g., (A-
C) vs. (B-D)]. Strategies relying on just two cells of the tables
included A vs. B, C vs. D, A vs. C, and B vs. D. Table 1 shows
the expected response patterns of these strategies across the
6 items.

We coded children’s strategy use according to the following
scheme. First, we coded children as using a given strategy if their
response patterns exactly matched the expected pattern generated
by that strategy across all six items. Seventeen children met
this criterion. Next, we coded the remaining children as using
a given strategy if their response patterns matched the expected
pattern generated by that strategy on five of six items. Twenty-
one additional children matched a strategy on five of six items.
Previous studies have employed similar, less stringent criteria when
coding children’s strategies for interpreting 2 x 2 contingency
tables (e.g., Shaklee and Paszek, 1985), allowing for noise or
distraction. Finally, we coded the 36 children whose response
patterns did not match any strategy on at least five items as using
other/mixed strategies.

A potential concern with coding matches on five of six items is
the possibility of ties (i.e., matching more than one strategy). The
probability of matching more than one strategy on five of six items
is 0.0069 (see Supplementary material). Thus, the opportunity for
ties, given the coding scheme and strategy particulars, was quite
low. Three children did have response patterns that matched two
strategies on five of six items (see Table 1). Two children matched
on the comparison of ratios and comparison of differences strategies
(both 4-cell strategies). One child matched on C vs. D and B vs. D
(both 2-cell strategies).

In the following strategy use analyses, we compared children
in terms of the larger 4-cell, 2-cell, and mixed/other strategy
categories. We classified the two children matching on comparison
of ratios and comparison of differences in the larger 4-cell strategy
category and the child that matched on C vs. D and B vs. D in the
larger 2-cell strategy category.

3 Results

3.1 Descriptive statistics and missing data

Table 2 presents summary statistics of and bivariate Pearson
correlations among our variables of interest. As can be seen in
Table 2, our primary data set contained missing verbal fluency,
Flanker, and backward digit span data for a number of children.
Three children were missing verbal fluency data due to audio-
recording failures. Thirty-one children were missing Flanker data
due to experimenter or software errors. Eleven children were
missing backward digit span data due to drop out or parent
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interruption. One possible reason for data loss was our setting
(playgrounds), which may have introduced additional distractions
and interruptions compared to more typical lab settings. Overall,
36 of 74 children provided incomplete data, resulting in missing
values for 10.1% of the primary data set. We ran a Hawkins test for
data missing completely at random (MCAR) with the R package
MissMech (Jamshidian et al,, 2014), which revealed insufficient
evidence to reject the assumption that data were MCAR (p =
0.499). To increase statistical power, reduce bias, and account
for the uncertainty induced by these missing data, we generated
50 imputed data sets via predictive mean matching using the R
package mice (van Buuren and Groothuis-Oudshoorn, 2011; for
multiple imputation details, see: https://osf.io/t37hn/). We used
these multiply imputed data for all following inferential analyses.

3.2 Judgment accuracy

We fit a Bayesian multilevel logistic regression model to
examine the predictive utility of cognitive reflection, along with
age and executive functions, for children’s judgment accuracy (for
an analogous Frequentist analysis, see the Supplementary material).
We modeled children’s judgment accuracy as repeated binomial
trials (i.e., correct vs. incorrect across the 6 covariation items)
with CRT-D, age, verbal fluency, Flanker, and backward digit span
as predictors. The model also included by-participant random
intercepts. Predictor variables were scaled to mean = 0 and SD =
1. We used weakly informative priors for all regression parameters,
including Normal (1 = 0, o = 2.5) for beta coefficients. We used
the brm_multiple() function from the R package brms to fit the
model to each of the 50 imputed data sets and produce a final
pooled model by combining the posterior distributions from each
imputed fit (Biirkner, 2017). We report median posterior point-
estimates and 89% Credible Intervals (CrI) from this pooled model
distribution. Graphical posterior predictive checks, Ry, values, and
effective posterior sample size (ESS) values were satisfactory (Muth
etal., 2018).

Finally, we used projective predictive variable selection (via
the R package projpred; Piironen et al., 2023) to examine the
importance of model predictors for out-of-sample predictive
performance (i.e., how well a model should predict a new child’s
judgment accuracy). This method uses posterior information
from a reference model to find smaller candidate models whose
predictive distributions closely match the reference predictive
distribution (Piironen and Vehtari, 2017). The method begins with
a forward search through the model space, starting from an empty
model (intercept-only), and at each step adding the variable that
minimizes the predictive discrepancy to the reference model. Next,
Bayesian leave-one-out cross-validation (Vehtari et al., 2017) and
a decision criterion are used to determine the final size of the
submodel. We selected the smallest submodel within 1 standard
error of the predictive performance of the reference model, using
expected log pointwise predictive density (elpd) as the measure
of predictive performance. This approach allowed us to assess the
relative importance of the CRT-D as a predictor in comparison to
other measured variables. As an example, if projective predictive
variable selection suggested a model with age, CRT-D, and Flanker
as predictors, we could conclude that age is the most important
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TABLE 1 Expected response patterns for strategies.

Item 2

Item 3

Response

Item 4

10.3389/fdpys.2024.1441395

4-cell strategies

Comparison of ratios B A ND B ND
Comparison of differences B A ND ND A
2-cell strategies

Avs.B ND B ND A A
Cvs.D B A ND B B
Avs.C A B B A A
Bvs.D B A A B B

A = “Food A”, B = “Food B”, ND = “No Difference.”

TABLE 2 Variable summary statistics and bivariate correlations.

Correlations

Variable Mean (SD) 3.

1. Correct covariation judgments (out of 6) 74 2.46 (1.64) —

2. Age (in years) 74 7.38 (1.85) 0.46*** —

3. CRT-D (out of 9) 74 2.96 (2.25) 0.50™** 0.527%* —

4. Verbal fluency 71 12.11 (5.26) 0.07 0.04 —0.04 —

5. Flanker 43 82.00 (18.31) 0.25 0.62** 0.09 —0.05 —

6. Backward digit span 63 3.13(1.34) 0.11 0.43%%* 0.24 —0.14 0.40*
*p < 0.05.
¥ p < 0.001.

predictor, followed by CRT-D and then Flanker. Further, we
could conclude that any variables not selected add no additional
predictive information. For further details on the models and
projective predictive variable selection, see: https://osf.io/t37hn/.

Figure 3A  shows the relationship between CRT-D and
children’s judgment accuracy. A 1 SD increase in CRT-D predicted
a 1.65 increase in the odds of a correct judgment, 89% Crl [1.23,
2.22]. Figure 3B and Supplementary Table 1 display the parameter
estimates from the model. Children’s age also predicted judgment
accuracy. A 1 SD increase in age predicted a 1.48 increase in
the odds of a correct judgment, 89% CI [1.02, 2.18]. Projective
predictive variable selection suggested a submodel with CRT-D
and no other predictors. The model with CRT-D as the only
predictor had similar out-of-sample predictive performance to
the full model, A elpd = 0.64, SE = 2.59. Overall, these results
indicate that CRT-D performance predicted children’s correct
interpretations of covariation data over and above their age and
executive functions. Furthermore, CRT-D performance is the
single best predictor of children’s covariation judgement accuracy
among the measured variables.

Children’s verbal fluency, Flanker, and backward digit span did
not predict judgment accuracy in the model that included CRT-
D. These measures also did not predict judgment accuracy when
considered independently and modeled as single predictors (see
Supplementary Figure 1).
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3.3 Strategy use

Table 3 summarizes children’s coded strategy use, including
mean judgment accuracies by strategy group. Consistent with
previous research using the same materials (Saffran et al., 2016,
2019), more children used a two-cell strategy than a four-
cell strategy, with A vs. C being the most common. Similarly,
descriptive results show that overall judgment accuracy was weakly
connected to strategy categories. For example, children that used a
two-cell C vs. D or B vs. D strategy judged more items correctly
than children that used a two-cell A vs. B or A vs. C strategies,
and children that used a more sophisticated four-cell comparison
of differences strategy.

We fit a Bayesian multinomial logistic regression model to
examine the relationships between cognitive reflection, age, and
executive functions on children’s strategy use (for an analogous
Frequentist analysis, see Supplementary material). We modeled
children’s strategy use with two-cell strategies as the reference
category and CRT-D, age, verbal fluency, Flanker, and backward
digit span as predictors. Similar to our accuracy model, we used
scaled predicter variables (mean = 0, SD = 1) and weakly
informative priors [e.g., Normal (©x = 0, 0 = 2.5) for beta
coeflicients]. We generated a pooled model from fits to the 50
imputed data sets and performed projective predictive variable
selection. Graphical posterior predictive checks, Rp, values,
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(A) Estimated probability of correct covariation judgment by CRT-D
score. Ribbons represent 89% Credible Intervals. Points represent
children’s raw percent of correct judgments with size proportional
to number of children. (B) Accuracy model coefficient estimates
with 89% Credible Intervals.

and ESS values were satisfactory. For details, see: https://osf.io/
t37hn/.

Figure 4A  shows the relationships between CRT-D and
children’s strategy use. A 1 SD increase in CRT-D predicted an
8.02 increase in the odds of using a four-cell strategy over a two-
cell strategy, 89% CrI [3.12, 22.03]. Additionally, a 1 SD increase in
CRT-D predicted a 2.29 increase in the odds of using a mixed/other
strategy over a two-cell strategy, 89% Crl [1.06, 5.06]. Figure 4B
and Supplementary Table 4 display the parameter estimates from
the strategy use model. Projective predictive variable selection
suggested a submodel with CRT-D and no other predictors. The
model with CRT-D as the only predictor had similar out-of-sample
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TABLE 3 Summary of children’s coded strategy use.

Strategy category # of Mean correct
children covariation
judgments (out of 6)
4-cell strategies 13 4.54
Comparison of ratios 4 5.75
Comparison of differences 7 3.71
Tie: comparison of ratios and 2 5

comparison of differences

2-cell strategies 25 1.64
Avs.B 2 2.5
Cvs.D 2 5
Avs.C 16 0.0375
Bvs.D 4 4
Tie: Cvs. Dand Bvs. D 1 4
Other/mixed strategies 36 2.28

Other/mixed children did not match an expected strategy response pattern on at least 5 of
6 items.

predictive performance to the full model, A elpd =0.59, SE = 3.74.
Overall, these results indicate that CRT-D performance predicted
children’s strategy use over and above their age and executive
functions. Furthermore, CRT-D performance is the single best
predictor of children’s strategy use among the variables measured.
Children’s age, verbal fluency, Flanker, and backward digit span
did not predict strategy use in the model that included CRT-D.
When considered independently and modeled as single predictors
(see Supplementary Figure 2), only children’s age predicted using
a four-cell strategy over a two-cell strategy, OR = 2.28, 89% Crl
= [1.27, 4.26]. However, children’s age (OR = 0.58, 89% Crl
[0.35, 0.95]), Flanker (OR = 0.52, 89% Crl = [0.28, 0.90]),
and backward digit span (OR = 0.60, 89% Crl = [0.37, 0.94])
independently predicted using a mixed/other strategy relative to

a two-cell strategy. These effects suggest that with increasing age,
inhibitory control, and working memory, children were more
likely to use a two-cell strategy over a mixed/other strategy. In
contrast, children with greater cognitive reflection were more likely
to use a mixed/other strategy over a two-cell strategy (i.e., in the
combined model).

4 Discussion

The present study examined whether cognitive reflection
predicts school-aged children’s interpretations of covariation data.
In line with prior research, a majority of children in the present
study had difficulty interpreting covariation data presented in 2 x 2
contingency tables and used sub-optimal strategies that neglected
parts of the data (e.g., Shaklee and Mims, 1981; Shaklee and
Paszelk, 1985; Saffran et al., 2016). However, we found children
with greater CRT-D scores generated more accurate judgments
and were more likely to use sophisticated four-cell strategies than
children with lower CRT-D scores. Cognitive reflection predicted
correct interpretations and strategy use even after adjusting
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(A) Estimated strategy probabilities by CRT-D score. Ribbons
represent 89% Credible Intervals. (B) Strategy use model coefficient
estimates with 89% Credible Intervals.

for children’s age, set-shifting, inhibitory control, and working
memory. Moreover, if we wanted to predict a new school-aged
child’s accuracy or strategy use in the present task, their CRT-D
score is the first and only measure we should collect. Age and
the executive functioning measures did not provide any additional
out-of-sample predictive value.

Our findings are consistent with prior research demonstrating
cognitive reflection predicts covariation judgment accuracy in
adolescents and adults (e.g., Saltor et al., 2023; Stanovich et al,
2016; Toplak and Stanovich, 2024). Why does cognitive reflection
facilitate children’s correct interpretations of covariation data?
One possibility is that cognitive reflection helps children override
intuitive base-rate and whole number biases (e.g., Young and
Shtulman, 2020a; Gong et al., 2021; Kirkland et al., 2024), which
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are thought to drive inadequate strategies on 2 x 2 contingency
tables (Obersteiner et al, 2015). Similarly, overall mathematical
ability supports successful interpretations of covariation data in
adults (Osterhaus et al., 2019). Children’s cognitive reflection is
positively associated with greater math ability in several domains,
including understanding the equal sign (Young and Shtulman,
2020a), mature number sense (Kirkland et al., 2024), and use of the
distributive property (Clerjuste et al., 2024). It may be that more
reflective children in the present study were more likely to have the
requisite mathematical skills to correctly judge 2 x 2 contingency
tables, even after adjusting for age. Future research should directly
measure children’s base-rate bias, whole number bias, and general
mathematical ability to better understand the relationship between
cognitive reflection and interpretations of covariation data.

Another explanation is that cognitive reflection facilitates
children’s modal cognition and greater consideration of
possibilities (Shtulman et al., 2023, 2024). Children with greater
cognitive reflection may have approached the data tables by
entertaining multiple hypotheses (e.g., Food A is better vs. Food
B is better vs. Food A and B are similar), thereby increasing
their focus on disconfirming hypotheses and considering more
data cells (Ackerman and Thompson, 2017; Osterhaus et al,
2019). In contrast, less reflective children may have focused on
confirmatory testing of fewer hypotheses (e.g., Food A is better,
so compare A vs. C). Similarly, adults with greater cognitive
reflection are more likely to rely on counterexamples when solving
reasoning problems (Thompson and Markovits, 2021). A greater
consideration of counterexamples may have led children to
focus on disconfirmation in the present study. Future studies are
needed to investigate the role of cognitive reflection in children’s
hypothesis testing. Comparing more and less reflective children in
open-ended experimentation or causal learning tasks would be a
fruitful approach to exploring how cognitive reflection influences
children’s navigation of hypothesis spaces and their strategies for
testing those hypotheses.

Children with greater cognitive reflection likely had a
metacognitive advantage in the present task. Xu et al’s (2022)
Meta-Reasoning framework suggests metacognitive monitoring
and control are integral to our reasoning and problem-solving
processes. In adults, the CRT has been used to study several
meta-reasoning processes. For example, more reflective adults have
superior conflict detection (i.e., sensitivity to conflict between
intuitive judgments and logical principles; Srol and De Neys,
2021), better meta-reasoning discrimination (i.e., deciding whether
an answer is likely correct and should be reported or withheld;
Strudwicke et al, 2023), and are less likely to overestimate
their performance relative to less reflective individuals (Mata
et al, 2013). Xu et al. (2022) argue that failure on the CRT is
essentially a metacognitive failure associated with the Feeling of
Rightness. Individuals with a strong Feeling of Rightness are less
likely to reconsider, change, or spend additional time thinking
about an initial intuitive response. In contrast, a weak Feeling of
Rightness should trigger deliberation and a greater probability of
changing answers.

Although the present study was not designed to examine
children’s meta-reasoning, children’s use of mixed/other strategies
may be an indicator of meta-reasoning. In particular, children’s
age, inhibitory control, and working memory predicted an
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increased use of two-cell strategies over mixed/other strategies.
However, cognitive reflection predicted greater use of mixed/other
strategies relative to two-cell strategies. One interpretation of
these puzzling results is that more reflective children were more
metacognitively aware of the inadequacy of their strategies across
items and attempted to compensate by using multiple strategies
throughout the task (as opposed to using multiple strategies by
happenstance, as children with lower executive function skills may
have done). To test this possibility, future studies should employee
methods from the meta-reasoning and problem-solving literatures,
such as eliciting confidence ratings and verbal justifications of
strategies. If children’s meta-reasoning is indexed by cognitive
reflection, we should expect children with greater CRT-D scores to
show a stronger correspondence between confidence ratings and
strategy variability.

Executive functions did not support children’s interpretations
of 2 x 2 contingency tables in the present task. Set-shifting,
inhibitory control, and working memory (measured via verbal
fluency, Flanker, and backward digit span tasks, respectively) did
not predict judgment accuracy or strategy-use after adjusting for
cognitive reflection. When considered in isolation, both inhibitory
control and working memory predicted increased use of two-
cell strategies (relative to mixed/other strategies). These results
are surprising given prior suggestions that inhibitory control and
working memory might support the use of four-cell strategies
(Obersteiner et al., 2015; Saffran et al., 2019). To our knowledge,
prior research has not directly measured children’s executive
functions and judgments of 2 x 2 contingency tables. It is an
open question whether these results would generalize to different
measures of executive functions (e.g., visuospatial working memory
rather than verbal working memory) or older samples with more
requisite math knowledge to execute four-cell strategies.

Additionally, while cognitive reflection draws on executive
function skills (e.g., inhibiting an intuitive response, shifting to
an alternative response, and holding the question and possible
responses in mind), it also requires the metacognitive ability
to engage, coordinate, and sustain these skills on one’s own
(Simonovic et al.,, 2023; Shtulman and Young, 2023). Thus, the
pattern of cognitive reflection predicting reasoning above and
beyond executive functioning in children and adults (e.g., Young
and Shtulman, 2020a; Shtulman et al., 2023; Toplak et al., 2011) may
be the rule rather than the exception.

This study suggests that cognitive reflection may be broadly
involved in children’s scientific thinking. Prior research has
shown that cognitive reflection supports children’s domain-
specific scientific knowledge (Young and Shtulman, 2020a,b).
The present data highlight that cognitive reflection similarly
supports children’s data interpretation, a domain-general scientific
skill. Further research might explore the role of cognitive
reflection in children’s evidence and data evaluation in other
contexts, including interpretation of ambiguous, disconfirming,
or confounded data (Cook et al,, 2011; Schulz and Bonawitz,
2007; Theobald et al., 2024). Future work should also explore the
role of cognitive reflection in other scientific skills and practices.
Given children’s performance in the present task, we might expect
cognitive reflection to support hypothesis testing, falsification, and
experimentation skills more generally.
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Furthermore, given influential social models of rationality,
we might expect cognitive reflection to support reasoning from
disagreement (Young et al, 2012; Langenhoff et al, 2023),
collaboration (Shtulman and Young, 2021), and argumentation
(Mercier and Sperber, 2011). Research has already begun to
explore some of these avenues. For example, Nissel and Woolley
(2024) demonstrated that cognitive reflection predicted children’s
preference for arguments supported by statistical visualizations
over anecdotal evidence. We anticipate cognitive reflection will be
implicated in many domain-general scientific skills and practices.

Our findings have potential implications for education. Prior
studies suggest more reflective children tend to learn more from
instruction on counterintuitive science and mathematics concepts
(Young and Shtulman, 2020b; Young et al., 2022). Children
with greater cognitive reflection might similarly learn more from
instruction on how to evaluate 2 x 2 contingency tables and
other statistical reasoning topics, where performance is often
undermined by inaccurate intuitions. If so, children’s CRT-D
performance might be used to target children who are ready for
instruction or in need of additional or alternative instruction.
Recent research has also found modest success in enhancing adult
cognitive reflection via intervention (e.g., Isler and Yilmaz, 2023;
Simonovic et al, 2023). It remains an open question whether
children’s cognitive reflection can be substantively improved via
targeted instruction and training. Success in enhancing children’s
cognitive reflection might yield downstream effects, such as
improving interpretation of 2 x 2 contingency tables and facilitating
science learning more broadly.

To conclude, we have shown that cognitive reflection is a
strong and unique predictor of elementary-school-aged children’s
correct interpretation of covariation data and the strategies
they use to evaluate the 2 x 2 contingency tables. Indeed, the
CRT-D was the single best out-of-sample predictor of children’s
judgment accuracy and strategy use, outperforming age, set-
shifting, inhibitory control, and working memory. These data
highlight cognitive reflection as a critical variable in children’s
data-interpretation skills and contribute to a growing literature
demonstrating that cognitive reflection is broadly involved in
children’s developing scientific thinking.
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