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Abstract

Cognitive failures on several reasoning and judgment tasks can be explained by

miserly information processing tendencies. These tasks have been examined in child

and youth samples, and we extend this work by examining the developmental trajec-

tory of performance on these cognitive bias tasks and their association with other

markers of cognitive sophistication. A longitudinal design was used to examine the

development of resistance to cognitive biases in a sample of 204 typically developing

children and youth. These youth were 8–14 years of age at first assessment and were

assessed at three measurement occasions separated by 3 years. Resistance to cogni-

tive biases as represented by performance on five reasoning and judgment tasks,

including ratio bias, belief-bias syllogisms, attribute framing problems, base-rate

sensitivity, and temporal discounting. The developmental trajectory of resistance to

cognitive biases was examined. We also estimated associations between trajectories

of resistance to cognitive biases and measures of cognitive abilities, actively open-

minded thinking, and superstitious thinking to examine how individual differences in

other measures of cognitive sophistication were associated with the development of

resistance to cognitive biases. Cognitive ability measures included intelligence (verbal

and nonverbal) and executive function tasks (interference control and set-shifting).

Growth modeling results showed that resistance to cognitive biases increased linearly

from 8 to 15 years of age, followed by a flat mean trajectory up to age 20. Cognitive

ability, actively open-minded thinking, and superstitious thinking predicted individual

differences in resistance to cognitive biases, but not changes in resistance to

cognitive biases. Performance on resistance to cognitive biases tasks was positively

correlated with self- and parent-reported academic achievement.
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attribute framing, base-rate sensitivity, belief bias syllogisms, ratio bias, resistance to cognitive
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1 | INTRODUCTION

The study of judgment and decision making in developmental

populations has demonstrated that these abilities are measurable

and reflect important and separable competencies in children and

youth (e.g., Barrouillet & Gauffroy, 2013; Bruine de Bruin, Parker,

& Fischhoff, 2007, 2012; Byrnes & Dunbar, 2014; Kokis,

Macpherson, Toplak, West, & Stanovich, 2002; Kuhn, 1999, 2009;
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Levin & Hart, 2003; Markovits, 2013; Morsanyi & Handley, 2013;

Overton, 1990; Reyna, Chapman, Dougherty, & Confrey, 2012;

Toplak, West, & Stanovich, 2013, 2014; Weller, Levin, Rose, &

Bossard, 2012). Heuristics and biases assessments are based on

judgment and decision-making tasks that were first studied in

adults (Gilovich, Griffin, & Kahneman, 2002; Tversky &

Kahneman, 1974). Several of these tasks are characterized by

eliciting miserly information processing tendencies that must be

overridden to generate an alternative correct response

(Evans, 2003, 2010; Gilovich et al., 2002; Kahneman, 2011;

Stanovich, 1999, 2009a, 2011, 2018; Stanovich et al., 2016), which

we refer to as cognitive bias tasks in this study.

Several cross-sectional studies in developmental samples have

demonstrated that older children and youth tend to display better

performance than younger children on several cognitive bias tasks

(Chiesi, Primi, & Morsanyi, 2011; De Neys & Van Gelder, 2009;

Evans & Perry, 1995; Klaczynski, 2001a; Kokis et al., 2002;

Markovits & Bouffard-Bouchard, 1992; Primi, Morsanyi, Chiesi,

Donati, & Hamilton, 2016; Steegen & De Neys, 2012; Steinberg

et al., 2009; Toplak et al., 2013, 2014; Weller, Levin, &

Denburg, 2011). In this longitudinal investigation, we examined the

growth trajectory of five cognitive bias tasks in a sample of

204 typically developing children and youth that were assessed at

three measurement occasions each separated by 3 years. Children

and youth were 8 to 14 years of age at the first assessment

occasion. These youth were administered five cognitive bias tasks,

including ratio bias, belief-bias syllogisms, temporal discounting,

framing, and base-rate sensitivity. Resistance to cognitive biases

(RCB) on these five tasks was used as an index of growth in

judgment and decision-making performance. In addition, we exam-

ined additional measures of cognitive sophistication at these

measurement occasions. Specifically, we examined individual differ-

ences in cognitive abilities (intelligence and executive function

tasks), actively open-minded thinking (AOT), and superstitious

thinking tendencies. We examined whether these additional

measures would predict not only individual differences in RCB but

also growth in resistance to these biases. We also included

academic achievement (parent- and youth-reported) as a prospec-

tive outcome measure. To our knowledge, this is the first longitudi-

nal investigation of several cognitive biases in a developmental

sample and with the inclusion of additional measures of cognitive

sophistication. Using the same measures with the same participants

over time permits analysis of growth in performance across these

tasks during a period of considerable cognitive developmental

change.

1.1 | RCB and development

Paradigms that assess RCB comprise a broad set of tasks that have

been examined extensively not only in adults (e.g., Gilovich

et al., 2002; Stanovich et al., 2016) but also in the developmental

literature (e.g., Barrouillet & Gauffroy, 2013; Byrnes &

Dunbar, 2014; Kokis et al., 2002; Levin, Bossard, Gaeth, &

Yan, 2014; Levin & Hart, 2003; Reyna et al., 2012; Toplak

et al., 2014; Weller et al., 2012). Efforts to index the breadth of

judgment and decision-making tasks have acknowledged the multi-

farious nature of these tasks themselves (West, Toplak, &

Stanovich, 2008). The Adult Decision-Making Competence (A-

DMC) index (Bruine de Bruin et al., 2007, 2012; Del Missier, Män-

tylä, & Bruine de Bruin, 2012; Parker, Bruine de Bruin, Fischhoff,

& Weller, 2018; Parker & Fischhoff, 2005) and the Comprehensive

Assessment of Rational Thinking (CART; Stanovich et al., 2016) are

two instruments assessing a broad set of judgment and decision-

making skills in adults. The Y-DMC was developed for youth

(based on the A-DMC) and has shown a similar pattern of findings

to the A-DMC (Weller et al., 2012; Weller, Moholy, Bossard, &

Levin, 2015). These measures demonstrate the multifaceted nature

of judgment and decision-making tasks in both adult and youth

samples.

Two dimensions have been proposed to begin developing a tax-

onomy for understanding patterns of performance on these tasks in

adult samples: dependence on override/conflict detection required

for successful performance and knowledge dependence (Stanovich,

2018; Stanovich et al., 2016). Cognitive failures on several of these

tasks can be explained by a failure to detect that a better response

may be available and that the less adequate salient response needs

to be overridden. Overcoming this cognitive failure requires resis-

tance to miserly information processing, such as on cognitive reflec-

tion, ratio bias, and belief bias syllogism tasks. In addition, the

acquisition and consolidation of specific knowledge is also required

for successful performance on several judgment and decision-

making tasks. For example, overlearning of probabilistic numeracy

concepts, understanding base rates, and falsification tendencies will

facilitate performance on judgment and decision-making tasks that

require knowledge and resistance to miserly processing, such as

base-rate sensitivity and the Gambler's Fallacy. These dimensions

are also useful for characterizing these tasks in developmental sam-

ples, as several of these tasks have also been studied in children

and youth.

For this study, we selected five judgment and decision-making

tasks to represent an RCB construct, as each of these tasks was

characterized by the need to resist miserly processing to derive a

correct response. Ratio bias, belief-bias syllogisms, temporal dis-

counting, and framing effects primarily assess resistance to miserly

information processing tendencies, but base-rate sensitivity also

requires specific knowledge in addition to overriding miserly

information-processing tendencies relative to the other tasks

(Stanovich et al., 2016). For this investigation in a developmental

sample, we included more tasks that require resistance to miserly

processing than tasks that require specific knowledge (or tasks that

require both resistance to miserly processing and specific knowl-

edge). Tasks requiring specific knowledge pose a unique challenge

for the study of cognitive biases in developmental samples because

younger participants may not have learned or overlearned the spe-

cific knowledge needed to respond on these tasks. The challenge
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that this design feature creates for developmental samples has

been called the stimulus equivalence problem (Stanovich, Toplak, &

West, 2008). Specifically, it is not only important to adapt these

tasks to contain age-appropriate stimuli but also to select tasks

that will elicit similar response tendencies in developmental sam-

ples. Thus, we selected tasks that primarily require resistance to

miserly information processing than tasks that require acquisition

of specific knowledge. The one exception was the base-rate sensi-

tivity task, which requires knowledge of the diagnosticity of base

rates over individuating information.

All of these cognitive bias tasks have been studied in develop-

mental samples. On the ratio bias task, older youth have been shown

to outperform younger youth (Klaczynski, 2001b; Kokis et al., 2002;

Toplak et al., 2014) and belief-bias syllogisms (De Neys & Van

Gelder, 2009; Evans & Perry, 1995; Handley, Capon, Beveridge,

Dennis, & Evans, 2004; Kokis et al., 2002; Markovits & Bouffard-Bou-

chard, 1992). Ratio bias has also been referred to as denominator

neglect (Reyna & Brainerd, 2008). Belief bias syllogisms involve

assessing syllogisms where the validity judgment of the syllogism con-

flicts with the believability of the conclusion (Markovits &

Nantel, 1989). Temporal discounting paradigms assess preferences for

smaller immediate rewards over larger delayed rewards (Critchfield &

Kollins, 2001). Generally, older youth are more likely to wait for a

larger delayed reward than younger children (Green, Fry, &

Myerson, 1994; Prencipe et al., 2011; Scheres et al., 2006; Steinberg

et al., 2009; Toplak, Hosseini, & Basile, 2016). Framing paradigms illus-

trate a violation of descriptive invariance when participants shift their

preference based on a redescription of the same problem (Stanovich

et al., 2016). Framing effects have also been studied in developmental

samples (Levin et al., 2014; Levin & Hart, 2003). Older children have

been reported to display more resistance to framing on attribute fram-

ing problems than younger children (Toplak et al., 2014) and on risky

decision making (Weller et al., 2011), but developmental differences

in other studies have been less consistent (Reyna & Ellis, 1994).

Finally, older youth have been shown to rely more heavily on base

rate information than on individuating information (Kokis et al., 2002;

Toplak et al., 2014), but other studies have shown mixed findings,

depending on the domain under study (Jacobs & Potenza, 1991;

Klaczynski, 2001b). Developmental differences on cognitive bias tasks

have been primarily studied cross-sectionally, with relatively fewer

longitudinal studies of judgment and decision making in developmen-

tal samples (Almy, Kuskowski, Malone, Myers, & Luciana, 2018; Flouri,

Moulton, & Ploubidis, 2019). We predicted growth in RCB perfor-

mance in our longitudinal developmental study. In addition to these

age-related changes in cognitive bias tasks, we also examined other

indicators of cognitive sophistication as predictors of these changes.

1.2 | Cognitive sophistication and development

Age-related differences are one way to measure the development

of RCB. Other indices of cognitive sophistication have provided

converging indicators of performance on RCB tasks

(Stanovich, 2011). These indicators include cognitive abilities (such

as intelligence and executive function task performance), thinking

disposition tendencies such as AOT, and endorsement of supersti-

tious thinking tendencies. RCB has been positively correlated with

cognitive abilities (intelligence and executive function task perfor-

mance) and AOT tendencies, but negatively correlated with supersti-

tious thinking tendencies. These associations have been reported

extensively in adult samples (Stanovich, 1999; Stanovich et al., 2016),

but also in developmental samples (Kokis et al., 2002; Toplak

et al., 2014). Specifically, Toplak, West, and Stanovich (2014)

reported convergence in their findings across three different indica-

tors of cognitive sophistication in their cross-sectional study: age

differences, associations with individual differences in cognitive abil-

ities, and associations with individual differences in AOT and super-

stitious thinking. They reported that older youth performed better

than younger youth on RCB tasks in 8 to 14 year olds. They also

reported positive associations among performance on RCB tasks,

with cognitive abilities along with higher AOT and lower supersti-

tious thinking.

Cognitive ability associations with RCB task performance sug-

gest that individuals higher in intelligence have a higher capacity

for carrying out the cognitive decoupling operations required to

override miserly information processing tendencies in adult samples

(Stanovich, 2009a, 2009b, 2011; Stanovich & West, 2000). These

associations have also been shown in developmental samples. For

example, belief-bias performance was predicted by working mem-

ory and inhibitory control performance (Handley et al., 2004) and

cognitive abilities have also been shown to be correlated with ratio

bias performance (Kokis et al., 2002; Toplak et al., 2014). Almy

et al. (2018) reported that intelligence predicted Iowa Gambling

Task (IGT) performance in a developmental sample that was

followed longitudinally. We expected a similar pattern of associa-

tions with RCB. Accordingly, we estimated the prospective rela-

tions between intelligence and executive functioning measures and

developmental trajectories of RCB performance.

Thinking dispositions represent another domain of cognitive

sophistication. Individuals who tend to gather information, seek

alternative points of view, and consider future consequences

before making decisions tend to give more optimal responses on

cognitive-bias tasks (Bruine de Bruin et al., 2007; Stanovich, 2011).

AOT is a disposition designed to measure a willingness to consider

alternative opinions and evidence, originally discussed by

Baron (1985). Thinking dispositions, such as AOT, signal the

individual to access cognitive ability resources to generate alterna-

tive responses (Stanovich, 2009a), and these dispositions have

been conceptually and statistically differentiated from cognitive

abilities. AOT has been shown to predict judgment and decision-

making performance over and above cognitive ability in adults

(Stanovich & West, 1997; Stanovich et al., 2016). AOT has also

been associated with more RCB in developmental samples (Chiesi

et al., 2011; Kokis et al., 2002; Toplak et al., 2014). Thus, AOT

was included as a predictor of developmental trajectories of RCB

performance.

346 TOPLAK AND FLORA



Finally, endorsement of superstitious thinking has been

described as a form of contaminated mindware, containing

evaluation-disabling properties that may inhibit thoughtful consider-

ation of alternative possibilities (Stanovich, 2009a). Less supersti-

tious thinking has been associated with higher RCB performance

in adults (Stanovich, 1999; Stanovich et al., 2016) and in develop-

mental samples (Chiesi et al., 2011; Kokis et al., 2002). Thus,

superstitious thinking was examined as an additional predictor

of RCB.

We also examined a prospective naturalistic correlate of RCB per-

formance, namely, academic achievement. There is evidence that

decision-making competence predicts important outcomes in adult

samples (Bruine de Bruin et al., 2007; Butler, 2012; Butler et al., 2012;

Parker et al., 2018; Stanovich, 2011; Toplak, West, & Stanovich, 2017)

and in developmental samples (Weller et al., 2012, 2015). For exam-

ple, early delay of gratification in preschool children has been shown

to predict academic achievement in adolescence (Shoda, Mischel, &

Peake, 1990; Watts, Duncan, & Quan, 2018). In this study, RCB was

examined as a prospective predictor of self- and parent-reported aca-

demic achievement.

To extend our understanding of the development of RCB, we

undertook a longitudinal study to examine the developmental trajec-

tory of this construct. We predicted that performance on RCB tasks

would display steady improvement with increasing age. Our study also

included an examination of how other indicators of cognitive sophisti-

cation (cognitive abilities, AOT, and superstitious thinking) would

relate to RCB. We predicted that higher cognitive ability, higher AOT,

and lower superstitious thinking would prospectively predict higher

performance on RCB as well as greater improvements or growth in

RCB tasks across development. Finally, RCB was examined as a pro-

spective predictor of academic achievement. Specifically, higher RCB

performance was expected to be associated with higher academic

achievement.

2 | METHOD

2.1 | Participants

The study was approved by the Research Ethics Board at our uni-

versity. Participants were observed longitudinally at three time

points, each separated by 3 years; recruitment details are reported

in Toplak et al. (2014). The participants were recruited from

middle- to upper-income communities with families from mainly

European descent. There were 204 youth ranging from 8 to

14 years of age at Time 1, 156 youth ranging from 11 to 17 years

of age at Time 2 (76% of the original sample), and 135 youth rang-

ing from 14 to 20 years of age at Time 3 (66% of the original

sample).

At the first follow-up, participants who continued in the study

had higher Time 1 intelligence and higher scores on an RCB composite

variable (described below) than participants who dropped out, t

(202) = 2.32, p = .02; t(202) = 2.16, p = .03, respectively, but drop-out

was not significantly related to gender, χ2(1) = 1.65, p = .20, or age, t

(202) = 0.02, p = .98. At the second follow-up, retention was not sig-

nificantly related to Time 1 intelligence, t(154) = 0.37, p = .71, RCB

performance, t(154) = 0.75, p = .45, gender, χ2(1) = 0.97, p = .33, or

age, t(154) = 1.59, p = .11.

This sample is characterized by high socioeconomic status.

Parents reported their educational attainment at Time 2. Of the

156 mothers, 48 (30.8%) had professional degrees, 83 (53.2%) com-

pleted college or university, three (1.9%) had some college or uni-

versity, 15 (9.6%) completed high school, one (<1%) completed less

than high school, and six (3.8%) did not report their educational

status. Of the fathers, 42 (26.9%) had professional degrees, 67

(42.9%) completed college or university, 14 (9.0%) had some college

or university, 22 (14.1%) completed high school, three (1.9%) com-

pleted less than high school, and eight (5.1%) did not report their

educational status.

2.2 | Measures

All measures are summarized here and described in more detail in the

Supporting Information.

2.3 | RCB tasks and measures

2.3.1 | Ratio bias

This task was adapted from a previous children's version (see Kokis

et al., 2002; Toplak et al., 2014). There were six trials, and Bowl #1

was the correct choice on each. A percentage correct score was com-

puted such that a higher score indicated better performance.

2.3.2 | Belief-bias syllogisms

Eight inconsistent syllogisms were administered to participants (see

Toplak et al., 2014). Inconsistent syllogisms have a conflict between

the believability of the conclusion and validity of the syllogism. A per-

centage score across the eight items was calculated such that a higher

score indicated better overall performance.

2.3.3 | Attribute framing

There were three attribute framing situations, previously examined

in our developmental sample (Toplak et al., 2014) but based on

attribute framing tasks used with adults (Bruine de Bruin

et al., 2007). Each of the three situations had two probes or ques-

tions, providing six items to score on this task. Each framing situa-

tion had a positive and negative frame that was presented in

separate parts of the battery. Scoring was based on subtracting

the positive frame rating from the corresponding negative frame

rating for each of the six probes. Negative difference scores indi-

cated a framing effect in the expected direction. Difference scores
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of zero indicated the absence of a framing effect. A percentage

correct score was computed such that a higher score indicated

more resistance to framing.

2.3.4 | Base-rate sensitivity

Five problems (Kokis et al., 2002; Toplak et al., 2014) were used in

which base rate information conflicted with individuating information.

Reliance on probabilistic aggregate information was scored as correct,

whereas reliance on concrete or personal information was scored

incorrect. A percentage score was then calculated such that a higher

score indicated greater base-rate sensitivity.

2.3.5 | Temporal discounting

A staircase version of a temporal discounting task was adapted from

Rachlin, Raineri, and Cross (1991). This task involved making several

hypothetical choices between an immediate reward and a delayed

fixed reward of $10. There were two delay periods (2 and 30 days),

and each delay period had 10 trials presented in ascending and des-

cending order. We used an interest rate total score based on selecting

items that met a cut-off based on an annual rate of return of 40% (see

Basile & Toplak, 2015; Stanovich et al., 2016). Participants received a

score of one for choosing the delayed option and zero if they chose

the immediate option for the items that met this cut-off (36 of

40 items). A higher percentage score indicated a greater preference

for the delayed option.

2.3.6 | RCB composite

We used confirmatory factor analysis (CFA) to assess whether the five

RCB tasks combine to represent a unidimensional construct; correla-

tions among the task scores and complete CFA results are in Tables S1

and S2. The same one-factor model was estimated three times, once

using data for the RCB measures observed at ages 8 to 11, once for

data from ages 12 to 15, and finally using data from ages 16 to 20.

With data from ages 8 to 11 and data from ages 12 to 15, the one-

factor model fit extremely well (root mean square error of approxima-

tion [RMSEA] = 0, comparative fit index [CFI] = 1.00, Tucker-Lewis

index [TLI] > 1.00; standardized root mean square residual

[SRMR] = .02 for both models).

With both models, standardized factor loadings were weak

(e.g., 0.17 for belief-bias syllogisms) to moderate (e.g., 0.60 for base-

rate sensitivity). With data from ages 16 to 20, the one-factor

model fit well, but only after attribute framing was removed

(RMSEA = 0, CFI = 1.00, TLI > 1.00; with framing included,

RMSEA = .10, CFI = .85, TLI = .70); factor loadings were consis-

tently moderate. Next, we expanded these CFA models to assess

measurement invariance of a potential RCB composite across devel-

opment (see, e.g., Little, Preacher, Selig, & Card, 2007); these

analyses did not include the attribute framing measure because the

one-factor model for the older ages did not fit unless framing was

removed. Strong factorial invariance across age was supported for

the measurement of an RCB construct, that is, any age-related

changes in the means of the individual RCB measures are ade-

quately captured as changes in an underlying RCB construct (Little

et al., 2007; see Table S3). Based on these CFA results, we con-

cluded that the RCB measures (except framing) could be combined

to create a single composite score. Specifically, we summed the per-

centage correct scores for each of the RCB tasks (except framing)

to create a composite representing a participant's total RCB across

all ages. This RCB composite is used in the main analyses below.

However, given the theoretical importance of the framing measure,

Tables S4 to S7 present parallel analyses using an RCB composite

that includes framing. Importantly, our findings did not change sub-

stantially when attribute framing was included in the RCB

composite.

2.4 | Cognitive ability measures

2.4.1 | Verbal and nonverbal intelligence

The Vocabulary and Matrix Reasoning subtests from the Wechsler

Abbreviated Scales of Intelligence (WASI; Wechsler, 1999) were used

as indices of verbal and nonverbal ability. Raw non-age-corrected

scores were used for both measures, with higher scores representing

higher ability.

2.4.2 | Executive function tasks

The Stroop Task (Victoria Version; Strauss, Sherman, & Spreen, 2006)

was used to measure inhibition based on the interference score.

Lower times indicate better inhibition skills. The Trail-Making Test

(Reitan, 1955, 1958) was used to measure set shifting. Completion

time on Part B requires more complex processing than Part

A. Completion time on Part B minus Part A is reported as the primary

measure, as this difference score has been suggested as a purer

measure of the complex divided attention and alternating sequencing

required for successful performance (Strauss et al., 2006). However,

analyses were also conducted with completion time on Part B, and

findings were consistent. Lower scores indicate better set-shifting

ability.

2.5 | AOT and superstitious thinking

Participants completed a self-report questionnaire for the AOT and

superstitious thinking measures: as part of the dispositions question-

naire. They were asked to rate their agreement with each item using a

four-point scale: (a) Strongly Disagree, (b) Disagree, (c) Agree, and

(d) Strongly Agree.
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2.5.1 | AOT scale

A child version (Kokis et al., 2002; Toplak et al., 2014) of the AOT

scale, originally devised by Stanovich and West (1997, 1998), was

used in this study. A total score of the 18 items was calculated such

that a higher score indicated more AOT. Coefficient alpha for this

score ranged from .59 to .69 across the three timepoints.

2.5.2 | Superstitious thinking scale

A six-item child version of the superstitious thinking scale was used (Kokis

et al., 2002; Toplak et al., 2014). A total score was calculated such that a

higher score indicates more superstitious thinking. Coefficient alpha for

this score ranged from .58 to .86 across the three timepoints.

2.6 | Academic achievement

To assess academic achievement, parents (Time 2) and youth

(Time 2 and Time 3) reported on the youth's grades in English, science,

math, and social studies/history. These four grades were averaged to

provide an overall self-report (Times 2 and 3) and parental report

(Time 2 only) of academic achievement.

2.7 | Procedure

Three trained examiners tested participants. The order of measures

administered was as follows: Time 1: ratio bias, belief-bias syllogisms,

WASI, framing (Part 1), Stroop, Trail Making, framing (Part 2), base-rate

sensitivity, temporal discounting, and dispositions questionnaire; Time

2: framing (Part 1), base-rate sensitivity, dispositions questionnaire,

framing (Part 2), ratio bias, belief-bias syllogisms, WASI, temporal dis-

counting, Stroop, and Trail Making; Time 3: framing (Part 1), base-rate

sensitivity, dispositions questionnaire, ratio bias, belief-bias syllogisms,

WASI, framing (Part 2), temporal discounting, Stroop, and Trail Making.

2.8 | Data-analytic strategy

Because there was considerable age heterogeneity within each time-

point, we modeled developmental trajectories of RCB as a function of

age rather than measurement occasion (i.e., the data are consistent

with a cohort-sequential design; Nesselroade & Baltes, 1979).1

Specifically, because participant ages ranged from 8 to 20 years across

Time 1 (when participant ages ranged from 8 to 14 years) to Time

3 (when participant ages ranged from 13 to 20 years), a long-term

developmental trajectory could be approximated by combining the

temporally overlapping repeated measures of youth observed at dif-

ferent ages. Thus, the age-based data were linked to form a common

developmental trajectory spanning ages 8 to 20. Developmental tra-

jectories were specified and estimated using a multilevel modeling

approach (Raudenbush & Bryk, 2002), whereby the repeated mea-

sures of the RCB composite are directly regressed on age. All models

were estimated using full-information maximum-likelihood; this proce-

dure allows data from participants with incomplete data (including

dropouts) to be incorporated in the model estimation, which is essen-

tial given that we organized the data according to age. All models

were estimated using nlme package in R (Pinheiro et al., 2020).

To incorporate the cognitive ability and thinking dispositions

covariates into the longitudinal models of the RCB composite,

because the age ranges of three measurement occasions overlapped

considerably, we reorganized the three-timepoint data into three

nonoverlapping age categories (i.e., no participant contributed more

than one data point to each age range): age 8–11 (data available

for n = 154 observations), age 12–15 (n = 166 observations), and

age 16–20 (n = 75 observations). In this way, the associations

among variables could be tied to a particular age range, facilitating

the interpretation of parameter estimates as prospective, develop-

mental predictions. The details of the data analytic strategy for the

growth models and predictions of RCB are further elaborated in

Section 3.

3 | RESULTS

3.1 | Descriptive statistics

Table 1 displays mean scores across age on the individual RCB tasks

and the RCB composite. For the attribute framing task, single-sample

t tests obtained significant framing effects on these six probe ques-

tions within each of the age categories described above, all ps < .01.

Descriptively, each RCB task displayed increasing mean scores as age

increased from 8 to 15 years, whereas the means remained around

the same level from age 15 to 20 years. Mean performance for the

RCB composite, which had a potential range of 0 to 400, followed a

similar pattern as the individual tasks: Mean performance at age

8 years was 198.05 (standard deviation [SD] = 64.43), increasing to

331.29 (SD = 31.18) at age 15 and then remaining relatively consistent

up to age 20.

Table 2 displays correlations among the RCB composite, cognitive

ability, and thinking disposition variables within the three age catego-

ries, 8–11, 12–15, and 16–20 years. These correlations display the

expected pattern of associations: The RCB composite is consistently

positively correlated with the Vocabulary and Matrix Reasoning raw

scores across all age categories (rs range from .29 to .55). The Stroop

Interference and Trail-Making measures are negatively correlated with

1We adapted models (based on Galbraith, Bowden, & Mander, 2017) to test cohort effects

on the trajectory of RCB composite scores. Trajectory intercepts, but not trajectory slopes,

significantly differed across cohorts, such that those who were younger at the first

measurement occasion had higher intercepts than those who were older at the first

measurement occasion. This cohort effect may be partly due to practice effects, in that

participants who were younger at the first measurement occasion had practice from previous

measurement occasions when they were administered the tasks at older ages, as well as due

to participant drop-out being associated with the level of the RCB composite at the first

measurement occasion.
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TABLE 1 Mean performance on RCB tasks by age

RCB composite Belief bias Base-Rate Sensitivity Ratio bias Temporal discounting Attribute framing

Age n M SD M SD M SD M SD M SD M SD

8 38 198.05 64.43 34.21 19.64 52.11 28.87 53.51 41.22 41.45 30.47 48.42 32.76

9 51 213.94 69.45 36.52 17.65 56.86 30.56 62.42 37.84 43.68 30.60 58.04 37.36

10 44 236.27 61.42 38.92 19.29 65.91 26.79 67.42 37.00 50.95 30.14 58.18 33.08

11 46 276.04 65.79 48.37 21.18 75.65 22.67 74.28 36.63 70.41 25.31 61.30 36.61

12 69 284.42 64.30 53.80 18.23 78.84 23.73 79.23 32.77 68.56 26.63 73.91 28.76

13 48 300.22 48.33 53.91 22.20 76.67 21.57 87.50 26.07 77.20 23.81 67.50 31.59

14 57 313.70 52.73 59.65 21.52 86.32 17.39 87.72 26.64 77.39 22.83 77.54 27.79

15 50 331.29 31.18 65.75 24.20 81.60 18.00 97.67 8.25 83.78 14.86 83.60 20.87

16 33 315.11 59.01 59.09 22.81 78.79 17.99 91.92 25.39 82.66 20.18 77.58 31.53

17 28 334.01 35.14 62.95 21.91 85.00 15.03 98.21 6.94 86.51 15.58 85.00 18.56

18 14 337.58 36.18 67.86 18.16 81.43 19.94 96.43 13.36 91.87 10.01 77.14 29.20

19 11 313.91 56.68 60.23 25.51 87.27 13.48 83.33 37.27 78.54 22.33 80.00 29.66

20 5 317.39 31.69 72.50 20.54 76.00 16.73 100.00 0.00 68.89 27.32 88.00 17.89

Abbreviations: RCB, resistance to cognitive biases; SD, standard deviation.

TABLE 2 Correlations among RCB, cognitive ability, actively open-minded thinking, and superstitious thinking variables within each age
category

1. 2. 3. 4. 5. 6. M SD

Age 8–11 (n = 154)

1. RCB composite 220.71 67.17

2. Vocabulary raw score .38 0.40 0.10

3. Matrix reasoning raw score .34 .47 0.58 0.17

4. Stroop interference −.11 −.40 −.25 3.94 1.35

5. Trail-Making Part B-A −.32 −.31 −.33 .28 7.51 4.64

6. Actively open-minded thinking .11 .34 .20 −.14 −.22 4.54 0.41

7. Superstitious thinking −.25 −.24 −.17 .00 .14 −.34 13.98 2.66

Age 12–15 (n = 166)

1. RCB composite 297.40 57.28

2. Vocabulary raw score .55 0.57 0.11

3. Matrix reasoning raw score .42 .38 0.74 0.12

4. Stroop interference −.17 −.26 −.32 2.48 0.99

5. Trail-Making Part B-A −.10 −.31 −.30 .30 4.49 2.72

6. Actively open-minded thinking .42 .43 .19 −.03 −.04 4.82 0.48

7. Superstitious thinking −.27 −.30 −.10 .11 −.05 −.34 12.57 3.28

Age 16–20 (n = 75)

1. RCB composite 326.36 47.84

2. Vocabulary raw score .44 0.61 0.12

3. Matrix reasoning raw score .29 .36 0.77 0.11

4. Stroop interference −.29 −.34 −.30 1.72 0.61

5. Trail-Making Part B-A −.20 −.35 −.32 .25 3.35 1.44

6. Actively open-minded thinking .23 .41 .25 .01 −.19 5.12 0.47

7. Superstitious thinking −.32 −.43 −.17 .16 .10 −.38 11.17 3.43

Note: Correlations in bold are significant, p < .05, using Holm's multiple comparison adjustment separately within each age category.

Abbreviations: RCB, resistance to cognitive biases; SD, standard deviation.
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RCB performance (rs range from −.10 to −.32), but most of these cor-

relations are nonsignificant after adjusting for multiple comparisons.

Although the RCB composite is positively correlated with the AOT

scale score within each age category, this association is significant

only within the age 12–15 range (r = .42). Finally, the RCB composite

is moderately negatively correlated with superstitious thinking within

each age category (rs range from −.25 to −.32).

3.2 | RCB growth models

As described above, the means of the RCB composite displayed a

nonlinear trend across age such that the means increased steadily

from age 8 up to age 15, and then remained relatively consistent to

age 20. To represent this nonlinear pattern, we estimated a piecewise

linear growth model because each participant provided at most three

observations, which limits the ability to estimate random effects

(i.e., interindividual variability) for more complex nonlinear functions

of age, and because of the interpretational advantages of piecewise

linear models over alternative models for nonlinear growth

(e.g., Flora, 2018). Specifically, we estimated a model with two sepa-

rate linear segments of time, the first segment representing linear

change from age 8 to age 15, and the second representing linear

change from ages 15 to age 20. An equation for this model is

RBCai = β0i + β1i segment1að Þ+ β2i segment2að Þ+ εai,

where RBCai represents the value of the RBC composite for partici-

pant i at age a, segment1a and segment2a are separate variables coded

to represent the passage of time (in years) during the ages 8 to 15 and

during ages 15 to 20, respectively (see Raudenbush & Bryk, 2002,

pp. 178–179),2 whereas β0i is the random-intercept parameter rep-

resenting the predicted level of RBC at age 15 (i.e., when both

segment1a and segment2a equal 0). Next, β1i and β2i are random-slope

parameters representing the predicted linear changes in RBC from

age 8 to 15 and from age 15 to 20, respectively. The model allows

these two linear slopes to differ, thereby representing the overall

nonlinear pattern while also potentially incorporating random effects

to represent inter-individual variability in the amount of change during

each age segment. Next, we report unconditional growth models for

the RCB composite before reporting models in which growth in the

RCB composite is conditioned on the cognitive ability, AOT and

superstitious thinking measures.

Initial attempts to estimate the piecewise growth model with ran-

dom slopes for one or both age segments resulted in nonconverged

solutions; therefore, we estimated and report a random-intercepts

piecewise linear growth model for the RCB composite. Results for this

unconditional model are given in Table 3. The mean intercept was

333.07, representing the predicted mean of the RCB composite at age

15, whereas SD of the random intercepts was 36.88, indicating that

there were substantial individual differences in the level of RCB at

age 15. The first linear slope mean of 19.20 (p < .001) indicated that

RCB composite scores increased steeply from age 8 to age 15.

Figure 1 shows both the observed means of the RCB Composite and

the means implied by the piecewise growth model. Next, the second

linear slope mean of −1.62 did not significantly differ from zero

(p = .51), indicating that the average change in the RCB composite

from age 15 to age 20 was near 0. Finally, the age-specific residual SD

was 43.96, indicating that within a given age, there are substantial

individual differences in the level of RCB.3

3.2.1 | Conditional growth models

Next, we expanded the piecewise growth model for the RCB compos-

ite to examine how well cognitive ability, AOT and superstitious think-

ing measures prospectively predict different aspects of the RCB

trajectories. For example, for the vocabulary predictor observed dur-

ing the youngest age category (i.e., ages 8 to 11), we estimated the

following model:

RBCai = β0i + β1i segment1að Þ+ β2i segment2að Þ+ β3 vocabið Þ+ εai,

where vocabi represents the vocabulary score observed during age

8 to 11 for individual i and thus β3 is the association between this

vocabulary score and the predicted level of the RCB composite at age

15. Next, we re-estimated the same model, but instead using vocabu-

lary observed during the second age category (i.e., ages 12 to 15).

Finally, to assess how well changes in vocabulary predict subsequent

RCB composite scores, we re-estimated the model using the difference

between the second vocabulary score and the first vocabulary score

2Specifically, segment1 was coded as −7, −6, −5, −4, −3, −2, and −1 for observed ages = 8, 9,

10, 11, 12, 13, and 14, respectively, and coded = 0 for ages = 15 and greater, whereas

segment2 was coded as 1, 2, 3, 4, and 5 for observed ages = 16, 17, 18, 19, and 20,

respectively, and coded = 0 for ages = 15 and less. For example, for an observation at

age = 14 years, segment1 = −1 and segment2 = 0; for an observation at age = 15 years, both

segment1 = 0 and segment2 = 0; for an observation at age = 16 years, segment1 = 0 and

segment2 = 1.

TABLE 3 Results of unconditional piecewise linear growth model
for resistance to cognitive biases composite

Fixed-effect parameters Estimate p 95% CI

Intercept (predicted mean

level at age 15)

333.07 <.01 (323.79, 342.34)

First slope (mean linear

change from age 8

to age 15)

19.20 <.01 (17.21, 21.19)

Second slope (mean linear

change from age 15

to age 20)

−1.62 .52 (−6.46, 3.22)

Random-effect parameters

SD of random intercepts 36.88 – (30.90, 44.01)

SD of within-age residuals 43.96 – (40.44, 47.78)

Abbreviations: CI, confidence interval; SD, standard deviation.

3Separate models for each of the resistance to cognitive biases tasks confirmed that the

score on each task followed a similar longitudinal trajectory as the overall RCB composite

(see Toplak, in progress, for more detail on each task).
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as the predictor in the equation above. This same set of models was

then estimated separately for each of the matrix reasoning, Stroop

task, Trail-Making, AOT, and superstitious-thinking variables.

Complete results for these conditional growth models are pres-

ented in Table 4, which shows that each of the cognitive ability, AOT,

and superstitious thinking measures had a significant, prospective

association with the predicted age 15 level of the RCB composite

(i.e., the random intercepts of the RCB composite growth model) in

the expected direction. Specifically, higher vocabulary and matrix rea-

soning scores at age 8–11 and age 12–15 predicted higher RCB com-

posite scores at age 15. Lower Stroop scores at age 8–11 predicted

higher RCB composite scores at age 15, although the age 12–15

Stroop score was not significantly associated with the RCB composite

random intercepts. Additionally, whereas the age 8–11 Trail-Making

score was not significantly associated with the RCB composite ran-

dom intercepts, lower Trail-Making scores at age 12–15 significantly

predicted higher RCB composite scores at age 15. Next, although the

age 8–11 AOT scale score was not significantly associated with the

RCB composite random intercepts, higher AOT scale scores at age

12–15 significantly predicted higher RCB composite scores at age 15.

Finally, lower scores on the superstitious-thinking scale at age 8–11

and age 12–15 significantly predicted higher RCB composite scores at

age 15. Gender was not significantly related to the RCB composite

trajectory.

Regarding the prediction of the RCB composite trajectories from

changes in each of these predictors, the vocabulary, trail-making, and

AOT scale difference scores significantly predicted the RCB trajectory

random intercept. Specifically, greater improvements in vocabulary,

smaller improvements in Trail-Making performance, and greater

increases on the AOT scale were each associated with higher levels of

the RCB composite at age 15.

Next, to assess how well the cognitive ability, AOT, and super-

stitious thinking measures predict changes in the level of RCB,

we expanded each of the models described above to include

interactions with the two time segment variables. Across this set of

models, none of the time by predictor interactions was significant

(all ps > .05; see the estimates and exact p-values in Table S8),

indicating that neither cognitive ability measures nor AOT or super-

stitious thinking measures prospectively predicted the change

in RCB composite scores from age 8 to 15 or from age 15 to 20.

That is, none of the variables predicted either slope of the RCB

composite trajectory.

3.3 | Associations with academic achievement

Table 5 gives correlations between the RCB composite and the aca-

demic achievement outcomes (i.e., average grade), with each variable

organized according to the three age categories described earlier.

Notably, the RCB composite score at age 8–11 was significantly cor-

related with subsequent self- and parent-reported mean grade

observed at age 12–15, r = .24 and r = .41, respectively. Furthermore,

the RCB composite score at age 12–15 was significantly correlated

with subsequent self- and parent-reported mean grade observed at

age 16–20, r = .43 and r = .44, respectively. To supplement these cor-

relations, we estimated a multiple regression model in which self-

reported mean grade at age 16–20 was simultaneously regressed on

the RCB composite at age 12–15 and self-reported mean grade at age

12–15 using the sample of n = 39 participants with complete data on

these variables. The results indicate that the RCB composite signifi-

cantly predicts subsequent self-reported mean grade, unstandardized

B = 0.06 (95% confidence interval [CI]: 0.01, 0.11), p = .01, with the

RCB composite accounting for 11% of variance in the age 16–20

mean grade over and above the age 12–15 mean grade. Adding the

vocabulary and matrix reasoning scores to this regression model

increased multiple R2 by only .05 (p = .20); however, the unique effect

of the RCB composite became nonsignificant, unstandardized

B = 0.04 (95% CI: −0.01, 0.10), p = .13, whereas the unique effects of

F IGURE 1 Individual and mean trajectories of
resistance to cognitive bias (RCB) composite
observed mean trajectory (dashed line) and
model-implied mean piecewise linear trajectory
(solid line)
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vocabulary and matrix reasoning were also nonsignificant (ps = .14

and .20, respectively).

4 | DISCUSSION

In the current sample, developmental trajectories showed age-related

improvement on an RCB composite composed of scores on ratio bias,

temporal discounting, belief-bias syllogisms, and base-rate sensitivity

tasks. Specifically, piecewise linear growth models of the RCB com-

posite displayed steep growth from 8 to 15 years of age, with a

leveling off from age 15 to 20 years. These findings suggest that

youth between 8 and 15 years of age consistently improve their RCB

as they mature. From the age of 15 to 20 years, there was essentially

no mean change in the RCB composite, although there were substan-

tial individual differences in the level of RCB within any given age. A

similar pattern of findings was obtained with the attribute framing

task, but this task was not included in the RCB composite given that it

not fit well with the one-factor CFA model among 16–20 year olds.

Within each of three age categories (i.e., ages 8–11, 12–15, and

16–20), cognitive abilities, AOT, and superstitious thinking were cor-

related with the RCB composite in the expected directions. We found

TABLE 4 Results of conditional growth models regressing RCB composite random intercepts on cognitive ability and thinking disposition
variables

Association with random intercepts (level of RCB composite age 15)

Predictor Estimate p 95% CI

Vocabulary (age 8 to 11)a 1.27 <.01 (0.56, 1.20)

Vocabulary (age 12 to 15)b 2.26 <.01 (1.71, 2.81)

Vocabulary differencec 1.30 <.01 (0.43, 2.17)

Matrix (age 8 to 11)a 0.86 <.01 (0.44, 1.28)

Matrix (age 12 to 15)b 1.54 <.01 (1.01, 2.09)

Matrix differencec −0.17 .51 (−0.70, 0.35)

Stroop (age 8 to 11)a −2.21 .42 (−7.54, 3.13)

Stroop (age 12 to 15)b −8.36 .02 (−15.26, −1.46)

Stroop differencec −1.12 .69 (−6.56, 4.33)

Trail-Making (age 8 to 11)a −3.06 <.01 (−4.61, −1.51)

Trail-Making (age 12 to 15)b −1.93 .13 (−4.43, 0.57)

Trail-Making differencec 2.47 .01 (0.61, 4.34)

AOT (age 8 to 11)a 14.08 .12 (−3.42, 31.59)

AOT (age 12 to 15)b 36.73 <.01 (23.96, 49.50)

AOT differencec 18.82 .02 (3.40, 34.24)

Superstitious thinking (age 8 to 11)a −5.85 <.01 (−8.48, −3.21)

Superstitious thinking (age 12 to 15)b −3.97 <.01 (−5.96, −1.98)

Superstitious thinking differencec −0.69 .57 (−3.04, 1.67)

Abbreviations: AOT, actively open-minded thinking; CI, confidence interval; RCB, resistance to cognitive biases.
an = 154.
bn = 166.
cn = 116.

TABLE 5 Correlations between RCB composite and academic achievement

RCB composite variables
Self-report mean grade
(age 12–15)

Parent-report mean grade
(age 12–15)

Self-report mean grade
(age 16–20)

Parent-report mean grade
(age 16–20)

RCB (age 8–11) .24 .41 .47 --

(n = 115) (n = 93) (n = 39) (n = 0)

RCB (age 12–15) .36 .44 .43 .35

(n = 116) (n = 94) (n = 75) (n = 22)

RCB (age 16–20) .51 .54 .35 .06

(n = 39) (n = 39) (n = 75) (n = 22)

Note: Correlations in bold are significant, p < .05, using Holm's multiple comparison adjustment.

Abbreviation: RCB, resistance to cognitive biases.
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that each of these variables prospectively predicted the level of the

RCB composite, but not changes in the RCB composite. Finally, the

RCB composite was positively correlated with subsequent self- and

parent-reported academic achievement at ages 12–15 and

16–20 years.

These findings are consistent with other developmental studies

that have shown age-related improvements on the RCB tasks, includ-

ing base-rate sensitivity, framing effects, ratio bias, belief-bias syllo-

gisms, and temporal discounting (Almy et al., 2018; De Neys & Van

Gelder, 2009; Evans & Perry, 1995; Green et al., 1994; Handley

et al., 2004; Klaczynski, 2001b; Kokis et al., 2002; Markovits &

Bouffard-Bouchard, 1992; Mevel et al., 2019; Prencipe et al., 2011;

Scheres et al., 2006; Steinberg et al., 2009; Toplak et al., 2014; Weller

et al., 2011). In the current study, there were substantial age-related

increases from age 8 to 15, but mean performance leveled off after

15 years of age. This leveling off is not likely attributable to ceiling

effects on these tasks as the highest mean performance on the RCB

composite was 337.58 (SD = 36.18) at 18 years of age, which is con-

siderably lower than the maximum possible score of 400. We

observed a similar pattern within each of the five RCB tasks

(see Table 1), with substantial increases from age 8 to 15 years and a

leveling off after age 15. The leveling off of performance after

15 years of age does not suggest an overall increase in cognitive

biases after age 15. Furthermore, we obtained strong factorial invari-

ance across age for the measurement of an RCB construct, suggesting

that any age-related changes in the individual RCB measures are ade-

quately captured as changes in an underlying RCB construct. This sug-

gests stimulus equivalence across age, suggesting that measurement

artifacts are not hiding developmental changes in RCB after age 15.

Our results are consistent with Almy et al. (2018), who also reported

age-related increases in performance on the IGT in a sample of 9- to

31-year-old participants. The development of RCB performance is

comparable with the rapid changes that have been reported on the

development of cognitive abilities during this same period of develop-

ment. Studies of nonverbal reasoning and executive function task per-

formance also demonstrate leveling off or slower growth of these

abilities during adolescence (Best, Miller, & Jones, 2009; Best, Miller,

& Naglieri, 2011; Chierchia et al., 2019; Huizinga, Dolan, & van der

Molen, 2006; Luciana, Conklin, Hooper, & Yarger, 2005; McArdle,

Ferrer-Caja, Hamagami, & Woodcock, 2002). Latent growth models of

the cognitive ability tasks used in this study also displayed the same

pattern, with a leveling off of performance around 15 years of age

(Toplak, in progress). These findings suggest that performance on the

RCB composite seem to plateau during adolescence with less growth

than during childhood, similar to what has been reported for the

development of other cognitive abilities, including nonverbal reason-

ing and executive function task performance.

From the perspective of cognitive sophistication, we also

included individual differences in cognitive abilities, AOT and super-

stitious thinking as correlates and predictors of RCB. The concur-

rent correlations within the different age categories showed the

expected patterns (see Table 2): higher cognitive abilities, higher

AOT, and lower superstitious thinking were associated with higher

RCB performance. Next, the conditional growth model analyses

showed that each of these variables prospectively predicted the

level of RCB performance, but not developmental changes in RCB

(see Table 4). These results are consistent with previous studies

showing that cognitive abilities are associated with RCB with adults

(Stanovich, 2009a, 2011; Stanovich et al., 2016; Toplak, West, &

Stanovich, 2011) and in developmental samples (Almy et al., 2018;

Handley et al., 2004; Kokis et al., 2002; Prencipe et al., 2011;

Steinberg et al., 2009; Toplak et al., 2014). Specifically, intelligence

measures and working memory index the cognitive decoupling and

hypothetical thinking capacities that predict successful performance

on RCB tasks (Evans & Stanovich, 2013; Stanovich, 2009a, 2011).

Executive function task performance was less consistently associ-

ated with RCB, but notably, we only included a measure of inhibi-

tion and set-shifting. Our results are consistent with the idea that

individuals who display more complex cognition also tend to display

better performance on RCB tasks than those with less advanced

cognition (Stanovich, 2011). Given that individual differences in

cognitive abilities have been theoretically central to supporting cog-

nitive decoupling and override of miserly information processing

tendencies, we would have expected these abilities to predict

developmental changes in the RCB composite. That cognitive abili-

ties did not significantly predict age-related changes in the RCB

composite suggests that some of the processing requirements of

these tasks may be separable and unique from cognitive abilities.

The skills and processes required for growth in RCB task perfor-

mance may require unique skills and abilities, such as recognizing

the need to resist miserly processing, that is conceptually separable

from cognitive abilities.

Youth who endorsed AOT tendencies and did not endorse

superstitious thinking also tended to perform better on the RCB

tasks. This finding is consistent with other studies (Kokis

et al., 2002), as well as the initial findings of this sample reported

in Toplak, West, and Stanovich (2014). We also found that higher

AOT scores at ages 12–15 predicted the RCB composite at age

15, and lower superstitious thinking scores at ages 8–11 and

12–15 predicted the RCB composite at age 15. That superstitious

thinking was a significant predictor at an earlier age may be attrib-

utable to the concreteness of the items on these scales. For exam-

ple, answering questions about lucky numbers and whether some

items are unlucky may just be more concrete for younger children

than answering questions about considering alternatives as mea-

sured on the AOT scale. The AOT scale captures tendencies

related to gathering more information before reaching a decision,

considering multiple viewpoints, and considering future conse-

quences (Stanovich, 2011). Thinking disposition tendencies that

involve active consideration of other perspectives and alternatives

or encourage persistence in thinking and reflection will help signal

to the individual that other potential options or responses should

be considered. For example, Duckworth and Seligman (2005)

reported that self-discipline, a form of conscientiousness, predicted

grade point average in Grade 8 students after intelligence scores

were statistically controlled. The superstitious thinking scale was
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consistently negatively correlated with the RCB composite across

all three age categories and prospectively predicted RCB composite

scores, such that not endorsing superstitious beliefs was associated

with better RCB performance. Superstitious thinking has been used

as an index of contaminated mindware, which are beliefs that con-

tain evaluation disabling properties (Stanovich, 2009a, 2011;

Stanovich et al., 2016). Notably, neither AOT nor resistance to

superstitious thinking tendencies predicted growth in the RCB

composite in this developmental sample.

It is important to note that the attribute framing did not fit the

one-factor model for the RCB construct. However, when attribute

framing was included in the RCB composite (see Supporting Informa-

tion), the pattern of findings was consistent. The correlations between

framing and other RCB tasks have been generally small to modest in

other studies (e.g., Bruine de Bruin et al., 2007; Stanovich et al., 2016).

Resistance to framing effects may not require cognitive decoupling

and override in the same degree as the other cognitive biases tasks in

the current study. Framing effects have been described as an example

of a focal bias that is the result of serial associative cognition

(Stanovich, 2009a), a shallower level of processing than required for

the other cognitive bias tasks. The degree to which cognitive

decoupling (conflict detection and override) is required varies across

cognitive bias tasks (Stanovich, 2018), which likely impacts associa-

tions and factor models of RCB tasks.

Finally, the RCB composite was moderately correlated with sub-

sequent self- and parent-reported academic achievement. This is a

novel contribution to show that RCB is also importantly related to

overall academic achievement. There is accumulating research

suggesting that judgment and decision-making performance is corre-

lated with naturalistic outcomes in adult samples (Bruine de Bruin

et al., 2007; Parker & Fischhoff, 2005; Toplak et al., 2017), but rela-

tively less work has examined such associations in developmental

samples. Overall, these findings are consistent with a growing litera-

ture showing how judgment and decision-making paradigms are corre-

lated with important developmental outcomes (Shoda et al., 1990;

Watts et al., 2018; Weller et al., 2012).

There are some limitations and several future directions that

follow from this work. Developing appropriate stimuli for children

and youth is challenging for studying these complex RCB paradigms.

Even within the adult literature, where cognitive abilities are well-

developed and many knowledge structures have been acquired,

there are still multiple junctures that can result in cognitive failures

on these problems (Pennycook, Fugelsang, & Koehler, 2015;

Stanovich, 2018; Stanovich & West, 2008; Stanovich et al., 2016). A

focus on tasks requiring resistance to miserly processing was a

strength of this developmental study which spanned the ages from

8 to 20 years, but understanding the development of the efficiency

of resisting miserly processing with the addition of knowledge con-

siderations remains an important area of study. There is also consid-

erable room for developing the psychometric stability of our RCB

measure, including having a larger set of items and a broader range

of difficulty. We have somewhat limited information on the demo-

graphic characteristics of our sample, but it would be characterized

as a high SES sample. Furthermore, participants who continued from

the first to second timepoint had higher intelligence scores than

those who dropped out after the first timepoint. We may have had

a relatively homogenous sample with respect to SES and general

cognitive functioning. Future studies should recruit larger and more

diverse samples with greater variability in SES, such as Parker and

Fischhoff (2005). This will be important for generalizability of these

findings. Another limitation is that participant attrition was associ-

ated with the level of the RCB composite at the first measurement

occasion. This effect may have led to higher mean RCB scores at

older ages and may have caused the trajectory slope from age 8 to

15 to be steeper than it would have been without participant

dropout.

There is a long history of emphasizing critical thinking and

judgment in education (Ennis, 1989; Halpern, 1993, 1998;

Kuhn, 2005), but to properly inform these efforts, developmental

models and empirical studies are needed to better understand the

emergence of these competencies. Our work contributes to

operationalizing and measuring performance on tasks that require a

resistance to miserly information processing in a developmental

sample, which will inform efforts to support and teach these abili-

ties in youth.

To our knowledge, this is the first study to examine developmen-

tal trajectories of RCB. Given the complexities of designing stimuli to

assess cognitive biases that are suitable for developmental samples

and that take into account the processes and knowledge required for

successful performance, this study provided a much-needed longitudi-

nal dataset that includes a broad set of tasks and samples a broad age

range spanning 8 to 20 years of age. The findings of this study dem-

onstrate considerable growth in RCB performance from age 8 to

15 years, which were predicted by cognitive abilities, AOT, and resis-

tance to superstitious thinking. These findings contribute to a growing

body of research demonstrating not only age-related growth but also

individual differences throughout this span of development. RCB was

importantly correlated with parent and self-reported academic

achievement in this study, demonstrating its relevance and associa-

tions with real-world outcomes. The findings of this study reinforce

that an RCB constructs is measurable and meaningful for assessing

judgment and decision-making performance in developmental

samples.
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