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Abstract

Recent studies suggest that learners who are asked to predict the outcome of an event learn more
than learners who are asked to evaluate it retrospectively or not at all. One possible explanation for
this “prediction boost” is that it helps learners engage metacognitive reasoning skills that may not
be spontaneously leveraged, especially for individuals with still-developing executive functions. In this
paper, we combined multiple analytic approaches to investigate the potential role of executive functions
in elementary school-aged children’s science learning. We performed an experiment that investigates
children’s science learning during a water displacement task where a “prediction boost” had previ-
ously been observed—children either made an explicit prediction or evaluated an event post hoc (i.e.,
postdiction). We then considered the relation of executive function measures and learning, which were
collected following the main experiment. Via mixed effects regression models, we found that stronger
executive function skills (i.e., stronger inhibition and switching scores) were associated with higher
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accuracy in Postdiction but not in the Prediction Condition. Using a theory-based Bayesian model,
we simulated children’s individual performance on the learning task (capturing “belief flexibility”),
and compared this “flexibility” to the other measures to understand the relationship between belief
revision, executive function, and prediction. Children in the Prediction Condition showed near-ceiling
“belief flexibility” scores, which were significantly higher than among children in the Postdiction Con-
dition. We also found a significant correlation between children’s executive function measures to our
“belief flexibility” parameter, but only for children in the Postdiction Condition. These results indicate
that when children provided responses post hoc, they may have required stronger executive function
capacities to navigate the learning task. Additionally, these results suggest that the “prediction boost”
in children’s science learning could be explained by increased metacognitive flexibility in the belief
revision process.

Keywords: Prediction boost; Science learning; Executive function; Metacognitive reasoning; Cognitive
flexibility; Water displacement; Bayesian model

1. Introduction

Theory-based computational models of learning have helped to explain how even very
young children are able to rapidly construct intuitive theories that underlie human infer-
ences (Bonawitz, Ullman, Bridgers, Gopnik, & Tenenbaum, 2019; Gopnik & Wellman, 2012;
Tenenbaum, Kemp, Griffiths, & Goodman, 2011; Tenenbaum, Griffiths, & Kemp, 2006). It
has been argued that the mechanisms supporting intuitive theory building in childhood and
the mechanisms supporting theory building in science are strongly overlapping (e.g., Gopnik
& Wellman 1994). However, a large literature demonstrating that children and adults struggle
with scientific reasoning (e.g., see Klahr, Fey, & Dunbar, 1993; Kuhn, 1989) raises questions
of how the more-intuitive and the more-explicit theory-building skills diverge.

A key point of divergence is that theory building in science likely depends on explicit,
metacognitive reasoning abilities, which are linked to executive function capacities (Mason
& Zaccoletti, 2021; Vosniadou & Ioannides, 1998; Vosniadou, Pnevmatikos, & Makris,
2018). Executive function and metacognitive reasoning are interrelated higher-order cogni-
tive processes that develop steadily in early childhood (Roebers, 2017): executive function
broadly describes the regulation of one’s behaviors (and potentially precede metacognitive
monitoring), whereas metacognition describes the control and monitoring of one’s cognitive
processes and strategies. How do young children navigate the difficult task of building
and revising beliefs, despite still developing metacognitive reasoning skills and executive
function capacities?

Recent literature highlights specific strategies such as prompting learners to predict
events prior to observing their outcomes that may help engage metacognitive skills and
offload executive function demands by promoting the use of generative strategies (see Brod
(2021a) for review). Here, we combine computational models and empirical data to inves-
tigate how prompting learners to employ metacognitive strategies—specifically via making
predictions—interacts with executive functions during belief revision in the early elementary
school years.
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Consider a scenario where there are two identical containers holding equal amounts of
water, with a large styrofoam ball and a small metal ball placed next to each container.
If someone were to press the balls to the bottom of their respective containers with equal
amounts of force, which ball would displace the most water? For this problem, we can lever-
age our intuitions, our past experiences, and our perceptions of the features of the event to
make a prediction. In doing so, we might recognize points of uncertainty, consider other
potential outcomes, and become more sensitive to outcomes that conflict with our predictions.

Some combination of metacognitive features may be deployed in contexts of belief revi-
sion, and this deployment could explain why making predictions can enhance our learning,
especially in children with misconceptions about scientific principles. Indeed, contemporary
work has argued for the epistemic boons of making predictions (e.g., Brod, 2021b; Brod,
Greve, Jolles, Theobald, & Galeano-Keiner, 2022; Miller, Lasry, Chu, & Mazur, 2013;
Seabrooke et al., 2019). Specifically, research suggests that making a prediction can boost
the learning of information (Brod et al., 2022; Champagne, Klopfer, & Gunstone, 1982;
Crouch, Fagen, Callan, & Mazur, 2004; Inagaki & Hatano, 1977; for an overview, see
Brod, 2021b).

In the current work, we investigate the possible mechanisms that drive this “prediction
boost” in children’s belief revision in science learning. There are several possible comple-
mentary explanations for this boost. Making an explicit prediction may help learners notice
errors in their reasoning (when said predictions are revealed to be in conflict with evidence).
Surprise is one possible learning mechanism that is triggered when errors are made salient.
In an experiment exploring this prediction boost by Theobald and Brod (2021), the authors
found that “surprise” (as measured via pupil dilation) may have a facilitative role in chil-
dren’s belief revision of their misconceptions following the act of (explicitly) making a pre-
diction. Subsequent computational modeling analyses by Colantonio, Bascandziev, Theobald,
Brod, & Bonawitz (2023) have also simulated this experiment and extended this theory. They
suggested that when children make predictions, the subsequent pupillary surprise responses
may be linked to a form of surprise measured as Kullback—Leibler divergence. This surprise
response suggests that prediction might help children to (implicitly) attend to their beliefs and
reconcile them with their observations.

Metacognition and executive functions are additional possible cognitive mechanisms linked
to error detection and belief revision. Here, we consider whether metacognitive and executive
function capacities may have a role in driving the prediction boost. Specifically, we hypoth-
esize that making an explicit prediction might support cognitive mechanisms (such as error
detection and cognitive flexibility) needed for belief revision. If so, this would be partic-
ularly useful for children who would typically struggle with spontaneously bringing these
mechanisms to bear in these learning tasks. That is, without the scaffold of an explicit predic-
tion, children with more-developed metacognitive and executive function abilities may show
greater success at belief revision as compared to those with less-developed abilities.

We approach the question of how belief revision, prediction, and executive function relate
from a computational cognitive perspective. That is, we take a multianalytical approach
that includes behavioral experimentation and theory-based Bayesian models. Our goal is to
explain how the prediction boost supports learning, by identifying the additional mechanisms
related to executive function and metacognition in early childhood.
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1.1. Belief revision, executive function, and predictions

Revising one’s beliefs is often complex and difficult. First, it involves the (implicit)
construction and assessment of intuitive belief models of the world. This is then followed
by a comparison of these models and their expectations against events that actually occur
in the real world. After said comparison, a learner must then inhibit prior beliefs that are
not supported by the events experienced and flexibly update to ones best supported by the
evidence. Although children can revise beliefs in light of the evidence in approximately
Bayesian ways in intuitive domains (Bonawitz, Denison, Gopnik, & Griffiths, 2012; 2014;
Gopnik & Bonawitz, 2015; Schulz, Bonawitz, & Griffiths, 2007), spontaneously performing
such processes “optimally” may not be the norm for children in science learning tasks
(Richmond & Zachs, 2017; Stawarczyk, Bezdek, & Zacks, 2021). Indeed, belief revision in
science may be particularly difficult for children who struggle with metacognition and less
developed executive function skills that may be prerequisites (Chi, Slotta, & de Leeuw, 1994;
Crone, Zanolie, Van Leijenhorst, Westenberg, & Rombouts, 2008; Diamond, 2013; Fiske
& Holmboe, 2019; Luna, Garver, Urban, Lazar, & Sweeney, 2004; Munakata, Snyder, &
Chatham, 2012; Vosniadou 1994). Making an explicit prediction activates metacognitive pro-
cesses that are important for learning. If there is no such activation, then learning would more
heavily depend on other domain-general cognitive resources, such as executive functions.

Executive function is broadly defined across disciplines (Jurado & Rosselli, 2007; Martin
& Failows, 2010), and includes a collection of domain-general abilities such as updating
and monitoring of information, inhibition of behavior, and switching between mental sets or
models (Diamond, 2013; Lyons & Zelazo, 2011; Miyake et al., 2000; Miiller & Kerns, 2015).
Research suggests that the skills that express executive function are especially important
for current and future academic achievement (Best, Miller, & Naglieri, 2011; Blair, 2002;
Miiller, Liebermann, Frye, & Zelazo, 2008; Roebers, 2017). Executive function correlates
with the ability to learn certain science concepts (Bascandziev, Tardiff, Zaitchik, & Carey,
2018; Zaitchik, Igbal, & Carey, 2013), where lower executive function seems to weaken
the chances of successful learning and the ability to express learned concepts (Gropen,
Clark-Chiarelli, Hoisington, & Ehrlich, 2011; Johnson & Carey, 1998; Zaitchik & Solomon,
2008). In fact, recent work proposes that sufficient executive function may be required
for the successful learning of complex material, such as scientific concepts (e.g., Brod,
Breitwieser, Hasselhorn, & Bunge, 2020; Marcovitch & Zelazo, 2009; Zelazo, 2004). This
may be because, as executive function develops, children become better at handling more
complex rules or principles and can better leverage them when needed (Marcovitch & Zelazo,
2009; Zelazo, 2004). Therefore, it is vital to better understand the interplay between making
predictions and the reliance on executive functions during learning episodes.

Recent work suggests that generating explicit predictions regarding an outcome benefits
learning of expectancy-violating outcomes (Brod, Hasselhorn, & Bunge, 2018; 2022). As
described earlier, there are many potential cognitive mechanisms by which such a “predic-
tion boost” might be explained. Explicit predictions might increase the subjective value of
an observed outcome, resulting in a stronger prediction error response when expectations are
incorrect, subsequently increasing attention to the outcome (Brod et al., 2022). Predictions
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might help learners bring potential competing models to bear both prior to, and subsequent
to, observed outcomes, enhancing surprise that is linked to belief updating (Colantonio et al.,
2023; see also Rutar et al., 2023). Such accounts suggest that prediction may particularly
support learners who do not already spontaneously engage in active cognition during learn-
ing or metacognitive engagement—by helping the learner focus on potential alternatives to
currently held beliefs.

However, the “prediction boost” account supposes that learners have minimal sufficient
executive function capacities that allow them to inhibit past beliefs and flexibly switch
to alternatives. Research on belief revision suggests that the ability to successfully exert
cognitive control over prior beliefs may be required for learning (Baillargeon, Scott, &
He, 2010; Leslie & Polizzi, 1998; Perner & Lang, 2000; Powell & Carey, 2017). In fact,
other experiments find that prediction may only benefit children with sufficient executive
function capacities (Brod et al., 2020). For belief revision to occur, learners must first detect
conflicts between their current beliefs and new information. If conflicts occur, then learning
should also follow if a learner recognizes that their prior beliefs may be inaccurate; such
inaccurate beliefs must be “inhibited” and flexibly “switched” for an alternative that better
accommodates the observed data.

These explanations for, and constraints on the “prediction boost” are not in conflict.
Predicting may automatically activate metacognitive processes related to learning (e.g.,
conflict monitoring), thereby reducing demands on learners’ executive functions, which are
considered a prerequisite for effective metacognition and conflict resolution (Roebers, 2017).
Nevertheless, even learners who engage in predicting activities may still need a minimum,
sufficient degree of executive function capacities for belief revision to take place. Conversely,
if learners do not engage in learning activities that activate metacognitive processes related
to learning, their executive function skills are likely to play an even more important role
for their learning success. In the current work, we aim to better understand these potential
requisites for model-based learning by investigating children’s belief revision during a water
displacement task in relation to their executive function scores.

2. The current approach

Previous investigations of prediction from a computational perspective have utilized an
ideal Bayesian learning model (Colantonio, Bascandziev, Theobald, Brod, & Bonawitz, 2022;
2023) that find that making a prediction led to significantly better fits between children’s
responses and an “optimal” Bayesian model (as compared to children’s responses when
prompted to provide postdictions). This recent work highlights how carefully leveraging
Bayesian principles within computational models makes Bayesian learning models suitable
for “reverse engineering” the processes of numerous vital components of human learning via
belief revision. In particular, combining (mini-)microgenetic studies with Bayesian model-
ing techniques can allow us to account for individual differences in learning among children
while maintaining a simple computational framework.

One hypothesis for why making predictions led to more “Bayesian-like” learning in the
Prediction Condition is that making predictions might elicit model-based, top-down learning.
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That is, predicting may support learning by prompting learners to engage with their intuitive
models of the world. However, it is less clear what may be the cause of the weaker fits within
the Postdiction Condition. It could be the case that children in the Postdiction Condition
are simply less engaged or choosing to respond more randomly during the training phase.
However, we hypothesize that differences in model fits between conditions may have been
due to differences in key cognitive factors related to metacognition, with children in the
Postdiction Condition being less likely to spontaneously leverage their prior beliefs, inhibit
these beliefs when they were incorrect, and/or switch to new beliefs that better accommodate
the new information. If so, then we would predict that children’s behavior in the Postdic-
tion Condition would reflect more “stickiness” to their prior beliefs and less flexibility. In
contrast, children in the Prediction Condition who explicitly predict outcomes may be more
likely to engage their models in a feedforward way and bring their beliefs to immediate
attention.

Here, we take a two-pronged approach and aim to investigate how executive function
skills of inhibition and switching, prerequisites for applying metacognitive skills like conflict
monitoring and comparing prior beliefs to current ones, relate to belief revision. We model
data from an experiment (Theobald & Brod, 2021) that investigates elementary school (6-
to 9-year-old) children’s theories of water displacement. Children in this age group often
hold misconceptions about water displacement, typically claiming that water displacement
depends on the weight of an object or a combination of weight and size rather than on
its size only (Burbules & Linn, 1988). Our modified Bayesian model builds on previous
modeling work (the “Optimal Bayesian model” of Colantonio et al., 2022) that highlights the
importance of individual differences in prior beliefs during learning, and demonstrates the
impact of multiple, competing beliefs.

In what follows, we first analyze behavioral measures of two specific executive function
abilities—inhibition and switching—and investigate whether these two cognitive skills influ-
ence the process of belief revision. Second, we look at whether computational methods can
provide insight into the relationship between learning and executive function capacities (inhi-
bition and switching) (Diamond, 2012; Miyake & Friedman, 2012). We computationally
model the relationship among prediction, belief revision, and these executive function skills
with a modified Bayesian mixture model that moderates children’s prior beliefs and incoming
data. This computational step is key—as we aim to look into whether incorporating the execu-
tive function measure of inhibition into computational models of theory revision as additional
parameters may mediate learning.

3. Methods
3.1. Behavioral study
3.1.1. Participants

Ninety-four 6- to 9-year-old children (mean age = 8 years, 46% female) were randomly
assigned to one of two experimental conditions. Participants were visitors of a natural history
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museum in Germany. Each participant’s parent(s) provided written informed consent prior
to testing. Children were tested individually in a quiet room provided by the museum. In
the experiment, children were randomly assigned to one of two experimental conditions—a
Prediction (n = 48) or a Postdiction (n = 46) Condition.

3.1.2. Procedure

All participants in the behavioral study completed a Familiarization task, Pretest, Learning
Phase, Posttest, Transfer test, and Executive Function task. In the original behavioral experi-
ment, Theobald and Brod (2021) found a significant boost of learning for children who first
generated a prediction, with higher post-test scores, transfer scores, and larger performance
increase over belief-conflicting trials during training. In the current manuscript, we focus
on individual learning during the training trials, and their relationship to executive function
scores; the Posttest and Transfer test are not analyzed or discussed. However, full details
of these portions of the experiment and their results can be found in the manuscript of the
original experiment (Theobald & Brod, 2021), and the procedure of the primary experiment
(Pretest, Learning Phase, and Posttest) can be found in Fig. 1.

3.1.2.1. Familiarization task: Before the main experiment, children watched a short
introductory video clip that introduced the water displacement experiment. The clip showed
an experimenter demonstrating how water gets displaced by pressing a sphere underwater
with a rod. The experimenter stressed that the spheres were held underwater. This was care-
fully included to avoid the possibility of children evaluating objects in the study based on
theories of buoyancy instead of water displacement.

3.1.2.2. Pretest: Children completed eight trials where they were presented with
images of two spheres that varied in their size (small, medium, large), material density
(polystyrene/styrofoam, wood, lead), and weight (assumed as a product of the object’s rel-
ative size and material). This variance is essential to account for—as children frequently have
the misconception that water displacement depends on the weight of an object rather than on
its size (e.g., Burbules & Linn, 1988). On each trial, children stated which sphere they thought
would displace the most water when pressed into two identical containers. These judgments
were assessed using a 5-point scale that accounts for some level of certainty (e.g., 1 = cer-
tainly the left sphere, 2 = maybe the left sphere, 3 = equal amounts of water for both, 4 =
maybe the right sphere, 5 = certainly the right sphere).

Two trial types were utilized in the Pretest, Learning Phase, and Posttest. Six trials of the
Pretest were “incongruent” trials, where only correct knowledge of water displacement (that
the size of an object determines how much water it displaces) would guide children to the
correct response. In contrast, two trials of the Pretest were “congruent” trials, where correct
responses could still be made despite a child holding misconceptions about the principles of
water displacement (e.g., that heavier objects displace more water). Importantly, no feedback
regarding the trial’s outcome or accuracy was provided to children before, during, or after
each trial of the Pretest.
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Fig. 1. Procedure of the main experiment (Theobald & Brod, 2021). Children first completed eight trials (with
no feedback) to assess their prior knowledge of water displacement (top row, Pretest). Then, in the Learning
Phase (middle row), children were randomly assigned to one of two experimental conditions (between-subjects):
the Prediction or Postdiction Condition, and completed 34 trials with feedback. The critical difference between
conditions was the timing of children’s response (gray background) and the timing of related feedback (two-
sided arrow). Children in the Prediction Condition first provide a response before receiving feedback. In contrast,
children in the Postdiction Condition first saw the trial results, and then stated what their expectations were before
seeing the event. Here, the correct response for the trial example is noted by the “+4” symbol. The last portion of
the learning paradigm was the Posttest (bottom row), where children completed eight trials similar to those in the
Pretest, but the position of the stimuli were swapped (flipped horizontally).

3.1.2.3. Learning Phase: During the Learning Phase, children then completed 34 trials
similar to those in the Pretest. However, they now received feedback based on their assigned
condition, with feedback timing (“+ appearing under the correct response) varied between
conditions (see the middle row of Fig. 1 for the exact sequence and timing of each step within
a Learning Phase trial). Children in the Prediction Condition (n = 48) were asked to respond
before seeing the outcome, providing their predictions about which sphere displaced more
water. In contrast, the children in the Postdiction Condition (n = 46) first saw the results
of the presented trial, and then stated what their expectations would have been (prior to the
evidence). This experimental manipulation served to influence children’s engagement with
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Fig. 2. Overview of trial types for different phases of the Hearts & Flowers task.

the task. Measures within the original experiment (Theobald & Brod, 2021) suggest that
children were typically honest in their responses when providing post hoc evaluations. This
was revealed by analyzing Postdiction Condition children’s ability to differentiate between
their prior beliefs and the actual outcome of the trial. Here, children’s average accuracy on
individual learning phase trials in the Postdiction Condition was similar to the accuracy of
the Prediction Condition. This suggests that during the Learning phase, the children in the
Postdiction Condition could differentiate between their prior false belief and the correct
outcome, and responded “honestly.” For this manuscript, the dependent variables of interest
are children’s behavioral predictions during trial-by-trial during the learning phase.

3.1.2.4. Posttest: Following the Learning Phase, children completed eight trials in the
Posttest. These trials were nearly identical to the trials of the Pretest, but instead switched the
side that each of the spheres were presented (see Fig. 1, bottom row).

3.1.2.5. Executive Function task: In the original dataset, executive function capacities
were measured using the Hearts & Flowers task following the main water displacement
tasks (Fig. 2; Diamond, Barnett, Thomas, & Munro, 2007; Wright & Diamond, 2014). The
Hearts & Flowers task includes three trial blocks: congruent, incongruent, and mixed. All
blocks require sustained attention and maintenance of task rules in working memory. Before
the actual task, children were given instructions and practice trials prior to each block to
ensure that they understood the task. The exact task parameters (e.g., presentation times,
response times) were taken over from Brod, Bunge, and Shing (2017). Composite scores for
both executive function measures were calculated. Inhibition was calculated as the ratio of
reaction time to accuracy on congruent trials, divided by the ratio of reaction time to accuracy
on incongruent trials. Switching was similarly calculated as the ratio of reaction time to
accuracy on congruent trials, divided by the ratio of reaction time to accuracy on mixed
trials.
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4. Analysis approach
4.1. Behavioral analysis

We first explored the prediction boost, by testing whether children in the Prediction Condi-
tion would show a steeper increase in performance on incongruent trials over the course of the
experiment compared to children in the Postdiction Condition. We computed a mixed-effects
regression (trials clustered in children) to predict children’s accuracy (1 = correct response,
0 = incorrect response) in the water displacement task throughout the learning phase. That
is, the dependent variable “accuracy” took the value “1” if children made a correct prediction
(in the Prediction Condition) or reported that they would have made the correct prediction (in
the Postdiction Condition). As predictors, we included trial number (increasing number over
learning phase), trial type' (1 = incongruent with size rule trial, 0 = congruent with mass
theory trial), and condition (1 = Prediction Condition, 0 = Postdiction Condition), as well as
the respective interaction terms for all predictors.

Second, we explored the role of the executive function measures of inhibition and switching
for children’s performance in the learning phase. Again, we computed mixed-effects regres-
sions to predict children’s accuracy throughout the learning phase. As predictors, we included
executive functions (either inhibition or switching score), condition (Prediction vs. Postdic-
tion), and trial type (congruent vs. incongruent), as well as the respective interaction terms
for all predictors. This allowed us to test (1) whether executive functions were more impor-
tant in incongruent versus congruent trials (interaction with trial type), and (2) whether the
importance of executive functions differed between the Prediction and Postdiction Conditions
(interaction with condition). Note that we conducted the analyses separately, once using the
inhibition score as an indicator of executive function and once using the switching score as an
indicator of executive function. We centered the inhibition and switching scores at the grand-
mean. That is, positive values indicate a better inhibition or switching score compared to the
average score in the sample. Negative values indicate a poorer inhibition or switching score
compared to the average score in the sample.

The results of the Posttest are described in detail within the manuscript that the cur-
rent dataset was originally collected for (Theobald & Brod, 2021), finding that children in
both conditions improved from the Pretest to the Posttest, and approached ceiling perfor-
mance both in the entire sample (mean Pretest score = 4.13 of 8 trials, mean Posttest score
= 7.33 of 8 trials) and within each condition (Prediction Condition mean Pretest score =
3.88, mean Posttest score = 7.70; Postdiction Condition mean Pretest score = 4.41, mean
Posttest score = 6.93). For these reasons, we did not expect to find any role of execu-
tive function, alone, in moderating post-test performance. Indeed, we found no significant
interactions among executive function score (inhibition or switching), condition (Predic-
tion, Postdiction), and two possible outcome variables (Posttest score, change in perfor-
mance from Pretest to Posttest). See the Supplementary Materials for further details on
these analyses. Instead, we focus here on the learning as it unfolded trial-by-trial during the
training.
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4.2. Computational analysis

Here, as in previous work (Colantonio et al., 2022; 2023), we build individualized model
simulations of children’s performance on a water displacement task.> Specifically, we built
generative models of possible beliefs of water displacement (e.g., “volume” matters, “mate-
rial” matters, “weight” matters, or random responding). We then inferred the weights of
children’s prior beliefs about these water displacement “rules” given their responses on the
pretest, prior to feedback. After each child’s individual prior belief distributions were assessed
from the pretest responses, we developed a modified Bayesian mixture model that allowed for
a free parameter. The free parameter was fit to children’s responses during the Learning phase.
It provided a weight of the mixture of an ideal (“flexible””) Bayesian updating model and a
(“sticky””) model that used children’s initial priors (from the pretest phase) to predict choices.
By fitting this parameter for each child based on their response behavior during the Learning
phase, we were able to recover an individualized measure of “flexibility” for each child.

We take the “flexibility” parameter to reflect how strongly a child inhibits prior (potentially
incorrect) beliefs and/or flexibly updates their current beliefs in the face of incoming (poten-
tially conflicting) evidence. We perform this modeling with the goal of capturing differences
in how prediction and postdiction might drive learning. Our first question is whether there
are condition differences overall between individual children’s best fit “flexibility” parame-
ters. This allows us to explore ways in which prediction might bolster learning. Our second
question is how this flexibility parameter relates to children’s executive function scores by
condition—by comparing the (normalized) behavioral measures of children’s inhibition and
switching against the flexibility parameter.

5. Results
5.1. Behavioral results

We explored the “prediction boost” by first examining the contribution of condition to
trial-by-trial accuracy. Replicating the posttest and transfer test results reported in Theobald
and Brod (2021), we found that children in the Prediction Condition (relative to children
in the Postdiction Condition) made more accurate responses over the course of the learning
phase, particularly on incongruent trials (qualified by a significant three-way interaction
between trial number, trial type, and condition: standardized 8 = 0.21, 95% [0.13, 0.29],
p < .001, see Supplementary Materials,® Table S1 for detailed results of the full regression
model). Looking at similar analyses but within conditions, children in the Prediction Con-
dition became more accurate on trials that were incongruent with the size theory (8 = 0.18,
95% [0.12, 0.24], p < .001, see Fig. 3). Children in the Postdiction Condition did not show
significant improvements in accuracy over the course of the learning phase (8 = —0.06, 95%
[—0.11, 0.00], p = .057). This is particularly striking given that the children in the Postdiction
Condition were able to see the results of the trials before they reported what they would have
predicted. This suggests that, as intended, children in the Postdiction Condition were honestly
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Fig. 3. Accuracy (y-axis) on trials throughout the Learning Phase. The top panel displays all trials, within con-
dition, with a red dashed line at the average accuracy on Trial 1 for the full sample of participants (76%). The
bottom panel displays trials by trial type—congruent or incongruent. Children in the Prediction Condition (left
side of the plot) showed a significant increase in accuracy in incongruent trials (solid line, solid points) compared
to congruent trials (dotted line, hollow points) over the course of the learning phase. This trend was absent in the
Postdiction Condition (right side of the plot). Individual data points (1 = correct, 0 = incorrect) are plotted for
each trial, shifted vertically for clarity.
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reporting expected outcomes rather than reporting what they had just seen. In summary, these
findings suggest that generating predictions helped children revise their incorrect beliefs
about water displacement belief revision compared to generating postdictions.

Second, we explored the role of executive functions, inhibition and switching, on accuracy
by condition. In a first model, we tested inhibition as a predictor of accuracy in the water
displacement task throughout the learning phase. We found a significant interaction between
inhibition and trial type, meaning that children with better inhibition scores were more likely
to answer an incongruent trial correctly (8 = 0.19, 95% [0.14, 0.25], p < .001). However,
this interaction was only found for children in the Postdiction Condition and not for children
in the Prediction Condition (qualified by a significant three-way interaction between inhibi-
tion, trial type, and condition: standardized g = —0.20, 95% [—0.27, —0.13], p < .001, see
Supplementary Materials, Table S2 for full regression model). In other words, better inhibi-
tion was related to higher accuracy in the Postdiction Condition (8 = 0.15, 95% [0.11, 0.20],
p < .001), but not in the Prediction Condition (8 = <0.01, 95% [—0.05, 0.04], p = .760) (see
top panel of Fig. 4).

In a second model, we tested switching as a predictor of accuracy in the water displacement
task throughout the learning phase. Similar to the results reported for inhibition, we found a
significant interaction between switching and trial type meaning that children with better
switching scores were more likely to answer an incongruent trial correctly (8 = 0.15, 95%
[0.11, 0.19], p < .001). This interaction was again only found for children in the Postdiction
Condition and not for children in the Prediction Condition (qualified by a significant three-
way interaction between switching, trial type, and condition: standardized g = —0.15, 95%
[—0.21, —0.08], p < .001, see Supplementary Materials, Table S3 for full regression model).
In other words, like inhibition, better switching scores were related to higher accuracy in
the Postdiction Condition (8 = 0.14, 95% [0.10, 0.19], p < .001), but not in the Prediction
Condition (8 = < 0.01, 95% [—0.04, 0.05], p = .815) (see bottom panel of Fig. 4).

Finally, we repeated the analyses reported above excluding 19 children who already held
the correct “size theory” on the pretest. In short, the results were similar when these children
were excluded and led to the same conclusions. Thus, the results were robust to excluding
children who did not have a misconception (see Children’s Prior Beliefs and Executive Func-
tion Supplementary Materials).

Overall, these behavioral results suggest that as a group, children in the Prediction Condi-
tion were likely learning at “ceiling” performance. In contrast, children with higher executive
function scores of inhibition and switching learned better than children with lower scores in
the Postdiction Condition. This suggests that prompts to generate predictions might “equal-
ize” children’s learning rates who would otherwise diverge by executive function abilities.
There remain a few open questions from this analysis. For example, the coding approach in
behavioral analysis is relatively coarsely grained in three ways. First, trials are coded as sim-
ply congruent or incongruent. Second, these trials do not take into account the child’s indi-
vidual set of beliefs at the moment of observation. Third, the trials are defined as incongruent
only in terms of the “Size Rule” of water displacement. The computational approach that fol-
lows allows for probabilistic coding of trials, takes into account individual children’s evolving
beliefs, and includes a broader range of causal models, thus providing a finer-grained analysis.
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Fig. 4. Average accuracy (y-axis) in incongruent and congruent trials depending on children’s inhibition scores
(upper panel) and switching scores (lower panel) by condition. Children in the Postdiction Condition (right panel)
showed a higher accuracy in incongruent trials (solid line, solid points) compared to congruent trials (dotted
line, hollow points) with increasing inhibition scores and switching scores. This trend was absent in the Prediction
Condition (left panel). Individual data points (1 = correct, 0 = incorrect) are plotted for each trial, shifted vertically
for clarity.
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Additionally, it is unclear from the above analysis what properties of prediction might be
supporting children’s learning. One possibility is that children are simply more distracted in
the Postdiction Condition—not engaging with the trials as deeply and answering somewhat
randomly. Another possibility is that prediction helps children flexibly integrate new evidence
with their prior beliefs. A computational model that captures this flexibility, trial-by-trial may
help shed light on whether children in the Prediction Condition do indeed show greater flex-
ibility in learning by learning in a Bayesian “optimal” way. Finally, by relating this com-
puted learning flexibility to children’s (independently assessed) executive function scores, we
can better understand whether the role of executive function in predicting children’s learning
might be to encourage flexible, Bayesian updating.

5.2. Modeling results

Our first goal was to explore whether children in the Prediction Condition were better fit
by higher flexibility scores, as compared to children in the Postdiction Condition. The fit
“flexibility” parameter varied the degree to which the model leaned on Bayesian updating
versus a “sticky” model that predicted outcomes according to the child’s initial beliefs from
the pretest phase. This flexibility parameter was fit to each child at the individual level, cap-
turing children’s trial-by-trial behavior (see Appendix A for model specifications). Intuitively,
as “flexibility” increases, then this parameter will cause the model to converge onto the same
prior as an ideal Bayesian learner and “correctly” update beliefs. However, if flexibility is
instead low, more weight will instead be given to an older, potentially incorrect prior belief.

An analysis comparing the optimally fit flexibility parameter scores for children between
experimental conditions revealed significantly higher scores in the Prediction Condition
(mean flexibility factor = 0.88) as compared to the Postdiction Condition (mean = 0.69; #(92)
=2.92, p < .01; see Fig. 5). This result suggests that the “prediction boost” observed in these
tasks may be linked at least in part to behavior that is not only more “optimal” as character-
ized by Bayesian updating, but that is distinguished from postdiction scores by encouraging
“flexibility.”

Second, we looked at correlations between children’s optimally fit “flexibility” factor and
the normalized inhibition and switching scores (see Fig. 6 for the optimally fit flexibility fac-
tors and children’s individual inhibition and switching scores). Here, looking at the full sam-
ple, the best-fitting flexibility factor correlated significantly with children’s switching scores
from the Hearts & Flowers task (#(92) = .25, p < .05), but not with their inhibition scores
(r(92) = .139, p = .17). These results critically depend on condition. Specifically, for children
in the Prediction Condition, the flexibility factor did not correlate significantly with either the
inhibition (r(46) = —.03, p = .83) or switching scores (r(46) = .03, p = .83). However, within
the Postdiction Condition, the best-fit flexibility factor had a significant positive correlation
with both children’s inhibition (r(44) = .36, p < .05) and switching (r(44) = .41, p < .01).
Between conditions, the flexibility parameter correlated significantly higher for children in
the Postdiction Condition than the Prediction Condition for both children’s inhibition (z =
1.914, p < .05) and switching scores (z = 1.908, p < .05). Within the Postdiction Condition,
there were no significant differences for the inhibition and switching score correlations to the
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Fig. 5. Children’s optimally fit “flexibility” parameter (plotted along the x-axis) for each condition (y-axis). We
find that the optimally-fit flexibility scores were significantly higher in the Prediction Condition (mean = 0.88)
compared to the Postdiction Condition (mean = 0.69).

flexibility parameter (z = 0.27, p = .79), suggesting both executive function capacities may
be equally related to the flexibility of children’s learning.

These relations between executive function and the best-fit flexibility parameter remain
even when controlling for age via partial correlation. When controlling for age, flexibility
did not correlate significantly with either the inhibition (r(46) = —.02, p = .84) or switching
scores (r(46) = .03, p = .78) of children in the Prediction Condition, but did significantly
correlate for the Postdiction children’s inhibition (r(44) = .40, p < .01) and switching (7(44)
= 42, p < .01). Between conditions, after controlling for age, the flexibility parameter
correlated significantly higher for children in the Postdiction Condition than the Prediction
Condition for both children’s inhibition (z = 2.08, p = .038) and switching scores (z = 1.96,
p = .05). Altogether, this set of results suggests that in the Postdiction Condition, children
with higher executive function capacities are more likely to flexibly revise their beliefs (in an
“optimal” Bayesian sense).

6. Discussion

We investigated the relations among metacognitive reasoning, executive function skills,
and the process of belief revision in younger children by taking a two-pronged approach. We
presented an experiment that investigated children’s learning of a scientific concept, namely
water displacement. First, we provided a novel investigation of the relationship between
executive functions (inhibition and switching) and children’s learning performance during
the feedback phase of the main study. Mixed-effects regressions indicated that children’s
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Fig. 6. Children’s optimally fit “flexibility” parameter is plotted along the y-axis, and their normalized executive
function scores are plotted along the x-axis (inhibition in the left column, switching in the right column). Between
conditions, we find stronger correlations in the Postdiction Condition between this best-fitting parameter and the
measures of executive function, inhibition and switching, during the Hearts & Flowers task.

accuracy improved over time in the Prediction Condition (compared to the Postdiction
Condition). Furthermore, there were significant interactions between experimental condition
and both of the children’s measured executive function skills, inhibition and switching.
Higher inhibition and switching scores were associated with better performance on learning
trials in the Postdiction Condition, but not the Prediction Condition. These results from the
behavioral analyses suggest that being prompted to make a prediction may have “equalized”
children’s learning capabilities despite possible individual differences in executive function
skill, compared to contexts where children are providing responses post hoc and may require
stronger metacognitive capacities to navigate the learning task.

The second part of our approach explored whether flexibility in belief revision can be cap-
tured computationally. We looked to better understand why prediction might bolster learning
by designing a novel model of belief revision. The “flexibility” parameter was found by fitting
individual children’s behavior to a Bayesian mixture model, with the free parameter varying
the degree to which the learner’s responses were more Bayesian or were more “sticky” to the
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individual’s prior beliefs (computed from pretest responses). We then compared independent
measures of children’s inhibition and switching against this optimally fit “belief flexibility”
parameter to better describe differences in response modalities. We found that children in
the Prediction Condition had significantly higher flexibility scores compared to children in
the Postdiction Condition—suggesting that the “prediction boost” may encourage “flexible,”
Bayesian-like learning. We also found that this best-fitting parameter for how “flexible” chil-
dren’s beliefs were correlated significantly with both executive function measures, but only
for children in the Postdiction Condition. This suggests that the reason for poorer learning by
children in Postdiction Conditions is due to remaining “stuck” with prior beliefs (rather than
simply not attending to the task and responding randomly). Further, it suggests that the ability
to flexibly update beliefs may be bolstered by the act of making predictions—and that if not
making predictions, then only children with more developed executive function capabilities
are likely to learn in an “optimal” Bayesian sense.

6.1. Bridging complementary frameworks—Predictive processing and constructivism

Multiple lines of research suggest that humans create, use, and revise intuitive models
to understand their experiences (e.g., Gopnik & Bonawitz, 2015). Two distinct accounts of
learning—predictive processing in neuroscience (Butz, Achimova, Bilkey, & Knott, 2021;
Clark, 2013; 2015; Friston & Kiebel, 2009; Hohwy, 2013; Howhy et al., 2021) and rational
constructivist belief revision (e.g., see Xu, 2019)—have been developed to explain this learn-
ing. Predictive processing focuses on “automatic,” lower-level perceptual processing (Clark,
2013; Friston, 2003; Friston et al., 2017), while belief revision considers explicit higher-level
processes (e.g., reasoning and problem-solving; Griffiths, Chater, Kemp, Perfors, & Tenen-
baum, 2010; Perfors, Tenenbaum, Griffiths, & Xu, 2011; Xu, 2019). While these frameworks
have distinct characteristics, embracing their similarities can benefit our theories of cognitive
mechanisms. For example, research suggests that both frameworks behave like “Bayesian
inference engines” (Clark, 2013; Colantonio et al., 2022; 2023; Gopnik & Bonawitz, 2015;
Griffiths & Tenenbaum, 2009; Hohwy, 2012; Kemp, Tenenbaum, Niyogi, & Griffiths, 2010;
Raichle, 2006; Raichle & Gusnard, 2005; Schulz et al., 2007; Smith, Schwartenbeck, Parr, &
Friston, 2020)—as demonstrated by the models of the current investigation. We have explored
a feature of predictive processing (the strategy of explicitly generating a prediction) to under-
stand its relationship to learning. We leveraged constructivist theories to inform how our
models evolved over time given new evidence and children’s prior beliefs. The empirical
models developed here have linked these two frameworks and informed our understanding of
children’s belief revision.

6.2. Learning and inference in postdiction contexts

While there is great emphasis on the importance of prediction throughout this study,
attention to nonpredicting contexts is needed to better understand how contrasts in these
different contexts can inform our understanding of learning. For example, it is possible
that the instructions provided to children in the Postdiction Condition (to “state what their
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expectation would have been prior to the evidence”) could have affected their responses and
belief revision. One way that children in the Postdiction condition may have interpreted this
prompt was that they have to respond based only on what their expectations would have
been before learning anything at all about water displacement during the study. If children
in the Postdiction Condition were responding in this way, then responses may have reflected
a lack of learning, only drawing on insights from the initial beliefs. However, two pieces
of evidence allow us to rule out this possibility. First, while the original article’s authors
(Theobald & Brod, 2021) note that the Prediction Condition had stronger learning gains, both
conditions did improve in their understanding of water displacement from Pretest to Posttest.
This highlights that children did show signs of learning within the Postdiction Condition;
however, we still need to confirm whether they continuously incorporated evidence accu-
mulated trial-by-trial. Here, we extended previous computational investigations (Colantonio
et al., 2022) and performed a post hoc model analysis within the Postdiction Condition
(detailed in Supplementary Materials,* “Children’s Prior Beliefs and Executive Function”).
We compared two competing models’ ability to simulate the trial-by-trial responses during
the Learning Phase: an Ideal Bayesian Learning Model that accounts for both children’s prior
beliefs and evidence over time, and a “Sticky-priors” model that stubbornly retains its original
interpretations from the beginning of the experiment despite being presented evidence. Here,
children’s behavior in the Postdiction Condition was captured significantly better by the Ideal
Bayesian Learning model. Therefore, the results of the past behavioral investigation and the
current model analysis allow us to rule out that children making post hoc evaluations did
limit their responding to only their initial conceptions of water displacement. Instead, while
the children in the Postdiction condition did not learn “as well” as their predicting peers,
these children making postdictions still updated their beliefs about water displacement.
Another alternative explanation for why there may exist higher, significant correlations
between executive function and children’s flexibility scores in the Postdiction Condition
(compared to the Prediction Condition) is that children in the Postdiction Condition with
higher executive function scores may have already held more advanced beliefs about the
principles of water displacement. If true, then these children responding post hoc may have
performed as well as their “predicting” peers despite the manipulation (to state what their
expectations would have been prior to the evidence), which would penalize children with
stronger misconceptions and/or weaker executive function capacities. In order to test this
alternative hypothesis—that children with higher executive function scores were more likely
to have more advanced initial explanations of the water displacement task—we performed
additional analyses (detailed in Supplementary Materials, “Children’s Prior Beliefs and Exec-
utive Function”). Again, we took a two-pronged approach and looked at the intersection of the
Pretest responses, the experimental conditions (Prediction or Postdiction), and the executive
function skills measured (inhibition and switching). Here, findings related to the Pretest do
not support this alternative hypothesis: there were no significant relations between children’s
prior knowledge (measured via their accuracy on the Pretest, and based on model classifica-
tions of their prior beliefs) and their executive function scores (inhibition and switching).
Finally, a third possibility is that children in the Postdiction Condition experienced greater
cognitive load as a result of the mental activities required to carry out postdictive responses,
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as compared to children in the Prediction Condition. For example, to make a postdiction, chil-
dren had to mentally remember their beliefs prior to the evidence and hold this self-reflective
belief state in mind (despite the potential contrast with beliefs that would have been updated
having just observed the evidence). This cognitive load in the Postdiction Condition may
have interrupted the process of learning (potentially explaining away our claim that predic-
tion boosted learning). The idea that postdiction children were under greater cognitive load
predicts that children with greater executive function abilities would be able to better manage
such load to support learning—also consistent with our findings.

We do not believe the postdiction load account is fundamentally at odds with our claims:
prediction may boost learning, while postdiction might simultaneously hinder. However, it
does suggest that future work would be needed to state conclusively whether prediction is
solely providing a “boost” to learning, or whether it is simply that postdictions are taxing it.
Although a baseline measure (that does not require children to make postdictions or predic-
tions) would help tease apart these accounts, such an approach would not allow us to measure
learning as it is unfolding (as the act of predicting/postdicting is required to measure learning
in these tasks).

One way to provide clarification for the idea that postdiction is causing a “taxation” to
learning is by further differentiating two different types of cognitive load (see, e.g., Sweller,
van Merriénboer, & Paas, 2019). Germane cognitive load is the kind of *“active learning”
work that serves successful memory encoding. In contrast, extraneous cognitive load involves
other kinds of mental activity that do not serve memory and encoding. The claim that a learn-
ing activity such as prediction versus postdiction is better than another one depends on how
much germane cognitive load the activity induces relative to the extraneous cognitive load
they induce. The open question raised by these results is whether the different and additional
metacognitive and cognitive processes in the Postdiction Condition fall under germane or
extraneous cognitive load. The processes of reflecting on one’s prior beliefs and then hold-
ing them in contrast to evidence probably qualify as germane cognitive load; if anything,
we would expect these processes would further bolster learning in Postdiction Conditions.
Indeed, in recent work, Theobald, Colantonio, Bascandziev, Bonawitz, & Brod (2024) find
that reflection prompts bolster conflict monitoring and learning on these tasks. In contrast,
the cognitive load of holding additional conflicting content in mind as potentially required in
Postdiction Conditions might additionally include extraneous cognitive load. Although it is
challenging to say what the precise processes are at work in our tasks, future work could help
to tease apart the mechanisms responsible for different learning outcomes.

6.3. Limitations and future work

This line of research looks to investigate individual differences in belief revision as affected
by executive function capabilities with a two-pronged analytic approach. However, there is
care needed in interpreting any future results given the sometimes fuzzy definitions of execu-
tive function. Additionally, there are several avenues that warrant future investigations.

First, special care should be taken when interpreting the proposed implementations, as
executive function only subsumes inhibition and switching in our investigations. This is
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mainly due to ambiguity over what specific aspects of executive function matter most for
belief revision. Furthermore, the Hearts & Flowers Task measures collected for our studies
only encompass inhibition and switching. There is a multitude of other capacities related to
executive function and a number of assessments are utilized to measure them (for nonex-
haustive lists, see Faria, Alves, & Charchat-Fichman, 2015; Nyongesa et al., 2019; Zelazo &
Miiller, 2011), further complicated by a lack of a unified definition. We suggest that future
work should look to further our understanding of how the broader collection of executive
function skills are linked.

Second, further attention is needed regarding the Hearts & Flower task—both for this spe-
cific subject pool and broadly in research. In the currently modeled dataset (collected during,
but not discussed in the experiment of Theobald & Brod, 2021), children in both conditions
answered a majority of the trials correctly during the Hearts & Flowers Task. To address this
concern, we calculated composite inhibition and switching scores to identify individual dif-
ferences in executive function capacities that account for both accuracy and reaction time.
Doing so allowed us to find variability in children’s executive function capacities.

The positive correlation between inhibitory control and switching as predictor variables
and conceptual development as an outcome variable has been documented in several prior
studies across several different domains (Bascandziev et al., 2016; Bascandziev et al., 2018;
Tardiff et al., 2020; Vosniadou et al., 2018; Young & Shtulman, 2020; Zaitchik et al., 2013).
Most prior studies did not differentiate between inhibitory control and switching, but they
investigated the effects of composite variables that combined the measures of each construct.
This treatment of inhibitory control and switching as a composite is consistent with research
showing that the two components of executive function develop alongside one another, and
they sometimes cannot be separated in early childhood (Lee, Bull & Ho, 2013; van der Ven
et al., 2013). The findings of the present study are consistent with this view. We found a
significant correlation between the two measures,” and we found that each measure on its own
is predictive of children’s ability to flexibly update their beliefs in the Postdiction Condition.
These findings indeed suggest that there is an important overlap between inhibitory control
and switching in early childhood and that both inhibitory control and switching are implicated
in the process of belief revision.

We can also reason about the relative benefits of explicit versus implicit prediction. On one
hand, implicit predictions tend to be fast and “automatic,” as described by predictive pro-
cessing literature (Bar, 2007; Friston, 2010; Henson & Gagnepain, 2010; Kwisthout, Bekker-
ing, & Van Rooij, 2017). However, despite this quicker and potentially less costly process,
recent research on explicit versus implicit prediction suggests that explicit prediction can
enhance learning and memory of expectancy-violating information (Brod et al., 2022). This
is suggested to stem from its declarative nature—with higher cognitive effort and engage-
ment needed for explicit predictions (Brod, 2021b). This conscious engagement with learn-
ing material and prior beliefs may heighten the saliency of conflicting evidence (e.g., induc-
ing a “surprise” response; Brod et al., 2018; Colantonio et al., 2023; Theobald & Brod,
2021) or increase the subjective value of the conflicting information (Brod & Breitwieser,
2019). This may then prompt a learner to better encode the new information when updat-
ing their views of the world. Thus, further research is needed on the different effects that
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follow from either consciously making a prediction compared or only “implicitly” making
inferences.

Our results from the incorporation of executive function into our computational models
have implications across many disciplines, particularly in education and science learning.
For example, empirical work finds that teachers often believe that executive function skills
may be a strong way to measure school readiness—sometimes even over actual academic
skills—as early as kindergarten (Blair & Diamond, 2008; Lewit & Baker, 1995; Raver, 2002).
Understanding the role of executive functions is vital for improving theory and application
across disciplines, as individual differences in preschoolers’ inhibition skills are implied to
explain variance in later academic achievement (Blair & Razza, 2007; Espy et al., 2004).
Given our results, we also highlight the importance of designing scalable interventions that
can aid children’s learning while their executive function skills continue to develop. While
previous studies on explicit executive function training (such as via computer activities (Dia-
mond, 2012) or mindfulness training (Schonert-Reichl et al., 2015)) have begun to reveal that
the development of executive function capacities is malleable and responsive to intervention,
instructional practices that center on training children to utilize generative learning strategies
(like prediction) may be targets for future research as well. Effectively promoting strategies
that prompt children to actively engage with both the learning materials and their mental
models of the world may thus equalize some aspects of learning, even for children with less
developed executive function capacities.

6.4. Conclusion

We looked to better understand how young children revise scientific beliefs. We hypoth-
esized that prediction may operate as a learning strategy to prepare children to use metacog-
nitive reasoning processes that may not otherwise be spontaneously engaged when executive
function skills are still developing. Our results suggest that prediction may be a powerful
tool for young learners to leverage prior knowledge of the world and engage in flexible
belief revision. Otherwise, when children are not making predictions, individual differences
in executive function capacities may play a larger role in determining which children suc-
cessfully revise their beliefs. Altogether, our two-pronged approach suggests that deploying
prediction as a learning strategy should be explored in educational settings. We hope this
account of the prediction boost holds water and that alternatives may now be displaced.

Notes

1 Note that “incongruent” captures an overall approach of labeling trials according to
whether the result is consistent with a “Mass rule,” following the approach used in
Theobald and Brod (2021). These trials may not have been incongruent to children with
other beliefs, and are not specified for individual children’s beliefs at that stage of the
trial. This provides a coarse measure of trial type. The computational analysis that fol-
lows allows for finer-grained inspection of trial by individual learner factors.
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2 The modeled data, source code of each modeling component, and related anal-
ysis scripts are freely available at https://osf.io/pt275/?view_only=26fbac99cbc140e
4950ef83064221831. See Appendix A for additional details of the modeling approach.

3 Supplementary Materials related to the results of all regression models can be found via
OSF: https://osf.io/pt275/?view_only=26fbac99cbc140e4950ef83064221831.

4 These Supplementary Materials can be found via OSF: https://osf.io/pt275/7view_only=
26tbac99cbc140e4950ef83064221831.

5 When looking at the full sample of children’s normalized executive function scores of
inhibition (mean = 0.66) and switching (mean = 0.66), we find that the two measures
are significantly correlated with one another ((92) = .450, p < 10-5). This significant
correlation remains when controlling for participant age (r(92) = .451, p < 10-5).

6 We did not have strong a priori hypotheses about whether either switching, or inhibition,
or both would best correlate with our “flexibility” metric. However, given that inhibi-
tion and switching scores tend to correlate strongly, we suspected both factors would be
captured by our model.
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Appendix A
Generative models of water displacement beliefs

We first designed four competing beliefs or rules that may influence children’s decisions
during the task when determining which object would displace more water. These four beliefs
were modeled based on past literature that identifies four key belief states children often
come to water displacement tasks with (e.g., Burbules & Linn, 1988). This includes a Size
belief model, a Density (“material”’) belief model, a Mass (“weight””) model, and a Random
Guessing model. Each individual generative model makes predictions of what will happen
on a given trial given its respective feature (e.g., the Size belief model will always predict
that the largest object would displace the most water). Additionally, we also allow for some
uncertainty in the estimates of feature values based on Weber’s ratio for the participants’
age-group (6- to 9-years-old) (Dehaene, 2007; Droit-Volet & Z¢lanti, 2013). This inclusion
of error during perceptual processing provides a means by which the model can generate
nondeterministic outcomes for different comparison cases.

In our model, children’s beliefs were represented computationally as probability distribu-
tions across these four possible beliefs (individual hypotheses 7 € H = [“Size” (S), “Density”
(D), “Mass” (M), “Random” (R)]) on each trial. To start, we calculate the probability of chil-
dren’s choices on each individual trial (e.g., the probability of a child choosing option “5”
on a given trial, given the influence of the Size belief ~ p(“5” | h = §)). Then, we take the
product of these choices on each trial during the Pretest phase for each model and calculate
the overall probability of their entire sequence of choices under each model. This generates a
normalized probability distribution of those potential theories at the individual level.

Modeling learning

Like prior work on modeling water displacement tasks (Colantonio et al., 2022), when
modeling the learning process during the water displacement task, children’s beliefs are
updated trial-by-trial per Bayes rule. We calculated an updated posterior probability on a
given trial 141 as:

p(d;1|h)p(hld;)
Yonen Phldigr)’

for each of the four competing theories (4;) after some number of trials (f) with observations
of data (d,), given a prior probability of said theory given the prior data p(h|d,), where p(h|d,

=0) = p(h).

p(hldig) =

Capturing children’s inhibition and switching computationally

There are possibly many ways to capture inhibition and switching in a Bayesian learning
model. Here, we used a parameter we refer to as a “flexibility” factor. We used a Bayesian
mixture model—weighing between flexible, optimal learning (with a higher flexibility) and a
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learner who is “stuck” on their prior beliefs (lower flexibility). Using the responses that chil-
dren provided during the test trials, we searched for the “flexibility” parameter that best cap-
tured children’s pattern of responding. So, a child who learned nearly perfectly “optimally”
with respect to the Bayesian model would have a higher flexibility parameter that indicates
that they are entirely driven by the traditional Bayesian posterior updating. Meanwhile, chil-
dren who learned more slowly (or even not at all) but stuck to responses predicted by their
beliefs in the original pretest trials would have a lower flexibility parameter that favors older
beliefs.

To optimally fit this parameter, we utilized a Bayesian Mixture model. Here, the typical
priors utilized in Bayesian updating (p(h|d;)) were instead replaced on each trial with “Mixed”
priors (p, #(h|d)), where

[F *p(hld)] +[(1 — F)* p(h)]
> :

Here, F is the optimally fit “flexibility parameter, p(h|d,) is the most recent, “correctly”
updated Bayesian prior, and p(h) is the child’s prior probability before the Learning phase
began (their fit prior from the Pretest). This implementation captures the fact that as “flexibil-
ity” increases (F approaching 1), then this mixed prior p, r(h|d) will converge onto the same
prior as an ideal Bayesian learner and “correctly” update beliefs. However, when flexibility
is low (F approaching 0), more weight will instead be given to an older, potentially incorrect
prior belief—mimicking behavior based on “stickier” prior beliefs and sometimes failing to
suppress misconceptions or supplant them with updated beliefs.

VheH, p rhld) =

Optimizing model fits of children’s executive function

We used the Mixed prior above to test values of F between 0 and 1 to determine the opti-
mally fit value of F given the probability of children’s choices. For each child, the optimally
fit value of F resulted in the highest probability of generating children’s behavioral responses
during the Learning Phase. We then examined the correlation between these individualized,
optimally fit “flexibility” parameters (F) and children’s actual executive function scores of
inhibition and switching.

Here, we predict a positive correlation between this optimally fit flexibility parameter and
children’s executive function scores.® This would support claims that executive function is
linked to children’s belief revision in the task, suggesting that executive function is necessary
to exert the influence of recently updated beliefs and suppress or switch out past miscon-
ceptions. Furthermore, if a prompt to explicitly generate predictions helps children learn by
serving as a cognitive tool or boost to supplant sufficient metacognitive skills associated with
higher executive function, then this correlation might diminish. That is, children’s learning
in the Prediction Condition might already be somewhat “optimal” (per Bayesian tenets), and
thus any relationship between an independently assessed executive function score and their
flexibility on the learning task may disappear.

85UBD| SUOWILLOD BAIE8ID 8|gedjdde 8y Aq peusenod 8Je S3pile YO ‘8Sn JO 3N o} ARid 1 8UIUO A1 UO (SUOHPUOD-PUR-SWLBI W™ A8 | 1M A Re.q 1 BulUO//SANY) SUOIHIPUOD pue SWid 18U} 88S *[5202/90/22] Uo ARiqiauliuo A8|IM ‘6221 SUOYTTTT OT/I0p/W00 A 1M ARiq Pl |uo//Sdny Woly pepeojumod ‘0 ‘59/895/T



	Predicting Learning: Understanding the Role of Executive Functions in Children’s Belief Revision Using Bayesian Models
	Abstract
	1. Introduction
	1.1. Belief revision, executive function, and predictions

	2. The current approach
	3. Methods
	3.1. Behavioral study

	4. Analysis approach
	4.1. Behavioral analysis
	4.2. Computational analysis

	5. Results
	5.1. Behavioral results
	5.2. Modeling results

	6. Discussion
	6.1. Bridging complementary frameworks-Predictive processing and constructivism
	6.2. Learning and inference in postdiction contexts
	6.3. Limitations and future work
	6.4. Conclusion

	Notes
	References
	Appendix A
	Generative models of water displacement beliefs
	Modeling learning
	Capturing children’s inhibition and switching computationally
	Optimizing model fits of children’s executive function



