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To manage the onslaught of continuously unfolding information in our complex environments, we adults are
known to carve up our continuous experience into meaningful events, a process referred to as event segmen
tation. This segmentation directly shapes how our everyday experiences are construed: content experienced
within an event is held mentally in an accessible state, which is then dropped after an event boundary. The
greater accessibility of event-specific information has been shown to influence—at its most basic level—how
information is processed and remembered. However, it is as yet unknown if accessibility is similarly influenced
by event boundaries in children, who are still developing the working memory capacity and semantic knowledge
thought to support event segmentation. Here, we tested seven- to nine-year-old children’s and adults’ recognition
of objects experienced either within or across event boundaries of two cartoons. We found that children and
adults were both more accurate and faster to correctly recognize objects that last occurred within events versus
across event boundaries. We, however, additionally observed an interaction such that children’s access to recent
experience was less influenced by event boundaries than adults’. Thus, while the spontaneous segmentation of
complex events emerges by middle childhood, event structure shapes the active contents of children’s minds less
reliably than adults’.

1. Introduction
One of the longest standing questions in psychology is how children
make sense of the constant stream of information in our “blooming and
buzzing”, ever-changing worlds (James, 1890). While discoveries of
previously unimaginable learning systems (Saffran, Aslin, & Newport,
1996) and a greater understanding of children’s input (Smith, Jayara
man, Clerkin, & Yu, 2018) have progressed us toward an answer, a
pertinent and fertile research area in adults has been surprisingly
underexplored in children – event segmentation theory (EST; Zacks,
Speer, Swallow, Braver, & Reynolds, 2007). According to EST, adults
carve experience into structured units by actively maintaining event
models in working memory (Zacks et al., 2007; Zacks, Tversky, & Iyer,
2001).These experience-based models dynamically incorporate ongoing
experiences with our rich semantic knowledge in real-time to predict
how events will unfold. In turn, this segmentation influences how we
construe experience in the moment and later remember its temporal
aspects (DuBrow & Davachi, 2013; DuBrow & Davachi, 2014; DuBrow &

Davachi, 2016; Ezzyat & Davachi, 2011; Ezzyat & Davachi, 2014;
Heusser, Ezzyat, Shiff, & Davachi, 2018; Horner, Bisby, Wang, Bogus, &
Burgess, 2016; Sols, DuBrow, Davachi, & Fuentemilla, 2017).
Despite EST’s potential to illuminate how children make sense of and
remember their experience, surprisingly little is known about whether
and how event models structure experience across childhood. And, there
is good reason to expect that children would maintain active event
models very differently from adults. In particular, children’s working
memory capacities (Gathercole, Pickering, Ambridge, & Wearing, 2004)
and semantic knowledge (Li et al., 2004) are much reduced relative to
adults. They may, thus, be less likely to spontaneously generate event
models to organize information during ongoing event perception. And
when they do, their models may be both impoverished in their content
and more short lived than adults’. If true, this means that, given the
exact same experience as adults, children would organize this experi
ence differently, make sense of it differently, and learn from it
differently.
While little is understood about whether and how children
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spontaneously generate and maintain active event models, like adults,
infants and children do appear to segment their ongoing experience.
Indeed, infants have been shown to use input statistics to parse se
quences of events (Roseberry, Richie, Hirsh-Pasek, Golinkoff, & Shipley,
2011; Stahl, Romberg, Roseberry, Golinkoff, & Hirsh-Pasek, 2014). After
habituating to clips depicting different versions of the same event, in
fants looked longer at clips that contained pauses that interrupted an
event than those that had pauses at event boundaries (Baldwin, Baird,
Saylor, & Clark, 2001). Children also appear to segment their experi
ence. For example, 3- and 4-year-olds took longer to advance a pictorial
story at event boundaries (Meyer, Baldwin, & Sage, 2011). Also,
kindergarten and primary school students reported boundaries when
watching video clips, but did so less often and less consistently than
high-schoolers and adults (Glebkin et al., 2019). Finally, 5- to 7-yearolds were found to place boundaries in locations similar to adults, but
were more variable relative to both other children and adults (Zheng,
Zacks, & Markson, 2020). Thus, both infants and children actively
segment their ongoing experience, albeit more variably than adults.
These findings may suggest the possibility that children use event
models to interpret their ongoing experience, despite their limited
working memories and semantic knowledge, but this does not have to be
the case. Consistent with developmental accounts of cognitive control
(Blackwell & Munakata, 2014; Chatham, Frank, & Munakata, 2009;
Munakata, Snyder, & Chatham, 2012), infants’ and children’s demon
strations of event segmentation could be achieved through a simpler,
reactive, and data-driven mechanism, that is, through noting shifts in
sensory information and even shifts in actor intentions or narrative
structure after events have ended. This could lead them to draw a
boundary—or indicate a break in event structure—without having to
hold an event model in mind that, rich in semantic knowledge, predicts
how events will unfold. Notably, while we know that adults spontane
ously and proactively maintain event models (Carroll & Bever, 1976;
Speer & Zacks, 2005; Swallow et al., 2011; Swallow, Zacks, & Abrams,
2009; Zwaan, 1996), they can also use perceptual, data-driven ap
proaches to segment events (Cutting, Brunick, & Candan, 2012; Hard,
Tversky, & Lang, 2006; Huff et al., 2017; Newtson, Engquist, & Bois,
1977), making this a likely possible mechanism for children. Impor
tantly therefore, studies documenting that children have similar (but
more variable) event segmentation behavior does not necessarily mean
that children are as likely as adults to proactively keep event informa
tion active and more accessible in any given moment, leaving the nature
of children’s event models, and their tendency to use them, unclear.
Pertinent to this question, narrative comprehension research has
shown that children can maintain situation models (Graesser, Singer, &
Trabasso, 1994)—a type of event model that is not derived from live
events or experiences (Radvansky & Zacks, 2011). One study demon
strated this by first showing children a physical model of a marketplace,
then covering it while children performed a self-paced reading task
while being interrupted periodically to answer questions. During these
interruptions, children of all tested ages (9–16 years) more rapidly
accessed information about marketplace locations that the protagonist
would have passed by (but which were not directly referenced in the
text) than those that were not relevant to the narrative (Barnes,
Raghubar, Faulkner, & Denton, 2014). These findings suggest that
children from 9-years on are capable of actively maintaining event
models while reading. Relatedly, because interventions in the use of
situation-models are found to enhance reading comprehension (Glen
berg, Gutierrez, Levin, Japuntich, & Kaschak, 2004; Glenberg, 2008;
Glenberg, Goldberg, & Zhu, 2009; Marley, Levin, & Glenberg, 2007),
this burgeoning use of situation models may help children make sense of
narratives.
However, do children also spontaneously maintain these models
during live experience, as has been observed in adults (Swallow et al.,
2009)? This is an important question because if the construction of event
models is more costly for children (e.g., soaking up too much of their
limited working memory resources), then their tendency to

spontaneously generate them may be proportionate to their benefits.
These benefits are more obvious when comprehending written narrati
ves—which are only given life in our mind’s eye—than in more real-tolife experience (like movie watching), where the already rich multi
modal input provides more bottom-up support for comprehension.
The spontaneous use and updating of event models has been studied
in adults by focusing on the accessibility of recently encountered in
formation (Carroll & Bever, 1976; Speer & Zacks, 2005; Swallow et al.,
2011, 2009; Zwaan, 1996; also see Shin and DuBrow, 2021 for a review).
In these clever designs, participants are asked questions about what was
experienced seconds ago while manipulating whether an event bound
ary occurred in that intervening time. With this approach, participants
have been shown to make more errors and respond more slowly to
identify stimuli when an event boundary intervened, even when the
time lapsed is the same. Notably, this is true when the probes (and lures)
emphasize either perceptual (Heusser et al., 2018) or conceptual aspects
of what has recently occurred (Swallow et al., 2009), and shows that
information is more accessible from within an event, consistent with the
active and dynamic use of event models during ongoing experience.
To understand whether children spontaneously generate and use
event models, we likewise tested whether recently experienced infor
mation remains more accessible within an event versus across an event
boundary. We chose to focus on children ages 7–9 years since this is a
time during which both working memory (Gathercole et al., 2004) and
semantic knowledge (Li et al., 2004) are developing at a fast pace but are
still significantly reduced compared to adults. To measure the accessi
bility of information during spontaneous event segmentation, we asked
children and adults to watch cartoons and interrupted them intermit
tently, asking them which of two objects they had recently encountered
in the cartoon. Unbeknownst to them, half spanned event boundaries
while half did not. To assess how event boundaries influenced the
accessibility of this information, we focused on reaction time as our
primary dependent variable and recorded response accuracy as a sec
ondary measure. Given children’s more limited working memory and
their impoverished world knowledge, we predict that they will be less
likely to generate and maintain event models, thus illuminating how
information is managed and processed as children experience events.
2. Methods
2.1. Participants
A target sample size of 60 participants per age group (children and
adults) was determined prior to data collection to achieve over 80%
power in detecting age group differences with medium effect sizes
(Cohen’s d > 0.55), as there is no prior research investigating the
development of this phenomenon. Notably, post hoc sensitivity analyses
also confirmed that this sample size achieves over 80% power in
detecting differences between event types within each age group, if
these effect sizes fall in the bounds of prior reports (Cohen’s d =
0.411–0.695; Swallow et al., 2011, 2009).
Sixty-eight adults and seventy-one children (ages 7 to 9 years) were
tested. Prior to analyses, data from 8 adults and 15 children were
excluded because of psychiatric and/or neurological disorders (n = 6
children and n = 3 adults), hearing problems (n = 2 children), equip
ment failure (n = 1 child), experimenter errors (n = 1 child and n = 5
adults), failure to complete the task (n = 2 children), and below chance
object recognition accuracy (binomial test, n = 3 children). Participantexclusion data are listed in Supplementary Table S1. Our final sample
therefore included 60 adults (mean age = 19.25 years, range = 17–38;
45 female) and 56 children (mean age = 8.05 years, range = 7–9). The
child sample fell slightly below the goal of 60 because participants with
exclusion criteria were identified after the data collection period. All
participants were fluent in English and had no history of vision prob
lems. All experimental procedures were approved by the local ethics
committee and all participants and/or their guardians gave written
2
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informed consent. Adults were given course credit for their participation
and children received gift cards.

long enough to be tested before the next boundary (within-boundary
condition, mean = 6.2 s, SD = 1.2 s; Fig. 1b). This process generated a set
of objects that served as the target stimuli in the forced-choice memory
probes (described below). Distractors for these objects belonged to the
same semantic category and had the same cartoon style as their corre
sponding target. They were created by either clipping an object from an
unviewed portion of the cartoon series (N = 10), or manipulating the
colour, shape, or pattern of the target object (N = 9). (See Supplementary
Fig. 3 for the target-distractor pairs).

2.2. Task
Participants watched cartoon clips from both BusyTown (6.25 min)
and Rugrats (7.19 min) with the order of cartoons counterbalanced
across participants; they were told that the cartoons would be inter
rupted by pop-up tests, during which they would need to select, as
quickly as possible, which of two objects had appeared recently. This
two-alternative forced-choice test contained one target and one dis
tractor. Crucially, the test could occur either within an event or across an
event boundary (Fig. 1a). Across cartoons, the average time between the
target object’s last appearance (i.e., the offset of the target object) and
the onset of the corresponding forced-choice test was matched for the
within-event (range 4–8 s) and the across-event conditions (range 4–8 s;
t = 0.038, p = 0.739, see Fig. 1b). Note that the variability in the testing
delay was introduced to avoid testing an object during an event
boundary, ensuring that tests occurred unambiguously within an event
or across a boundary. Tested objects were, of course, also present on the
screen for different amounts of time before they were tested, but
importantly this did not differ by condition (within-event: mean = 8800
ms, SE = 1478 ms; across-event: mean = 9088 ms, SE = 1237 ms; t =
0.271, p = 0.789; see Fig. S5 in the Supplemental Materials). There were
19 forced-choice probes in total, including 11 trials in Rugrats (5 withinand 6 across-event) and 8 trials in BusyTown (5 within- and 3 acrossevent; see Table S2). The side on which the target occurred was ran
domized across trials and testing was completed on a 21.5 in. iMac
computer, running macOS Mojave version 10.14.5. Data was collected
in PsychoPy (version 3.0.0) running on Python 2.7.11.

2.3.2. Norming object stimuli
Given that separate sets of objects had to be used as stimuli in the
across- and within-event conditions, we ran a norming study to ensure
that the objects tested in each condition were similarly recognizable
prior to introducing our manipulation. Adult participants were recruited
and tested online through Mechanical Turk (n = 311). They were asked
to watch 19 short clips (mean length = 15.53 s, SD = 1.87 s) from the
BusyTown and Rugrats cartoons in which each of the objects of interest
occurred one time. The order of clips was scrambled randomly and
participants were told that the clips would be interrupted by pop-up
tests, during which time they would be asked to select, as quickly as
possible, which of the two objects had appeared recently. This twoalternative forced-choice probe contained one target and one dis
tractor. Crucially, all the objects were tested under the same con
ditions—each of the 19 clips was interrupted by a picture from another
cartoon prior to the next event boundary. The picture was presented for
5 s, after which the forced choice test came up. Thus, event structure was
held constant for all stimuli. Across 3 separate experiments, lure stimuli
were iteratively refined to roughly equate performance across condition.
We fit the norming data with a mixed-effects model that included event
type (within vs. across), cartoon (BusyTown and Rugrats) and their
interaction as the fixed factors and by-subject intercepts as a random
factor. Importantly, stimuli that were assigned to the across-event versus
within-event conditions did not differ (reaction time: βacross-within = 0.10,
SE = 0.31, z = 0.32, p = 0.75 and accuracy: βacross-within = − 0.536, SE =
0.432, z = 1.239, p = 0.21; see Table S2.1 in the supplemental materials
for detailed model specifications and results and Fig. S4 in the supple
mental materials for data visualization).

2.3. Stimuli
2.3.1. Norming movie stimuli and event boundaries
To select the appropriate cartoon clips for the experiment, we con
ducted a pilot study in which adults (n = 19, mean age = 19.82 years)
and children (n = 8, mean age = 8.32 years) were presented with five
different cartoon clips (BusyTown, Rugrats, Inspector Gadget, Chip ‘n’
Dale, Duck Tales).2 As participants watched each cartoon, they were
asked to indicate when they thought one event ended and a new event
began (i.e., to provide the event boundary). This paused the cartoon
while they provided a brief explanation for their judgement. We then
characterized the density of boundary detections made by children and
adult participants in each cartoon clip using uniform average moving
windows with a bandwidth of 2 s, thus creating separate, temporally
smoothed participant boundary time-series for each cartoon clip. We
then selected two cartoon clips, those from BusyTown and Rugrats, that
had the highest inter-subject correlations in the boundary time-series
when correlating each adult to each child (see Supplementary Fig. 1).
From BusyTown and Rugrats, we chose a set of event boundaries to
use for testing the accessibility of across versus within event information
in the main experiment. In keeping with Swallow et al. (2009), we
characterized boundaries as the time points with the highest peaks ac
cording to the total number of button presses by adults and children for
that clip (See Supplementary Fig. S2). We then chose boundaries in which
a distinct object last appeared shortly enough (in the range of 4–8 s)
before the next event boundary to be tested after the occurrence of the
boundary (across-boundary condition, mean = 6.3 s, SD = 0.96 s), or

2.4. Data analyses
To measure the accessibility of target objects at the moment a probe
is presented, we used reaction time as our primary dependent variable
and response accuracy as our secondary dependent variable. For reac
tion time analyses, only correct responses were included and responses
that were greater or smaller than three standard deviations away from a
participant’s mean reaction time were excluded. Response accuracy was
also used to measure how often participants made the correct choice
when given enough time to reason through the probe. Linear mixedeffects models were fit for the log-transformed reaction times and lo
gistic mixed-effects models for accuracy. These analyses were conducted
using R version 4.0.2 (R Core Team, 2020), with the lmer and glmer
functions in the lme4 package (Bates, Mächler, Bolker, & Walker, 2015),
and lmerTest package was used obtain p-values for the linear model,
using the Satterthwaite’s correction (Kuznetsova, Brockhoff, & Chris
tensen, 2017). Models were estimated with an unstructured covariance
matrix. To test the hypothesis that events structure information acces
sibility less in children than adults, we fit a mixed-effects model that
included the interaction between Event Type (within vs. across) and age
(children vs. adults), and cartoon as the fixed factors, a random intercept
and a random slope for the linear combination of event type and
cartoon, varying over participants with uncorrelated random intercept
and slope. Cartoon was included as a fixed factor so that cartoon dif
ferences, should they emerge, could be interpreted using our cartoon
norming data. Simple effects from these models were obtained using the
emmeans package (Lenth, Singmann, Love, Buerkner, & Herve, 2018)

2
Note that fewer children were sampled than adults because, similar to prior
research (Zheng et al., 2020), we found that children’s judgements were more
correlated with adults’ than each other. This suggests that their explicit
boundary judgements are noisier, but not systematically different from adults.
See Figure S1 in the supplementary materials for the adult-adult, child-child and
child-adult correlation plots.
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Fig. 1. Experimental Task. (a) Two cartoons (BusyTown & Rugrats, depicted) were interrupted by pop-up tests, during which they were asked to indicate which of two
objects had appeared recently. Crucially half of these interruptions asked about objects from within the current event and half from the previous event (across
events). (b) The delay separating the offset of an object and its onset for the pop-up test were roughly equated between the across- (red) and within-event (blue)
conditions (t = 0.038, p = 0.739). Each individual dot signifies the delay between the last appearance of the relevant object (during encoding, offset) and the test of
that object. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)

with p-values adjusted with Tukey’s HSD.

results indicate that events shape information accessibility for both
children and adults.

3. Results

3.2. Influence of age on object recognition

Object recognition accuracy was very high in children (Mean =
0.849, SD = 0.358) and adults (Mean = 0.899, SD = 0.301) across the
two event types (within- vs. across-event boundary). Overall, 39 adults
and 27 children were at ceiling (100% correct) for at least one of the two
conditions. This ceiling effect and the coarse grain of accuracy as a bi
nary variable make it a poor metric for answering the question of in
formation accessibility. We, nonetheless, include it as a secondary
dependent variable (in addition to reaction time) for completeness.

We then asked how age group influenced the speed with which
participants correctly recognized recently presented objects. Significant
main effects of age were observed in both reaction time (βage.RT = 0.287,
SE = 0.039, z = − 7.271, p < 0.001; Table S2.2) and response accuracy
(βage.accuracy = − 0.410, SE = 0.148, z = − 3.709, p < 0.001; Table S2.2),
suggesting that across all the trials tested in the within- and the acrossevent conditions, adults are significantly faster and more accurate in
recognizing which object was recently presented than children.

3.1. Influence of event boundaries on object recognition

3.3. Age differences in the impact of event boundaries on information
accessibility

We first asked how event boundaries influenced the speed with
which children and adults correctly recognized recently presented ob
jects. Consistent with the use of event models, both children (βchild =
0.107, SE = 0.020, z = 5.253, p < 0.001) and adults (βadult = 0.179, SE =
0.019, z = − 9.286, p < 0.001) were faster to recognize objects tested
within-events as compared to after an intervening boundary (Fig. 2a;
Table S2.2). Likewise, both children (βchild = 1.189, SE = 0.202, z =
5.880, p < 0.0001) and adults (βadult = 0.853, SE = 0.223, z = 3.825, p =
0.008) were more accurate at recognizing items that occurred withinevents versus across-event boundaries (Fig. 2b; Table S2.2). These

Pertinent to our hypothesis that event boundaries will shape the
content of children’s working memory less than adults’, we observed a
significant interaction (βevent.type*age = − 0.072, SE = 0.027, z = − 2.615,
p = 0.009; Table S2.2), such that children’s correct reaction times were
less influenced by whether objects occurred within-events versus acrossevent boundaries than adults’ (Fig. 2a). It should be noted, however,
that children are on average slower than adults to make these judge
ments. To better understand whether differences in response speed
4
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Fig. 2. Experimental Results for Reaction Time and Response Accuracy. (a) Log-transformed reaction time for children (left) and adults (right) in the within- (blue)
and across- (red) event conditions. Children’s and adults’ recognition judgements were slower for objects tested after event boundaries (p < 0.001), but intervening
boundaries slowed children’s recognition less than adults (p = 0.009). (b) Response accuracy for children (left) and adults (right) is displayed separately for the
within- (blue) and across- (red) event conditions. Children’s and adults’ recognition judgements were both less accurate for objects tested after event boundaries.
Boundary manipulation had similar effects across different age groups (p = 0.26). In both (a) and (b), central circles indicate the means, error bars reflect two
standard errors above/below the means where the means and standard errors were both estimated using the mixed-effects logistic regressions reported in the an
alyses in the text and Table S2.2; and individual dots depict data of individual subjects which are connected with grey lines. To differentiate individuals, minimal
jitter was added to the y axis. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)

could have spuriously contributed to this interaction, we split adults into
a slow and fast groups using the average reaction time and tested
whether event type (within vs. across) likewise interacted with these
groups; they did not (βevent.type*speed group = 0.008, SE = 0.021, z =
0.386, p = 0.700; see Table S2.3 for model specification and detailed
results), suggesting that children’s reduced sensitivity to event bound
aries was not confounded by their slower reaction times.
Finally, no significant interaction between age group and event type

was found for accuracy (βevent.type*age = − 0.336, SE = 0.297, z =
− 1.132, p = 0.257; Table S2.2). We anticipated that this measure would
not be very sensitive to age differences given the overall high
performance.
3.4. Accounting for possible stimulus effects
Lastly, we ensured that the differences in the intrinsic memorability
5
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of objects assigned to the within-event and the across-event conditions
did not influence our results. Specifically, we added the average correct
trial reaction time and response accuracy for each object-foil pair ob
tained in the stimulus norming study as covariates in our mixed-effects
models for reaction time and response accuracy, respectively. After ac
counting for these stimulus properties, our pattern of results remained;
participants were still faster to respond correctly (βadult = 0.171, SE =
0.018, z = 9.545, p < 0.001; βchild = 0.098, SE = 0.019, z = 5.193, p <
0.001) and more accurate (βadult = 0.705, SE = 0.228, z = 3.095, p =
0.011; βchild = 1.042, SE = 0.207, z = 5.028, p < 0.001; Table S2.4) for
within-event as compared with across-event items. Also, children were
still less influenced by boundaries than adults in accessing information
during event segmentation, as reflected by a significant interaction be
tween event type and age in reaction time (β = − 0.073, SE = 0.026, z =
2.816, p = 0.005). This interaction remained insignificant for accuracy
(β = − 0.338, SE = 0.209, z = − 1.135, p = 0.257).
Moreover, recall that there was some variation in the delay from the
offset of an object to the pop-up test (all within 4–8 s and balanced across
conditions) and that objects were on the screen for variable amounts of
time (also balanced across conditions). As expected, longer on-screen
durations significantly reduced participants’ reaction times (βdurationRT = − 0.005, SE = 0.002, z = − 2.711, p = 0.007; βduration-Accuracy =
− 0.002, SE = 0.020, z = − 0.110, p = 0.913, Table S2.5); however, offset
to pop-up test delay did not impact behavior (βdelay-RT = − 0.011, SE =
0.006, z = − 1.698, p = 0.090; βdelay-Accuracy = 0.060, SE = 0.066, z =
0.916, p = 0.360, Table S2.6, though note the trend such that longer
delays were marginally associated with faster reaction times). Ac
counting for the amount of time an object was present on the screen and
variation in the delay from the offset of an object to the pop-up test also
did not alter the pattern of results: both adults (βadult.duration = 0.163, SE
= 0.018, z = 8.989, p < 0.001, Table S2.5; βadult.delay = 0.168, SE =
0.018, z = 9.29, p < 0.001, Table S2.6) and children (βchild.duration =
0.045, SE = 0.009, z = 4.718, p < 0.001, Table S2.5; βchild.delay = 0.047,
SE = 0.010, z = 4.948, p < 0.001, Table S2.6) were still faster to respond
correctly for within-event as compared with across-event items. Also,
children were still less influenced by boundaries than adults in accessing
information during event segmentation, as reflected by a significant
interaction between event type and age in reaction time (βinteraction.
duration = − 0.073, SE = 0.026, z = 2.812, p = 0.005, Table S2.5;
βinteraction.delay = − 0.074, SE = 0.026, z = 2.839, p = 0.005, Table S2.6).

at event boundaries (Sargent et al., 2013; Swallow et al., 2009). Chil
dren’s reduced working memory abilities (Gathercole et al., 2004) could
directly impact event models in at least two ways. First, children may fail
to maintain an event model altogether when their working memory
capacity is exceeded, despite ongoing activities conforming to their
expectations. Second, children could continue to maintain an event
model even after their capacity is met, but stochastically drop some
event-specific details. Both processes would directly disrupt their access
to within-event content especially toward the end of longer or more
detail-rich events. Relatedly, these impoverished models could also
drive the more idiosyncratic segmentation profiles seen in children
(Zheng et al., 2020), derailing predictions about the near future once
their working memory capacity is met. This idiosyncratic segmentation
profile would then indirectly reduce the impact of the normative event
boundaries used here on information accessibility. To better understand
the role of working memory, future studies should include independent
estimates of this construct to see if it mediates these age-related differ
ences and if it relates to children’s more variable segmentation.
Secondly, developmental changes in schematic knowledge structures
(Bartlett, 1932; Nelson, 1993), could also have direct and indirect effects
on the influence of normative boundaries in our experiment. Indeed,
children have less knowledge (Brod, Lindenberger, & Shing, 2017; Brod,
Werkle-Bergner, & Lee Shing, 2013; Li et al., 2004). And while even
young children (ages 5 to 6 years) have some schematic knowledge
(Davidson, 1996; Fivush, 1984), this might impact memories less in
children as compared with adults. Since schemas and scripts are
important components of event models, their immaturity might directly
impact the quality of the event models that children generate, providing
poorer scaffolding on which to affix the details of an ongoing experience.
With more within-event details lost along the way, children may benefit
less from testing items from the current event than adults. Reduced
knowledge could also impact the accessibility of information indirectly
by creating more variability in the placement of event boundaries, when
these boundaries are driven by event model prediction errors (Zacks
et al., 2001; Zacks, Kurby, Eisenberg, & Haroutunian, 2011). With
reduced schematic knowledge, prediction errors will likely be more
idiosyncratic, leading to greater variability and, thus, a reduced impact
of normative event boundaries on judgements.
Notably, prediction errors can also arise from other forms of statis
tical learning, sensitivity to visual discontinuities, or an understanding
of physics (Cutting et al., 2012; Hard et al., 2006; Huff et al., 2017;
Newtson et al., 1977), which are robust well before middle childhood
(Hespos & van Marle, 2012; Kirkham, Slemmer, & Johnson, 2002; Saf
fran et al., 1996; Saffran, Newport, Aslin, Tunick, & Barrueco, 1997). As
noted in the Introduction, these more data-driven mechanisms may
explain the early development of event segmentation. Additionally,
others have argued for event segmentation mechanisms that do not
require prediction errors. For example, Clewett, DuBrow, and Davachi
(2019) lay out several types of contextual shifts which can trigger the
perception of an event boundary, and Gernsbacher (1990) argues that
people build new mental representations when an experience fails to
cohere with recent occurrences. Similar to the prediction error accounts,
the degree to which content and coherence within these frameworks is
determined by rich schematic knowledge will likely determine how
children’s still growing understanding of their world relates to their
variability in event segmentation.
To what degree do the developmental differences reported here
reflect the direct impact of event models on information accessibility or
their indirect effects via segmentation variability? Our results cannot
conclusively weigh the contributions of each, but our approach does
provide some insights. First, we developed our stimuli with a goal of
reducing developmental differences in segmentation variability. Of the
five tested age-appropriate cartoons, we selected the two which showed
the greatest correspondence between adult and child explicit boundary
judgements. These cartoons, thus, likely had narrative structures that
were most accessible to children. We then selected only those

4. Discussion
We found evidence that elementary school aged children do spon
taneously generate mental models, even during passive movie viewing.
Like adults, children’s recognition was less accurate and slower for ob
jects that occurred in the previous event as compared with the current
event, even when the amount of time that elapsed since the most recent
viewing of the object was matched. Of note, we also found that being
asked about objects from the previous event slowed children’s recog
nition less than adults’. Thus, while the accessibility of information is
impacted by event structure in children, event structure shapes behavior
less in children than adults. The role of event models is therefore present
but reduced in children’s spontaneous event segmentation.
The reduced impact of event models in children makes sense given
their ongoing development of working memory and schematic knowl
edge, both of which are central for generating event models (Kurby &
Zacks, 2008). Importantly, these developmental differences could alter
the influence of normative event boundaries on object accessibility
either directly by constraining the quality of children’s event models, or
indirectly by producing more variable or finer-grained event segmenta
tion patterns in children. We review how both possibilities may be
influenced by ongoing development below.
First, event models are thought to require working memory to keep
information that has been experienced within a given event active and
accessible, with details and thus working memory demands being flushed
6
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boundaries that were consistently endorsed by both adult and child
norming participants in the development of our primary experiment (see
Supplementary Fig. 2). While this approach does not guarantee that the
children in the main experiment spontaneously segmented the cartoons
in a manner that was as normative as our adult participants, it does
imply that higher variability in children’s segmentations played less of a
role than they otherwise would have. Notably, it also implies that the
developmental differences in the use and effects of event models re
ported here only reflect a (well controlled) fraction of differences that
are likely to occur in everyday experiences.
In addition, developmental changes in attention may have contrib
uted to our central observations. Indeed, children tend to adopt a
broader attentional focus than adults (Deng & Sloutsky, 2016; Plebanek
& Sloutsky, 2017; Rueda, Posner, & Rothbart, 2005). This could make
children more likely to attend to the peripheral objects that we tested
whereas adults are more likely to focus on the actions of central char
acters (Zacks, Speer, & Reynolds, 2009). While we cannot test this
possibility with our existing data, prior research provides clues as to how
attentional differences may influence developmental changes in mem
ory performance. Specifically, Swallow et al. (2009) found that the
perceptual details of objects that received more visual fixations (i.e.,
were more attended to by the viewer) were better remembered than
those that were attended less. Importantly, these memories of fixated
objects were more disrupted by boundaries. Thus, if children in our study
distributed their attention more broadly than adults, causing them to
focus more on the objects that were tested it should have bolstered their
overall memory accuracy. (While these effects may have been at play, it
is important to note that children in our sample were less accu
rate—overall—as compared with adults). By the same token, greater
attention to these objects should make children more sensitive to event
boundaries than they would have been otherwise, and we note reduced
boundary sensitivity in children here. Conversely, it is also possible that
they attended to the tested objects less often than adults did (with their
attention possibly drawn to other non-tested stimuli/features) contrib
uting to their apparent reduced boundary sensitivity. We encourage
future research to use eye-tracking to assess these hypotheses.
As a final point, developmental differences in event models are likely
to hold consequences for long term memory, perhaps underlying schoolage children’s worse long term memories (Ghetti & Angelini, 2008).
Adults, for example, build strong long-term connections between
within-event content in their memories (Ezzyat & Davachi, 2011).
Likely a consequence of incorporating that content into the same event
model, boundaries influence temporal aspects of adults’ memory by
affecting people’s ability to encode and remember the relative order of
past events or altering their estimation of how much time elapsed be
tween stimuli (Brunec et al., 2020; DuBrow & Davachi, 2013, 2014,
2016; Ezzyat & Davachi, 2014; Heusser et al., 2018; Horner et al., 2016;
Sols et al., 2017). Moreover, their memory of what happened at event
boundaries is prioritized compared to their memory for intervening nonboundary material (Heusser et al., 2018; Swallow et al., 2009). And
while future work is needed to understand how the still developing use
of event models that we have identified here impacts children’s long
term memories, we do know that event segmentation is related to
memory formation in both infants and children. Indeed, infants (like
adults) remembered objects at event boundaries better than objects at
non-boundaries (Sonne, Kingo, & Krøjgaard, 2017) and had worse
memory for cartoons in which event boundaries (versus nonboundaries) were obscured (Sonne, Kingo, & Krøjgaard, 2016). Like
wise, 3- and 4-year-old children who had the clearest segmentation of an
event also had the best memories for it (Meyer et al., 2011), and 5- to 7year olds whose segmentation was most aligned with other observers
also had the best memory for events (Zheng et al., 2020). These previous
findings suggest that effective construal and segmentation of events
leads to more adult-like memory.
To conclude, we have shown for the first time that school age chil
dren do spontaneously generate event models to organize information

during ongoing event perception: information from within an event is
more accessible in children than information that spans events, indi
cating that children wield an essential tool in carving up the constant
stream of information in their worlds. Importantly, however, this dif
ference is less dramatic in children as in adults, indicating that children
organize their experiences differently, which provides new mechanistic
insights into why child learning and perception differ so much from
adults’.
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