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ABSTRACT

ARTICLE HISTORY

Schemas capture patterns across multiple experiences, accumulating information about common
event structures that guide decision making in new contexts. Schemas are an important
principle of leading theories of cognitive development; yet, we know little about how children
and adolescents form schemas and use schematic knowledge to guide decisions. Here, we show
that the ability to acquire schematic knowledge based on the temporal regularities of events
increases during childhood and adolescence. Furthermore, we show that temporally mediated
schematic knowledge biases reasoning decisions in an age-dependent manner. Participants with
greater temporal schematic knowledge were more likely to infer that temporally related items
shared other, non-temporal properties, with adults showing the greatest relationship between
schema knowledge and reasoning choices. These data indicate that the mechanisms underlying
schema formation and expression are not fully developed until adulthood and may reﬂect the
ongoing maturation of hippocampus and prefrontal cortex through adolescence.
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Introduction
Events in our everyday lives, while never exactly the
same, often share regularities. For instance, when
going to a restaurant, we expect that once seated
and given menus, the waitstaﬀ will ask for our drink
order ﬁrst, followed by our food choice. Despite diﬀerences between individual visits to restaurants (e.g., the
position of your table, the identity of your server, the
drink and meal that you order), the general sequence
through which events unfold is common across many
trips to restaurants. Over time, these commonalities
can give rise to knowledge that allows us to make predictions about what will happen when in new situations. Such knowledge about the shared features of
events is a key facet of schemas (Bartlett, 1932;
Piaget, 1954).
Despite ongoing debates about the precise operational deﬁnition of schemas, current perspectives
generally agree that schemas represent associative
information about common relationships and temporal regularities that are formed across multiple
experiences (Ghosh & Gilboa, 2014; Preston, Molitor,
Pudhiyidath, & Schlichting, 2017; van Kesteren,
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Ruiter, Fernandez, & Henson, 2012). Current theories
further emphasize that schemas are hierarchically
organized, reﬂecting not only commonalities across
experiences, but also goal-relevant diﬀerences that
predict when expectations change in diﬀerent temporal or spatial contexts (Gershman, Monﬁls,
Norman, & Niv, 2017; McKenzie et al., 2014; Varga,
Morton, & Preston, in press). Initial schema formation
thus requires extracting associative commonalities
and diﬀerences that link items and contexts to
speciﬁc behaviours and outcomes. Once formed, the
associative relationships coded within schemas may
then bias decisions about the properties of event
elements according to the features they share with
elements of other similar experiences. For instance, if
someone asks you about the quality of your meal at
the end of your restaurant visit, you might infer that
the person inquiring is the manager of the restaurant.
The formation and expression of schemas are
central principles of classic cognitive development
theories (Kolb, 1984; Lewin, 1942; Piaget, 1954), and
an important body of research demonstrates some
early capacities for schema formation. From infancy,
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children build associative memories that incorporate
both individual event elements and the order in
which they are experienced (Bauer, 2007; Mandler,
1984; Nelson, 1986; Wiebe & Bauer, 2005). Young children are able to form such associative memories after
a single experience (Hudson, Fivush, & Kuebli, 1992) as
well as with repeated exposure to an event (Bauer &
Mandler, 1989; Fivush & Slackman, 1986; Nelson,
1986). However, while children form knowledge
about the associative properties of individual events,
including their temporal order, the complexity of
knowledge formation increases into adulthood.
Memory for both spatial (Lee, Wendelken, Bunge, &
Ghetti, 2016; Lloyd, Doydum, & Newcombe, 2009; Sluzenski, Newcombe, & Kovacs, 2006) and temporal
associations (Lee et al., 2016; Pathman & Ghetti,
2014; Picard, Cousin, Guillery-Girard, Eustache, &
Piolino, 2012) improves from early childhood into
adulthood. For instance, while children 11 years of
age show adult like memory for individual event
sequences (Lee et al., 2016), the capacity to acquire
knowledge about temporal regularities across multiple events does not reach full proﬁciency until adulthood (Schlichting, Guarino, Schapiro, Turk-Browne, &
Preston, 2017). Parallel developmental studies of
event narratives further show that young children
are able to generate event scripts based on their
past experiences, similar to adults (Nelson, Fivush,
Hudson, & Lucariello, 1983). However, the complexity
of such generated scripts diﬀers between children
and adults, with fewer elaborative details in children’s
scripts (Hudson et al., 1992) even when controlling for
diﬀerences in individual’s prior experience (Farrar &
Goodman, 1992; Price & Goodman, 1990). Thus,
while young children appear to form associative memories about individual events and some of their
general properties, their knowledge does not encapsulate fully-ﬂedged event schemas.
Here, we sought to expand our knowledge of
schema development by testing schema formation
and expression in participants aged 7–30 years. Our
hypothesis testing framework is based on research
from both the cognitive development and cognitive
neuroscience domains. One prominent view (Brainerd,
Holliday, & Reyna, 2004; DeMaster, Coughlin, & Ghetti,
2016; Lukowski, Wiebe, & Bauer, 2009; Murty, Calabro,
& Luna, 2016; Sloutsky & Fisher, 2004) suggests that
the organization of memory representations transforms across development from a rigid system that

processes and stores memories individually into a
more ﬂexible system in adulthood wherein knowledge
schemas represent the commonalities and diﬀerences
among multiple episodes to support predictive
decision making (Bartlett, 1932; Cohen & Eichenbaum,
1993; Schlichting & Preston, 2015; Tolman, 1948).
Therefore, in the present paper, we test the hypothesis
that the ability to form schematic knowledge of temporal associations among event elements will continue to improve into adulthood. Furthermore, we
test the prediction that even when children and adolescents acquire temporal knowledge schemas, they
will be less likely to ﬂexibly express that knowledge
to guide novel decision making.
In adults, schema formation and its expression have
been linked to the function of the hippocampus, prefrontal cortex, and their interactions (Ghosh & Gilboa,
2014; Mack, Love, & Preston, 2018; Preston & Eichenbaum, 2013; Schapiro, Rogers, Cordova, Turk-Browne,
& Botvinick, 2013; Schlichting & Preston, 2015; van
Kesteren et al., 2012). One central aspect of schemas
is the representation of commonalities across events,
which is thought to rely on hippocampal binding
mechanisms (Morton, Sherrill, & Preston, 2017;
Schlichting & Preston, 2015). Within the domain of
time, hippocampus plays a pivotal role in binding
event elements according to their temporal relationships (Allen, Salz, McKenzie, & Fortin, 2016; Fortin,
Agster, & Eichenbaum, 2002; Schapiro, Gregory,
Landau, McCloskey, & Turk-Browne, 2014). Neuroimaging studies in adults have shown that hippocampal
representations are more similar for events that
occur close together in time relative to those events
that do not share temporal relationships (Ezzyat &
Davachi, 2014; Hsieh, Gruber, Jenkins, & Ranganath,
2014; Schapiro, Kustner, & Turk-Browne, 2012). By
representing the statistical co-occurrence of events
across time, hippocampal representations come to
reﬂect highly-structured temporal schemas (Schapiro,
Turk-Browne, Norman, & Botvinick, 2016) that
support predictions about which events will follow
one another (Gravina & Sederberg, 2017; Hindy, Ng,
& Turk-Browne, 2016; Kim, Lewis-Peacock, Norman, &
Turk-Browne, 2014; Stachenfeld, Botvinick, & Gershman, 2017).
Prefrontal cortex has also been implicated in the
representation of temporal event schemas (Schapiro
et al., 2013). Patterns of activity in prefrontal cortex
diﬀerentiate the order of events both at short
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(Jenkins & Ranganath, 2010) and long time scales (Baldassano et al., 2017; Zeithamova & Preston, 2017). Furthermore, when adults are presented with narratives
of common events (e.g., eating at a restaurant, travelling through an airport) that diﬀer in the modality of
presentation as well as in their individual features
(e.g., characters, speciﬁc locations), medial prefrontal
cortex demonstrates schematic event patterns that
generalize across narratives of the similar events,
representing their common temporal structure (Baldassano, Hasson, & Norman, 2018). Moreover, prefrontal cortex may be important for both representing
temporal similarities, and establishing temporal
boundaries in continuous experience that indicate
where temporal similarities end and diﬀerences
begin (Ezzyat & Davachi, 2011; Zacks, In press). Prefrontal cortex activity is sensitive to moments in time
when the transition probabilities between event
elements are more variable, predicting a transition to
multiple possible contexts rather than a single,
certain outcome (Schapiro et al., 2013). Prefrontal
responses to such increased temporal uncertainty
may promote the formation of temporal boundaries,
perhaps by controlling the active diﬀerentiation of
event elements before and after a boundary within
hippocampus (Schapiro et al., 2016). Together, representation of temporal similarities and diﬀerences
within hippocampus and prefrontal cortex may
increase prediction accuracy when temporal
schemas are expressed in new contexts.
While children show early capacities for representing temporal associations (Bauer, 2007) and regularities (Saﬀran, Aslin, & Newport, 1996) at very
young ages, the binding and diﬀerentiation mechanisms critical for temporal schema formation may not
be fully developed until adulthood due to the protracted maturation of the hippocampus (Daugherty,
Bender, Raz, & Ofen, 2016; DeMaster, Pathman, Lee,
& Ghetti, 2014; Gogtay et al., 2006; Ostby et al., 2009)
and prefrontal cortex (Giedd et al., 1999; Gogtay
et al., 2004; Paus et al., 1999; Reiss, Abrams, Singer,
Ross, & Denckla, 1996). Hippocampal binding processes continue to develop into early adolescence
(Geng, Redcay, & Riggins, 2019; Ghetti, DeMaster,
Yonelinas, & Bunge, 2010). Such immature hippocampal binding may limit children’s ability to extract information about temporal relationships across time, as
suggested by one recent developmental study
(Schlichting et al., 2017). Learning-related interactions
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between hippocampus and prefrontal cortex also
increase into adulthood and are associated with developmental gains in memory (Menon, Boyett-Anderson,
& Reiss, 2005; Riggins, Geng, Blankenship, & Redcay,
2016; Tang, Shafer, & Ofen, 2018). In particular, prefrontal-mediated uncertainty responses that monitor
the quality of memory evidence do not emerge until
adolescence (Fandakova et al., 2018), which may
limit formation of temporal boundaries that diﬀerentiate the statistical relationships among events. Moreover, hippocampal mechanisms that support
diﬀerentiation of memory representations are
thought to show a protracted developmental pattern
(Keresztes et al., 2017; Ngo, Lin, Newcombe, & Olson,
2019). This evidence thus suggests that while there
is some capacity to learn temporal regularities at
young ages, the mechanisms that support temporal
schema formation are reﬁned into adulthood as hippocampal and prefrontal structure and function
mature.
Changes in the structural and functional connectivity between hippocampus and prefrontal cortex
into adulthood (Simmonds, Hallquist, Asato, & Luna,
2014) may further impact how schemas are later
expressed to guide decision making. A central proposed function of schemas is to facilitate the extraction of common features across events to support
reasoning and generalization in new contexts. In
new situations, schemas help generate predictions
about the appropriate actions to take based on the
features of the new environment (Gershman et al.,
2017; Varga et al., in press). Schemas thus support
optimal behaviour by removing uncertainty about
how to act in new contexts, reducing the need to
use the vast amount of information available in a
new environment (Varga et al., under review). In
adults, the hippocampal—prefrontal circuit is essential
for both acquiring schemas and applying the learned
knowledge to new stimuli and contexts (Kumaran,
Summerﬁeld, Hassabis, & Maguire, 2009; Peters,
Fellows, & Sheldon, 2017; Spalding, Jones, Duﬀ,
Tranel, & Warren, 2015; Tang et al., 2018; Tse et al.,
2011; van Kesteren et al., 2012).
While generalization abilities are evident early in life
(Booth & Waxman, 2002; Quinn, Eimas, & Rosenkrantz,
1993; Rakison & Poulin-dubois, 2002), children are less
ﬂexible than adults in how they use prior experience
to guide memory-based decisions. Children require a
high degree of overlap between an original event
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and a test context to trigger memory retrieval (DeMaster et al., 2016). Given such rigidity of memory retrieval
processes in children, these ﬁndings suggest that children will be less likely than adults to generalize knowledge across domains of experience, particularly when
surface features of the tasks diﬀer (Badger & Shapiro,
2012; Sloutsky, Deng, Fisher, & Kloos, 2015; Sloutsky,
Kloos, & Fisher, 2007). Developmental change in the
ﬂexible expression of knowledge across tasks contexts
and cognitive domains has been theoretically linked
to the maturation of the hippocampus and its interactions with prefrontal cortex (Bauer, 1996; Bauer &
Dow, 1994; Eichenbaum, 1997; Mcdonough, Mandler,
Mckee, & Squire, 1995; Murty et al., 2016; Tulving &
Schacter, 1990). Consistent with this view, recent
work using reinforcement learning tasks indicates
that the ability to deploy learned information to
guide new choices begins to emerge in adolescence,
along with increased hippocampal—prefrontal
engagement (Voss, O’Neil, Kharitonova, BriggsGowan, & Wakschlag, 2015), and continues to
develop into adulthood (Decker, Otto, Daw, &
Hartley, 2016; Hunt, Burk, & Barnet, 2016; Kwak,
Payne, Cohen, & Huettel, 2015). Here, we seek to
expand upon this work by not only quantifying developmental diﬀerences in temporal schema acquisition,
but also testing how age impacts individuals’ ability to
use temporal knowledge to guide decision making a
non-temporal, reasoning task. Based on previous
work in cognitive development and the protracted
development of hippocampal—prefrontal interactions, we predict that adults will be more likely to
use schematic temporal knowledge to make reasoning decisions than either children or adolescents.
To measure age-related diﬀerences in temporal
schema formation and expression, we used a
modiﬁed version of the temporal community structure
paradigm (Schapiro et al., 2013) in children and adolescents (7–15 years old) and adults (Figure 1). Participants viewed a “parade” of cartoon characters
presented sequentially. The presentation order of
the characters was determined by random walks
through an underlying temporal community structure,
which deﬁned the statistical transition probabilities
among each of the characters (Figure 1a). To test
whether participants’ acquired knowledge of the temporal schema, participants identiﬁed which of two
sequences of characters appeared together during
the parade (Figure 1c). We further measured schema

expression by having participants complete an inductive inference task. Participants learned a fact about
one of the characters and had to select one of two
characters to which the fact also applied (Figure 1b).
One of the options was a character from the same
temporal community, while the other option was a
character from a diﬀerent community. We quantiﬁed
the degree to which participants were biased to
make inferences about the characters based on their
temporal relationships to one another, as well as
whether such temporal biases related to participants’
knowledge of the overarching temporal schema.
Together, these measures allowed us to test our
central hypotheses that: (1) temporal schema knowledge would increase with age, and (2) adults would
be more likely to use temporal knowledge to guide
inference decisions.

Materials and methods
Participants
One hundred and thirty-eight volunteers participated
in the experiment across younger child (7–9 years; n =
32, 11 females), older child (10–12 years; n = 34, 19
females), adolescent (13–15 years; n = 32, 16
females), and adult (18–35 years; n = 38, 23 females)
age groups. The consent/assent process was carried
out using age-appropriate language in accordance
with an experimental protocol approved by the Institutional Review Board at the University of Texas at
Austin. Consent was obtained from the parent of participants under 18 years. All child participants and
fourteen adults received monetary compensation of
$10 an hour for their involvement in the study.
Twenty-four additional adults participated in the
study through the University of Texas Psychology
Department participant pool and received two
research credit hours as compensation for their
involvement.
Participants were screened for psychiatric conditions using the Child Behavior Checklist (CBCL,
Achenbach, 1991), which was completed by the
parent/guardian of participants aged 6–17 years, or
the Symptom Checklist 90-Revised for adult participants (SCL-90-R, Derogatis, 1977). From the original
group of 138 participants, individuals were excluded
from all subsequent analyses if they met any of the following criteria: Children and adolescents with a CBCL
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Figure 1. Experiment phases. (a) Schematic of the temporal community structure that determined the sequence of characters during
the “parade.” While viewing the parade, participants made judgments about whether or not the presented character was “marching”
upright or had “fallen over.” Unbeknownst to the participants, each of the ﬁfteen characters was assigned to a node in the community
structure (depicted by coloured circles), with the lines representing the possible transitions between individual nodes in the structure.
Each node is connected to four other nodes in the structure; the probability of a character being preceded or followed by a connected
character in the parade sequence is equal among its four connections (0.25). This transition probability structure leads to three temporal
communities (blue, green, and orange circles), with three central (dark coloured circles) and two boundary (light coloured circles) characters per community. Central characters are only connected to members of the same temporal community; boundary characters are
connected to the three central members of the same community and one boundary character in a diﬀerent temporal community.
Boundary members of the same temporal community are not connected in the structure, therefore do not appear next to one
another in the parade sequence. (b) During the inductive inference task, one of the characters from the parade appeared at the
top of the screen, and the participants were provided with information about which kind of habitat (desert, forest, or ocean) the character preferred. Participants then chose which of two characters on the bottom of the screen shared the same habitat as the cued
character. One of the choices was always a member of the same temporal community and the other a member of a diﬀerent temporal
community. (c) During the temporal knowledge task, two three-character sequences were presented on the left and right sides of the
screen, and participants were asked to select the three-character sequence that contained “best friends” who marched together in the
parade. (d) The temporal knowledge task had three trial types: central, 1-boundary, and 2-boundaries. For all trial types, the target
sequence contained three characters from the same temporal community, while the foil sequence contained members of the three
diﬀerent temporal communities. Target sequences for central trials comprised three central members of the same community (dark
borders). For 1-boundary trials, the target contained two central (dark borders) and one boundary member (light borders) of the
same community. For 2-boundaries, the target contained the two boundary members (light borders) and one central member of
the same community (dark border). The dotted lines represent the transition probability of any two members of the three-character
sequences. [To view this ﬁgure in colour, please see the online version of this journal.]

score in the clinical range (n = 7); adults with a SCL-90R score above the normal range (greater than 1 SD
above the mean of a normative sample; n = 7); not a
native English speaker (n = 4), developmental disorder
diagnosis (n = 2); technical issues during data collection (n = 2). These exclusions yielded a group of 116

participants (60 females), whose data were included
in the analysis: Younger child (age range = 7–9 years;
mean ± SEM = 8.41 ± 0.17; n = 28, 10 females), older
children (age range = 10–12 years; mean ± SEM =
11.56 ± 0.16; n = 29, 16 females), adolescents (age
range = 13–15 years; mean ± SEM = 13.95 ± 0.12; n =
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29,14 females), and adults (age range = 18–30 years;
mean ± SEM = 21.87 ± 0.72; n = 30, 20 females).
The targeted age range (7–30 years) was selected
based on recent ﬁndings showing an extended developmental trajectory of temporal memory during this
timeframe (Pathman & Ghetti, 2014; Picard et al.,
2012; Schlichting et al., 2017) as well as corresponding
evidence for changes in hippocampal—prefrontal
cortex structure and function through adolescence
(Daugherty et al., 2016; Giedd et al., 1999; Murty et al.,
2016; Schlichting et al., 2017). The sample size was
determined from our previous work using a similar
paradigm in developmental (Schlichting et al., 2017)
and adult samples (Pudhiyidath, Schapiro, Molitor, &
Preston, 2018). The age group boundaries we report
were used for recruitment purposes to ensure a
balanced representation of individuals across the
entire developmental age range. Our analysis strategy
(see below), however, treated age as a continuous variable to limit assumptions about how age impacts
behaviour. For instance, treating age as a continuous
variable maximizes the ability to measure both linear
and nonlinear developmental patterns, which may be
important considering the non-linear maturation of
some hippocampal subregions (Schlichting et al., 2017).
Task design and procedures
Participants were tested individually in a quiet testing
room during a single testing session (approximately
60–90 min). For participants younger than 18 years,
screening forms were completed by a parent while
the participant completed their experimental
session; adult participants took ﬁve minutes to complete the screening forms at the end of the experimental session.
Temporal community structure learning
The stimuli were a set of ﬁfteen cartoon characters
(“friendly monsters”) unfamiliar to participants. At
the outset of the experiment, participants viewed
each cartoon character twice (2s each time) in a randomized order. Participants were instructed to
attend to the orientation of the characters during
this initial viewing phase because they would be
asked to judge which characters were rotated (“had
fallen over”) during the next phase of the experiment.
After initially viewing the cartoon characters, participants began the incidental temporal community

structure learning task. In this task, participants
viewed a long sequence of the cartoon characters
one at a time on the screen. Participants were
instructed to watch the “parade” of characters and
to make a button press when they believed the character was “marching” correctly and another button
press whenever they believed that the character had
“fallen over.” Unbeknownst to the participants, the
presentation order unfolded as random walks
through an underlying temporal community structure
(Figure 1a) that speciﬁed the transition probabilities
among the characters (Schapiro et al., 2013).
Each character can be considered a node in the
overall community structure, with the transition probabilities among the characters being represented as
edges (Figure 1a). Each individual character is connected to four other characters in the overall structure,
meaning that each character had an equal probability
(0.25) of being preceded or followed by one of its four
connected characters in the sequence. This pattern of
connections results in a temporal community structure with three communities, each consisting of ﬁve
characters as community members. Within each community, there are three central characters and two
boundary characters. Central community members
were always preceded and followed by members of
the same temporal community in the sequence; therefore, the transition probability of central characters to
other characters within the same temporal community
was 1.0 overall. Boundary characters, in contrast, could
be preceded or followed by any of the central
members of the same temporal community, or by a
single boundary member of a diﬀerent temporal community to which it was temporally associated. The
overall transition probabilities of boundary characters
were thus 0.75 to central members of the same community and 0.25 to the adjacent boundary character
from a diﬀerent temporal community. Notably, the
two boundary members of the same temporal community were never seen in succession of one
another, making the transition probability of two
same-community boundary members 0.0.
The presentation order of the characters was determined by walks that were generated by randomly traversing among any connected node of the overall
temporal community structure (Schapiro et al., 2013).
For each participant, we created a unique 1500-item
sequence that was divided into four learning blocks
consisting of 375 items. Across participants, the
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average walk-length within a community (i.e., the
number of times that characters from the same temporal community were presented successively) was
10 trials. On each trial, characters were presented for
1.5 s, with no inter-stimulus interval. Each 375-item
learning block lasted 9.5 min. Across participants, the
assignment of each of the ﬁfteen characters to one
of the three temporal communities and to a central
or boundary position within a community was
randomized.
The temporal community task thus has several features consistent with our operational deﬁnition of a
schema. Temporal associations must be acquired
across multiple trials and cannot be learned in a
single instance. Furthermore, the nature of the transition probabilities among characters imbues the
structure with hierarchical features. Participants must
not only extract temporal commonalities (i.e., learn
which characters belong to the same communities),
but they must also learn about the diﬀerences
between the communities. Learning about the boundary nodes within the structure can help individuals
anticipate when a shift in temporal context might
occur (i.e., a transition to a new community), allowing
them to correspondingly shift their predictions about
which set of characters might come next in the
sequence.
Importantly, during temporal structure learning,
participants were not instructed about the temporal
relationships among characters in the sequence;
rather, they completed an orthogonal orientation
detection task while viewing the sequence of characters. On each trial, participants made decisions about
the orientation of the characters during the parade,
indicating with a button press whether the character
was “marching standing up” or had “fallen over.”
Across the blocks, 20% of the cartoon characters
were rotated at a 90-degree angle (i.e., had “fallen
over”); the remaining characters were presented in
an upright orientation. Rotated characters were randomly dispersed across the blocks. Participants were
given audio feedback about their responses, with a
diﬀerent tone corresponding to correct and incorrect
responses. At the end of each learning block, participants were given feedback on their accuracy on the
orientation detection task for the immediately preceding block, which they tracked with stickers on a motivational chart. This orientation task thus directed
participants’ attention to the characters during
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learning without explicitly directing the participants
to the underlying temporal community structure. In
consideration of the developmental sample tested,
the orientation task used during temporal structure
learning in this experiment was considerably easier
than that of similar adult paradigms (Karuza, Kahn,
Thompson-Schill, & Bassett, 2017; Schapiro et al.,
2013), which used stimuli with more ambiguous orientations. In between learning blocks, participants were
given a 5-minute break, during which they complete
two simple connect-the-dot drawings.
Inductive inference task
Immediately after completing the temporal community structure learning task, participants performed
an inductive inference task. During each trial of the
inference task, one of the characters from the
parade appeared at the top of the screen
(Figure 1b), and the participants were provided with
information about which kind of habitat (desert,
forest, or ocean) the character preferred (e.g., “This
monster likes the ocean”). At the bottom of the
screen, the participants were provided with two
diﬀerent characters as choices. Unbeknownst to the
participants, one of the choices was always drawn
from the same temporal community as the cue character, while the other option was a member of a
diﬀerent temporal community. Participants were
given 8s to select the character that shared a preference for the same habitat as the character on the
top of the screen. Participants were instructed not to
rely on physical attributes to make their decision,
but rather use their experiences from the experiment
thus far to make their choice. Thus, this task allowed us
to test whether knowledge of the temporal community structure biased inference decisions.
There were 21 inference trials in total, divided into
three diﬀerent cue-choice combinations. For nine
inference trials, the cue character was a central
member of the temporal community, and the
choices were another central member of the same
community or a central member of a diﬀerent temporal community. For another six inference questions,
a boundary character served as the cue, and the
choices were a central member of the same temporal
community and the boundary member of another
temporal community to which the cue was temporally
adjacent in the community structure. The ﬁnal six
inference questions also used a boundary character
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as the cue, but the choices consisted of the other
boundary member of the same temporal community
and a central member of a diﬀerent temporal community. We included diﬀerent question types to balance
the use of central and boundary characters as cues
and choices during the inference task, noting that
the small number of trials per question type prevented
us from examining this as an additional variable in
analyses of this task.
Because there is not an objectively correct answer
for this task, we calculated an overall measure of
bias across all questions in the inference task. This
bias score was computed by subtracting the frequency with which participants inferred that the cue
shared a habitat preference with a diﬀerent community member from the frequency with which they
endorsed the same community member as sharing a
preference with the cue. A zero bias score would
thus indicate no inﬂuence of temporal knowledge
on inference performance (our null hypothesis), as
the proportion of choices would be evenly distributed
across same and diﬀerent community members.
However, if temporal knowledge does inﬂuence inference decisions, we would expect to see a positive bias
score, reﬂecting a greater tendency to infer that
members of the same temporal community share
other, non-temporal properties.
Temporal knowledge task
In the last phase of the experiment, we tested participants’ ability to detect sequences of characters drawn
from the same temporal community. During each trial,
two three-character sequences were presented on the
left and right sides of the screen in succession
(Figure 1c). The ﬁrst three-character sequence was
presented one item at a time (1s per character).
After a 1s delay, the second three-character sequence
was presented in the same manner on the other side
of the screen. The presentation order of the two
options was counterbalanced, with the left option
being presented ﬁrst on half of the trials and the
right option on the other half of trials.
On each trial, participants made judgments about
which group of characters were “best friends.” To
make their decisions, participants were instructed to
think back to the parade of characters and identify
“best friends” as those characters that were more
likely to have marched next to one another in the
parade. This task thus explicitly referenced the

temporal associations between the characters and
asked participants to select the three-character
sequence that seemed like a familiar sequence of
characters from the parade. This temporal knowledge
test and instructions were modiﬁed from our previous
work on statistical learning in developmental samples
(Schlichting et al., 2017). Participants responded by
pressing a button corresponding to the side of the
screen in which the more familiar sequence of characters had been presented. All participants had the
option of viewing the sequences twice before
making their decision.
Critically, one of the three-character sequences consisted of items from the same temporal community
(target), while the other choice comprised three characters from diﬀerent temporal communities (foil).
There were three diﬀerent test trial types during this
temporal knowledge task (Figure 1d). For central
trials, the target sequence was made up of three
central members of the same temporal community.
The foil sequence for central trials shared one central
character with the target; however, the remaining
two characters were drawn from central members of
diﬀerent temporal communities. During 1-boundary
trials, the target sequence contained two central characters and one boundary character from the same
temporal community, while the foil sequence for this
trial type shared the same boundary character with
the target, but contained two central members from
diﬀerent temporal communities as the boundary
item. Finally, for 2-boundaries trials, the target
sequence contained the two boundary characters
and one central character from the same temporal
community, whereas the foil contained one of the
same boundary characters as the target along with
the two non-adjacent boundary characters from the
other two temporal communities. Participants completed two test blocks (21 trials in each), for a total
of 42 temporal knowledge trials (18 central, 12 1boundary, and 12 2-boundaries trials). The target
sequences were seen twice across the two blocks,
with diﬀerent foil options presented during the two
test repetitions. Participants were given the option
of a short break between test blocks if needed.
The critical measure of temporal knowledge was
calculated as the proportion of trials for which participants selected the target sequence for each of the
three trial types (central, 1-boundary, 2-boundaries)
across each of the two test blocks. The temporal
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community structure deﬁnes the correct answer for
the choice between two sequences in this task; one
of the two choices always consisted of three community members, thus chance performance for this task is
calculated at 0.50. For both central and 1-boundary
trials, the target sequence consisted of three characters that were seen next to one another in the
parade, (i.e., all characters had a 0.25 transition probability to one another), while the foil contained three
characters that were never seen next to one another
in the parade (i.e., all had a 0 transition probability
to one another). We predicted that participants
would be sensitive to the diﬀerence in the transition
probabilities among elements of the target and foil
sequences for these trial types and would thus be
more likely to select the target sequence as a group
of “best friends.” In contrast, the transition probabilities that diﬀerentiate the target and foil sequences
for the 2-boundaries trials are more ambiguous
(Figure 1d); thus, we predicted that participants
would have greater diﬃculty diﬀerentiating between
target and foil sequences for 2-boundaries trials.

Results
Orientation task performance during temporal
community structure learning
Overall accuracy on the orientation task was high
across all participants (M = 0.95, SE = 0.0039),
suggesting that participants were attentive during
the sequence presentation. We used multiple linear
regression to determine how performance was
mediated by age, learning block, and character orientation (upright or rotated). One participant (female,
age = 8 years) was excluded from the orientation
task performance analysis because of a technical
issue that prevented the participant’s data from
being saved despite successful completion of the
task. The overall model was signiﬁcant (R 2 = 0.41, F
(15, 904) = 43.59, p < 0.001). We found signiﬁcant predictors of rotation status (F(1, 904) = 27.05, p < 0.001)
and an interaction between rotation status and age
(b = 0.005, t(904) = 2.27, p = 0.02). Age (b = 0.002,
t(904) = 1.59, p = 0.11) and block (F(3, 904) = 0.048,
p = 0.99) were not signiﬁcant independent predictors.
Paired t-tests revealed that participants were more
accurate at identifying the orientation of upright characters (M = 0.98, SE = 0.003) than rotated characters
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(M = 0.86, SE = 0.003, p < 0.001). To interrogate the
interaction between age and rotation status on orientation task performance, we calculated correlations
between age and accuracy for upright and rotated
characters separately, irrespective of learning block.
We found a signiﬁcant positive relationship between
age and accuracy on both upright (rs = 0.58, p <
0.001) and rotated trials (rs = 0.47, p < 0.001). We considered performance further using d-prime (d’) as a
measure of sensitivity. For each participant, d’ was calculated by subtracting the z-scored proportion of
times participants incorrectly identiﬁed a nonrotated item as rotated (i.e., false alarm response)
from the z-scored proportion of times participants correctly identiﬁed rotated trials (i.e., hit responses) across
all trials. Therefore, a higher d’ was indicative of more
accurate responses across the two trial types. We
found that participants’ sensitivity scores correlated
positively with age (rs = 0.5, p < .0001), providing
additional support for age-related improvements at
the orientation task (Figure 2b).
We further assessed how response times during the
orientation task were mediated by age, learning block,
and rotation status (upright or rotated) using multiple
linear regression. The overall model was signiﬁcant
(R 2 = 0.43, F(15, 904) = 46.90, p < 0.001), and we
found a signiﬁcant predictor of rotation status (F(1,
904) = 9.53, p < 0.001). A paired t-test revealed that
response times for upright items (M = 0.56s, SE =
0.010) were faster than for rotated items (M = 0.67s,
SE = 0.013, p < 0.001). We also observed a signiﬁcant
negative predictor of age (b = −0.014, t(904) = −7.39,
p < 0.001), with faster response times with increasing
age. Furthermore, a signiﬁcant predictor of block (F
(3, 904) = 3.40, p = 0.017) revealed response times
decreased across the four learning blocks (ﬁrst block:
M = 0.65s, SE = 0.007; second block: M = 0.62s, SE =
0.007; third block: M = 0.61s, SE = 0.007; fourth block:
M = 0.60s, SE = 0.007), indicating that participants got
faster at detecting the orientation of the characters
over the course of learning regardless of age.
Temporal knowledge task performance
We assessed participants’ knowledge of the temporal
community structure by calculating the proportion of
trials for which participants selected the target
sequence versus the foil sequence during the temporal knowledge task. We used multiple linear
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Figure 2. Orientation task performance during temporal community structure learning. (a) Overall performance on the orientation task was high with positive improvements in
performance with age. (b) Participants’ d-prime performance
for detecting rotated trials, further suggesting that performance
on the task improved with age.

regression to determine how performance was
mediated by age, trial type (central, 1-boundary, 2boundaries), test block, and d’ scores from the structure
learning task. We added d’ scores as a covariate in this
model and all subsequent analyses to control for possible attentional diﬀerences during initial temporal structure learning. The overall model was signiﬁcant (R 2 =
0.069, F(7, 682) = 7.16, p < 0.001). We found a signiﬁcant
predictor of age (b = 0.019, t(682) = 3.83, p < 0.001),
which indicated greater temporal knowledge with
increasing age (Figure 3a), as well as a signiﬁcant predictor of trial type (F(2, 682) = 8.34, p < 0.001).
Paired t-tests revealed that participants were more
accurate at selecting the target sequence for central

trials (M = 0.60, SE = 0.015) and 1-boundary trials
(M = 0.58, SE = 0.015) than for 2-boundaries trials
(M = 0.52, SE = 0.015; p < 0.001 and p = 0.01 respectively). Furthermore, a series of one-sample t-tests
conﬁrmed that accuracy at selecting the target
sequence on central and 1-boundary trials were
above chance (chance = 50%, ps < 0.001); however,
participants were no more likely to select the
target than the foil sequence on 2-boundaries trials
(p = 0.36).
The eﬀect of trial types was further qualiﬁed by an
interaction with age (F(2, 682) = 4.18, p = 0.016). To
interrogate this interaction, we conducted individual
correlations examining the relationships between
age and the probability of selecting the target
sequence for each trial type. We found a signiﬁcant
positive relationship between age and accuracy for
both central trials (rs = 0.31, p < .001; Figure 3b) and
1-boundary trials (rs = 0.32, p < 0.001; Figure 3c),
reﬂecting an increased likelihood of selecting the
target sequence with increasing age. However, we
found no correlation between performance on 2boundaries trials and age (rs = −0.065, p = 0.49;
Figure 3d). Neither block (F(1, 682) = 0.59, p = 0.44)
nor d’ scores from the structure learning task (b =
0.0061, t(682) = 0.49, p = 0.62) were signiﬁcant predictors of performance.
We also tested whether participants’ response time
when correctly selecting the target sequence was
impacted by age, trial type, or test block using multiple regression. The overall model was signiﬁcant
(R 2 = 0.13, F(6, 689) = 18.84, p < 0.001), with a signiﬁcant negative predictor of age (b = −0.046, t(689) =
−5.79, p < 0.001), indicating that older participants
selected the target sequences more quickly than
younger participants. Block (F(1, 689) = 1.75, p = 0.89)
and trial type (F(2, 689) = 0.41, p = 0.67) were not signiﬁcant predictors in the model.
Inductive inference performance
We hypothesized that prior temporal experience
would shape how participants made inferences
about the relationships among the characters. Speciﬁcally, we wanted to quantify whether there was a
greater likelihood for participants to infer that
members of the same temporal community shared
other, non-temporal properties than two characters
from diﬀerent temporal communities. To calculate
whether such a temporal bias on inference existed,
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Figure 3. Temporal knowledge task performance. (a) Participants’ selection of the target sequences during the temporal knowledge
test increased linearly with age, but age-related eﬀects on performance were mediated by trial type (central, 1-boundary, 2-boundaries)
as indicated by a signiﬁcant interaction between age and trial type. Target sequence selection increased with age for (b) central and (c)
1-boundary trials. However, there was no relationship between age and performance in the (d) 2-boundaries condition.

we computed a temporal bias score. We calculated
this score by subtracting the proportion of responses
that participants inferred that two characters from
diﬀerent temporal communities preferred the same
habitat from the proportion of trials that they
endorsed two same community members as sharing
a habitat preference. A temporal bias score of zero
would reﬂect no impact of temporal community structure learning on inductive inference, whereas positive
bias scores would indicate an inﬂuence of temporal
associations on non-temporal decision making.
Using multiple regression, we examined whether
temporal bias score was mediated by age, including
d’ scores from the initial structure learning task as a
covariate in the model. The regression model was

signiﬁcant overall (R 2 = 0.041, F(2, 112) = 3.41, p =
0.036); but neither age (b = 0.0055, t(112) = 1.19, p =
0.234) nor d’ scores from the structure learning task
(b = 0.049, t(112) = 1.54, p = 0.127) were signiﬁcant
predictors of temporal bias. However, considering
that age and d’ scores were highly correlated to one
another (rs = 0.5, p < .0001; Figure 2), when we examined the relationship between age and temporal bias
in isolation, we found a positive relationship (rs =
0.18, p = 0.054; Figure 4).
Furthermore, we found that response time during
the inference task was age-dependent. The multiple
regression model relating inference response time to
age was signiﬁcant overall (R2 = 0.11, F(1, 114) =
14.90, p = 0.0019), with a positive predictor of age (b
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Figure 4. Participants’ likelihood of inferring that two members
from the same temporal community or two members from
diﬀerent temporal communities shared habitat preferences.
Temporal bias scores greater than zero reﬂect that a participant
attributed a character from the same temporal community as
sharing a habitat preference as the cued character more often
than a character from a diﬀerent temporal community. Multiple
linear regression revealed that temporal bias scores increased
with age.

= 0.052, t(114) = 3.86, p = 0.00018). The positive
relationship between inference response time and
age indicates that older participants took longer to
make inference decisions than younger individuals.
Relationship between temporal knowledge
performance and inference decisions
To further probe how temporal relationships
inﬂuenced decision making in new contexts, we examined whether participants’ knowledge of the temporal
community structure predicted the degree of temporal bias observed in the inductive inference task
and the degree to which this relationship was
mediated by age. Using multiple regression, we
tested whether the temporal bias score was predicted
by temporal knowledge and age, adding d’ scores
from the initial structure learning task as a covariate
in the model. The overall regression model was signiﬁcant (R 2 = 0.14, F(4,110) = 5.83, p < 0.01); d’ scores (b =
0.043, t(110) = 1.43, p = 0.16) and temporal knowledge
performance (b = −0.33, t(110) = −0.82 p = 0.42) were
not signiﬁcant independent predictors. Age was a
marginally signiﬁcant independent predictor (b =
−0.030, t(110) = −1.92, p = 0.057). However, there
was a signiﬁcant interaction between age and the
degree to which temporal knowledge performance

biased inference decisions (b = 0.056, t(110) = 2.13, p
= 0.034).
To interrogate this interaction, we calculated individual correlations between temporal knowledge performance and temporal bias during inference for each
of the four age groups (Figure 5): Younger children (7–
9 years), older children (10–12 years), adolescents (13–
15 years), and adults (18–35 years). We found a positive correlation between temporal knowledge and
bias during inference in adults only (rs = 0.64, p <
0.0001). None of the younger age groups showed a
signiﬁcant relationship between temporal knowledge
and bias during inference: Younger children (rs =
0.017, p = 0.93), older children (rs = 0.037, p = 0.85),
and adolescents (rs = 0.055, p = 0.78). Furthermore,
the correlation between temporal knowledge and
bias during inference in adults was signiﬁcantly
diﬀerent from the correlations observed in each of
the other age groups (ps < 0.01).

Discussion
In the present study, we observed age-related increases
in temporal schema formation. Participants’ ability to
incidentally extract knowledge about temporal statistics from a continuous stream of information
improved into adulthood. Older participants were
more likely to identify sequences of characters that
shared temporal relationships (i.e., were members of
the same temporal community) as more familiar than
characters that were not seen close together in time
(i.e., were characters from diﬀerent temporal communities). Furthermore, older participants were more
likely to use this knowledge to guide choices during
inductive inference. When asked to infer which characters shared non-temporal properties (i.e., habitat preferences), older participants showed an increased bias to
select members of the same temporal community.
We further observed age-dependent eﬀects on the
relationship between temporal schema knowledge
and temporal bias during inference. Only in the adult
group was the degree of temporal bias on inference
decisions directly proportional to participants’ temporal
knowledge. Together, these ﬁndings indicate that the
ability to form temporal schemas and apply them
ﬂexibly to inform decision making in new settings continues to improve into adulthood.
Recent theories on schemas have put considerable
eﬀort into outlining their core operational properties
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Figure 5. Relationship between temporal knowledge and temporal bias during inference. (a) Across all participants, inference bias can
be predicted from participants’ ability to identify familiar character sequences (targets) during the temporal knowledge task. However,
the relationship between temporal bias during inference and temporal sequence knowledge varied with age. While (b) younger children (7–9 years), (c) older children (10–12 years), and (d) adolescents (13–15 years) showed no relationship between temporal bias and
temporal knowledge, temporal knowledge was predictive of the degree of temporal bias observed during inference in (e) adults.

(Ghosh & Gilboa, 2014; McKenzie et al., 2014; Preston
et al., 2017). While debate remains, current theories
generally agree that schemas are hierarchical knowledge structures that are built across multiple experiences by forming links among common episodes
and diﬀerentiating events that predict distinct outcomes. The temporal community structure task in

the present study has features consistent with this
deﬁnition as well as with other tasks from the neuroscience literature on schemas (Baraduc, Duhamel, &
Wirth, 2019; McKenzie et al., 2014; Tse et al., 2007;
Tse et al., 2011). In this task, knowledge of the temporal transition properties among characters cannot
be learned from a single exposure, but must be
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extracted across multiple walks through the sequence.
The transition probabilities themselves deﬁne a hierarchical structure, in which the boundary nodes
predict transitions to diﬀerent temporal contexts (or
task states) that shift expectations about what might
come next in the sequence. Our data further indicate
that representation of such temporal commonalities
and diﬀerences in adulthood guides inference in
new task contexts, another key property ascribed to
schemas (Gershman et al., 2017; Varga et al., in
press). The developmental diﬀerences observed in
the present study indicate that the ability to extract
temporal structure from the environment and
deploy that knowledge ﬂexibly to guide behaviour in
new settings continues to be reﬁned through
adulthood.
Statistical learning abilities are present early in life.
Infants exhibit sensitivity to the structure of multimodal (Lewkowicz, 2004, 2008) and everyday event
sequences (Baldwin, Baird, Saylor, & Clark, 2001).
They also detect regularities in syllable structure in
continuous speech, discriminating triplets of syllables
that are spoken together most frequently (Saﬀran
et al., 1996). While the capacity to learn temporal regularities emerges early in development, recent ﬁndings
indicate that such abilities undergo a prolonged
period of reﬁnement during childhood and adolescence. The ability to bind items to their temporal contexts continues to develop through childhood (Lee
et al., 2016; Pathman & Ghetti, 2014; Picard et al.,
2012). However, the ability to relate items to one
another based on their shared temporal properties
shows an even more protracted developmental trajectory, extending through adolescence (Lee et al., 2016).
For instance, one recent study of visual statistical
learning showed that while children and adolescents
recognize triplet sequences whose elements always
appeared successively within a continuous stream of
visual input, their performance did not reach adult
levels (Schlichting et al., 2017). Rather, the results
revealed a linear increase in visual statistical learning
from 6 years into adulthood. The present ﬁndings
provide converging evidence that the ability to learn
probabilistic temporal associations and organize the
statistical structure of the environment into temporal
schemas is reﬁned into adulthood.
Speculatively, the reﬁnement of temporal schema
acquisition may be associated with the development
of the hippocampal—prefrontal circuit that has been

linked to schema representation in adults. Both
rodent (Farovik et al., 2015; McKenzie et al., 2014;
Place, Farovik, Brockmann, & Eichenbaum, 2016;
Wikenheiser & Schoenbaum, 2016) and adult human
studies (Collin, Milivojevic, & Doeller, 2015; Garvert,
Dolan, & Behrens, 2017; Schapiro et al., 2016; Schlichting & Preston, 2016; Schlichting, Mumford, & Preston,
2015) indicate that hippocampus and prefrontal
cortex work in concert to integrate information
across multiple experiences, resulting in highly-structured representations that code the commonalities
among and diﬀerences between individual events. In
developmental samples, the structural maturity of hippocampus and prefrontal cortex is predictive of individuals’ ability to extract knowledge about temporal
regularities and the associative commonalities across
multiple events (Bauer, Dugan, Varga, & Riggins, In
press; Schlichting et al., 2017).
Development of the pathways connecting hippocampus and prefrontal cortex may be particularly
involved in the reﬁnement of integrative learning abilities that are critical for forming associations across
time (Murty et al., 2016). In the present study, learning
the transition probabilities among the characters
requires integrating information from one trial to the
next as well as over the course of multiple learning
blocks. Maintenance of information across extended
delays (Bahner et al., 2015) and reinstatement of
associative predictions (Doll, Duncan, Simon,
Shohamy, & Daw, 2015; Zeithamova, Dominick, &
Preston, 2012) are both associated with increased hippocampal—prefrontal interactions in adults. Moreover, the structural integrity of the uncinate
fasciculus pathway that connects hippocampus and
prefrontal cortex has been linked to memory integration ability in adults (Schlichting & Preston, 2016).
Notably, this pathway exhibits an extended developmental time course (Petanjek et al., 2011), with continued maturation into the third decade of life
(Simmonds et al., 2014). While we did not collective
brain measures in the present study, one possibility
is that the immaturity of hippocampal—prefrontal
connections may limit children and adolescents’
ability to track associative structure across long
periods of time, such as in the present temporal community learning task. The protracted development of
the uncinate fasciculus may further explain the
observed variability in temporal schema learning in
our adult sample, which included individuals 18–25
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years of age, when the uncinate fasciculus is still developing. An important future direction of the present
work will be to quantify how developmental diﬀerences in temporal schema acquisition are predicted
by the structural and functional maturity of hippocampal—prefrontal connectivity.
Future extensions of the present study might
further explore how performing an incidental task
during temporal community structure learning inﬂuences developmental participants’ ability to learn temporal regularities. We chose to have participants
perform an incidental learning task to ensure sustained attention to the character sequence during
learning. Our selection of an orientation task was
based on prior adult studies of temporal community
structure learning (Karuza et al., 2017; Schapiro et al.,
2013), which we modiﬁed to be appropriate for our
youngest participants. While all participants were
able to perform the orientation task well and demonstrate sustained attention, we did observe age-related
diﬀerences in performance on this incidental task
during temporal structure learning. However, when
we controlled for such diﬀerences in attentional
demand, we continued to observe age-related diﬀerences in temporal knowledge acquisition and its
inﬂuence on inductive inference decisions. Our prior
work in adults using computational modelling
approaches shows the important role that attention
plays in schema formation (Mack, Love, & Preston,
2016; Mack et al., 2018; Mack, Preston, & Love, 2019).
In the present study, it is possible that having an incidental task produced additional constraints on learning, which may have diﬀerentially impacted younger
participants. However, by controlling for diﬀerences
in attentional demand during learning in all of our
analyses, we show that age-related diﬀerences in
attention are not the sole factor underlying the developmental increases in temporal schema acquisition
and expression.
One challenge for the present work is that the explicit nature of our temporal knowledge test may not be
sensitive enough to detect younger participants’
knowledge of the temporal schema. Statistical learning is thought to share underlying mechanisms with
other implicit learning tasks that require the extraction
of associative structure from the environment (Batterink, Paller, & Reber, 2019; Shohamy & Turk-Browne,
2013). Thus, an implicit marker of memory may have
provided additional sensitivity to the presence of
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temporal knowledge at younger ages. For instance,
several other studies of statistical learning have used
familiarity judgements to assess temporal memory,
rather than making explicit references to temporal
sequences at test (Destrebecqz & Cleeremans, 2001;
Fiser & Aslin, 2002; Turk-Browne, Jungé, & Scholl,
2005). Another possibility would be to employ eye
movement measures to track memory for statistical
relations as has been done in other developmental
studies of statistical learning (Yu & Smith, 2011). Eye
movements capture latent knowledge of associative
information in both children (Pathman & Ghetti,
2014) and adults (Hannula & Ranganath, 2009). In
future studies, combining eye tracking with our temporal knowledge task might provide additional sensitivity to measure the developmental emergence of
temporal schema acquisition.
Despite this limitation of the temporal community
learning task, our ﬁndings indicate that even when
temporal knowledge is acquired, there are agerelated diﬀerences in how such knowledge is
deployed to guide decision making. Little work in
either adult or developmental populations has directly
examined how knowledge of temporal statistics
biases decision making in new task contexts. One
notable adult example observed a transfer of value
information across pairs of images that shared a deterministic temporal relationship (Wimmer & Shohamy,
2012). The present ﬁndings extend upon that work
to show that knowledge of complex probabilistic temporal statistics biases how people reason about the
non-temporal relationships among event elements.
Furthermore, we show that temporal biases on inductive reasoning are most prevalent in adults, indicating
that generalization of temporal schema knowledge
increases into adulthood.
One factor that may underlie the observed agerelated diﬀerences in how temporal schema knowledge inﬂuences reasoning is the representational
overlap among temporal community members.
Increases in representational similarity have been proposed to underlie developmental changes in inductive
generalization (Fisher, Godwin, & Matlen, 2015). In
adults, patterns of hippocampal and prefrontal activity
elicited by members of the same temporal community
are more similar than those elicited by members from
diﬀerent communities (Schapiro et al., 2013; Schapiro
et al., 2016). Moreover, in adults, overlapping representation of two events in hippocampus facilitates

16

A. PUDHIYIDATH ET AL.

inference about their unobserved relationships
(Schlichting, Zeithamova, & Preston, 2014). Similar
ﬁndings have been observed in rodent studies,
wherein increased representational overlap within
hippocampus promotes generalization of learned
information from one context to another (Cai et al.,
2016; McKenzie et al., 2014). Maturation of the hippocampal binding (Geng et al., 2019; Ghetti et al., 2010)
and diﬀerentiation (Keresztes et al., 2017; Ngo et al.,
2019) mechanisms that promote representation of
commonalities (through overlap) and diﬀerences
(through pattern separation) may therefore underlie
developmental diﬀerences in inductive generalization.
Generalization of temporal knowledge to guide
reasoning decisions may further require a level of
behavioural ﬂexibility not evident until adulthood.
Children require a high degree of overlap between
learning and test contexts to retrieve associative
knowledge (DeMaster et al., 2016). Development of
hippocampal—prefrontal interactions may critically
underlie the ability to express knowledge ﬂexibly in
new task contexts (Decker et al., 2016; Hunt et al.,
2016; Kwak et al., 2015; Voss et al., 2015). For instance,
one recent study observed age-related diﬀerences in
hippocampal—prefrontal engagement that predicted
developmental diﬀerences in the ability to retrieve
prior knowledge to guide decision making when the
task context changed (Voss et al., 2015). Notably,
several older children and adolescents in our sample
were able to acquire knowledge of the temporal
relationships among the characters; however, in
none of the developmental age groups was temporal
knowledge related to their inference decisions. This
ﬁnding suggests that the mechanisms that support
the ﬂexible expression of schema knowledge are not
fully developed until adulthood.
An additional important question for future work
using this task is the role that consolidation might
play in schema acquisition and expression. Many theories of schemas highlight the important role that
sleep and consolidation play in knowledge extraction
(Buckner, 2010; Lewis & Durrant, 2011; Schapiro,
McDevitt, et al., 2017; Wang & Morris, 2010). In particular, replay of experiences during sleep is thought to
strengthen representation of commonalities that are
shared across multiple experiences, while pruning
idiosyncratic details from memory representations
(Lewis & Durrant, 2011). Consolidation-related replay
may also play an important role in emphasizing

goal-relevant diﬀerences among memories that lead
to the formation of hierarchical knowledge structures
(Schapiro, McDevitt, et al., 2017; Ritvo, Turk-Browne, &
Norman, 2019). In the present study, all learning and
testing was performed within a single experimental
session; thus, the conclusions we can draw about
developmental diﬀerences in performance are
limited to processes related to initial schema formation. An interesting future direction would be to
test age-related diﬀerences in performance after
longer delays, including intervals of sleep, (Gómez,
Bootzin, & Nadel, 2006; Sandoval, Leclerc, & Gómez,
2017). Recent work suggests that children beneﬁt
more than adults from sleep-related consolidation
(Wilhelm et al., 2013), and it is possible that children’s
knowledge of the temporal structure would improve
over an interval of sleep. While this question is
beyond the scope of the present work, future
studies aimed at testing this hypothesis would
provide additional important information about
schema representation during development.
In summary, our ﬁndings reveal age-related diﬀerences in the initial acquisition and expression of temporal schema knowledge. The present ﬁndings
contrast to some degree with a recently proposed
model of memory development (Keresztes, Ngo, Lindenberger, Werkle-Bergner, & Newcombe, 2018),
which suggests that the mechanisms for the acquisition of statistical regularities and generalization are
in place early in life while those supporting diﬀerentiation emerge late in development. Instead our
ﬁndings indicate that representation of commonalities
and diﬀerences both undergo extended reﬁnement
through development. Moreover, we show that there
is a protracted development of generalization ability,
which extends through adolescence. Very few studies
have explored these behaviours in adolescence, and
there is a growing appreciation that adolescence is a
unique developmental time period (Casey, 2015). Our
ﬁndings show that even adolescents are less likely
than adults to extend their knowledge to new settings,
which has important implications for conceptual
knowledge acquisition, reasoning behaviours, and
decision making during this developmental period.
The protracted development of schema expression
observed here may stem from the maturation of prefrontal control mechanisms that inﬂuence formation
of hierarchical memory representations within hippocampus (Mack et al., 2016; Murty et al., 2016). In

COGNITIVE NEUROPSYCHOLOGY

particular, the protracted development of the anterior
hippocampus (DeMaster et al., 2014; Ghetti & Bunge,
2012; Petanjek et al., 2011; Schlichting et al., 2017),
which is preferentially connected to prefrontal cortex
(Barbas & Blatt, 1995; Cavada, Company, Tejedor,
Cruz-Rizzolo, & Reinoso-Suarez, 2000), may underlie
to developmental increases in schema formation and
expression that we observe through adolescence in
the present study. Future neuroimaging studies using
representational analysis approaches (Kriegeskorte,
Mur, & Bandettini, 2008) may aid in the resolution of
diﬀerent theoretical perspectives on knowledge acquisition and generalization during development. Such
methods may help identify when distinct hippocampal
and prefrontal computations supporting the representation of commonalities and diﬀerences (Schapiro,
Turk-Browne, Botvinick, & Norman, 2017) come online
during childhood and adolescence, resulting in developmental changes in both learning and decision
making.
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