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ARTICLE INFO ABSTRACT

Keywords: In studies of children’s categorization, researchers have typically studied how encoding characteristics of ex-
Categorization emplars contribute to children’s generalization. However, it is unclear whether children’s internal cognitive
Forgetting processes alone, independent of new information, may also influence their generalization. Thus, we examined
g:[zzﬂzaﬁon the role that one cognitive process, forgetting, plays in shaping children’s category representations by conducting

three experiments. In the first two experiments, participants (Ngxp1 = 37, Mgge = 4.02 years; N2 = 32, Mgge =
4.48 years) saw a novel object labeled by the experimenter and then saw five new objects with between one and
five features changed from the learned exemplar. The experimenter asked whether each object was a member of
the same category as the exemplar; children saw the five new objects either immediately or after a 5-minute
delay. Children endorsed category membership at higher rates at immediate test than at delayed test, suggest-
ing that children’s category representations became narrower over time. In Experiment 3, we investigated
forgetting as a key mechanism underlying the narrowing found in Experiments 1 and 2. We showed participants
(Ngxp3 = 34, Mgge = 4.20 years) the same exemplars used in Experiments 1 and 2; then, either immediately or
after a 5-minute delay, we showed children seven individual object features and asked if each one had been part
of the exemplar. Children’s accuracy was lower after the delay, showing that they did indeed forget individual
features. Taken together, these results show that forgetting plays an important role in changing children’s newly-
learned categories over time.

Cognitive development

Introduction

Categorization is critical for cognition and development. Learning
categories allows children to structure and understand the world, thus
affording inferences to new experiences (Harnad, 2005; Horst &
Simmering, 2015). A key process in successfully forming categories is
abstraction—that is, determining the underlying features that category
members do and do not have in common (e.g., Son et al., 2008; Vlach,
2014). Because category exemplars are rarely encountered en masse,
children typically encode individual exemplars as they are encountered,
and then abstract across those experiences to form categories (e.g.,
Diesendruck & Peretz, 2013; Graham et al., 2012; Lawson & Fisher,
2011). Prior research has examined how encoding new exemplars leads
to changes in children’s abstraction and inferences (e.g., Booth, 2014;
Gelman & Markman, 1987; Goldenberg & Sandhofer, 2013; Graham
et al., 2012; Lawson & Fisher, 2011; Perry et al., 2010; Sloutsky et al.,
2007; Vlach et al., 2012; Vlach & Sandhofer, 2011). In the present study,

we examined whether other factors—independent of experience with
multiple category exemplars—contribute to changes in children’s
generalization. Specifically, we examined whether category represen-
tations naturally shift over time, independent of new learning, and
whether this shift could be due to basic cognitive processes, such as
forgetting.

Most research on children’s categorization has examined how new
learning affects category representations. For instance, researchers have
examined how children’s generalizations change as they encounter
additional exemplars, depending on the complexity (e.g., Son et al.,
2008), variability (e.g., Lawson & Fisher, 2011; Perry et al., 2010), and
number (e.g., Ross et al., 1986; Twomey et al., 2014) of exemplars
presented. Researchers have also examined how changes in task features
can influence children’s generalization (e.g., Flack & Horst, 2018;
Gathercole et al., 1995; Samuelson et al., 2009; Samuelson & Smith,
2000; Schonberg et al., 2020; Yoshida & Smith, 2003). This work has
revealed that children are sensitive to different types of
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information—perceptual, conceptual, and causal—that are provided
about exemplars (e.g., Booth, 2014; Booth & Waxman, 2002; Die-
sendruck & Peretz, 2013; Graham, Booth, & Waxman, 2012; Nelson,
Frankenfield, Morris, & Blair, 2000; Opfer & Bulloch, 2007; Sloutsky,
Kloos, & Fisher, 2007; Smith, Jones, Yoshida, & Colunga, 2003; Gelman
and Markman, 1987). Finally, children’s use of this information in
generalization changes across infancy and early childhood (Fisher &
Sloutsky, 2005; Hayes & Rehder, 2012; Sloutsky et al., 2007; see Fisher,
2015, for a review).

Researchers have also observed that category representations start
out somewhat broad and become narrower and more refined with more
category experience (e.g., Quinn et al., 2001; Smith & Kemler, 1977;
Unger & Fisher, 2019). For example, 3-4 month-old infants show more
differentiated categories than neonates; they can differentiate between
shapes such as circles and triangles (Quinn et al., 2001). This increased
differentiation is thought to be a result of infants’ increasing experience
with the tested categories (e.g., Quinn, 2004; Quinn et al., 2001; Quinn
& Johnson, 2000; Quinn & Tanaka, 2007). Moreover, real-world
learning experiences help children refine their category representa-
tions. Children who attended a zoo-based educational summer camp
showed greater differentiation among animal categories than children
who attended a control camp, even after accounting for children’s pre-
camp category representations (Unger & Fisher, 2019; see also Vales
et al., 2020).

Because research to date has focused on how children’s learning of
additional information and/or exemplars changes abstraction, less is
known about whether factors beyond additional learning experiences
lead to shifts in generalization. We hypothesize that basic cognitive
processes—independent of encountering new information about a cat-
egory—can alter the way that children abstract and generalize. One
internal mental process that plays an important role in cognition is
forgetting. As time passes after exposure to information, memory for the
details of that information begins to diminish according to a curvilinear
pattern, often referred to as a forgetting curve (Cepeda et al., 2006;
Ebbinghaus, 1885/1913). That is, forgetting causes shifts in learners’
ability to retain and retrieve information over time. As most categories
in the real world are learned via exposures to single instances spaced
apart in time, it is important to understand the role that forgetting across
time plays in shifting children’s category representations.

Research suggests that forgetting of these features between exemplar
presentations can affect children’s categorization and generalization (e.
g., Vlach et al., 2012, 2014; Vlach & Sandhofer, 2012; for a review, see
Vlach, 2014; 2019). In these studies, researchers have manipulated the
amount of time that elapses between presentation of exemplars during
learning (Slone & Sandhofer, 2017; Vlach et al., 2008), as well as be-
tween learning and test (e.g., Perry et al., 2016), or both (Vlach et al.,
2012). Because children rapidly forget new information, researchers
commonly use short time delays (e.g., 5 min) to assess learning and
forgetting across time (Horst & Samuelson, 2008; Karaman & Hay,
2018; Vlach et al., 2012). These studies have found that allowing chil-
dren time to forget between multiple learning events is helpful for
generalization. According to the forgetting-as-abstraction account (Vlach,
2014), forgetting supports generalization because it allows for category-
irrelevant features to diminish in memory. At the same time, memory for
category-relevant features is maintained because these features are
encountered with each new exemplar, reactivating their representations
and thus slowing forgetting. As time passes, irrelevant features are
forgotten and relevant features are more likely to be remembered. Thus,
when children are engaging in the process of abstraction and general-
ization, they are more likely to remember the relevant features for
categorization.

Although the existing literature suggests that forgetting is a mecha-
nism underlying children’s categorization and generalization, the effects
of forgetting and new learning remain enmeshed. That is, forgetting as a
mechanism has always been studied in tandem with multiple instances
of new learning. Thus, the goal—and novel theoretical contribution—of
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the present study is to examine whether forgetting alone leads to
changes in category representations in the absence of new learning.
Indeed, this work serves to build previous theories, such as forgetting-as-
abstraction theory, in a new direction.

Given what we know about how forgetting shapes learning, there are
two competing possibilities for how forgetting might shift categoriza-
tion. On the one hand, as time passes after an exposure to an exemplar,
category representations could become broader. That is, as individual
details of an exemplar are forgotten, the category representation be-
comes less specific and able to accommodate a wider variety of items.
Indeed, there is evidence that across early development, generalization
becomes more flexible with the passage of time (e.g., Borovsky & Rovee-
Collier, 1990; see also Barr & Brito, 2013; McGaugh, 2000).

On the other hand, as time passes after exposure to an exemplar,
category representations might become narrower. If some details of the
exemplar are retained but most details are forgotten, a learner may not
recognize a subsequent exemplar as a category member if it contains
only the forgotten details. If a learner is relying on the presence of a few
retained details when deciding how to categorize new exemplars, they
may generalize more narrowly, only identifying objects that contain
those specific details as category members. For example, in one study
(Wojcik, 2017), 2-year-olds’ category representations became narrower
with time: they were less likely to generalize a category label to a novel
exemplar after a 1-week delay relative to a 1-minute delay. This research
converges with findings from other studies in which children were
presented with additional learning events; the pattern of broad-to-
narrow is commonly found in research examining shifts in children’s
boundaries (e.g., Quinn et al., 2001; Quinn & Johnson, 2000; Unger &
Fisher, 2019; Vales et al., 2020).

Thus, in the present study, we investigated whether children’s
forgetting of exemplar features led to shifts in their subsequent gener-
alizations. In Experiments 1 and 2, we asked children to categorize novel
objects either immediately after exposure to an exemplar or after a 5-
minute delay. We hypothesized that children’s generalizations would
become narrower after a delay, due to their forgetting of the initial
exemplar. In Experiment 3, we examined whether forgetting of exem-
plar features occurred during the 5-minute delay. If so, this would
provide evidence that forgetting was the mechanism underlying our
findings from Experiments 1 and 2.

Experiment 1
Data Availability

All stimuli, data, and analysis code for the experiments are available
at https://osf.io/h5wz9/.

Method

Participants. Three- to five-year-old children (N = 37, Mg = 4.02
years, range = 3.15-5.27 years, 18 girls, 19 boys) were recruited from
preschools and childcare centers in a Midwestern US city to participate
in this study. To determine a sample size, effect sizes were gathered from
previous studies examining children’s generalization at various time
delays (ds > 0.55, nﬁ >.396; e.g., Slone & Sandhofer, 2017; Vlach et al.,
2012). A power analysis for a linear mixed effects model that includes
two main effects, as well as @ =.05 and d = 0.55, yielded a sample size of
24 participants to achieve 80% power (Judd et al., 2016; Westfall et al.,
2014). We chose this developmental period because children’s memory
and generalization change rapidly during the preschool years (e.g.,
Diesendruck & Peretz, 2013; Gathercole, 1998; Huang-Pollock et al.,
2011; Lawson & Fisher, 2011), which means there is a high likelihood of
observing variability across participants. The sample was 16.2% Asian/
Asian-American, 75.6% White, and 8.1% multiracial; 5.4% of the sam-
ple was Hispanic, and 94.6% was not Hispanic. 97.3% of participants
had at least one parent who had completed a 4-year college degree or
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higher. Children received a book for participating in the study. An
additional 2 children participated in the study but were removed from
the final sample for being off task.

Materials and Stimuli. Twelve sets of images of novel object cate-
gories (six animate, six inanimate) were created using Microsoft Pow-
erPoint (see Fig. 1). Novel objects and words were used to minimize the
role of prior experience and to model children’s categorization of newly
acquired information (e.g., a baby hearing the word “dog” during the
first encounter with a dog). Animate and inanimate object categories
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were modeled after stimuli used in previous research on categorization
(e.g., Horst & Hout, 2016; Sloutsky et al., 2007; Sumner, DeAngelis,
Hyatt, Goodman, & Kidd, 2019), and animacy was denoted through
facial features (e.g., eyes, mouth). Each category consisted of one
multicolored exemplar with shape-based features and five test items.
Each test item had one, two, three, four, or five shape-based feature
changes relative to the exemplar. The colors used in the stimuli changed
randomly across items so that shape would be the only reliably-changing
feature. Five features were selected randomly to change, in a random
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Fig. 1. Stimuli and experimental procedure for Experiments 1 and 2, Note. Twelve total categories (6 animate, 6 inanimate) were assigned novel names. Children saw
one exemplar during the learning phase and were shown 5 test items during the testing phase (either immediately or after a 5-minute delay). In Experiment 1, the
number of feature changes increased sequentially from 1 to 5. In Experiment 2, the number of feature changes was random on each trial.
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order, across test items. For the animate categories, the eyes or mouth
never changed, as they are central cues to animacy (e.g., Anderson,
Meagher, Welder, & Graham, 2018; Looser & Wheatley, 2010). Feature
changes were additive, such that items with more than one feature
change retained the changed features of the preceding items. For
example, if the exemplar had a circle and the one-feature-change object
had a triangle in its place, the rest of the feature-change objects also
contained a triangle. Visual stimuli were processed and presented in a
Microsoft Office PowerPoint presentation on an iPad (height: 11.03 in.,
width: 8.46 in., display: 12.9 in.).

Each novel object category was paired with a novel label (e.g.,
“boskot,” “fipple”) from the Novel Object and Unusual Name (NOUN)
database (Horst & Hout, 2016). Two sets of category-label pairs and
category orders were used; in each set, labels were randomly paired with
objects, and object categories were randomly ordered.

Design. This experiment used a within-subjects design; children
participated in both an immediate test phase and a 5-minute delayed test
phase. The six categories that were seen in the immediate and delayed
conditions were different. Independent variables of interest included
condition (immediate vs. delayed), the number of feature changes from
the original training exemplar (1-5), and trial order. The dependent
variable of interest was whether participants endorsed a test trial as
belonging to the exemplar category (“Yes” = 1, “No” = 0). All analyses
were conducted in R (version 3.5.2) using the packages Ime4 (Bates
et al., 2015), ImerTest (Kuznetsova et al., 2017), emmeans (Lenth, 2020),
and MuMIn (Barton, 2020).

Procedure. Children were tested alone in a quiet room or a quiet
corner of their classroom. There were two phases of the experiment: (1)
a familiarization phase and (2) a learning and testing phase.

Familiarization phase. Children were first trained in the experi-
mental procedure using familiar objects. Using an iPad to display the
images, the experimenter showed a picture of a car for 10 s, labeling it
four times (e.g., “This is a car! Do you see the car? This is called a car. It’s
a car.”). Then, the experimenter said “Now I’'m going to show you more
pictures and ask if they are cars. If it is a car,  want you to say ‘yes, it’s a
car.” If it’s not a car, I want you to say ‘no, it’s not a car.” The experi-
menter then showed five images, one at a time, asking “Is this a car, or is
this not a car?” for each one. To teach children that “no” was an
acceptable response in this paradigm, three images were cars and two
images were not cars. In the case of an incorrect response, children were
corrected and given the opportunity to try again until they were correct.

Learning and testing phase. After the familiarization phase, chil-
dren were taught the names of 12 novel object categories (see Fig. 1).
For each category, the exemplar was shown for 10 s and labeled four
times by the experimenter. Only a single exemplar was shown before the
test items because we were interested in whether time alone, absent
additional learning, affected children’s category boundaries. Test items
were shown in order of the number of features changed—that is, the first
item had one feature changed from the exemplar and the fifth item had
five features changed from the exemplar. For each test item, the
experimenter asked the child “Is this a [label], or is this not a [label]?”
and recorded the child’s response. If the child responded “I don’t know”,
their response was coded as a failure to endorse the test item as part of
the category.

Categories were either tested immediately, or after a 5-minute delay
to determine how the passage of time affects children’s categorization.
For immediate test categories, five test items were shown immediately
after the exemplar. For delayed test categories, there was a 5-minute
delay between when children were shown the exemplar and when
they were shown the five test items; during the delay, children played
with Play-Doh. A 5-minute delay has been shown to be sufficient for
children to forget during category-learning tasks (e.g., Vlach et al.,
2008). Two presentation orders were created by randomly assigning
three animate and three inanimate objects to the immediate condition
and three animate and three inanimate objects to the delayed condition.
Children were randomly assigned to one of the two orders to
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counterbalance item and condition assignments across children. In both
presentation orders, children were presented with the immediate test
categories first and the delayed categories second.

The entire experiment took approximately 15 min to complete.

Results

We were interested in whether children’s categorization of new ob-
jects would change after a delay. Specifically, we hypothesized that
children would be less likely to endorse an item as part of the category
after the 5-minute delay. Therefore, a logistic generalized linear model
was constructed to assess the extent to which condition and number of
feature changes from the first category exemplar affected children’s
likelihood—or log odds—of endorsing an exemplar as part of the cate-
gory (“Yes” =1 or “No” = 0). The maximal model was as follows: glmer
(Endorsement ~ Condition + Number of Feature Changes + (1 + Con-
dition + Number of Feature Changes | Participant). The fixed effect of
condition was contrast coded (“Immediate” = —0.5, “Delayed” = 0.5).
The fixed effect of number of feature changes was repeated coded, such
that each feature change was compared to the prior feature change (2 vs.
1 changes, 3 vs. 2 changes, 4 vs. 3 changes, 5 vs. 4 changes; see Schad
et al., 2020 for a review of contrast coding). We used this approach
because we predicted that learners would compare each new item with
the previous item to determine the category boundary. That is, if chil-
dren endorsed an item as a “wug” after three feature changes, they might
compare a new item with four feature changes to the previous one to
determine whether the new item is also a “wug”.

We first constructed a model with a by-subject random intercept only
and added either a by-subject random slope for condition, a by-subject
random slope for item, or a by-subject random slope for condition and
item. We then assessed how model fit changed using pairwise likelihood
ratio tests (see Supplementary Material for model output). The model fit
was improved with the addition of a by-subject random slope for con-
dition, y%(2) = 83.91, p <.001, in comparison to a by-subject intercept
only model. Similarly, model fit was improved with the addition of a by-
subject random slope for item, y%(14) = 34.83, p = 0.002. However, the
best model fit included a by-subject random slope for item and condi-
tion, ¥%(18) = 34.44, p = 0.01. The addition of age did not significantly
improve fit of the final model Xz(l) = 2.34, p =0.13, and did not change
the pattern of the results. Thus, we report the model without participant
age below.

The logistic effects model revealed a significant main effect of con-
dition, B = -1.02, SE = 0.50, z = -2.03, p = 0.04; OR = 0.36, 95% CI =
0.13-0.97, such that children were 64% less likely to endorse a category
member in the delayed condition than the immediate condition
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Fig. 2. Children’s mean category endorsements in Experiment 1, Note. Mean
category endorsements across number of feature changes for the immediate and
delayed condition in Experiment 1. Generalized linear mixed effects models
revealed a significant main effect of condition, such that children were less
likely to endorse a category exemplar after the 5-minute delay.
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(Mimmediate =-79, SE =.053, Myelayed =-61, SE =.053; see Fig. 2 for mean
category endorsements across condition and number of feature
changes). There was also a significant main effect of number of feature
changes: Participants were 74% less likely to endorse the exemplar when
it had 5 vs. 4 feature changes from the initial category exemplar, B =
-1.33, SE = 0.41, z = -3.28, p =.001; OR = 0.26, 95% CI = 0.12-0.59
(MFourFeatures :~68, SE :~056; MeFiveFeatures =.62, SE :-056)-

Taken together, these results show that children are sensitive to
objects’ feature changes and are less likely to consider an object as a
category member if it shares fewer features in common with the initial
exemplar. Furthermore, these findings suggest that children’s category
representations became narrower after they were given time to forget
the exemplar during the delay: Children were less likely to endorse
objects’ category membership when they were tested after a delay
compared to when they were tested immediately.

Experiment 2

The results in Experiment 1 suggest that children’s generalizations of
category boundaries become narrower over time, such that children
endorsed category membership for a narrower range of objects when
they were tested after a 5-minute delay as opposed to immediately after
exposure to the exemplars. However, in Experiment 1, feature changes
were always presented in order (i.e., the first test item always had one
changed feature and the fifth test item always had five changes).
Therefore, it is possible that children’s generalizations were changing as
a function of how many exemplars within a category they had already
judged—perhaps they were more likely to say “no” in later trials due to
fatigue or boredom, rather than due to a real decision about an item’s
category membership. Experiment 2 addressed this possibility by
randomizing the order of the test trials for each category. That is, the
number of features that changed were no longer presented sequentially
as in Experiment 1.

Method

Participants. Three- to five-year-old children were recruited from
preschools and childcare centers in a Midwestern US city to participate
in this study (N = 32, Mg = 4.48 years, range = 3.13 — 5.53 years, 18
girls, 14 boys). Because this experiment was identical in design to
Experiment 1, we used the same power analysis to determine sample size
and the same rationale for the age range of participants. The sample was
6.5% Asian/Asian-American, 74.2% White, and 16.1% multiracial;
3.4% of the sample was Hispanic, and 96.6% was not Hispanic. 93.4% of
participants had at least one parent who had completed a 4-year college
degree or higher. Children were recruited and compensated in the same
way as described in Experiment 1. An additional 3 children participated
in the study but were removed from the final sample for being off task.

Materials, Stimuli, and Design. Same as Experiment 1.

Procedure. The procedure was the same as that of Experiment 1,
except that test items were shown in a random order (as opposed to
being ordered by the number of features changed from the original
exemplar).

Results

In this experiment, the test stimuli were randomly ordered to
determine whether children’s category representations became nar-
rower due to the pattern in the changing object features in Experiment 1
or due to the passage of time. We conducted the same analyses as in
Experiment 1: a logistic generalized linear model predicting children’s
likelihood (log odds) of endorsing an exemplar as part of the category
(“Yes” = 1 or “No” = 0). The maximal model was as follows: glmer
(Endorsement ~ Condition + Number of Feature Changes + (1 + Con-
dition + Number of Feature Changes | Participant). Like Experiment 1,
the fixed effect of condition was contrast coded (“Immediate” = —0.5,
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“Delayed” = 0.5) and the fixed effect of number of feature changes was
treatment coded (1 feature change serving as the reference group). We
chose to treatment code the number of feature changes because, unlike
Experiment 1, items were not presented in order of the number of fea-
tures changed. Instead of comparing each item to the one they saw
previously, children likely compared each new item to the item that
most closely resembled the original category exemplar (i.e., the item
with 1 feature change).

We first constructed a model with a by-subject random intercept only
and added a by-subject random slope for condition, a by-subject random
slope for item, or a by-subject random slope for condition and item. We
again assessed how model fit changed using pairwise likelihood ratio
tests (see Supplementary Material for model output). The model fit was
improved with the addition of a by-subject random slope for condition,
¥%(2) = 81.83, p <.001. However, model fit was not improved with the
addition of a by-subject random slope for item, y(14) = 10.23, p = 0.74.
Next, we added by-subject random slopes for item and condition, which
did not yield a better model fit than including a by-subject random slope
for condition only, x%(18) = 18.79, p = 0.40. Although model fit was not
improved significantly, we used a “keep it maximal” approach (Barr
et al., 2013) and included the model with the maximum random effects
structure. The addition of age did not significantly improve fit of the
final model, Xz(l) =1.35, p = 0.24, and did not change the pattern of the
results. Thus, we report the model without participant age below.

As in Experiment 1, the logistic effects model revealed a significant
main effect of condition, B =-0.92, SE = 0.35, z = -2.62, p = 0.008; OR
= 0.39, 95% CI = 0.20-0.79, such that children were 61% less likely to
endorse a category member in the delayed condition than the immediate
condition (Minmediate =-74, SE =.048; Mgelayed =.62, SE =.049; see Fig. 3
for mean category endorsements across condition and number of feature
changes). There was also a significant main effect of number of feature
changes: Participants were 67% less likely to endorse the exemplar when
it had 5 feature changes vs. 1 feature change, even when the order of the
feature-changed objects was randomized, B = -1.10, SE = 0.26, z =
-4.33, p <.001; OR = 0.33, 95% CI = 0.20-0.54 (MoneFeature = -75, SE =
.052; Mrivereatures =-60, SE =. 052).

In sum, these results revealed that children’s category generaliza-
tions became narrower across time. Furthermore, children were sensi-
tive to the changing features of the objects and were not simply less
likely to endorse category membership as they progressed through the
test phase.

Experiment 3

In Experiments 1 and 2, we found that children’s category

0751
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Fig. 3. Children’s mean category endorsements in Experiment 2, Note. Mean
category endorsements across number of feature changes for the immediate and
delayed condition in Experiment 2. Generalized linear mixed effects models revealed
a significant main effect of condition, such that children were less likely to endorse a
category exemplar after the 5-minute delay.
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generalizations become narrower over time. Why? We hypothesized
that this is due to children forgetting the features of the original exem-
plar for each category across the 5-minute delay. That is, as children
forget more features from the original exemplar, they have fewer fea-
tures in memory that can be compared to features of a new exemplar.
With fewer features available to compare, the likelihood that these
features will overlap with those of a new exemplar decreases, leading
them to reject new exemplars as category members. Experiment 3 was
designed to determine whether children forget exemplar features be-
tween the immediate and 5-minute delayed tests. If so, this would be
evidence for our hypothesis that children’s forgetting of exemplar fea-
tures leads them to generalize more narrowly.

Method

Participants. Three- to five-year-old children were recruited from
preschools and childcare centers in a Midwestern US city to participate
in this study (N = 34, Mgg = 4.20 years, range = 3.00-5.14 years, 17
girls, 17 boys). We conducted a power analysis using the R package pwr
(Champely, 2020) to estimate a sample size for detecting a hypothesized
medium effect (Cohen’s d =.5) at 80% power, which showed that a
sample size of 34 would be sufficient given the design of this experiment.
Because the goal was to investigate forgetting as a potential mechanism
underlying children’s behavior in Experiments 1 and 2, the same age
range was recruited for this experiment. The sample was 3.0% Native
American/Alaska Native, 11.8% Asian/Asian-American, 70.6% White,
and 14.7% multiracial; 9.1% of the sample was Hispanic, and 90.9% was
not Hispanic. 94.1% of participants had at least one parent who had
completed a 4-year college degree or higher. Children were recruited
and compensated in the same way as described in Experiment 1. An
additional 6 children participated in the study but were removed from
the final sample for being off task.

Materials and Stimuli. In this experiment, we used the same 12
category exemplars as in Experiment 1. To construct the test trials, four
individual features were selected from each exemplar and inserted onto
separate PowerPoint slides (see Fig. 4). These features maintained their
color, shape, and size from the exemplar, but were centered on the
screen for consistency across trials. In addition, three PowerPoint slides
were created that contained one feature that was not part of the category
exemplar. These distractor items (i.e., lures) allowed us to analyze
children’s incorrect responses at test in more depth. The same category
labels from Experiments 1 and 2 were used, and the stimuli sets were
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constructed in the same manner (i.e., creating two sets of randomized
category orders and category-label pairs).

Procedure. Children were tested alone in a quiet room or a quiet
corner of their classroom. There were two phases of the experiment: (1)
a familiarization phase and (2) a learning and testing phase.

Familiarization phase. The familiarization phase was the same as
Experiments 1 and 2, with the following exception: after showing the
child the picture of the car, the experimenter displayed seven object
features, one at a time, and asked the child to identify whether each one
had been part of the car (“Was this part of the car, or was this not part of
the car?”). Four of the seven images were features that had been part of
the exemplar car. In the case of an incorrect response, children were
corrected. The experimenter recorded the number of incorrect responses
made by each child during this phase.

Learning and testing phase. The learning and testing phases were
the same as Experiments 1 and 2, with the following exception: at test,
children viewed seven test trials. For each test trial, the experimenter
asked the child “Was this part of the [label] or was it not part of the
[label]?” and recorded the child’s response. All children were presented
with objects and features in the same order. The entire experiment took
approximately 15 min to complete.

Results

We hypothesized that children in Experiments 1 and 2 showed
different generalization patterns at immediate and delayed test because
they had forgotten individual object features. To test this hypothesis, we
examined how children’s feature memory changed over time. We first
compared children’s overall accuracy in identifying whether a feature
was present or absent in the exemplar between the immediate and
delayed tests (see Fig. 5). Indeed, children were significantly more ac-
curate when tested immediately (M, = 25.59, SD = 4.04) than after a 5-
minute delay (M = 20.92, SD = 3.69), t(36) = 6.582, p <.001, Cohen’s d
= 1.08. Furthermore, children’s accuracy was significantly higher than
chance (21/42 trials correct) at the immediate test, t(36) = 6.993, p
<.001, Cohen’s d = 1.15, but was not significantly different from chance
at the delayed test, t(36) = 1.009, p =.319, Cohen’s d = 0.17.

In addition to examining children’s overall accuracy, we were
interested in how their specific patterns of hits (correctly saying that a
feature had been part of the exemplar), correct rejections (correctly
saying that a feature had not been part of the exemplar), false alarms
(incorrectly saying that a feature had been part of the exemplar), and

Fig. 4. Example of one category from Experiment 3 (exemplar and seven feature-memory trials), Note. For this selected category, trials 1, 2, 4, and 7 contain features

from the exemplar; the other trials consist of lures that were not part of the exemplar.
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Fig. 5. Children’s performance on memory tests for object features at imme-
diate and delayed test, Note. *** p <.001. Error bars represent standard errors.

misses (incorrectly saying that a feature had not been part of the
exemplar) changed over time. If children forgot features that had been
present, we would expect a decrease in hits and a corresponding increase
in misses after a delay. Because these data were nonnormally distrib-
uted—particularly false alarms, which were right-skewed, and correct
rejections, which were left-skewed—we conducted Wilcoxon signed
rank tests. These results revealed that children had significantly more
hits at the immediate test and had significantly more misses at the
delayed test (see Table 1). Finally, we examined whether there were age
effects by conducting a regression with overall accuracy as the outcome
variable and testing condition and participant age as predictor variables;
testing condition significantly predicted performance (§ = -0.10, SE =
0.02, t =-5.43, p <.001) but participant age did not (§ = 0.03, SE = 0.02,
t=1.95,p = 0.06).

In brief, we found that children responded with more hits at the
immediate test than delayed test, and more misses at the delayed test
than immediate test; rates of correct rejections and false alarms did not
significantly differ across testing conditions. This pattern of hits and
misses shows that children forgot more object features after the delay.

Discussion

We investigated whether the passage of time alone, after one
learning event, shifted children’s category boundaries. Strikingly, the
results of these experiments showed that new learning about the cate-
gory did not need to occur in order for category representations to
change: children made different judgments about objects’ category
membership depending on whether they were asked immediately after
viewing an exemplar, or after a 5-minute delay. Specifically, children’s
category boundaries become narrower across time. We hypothesized
that children’s forgetting of specific object features might be responsible
for this narrowing, and a follow-up study confirmed that children did
forget individual features across a short time delay.

Why did categories become narrower, rather than broader, over
time? Our hypothesis is that narrowing is due to children’s forgetting of
object features during the delay. For instance, suppose that a child sees
an exemplar that has wavy arms and a triangle and circle on its body.
Over time, the child forgets some of these features, perhaps
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remembering only the triangle. If they are presented with a new object
that has wavy arms and a circle on its body, they might reject this object
as a category member because it lacks a triangle—the only feature they
remember—even though the other features overlap with the exemplar.
More generally, when children remember only a subset of an exemplar’s
features and these features are absent from the tested objects, the child
may think that the test object did not share any features with the
exemplar. This apparent lack of overlapping features may lead them to
reject new objects as category members. In Experiment 3, we found that
children reliably forgot specific object features after a delay. Thus, the
forgetting of object features is one likely mechanism underlying chil-
dren’s category narrowing.

These findings provide further support for theoretical frameworks
implicating forgetting as a key mechanism in children’s categorization
and generalization. For instance, according to the forgetting-as-
abstraction theory (Vlach, 2014), forgetting that occurs between cate-
gory exemplar presentations facilitates children’s ability to remember
relevant features of categories. The current work adds to this theory by
expanding the scope at which forgetting contributes to children’s cate-
gorization. That is, this research is the first to show that children’s
general forgetting of category exemplars, absent of additional learning
events, may facilitate abstraction by narrowing category boundaries.
Although we observed that forgetting led to narrower category bound-
aries in this research, it is possible that forgetting could lead to differing
behavior across timescales. For instance, over extended periods of time,
children might view a new category member as an entirely new category
because they forgot all features that are diagnostic for the category. That
is, too much forgetting might deter children’s generalization and/or
cause categorization errors. Future research should examine children’s
categorization and generalization over longer timescales, such as days,
weeks, etc., to test these possibilities.

These findings also raise theoretical questions about research para-
digms used to test children’s categorization. If time and forgetting leads
to more narrow generalization, this makes research paradigms that
introduce both additional learning events and opportunities to forget
more difficult to interpret. That is, the extent to which new learning and
forgetting each influenced changes in children’s category representa-
tions may be unclear. Consequently, it is possible that forgetting alone
could explain results from prior studies. For instance, forgetting might
explain why children show broader categorization behavior when
trained on a large sample of exemplars or on exemplars that are highly
variable (e.g., Lawson & Fisher, 2011; Perry et al., 2010). Due to chil-
dren’s memory constraints, seeing many exemplars may result in more
forgetting, leading to changes in categorization behavior. Future work
should therefore incorporate controls to isolate the influence of forget-
ting and new learning, such as a forgetting-only baseline where no new
learning is introduced.

A next step for researchers is to examine how additional cognitive
processes lead to shifts in children’s generalization of categories. For
instance, in addition to forgetting, consolidation may be a critical
mental process that underlies shifts from narrow to broad categories.
According to Fuzzy Trace Theory (Brainerd & Reyna, 2004), learners
encode verbatim and gist memory traces in parallel, but these traces
undergo different forgetting rates due to consolidation processes.
Verbatim traces refer to precise memories for the surface form (or exact
details of the information) and are forgotten more quickly. In contrast,

Table 1

Children’s test trial responses in Experiment 3.
Outcome Immediate Delayed v P

M SD Median M SD Median

Hits 12.95 5.49 13 9.46 7.39 8 479 <.001***
Correct Rejections 12.65 4.77 14 11.46 6.03 13 279.5 183
False Alarms 5.30 4.77 4 6.11 6.01 5 181.5 442
Misses 11.05 5.49 11 13.92 7.30 15 118 .004**
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gist traces refer to less precise memories for background information and
are forgotten more slowly. Due to the higher rates of forgetting for
verbatim traces, they are less likely to survive the consolidation process.
It is possible that in our study, children’s category judgments were based
primarily on verbatim traces—that is, memory for each exemplar’s
specific features—because their representations had only just begun to
consolidate. We predict that a longer delay between learning and testing
would result in the persistence of primarily gist-based memory traces,
which could in turn lead to broader category representations. Therefore,
future research should investigate whether consolidation is a mecha-
nism that shifts category representations from narrow to broad.

In addition, researchers should seek to identify when internal mental
processes may play a minimal role. In the experiments presented here,
we focused on memory and generalization during category acquisition,
using only items that were new to children. For newly-learned cate-
gories, relevant and irrelevant features are likely to be forgotten at
similar rates because the learner has not had enough experience to
strongly differentiate them; thus, forgetting plays an important role in
shaping new category representations. We predict that processes such as
forgetting may play a smaller role in shifting the boundaries of estab-
lished categories. For these types of categories, key features likely
already have priority in memory, and so the forgetting rate for these
features should be slow—meaning that forgetting should not shift
category boundaries in the same way in familiar as opposed to novel
categories.

This work also has implications for real-world categorization con-
texts, such as a young child learning about the category ‘dog’. When
children acquire new categories, their endorsement of new objects as
part of that category likely changes across short intervals of time; this
shift in category boundary may be explained by children’s memory for
key features. For example, a child may call all four-legged creatures a
‘dog’ in the morning, but then only use ‘dog’ to refer to the golden
retriever at home later that night. This narrower category boundary may
be due to the child’s forgetting of key features of dogs, such as their
general body shape and number of legs, and/or stronger memory for
other features, such as a caregiver referring to this animal at home as a
‘dog’. Indeed, forgetting of key features over time is likely one expla-
nation for why we observe dynamic category representations early in
development.

One limitation of this study is that we do not know what caused
forgetting. Children saw all category exemplars before the 5-minute
break and delayed test (see Perry et al., 2016; Slone & Sandhofer,
2017; Vlach et al., 2012 for similar designs). Was it the passage of time
alone that caused children’s forgetting? Or was it both the passage of
time and interference from other, non-task relevant, learning? This is an
open question in memory research, as one can never truly isolate time
from new learning and vice versa (for discussions of this issue, see Alt-
mann & Gray, 2002). Indeed, the field still does not know why forgetting
occurs in any situation (see decay vs. interference debate; Altmann &
Schunn, 2012; Anderson, 2003; Portrat, Barrouillet, & Camos, 2008;
Darby & Sloutsky, 2015; Kail, 2002). In brief, the results from Experi-
ment 3 demonstrate that forgetting occurred in this paradigm, but we
will need to overcome significant theoretical and methodological bar-
riers to determine whether it is time, interference, or both that
contribute to forgetting.

In sum, the present study provides evidence that children’s catego-
rization does not shift solely because they learn new information. There
are basic cognitive processes, such as forgetting, that shape children’s
category representations. Thus, category learning — a central aspect of
cognitive development — emerges from a dynamic interaction between
basic cognitive processes of learners and the learning events encoun-
tered in the environment. It is therefore critical for future research to
examine how forgetting, as well as other internal processes (e.g.,
consolidation, retrieval, prediction), interact to shape young children’s
categorization. Because these cognitive processes underlie learning of
other categories (e.g., social categories), as well as learning in other
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domains, this line of work will reveal how children make sense of the
world around them.
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