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Episodic memory involves remembering multiple com-
ponents of an event such as what, where, and when an 
event happened (Tulving, 1972). For example, in a 
courtroom, the testimony becomes valid not when the 
eyewitness remembers the suspect’s face but when they 
remember the face within the context of a certain place 
and time. However, our ability to form episodic memo-
ries is not perfect and is prone to interference stemming 
from previous experiences. Therefore, when the wit-
ness provides the testimony, inaccuracies (or forgetting) 
can be driven by other similar faces they have encoun-
tered during the event or other similar places, times, 
and faces that they have experienced before the event.

Identifying different sources of interference and 
understanding their involvement in memory retrieval has 
been an important part of building theories of episodic 
memory (Anderson & Bower, 1972; Criss & Shiffrin, 
2004; Dennis & Humphreys, 2001; Osth & Dennis, 
2015). For example, suppose that you are trying to 
recognize whether you met your colleague Adam at the 

party yesterday (see Fig. 1a). If you actually met him 
yesterday, there would be a corresponding trace in your 
memory, which will create a matching signal to the 
probe (i.e., a self-match). However, other nontarget 
memories will produce interference. First, you may be 
confused because you met other people at yesterday’s 
party. These memories will match the to-be-recognized 
cue in terms of context (i.e., yesterday’s party) but mis-
match the item (i.e., Adam). This form of interference 
has been called item noise (Gillund & Shiffrin, 1984; 
Shiffrin & Steyvers, 1997). Additionally, you may also be 
confused because you met Adam at other places in the 
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past. These memories match the item cue (i.e., Adam) 
but mismatch the relevant context (i.e., yesterday’s 
party). This form of interference has been called context 
noise (Dennis & Humphreys, 2001). Finally, memories 
that do not match either the item or the context also 
produce interference (Murdock & Kahana, 1993a, 1993b; 
Osth & Dennis, 2015). This form of interference is called 
background noise.

These sources of interference have been studied with 
different experimental manipulations. For example, 
item noise has been measured by comparing memory 
tasks with different numbers of study items by either 
adding more unique items (i.e., list-length manipula-
tion; Gronlund & Elam, 1994) or repeating some of the 
items in the list to evaluate their impact on the nonre-
peated items (i.e., list-strength manipulation; Ratcliff 
et  al., 1990). Context noise has been examined by 
manipulating the preexperimental frequency of items. 
For example, when words are used as stimuli, low-
frequency words and high-frequency words are com-
pared under the assumption that less frequent words 
appear in fewer sentence or story contexts and are thus 
expected to create less context noise.

Computational models of memory have been used 
to quantitatively decompose different sources of inter-
ference. For example, Osth and Dennis (2015) used a 
computational model to show that the composition of 
interference varies across different studies depending 
on the preexperimental familiarity of the stimulus. For 
instance, unfamiliar stimuli (i.e., fractal patterns) gener-
ate more item noise than familiar stimuli (i.e., words) 
because unfamiliar stimuli are harder to distinguish 
from each other than familiar ones. Moreover, the 
model showed that frequently encountered stimuli 
(e.g., high-frequency words) create more context noise 
than those that are less frequently encountered (e.g., 
low-frequency words) because more frequent stimuli 
appear in more contexts and generate more interfer-
ence during retrieval.

An important implication of these findings is that 
there are both costs and benefits of experience on 
memory performance. With more experience, more 
memory traces will be stored, and these traces may 
become sources of interference. On the other hand, 
with more experience, the representation of the stimu-
lus becomes more distinct and less confusing, which 
results in less interference.

In a similar way, the accumulation of experience may 
also affect memory performance across development. As 
a child grows, both the number of memory traces and 
the robustness of representations will tend to increase. 
Therefore, because young children have less experience 
than adults, the costs and benefits of experience may be 

relatively small for young children compared with adults. 
Moreover, because memory performance typically 
improves during childhood, the benefit of experience 
may outweigh the cost at some point in development.

However, it is unclear how the costs and benefits of 
experience change across development, how different 
aspects of experience contribute, and what drives these 
changes. Previous studies show that (a) memory accu-
racy increases throughout early development (e.g., 
Ackerman, 1984; Bauer, 2007; Cycowicz et  al., 2001; 
Hayes et al., 2017; Mandler & Robinson, 1978) and (b) 
the ability to remember different components of an 
event (e.g., item, context) may have a different devel-
opmental trajectory (e.g., Lee et al., 2020; Ngo et al., 
2019; Picard et  al., 2012). For example, Picard et al. 
(2012) provided evidence that the ability to remember 
the content of the event (i.e., item) reaches adultlike 
performance levels much earlier (around age 7 years) 
than the ability to remember the context of the event, 
such as the time and space of the event. However, the 
consequences of prior experience when testing mem-
ory performance were not fully considered in these 
studies, which makes it hard to evaluate the cost and 
benefit of experience in memory.

Statement of Relevance

Memory research has shown that memory inter-
ference increases with more events to remember. 
However, even though children accumulate expe-
rience throughout development, and the potential 
for interference may increase, memory perfor-
mance typically improves. What prevents interfer-
ence from overwhelming memory as children 
acquire experience? In this research, we tested 
memory performance of 4-year-olds, 7-year- 
olds, and adults. Additionally, we considered the 
amount of experience one would have accumu-
lated when we analyzed the results. We found 
that the developmental change is linked to the 
ability to distinguish memory representations 
from each other and that this ability develops at 
a faster rate than experience is accumulated. 
Moreover, the ability to distinguish specific items 
from each other emerges early in development, 
whereas the ability to distinguish different con-
texts undergoes more protracted development. 
The study provides a detailed explanation of how 
children’s memory develops and also why even 
adults are often confused about remembering dif-
ferent contexts.
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To answer these questions, in the current study, we 
examined how the sources of interference change and 
affect memory across development. We used item- and 
source-memory tasks, systematically manipulating dif-
ferent sources of interference in various ways (i.e., list 
length, repetition of the items, and preexperimental 
frequency and familiarity of the items) and comparing 
performance across three different age groups. Then, 
we investigated the mechanisms that drive these 
changes by using a computational model that allowed 
us to decompose different sources of interference in 
each age group and untangle the cost and benefits of 
experience’s effect on memory performance.

Method

Participants were tested using a memory task that was 
introduced as a “secret word game.” In each game, 
participants were presented with two speakers (one 
male and one female) each telling them secret words 
one at a time. They were asked to remember the secret 
words (item recognition) and the speaker who said the 
word (source recognition). There were three different 
within-subject conditions, which were designed to cap-
ture different sources of interference used in previous 
adult studies (Kinnell & Dennis, 2011, 2012; Osth et al., 
2014). Item noise was measured by repeating half of 
the items (i.e., mixed-strength condition) and by includ-
ing additional unique items (i.e., long condition); per-
formance in these conditions was compared with a 
baseline condition. Context noise was measured by 
using stimuli (i.e., words) of different normative fre-
quencies (Dennis & Humphreys, 2001) because fre-
quency information provides a proxy for how often the 
word has been experienced preexperimentally. The 
results were analyzed using a computational model 
(Osth & Dennis, 2015; Osth, Fox, et  al., 2018). The 

model decomposes the total memory interference into 
different kinds of interference (item noise, context 
noise, and background noise) and estimates the ability 
to discriminate different elements of an event (i.e., ben-
efit of experience) while considering the amount of 
prior experience the participant received before being 
tested (i.e., cost of experience).

Participants

One hundred three 4- to 5-year-olds (M = 4.82 years, 
SD = 0.29, 47 females), eighty-two 7- to 8-year-olds (M = 
7.74 years, SD = 1.03, 44 females), and 70 adults (M = 
19.16 years, SD = 1.03, 46 females) participated in the 
experiment. The sample sizes for adults and 7- to 
8-year-olds were determined by previous studies that 
used a similar design (Kinnell & Dennis, 2011; Osth 
et al., 2014). For 4- to 5-year-olds, we aimed to collect 
approximately double the sample size of the adult 
sample because previous memory experiments sug-
gested that the young children’s data may be noisier 
than that of adults (e.g., Yim et al., 2013).

Adults were undergraduate students attending The 
Ohio State University, who were participating for course 
credit. Children were recruited from local schools 
around Columbus, Ohio. The research was approved 
by The Ohio State University Institutional Review Board. 
An additional thirty-five 4- to 5-year-olds and one 7- or 
8-year-old were excluded from the sample because they 
had d′ scores below zero in more than two test condi-
tions, largely because they were not paying attention 
to the task.

Materials

From Wordbank (Frank et al., 2017), we selected 150 
words that more than 50% of all 30-month-olds in the 

Fig. 1.  Sources of interference and how they are decomposed by the computational model. Different sources of interference in episodic 
memory are shown in (a). For example, suppose that you are trying to recognize whether you met your colleague Adam at the party yes-
terday (see Fig. 1a). If you actually met him yesterday, there would be a corresponding trace in your memory, which will create a matching 
signal to the probe (i.e., a self-match). However, other nontarget memories will produce interference. First, you may be confused because 
you met other people at yesterday’s party. These memories will match the to-be-recognized cue in terms of context (i.e., yesterday’s party) 
but mismatch the item (i.e., Adam). This form of interference has been called item noise. Additionally, you may also be confused because 
you met Adam at other places in the past. These memories match the item cue (i.e., Adam) but mismatch the relevant context (i.e., yester-
day’s party). This form of interference has been called context noise. Finally, memories that do not match either the item or the context also 
produce interference. This form of interference is called background noise. The different components included in the lure and target distri-
bution of the model, and how the model parameterizes these components, are shown in (b). The signal and noise distributions are further 
parameterized into match and mismatch components. For example, item noise is calculated as the product of the item-mismatch and context-
match parameters. Additionally, we multiplied the number of items that were presented in the study list (l) minus 1 in order to incorporate 
item noise stemming from all mismatching items in the study list. For the components that involve items in the study (self-match and item 
noise), a learning rate (rweak or rstrong, depending on the number of repetitions of the item in the study list) is multiplied and estimated by the 
model. Context noise is the product of the item-match and context-mismatch parameters multiplied by the number of times participants have 
encountered the matching item (i.e., word) in their lifetime (n). Finally, background noise is calculated by the product of item-mismatch and 
context-mismatch parameters multiplied by the number of words encountered in participants’ lifetime (m). In the item-recognition task, the 
model assumes that participants use a generalized source cue that matches the source component in memory storage with a mean value of 
1 and a variance of 0. Therefore, for the item-recognition task described above, all terms have an implicit source-match component that is 
not expressed in the equations. Images are from freepik.com.
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database knew. There were 75 low- and 75 high- 
frequency words. For the low-frequency words, the 
average count per million was 11.4 in the Child Lan-
guage Data Exchange System (CHILDES) corpus  
(MacWhinney, 2000) and 4.51 in the Touchstone 
Applied Science Associates (TASA) corpus (Landauer 
& Dumais, 1997); for the high-frequency words, the 
average count per million was 104.68 in the CHILDES 
corpus and 127.75 in the TASA corpus. The mean age 
of acquisition for the words was 4.59 years (SD = 1.31; 
Kuperman et al., 2012). There were significant correla-
tions between the frequencies derived from the CHIL-
DES corpus and the TASA corpus (Spearman’s r = .84, 
p < .0001), between the CHILDES corpus and age-of-
acquisition scores (r = −.52, p < .0001), and between 
the TASA corpus and age-of-acquisition scores (r = 
−.45, p < .0001). For each word, we created 18 video 
clips consisting of nine different female and male 
speakers pronouncing the word. Each speaker appeared 
on a unique background in order to aid participants 
to better discriminate between the different speakers 
(see Fig. 2a).

Procedure

The experiment had four blocks, and each block had 
a study phase followed by a retention interval and a 
test phase. In the study phase, participants were told 
that they would be playing a secret word game in which 
they would see two speakers each presenting secret 
words one at a time. Their task would be to remember 
the secret words and the speaker who said them. Each 
trial started with a fixation (+++) for 500 ms, followed 
by a blank screen for 500 ms and then a video clip 
showing a speaker saying a word for approximately 
2,700 ms (see Fig. 2b). In all blocks, one of the speak-
ers was female and the other was male. The video clips 
were presented on one side of the screen throughout 
the experiment, depending on the speaker’s sex (e.g., 
female speakers on the left side, male speaker on the 
right side), and the position was randomized across 
participants. During the retention interval, participants 
were presented with two groups of dots on each side 
of the screen and were told to choose the side that had 
more dots. After a 500-ms fixation (+++), the adults 
were presented with the two groups of dots for 250 ms 
followed by a random-color dot mask, which was pre-
sented until a response was made. For children, the 
dots were presented without the mask until a response 
was made. The number of dots varied between 10 and 
40; we manipulated the ratio of the two numbers. On 
each trial, the ratio was randomly selected from one of 
four ratio bins (1.2171–1.4089, 1.4089–1.6308, 1.6965–
1.9638, or 2.6260–3.0397 for children and 1.0991–1.1915, 

1.1915–1.2917, 1.3302–1.4421, or 2.2906–2.4833 for 
adults), on the basis of previous studies (Halberda & 
Feigenson, 2008). In the test phase, participants were 
auditorily presented with a cue word in a third person’s 
voice (or by the experimenter for the children’s groups 
so that they did not miss the cue word) and were asked 
whether the word was a secret word (see Fig. 2c). If 
the participant responded that the word was a secret 
word, they were then asked who had said the secret 
word.

The four blocks had three different conditions (base-
line, mixed strength, and long); the mixed-strength 
condition was repeated twice in order to match the total 
number of target items in other conditions (see Fig. 2d). 
These three different conditions have been extensively 
used in the adult literature (e.g., Dennis et al., 2008; 
Kinnell & Dennis, 2012; Osth, Jansson, et al., 2018). In 
the baseline condition, eight different words were pre-
sented in the study phase, half delivered by a female 
speaker and the other half by a male speaker. Half of 
the words for each speaker were high-frequency words, 
and the other half were low-frequency words. Ten trials 
were presented during the test phase: Eight were from 
the study phase (i.e., old items), and two were new 
words (i.e., lures). In the mixed-strength condition, 
eight different words were presented in the study 
phase. Then half of them were repeated two more times 
in a blocked fashion (i.e., strong items). The repeated 
words are called “strong” items because they are 
strengthened with repetition, whereas the nonrepeated 
words are called “weak” items. During the test phase, 
the four weak items and four strong items that were 
presented during the study phase were randomly pre-
sented with two lures. In the long condition, 16 words 
were presented in the study phase. During the test 
phase, the first half of the items (eight) during the study 
phase were presented with two lures, and then the 
second half of the items (eight) were tested with 
another two lures. As in the baseline condition, the 
words in the mixed-strength and long conditions were 
balanced by frequency and the speaker’s sex. The 
length of the retention interval was 60 s for the mixed-
strength and long conditions and 89.6 s for the baseline 
condition. The additional 29.6 s in the baseline condi-
tion corresponds to the additional eight trials that the 
mixed-strength and long conditions have during the 
study phase; it was added to equate the total length of 
the retention interval (Kinnell & Dennis, 2011).

Before the main experiment, there was a practice 
session in which two words were presented during the 
study phase. One was presented by a female speaker 
and another by a male speaker. Then during the test 
phase, three words were presented: two from the study 
phase (old items) and a new word (lure item). The 
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children’s groups repeated the identical practice session 
up to three times if they did not understand the task. 
All children understood the task within three practice 
sessions. The speakers and the words used in the prac-
tice session were not used in the main experiment.

Presentation of all stimuli was controlled using MAT-
LAB (The MathWorks, Natick, MA) with Psychophysics 
Toolbox 3 (Kleiner et  al., 2007). Video stimuli were 
presented on a 22-in. monitor, and audio stimuli were 
presented via headphones. Participants responded by 
clicking the corresponding image on the screen using 
a computer mouse (adults) or by touching the touch 
screen (children). The order of conditions and the com-
bination of the word pairs and speakers were random-
ized across participants.

Results

Behavioral-data analysis

Behavioral data were analyzed using a signal detection 
theory (SDT) model to account for the decision biases 
that are usually reported in studies involving young 
children. We specifically used a hierarchical Bayesian 
version of the model (Lee & Wagenmakers, 2014) in 
order to avoid edge effects (i.e., statistical biases that 
occur for correcting hit rates and false-alarm rates of 
1 or 0 when calculating d′). Moreover, the Bayesian 
analysis produces Bayes factors (BFs), which unlike 

the p values used in frequentist analysis, allowed us 
to evaluate both the null hypothesis and the alterna-
tive hypothesis. We used the interpretation of BF10 
values by Jeffreys (1961), where a BF10 value between 
1 and 3 is considered weak evidence for the alterna-
tive hypothesis, between 3 and 10 is considered sub-
stantial evidence, and above 10 is considered strong 
evidence. On the other hand, a BF10 value between 1 
and 1/3 is considered weak evidence, between 1/3 
and 1/10 is considered substantial evidence, and 
below 1/10 is considered strong evidence for the null 
hypothesis. All models used for data analysis were 
implemented using STAN (Version 2.21.0; Carpenter 
et al., 2017) with 12 chains, each with 60,000 iterations 
(20,000 warm-up). The convergence of the chains was 
checked visually, and convergence statistic R̂ values 
were all below 1.01. The full details of the hierarchical 
Bayesian SDT model and the results are reported in 
section A of the Supplemental Material available 
online, which includes all mean values, Bayesian 95% 
highest-density intervals (HDIs), BFs for individual 
analysis, and analyses on hit rates and false-alarm 
rates. Here, we present the main findings for concise-
ness. Data from this study can be found on our OSF 
page (https://osf.io/2fg5w/).

For the item-recognition task, overall accuracy 
increased across age groups, as shown by the group d′ 
parameter (μd) of the SDT model (see Fig. 3a; BF10s > 
1,800). Item noise was measured in two ways. First, we 
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compared the performance of weak items in the mixed-
strength condition with the baseline condition (i.e., the 
list-strength effect). If there is a significant amount of 
item noise, weak items (i.e., items that were presented 
only once in the study list) will be affected by interfer-
ence caused by strong items (i.e., items that were 
repeated three times in the study list). We also com-
pared the performance of the items in the first half of 
the list in the long condition with the baseline condition 
(i.e., list-length effect). Only the items in the first half 
were used because they were comparable with the 
items in the baseline conditions in terms of retention 
interval, and if there is a significant amount of item 
noise, items in the first half will be affected by interfer-
ence caused by items in the second half. Results showed 
weak support for no list-length effects (see Fig. 3a; 4- to 
5-year-olds: BF10 = 0.47, 7- to 8-year-olds: BF10 = 0.46, 
adults: BF10 = 0.36) and no list-strength effects (4- to 
5-year-olds: BF10 = 0.39, 7- to 8-year-olds: BF10 = 0.45, 
adults: BF10 = 0.44).

If context noise exists, performance should be better 
for low-frequency words than for high-frequency words. 
This is because low-frequency words would have been 
encountered in fewer contexts than high-frequency 
words, and, therefore, create less interference.1 Results 
showed an advantage for low-frequency words (i.e., 
frequency effect) for the 7-year-olds and adults and a 
tendency toward such an advantage for 4-year-olds, 
which replicates findings of previous adult studies and 
provides evidence for context noise (see Fig. 3b; 4- to 
5-year-olds: BF10 = 2.14, 7- to 8-year-olds: BF10 = 9.28, 
adults: BF10 = 13.77).

Source-recognition performance was also analyzed 
using a hierarchical Bayesian SDT model, in which we 
analyzed only the trials on which items were correctly 
recognized. Results showed an increase in performance 
across age groups (see Fig. 3c; 4- to 5-year-olds vs. 
adults: BF10 > 197,000,000,000, 4- to 5-year-olds vs. 7- to 
8-year-olds: BF10 = 1.47, 7- to 8-year-olds vs. adults: 
BF10 = 31.09). We found only a numerical effect for 
frequency in all age groups (see Fig. 3d; 4- to 5-year-
olds: BF10 = 0.34, 7- to 8-year-olds: BF10 = 0.43, adults: 
BF10 = 1.23). There was also weak evidence for null 
list-length effects (4- to 5-year-olds: BF10 = 0.34, 7- to 
8-year-olds: BF10 = 3.47, adults: BF10 = 0.43) and list-
strength effects (4- to 5-year-olds: BF10 = 0.50, 7- to 
8-year-olds: BF10 = 0.45, adults: BF10 = 0.94).

In sum, the results from the item-recognition task 
showed a similar pattern compared with previous studies, 
in which memory accuracy increased across development 
(Ghetti & Angelini, 2008; Hayes et al., 2017), and accuracy 
for low-frequency words was better than for high- 
frequency words (Dennis & Humphreys, 2001; Glanzer 
& Bowles, 1976; Glanzer et al., 1993). Also, consistent 

with previous adult studies that used words as stimuli, 
our results revealed no evidence for strong list-length or 
list-strength effects (Kinnell & Dennis, 2011; Osth et al., 
2014). Similarly, results from the source-recognition task 
showed a developmental increase in accuracy as in previ-
ous studies (e.g., Drummey & Newcombe, 2002), with a 
numerical advantage for low-frequency words and no 
list-strength effect.

Although the results from the behavioral data pro-
vide some evidence for the existence of different 
sources of interference, it is not easy to directly com-
pare the contribution of these sources across different 
age groups. Therefore, we further analyzed the data 
using a computational model that can quantitatively 
decompose the number of different sources of interfer-
ence. The results from the computational model 
allowed us to compare the amount of interference 
across age groups more directly and estimate specific 
mechanistic changes that underlie these performance 
differences.

Computational modeling

We modified a computational model by Osth and Dennis 
(2015), which is implemented in a hierarchical Bayesian 
framework (Kruschke, 2014). The model has been  
successful in capturing a number of different episodic-
recognition phenomena and is also capable of decom-
posing the total interference into different sources 
quantitatively in a way behavioral data on its own does 
not (Fox et al., 2020; Osth, Fox, et al., 2018; Osth, Jansson, 
et al., 2018).

Two main components of the model are worth high-
lighting before we describe the model in greater detail. 
One is the discriminability of different representations. 
In the current version, the model represents item, 
source, and context components as a three-way binding 
(e.g., Yim et al., 2018), and for each kind of representa-
tion, there is a parameter responsible for how well the 
representations can be distinguished from each other. 
Higher discriminability between representations reduces 
interference and improves recognition. Another main 
component of the model is the number of memory 
traces experienced. Both the total number of memories 
and the number of memories corresponding to a par-
ticular word determine interference (e.g., Fig. 1a); as 
the number of memories is increased, there is more 
interference. These two features, along with the interac-
tion of other components (e.g., learning rate, decision 
bias), allow for the estimation of the noise that affects 
recognition performance. Additionally, they allow us to 
estimate (a) the cost of experience in memory perfor-
mance by considering the number of items that one has 
experienced prior to the experiment and (b) the benefit 
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of experience by parameterizing the discriminability of 
items and contexts.

Here, we describe the model on the conceptual level 
(the mathematical details can be found in section C in 
the Supplemental Material). Consistent with other epi-
sodic-memory models that explain recognition memory, 
the current model assumes that when a cue is presented 
at test, the cue is compared with all stored memories 
(i.e., global matching; Clark & Gronlund, 1996; Osth & 
Dennis, 2020). Then the summed similarity (i.e., mem-
ory strength) between the cue and all contents of mem-
ory is calculated. More specifically, the probe-memory 
similarity is calculated for each cue dimension (item, 
context, and source), and the product between them is 
calculated. As described in the introduction, even if the 
cue was experienced in the past, the calculated similar-
ity will be a sum of a matching signal (i.e., self-match) 
along with the different sources of noise from memories 
that do not match the presented cue (e.g., item noise, 
context noise, background noise) to produce strength 
for targets. If the cue was not experienced, only noise 
is produced, resulting in the strength for lures. Strengths 
of targets and lures are combined with their expected 
strengths to produce a log-likelihood ratio that the cue 
is a target, as depicted in Figure 1b (Glanzer et al., 2009; 
Osth et  al., 2017). When the log-likelihood ratio is 
above a criterion, the model elicits a “yes” response.

The crux of the model is that the signal and noise 
distributions are further parameterized into match and 
mismatch components (see Fig. 1b, bottom). For exam-
ple, item noise is calculated as the product of the item-
mismatch and context-match parameters. Additionally, 
we multiplied the number of items that were presented 
in the study list (l) minus 1 in order to incorporate item 
noise stemming from all mismatching items in the study 
list. For the components that involve items in the study 
(self-match and item noise), a learning rate (rweak or 
rstrong, depending on the number of repetitions of the 
item in the study list) is multiplied and estimated by 
the model. Context noise is the product of the item-
match and context-mismatch parameters multiplied by 
the number of times participants have encountered the 
matching item (i.e., word) in their lifetime (n). Finally, 
background noise is calculated by the product of item-
mismatch and context-mismatch parameters multiplied 
by the number of words encountered in participants’ 
lifetime (m).

The constants n and m are important because they 
provide information about one’s prior experience to 
the model and incorporate the cost of experience in 
memory. The two constants were derived from natural 
language corpora and empirical studies providing better 
constraints to capture the developmental differences 
compared with previous versions of the model. We used 

the empirical estimation that each individual experi-
enced 10,950,000 words each year (Hart & Risley, 1995), 
and therefore each participant’s m was derived by mul-
tiplying the individual’s exact age by 10,950,000. The 
number of times a word was experienced in the past 
(n) was approximated for each individual as well. We 
derived per-million counts for each word using the 
CHILDES corpus for the children’s data (MacWhinney, 
2000) and the TASA corpus for the adults’ data (Landauer 
& Dumais, 1997). Then raw frequency was calculated 
on the basis of the estimated total number of words 
experienced (m) for each individual. Each age group 
was modeled separately and was fitted using the dif-
ferential-evolution Markov chain Monte Carlo method 
(Turner et al., 2013) with 21 chains of 10,000 samples 
(25,000 burn-in, 20 thin) each. The convergences of the 
chains were checked visually, and all chains showed  
R̂ values below 1.01.

The match and mismatch components are the main 
parameters of the model, and each follows a normal 
distribution (see section E in the Supplemental Material 
for a description of all the parameters that were used 
in the model). To fix the scale of the model, we set the 
means of the distributions to 1.0 if they matched the 
cue and 0.0 if they mismatched the cue, and we esti-
mated the variance of the mismatch parameters. Impor-
tantly, the variance of the mismatch parameters indexes 
the discriminability of the representations and was 
interpreted as a proxy for the benefit of experience. A 
higher value of variance of the mismatch parameter 
indicates lower discriminability. Modeling code from 
this study can be found on our OSF page (https://osf 
.io/2fg5w/).

For an illustrative example of how the item noise 
and context noise affect recognition performance in the 
model, see the model simulations in Figure 4. We fixed 
all other parameters but changed the components of 
the item noise or the components of the context noise. 
In the model shown in Figure 4a, we changed the 
length of the study list and the variance of the item-
mismatch parameter because item noise is calculated 
by multiplying these two elements. The simulation 
shows that performance decreases as both the length 
of the study list and the variance of the item-mismatch 
parameter increases, where the performance decrease 
is manifest in both a decrease in hit rates (solid lines) 
and an increase in false-alarm rates (dashed lines).  
In the model shown in Figure 4b, we manipulated  
word frequency and the variance of the context- 
mismatch parameter because context noise is calculated 
by multiplying these two elements. The simulation 
shows that performance decreases as both the fre-
quency and variance of the context-mismatch param-
eter increases. See section G in the Supplemental 

https://osf.io/2fg5w/
https://osf.io/2fg5w/
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Material for additional simulations, including how the 
model behaves when the decision bias changes along 
with item and context noise.

We used the model to estimate the different sources 
of interference across age and condition in the item-
recognition task (see Fig. 5 for model fits). As can be 
seen in Figure 6, the overall amount of interference 
decreased across age (see section D in the Supplemen-
tal Material for detailed values). Most importantly, item 
noise in all three conditions drastically dropped 
between the ages of 4 to 5 years and 7 to 8 years, 
whereas context noise continued to decrease between 
7 to 8 years and adulthood and remains the primary 
source of interference in adults. At the same time, the 
overall contribution of background noise was negligible 
throughout development.

Interference in the source-recognition task showed a 
similar pattern as in item recognition: Item noise rapidly 
decreased early in development, and background noise 
was not a major source of interference (see Fig. 7). 
However, unlike in item recognition, context noise did 
not change across development. The constant context-
noise estimates across development could be explained 
by the fact that the source-recognition task was admin-
istered only when the participants responded that they 
recognized the item in the item-recognition task, which 
means that the participants had already discriminated 
the experimental context from previous contexts. There-

fore, the procedure may have filtered out the age dif-
ference of context noise.

The modeling results can appear puzzling, as the 
model is showing that 4- to 5-year-olds have higher 
item noise, whereas the behavioral results show a null 
list-length and -strength effect. However, it is worth 
noting that the model is measuring item noise through 
both the list-length effect (i.e., performance difference 
between the baseline condition and the long condition) 
and the list-strength effect (i.e., performance difference 
between the baseline condition and the mixed-strength 
effect) in both memory tasks. Moreover, the model 
separates other factors that may affect recognition-
memory performance (e.g., context noise) from the 
behavioral data when estimating item noise. Therefore, 
the model is more sensitive in capturing item noise than 
merely comparing the behavioral results (e.g., d′) 
between different conditions. A way to examine the 
connection between the behavioral data and the model 
parameter is by looking into (a) each participant’s list-
length and list-strength effect and (b) the proportion 
of item noise estimated by the model. When conducting 
a correlation analysis between these two components, 
there was only a statistically significant correlation 
between the 4-year-olds’ proportion of item noise and 
list-strength effect score (Spearman’s r = .755, p < .001), 
whereas other relations did not show a statistically 
significant effect for 4-year-olds (list length: r = .012, 

a b
p

(Y
es

)

p
(Y

es
)

Variance of the
Item-Mismatch Parameter (σti )

Variance of the
Context-Mismatch Parameter (σsu)

List Length = 8
List Length = 16
List Length = 32

Low Frequency
Medium Frequency
High Frequency

0.0

0 .45 .9 0 .45 .9

0.2

0.4

0.6

0.8

1.0

0.0

0.2

0.4

0.6

0.8

1.0

Fig. 4.  Model simulations showing recognition performance when item noise and context noise were changed in the model. 
The probability of a “yes” response is shown as function of (a) variance of the item-mismatch parameter and list length and 
(b) variance of the context-mismatch parameter and item frequency. Solid lines are hit rates, and dashed lines are false-alarm 
rates. Because item noise is calculated by multiplying the length of the study list and the variance of the item-mismatch 
parameter, we changed each component separately. Because context noise is calculated by multiplying the frequency of the 
item (i.e., word) and the variance of the context-mismatch parameter, we changed each component separately. See section 
G in the Supplemental Material for additional simulations, in which decision bias is also changed in addition to item- and 
context-noise components.
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p = .91), 7-year-olds (list length: r = −.075, p = .54, list-
strength: r = .205, p = .07) or adults (list length: r = 
−.071, p = .56, list strength: r = .087, p = .48). The results 

imply that the high item noise in the 4-year-olds’ data 
stems from the list-strength effect (see section H in the 
Supplemental Material for details).
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Overall, interference decreased with age. The 
decrease occurred despite the fact that the number of 
memory traces across development increased in the 
model (i.e., the n and m constants), which will contrib-
ute to increasing memory interference (i.e., the cost of 
experience in memory). To understand the underlying 
mechanism of this change, we investigated the mis-
match parameters that are responsible for the discrimi-
nation of different representations and can serve as a 
proxy for the benefit of experience in memory. Figure 
8 shows the posterior distribution of the group means 
of two parameters—variance of the item-mismatch (σti) 
and context-mismatch (σsu) parameters (posterior dis-
tributions of the other model parameters are presented 
in section F in the Supplemental Material). We evalu-
ated the difference between parameters by examining 
whether the two 95% HDI overlaps. A lower value of 
the mismatch parameters indicates better discrimination 
(the parameters in Fig. 8 are log transformed for easier 
visual comparison). First, we can see that the variance 
of the item-mismatch parameter, log(σti), decreases with 
development—4- to 5-year-olds: M = −4.41, 95% HDI = 
[−5.02, −3.81]; 7- to 8-year-olds: M = −9.27, 95% HDI = 
[−10.48, −8.14]; adults: M = −12.36, 95% HDI = [−14.09, 
−10.90] (see Fig. 8a). This indicates that items become 
more distinct (i.e., less confusable) with development, 
despite the fact that vocabulary size increases. The 
variance of the context mismatch, log(σsu), also 
decreases with development, indicating that different 
contexts also become more distinct (i.e., less confus-
able) with development—4- to 5-year-olds: M = −3.39, 
95% HDI = [−3.65, −3.13]; 7- to 8-year-olds: M = −3.93, 
95% HDI = [−4.05, −3.80]; adults: M = −4.66, 95% HDI = 
[−4.84, −4.48] (see Fig. 8b). Regarding the overall 

decrease in interference across development, the results 
imply that even though memory traces accumulate with 
age, the ability to distinguish different representations 
develops at a faster rate and overcomes the interference 
that these accumulated traces generate.

It is also notable that the developmental pattern of 
the context-mismatch parameter differs from that of  
the item-mismatch parameter. For the item-mismatch 
parameter, the value decreases more rapidly early in 
development, whereas for the context-mismatch param-
eter the decrease is more gradual and protracted across 
age. This asynchronous pattern, to an extent, underlies 
the drastic decrease in item noise between 4- to 5-year-
olds and 7- to 8-year-olds, while having a constantly 
decreasing context noise across development (shown 
in Figs. 5 and 6).

General Discussion

The current study examined how different sources of 
interference in memory change across development 
and how prior experiences may contribute to these 
changes. We tested three different age groups using 
item- and source-recognition tasks with manipulations 
of list length, list strength, and word frequency, and we 
decomposed different sources of interference using a 
computational model. Results showed that interference 
stemming from other items during study (i.e., item 
noise) rapidly decreases between the ages of 4 to 5 
years and 7 to 8 years, whereas interference stemming 
from other contexts outside of the experiment (i.e., 
context noise) gradually decreases through to adult-
hood and remains as the major source of interference 
in recognition memory. The model accounts for this 

a b

4- to 5-Year-Olds

Variance of Item Mismatch
Pr

ob
ab

ili
ty

 D
en

si
ty

Log Variance Log Variance

Variance of Context Mismatch

7- to 8-Year-Olds
Adults

−15.0 −12.5 −10.0 −7.5 −5.0 −2.5 3.03.54.04.55.0

Fig. 8.  Item-mismatch and context-mismatch parameters across age groups. Log variance of the item-mismatch parameter 
σti is shown in (a); log variance of the context-mismatch parameter σsu is shown in (b). Note that the parameters are log 
transformed for easier visual comparison.
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change through an early development in the ability to 
discriminate items and a more gradual development in 
the ability to discriminate between different contexts.

In accordance with the fact that memory perfor-
mance typically increases through development, our 
results show that the benefit of experience overrides 
the cost. The rapid decrease in item noise from the ages 
of 4 to 5 years to the ages of 7 to 8 years aligns well 
with previous literature suggesting that the representa-
tions of concepts are refined with learning and devel-
opment (Keil, 1979; Mandler et  al., 1991). Because 
words are used as items in the current study, better 
discrimination among different words can be explained 
by the extra exposure to language and formal education 
that the 7- to 8-year-olds start to receive (Hoff, 2014). 
The argument is additionally supported by the fact that 
the mean age of acquisition for the words used in the 
experiment was 4.59 years (SD = 1.31; Kuperman et al., 
2012), which is slightly lower than the average age of 
the 4- to 5-year-old group (i.e., 4.82 years).

On the other hand, context noise, which is closely 
linked to the ability to discriminate between different 
contexts, decreases gradually over the course of devel-
opment and remains a major source of interference in 
adults. This accords with other studies that have found 
that the ability to discriminate among different contexts 
has a protracted development (Ghetti & Lee, 2011). 
However, previous studies mainly examined how well 
different contexts can be discriminated in the study 
without considering the effects of prior experience that 
the participants bring to the experiment (Drummey & 
Newcombe, 2002; Lloyd et al., 2009; Yim et al., 2013). 
By contrast, the current study distinguished these two 
components by approximating the effect of prior experi-
ence and then using a computational model to estimate 
the ability to discriminate between different contexts.

The increase in the ability to discriminate among dif-
ferent representations may be driven by at least two 
mechanisms. First, evidence shows that discrimination 
may be enhanced by refining the representations 
through learning (Keil, 1979), which we term the benefit 
of experience. For example, previous studies show that 
children’s memories are better than adults’ when child-
friendly items are used (Gross et  al., 2016) or when 
children are tested in a domain in which they show 
expertise (Gobbo & Chi, 1986). However, it is also pos-
sible that the change can be driven by maturation. For 
example, pattern separation, or the ability to dissociate 
highly similar memory representations, has been linked 
to the maturation of the hippocampus (Keresztes et al., 
2018), and the hippocampus develops through to adult-
hood (De Master et al., 2014). The two mechanisms are 
not mutually exclusive, and the division of labor between 
the two requires further investigation.

To capture how different sources of interference 
change across development, we used a computational 
model in the current study. Previous studies have been 
able to explain developmental changes with increases 
in discriminability (Hayes et al., 2017). However, studies 
are agnostic about the cognitive sources of develop-
ment, such as whether changes are due to representa-
tions or to retrieval mechanisms. Our model decomposed 
performance changes to measure how latent parameters 
(i.e., discriminability of different memory representa-
tions) developed, while considering the increase in 
experience that comes with age. The results showing 
an asynchronous development of item and context dis-
crimination in recognition memory suggest that there 
are at least two representational changes involved in 
recognition-memory development. Additionally, the 
current model explains memory development and the 
changes in representations that underlie development 
through a retrieval process based on familiarity, which 
suggests that familiarity may be an important construct 
in understanding human memory (cf. Geurten et  al., 
2021; Ghetti & Angelini, 2008; Hayes et al., 2017).

Finally, the current study provides a basis for inter-
esting future investigations. First, although we proposed 
a computational model that assumes representational 
change across development, we did not describe how 
it changes. Because our results show that the process 
of making representations more distinguishable from 
each other is a crucial component in memory develop-
ment, incorporating a mechanistic account of how dif-
ferent representations are refined in the model will 
provide a more complete understanding of how mem-
ory develops (e.g., Saxe et al., 2019). Second, the cur-
rent study used a cross-sectional design in which the 
developmental changes cannot be directly measured 
but only inferred. We therefore are planning to confirm 
the current findings using a longitudinal design. Embed-
ded in the longitudinal design, we also plan to measure 
other cognitive abilities (e.g., executive function, vocab-
ulary knowledge) that may aid us to better understand 
the mechanisms involved in memory development. 
Future studies should also investigate other age groups 
to fully understand the developmental trajectory of 
human memory, as our current study examined only 
three age groups. Finally, improvements can be made 
to the measurement of previous exposure of an item 
rather than using normative frequency (e.g., TASA or 
CHILDES). For example, using experience-sampling 
methods, an individualized corpus can be constructed, 
and individualized frequency will provide better mea-
sures of previous exposure for each participant. More-
over, the recency of the item can be controlled, as it 
will also affect memory performance (cf. Yim et  al., 
2020).
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In conclusion, the current study found evidence that 
different sources of interference change across develop-
ment at a different rate and that this difference stems 
from the fact that the ability to discriminate between 
different kinds of memory representations (i.e., item and 
context) develop asynchronously. Whereas item-based 
interference (i.e., item noise) decreases rapidly between 
the ages of 5 and 7, context-based interference (i.e., 
context noise) decreases gradually and continues to 
affect memory in adults. These findings advance our 
understanding of memory development by identifying 
its sources. Moreover, the novel computational model 
provides a way to decompose the effects stemming from 
experience and from maturation, which can be further 
applied in cognitive development research more broadly.
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Note

1. However, the magnitude of the frequency effect is not directly 
connected to the magnitude of the context noise. Because 
context noise is calculated by multiplying the variance of the 
context-mismatch parameter and the actual frequency count, 
the frequency difference between the high- and low-frequency 
words is the main driver of the magnitude of the frequency 
effect when the context noise is greater than zero.
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