
Significance

Decision making and memory both change dramatically across childhood and

adolescence, but they have largely been studied in isolation. Here, we bridge this gap by

showing that as early as middle childhood, a single fleeting event can systematically bias

choices a day later. However, only older participants draw on richer episodic context to

guide their choices, and this age-related difference may be tied to improvements in

memory precision. Our findings suggest that developmental changes in decision making

may be driven, in part, by the maturation of episodic memory.

Abstract

Most widely studied option evaluation strategies rely on knowledge accumulated across

repeated experiences. But how should options be evaluated in unfamiliar environments,

in which knowledge is sparse? In these situations, how do decision makers make efficient

use of limited past experience to guide their choices? One possible strategy is episodic

sampling, in which a decision maker retrieves a small number of past decisions from

memory to estimate the value of present options. By virtue of their age, children and

adolescents have less experience than adults, making episodic sampling a particularly

useful strategy for them. At the same time, the effectiveness of episodic sampling derives

from memory’s precision and context sensitivity—properties that continue to develop

into adolescence and young adulthood. This tension raises a key question: are

developmental differences in episodic memory associated with differences in episodic

sampling? To address this question, 106 participants, ages 8 to 25, completed a 2-d choice

task that dissociated the influence of a single episodic memory from the influence of

multiple episodes sharing a common context. At all ages, single episodes biased choices.

But, only adults were sensitive to the broader evoked context. Further clarifying the

relationship between episodic memory and decision making, differences in memory

precision predicted differences in episodic sampling, even after taking into account age,

while episodic sampling, in turn, accounted for individual differences in forward planning.

Together, these findings suggest that episodic memory guides decision making

throughout development, but the character of its influence evolves as memory becomes

more precise and richly structured.
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Humans regularly make adaptive decisions in new environments despite having limited

experience. This ability is especially remarkable in children and adolescents, for whom many

environments are novel. Episodic memory may be a key ingredient to this “sample efficiency”

(1–7). A defining feature of episodic memory is that it can be highly detailed. Within an episodic

memory of a past decision, a person may encode not only what they chose and its immediate

outcome but also when and where the decision occurred and its longer-term consequences.

These details allow individuals to go beyond their direct experience, enabling them to vividly

imagine counterfactual pasts and distant futures as they decide what to do next (8–10). A

growing body of work demonstrates that adults draw on episodic memory to guide decision

making (11–13), particularly in uncertain or volatile environments (14), and even when recency-

based evaluation strategies should dominate (15, 16). Given their more limited experience,

children and adolescents may benefit even more from episodic sampling than adults. But

despite the growing evidence in adults, little is known about how episodic memory guides

decision making during childhood and adolescence.

Research on developmental changes in decision making has focused largely on incremental

learning. In incremental learning, an action’s value is estimated by averaging over many past

outcomes, thereby discarding the idiosyncratic features of each contributing experience. This

form of learning strengthens across development, growing more flexible and sensitive to

context (17). Episodic sampling offers an alternative decision strategy. Rather than averaging

across all prior outcomes, episodic sampling estimates action values by averaging over a subset

of past decisions retrieved from memory. The number of memories can vary. At one extreme, a

decision maker can rely on a single memory. For instance, the decision maker, recalling a

particularly delicious meal enjoyed years ago at a Japanese-Peruvian fusion restaurant in Peru,

may be swayed toward trying a new ramen shop rather than returning to their beloved halal

cart down the block. But, when multiple memories are retrieved, the initial memory can cue the

recall of other memories that share a common context, such as time or place. In this case,

recalling one meal from Peru might trigger memories of other meals from the same trip,

leaving the decision maker to forgo both the ramen shop and halal cart and choose a Peruvian

restaurant instead. In this way, a handful of memories from the distant past can exert an

outsized influence on present choices, producing systematic departures from the predictions of

incremental learning (15).

Episodic sampling should be particularly useful for children and adolescents, given their

relatively limited experience. However, the very features of episodic memory that make

episodic sampling efficient—context sensitivity and precision—are among the slowest to

develop. Although children can recognize previously seen individual items as well as adults,

they struggle to remember the contextual details that situate these items in time and place

(18–25). Consequently, they have difficulty organizing experiences around overlapping contexts

(26) and binding people, places, objects, and time into coherent events (27, 28). During the

same developmental period, children also encode individual episodes with less precision or

fidelity than adults (29–37). Accordingly, because episodic sampling ought to depend on the

structure and fidelity of memory (38, 39), it should change in tandem with memory

development. Here, we asked how episodic sampling varies from childhood to young

adulthood. Based on prior research on the development of memory, we hypothesized that

children and adolescents would use episodic memory to inform their decisions but the nature

of its contribution would differ from that of adults. Specifically, we predicted that younger

participants would be able to draw on information from a single episode to guide their choices

but would be less likely than adults to sample multiple contextually linked episodes. To test this

prediction, we recruited a large, age-continuous sample of 8- to 25-y olds to complete, over

multiple days, a task designed to dissociate the influence of a reminded episode from that of its

broader context (15). In addition to the main task, participants completed two more tasks. One

task allowed us to test a potential mechanistic explanation for developmental differences in

episodic sampling. The other allowed us to test the hypothesis that developmental differences

in episodic sampling partially explain known developmental differences in planning.

Results

We analyzed the behavior of 106 participants, between the ages of 8 and 25 y (M  16.96, SD 

5.09, N  54 female), who completed the 2-d study. On the first day, participants completed the

encoding phase. During this phase, participants made choices and encoded images of objects

presented alongside the outcomes of their choices. In the task’s narrative framing, participants

were the captain of a pirate ship, choosing which of three crew members—Red Beard, Black

Beard, or White Beard—would attempt to rob the next passing cargo ship (Fig. 1A). Each choice

returned, with varying probabilities, either a pile of gold coins if the crew member was

successful or a red X if they were not (Fig. 1B). Participants were told that the number of gold

coins they collected across the entire study would determine their bonus pay. Each choice also

returned a trial-unique image of an object alongside the outcome. On the second day of the

study, these object images would serve as memory probes intended to evoke trials

encountered on the previous day.

Participants completed 240 of these trials. The trials took place across six distinct islands or

contexts, distinguished by unique background images of outdoor scenes. The payoff time

series was carefully structured across the islands. On the very first trial, each crew member was

assigned a target probability of yielding gold coins (60%, 30%, or 10%), which then gradually

drifted over the first 10 trials before being reshuffled, with the new mapping persisting for the

next 40 trials before being reshuffled again on a new island (Fig. 1B). Thus, the crew member

that was most rewarded early in the island was not the same one that was most rewarded

across the full duration of the island.

On the second day, participants completed the test phase consisting of 180 choice trials in

which they chose between the same three crew members from the previous day. Interleaved at

pseudorandom intervals were 60 recognition memory trials, on which participants indicated

whether, and with what confidence, they recognized a presented object image (Fig. 1C).

Participants earned additional bonus pay for correct responses. Critically, the memory probes

were drawn exclusively from object images presented during the first 10 trials of each island,

prior to the reshuffling of payoff probabilities. This design allowed us to dissociate the

influence of a single evoked trial from that of the broader context on choice. More concretely, if

the probe triggered retrieval of multiple episodes from the same context, it should increase the

likelihood of choosing the option most rewarded across the context, rather than the option

rewarded on the directly probed trial itself. Finally, at the end of the test phase, participants

completed a source recognition memory test that assessed whether they could identify the

island (context) in which the probed objects had been encountered during the encoding phase.

Decision Making Is Guided by Individual Episodic Memories from Childhood but Is
Only Informed by Episodic Context in Adults.

We first examined how recent and distant experience influenced choices on the second day of

the study. Recent experience refers to trials immediately preceding the current choice, while

distant experience refers to trials from the previous day that have been evoked by memory

probes. Following Bornstein and Norman (15), we fit a mixed-effects logistic regression model

with predictors for the previously chosen option, rewards received over the last three trials, the

option chosen on the probed trial, the reward received on that trial, and the frequency with

which each option was rewarded across the context in which the probed trial occurred (SI

Appendix, Table S1). The model also included age, its interactions with all predictors, and

participant-level random intercepts and slopes.

This analysis revealed significant, separable effects of recent and distant experience on choice.

Participants showed a tendency to repeat their last choice regardless of outcome (Fig. 2A;

, SE  0.015, ). Consistent with model-free reinforcement learning, recent

outcomes also influenced choice. Participants were more likely to select options rewarded over

the last three trials, with more recent trials having a stronger effect (Fig. 2A; reward-1: ,

SE  0.047, ; reward-2: , SE  0.026, ; reward-3: , SE  0.024,

). However, when memory probes were presented, experiences from the previous day

also strongly biased choice, an effect inconsistent with model-free RL. The reward on the

probed trial had only a marginal effect on choice ( , SE  0.026, ), but the

chosen option was significantly more likely to be selected again on the current trial (Fig. 2B;

, SE  0.038, ). Stronger still, rewards across the probed context exerted an

effect comparable to that of a reward received only three trials earlier ( , SE  0.059,

).

Our results closely mirror those found in Bornstein and Norman (15) despite the test phase

occurring a full day after encoding rather than immediately afterward. Strikingly, these effects

emerged despite relatively low overall explicit memory performance (probe recognition: mean

, SD  0.76; source memory: mean proportion correct  0.18, SD  0.07; see SI

Appendix, section S1.2 for additional memory performance results and analyses of

relationships between memory measures). Nevertheless, both probe recognition and source

memory were significantly above chance (probe recognition: one-sample t test against 0, t(105)

 11.25, ; source memory: one-sample t test against 0.17, t(105)  2.57, ).

This gap between the influence of memory probes on choice and explicit memory performance

suggests that episodes and their associated contextual information are retrieved implicitly,

shaping decisions even when explicit memory is weak (see SI Appendix, section S1.3 for further

discussion).

Overall, our findings are consistent with a memory-sampling account in which a probe evokes a

specific episode that triggers the retrieval of other contextually linked episodes. However, our

findings are also consistent with an alternative account in which participants learn context-

specific cached action values, as in model-free reinforcement learning. Under this account, the

probe reinstates the context and its associated value, eliminating the need to retrieve

individual episodes at decision time. To arbitrate between this account and our proposed

sampling account, we ran two additional analyses. First, we fit a reinforcement learning model

to participants’ choices on the first day of the study. Importantly, at the beginning of each

context, the model reset its action values and stored those of the previous context. We then

used this model to extract context-specific action values and included them alongside the

sampling-based context reward predictor in the regression. When both predictors were

included, RL-derived action values were less predictive of choice than the sampling-based

predictor (SI Appendix, section S1.4). Next, we examined whether the temporal context of the

memory probe modulated its influence on choice. Under the reinforcement learning account,

the probe’s temporal position should not matter, as it reinstates a cached value. In contrast, the

sampling-based account predicts sensitivity to temporal position, because the probed episode

would trigger retrieval of temporally proximal experiences. Supporting the sampling account,

the effects of both choice and reward on the probed trial were stronger when the probed trial

occurred earlier in the context (SI Appendix, section S1.4.2).

Having replicated the results from Bornstein and Norman (15), we next examined how the

effects of recent and distant experience varied with age. Echoing prior work showing that

reward sensitivity increases from childhood into adolescence (40–42), the effects of the most

recent choice and its outcome were stronger in older participants (last choice  age: ,

SE  0.015, ; reward-1  age: , SE  0.047, ). However, rewards from

two and three trials back showed no age-related differences (reward-2  age: , SE 

0.026, ; reward-3  age: , SE  0.024, ). Turning to the influence of

distant experience, we found distinct age-related patterns for the effects of individual episodes

vs. broader contexts. The choice and outcome on the probed trial had similarly strong effects

across the age range (Fig. 2C; probed trial choice  age: , SE  0.038, ;

probed reward trial  age: , SE  0.026, ). Even the youngest participants’

choices were biased by a single episode from the previous day. In contrast, the influence of the

probed context was stronger in older participants (Fig. 2D; probed context  age: , SE 

0.059, ). Despite comparable recognition memory across age groups ( , SE 

0.075, ), adults relied more on outcomes across the probed context than did children

or adolescents. These findings suggest that, from middle childhood onward, decision makers

rely on individual episodes to guide choice, but only in adolescence and young adulthood do

they draw on multiple contextually linked episodes.

Age-Related Increases in Context-Guided Episodic Sampling can be Explained by
Improvements in Memory Precision.

Given the age-related differences in the extent to which choices are biased by an evoked

context, we next asked why this variation arises. Specifically, we examined whether memory

precision, assessed in a separate task, might account for this variation. Memory precision

reflects the dimensionality and resolution of mnemonic representations–the number of

perceptual, spatial, temporal, and contextual features on which retrieval can be anchored (43).

If younger participants encode episodes with less precision, as prior work suggests (29–37),

they may have fewer retrieval anchors, reducing their ability to rapidly reinstate and integrate

reward information across an entire context before making a choice.

To test this hypothesis, we invited participants to complete the Mnemonic Similarity Task in a

separate session; 67 of them returned (see SI Appendix, section S2 for demographic

information). The Mnemonic Similarity Task is a recognition memory task in which participants

distinguish previously seen objects from perceptually similar lures and novel foils (44). As our

measure of memory precision, we used the LDI, the difference between the rate of “similar”

responses to lures vs. foils. Consistent with prior findings, LDI was higher in older participants (

, SE  0.030, ), indicating greater memory precision.

We next tested for associations between memory precision and each of the distant-experience

predictors (i.e., probed trial choice, probed trial reward, and rewards across the probed

context), extracting participant-level random slopes from the regression model (SI Appendix,

Tables S5–S7). Because the Mnemonic Similarity Task measures the precision with which

individual objects are encoded, one might expect memory precision to be related to the

influence of individual episodes on choice. Contrary to this, memory precision was not

significantly associated with sensitivity to the probed trial’s choice or outcome (probed trial

choice: , SE  0.14, ; probed trial reward: , SE  0.060, ).

Strikingly, however, there was a significant association with sensitivity to the probed context

(Fig. 3A; , SE  0.14, ); individuals with greater memory precision were more

likely to select an option that was rewarded across the entire probed context. Initially, this may

seem surprising given that prior work has found memory precision for individual items to be

unrelated to item–context binding in children and young adults (45–47). However, memory

precision for individual items may nonetheless track precision for contextual details without

necessarily reflecting the ability to bind items to context.

Given that age predicted memory precision and memory precision predicted sensitivity to

context, we next conducted a mediation analysis with age as the predictor, context sensitivity

as the outcome, and memory precision (LDI) as the mediator. Because the effects of probed-

trial reward and choice did not vary with age in our main sample, we did not conduct a

mediation analysis for these predictors. Supporting our hypothesis, memory precision

significantly accounts for the relationship between age and sensitivity to the probed context (

, SE  0.00029, ). Thus, the general precision of mnemonic representations is

related to their retrieval during decision making.

Use of Individual Episodic Memories Is Positively Associated with Forward Planning
in Adults.

Having found age-related differences in episodic sampling, we next asked whether these

differences might explain developmental variation in planning (48–50). We were motivated by

proposals that hippocampal forward replay, the sequential reactivation of previously

experienced states, supports planning over a mental model of the environment (51, 52). To

address this question, we had the same subset of participants who completed the Mnemonic

Similarity Task also complete a two-stage decision making task (48, 53), in which first-stage

choices probabilistically lead to one of two second-stage states, where participants choose

between two options that probabilistically yield reward. This task dissociates reliance on a

mental model of the environment (model-based control) from reliance on cached action values

(model-free control). Because the age-related differences we observed in episodic sampling

were specific to the probed context, we hypothesized that sensitivity to the probed context, but

not sensitivity to the probed trial, would predict planning across development. When we did

not find a significant association between those two, we conducted subsequent exploratory

analyses to test whether the other two distant-experience predictors could explain individual

variation in planning independent of age. Sensitivity to distant experience was indexed as in

the Mnemonic Similarity Task analyses, using participant-level random slopes from the main

regression.

Contrary to our hypothesis, the influence of probed reward—but not probed choice or context

(SI Appendix, Tables S8–10)—predicted greater forward planning, with the effect being

strongest in older participants (Fig. 3B; probed trial reward  age: , SE  0.38, ;

probed trial reward: , SE  0.31, ; age: , SE  0.037, ).

Although developmental variation in episodic sampling did not explain differences in planning,

these results suggest that in older participants, the retrieval of specific past rewards may

support prospective planning, consistent with recent theoretical proposals linking hippocampal

replay to model-based control (51, 52).

Discussion

Adults’ decisions are shaped not only by recent experience but also by memories of the distant

past. Whether children and adolescents also rely on such memories remains unclear. To

address this gap, we had participants aged 8 to 25 y old complete a 2-d, three-option decision-

making task that dissociated two potential mnemonic contributions to choice: the influence of

a single retrieved episode (i.e., a trial) and that of multiple episodes linked by a shared context.

On the first day, each choice trial was tagged with a unique object image. On the second day,

these images served as incidental reminders of specific trials from the previous day.

Participants across our age range were biased toward the option chosen on the reminded trial,

indicating that episodic memory contributes to decision making from an early age. However,

sensitivity to the episodic context was only evident in older participants, who preferred the

option most often rewarded across the entire reminded context. Our results suggest that

episodic memory supports decision making in at least two ways, each with a distinct

relationship to age.

Children as young as 8 y old drew on individual episodes to guide their decisions. While item

memory reaches relative maturity by middle childhood (19, 54), retrieving a single episode still

does not guarantee that it will be used to inform choice. Moreover, there are reasons to expect

that children might have been less adept in using this information. In adults, memory-guided

decision making is associated with increased hippocampal-ventromedial prefrontal cortex

connectivity (55), and connectivity between these regions continues to strengthen into young

SUBMITARTICLES FRONT MATTER AUTHORS TOPICS   SIGN IN

= =

=

Task design. Task design. Participants completed a two-session three-armed bandit task, consisting of an
encoding phase and the test phase. The task was designed to isolate the effects of retrieved context on decision-
making, distinct from that of the single sampled episode. (A) Day 1: Encoding phase. Participants completed 240
choice trials across six consecutive “islands.” Participants experienced each island, distinguished by a unique
background image, for 40 trials. On each trial, participants chose one of three crew members to rob an incoming
cargo ship. After selecting a crew member, a trial-unique image of an object (the ship’s “cargo”) was displayed,
followed by feedback indicating whether or not the crew member was successful in robbing the ship. If they were
successful, a pile of gold coins was shown; if not, a red “X” was shown. Participants were instructed that their
bonus payment would depend on the total amount of coins collected. We hypothesized that on each trial the trial-
unique image, the context image, the chosen crew member, and the outcome of the choice were bound together
into an integrated representation and stored in episodic memory. (B) Reward structure. Each crew member had a
distinct, gradually changing probability of success. At the beginning of each phase, crew members were initialized
with 60%, 30%, and 10% success rates. These probabilities varied across trials according to a Gaussian random
walk. After the first 10 trials of each island, the probabilities were shuffled so that the most successful crew
member changed. These new mappings persisted through the remainder of the island and into the next, until the
next shuffle 10 trials into the new island. We show an example of how crew members’ probabilities of reward
might vary across three different islands. Each line represents a crew member. Background images indicate the
current context for trials on the x-axis. Shaded boxes mark the first 10 trials of each island. (C) Day 2: Test phase.
The following day, participants completed 180 choice trials on a “foggy” island, during which the background
image and object images were obscured. Crew member success probabilities continued to drift and were
reshuffled every 40 trials, despite the background remaining unchanged. Interleaved between these 180 choice
trials were 60 memory probe trials. On 50 of these trials, images from the prior day’s encoding task were shown
and on 10 trials, novel images were shown. The key measure of interest was the extent to which choices directly
following the memory probe trials were biased by the probes and the reward information associated with them.
Critically, the reward structure allowed us to isolate the contributions of a single retrieved trial from the
contributions of multiple trials from a shared context. In the example displayed here, the retrieved trial should
bias the participant to select Red Beard because he was rewarded on that trial while the retrieved context should
bias the participant toward selecting Black Beard because he most often led to reward on the island with the
cityscape background, in which the retrieved trial occurred.
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Episodic memory guides choice in middle childhood and continues to strengthen into young adulthood. (A and B)
Episodic memory guides choice in middle childhood and continues to strengthen into young adulthood. Estimates
of  weights from a mixed-effects logistic regression are shown with medians and 95% CI. (A) Recent experience
shapes choice. Participants tended to repeat their selection on the last trial, regardless of its outcome (“last
choice”), and to choose options rewarded up to three trials earlier (reward-1, reward-2, and reward-3). (B)
Episodic memories of distant experience shapes choice. On trials directly following a memory probe (the ship’s
“cargo”), participants favored the option chosen on the trial evoked by the probe (“choice on probe trial”), while
the evoked choice’s evoked outcome did not affect their choice (“reward on the probed trial”). Participants also
favored options that were frequently rewarded across the context (“island”) associated with the evoked trial. (C)
The influence of a single evoked trial is stable from middle childhood to young adulthood. Markers show the
estimated probability of choosing an option when it was selected on the evoked trial (“same”), was not selected
(“different”), and when no trial was recently evoked (“irrelevant”). Purple markers denote group averages, and
gray markers denote individual participants. Choice on the evoked trial significantly influenced subsequent
choices, whereas reward on that trial did not. Error bars indicate 95% CI. While age is plotted discretely (children:
8 to 12.99 y; adolescents: 13 to 17.99 y; adults: 18 to 25 y), it was included as a continuous variable in the
statistical model. (D) The influence of an evoked context strengthens with age. Lines show the estimated
probability of choosing an option as a function of how frequently it was rewarded across the context (island)
evoked by the probe. Purple lines denote group averages, and gray lines denote individual participants. Shading
indicates 95% CI.
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Memory precision and forward planning track the influence of episodic memory on decision making. Markers
indicate individual participants and shaded bands show 95% CI. (A) Across participants, greater memory precision
[higher lure discrimination index (LDI)] predicted a stronger influence of the evoked context’s reward history on
choice. This was the case even when taking age into account. (B) A greater influence of the reward received on the
probed trial was associated with greater forward planning (model-based effect), most strongly in adults.

Fig. 3.

 OPEN IN VIEWER

b = 0
.
019 = P = 0

.
0
4
8

× b = 0
.
81 = P = 0

.
038

b = 0
.
59 = P = 0

.
066 b = 0

.
0
4
8 = P = 0

.
20

 

















Developmental changes in memory
structure and precision alter the use of
retrieved episodes during decisions for
reward
Nora C. Harhen  , Aaron M. Bornstein , and Catherine A. Hartley  Authors Info & Affiliations

Edited by Nora S. Newcombe, Temple University, Philadelphia, PA; received September 11, 2025; accepted June 18, 2026

   󩤲 PDF  EPUB

| RESEARCH ARTICLE | PSYCHOLOGICAL AND COGNITIVE SCIENCES | 

July 29, 2026 123 (31) e2525494123 https://doi.org/10.1073/pnas.2525494123

https://www.pnas.org/email-alerts-and-rss
https://www.pnascentral.org/cgi-bin/main.plex
https://www.pnas.org/action/showLogin
https://www.pnas.org/#facebook
https://www.pnas.org/#x
https://www.pnas.org/#bluesky
https://www.pnas.org/#linkedin
https://www.pnas.org/#email
https://www.pnas.org/doi/10.1073/pnas.2525494123#
https://orcid.org/0000-0003-4537-1035
mailto:nora.harhen@nyu.edu
https://orcid.org/0000-0001-6251-6000
https://orcid.org/0000-0003-0177-7295
https://www.pnas.org/action/addCitationAlert?doi=10.1073%2Fpnas.2525494123
https://www.pnas.org/personalize/addFavoritePublication?doi=10.1073%2Fpnas.2525494123
https://www.pnas.org/doi/epdf/10.1073/pnas.2525494123
https://www.pnas.org/doi/epub/10.1073/pnas.2525494123
https://www.pnas.org/topic/type/research-article
https://www.pnas.org/topic/psych-soc
https://doi.org/10.1073/pnas.2525494123
https://www.pnas.org/


adulthood (56), making our result, in some ways, surprising. One potential explanation is that,

across development, different neural mechanisms may support memory-guided choice.

Consistent with this notion, hippocampal-striatal coupling is heightened in adolescents relative

to adults during value-based decision making (57). This raises the possibility that, in childhood

and adolescence, interactions between subcortical regions coordinate mnemonic, value, and

action information, supplanting later-developing contributions of the prefrontal cortex to

memory-guided behavior (58).

While children’s choices were influenced by individual episodes, they were not influenced by

the broader context. What might explain this dissociation? Our data suggest memory precision

as one key factor. Replicating prior work (29–37), we found that memory precision increased

with age and fully accounted for developmental variation in context sensitivity. Adults may

encode episodes with richer contextual detail, providing them with more anchors for retrieval,

and increasing the likelihood that they could rapidly reinstate related episodes at decision time

(43).

Differences in memory structure likely also contribute to the age-related increase in the

sensitivity of choice to contextual memory. Across childhood and adolescence, improvements

in item–context binding (19, 33, 34, 59–62) support the organization of memories around

contextual features, including time and location (24, 63–65). Episodes that share contextual

features can be integrated into coherent representations–a process known as memory

integration. Children are capable of memory integration but tend to do so only at retrieval and

when prompted (66–68), whereas adults integrate related episodes spontaneously at encoding

(69). Adults, with an integrated structure already in place, are able to rapidly reinstate clusters

of related episodes at decision time; children, lacking this structure, may only be able to

retrieve the episode directly evoked by the probe. Together, age-related differences in both

memory precision and structure provide plausible accounts for why sensitivity to evoked

contextual information is present in older participants but not younger. Adults’ high-fidelity

memories preserve rich contextual detail, allowing episodes to be organized into structured

representations that can be rapidly reinstated when needed.

Hippocampal replay, the sequential reactivation of previously experienced states, has been

implicated in planning (51, 52), and planning improves across development (48–50). We

therefore asked whether memory-guided decision making explains age-related differences in

planning. We first tested whether model-based control was predicted by context sensitivity, as

it was the index of memory-guided decision making we found to increase with age, but found

no significant association. We then asked whether variation in planning, independent of age,

was related to other indices of memory-guided decision making. Greater sensitivity to reward

on the probed trial was associated with increased model-based control, but only in adults. This

may reflect developmental limitations in the ability to integrate episodes. Although children can

draw on a single episode to guide choice, they may fail to assemble multiple episodes into

coherent, forward-looking plans (10).

In adults, reinforcement learning and episodic memory systems are known to reciprocally

interact. Reward and motivational states enhance memory and consolidation (70–76), while

episodic memory is recruited to support value-based decisions (11–13, 15, 16, 77, 78). Recent

research has extended these findings developmentally, characterizing how the relationships

between episodic memory, reward, and choice vary with age (79). A majority of these studies

have focused on how reward and choice influence memory (57, 80–85). Our findings

complement this work by demonstrating that episodic memory also shapes decision making in

children, adolescents, and young adults. Significantly, the form of memory’s contribution differs

with age, tracking known changes in the precision and structure of memory (24, 31, 32, 36, 63).

A growing body of work has characterized age-related variation in model-free reinforcement

learning, another strategy for option evaluation (86–93). Our findings raise the question–do

these age-related differences in model-free reinforcement learning stem from differences in

memory? Others have similarly asked whether the development of memory could explain

known developmental changes in cognitive flexibility (94). These questions motivate future

longitudinal studies testing whether improvements in episodic memory scaffold the

development of decision-making strategies. Our work opens up directions for understanding

how episodic memory and decision making processes jointly develop.

Materials and Methods

All study procedures were approved by New York University’s Institutional Review Board (IRB-

FY2021-5654).

Participants.

We recruited 124 participants between the ages of 8 and 25 (M age  16.71, SD  5.06, 62

female) for an online study consisting of four sessions. The encoding phase of the memory and

decision-making task was completed in Session 1, and the test phase in Session 2 the following

day. Participants then completed the memory precision task in Session 3, one to 2 wk later, and

the forward planning task in Session 4, an additional 1 to 2 wk after that. Adult participants and

parents of minors provided informed consent; participants under 18 y assented to participate.

Participants were recruited from the Hartley lab database which includes individuals recruited

through ads on social media (e.g., Facebook and Instagram), word of mouth, local science fairs,

and flyers on New York University’s campus. Participants who had not previously completed an

in-person study with our lab completed a brief Zoom call with a researcher. During this call,

participants (and their parent or guardian, if the potential participant is under 18 y) were

required to be on camera and confirm their full name and date of birth. Adult participants and

parents of child and adolescent participants were additionally required to show photo

identification.

Participants were recruited to ensure even coverage of the age range. Participants reported no

history of psychiatric or learning disorders. Based on self- or parent-report, 43.55% of

participants were White, 33.06% were Asian, 13.71% were more than one race, and 9.68% were

Black. Additionally, 12.01% of the sample identified as Hispanic.

Eighteen participants were excluded for their behavior in the main task (M age  15.20 y, SD 

4.44, range  8.77 to 25.01, 8 females). Exclusion criteria included: failing to respond on more

than 10% of trials in either the encoding or test phase (4 excluded), selecting one of the three

options on fewer than 5% of trials in either phase (8 excluded), responding on average in less

than 250 ms (1 excluded), interacting with their browser more than 10 times in either phase (10

excluded). Data from one additional participant were not analyzed because of technical issues

during data collection. This left a final sample of 106 participants (mean age  16.96, SD  5.09,

range  8.03 to 25.97, 54 females). Our target sample size of 100 was based on power analyses

using the effect sizes obtained from previous variants of the task. Bornstein and Norman (15)

performed a one-sample t test of participants’ individual estimates of the influence of context

memory on choice against 0. With their obtained effect size, d  0.79, a sample size of 15 would

be needed to achieve 80% power at . (95) examined individual differences in memory-

guided decision making, finding a moderately strong correlation ( ) between memory

precision and the influence of episodic memory on choice. To achieve 80% power at ,

66 participants would be necessary. Our sample size surpasses both these targets and is larger

than many previous studies of age-related variation in memory and decision-making strategies

(96–99).

A subset of the included participants (N  67) also completed the Mnemonic Similarity Task,

indexing memory precision, and the two-step task, indexing forward planning. For each of the

four sessions, participants were compensated with a $10 Amazon gift card and had the

opportunity to earn up to $2 in bonus payment based on task performance.

Memory and Decision Making Task.

Instructions.

Before beginning the task, participants received written, audio, and interactive instructions, and

completed practice choice and memory trials. They also completed an instruction

comprehension quiz and could not begin the task until they answered all four questions

correctly.

Encoding phase.

We adapted a three-armed restless bandit task from a prior adult study (15). In our version,

participants acted as captains of a pirate ship (Fig. 1 A and B). The ship traveled to a series of

islands, each distinguished by a unique background image (i.e., the context). As the captain,

participants chose, within a 3-s response window, which of the three crew members—Red

Beard, Black Beard, or White Beard—would attempt to rob the next passing cargo ship. After

each choice, a trial-unique image of the cargo, always an object, was displayed for 1 s.

Participants were instructed to encode this object image in conjunction with the island’s

background image. Participants then received feedback that indicated whether the robbery

was successful. A pile of gold coins signaled that the crew member was successful and a red “X”

signaled that they were not. Feedback remained on screen for 1.5 s. The three crew members

differed in their probability of success, and these probabilities changed over time according to

(Eq. 1) (Reward Structure). Participants were incentivized to track the success of crew members

over time, because their bonus payment was tied to the amount of gold they collected. The

encoding phase comprised 240 choice trials across six islands, with islands changing every 40

trials. Upon leaving an island, participants were offered an optional break of up to 2 min.

Reward structure.

Each crew member’s probability of success drifted over time. At the beginning of each phase,

crew members were assigned unique initial success probabilities of 60%, 40%, or 10%. These

probabilities drifted independently according to a decaying Gaussian random walk with

reflecting bounds at 5% and 95%, centered on the target probability ( ) assigned to each crew

member .

[1]

where  (stickiness) was set to 0.6,  (diffusion noise) was a zero-mean Gaussian with SD  8.

On each island (except the first in each phase), crew members’ target reward probabilities ( )

were reshuffled after the first 10 trials and remained fixed for the subsequent 40 trials until the

next island transition. Critically, memory probes presented during the test phase were drawn

exclusively from these first 10 trials before reshuffling. This allowed us to dissociate the reward

outcome associated with a probed trial from the overall distribution of rewards within that

context.

Test phase.

The following day, participants completed 180 additional choice trials of the three-armed

bandit task (Fig. 1C). In the test phase, background and trial-unique object images were absent

—participants were told that “fog” on the island obscured this information. Interleaved

pseudorandomly among the choice trials were 60 recognition memory trials. On each

recognition memory trial, an object image was displayed, and participants had up to 3 s to

indicate their confidence in having seen it the previous day (definitely saw, maybe saw, maybe

did not see, definitely did not see). Correct responses earned additional bonus pay. A majority

of the images (up to 50 of 60) were “old,” having appeared during the encoding phase. Thus,

they served as reminders of specific past trials. Probe images were drawn exclusively from the

first 10 trials of each island (with the exception of the very first island). We excluded trials on

which a participant did not respond because no trial-unique object would have been displayed

on such trials, and hence there was no image that could serve as a memory cue. Because probe

images were associated with the earliest trials within each context, they benefit from the

primacy effect (100), increasing the likelihood that participants would remember them during

the test phase. The probed trials bore no relation to their surrounding choice trials, and

participants were given no information regarding the relationship between the recognition

memory and choice trials.

Source memory.

Source memory was assessed immediately after the test phase. On each trial, participants were

shown an object image that had previously served as a memory probe and had 3 s to select the

island on which they originally encountered the object.

Analyses.

Our primary goal was to examine how episodic memory shapes decision making across

development. To address this, we fit a logistic regression model predicting participants’ choices

from the test phase. Fixed effects included recent experience (option chosen on the previous

trial; outcomes one, two, and three trials back), distant experience from the prior day (choice

and outcome from the probed trial; outcomes averaged across the probed context),

continuous age, and interactions between age and all other predictors. Age was z-scored across

the full sample prior to entry in the model.

We constructed the predictor matrix (SI Appendix, Table S1) following the approach of

Bornstein and Norman (15). The following procedure was repeated once for each of the three

crew members, yielding up to 540 rows (180 choice trials  3 options). The number of rows

could be less than this because we excluded from analysis any choice trials in which the

memory probe, on the preceding recognition memory trial, was incorrectly judged to be “new”

despite having been presented on the previous day. Confidence (i.e., “definitely” vs. “maybe”)

was not taken into account.

To begin, one crew member was treated as the option of interest. We included seven main

effects. The first four predictors coded for the influence of recent experience. The first

predictor, reflecting perseveration, was coded as 1 if the option of interest was the same as the

option selected on the last trial and was coded as 0 otherwise. The following three predictors

reflected the influence of rewards received one, two, and three trials back. If the option of

interest was chosen and rewarded t trials ago, then the predictor was coded as 1. If chosen but

not rewarded, then it was coded as 1, and if it was not selected, then 0.

The next three predictors captured the influence of experiences from the prior day. The first

(choice on probed trial) was coded as 1 if the option of interest matched the option chosen on

the probed trial, and 0 otherwise. The second (reward on probed trial) was coded as 1 if the

option was chosen and rewarded, 1 if chosen and unrewarded, and 0 if not chosen. The third

(reward across probed context) was calculated as the number of times the option was chosen

and rewarded minus the number of times it was chosen and unrewarded, divided by the total

number of choices of that option within the context; if the option was never chosen in the

context, this value was set to 0. When a choice trial did not immediately follow a recognition

probe trial, or when the probe was “new,” all memory predictors were set to 0. Confidence

judgments (definitely vs. maybe) were not included in the main analyses. Results from an

analysis including confidence can be found in SI Appendix, section S6. Including confidence

does not alter any of the significant effects we report here. In total, the model included eight

predictors, seven interaction terms, and an intercept.

The regression was conducted in R using the lme4 package (101). It included participant-level

random intercepts and random slopes for the effects of reward one, two, and three trials back,

as well as for the effects of choice on the probed trial, reward on the probed trial, and reward

history across the probed context. To minimize Type I error, we initially specified the maximal

model (102). If the model failed to converge, we iteratively simplified the model by removing

random slopes until convergence was achieved.

Mnemonic Similarity Task.

The task was split into an incidental encoding and test phase and was performed in a separate

session from the memory and decision-making task (SI Appendix, Fig. S4A). During the

encoding phase, participants performed a cover task in which they were shown an object and

while it remained on screen, were asked to identify it as belonging indoors by pressing the “v”

or outdoors by pressing the “n” on their keyboard. 64 objects were presented sequentially in a

randomized order for 2 s each followed by a 500 ms interstimulus interval.

During the test phase, participants were informed that they would be shown some objects they

had previously seen and some objects that were novel. When an object was displayed, they had

3 s to decide if the object was identical to one from the encoding phase (“old”), similar to one

they had seen before (“similar”), or a novel object dissimilar to any objects encountered during

the encoding phase (“new”). 32 old objects, 32 similar lures, and 32 new foils were presented in

a randomized order and each choice was followed by a 500 ms interstimulus interval.

Participants responded using their keyboard, pressing v for old, “b” for similar, and n for new.

We selected images from the Stark lab database

(https://github.com/celstark/MST/tree/master/Set%206) based on our subjective assessment of

children’s familiarity with the objects. Lure images belonged to five bins of varying similarity as

rated by a separate group of adult participants.

Analysis.

We used the LDI as a measure of an individual’s pattern separation abilities or memory

precision. It was computed as the difference between the rate of similar responses given for

lure items and similar responses given to foils. We also computed a general recognition

memory score (REC). This was taken as the difference between the rate of old responses given

for repeat items and old responses given to foils.

The Two Step Task.

In a separate session, participants completed a version of the original task (53) adapted for

developmental populations (48), specifically for online data collection.

Participants were tasked with collecting as much space treasure as possible from aliens

residing on different planets (SI Appendix, Fig. S5B). Each trial consisted of two decision stages.

At the first stage, participants chose between two spaceships that would probabilistically

transition to a red or purple planet. Each spaceship had a planet it would more commonly

transition to (70% vs. 30% of the time). Participants were informed that some transitions

between spaceships and planets would be more frequent, but they were not informed of the

exact transition structure, requiring them to learn this through experience. Once on a planet,

they would then select one of two aliens to ask for treasure (the second-stage decision). Aliens

provided treasure with some probability that slowly changed over time. Participants completed

200 of these trials.

Analysis.

Using a previously described analytical approach (96), we examined participants’ use of model-

free and model-based strategies by running a mixed effects logistic regression predicting

choice from the transition type (common vs. rare) and reward received on the previous trial. If

using a model-free strategy, a participant should be insensitive to the previous trial’s transition

type. On the next trial, they should be more likely to repeat their previous first-stage choice if it

led to reward and switch to the other option if it did not. In contrast, a participant using a

model-based strategy would be sensitive to transition type. They should be more likely to

repeat their first-stage choice under two scenarios—if it was common transition trial and they

received a reward or it was a rare transition and they did not receive reward. If the opposite of

either scenario occurred, then they should be more likely to switch their choice. Thus, we used

the random slopes of the reward  transition type interaction effect as a measure of

individuals’ model-based strategy use.
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Data, Materials, and Software Availability

All data and code have been deposited in GitHub
(https://github.com/noraharhen/HarhenBornsteinHartley2025_ContextBandits) (103). Anonymized choice
data have been deposited in Zenodo (https://doi.org/10.5281/zenodo.17096356) (104).
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