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Time-dependent consolidation
mechanisms of durable memory
in spaced learning
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Emerging studies suggest that time-dependent consolidation enables memory stabilization by
promoting memory integration and hippocampal-cortical transfer. Compared to massed learning,
how time-dependent consolidation contributes to forming durable memory and what neural
signatures predict durable memory in spaced learning remain unclear. We recruited 48 participants
who underwent either 3-day spaced learning or 1-day massed learning, and both resting-state and
task-based fMRI data were collected in multiple delayed tests (i.e., immediate, 1-week, and 1-month).
We use representational similarity analysis to assess neural integration and replay in the hippocampus
and default mode network (DMN) subsystems. In contrast with massed learning, spaced learning
induces higher neural pattern similarity during immediate retrieval only in DMN subsystems.
Particularly, the neural pattern similarity in thedorsal-medial DMN (DMNdm) andmedial-temporal DMN
subsystems predicts the durable memory defined by 1-month delay. Moreover, we find increased
neural replay of durable memory in the DMNdm for spaced learning and in the hippocampus for both
spaced and massed learning. Our findings suggest that time-dependent consolidation promotes
neural integration and replay in the cortex rather than in the hippocampus, which may underlie the
formation of durable memory after spaced learning.

Based on the spacing effect, a well-known phenomenon in learning and
memory, spaced learning can enhance memory performance, especially for
memory durability, compared to massed learning1–5. Previous studies sug-
gest that spaced learning leads to robust memory by eliciting retrieval effort
and the reactivation of a preceding memory trace6, manifests as stronger
brain activation2,7 and enhanced item-specific spatiotemporal pattern
similarity8 during the encoding phase. However, these studies used trial-
based spaced learning and mainly focused on the neural mechanisms of
encoding, which might ignore the effect of time-dependent consolidation
that is more profound in day-based spaced learning. According to a beha-
vioral study, superior memory can last months after day-based spaced
learning compared tomassed learning9. Nevertheless, neuroimaging studies
with day-based spaced learning typically assessmemory retention following
relatively short delays, such as several days10,11, and they rarely explored the
time-dependent consolidation mechanisms underlying the formation of
durablememory in spaced learning. Thus, questions are raised about which
characteristic neural representations contribute to time-dependent con-
solidation in spaced learning andwhether they canpredict durablememory.

The consolidation theory posits that consolidation fosters the formation
of long-term memory traces through effective stabilization and
reinforcement12–16.On the one hand, time-dependent consolidationmay lead
to a transition from detailed memory to gist-like memory, which integrates
memories to promote efficient storage17–21. Accordingly, previous functional
magnetic resonance imaging (fMRI) studies have demonstrated neural
integration as a higher retrieval-related neural pattern similarity between
different items after a day22 or a week23 than immediately after learning.
Although time-dependent consolidation may facilitate the integration of
memories, whether spaced learning benefits from this mechanism remains
elusive. On the other hand, convergent studies have suggested thatmemories
(especially episodic memories) are initially encoded in the hippocampus and
then transferred to distributed cortical networks for stabilization through
hippocampal-cortical interactions during consolidation19,24–28. Nevertheless,
whether spaced learning is conducive to memory stabilization by promoting
hippocampal-cortical transfer is largely unknown.

During post-encoding consolidation, spontaneous activities within
hippocampal and across hippocampal-cortical networks are the leading
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mechanism underlying memory stabilization and transformation20,29–33.
Consolidation relies on the spontaneous memory-related replay after
learning31,32,34,35. Several fMRI studies evaluated the appearance of task-
evoked memory pattern, as well as increased hippocampal-cortical func-
tional connectivity (FC) in post-encoding rest, and revealed a positive
relationship between spontaneous replay and subsequent memory36–39. For
instance, theprior study indicated that after a 1-daydelay, the items replayed
more during post-encoding consolidation showed better subsequent
memory36. Besides the memory replay within the hippocampus, previous
fMRI studies have suggested that changes in hippocampus-cortex FC after
learning reflect the transfer of memory storage10,40,41. However, whether lags
in spaced learning enable more spontaneous replay and thus contribute to
the formation of durable memory remains poorly understood.

Moreover, the emerging model emphasizes that the default mode
network (DMN), which has frequently been linked to episodic memory,
may serve as a hub for igniting replay cascades and support the reactivation
of oldermemories42–47. Due to its complex cognitive engagement, the DMN
has been divided into distinct subsystems: the dorsal-medial DMN
(DMNdm), core DMN (DMNcore), andmedial-temporal DMN (DMNmt)

48.
Specifically, the DMNdm is closely linked to the integration and storage of
memory49–52. The DMNcore, involved in self-referential and long-term
memoryprocessing53,54, serves as a functional hubandmediates information
transfer between DMNdm and the DMNmt subsystems55–58. The DMNmt,
most close to the hippocampus spatially and functionally, is associated with
the encoding and retrieval of episodic memory, particularly in gathering
cognitive, emotional, environmental, and other information54,59,60. Accord-
ingly, memories might be initially encoded and processed in the hippo-
campus and the DMNmt and then transferred and integrated into the
DMNcore and DMNdm for long-term storage. However, the exact destina-
tions of the DMN subsystems that support the hippocampal-cortical
transfer of memory traces after spaced learning are unclear.

In this study, we adopted a between-subject and day-based design
and totally recruited 69 participants who underwent either 3-day

spaced learning or 1-daymassed learning. Behavioral analysis involved
all 69 participants, while fMRI analysis included 48 participants. A
total of 60 picture-word pairs was repeatedly used in six blocks for both
groups, ensuring that all participants learned each pair six times. Both
resting-state and task-based fMRI data were collected in multiple
delayed tests (i.e., immediate, 1-week, and 1-month). Baseline resting-
state fMRI data were collected before learning (Fig. 1). Considering
that the substantial difference between the two learning groups is the
consolidation time before the first test, the primary analysis of this
study was to examine the between-group differences in neural pattern
similarity and spontaneous replay in the immediate test using repre-
sentational similarity analysis (RSA), and to test their predictive effects
on long-term memory retention. We hypothesized that extended
consolidation time in spaced learning group could enhance neural
pattern similarity and spontaneous memory replay as well as facilitate
the transfer of memory storage, although the immediate memory
performancemight be comparable for both learning groups.Moreover,
these characteristic neural representations may predict durable
memory, especially in the DMNdm.

Results
Memory performance differed between spaced and massed
learning in the delayed but not in the immediate tests
To estimate memory performance in a single test, the d-prime,
denoting hit rate corrected by false alarms (FA) rate, was calculated. To
confirm that no between-group difference in memory performance in
immediate memory test but do in delayed tests revealed by previous
studies10,61, we conducted independent sample t-test for each test. We
found that d-prime was significantly higher in the spaced learning
group than in the massed learning group in the 1-week (t(67) = 2.38,
p = 0.020) and 1-month (t(67) = 2.95, p = 0.004) delayed tests. No sig-
nificant difference in d-prime was observed in the test immediately
after learning (t(67) = 0.11, p = 0.915) (Fig. 2a).

Fig. 1 | Experimental design.The experiment consisted of amemory learning phase
and three test sessions (immediate, 1-week, and 1-month) after the learning phase.
Participants were randomly assigned to either a 3-day spaced learning group (two
blocks of learning each day) or a 1-daymassed learning group (six blocks of learning
in a single day) to learn a set of 60 picture-word pairs six times. The encoding phases
were all conducted out of the scanner. Memory tests were conducted during fMRI

scanning with 60 learned and 30 novel words in each test session. During tests,
participants were required to indicate whether the presentedwordswere learned and
the type of the associated picture. Following only resting-state functional magnetic
resonance imaging (fMRI) before learning at baseline, both resting-state and task-
based fMRI were collected in the three test sessions after the learning phase.
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Spaced learning leads to better memory retention for
different delays
To evaluate memory retention, at least two tests after learning are required.
In our main analysis, we defined durable memories as those successfully
retrieved in both immediate and 1-month delayed tests. The retention rate
was quantified as thepercentage of durablememories among all successfully
retrieved memories in the immediate test (Fig. 2b). To explore the delay

effect, we also defined durable memories based on the 1-week delays.
Through independent sample t test, we found that the retention rate after
spaced learning was significantly higher than that after massed learning for
both 1-week (t(67) = 2.87, p = 0.006) and 1-month (t(67) = 2.06, p = 0.043)
delays (Fig. 2c). This result indicates that spaced learning leads to higher
memory retention for both 1-week and 1-month delays, compared to
massed learning.

Fig. 2 | Behavioral performance and the defini-
tions of durable and weak memories. a Changes in
memory performance in each test in the spaced and
massed learning groups. The memory performance
differed between spaced and massed learning in the
delayed but not in the immediate tests. b Durable
memories refer to those successfully recalled in
immediate and 1-month delayed tests. Weak
memories refer to those only recalled in the
immediate test. Stimuli recalled that immediate tests
were considered incorrect. c The spaced learning
group showed a higher retention rate in 1-week and
1-month delayed tests than massed learning group.
The error bars denote standard errors; center line,
median; box limits, standard errors; whiskers, 95%
confidence interval; square, mean; SL spaced learn-
ing,MLmassed learning; Test 1 immediate test; Test
2, 1-week delayed test; Test 3, 1-month delayed test;
**p < 0.01; and *p < 0.05.

Fig. 3 | Intertrial similarity analysis. a The regions of interest (ROIs) for the
hippocampus and the three DMN subsystems are shown in different colors.
b Intertrial similarity analysis was performed by calculating the mean Pearson’s
correlation across the neural activity patterns of successfully retrieved memories in
the immediate test. i and j denote the specific stimuli during retrieval; n indicates the
number of successful memories; C(n,2) indicates the number of combinations when
choosing 2 of n stimuli at a time. c The average intertrial similarity of each ROI for

each learning group.dThe prediction of the intertrial similarity of theDMNdm to the
1-month retention rate for each learning group. e The prediction of the intertrial
similarity of the DMNmt to the 1-month retention rate for each learning group. The
error bars denote standard errors; SL, spaced learning; ML, massed learning; DMN,
default mode network; DMNdm, dorsal-medial DMN; DMNcore, core DMN;
DMNmt, medial-temporal DMN; HIP, hippocampus; *p < 0.05; and ns, non-
significant.
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Spaced learning induced higher intertrial similarity of the DMN
subsystems during immediate retrieval
Although no significant between-group differences in immediate memory
performance were observed, we used RSA to examine the intertrial simi-
larity of the hippocampus and the three DMN subsystems (Fig. 3a) during
the immediate retrieval (Fig. 3b). Using the trial-by-trial general linear
model (GLM), retrieval-evoked brain activity can be obtained for individual
trials. The intertrial similarity was calculated by averaging the correlations
between the brain activity patterns of the successfully retrieved trials. The
independent sample t-test showed that the intertrial similarity of the
DMNdm (t(43) = 2.05, p = 0.046), the DMNcore (t(43) = 2.30, p = 0.027), and
the DMNmt (t(44) = 2.33, p = 0.024) was significantly higher in the spaced
learning group than in the massed learning group. No significant between-
group differences in intertrial similarity were observed in the hippocampus
(t(42) = 0.50, p = 0.617) (Fig. 3c).

Intertrial similarity of DMN subsystems during immediate retrie-
val predicted memory retention after spaced learning
Through correlation analysis, we further found that the intertrial similarity
of DMNdm (rho= 0.43, p = 0.044) (Fig. 3d) and DMNmt (rho= 0.45,
p = 0.032) (Fig. 3e) was significantly correlated with the retention rate only
for spaced learning. However, there was no significant difference in the

correlations between the two groups for DMNdm (z= 0.75, p = 0.228) and
DMNmt (z= 0.96, p = 0.170). The intertrial similarity was not correlated
with d-prime in the immediate test in any learning group (Supplementary
Fig. 1a, b). These findings indicate that spaced learning leads to a more
similar neural activity pattern in cortical networks during immediate
retrieval, which was associated with durable memory.

As an exploratory analysis, we have performed mixed analysis of var-
iance (ANOVA) with a 2 (group: SL, ML) × 3 (test: immediate, 1-week, 1-
month) for each region of interest (ROI) to examine how between-group
differences in intertrial similarity change over time. We found significant
main effect of group in theDMNcore (F(1, 43) = 4.54,p= 0.039,η2p = 0.10) and
DMNmt (F(1, 44) = 5.45, p = 0.024, η

2
p = 0.11) and main effect of test in the

DMNdm (F(1, 43) = 8.00, p = 0.001, η2p = 0.16), the DMNcore (F(1, 43) = 3.81,
p = 0.026, η2p = 0.08), the DMNmt (F(1, 44) = 7.81, p = 0.001, η2p= 0.15) and
the hippocampus (F(1, 42) = 13.68, p < 0.001, η

2
p = 0.25). However, no sig-

nificant interaction of group × test was observed in any ROI. Post-hoc
analyses showed that intertrial similarity of the DMNcore andDMNmt in the
spaced learning group was higher than that in the massed learning group.
The intertrial similarity in the immediate test was significantly higher than
that in the 1-week test in the DMNcore (p = 0.040), the DMNmt (p = 0.006),
and the hippocampus (p < 0.001). The intertrial similarity in the immediate
test was significantly higher than that in the 1-month test in the DMNdm

Fig. 4 | Changes of replay for durable and weak memories after learning. a For
each participant, we created multivoxel neural activity templates for durable and
weak memories based on the retrieval-related activity in the hippocampus and the
three DMN subsystems. Correlation analyses were then performed between the
retrieval-evoked neural activity templates and the framewise resting activity pat-
terns. Replay was defined as a resting activity pattern that showed high similarity
(above the 90th percentile) with the retrieval-evoked neural activity templates. bThe
distribution of correlations between retrieval-evoked neural activity templates and
resting activity patterns in the hippocampus and the DMN subsystems. The 90th
percentile, not an absolute correlation coefficient, was selected as the threshold to
ensure consistency for different brain systems. For example, an absolute threshold of
0.5might be appropriate for the DMNmt and hippocampus, but it is too strict for the

DMNdm and DMNcore. c The number of effective participants with different
thresholds. dChanges of replay for durable memories in the three DMN subsystems
and hippocampus for each learning group. eChanges of replay for weakmemories in
the three DMN subsystems and hippocampus for each learning group. The error
bars denote standard errors; DMN, default mode network; DMNdm, dorsal-medial
DMN; DMNcore, core DMN; DMNmt, medial-temporal DMN; HIP, hippocampus;
CDF88, the 88th percentile thresholds; CDF90, the 90th percentile thresholds;
CDF92, the 92nd percentile thresholds; SD1.5, threshold of 1.5 standard deviations;
△ replay, change of replay; SL, spaced learning; ML, massed learning; **p < 0.01;
and *p < 0.05.
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(p = 0.004), the DMNmt (p = 0.008,) and the hippocampus (p = 0.001)
(Supplementary Fig. 2). Thesefindings indicate that neural pattern similarity
in the DMN subsystems is higher in the spaced learning group across the
threedelayed tests. Theneural pattern similarity in theDMNsubsystemsand
hippocampus reduces over time in both learning groups.

Temporal similarity in the DMNdm was associated with memory
retention after spaced learning
Besides the neural integration, we used RSA to examine the stimulus-
specific temporal similarity of neural activity patterns between delayed tests
for durable memory. Temporal similarity was calculated by averaging the
correlations between the brain activity patterns for the same stimulus across
different tests. No significant between-group differences were observed in
mean temporal similarity across all delayed tests (Supplementary Fig. 3a).
However, the temporal similarity between the immediate and 1-week
delayed tests was significantly higher in the spaced learning group than in
the massed learning group in DMNcore (t(46) = 2.10, p = 0.041) and DMNmt

(t(46) = 2.08, p = 0.044) (Supplementary Fig. 3b). Moreover, both the mean
temporal similarity across all delayed tests (rho= 0.46, p = 0.027) (Sup-
plementary Fig. 3c) and the temporal similarity between the immediate and
1-week delayed tests (rho= 0.47, p = 0.023) (Supplementary Fig. 3d) only in
theDMNdmwere significantly correlatedwith the retention rate after spaced
learning. However, there was no significant difference in the correlations
between the two groups for both the mean temporal similarity across all
delayed tests (z= 0.79, p = 0.214) and the temporal similarity between the
immediate and 1-week delayed tests (z= 0.66, p = 0.256).

Spaced learning induced more neural replay in the DMNdm for
durable memories
To explore whether spaced learning induces more spontaneous replay for
durable memories, we quantified the emergence of replay of durable and
weakmemories at rest. For each participant, we created amultivoxel neural
activity template fordurablememories basedon the retrieval-related activity
in thehippocampus and the threeDMNsubsystems separately, aswell as for
weak memories as a contrast. Correlation analyses were then performed
between each retrieval-evoked neural activity template and the framewise
resting activity patterns. Replay was defined as a resting activity pattern that
showed high similarity (above the 90th percentile) with the retrieval-evoked
neural activity template (Fig. 4a). Thus, the number of replay during resting
state can be calculated both after learning and at baseline.

First, we examined whether the increment of replay was significantly
higher than 0withone-sample t-tests for each groupwithin eachROI.Then,
independent sample t-tests were conducted to examine the between-group
difference in replay. The increment of replay for durable memory was
significantly higher than 0 within the DMNdm (t(22) = 2.81, p = 0.010) and
hippocampus (t(21) = 2.54, p = 0.019) after spaced learning, while only
within the hippocampus after massed learning (t(24) = 2.69, p = 0.013).

Through independent sample t-tests, we found that the increment of replay
for durable memory within the DMNdm after spaced learning was sig-
nificantly higher than that after massed learning (t(46) = 2.10, p = 0.041)
(Fig. 4d). These findings indicate an increased replay in the DMNdm and
hippocampus after spaced learning, while the increase only occurs in the
hippocampus after massed learning.

We also conducted similar analyses based on the neural activity tem-
plates of weak memories. The increment of replay was significantly higher
than 0 only within the hippocampus after massed learning (t(24) = 2.95,
p = 0.007) (Fig. 4e).This result suggests that the incrementof replay forweak
memories only occurs in the hippocampus after massed learning.

To consider the separation of durable andweakmemory templates, we
have performed a permutation test to compare the similarity of the two
templates to templates generated from shuffled trials. We found that the
similarity of the two templates was not significantly greater or less than that
generated from shuffled trials (Supplementary Fig. 4a, b). This result sug-
gests that the two templates are not meaningfully different or similar.
Through the multivariate pattern analysis (MVPA), we calculated the
classification accuracy in distinguishing neural patterns for durable and
weak memories in each ROI. The classification accuracy was significantly
higher than chance in the DMN subsystems and hippocampus (ps < 0.001)
(Supplementary Fig. 4c). These results indicate that the DMN subsystems
and hippocampus are capable of differentiating durable and weak
memories.

Weaker hippocampus-DMNdm functional connectivity after
spaced learning than after massed learning
Besides the increased replay of local neural activity, previous studies con-
sidered that the changes in hippocampus-cortex FC after learning reflect the
transfer of memory storage10,40,41. Considering that prior analyses such as
intertrial similarity and replay were multivariate, we, therefore, performed
multivoxel FC rather than the correlation between the average time courses
of the two regions. Specifically, we conducted multivoxel resting-state
FC between the hippocampus and each DMN subsystem to assess
hippocampal-cortical interactions (Fig. 5a).Through independent sample t-
test, we found that the FC between the hippocampus and theDMNdm in the
spaced learning group was significantly lower than that in the massed
learning group (t(46) = 2.05, p = 0.046) in the immediate test (Fig. 5b).
Moreover, the change in resting-state FC of the hippocampus withDMNdm

from the baseline to the immediate test after learning showed a marginally
significant correlation with the retention rate in the spaced learning group
(rho=−0.37, p = 0.084) (Fig. 5c). These findings suggest functional
decoupling of the hippocampus and DMNdm after spaced learning.

As an exploratory analysis, we calculated the increment of replay and
FC during the 1-week and 1-month delayed tests to examine how sponta-
neous consolidation changes over time. For the replay, the increment of
replay for durable memory was significantly higher than 0 within the

Fig. 5 | Multivoxel resting-state functional con-
nectivity between the hippocampus and default
mode network subsystems after spaced and mas-
sed learning. aMultivoxel FCwas obtained bymean
Pearson’s correlations between the time course of
each voxel in the hippocampus and that of each
voxel in the DMN subsystems. b Differences in
multivoxel FC between the spaced and massed
learning groups in immediate rest. c The prediction
of the change in FC of hippocampus and DMNdm to
the retention rate for each learning group. The error
bars denote standard errors; SL spaced learning, ML
massed learning, DMN default mode network,
DMNdm dorsal-medial DMN, HIP hippocampus,
FC functional connectivity, △FC changes in FC
between the immediate test after learning and
baseline, and *p < 0.05.
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hippocampus (t(22) = 3.14, p = 0.005) in the 1-week delayed test, and was
significantly higher than 0within theDMNcore (t(22) = 2.80,p = 0.033) in the
1-month delayed test after spaced learning (Supplementary Fig. 5). How-
ever, throughmixedANOVAwith a 2 (group: SL,ML) × 3 (test: immediate,
1-week, 1-month) design, no significant interaction or main effect was
observed in any ROI for both the increment of replay and FC. These results
indicate that cortical replay persists after delays in spaced learning, while
replay in the hippocampus decays after 1 month. However, the massed
learning group showed no significant replay within the hippocampus or
cortical regions, even with more exposure after delays. Additionally, the
between-group differences in FC between the hippocampus and DMN
subsystems decay after delays.

Brain regions for distinguishing durable and weak memories
differed in spaced and massed learning groups
In order to reveal the specific neural representation related to durable
memory, a data-driven analysis framework was also conducted. First, we
used whole-brain searchlight MVPA to identify brain regions that can
distinguish durable and weak memories in the immediate test for both
learning groups. Subsequently, we investigated the neural integration and
spontaneous replay in these specific regions. Specifically, for each partici-
pant, brain activity images of durable and weak memories were divided
equally into training and testing datasets. A spherical ROI (radius = 3
voxels) was moved voxel-by-voxel through the brain62. For each spherical
ROI, a support vector machine with a specified kernel was utilized to train
the classifier based on the training dataset. Classification accuracy was
assessed based on the testing dataset and assigned to the center voxel of the
spherical ROI (Fig. 6).

The brain regions capable of distinguishing between durable andweak
memories were obtained through a group-level one-sample t test and were
finally overlaid on the masks of the hippocampus and the three DMN
subsystems (Fig. 7a).We observed that brain regions distinguishing durable
and weakmemories were mainly located in DMNdm and anterior DMNcore

for the spaced learning group. In contrast, the identified brain regions for
massed learning were mainly located in the hippocampus, DMNmt, and
posterior DMNcore. These findings suggest a dissociation of the hippo-
campus and cortex in distinguishing durable and weak memories after
spaced and massed learning.

Furthermore, we calculated the intertrial similarity, temporal similar-
ity, and replay number based on the masks resulting fromMVPA for each
learning group. Intertrial similarity (rho= 0.46, p = 0.027) (Fig. 7b), tem-
poral similarity (rho= 0.44, p = 0.036) (Fig. 7c), and the replay number for
durable memories (rho= 0.44, p = 0.038) (Fig. 7d) were significantly cor-
related with the retention rate only in the spaced learning group.Moreover,

the differences in the correlations between the two groups were significant
for the intertrial similarity (z= 1.95, p = 0.025) and replay (z= 1.65,
p = 0.050) but were not for the temporal similarity (z= 1.53, p = 0.062).
These findings suggest that neural activity patterns in the brain regions that
enable the distinction between durable andweakmemories can also predict
memory retention for spaced learning.

Control analysis
Toestimatewhether greater intertrial similarity in the spaced learninggroup
over the massed learning group is memory-specific, we have conducted the
same analyses for all incorrect trials, aswell as separately for object and scene
trials. For incorrect trials, we conducted independent sample t-tests and
found that the intertrial similarity was significantly higher in the spaced
learning group than in the massed learning group in the DMNdm

(t(45) = 2.56, p = 0.014), the DMNcore (t(45) = 2.99, p = 0.005) and the
DMNmt (t(45) = 2.36,p = 0.023) (SupplementaryFig. 6). Forobject and scene
trials, we performed amixedANOVAwith a 2 (group: SL,ML) × 2 (picture
type: object, scene) design for each ROI. We found a significant main effect
of picture type in the DMNdm (F(1, 45) = 6.53, p= 0.014, η2p = 0.13). Post-
hoc analysis showed higher intertrial similarity for the objects. In addition,
we found a significant main effect of group in the DMNdm (F(1, 45) = 4.69,
p= 0.036, η2p = 0.09), the DMNcore (F(1, 45) = 6.63, p= 0.013, η2p = 0.13)
and the DMNmt (F(1, 45) = 5.53, p= 0.023, η2p = 0.11). Post-hoc analyses
showed higher intertrial similarity for the spaced learning group. However,
no significant interaction of group × picture type was observed in any ROI
(Supplementary Fig. 7). These findings suggest that greater intertrial simi-
larity in the spaced learning group over the massed learning group is not
memory-specific.

Validation analysis
To estimate the robustness of the replay analysis to different thresholds, we
also used the 88th (CDF88) and 92nd (CDF92) percentile thresholds, aswell
as a threshold of 1.5 standard deviations (SD1.5) above the mean. For
durable memory, we consistently found that the increment of replay within
the DMNdm in the spaced learning group was significantly higher than 0
with the CDF88 (t(22) = 2.54, p = 0.019) and CDF92 (t(22) = 2.21, p = 0.038)
thresholds and were marginally significant with the SD1.5 threshold
(t(22) = 1.89, p = 0.072). The increment of replay within the hippocampus in
spaced learning group was significantly higher than 0 with the CDF88
threshold (t(22) = 2.97, p = 0.007) and was marginally significant with the
SD1.5 threshold (t(21) = 1.84, p = 0.079). The increment of replay within the
hippocampus in the massed learning group was significantly higher than 0
with the CDF88 (t(22) = 2.59, p = 0.016), CDF92 (t(22) = 3.13, p = 0.005) and
SD1.5 (t(21) = 2.89, p = 0.008) thresholds. For weak memory, we found that

Fig. 6 | Framework of whole-brain searchlight
multivariate pattern analysis. For each participant,
the brain activity images of durable and weak
memories were selected and evenly divided into
training and testing datasets formachine learning. A
spherical region of interest (ROI, radius = 3 voxels)
was moved voxel by voxel through the brain. For
each spherical ROI, a support vector machine with a
specified kernel was utilized to train a classifier based
on the training dataset, and the testing dataset was
used to assess the classification accuracy, which was
assigned to the center voxel of that ROI.
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the increment of replaywithin theDMNdmin the spaced learning groupwas
not significant with any thresholds. The increment of replay within the
hippocampus was significantly higher than 0 with the CDF88 (t(22) = 2.85,
p = 0.009),CDF92 (t(22) = 2.83,p = 0.009), and SD1.5 (t(21) = 2.59,p = 0.016)
thresholds only in massed learning group (Supplementary Fig. 8). These
results suggest that our findings are robust to different thresholds. However,
the effect is weaker with the threshold of SD1.5.

It should be noted that the threshold of SD1.5 obtained by the pooled
correlation coefficients from pre-encoding and post-encoding rest sessions
of all participants is likely stricter than that obtained for a single participant
in previous studies36,63. The stricter thresholds will lead to a reduction in the
number of effective participants, because the number of replay might be 0
for some participants (Fig. 4c).

Additionally, we calculated univariate FC using a correlation between
the average time courses between the hippocampus and the DMN sub-
systems. Through independent sample t-test, we consistently found that FC
between the hippocampus and the DMNdm in the spaced learning group
was significantly lower than that in the massed learning group (t(46) = 2.11,
p = 0.040) in the immediate test after learning (Supplementary Fig. 9a).
Moreover, the changes in FCbefore and after encoding showed a significant
correlation with the retention rate in the massed learning group (rho= -
0.45, p = 0.023) (Supplementary Fig. 9b). These results suggest that our
findings are robust to different estimates of FC.

To examine the delay effect, we also defined durable and weak mem-
ories based on a 1-week delayed test, and themain analysis was redone. For
intertrial similarity, we performed a correlation analysis between intertrial
similarity and retention rate defined by the 1-week delay.We found that the
intertrial similarity in DMNdm (rho= 0.38, p = 0.085) and DMNmt (rho=
0.36, p = 0.096) showed marginally significant correlations with the

retention rate for spaced learning, whereas no significant correlations were
observed for massed learning (Supplementary Fig. 1c, d). This result indi-
cates that associations between the intertrial similarity in cortical networks
and retention rate were weak for a relatively short delay.

For replay analyses, we consistently found that, for durable memories,
the increment of replay was significantly higher than 0 within the DMNdm

(t(22) = 2.81, p = 0.010) and hippocampus (t(21) = 2.54, p = 0.019) after
spaced learning, while only within the hippocampus after massed learning
(t(24) = 2.69, p = 0.013). However, no between-group differences were
observed (Supplementary Fig. 10a). For weak memories, the increment of
replay was significantly higher than 0 only within the hippocampus after
massed learning (t(24) = 2.24, p = 0.035) (Supplementary Fig. 10b). This
result indicates that the increased replay in the DMNdm and hippocampus
for durable memory after spaced learning also occurs with a short delay,
although it was more pronounced for a long delay.

We also conducted a whole-brain searchlight MVPA for durable and
weak memories defined by the 1-week delay. We found that the brain
regions capable of distinguishing between durable and weak memories for
massed learning largely overlapped with those identified based on the
1-month delay. However, no regions were noticed in the spaced learning
group based on a relatively short delay (Supplementary Fig. 11). This result
suggests that the use of a relatively short delay may classify some weak
memories into durable memories, which is not conducive to specific neural
representations for durable memory.

Discussion
Despite much progress has been made in understanding the spacing effect,
little is known about the time-dependent consolidation mechanisms in
spaced learning as well as the predictions of durable memory, at least

Fig. 7 | Brain regions capable of distinguishing
durable and weak memories as identified by
whole-brain searchlight multivariate pattern
analysis. a The brain regions identified by multi-
variate pattern analysis (MVPA) for both spaced
(yellow) and massed (blue) learning groups were
overlaid on the masks of the hippocampus and the
DMN subsystems. b The prediction of the intertrial
similarity in the masks resulting fromMVPA to the
retention rate for each learning group. c The corre-
lation between the temporal similarity in the masks
resulting fromMVPA and the retention rate for each
learning group. d The prediction of the number of
replays in the masks resulting from MVPA to the
retention rate for each learning group. SL spaced
learning, ML massed learning, DMN default mode
network, DMNdm dorsal-medial DMN, DMNcore

core DMN, DMNmt medial-temporal DMN, and
HIP hippocampus.
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partially due to trial-based spaced learning often shown in previous studies.
This study investigated the spacing effect using a multi-day learning and a
between-subject design. Moreover, memory retention was evaluated using
multiple delayed tests at different time scales, and both retrieval-evoked and
spontaneous brain activities were adopted to reveal the neural representa-
tions related to durable memory.

Behaviorally, we found significant between-group differences in
memory performance at delayed tests and retention rate during delay,
whereas no significant differences were observed in the immediate test.
Previous studies on multi-day learning have consistently reported no sig-
nificant differences inmemoryperformancebetween two learning groups at
immediate test10,61,64,65. By contrast, studies using trial-based intervals have
shown a substantial spacing effectminutes after learning2,8, but the effect on
long-term memory retention, such as lasting for months, was rarely
reported. This is because the persistence of the spacing effect may rely on
learning intervals, especially sleep66,67. Previous studies with multi-day
learning designs demonstrated that the spacing effect can persist for one
year9,68. Therefore, adoptingmulti-day learning helps to study the long-term
memory retention of spaced learning as well as its neural mechanisms.

Although no significant between-group differences in the number of
successfully retrieved memories were observed in the immediate test, we
found that spaced learning formed more similar neural activity patterns
across memories in the DMN subsystems than massed learning. This sug-
gests that time-dependent consolidation in spaced learning facilitates the
neural integration of memories17,22,23,69. Consistently, previous studies have
indicated the higher retrieval-related neural pattern similarity after con-
solidation, which is related to the fast spindle density that is thought to play
an important role in systems memory consolidation21. In contrast, a recent
study observed lower neural pattern similarity in the medial prefrontal
cortex but not in the hippocampus during 1-week delayed retrieval in the
spaced learning group11. This disparity of differences in neural activity
similarity between spaced andmassed learning is likely due to different lags
between learning and different brain regions. Despite this disparity, we
consistently observeddissociable differences in neural activities of the cortex
and hippocampus between spaced andmassed learning.More importantly,
our findings further indicated that the neural pattern similarity of cortical
networks predicted durable memory for spaced learning. This suggests that
neural integration in the immediate test plays a crucial role in supporting
durable memory after spaced learning.

Beyond retrieval-related neural activity, we observed an increment of
replay for durable memories in the hippocampus in both learning groups.
More interestingly, we observed an increased replay of the DMNdm exclu-
sively after spaced learning, whichmay have contributed to the formation of
durable memories. In addition, we observed significant replay for weak
memories only in the hippocampus after massed learning. Consistently, a
previous study indicated no significant difference between the replay for
remembered and forgotten stimuli in the hippocampus, while significantly
higher replay for remembered stimuli than that for forgotten stimuli in the
entorhinal cortex was observed39. It appears that the hippocampus equally
replays the experienced information, whether it is subsequently remem-
beredornot.However,when evaluating theproportionof correct featuresof
remembered items, the hippocampus replayed the itemsmore with a lower
proportion of correct features immediately after learning,while replayed the
items more with a higher proportion of correct features a day after
learning36. Thus, although the hippocampus replays both high and low-
precise memories, there is a prioritization for replaying lower-precise
memories. Furthermore, a recent study revealed a higher co-reactivation of
the hippocampus and cortex immediately after learning about forgotten
stimuli than for correct stimuli, which also indicated the preference for
weaker memories63. As memory information is initially processed in the
hippocampus and then transferred to the cortex, the hippocampus plays a
fundamental role in processing experienced information equally.Memories
that cannot bewell transferred to the cortex seem tobe strongly processed in
the hippocampus, however, remaining weak and subsequently forgotten.
Thus, the cortical replay that only occurs after spaced learning might be

attributed to the system consolidation and underlie the mechanisms of
spacing effect.

According to the consolidation theory, the formation of long-term
memory traces is attributed to effective stabilization and reinforcement14.
Previous studies have indicated a transfer from the hippocampus to a dis-
tributed cortical network through memory consolidation to achieve long-
termmemory storage19,24–28. Besides the intertrial similarity and replay in the
DMNdm during immediate retrieval, we also observed that the temporal
similarity of durable memories in this subnetwork is associated with
memory retention in the spaced learning group. Our findings indicate that
the cortex, especially the DMNdm, supports durable memory after spaced
learning. Moreover, we found weaker resting-state FC between the hippo-
campus and the DMNdm after spaced learning than after massed learning.
This functional decoupling further suggests less dependence on the
hippocampal-cortical transfer after spaced learning, and probably, the
memories have already been stably stored in the cortical networks.

Through whole-brain searchlight MVPA, we found that brain regions
that distinguished durablememories fromweakmemoriesmainly included
the DMNdm and the anterior DMNcore for spaced learning, whereas the
regions largely overlapped with the hippocampus, DMNmt, and posterior
DMNcore for massed learning. This suggests that the dissociation of the
hippocampus andcortexdistinguishes betweendurable andweakmemories
in the two learning groups. For the successfully retrieved memories in the
immediate test, a previous study showed that brain activations differ
between the durable and weak memories during encoding70. Consistently,
our findings provide further evidence that the differences in neural repre-
sentations underlying durable and weak memories at retrieval depend on
learning strategies. Moreover, the dissociation of the hippocampus and
cortex alignswith thedistinctionsof neural activity patternsbetween the two
learning groups, as revealed by hypothesis-driven analysis. Therefore, these
results suggest that the neural representation formed in the cortex rather
than in the hippocampus contributes to long-term memory retention in
spaced learning.

More time between the initial learning and the immediate test in a
spaced learning group providesmore time for consolidation. This extended
period may underlie the higher intertrial similarity and more replay in the
cortical networks for spaced learning. Memories undergo a neural inte-
gration with time-dependent consolidation, leading memories to change
from detailed to gist-like16,26. Prior work has shown that cortical neural
representations of memories become more integrated with time23,71.
Moreover, the retrieval-related neural pattern similarity was related to the
fast spindle density, which is thought to play an important role in systems
memory consolidation21. With time, memories are strengthened and inte-
grated across hippocampal-cortical networks through spontaneous replay,
which is considered to be the leading mechanism of system
consolidation32,33. We focused on retrieval patterns rather than encoding
patterns, and the memories may undergo different neural reorganization
according to their encoding condition. While encoding patterns allow
capturing details of memories, retrieval patterns may reflect integrated and
gist-like memories. As expected, we found higher intertrial similarity and
more replay in the cortical network after spaced learning compared to
massed learning. Extended time for consolidation in spaced learning groups
enables a greater possibility for spontaneous memory replay, as well as the
transfer of memory storage, thus leading to the strengthening and inte-
gration of memories in the cortex.

We examined the delay effect by defining durable and weakmemories
according todifferentdelayed tests. Behaviorally, thedifferences in retention
rates between the two learning groups were consistent according to the
1-week and 1-month delayed tests. However, the correlations between the
intertrial similarity of the DMNdm and DMNmt and the 1-weak retention
rate were weaker compared to that with the 1-month retention rate. This
finding suggests that intertrial similarity after spaced learning preferably
predicts durablememory in a relatively long delay. In addition, the findings
regarding changes in replay and the identified brain regions capable of
distinguishingbetweendurable andweakmemoriesweremorepronounced
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when using the definitionwith a relatively long delay. Thus, a relatively long
delay might be more suitable for defining durable memory. However, it
should be noted that the retention ratemight be extremely lowwhenusing a
very long delay, such as lasting for years.

This study has limitations. First, although sleep is thought to play a
crucial role in memory consolidation72,73, we did not directly explore the
neural mechanism of consolidation during sleep. In the future, using elec-
troencephalogram (EEG) or stereo-EEG to examine neural activity during
sleep may provide direct evidence of memory consolidation in the spacing
effect. Second, the neural activity during encoding, which was usually
examined in trial-based design2,8,74,75, wasnot recordedduringourmulti-day
learning. In order to investigate long-termmemory retention,we conducted
multi-day learning and mainly focused on neural activity during retrieval
and post-encoding resting state. Between-group differences in intertrial
similarity for incorrect trials indicated that the effect was not memory-
specific. Although incorrect trials were not successfully retrieved, these trials
may be encoded differently in two learning groups. Therefore, we speculate
that the between-group differences in the intertrial similarity over all
incorrect trials likely reflect differences in encoding for spaced and massed
learning. Future research using fMRI scans during the encoding process
could help test this possibility. Third, in order to estimate the memory
retention for each object-word pair, we repeatedly tested the same pairs in
different tests, which may affect the memory durability76 and the systems
consolidation77,78. Future studies should consider increasing the number of
memory items and testing them independently to minimize potential
influences. Fourth, the information load for the two learning groups seems
to be different on the day of the immediate test. This might influence the
neural activity despite no significant between-group differences in memory
performance at the immediate test. An appropriate control for the differ-
ences in information load should be considered in future studies. In addi-
tion, DMN is particularly associated with boredom or fatigue79,80. Although
the learning task was relatively simple, all participants were told they would
be tested later. We found no significant between-group differences in
memory performance at the immediate test, despite the fact that the
information loadmaybedifferent for the two learninggroups.Therefore,we
speculate that our findings may not be confounded by boredom or fatigue.
Finally, although the 1-month definition for durable memories precedes
that based on the 1-week delayed test, we cannot confirm whether the
1-monthdefinition is themost suitable. Future studies should includemuch
longer delays for further tests to address this issue.

In conclusion, our findings revealed that spaced learning-induced
higher neural pattern similarity in the DMN subsystems during immediate
retrieval. Particularly, the neural pattern similarity in the DMNdm and
DMNmt subsystems predicted the durable memory. Moreover, we found
increased replay of durablememory in the DMNdm for spaced learning and
in the hippocampus for both spaced and massed learning. Our findings
suggest that time-dependent consolidation promotes neural integration and
replay in the cortex, which may underlie the formation of durable memory
after spaced learning. This study also sheds light on the importance of delay
time scales in predicting durable memory.

Methods
Participants
Sixty-nine participants (38 females; age = 22.49 ± 1.96 years; 35 for spaced
learning and 34 for massed learning) were recruited from East China
Normal University and were all included in the subsequent behavioral
analyses. All participants were right-handed with normal or corrected-to-
normal vision and had no history of neurological or psychiatric diseases or
psychotropic medication use. For functional imaging analyses, nine parti-
cipants were excluded due to excessive head motion. Twelve participants
were excluded due to the number of trials being less than five in any con-
dition (e.g., durable memory condition and weak memory condition), to
ensure a high signal to noise ratio for functional imaging analysis. Thus, 48
(23 for spaced learning and 25 for massed learning) participants were
included in the functional imaging analyses. The study protocol was

approved by the Ethics Committee of East China Normal University, and
each participant signed written consent prior to the experiment. All ethical
regulations relevant to human research participants were followed.

Materials
Seventy pairs of picture-word associationswere used in this study. The same
number of neutral scene and object pictures were chosen from the Geneva
Affective Picture Database (GAPED) (https://www.unige.ch/cisa/research/
materials-and-online-research/research-material/)81. The word stimuli
(adjectives) were randomly selected from the MRC psycholinguistics
database (https://websites.psychology.uwa.edu.au/school/mrcdatabase/
uwa_mrc.htm) and translated into three-character Chinese words. Pic-
tures and words were randomly paired to create 10 and 60 picture-word
associations for practice and formal experiments, respectively. An addi-
tional 90 words (30 each) were selected for the three memory tests
(immediate, 1-week, and 1-month).

Experimental design
The experiment consisted of a learning phase and three memory test ses-
sions after learning (i.e., immediate, 1-week, and1-month). Theparticipants
were randomly assigned to either a 3-day spaced learning group (with two
blocks of learning each day) or a 1-day massed learning group (with six
blocks of learning per day). The encoding phase was conducted out of the
scanner. A total of 60 picture-word pairs were repeatedly used in six blocks
for both groups, ensuring that all participants learned each pair six times.
For each trial, participants were asked to associate the picture with the word
during the 5-s presentation and then rate the success of the established
association from 1 (worst) to 5 (best) within the subsequent 4.5 s.

Memory tests were conducted using anMRI scanner and consisted of
60 learned and 30 novel words in each test session. Participants were
required to indicate within 4 s whether the presented words were learned
and what type of the associated picture is. The response options were as
follows: 1 = learned and pairedwith an object, 2 = learned and pairedwith a
scene, 3 = learned but with an uncertain picture type, and 4 = novel. The
intertrial interval was randomly set between 2 s and 10 s accompanied by a
fixation cross positioned at the center of the screen.

Both resting-state and task-based fMRI data were collected during the
three memory test sessions after learning, with only resting-state fMRI
scanning before learning used as the baseline.

Memory performance analysis
The d-prime was calculated for each test to estimate each participant’s
memory performance. The hit trials were strictly defined as words that were
successfully recalled with the correct picture type tominimize the impact of
repeated retrieval, whereas uncertain trials were disregarded. FA trials refer
to instances inwhich novel words are incorrectly reported as learned. The z-
scores ofFA andhit rateswere calculated using the inverse of the cumulative
Gaussian distribution. Thus, d-prime was obtained by subtracting the
z-score of the FA rate from the z-score of the hit rate.

At least two tests are required after learning to evaluate memory
retention. We defined durable memories as those successfully retrieved in
both the immediate and 1-month delayed tests. The retention rate was
quantified based on the percentage of durablememories. Durable andweak
memories were defined according to the 1-week delayed test to examine the
delay effect, and the retention rate was recalculated.

MRI data acquisition
Imaging data were acquired using a 3.0 Tesla MRI scanner (Siemens,
Erlangen, Germany) equipped with a 20-channel head coil at the Shanghai
Key Laboratory of Magnetic Resonance, East China Normal University.
High-resolution T1-weighted images were obtained using amagnetization-
prepared rapid gradient-echo sequence with 192 sagittal slices, slice thick-
ness of 1 mm, no gap, repetition time (TR) of 2,530 ms, echo time (TE) of
2.98 ms, flip angle (FA) of 7°, field of view (FOV) of 256 × 256mm2, and
voxel size of 1.0 × 1.0 × 1.0mm3. FunctionalMRI scanswere collected using
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a T2*-weighted echo-planar imaging (EPI) sequence with 33 axial slices,
thickness of 3.5mm, gap of 0.7mm, TR of 2000ms, TE of 30ms, FA of 90°,
FOV of 224 × 224mm2, and voxel size of 3.5 × 3.5 × 3.5mm3. Resting-state
and task fMRI data acquisitions lasted for 8 min (240 volumes) and 15min
(450 volumes) in each scanning session.

Preprocessing of functional MRI data
Task fMRI data were preprocessed using Statistical ParametricMapping 12
(SPM12; http://www.fil.ion.ucl.ac.uk/spm). After converting the raw
DICOM data to the NIFTI format, the following preprocessing steps were
conducted82. The images underwent the correction for slice acquisition
delay and rigid-bodyheadmovement. Excessiveheadmotionwasdefinedas
translation > 2 mm or rotation > 2° in any direction. Subsequently, the
corrected images were spatially normalized to the MNI (Montreal Neuro-
logical Institute) space and resampled to 3mm isotropic voxels. According
to the requirements of the multivoxel analysis83, we skipped spatial
smoothing to preserve the spatial characteristics of the original data.

For the preprocessing of resting-state fMRI data, the toolbox for Data
Processing & Analysis for Brain Imaging (DPABI; https://rfmri.org/
DPABI) was used. The main steps were similar to those for task fMRI
data except for the steps below. (1) Removing the first 10 volume for signal
equilibrium and allowing participants to adapt to the scanning environ-
ment; (2) Performing nuisance regression to remove confounding factors,
including six head motion parameters, cerebrospinal signals, and white
matter signals84,85; and (3) A linear drift and bandpass filter (0.01 ~ 0.08Hz)
was taken to reduce low-frequency drift and high-frequency physiological
noises86. Although differences exist, all the preprocessing steps and para-
meters for both resting-state and task fMRI data were standard and were
used following previous studies36,87. For task fMRI data, head-motion
parameters were included in the general linear model, and high-pass fil-
tering (1/128 Hz) was also conducted.

ROI definition
Previous studies demonstrated the crucial role of the hippocampus in the
spacing effect, and theDMN is increasingly recognized tobe associatedwith
human cognition, especially episodic memory42,43. In particular, the DMN
plays a vital role in the hippocampal-cortical transfer, which supports
memory formation45. Considering the complex cognitive engagement, the
DMN has recently been divided into three subsystems: DMNdm, DMNcore,
andDMNmt. Therefore,we selected the hippocampus and these threeDMN
subsystems as ROIs in this study. The bilateral hippocampus was extracted
based on the Automated Anatomical Labeling Atlas62. The three DMN
subsystems were defined based on Yeo’s 17-network parcellation88, which
was generated by using a clustering approach and resting-state FC of 1000
participants.

Intertrial similarity analysis
We used RSA83 to examine the intertrial similarity of the hippocampus
and the three DMN subsystems during the retrieval of each test. Spe-
cifically, we first modeled retrieval-evoked brain activity using a trial-by-
trial GLM89. Each trial was modeled using a separate regressor to esti-
mate the neural response. Thus, 90 beta images of interest were obtained
from each participant. We constructed a representation similarity
matrix for each ROI using pairwise Pearson’s correlation based on the
beta images of successfully retrievedmemories. This step was performed
using the RSA toolbox (http://www.mrc-cbu.cam.ac.uk/methods-and-
resources/toolboxes/license/). The resultant Ntrials ×Ntrials representa-
tional similarity matrix was then subjected Fisher’s z-transformation.
Finally, intertrial similarity was computed by averaging the repre-
sentational similarity matrix, and the diagonal elements that reflected
the within-trial similarity were excluded.

Temporal similarity analysis for durable memories
A temporal similarity analysis was performed to evaluate the persistence of
neural representations of durable memories after delay. Specifically, all beta

images of durable memories were obtained from trial-by-trial GLMs for
each test. For each ROI, pairwise Pearson’s correlation analysis was per-
formed for the neural activity patterns of each stimulus among the three
tests. The correlation coefficients were subsequently subjected to Fisher’s z-
transformation. Themean correlation coefficients across the three tests and
all durable memories were treated as the temporal similarity for each
participant.

Replay analysis
To examine the replay ofmemories immediately after learning, wefirst used
a GLM to identify the retrieval-evoked neural activity templates. As we
hypothesized that durable memories were integrated and owned shared
neural representation, we obtained a multivoxel neural activity template
based on all durable memories for each participant. Briefly, the durable and
weak conditions were considered as variables of interest to obtain the
retrieval-evokedneural activity templates of durable andweakmemories for
each ROI, with incorrect, and novel (unlearned words) conditions as cov-
ariates. Beta images of interest obtained from the GLMs were treated as
neural activity templates. Subsequently, correlation analyses were per-
formed between each retrieval-evoked neural activity template and the
framewise resting activity patterns for each ROI. For each participant, a
vector consisting of 230 (TRs) correlation coefficientswas obtained for each
retrieval-evokedneural activity template andROI,whichwas then subjected
to Fisher's z-transformation. Subsequently, we aggregated all z-transformed
correlation coefficients across all participants for each ROI to obtain a
distribution. The 90th percentile90, not an absolute correlation coefficient,
was selected as the threshold to ensure consistency for different brain sys-
tems. For example, an absolute threshold of 0.5might be appropriate for the
DMNmt and hippocampus, but it is too strict for the DMNdm andDMNcore

(Fig. 4b). To diminish baseline individual differences, we calculated the
changes in replay number from pre-encoding rest to post-encoding rest.

For validation analyses, the 88th percentile and the 92nd percentile
were used. We also used a threshold of 1.5 SD above the mean for each
participant following previous studies36,63, The threshold of 1.5 SD above the
mean obtained by pooling the correlation coefficients from the pre-
encoding and post-encoding rest sessions of all participants.

Regarding the separation of durable and weak memory templates, we
first conducted permutation analysis for each participant. To obtain the
shuffled templates for durable andweakmemories,we randomly exchanged
the trials for durable and weak memories when conducting the GLMs. The
shuffled templates for durable and weak memories contained the same
number of trials as the corresponding durable andweakmemory templates.
Weconducted the shuffledGLMs1000 times.Then,we calculatedPearson’s
correlation between the durable and weak memory templates to obtain the
real r value. The 1000 shuffled r values were obtained by calculating Pear-
son’s correlation between shuffled templates for durable and weak mem-
ories. For the distribution of the 1000 shuffled r value, we can evaluate the
95% confidence interval. Next, we estimated whether the real r value falls
within the 95% confidence interval. For better visualization, the real r value
and the 1000 shuffled r values were standardized to z-scores for each par-
ticipant. Thus, the distribution for each participant can be overlapped and
compared, as the positions of the z-scores at ± 1.96 reflect the 95% con-
fidence interval.

Besides the permutation, we also evaluated the separation of durable
and weak memory templates through MVPA. A support vector machine
with a specified kernel was used to train the classifier for beta images of
durable and weak memories obtained from the trial-by-trial GLM. The
classification accuracy in each ROI was obtained and compared to chance.

Multivoxel resting-state functional connectivity analysis
To assess the interaction between the hippocampus and the DMN
subsystems, the multivoxel FC was calculated. The time courses of all
voxels in each ROI were extracted for each participant. Given that ROIi
and ROIj contain m and n voxels, respectively, Pearson’s correlations
were calculated between the time courses of each pairwise voxel from the
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two different ROIs, resulting in an m× n connectivity matrix. The
connectivitymatrix was then subjected to Fisher's z-transformation. The
multivoxel FC between ROIi and ROIj was calculated by averaging all
elements in the connectivity matrix. We calculated multivoxel FC at
both baseline and immediately after learning. To reduce the effect of
individual differences, we subtracted the baseline FC from the FC in the
immediate test for subsequent correlation analysis.

Whole-brain searchlight MVPA analysis
We used a whole-brain searchlight multivariate decoding approach91 to
determine brain areas that distinguish durable from weak memories.
The Decoding Toolbox (TDT)92 was used for this searchlight analysis
based on beta images obtained from the trial-by-trial GLM. For each
participant, all beta images for durable andweakmemories were selected
and then randomly and evenly divided into training and testing datasets
for machine learning. A spherical ROI (radius = 3 voxels) was moved
voxel-by-voxel throughout the entire brain. For each spherical ROI, a
support vector machine with a specified kernel was used to train the
classifier. The classification accuracy was then assessed and assigned to
the center voxel of the ROI. Consequently, we obtained a map of the
classification accuracy for each participant. Finally, we used a one-
sample t-test to generate group-level classification accuracymaps for the
spaced andmassed learning groups.We considered AlphaSim corrected
p < 0.05 as statistically significant93.

Statistics and reproducibility
We used SPSS 26 and MATLAB R2023a for statistical analyses of the
behavioral and fMRI data. Sixty-nine participants were included in beha-
vioral analyses, and 48 participants were included in the functional imaging
analyses. Extreme values beyond 2.5 SD from themean were excluded. The
values are presented as themean ± standard error ofmean.MixedANOVA
wasused to assess the interactionof session × groupaswell as themain effect
with partial η2 (indicated as η2p) as the effect size. Post-hoc analyses were
conducted using the least significant difference (LSD) test with Bonferroni
correction. Independent t tests were used to assess the differences between
groups. Spearman’s rank correlation coefficient (rho) was used to assess the
relationships between variables.

Reporting summary
Further information on research design is available in the Nature Portfolio
Reporting Summary linked to this article.

Data availability
Source data underlying each graph presented in the main figures are
deposited as Supplementary Data. Behavioral data and fMRI metadata are
available in https://osf.io/wc3mh/. Raw fMRI data are available from the
corresponding author upon reasonable request and the need for a formal
data-sharing agreement.

Code availability
The main analysis scripts are available in https://osf.io/wc3mh/.
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