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Fast track to the neocortex:
A memory engram in the
posterior parietal cortex
S. Brodt1,2*, S. Gais1, J. Beck1, M. Erb2,3, K. Scheffler2,3, M. Schönauer1,2,4

Models of systems memory consolidation postulate a fast-learning hippocampal store and a
slowly developing, stable neocortical store. Accordingly, early neocortical contributions to
memory are deemed to reflect a hippocampus-driven online reinstatement of encoding
activity. In contrast, we found that learning rapidly engenders an enduring memory engram
in the human posterior parietal cortex.We assessed microstructural plasticity via
diffusion-weighted magnetic resonance imaging as well as functional brain activity in
an object–location learning task.We detected neocortical plasticity as early as 1 hour after
learning and found that it was learning specific, enabled correct recall, and overlapped
with memory-related functional activity. These microstructural changes persisted over
12 hours. Our results suggest that new traces can be rapidly encoded into the parietal
cortex, challenging views of a slow-learning neocortex.

S
ystemsmemory consolidation is considered
a slow process of neuronal reorganization.
Fresh memories rely on the hippocampus,
which reinstates the cortical ensembles that
were active during encoding, whereas neo-

cortical memory develops more slowly, through
frequent reactivation (1, 2). Recent findings sug-
gest that the posterior parietal cortex (PPC) can

acquire a memory representation rapidly during
learning (3, 4). It is unclear whether these early
contributions go beyond an online reinstatement
of previous activity or whether they originate
from a true neocortical engram. Methodological
advances have made it possible to track engrams
in rodents, yet they have remained elusive in
humans (5–7). In humans, multivariate analysis

of functional magnetic resonance imaging (fMRI)
can assess active memory representations during
encoding and retrieval (8, 9), but this method is
unable to distinguish between activity originating
within a region and activity reinstated through
input from another region. It thus cannot un-
equivocally reveal the permanent location of the
dormant trace.
A memory engram has four defining features:

(i) it must relate to a specific experience; (ii) it
must engender an enduring change in the neural
substrate; (iii) it can lie dormant for extended
periods; and (iv) it must enable memory recall,
thus having an impact on behavior (10, 11). To
elucidate where memory formation leads to
lasting physical changes, the microstructural
modifications, e.g., of synapse number and mor-
phology, which can occur within minutes after
learning must be assessed (12). Diffusion-
weighted MRI (DW-MRI) is sensitive to the
microstructure of brain tissue (13) and can
image experience-driven structural plasticity
in the human brain noninvasively and in vivo
(14–16).
We used fMRI and DW-MRI to demonstrate

the dynamic contributions of neocortical areas
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Fig. 1. Experience dependence, persistence, and correlation with
performance of PPC activity during memory recall. (A) Experience-
dependent increase with repetition. Mean beta values in the anatomically
defined precuneus ROI for the first task session; linear contrast, ***P < 0.001,
n = 39. (B) Persistently elevated precuneus responses after 12 hours. Mean
beta values; two-sided t test, ***P<0.001, n=39. (C) Correlation of precuneus
activation with memory performance. Mean beta values, black; mean
percentage of correctly recalled item locations, red; one sample t test of

z-transformed single-subject correlations, P<0.001, n= 39. (D) Conjunction of
theminimumstatistic of all three analyses, green.Clusters exhibited significant
peak-level effects at full-volume–corrected PFWE < 0.05 and exceeded
10 voxels. Nomasking. Beta values were corrected for baseline activation. Data
are means ± SEM. Corresponding data from encoding are shown in fig. S1
and table S2. (E) Experimental design. An object–location learning task was
trained for eight encoding (E)–recall (R) runs with fMRI. DW-MRI was
measured at t0 to t2. For the control condition, the learning task was omitted.
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to memory during two sessions of four encoding–
recall repetitions of an object–location associ-
ation task (Fig. 1E, movie S1, and materials and
methods) and to identify the location of the en-
gram engendered by the memory. First, we
examined in whole-brain analyses which regions
displayed changes in functional activity that in-
dicated memory representations. We identified an
experience-dependent, increasing response over

repeated retrieval in the bilateral precuneus and
areas along the dorsal visual stream, the cere-
bellum, thalamus, andmotor areas (linear increase
in the anatomically defined precuneus over first
session: F1,38 = 26.76, P < 0.001, h2 = 0.404)
(Fig. 1A and table S1A). This increased response
to successfully encoded stimuli persisted over a
12-hour offline interval in the precuneus (t38 =
4.50, P < 0.001) (Fig. 1B and table S1B). The

posterior parietal areas were also the only regions
for which there was a significant correlation
between memory performance and functional
brain activity over retrieval repetitions (aver-
age correlation on the single-subject level: r =
0.378, t38 = 6.15, P < 0.001) (Fig. 1C and table
S1C). The above contrasts did not yield signifi-
cant clusters in an anatomical region of interest
(ROI) analysis of the hippocampus; however, we
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Fig. 2. Learning induces rapid microstructural changes in the neocortex.
Statistical maps on the left display whole-brain Montreal Neurological Institute
(MNI) space group-level analyses. Significant decrease from t0 to t1 for the
learning condition, red, n=39; significant interactionwith the control condition,
yellow, n=33.Two-sided t tests.Clusters exhibited significant peak-level effects
at Puncorr < 0.001 and exceeded 10 voxels. No masking. ROI analysis on the
anatomically defined precuneus confirmed peak-level effects at PFDR < 0.05.
The middle column shows sample gray matter masks of the native space
analyses on the raw, unsmoothed MD of the anatomically defined gray matter
ROIs. Distribution plots on the right show sample subject distributions of MD

differences between t0 and t1 for all ROI voxels. Learning condition, red; control
condition, gray; vertical lines represent medians. All ROIs in (A) to (D), but
not the remaining gray matter (E), showed a left shift of the learning
distribution, indicating an MD decrease and thus learning-induced structural
plasticity. Bar graphs on the far right showgroup-level analyses,which confirmed
region-specific learning-induced MD decreases. Repeated-measures ANOVAs,
n = 33. #P < 0.07, *P < 0.05. Data are means ± SEM. (F) The mean raw MD
decreases from t0 to t1 of all four ROIs were highly correlated to the
overall performance improvement from session 1 to session 2. Pearson
correlation, n = 39. Dots are single-subject values, and error bars are SEM.
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observed a subsequent memory effect during
encoding runs in the first task session, con-
sistent with a role of the hippocampus in early
encoding (fig. S4, table S9, and supplementary
text). In contrast, a strict conjunction analysis
confirmed that only the precuneus simulta-
neously fulfilled all of the above criteria (Fig. 1D
and table S1D). Finally, to assess whether the
activity patterns in the precuneus were con-
tent specific, we performed a multivariate pat-
tern analysis. This analysis showed that it is
possible to decode category information of the
stimuli from this area during memory encoding
(P < 0.001) (fig. S2 and table S3). Our findings
showed that the precuneus can hold a repre-
sentation of retrieved information (8, 17–20).
Still, the question remains, what type of infor-
mation is processed in this area. We used as-
sociative, explicitly learned material, which is,
because of the low number of learning rep-
etitions, at the border between episodic and

semantic memory. The precuneus is tightly in-
tegrated into a network of memory-related brain
regions (21) and is located at the crossroads
of multiple sensory pathways, which makes it
ideal for the processing of abstract informa-
tion or higher-order multimodal associations
and a likely convergence zone for distributed
memory functions. In fact, the parietal cortex
plays a critical role in integrating new informa-
tion into existing schemas and has been iden-
tified as a major node in the semantic system
(22, 23).
To qualify as an engram, a memory represen-

tationmust induce persistent structural plasticity.
DW-MRI, and in particular mean diffusivity (MD),
allows measurement of changes in brain micro-
structure. Though it is only an indirect measure,
there is strong evidence that decreased MD can
reflect mechanisms of learning-dependent plas-
ticity, e.g., astrocyte, myelin, or synaptic remodel-
ing. Synapse density, brain-derived neurotrophic

factor expression, and astrocyte activation increase
after learning at the sites where MD decreases,
suggesting a tight link to experience-induced
structural plasticity (14, 16, 24). Traditional views
suggest that learning-related changes in the neo-
cortex need frequent hippocampal reactivation
over extended periods to develop (2). Unexpect-
edly, we found robust microstructural changes,
reflected by decreases in MD, already at 90 min
after learning in several bilateral areas along the
dorsal and ventral visual streams (Fig. 2, left, and
table S4A), particularly in the precuneus [false
discovery rate–corrected P value (PFDR) < 0.05],
but not in the hippocampus (see the supple-
mentary text). To test whether these changes
were learning specific, we compared them with
changes observed in a control condition without
learning between scans. We found significant
learning-induced changes in the left precuneus
(Fig. 2A and table S4B), the left middle occipital
gyrus (Fig. 2B), the left fusiform gyrus (Fig. 2C),
and the bilateral lingual gyri (Fig. 2D). For these
four regions, analyses of variance (ANOVAs) on
the mean raw MD values confirmed that the
significant interaction effect was based on MD
decreases in the learning condition and not in
the control condition (table S5A). Analyses of
the raw, unsmoothed, subject-native space MD
data further corroborated these findings (Fig. 2,
right, and table S5B). Thesemorphological changes
also correlated with memory performance. Sub-
jects with higher structural plasticity had better
memory retention from session 1 to session 2 (r39 =
0.405, P = 0.010) (Fig. 2F).
The final criterion of a memory engram is that

it persists over time. We measured long-term
MD changes 12 hours after learning. All regions
that showed rapid learning-induced structural
plasticity maintained these changes for more
than 12 hours. A significant long-lasting reduc-
tion in MD was found again bilaterally in the
precuneus, along the dorsal and ventral visual
processing streams, and in frontal regions [un-
corrected P value (Puncorr) < 0.001] (Fig. 3 and
table S6A). These changes did not occur in the
control condition (interaction with control:
Puncorr < 0.005) (Fig. 3 and table S6B). Analyses
of the mean raw MD values again confirmed
this finding (Fig. 3, right, and table S5C). Using
a whole-brain joint inference approach, we fur-
ther identified the precuneus, the middle oc-
cipital gyrus, and the lingual gyrus as regions in
which rapid and persistent learning-dependent
structural plasticity can be found (Fig. 3E and
table S7). Previous studies havemostly measured
rapid structural plasticity in the human brain at
delays similar to our short interval. Our data
show that the microstructural changes in the
regions that display learning-induced rapid
structural plasticity remain stable for at least
12 hours.
We identified posterior parietal areas that

fulfilled all defining conditions of a memory
engram, i.e., they showed functional responses
that were specifically related to the memory,
were persistent over longer offline periods, and
were relevant for later memory recall. These
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Fig. 3. Learning-induced
persistent microstruc-
tural changes in the
neocortex. (A to D) Long-
term MD decreases. (Left)
Whole-brain MNI space
group-level analyses.
Decreases from t0 to t2 for
the learning condition,
blue, n = 39; interaction
with the control condition,
cyan, n = 33. Short-term
changes from Fig. 2 are
shown in red and yellow.
Two-sided t tests. All
clusters exhibited signifi-
cant peak-level effects at
Puncorr < 0.001 (learning
condition) and Puncorr <
0.005 (interaction) and
exceeded 10 voxels. No
masking. (Right) Mean raw
MD changes for short-term
(red) and long-term (blue)
intervals. Repeated-measures
ANOVAs confirmed that
the interaction effects
stem from a selective
decrease in the learning
condition. #P ≤ 0.07, *P <
0.05, **P < 0.01, ***P ≤
0.001, n = 33. Data are
means ± SEM. (E) Joint
inference analyses on
short-term and long-term
MD decreases. Non-
parametric combination
test, purple, n = 33; con-
junction analysis of the
minimum statistic, green,
Puncorr < 0.001, n = 39.
Clusters exceeded
10 voxels. No masking.
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regions also showed structural–plastic changes
that conformed to the same criteria. Thus, a true
neocortical engram developed rapidly, after only
four rounds of rehearsal. Similarly, studies in
rodents have revealed that neocortical engram
cells are already tagged during encoding and
have detected experience-dependentmicrostruc-
tural changes as early as 1 hour after learning
(5, 6, 25, 26). We suggest that such rapid learning-
induced neocortical plasticity arises from mul-
tiple encoding–recall repetitions (4, 27). The
PPC’s ability to accumulate new information
over several minutes (28) and learn associa-
tions between well-known object schemata (29)
might allow particularly fast neocorticalmemory
formation.
We next used joint inference to identify re-

gions that meet mnemonic criteria in both imag-
ing modalities. A nonparametric combination
approach yielded significant clusters in themiddle
occipital gyrus [family-wise error correctedP value
(PFWE) < 0.05] (Fig. 4A and table S8A) and the
precuneus. The latter also survived a strict con-
junction analysis (Puncorr < 0.001) (Fig. 4A and
table S8B). Thus, diffusivity decreased in regions
that were functionally involved in memory. Ob-
served online memory representations are thus
likely to rely on a true neocortical engram. Looking
more broadly at the brain-wide relation between
functional activity and structural plasticity, we
found that learning task-related functional ac-
tivity was associated with short-term decreases
in MD (correlations of group-level t values, n =
114,698 voxels; short term: r = 0.150, long term:
r = −0.013; difference: z = 67.09, P < 0.001) (Fig.
4B), whereas the memory-related linear increase
in functional activity correlated more strongly
with the long-termMD decrease (short term: r =
0.088; long term: r = 0.192; difference: z = −42.98,
P < 0.001) (Fig. 4C). These findings suggest that
different processes might underlie the micro-
structural changes at different time points
after learning.

Although there is still debate about the func-
tions of the different subregions of the PPC and
their roles in working memory, memory-related
attention, or reinstatement of previous experi-
ence (3, 8), our study highlights the role of the
medial PPC. Observing microstructural changes
in the precuneus takes us frommemory process-
ing and reinstatement to the memory engram
itself (17). The fast temporal dynamics that we
observed challenge traditional models of slow
systems consolidation (2) and suggest that new
traces are encoded rapidly in the neocortex from
the onset of learning. In addition, we detected
learning-specific, persistentmicrostructural changes
upstream along the dorsal and ventral visual
pathways, which is in line with the notion of
distributed neocortical memory traces (8, 11).
Apart from their role in perception, visual areas
process memory content, suggesting memory
storage also at this level (30, 31). Indeed, many
accounts regard perception andmemory not as
faculties of different systems but as being lo-
calizedwithin the samedistributedneural circuits
(28). Combining functional imaging with diffu-
sion imaging might help transform our view of
how the brain translates perception intomemory.
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10 voxels. Nomasking.Corresponding datawith functional activity fromencoding
are shown in fig. S3. (B and C) Pearson correlations between t values from
group analyses of functional activity and MD decrease; Steiger’s z-test, P <
0.001, n = 114,698. Data points are bins ofmultiple voxels, and colors represent
voxel frequencies per bin. (B) The correlation between general learning task-
related activity and MD decreases from the short to the long interval.
(C) The correlation with explicitly memory-related activity increases over time.

RESEARCH | REPORT
on N

ovem
ber 29, 2018

 
http://science.sciencem

ag.org/
D

ow
nloaded from

 

http://osf.io/pnxje
http://www.sciencemag.org/content/362/6418/1045/suppl/DC1
http://science.sciencemag.org/


www.sciencemag.org/content/362/6418/1045/suppl/DC1 
 
 
 
 

 

 
 

Supplementary Materials for 
 
Fast track to the neocortex: A memory engram in the posterior parietal 

cortex 
S. Brodt*, S. Gais, J. Beck, M. Erb, K. Scheffler, M. Schönauer 

 
*Corresponding author. Email: svenja.brodt@uni-tuebingen.de 

 
Published 30 November 2018, Science 362, 1045 (2018) 

DOI: 10.1126/science.aau2528 
 

This PDF file includes: 
 

Materials and Methods 
Supplementary Text 
Figs. S1 to S4 
Tables S1 to S9 
References  

 
Other Supplementary Material for this manuscript includes the following: 
(available at www.sciencemag.org/content/362/6418/1045/suppl/DC1)  
 

Movie S1 



 

 

2 

 

Materials and Methods 

Participants 

41 healthy, right-handed subjects (22 female, 19 male; mean age, 24.16±2.65 years [M±SD]) 

participated in this study. Data from two participants had to be excluded due to bad memory recall 

performance (more than 2 standard deviations below the population mean). Out of these 39 participants, 33 

participants (19 female, 14 male) agreed to also attend the control condition, which took place 

336.12±54.62 days [M±SD] after completion of the experimental condition. Experimental procedures were 

approved by the Ethics Committee of the Eberhard Karls Universität Tübingen, participants gave written 

informed consent and were compensated with 12€/h. 

 

Memory task 

During the experiment, participants had to encode and recall item-location associations. Participants 

were shown pairs of ‘cards’, each depicting a unique everyday item in a unique location on a 8x5 grid on 

the computer screen. Items belonged to one of three classes: fruits and vegetables (n=10), animals (n=10), 

and inanimate objects (n=20). Each of the 40 cards was part of two different associations, once as the first 

item and once as the second item of a pair, resulting in a total of 40 associations to be learned. Pairs always 

contained one inanimate object, and the two items paired with the same inanimate object always belonged 

to the same class, i.e. fruits/vegetables or animals. During encoding, paired items were shown sequentially 

for 2s each, separated by a short delay jittered between 0.4–0.6s. One encoding run consisted of presenting 

all pairs sequentially and in random order, separated by an inter-trial interval jittered between 1.55–1.95s. 

During cued recall, participants were presented with the first item of a pair and had to indicate the location 

of the second item. All 40 pairs were again presented in random order. Participants were instructed to first 

think carefully about the second item’s location and only afterwards navigate a cursor to the respective 

position. They responded via two separate custom-built hand-shaped button boxes (Max-Planck-Institute 

for Biological Cybernetics, Tübingen, Germany). The four principal navigation directions were mapped to 



 

 

3 

 

the buttons for the index and middle fingers (up/down – r/l-index, right/left – r/l-middle), with one button 

press effecting a cursor jump to the next location on the grid in the respective direction. Participants 

confirmed their choice with the right thumb. All participants completed 4 encoding and 4 recall runs in the 

first task session, and a further recall followed by 3 additional encoding and recall runs in the second task 

session. Encoding as well as recall runs were interrupted every 60–90s by a baseline task lasting between 

6–9s, asking them to fixate a white cross on black background, that was moving between the grid positions 

at the same speed as item presentation during encoding. For a demonstration of learning, baseline and recall 

see Movie S1. The task was programmed with Cogent 2000 (v1.33, Wellcome Trust Centre for 

Neuroimaging, London, UK) via MATLAB R2015b (Mathworks, Sherbom, MA). 

 

Procedure 

Participants were scanned in two conditions (learning/control) each comprising two sessions spaced 

13h apart. During the first session of the experimental condition, participants first completed a training 

phase for all constituents of the memory task (encoding, recall, baseline) outside of the MR scanner, 

consisting of a smaller grid version (4x3 locations) with different stimuli than the ones used in the actual 

task. This was done to ensure correct understanding of the instructions (especially the importance of the 

sequence information) and to practice the use of the button box. The first session consisted of two MR 

scanning blocks. During the first block, the sequence protocol entailed a series of control and anatomical 

scans (see MRI Data Acquisition and Analysis), followed by the first set of diffusion-weighted images. 

Immediately afterwards, the task fMRI acquisition started. During this first task session, participants 

completed a total of four encoding – recall runs with a short break after two runs. Mean task duration was 

48.60±4.48min [M±SD]. The task was projected to a screen at the back of the scanner bore, which the 

participants could see via a mirror attached to the head coil. Afterwards, while waiting for the second MR 

scanning block, participants stayed in the lab, were given a light meal and allowed to read a book or watch 

movies, but were expressly forbidden to study.  
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The second scanning block in this first experimental session consisted of the same scans in the same 

order as during the first block, including a second set of diffusion-weighted images. The task fMRI was 

omitted and instead two high-resolution T1 and T2 sequences were acquired. The start of this second block 

was timed so that the second set of diffusion-weighted scans was acquired three hours (182.97±13.16 min 

[M±SD]) after the start of the first set. Afterwards, participants were taken out of the scanner and sent home. 

Participants were not allowed to study, do any sports, or consume alcohol. Upon returning to the lab for the 

second experimental session, participants completed a questionnaire about their activities during the 

interval and then proceeded to the third MR scanning block. The sequence protocol was similar to the first 

block. The third set of diffusion weighted scans occurred just before the second task session, approximately 

10h (620.36±17.86 min [M±SD]) after the start of the second diffusion set. This time, task fMRI started 

with an initial recall to assess retention performance, followed by three more encoding-recall runs. Mean 

task duration was 39.29±4.00min [M±SD].  

The control condition followed the same protocol as the experimental condition, with the exception that 

the task fMRI sessions were omitted. Instead, waiting times between the MR blocks were adapted, such that 

all participants were scanned at the same time points as during the experimental condition. Accordingly, there 

were no differences in testing times between the experimental and control conditions (condition × time 

repeated measures ANOVA: condition, F1,32=1.01, p=.323; time, F2,64=1.29, p=.282; condition × time, 

F2,64=1.71, p=.190). 

 

Behavioral data and performance measures 

All analyses in relation to behavioral performance reported in this article are based on the percentage of 

correctly recalled locations of the respective second item in response to the presentation of the first item of a 

pair, separately for each of the recall runs of the task fMRI sessions. Statistical testing of performance 

measures relied on univariate ANOVAs. All tests were two-tailed with an α-level of 0.05. Memory 

performance increased rapidly over the first session, with a mean correct recall rate of 67.6±21.4% [M±SD] 

in the last run. During the second session, performance continued to increase and then plateaued at a ceiling 
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level of 86.0±16.1% [M±SD] in the last run (session × run repeated measures ANOVA: session, F1,38=353.51, 

p<.001, η2=.903; run, F3,114=445.55, p<.001, η2=.921; session × run, F3,114=26.05, p<.001, η2=.407; Fig. 1C, 

right panel, red line). 

For correlation analysis between fMRI data and behavioral performance rates, all individual recall runs 

were taken into account. For correlations with session-related changes of diffusion parameters, we used the 

difference between the average performance of the first two runs in the second task session and the last two 

runs in the first session as a measure of memory stability between sessions. 

 

MRI data acquisition and analysis 

MR data acquisition took place at the Max-Planck-Institute for Biological Cybernetics, Tübingen, 

Germany in a 3T Magnetom Prisma scanner (Siemens, Erlangen, Germany) with a standard 20-channel head 

volume coil.  

Functional and diffusion weighted images were obtained using multi-band sequences provided by the 

University of Minnesota Center for Magnetic Resonance Research. Functional data was acquired with an 

echo-planar sequence (cmrr_mbep2d_bold, 2300ms repetition time [TR]; 30ms echo time [TE]; 75° flip angle 

[FA]; 208mm field-of-view [FOV]; 104 voxel matrix size; 2.0×2.0×2.3mm3 voxel size; 60 transversal slices 

with interleaved slice acquisition; parallel acquisition technique [PAT] with inplane acceleration factor 2 

(GRAPPA) and multi-band acceleration factor [MB] 2). Each set of diffusion-weighted data was acquired 

with six acquisitions of a monopolar sequence to improve signal-to-noise ratio (cmrr_mbep2d_diff, 3000ms 

TR; 53ms TE; 90° FA; b=1000s/mm2; 30 whole-sphere gradient directions; 6 interspersed b0 images; 220mm 

FOV; 110 voxel matrix size; 2mm isotropic voxel size; 70 transversal slices with interleaved slice acquisition; 

PAT 2 (GRAPPA); MB 2). To enable use of FSL’s (32) distortion correction tools topup and eddy, three 

acquisitions had anterior-to-posterior, three posterior-to-anterior phase encoding direction.  

A high-resolution anatomical T1-weighted image was obtained during the second MR scanning block 

via a 3D magnetization-prepared 2 rapid gradient echoes (MP2RAGE) sequence (5000ms TR; 2.98ms TE; 
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700/2500ms inversion time (TI) 1/2; 4°/5° FA 1/2; 256mm FOV; 256 voxel matrix size; 1mm isotropic voxel 

size; 176 sagittal slices; PAT GRAPPA 3). Also during the second block, a high-resolution T2-weighted 

image was acquired with a 3D turbo spin echo (TSE) sampling perfection with application optimized contrasts 

using different flip angle evolution (SPACE) sequence to improve pial surfaces within the FreeSurfer (v.5.3.0, 

http://surfer.nmr.mgh.harvard.edu) pipeline (3200ms TR; 564ms TE; 256mm FOV; 320 voxel matrix size; 

0.8mm isotropic voxel size; 208 sagittal slices; PAT GRAPPA 2). Slice acquisition occurred in an interleaved 

fashion. 

To minimize offline warping, an autoalign scout measurement was used, which allows automatic 

positioning of the measurement volumes at the same brain position between different sessions. Because of 

the substantial influence of sleep on extracellular matrix space (33), all MR scans were accompanied by eye-

tracking monitoring to ensure that participants stayed awake during the task-free scanning sequences. 

Where applicable, data were preprocessed on the basis of the minimal preprocessing pipelines for the 

Human Connectome Project (34) with the FMRIB Software Library (FSL, v5.0.9)(32). Gradient nonlinearity 

distortion correction was omitted due to the lower gradient strength of 80mT/m compared to the HCP protocol. 

For data quality control, each correction or registration step was also conducted separately and checked 

visually. 

The scanner used for data collection received a major software update in the year between collection of 

the experimental and control conditions, such that the absolute level of the signal may no longer be 

comparable. We account for this issue by using z-standardized measures within volumes or by comparing 

differences relative to a baseline measurement (see below). Importantly, although SNR of the b0 images 

differed slightly between the two conditions (learning: 30.67±1.73, control: 29.45±1.32 [M±SD]; paired t-test, 

t32=4.68, p<.001) both values are well above the recommended SNR for the employed b-value, voxel size and 

reconstruction method (35) and are therefore unlikely to have caused the observed differences between the 

experimental and the control condition. SNRs were calculated voxelwise, for every subject and condition, 

from the first acquired diffusion-weighted image set at t0 as the mean signal intensity divided by its standard 
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deviation over all 6 acquired b0 images after motion and eddy-current correction, and were subsequently 

averaged over all voxels within the brain (36). 

 

Anatomical data 

Initial brain extraction of the high-resolution anatomical T1 and T2-weighted scans was done via AC-

PC alignment and subsequent linear (flirt) and nonlinear (fnirt) registration to the MNI space template, with 

the inverted warp bringing the mask back to native space. The T2 image was read-out distortion corrected and 

registered to T1 via epi_reg using the field map of the respective MR run. Both images were bias-field 

corrected, with the bias field estimated from the square root of the product of both images. Subsequently, 

transforms to MNI space were created via a 12 degrees of freedom (df) affine (flirt) and nonlinear (fnirt) 

registration. The corrected T1 and T2 images were fed into FreeSurfer’s recon-all pipeline, supporting brain 

extraction with the initially created brain mask and where required applying the skullstrip gcut option. The 

final brain mask used for the first-level functional data analyses was created based on FreeSurfer’s wmparc 

volume parcellation. 

 

Functional data 

Preprocessing of the functional data followed the volumetric stream of the minimal preprocessing 

pipelines. The first five volumes of every run were discarded to control for magnetic saturation effects. The 

remaining volumes were motion corrected via a 6 df mcflirt registration to the single-band reference of the 

respective run. No data had to be excluded due to excessive movement (all translations<=5mm, 

rotations<=5°). The single-band reference of each run was registered to each subject’s high-resolution T1 

with epi_reg using the run’s respective B0 field map for distortion correction. Registration transforms and 

distortion corrections were concatenated to enable one single resampling step to 2mm MNI space. 

Afterwards, data for each run was intensity normalized to a brain mean of 10000, smoothed with a Gaussian 

kernel of 6mm FWHM and high-pass filtered with a cutoff frequency of 0.01Hz. 
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Univariate analysis of functional data was done in a two-level model using SPM12 (Wellcome 

Department of Cognitive Neurology, London, UK). The first-level analysis was implemented on the subject 

level fixed effects. Conditions of interest were the encoding, recall and baseline trials separately for each 

encoding-recall repetition. Encoding trials were determined by the onset of the first item of a pair and the 

offset of the respective second item. Baseline trials lasted from the onset of the first fixation cross to the 

offset of the last fixation cross. The onset of recall trials was defined by the onset of the cue item, but the 

duration varied depending on the intended analysis: For analysis of encoding activity, recall trials were 

modeled in their entirety until the participant had confirmed their answer. For analysis of recall activity, 

trial offset was defined by the first button press, indicating that the participant had recalled and chosen his 

answer location. This approach excluded potentially confounding activity due to the automatization of the 

finger-to-cursor-direction motor mapping. Changes in blood-oxygen level dependent (BOLD) responses 

were estimated by convolving the modeled data epochs with a canonical hemodynamic response function 

and estimating parameters using a restricted maximum likelihood approach at each voxel for every subject. 

The six head motion parameters from the motion correction step, as well as constants delineating each MR 

acquisition run were added as regressors of no interest. 

All second-level random effects models were full factorial analyses with the factor repetition. They 

were based on first-level contrast images with the respective baseline activation subtracted from the 

condition of interest. Before entering second-level analysis these contrast images were smoothed with a 

Gaussian kernel of 8 mm FWHM. Because all trials, regardless of correctness of retrieval, will entail 

memory encoding or retrieval search processes, and to avoid diminished statistical power during initials 

runs with fewer correct trials, the models do not distinguish between correct and incorrect trials. This 

decision was supported by a control analysis including only correct trials. All reported results were 

corroborated by this analysis. To have a sufficient number of onsets in the first runs, we used a more lenient 

measure of correctness for this analysis (target field or a directly neighboring field sharing an edge or a 

corner). 
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We assessed experience-dependence with a linearly increasing contrast over the first four task runs 

and offline stability with a simple contrast between the first run of session 1 and the first run of session 2. 

A custom-built MATLAB (R2017b) script was used for the correlation analysis between functional data 

and behavioral performance, which first computes voxel wise correlations between the first-level contrast 

images and performance rate over task repetitions separately for each participant, then applies a Fisher’s z 

transform and calculates a one-sample t-test independently for each voxel. 

In addition to these whole-brain analyses, we performed anatomical region of interest (ROI) analyses 

of the hippocampus for the three contrasts reported above. Additionally, to investigate whether the 

hippocampus is specifically involved in encoding of novel information, we tested whether hippocampal 

activation predicts subsequent memory performance, introducing an additional factor distinguishing 

encoding trials within each run depending on the performance in the subsequent recall run (correct vs. 

incorrect) in the first-level design matrix. Subsequent memory was assessed with a contrast between 

subsequently correct trials and incorrect trials over the first four task runs in the first session.  

If not indicated otherwise, statistical inferences on functional data were obtained after correcting for 

multiple comparisons in the whole brain volume using Gaussian random field theory, with the exception of 

the performance correlation analysis, where reported values were Bonferroni corrected. Both methods result 

in a full-volume family-wise-error corrected threshold of pFWE<.05. For the precuneus, which was our a-

priori ROI (based on Ref. 4), additional repeated measures ANOVAs and two-sided t-tests were performed 

on the mean beta values of all voxels in the anatomically defined precuneus. 

Content-specificity of functional activation was assessed via multivariate pattern analysis, which was 

used to decode the two stimulus categories paired with the inanimate object during encoding, i.e. 

fruits/vegetables and animals. We estimated a first-level model for each subject, obtaining one beta image 

per stimulus (i.e. 10 betas per category), each based on the brain responses in 14 trials (2 stimulus 

presentations over 7 encoding runs). Onset and duration of a trial were determined by onset and offset of 

the visual stimulus presentation. Stimulus-category classification was performed on these 20 beta images 

on the single subject level, using a linear support-vector machine (C=1) and a split-half cross-validation 
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approach with 100 iterations, implemented via custom MATLAB-code (R2017b) and the Decoding 

Toolbox (v.3.992, 37). First, category-specificity of brain activity was determined in a precuneus anatomical 

ROI. Statistical inference was obtained by estimating a p-value for each subject, comparing the classification 

accuracy on correctly labeled data to a null distribution of accuracies obtained by randomly shuffling the 

labels in 1000 iterations. P-values were then combined using Fisher’s method. Second, a whole-brain 

searchlight analysis with a radius of 4 voxels was performed. Because of the impractically high computational 

demands, here permutation testing could not be used. Instead, single-subject classification accuracies were 

subjected to voxelwise two-sided t-tests against chance level (50%) and considered significant at puncorr<.001 

in this approach. 

 

Diffusion data 

Diffusion-weighted scans were motion- and eddy current distortion-corrected via FSL’s topup and 

eddy, using all 36 b0 images of the six sets for each time point. Tensor calculation was done with dtifit and 

based on eddy-rotated b-vectors. Coregistration between the time points was achieved by a 7 df (to 

additionally compensate for global scale changes) linear flirt registration of the fractional anisotropy (FA) 

image onto the subject’s high-resolution T1 scan. Voxels, which after registration did not have data at one 

or more of the time points, were excluded from the analyses for all of the time points. Resampling from 

undistorted diffusion into MNI space occurred in one single step. To improve inter-subject comparability, 

MNI space data was smoothed with a Gaussian kernel of 6mm FWHM. Identification of brain regions 

displaying microstructural changes on the group level was done with whole-brain analyses on mean 

diffusivity (MD) data in MNI space.  

Similar to other functional MRI measures, MD is an indirect measure, which can potentially originate 

from different plasticity-dependent processes (38). The timeframe of the observed effects indicates that 

they are likely based on learning-dependent remodeling of existing neurons or glia (14-16). Indeed, 

histological findings from Sagi et al. and Blumenfeld-Katzir et al. (14, 16) show an increase in the number 
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of synapses, expression of BDNF and astrocyte activation at sites of learning-induced MD decrease, making 

these mechanisms the most likely origin of MD changes. Most importantly, all potential mechanisms are 

tightly linked to experience-induced structural plasticity, making MD a highly useful marker of learning-

induced microstructural change (24). Because we were mainly interested in microstructural changes in gray 

matter, where measures of directionality tend to be low, we did not explore other diffusion indices. 

Based on the idea that learning-induced microstructural changes will occur in only some brain regions, 

and that thus their behavior should differ from the rest of the brain, data was z-standardized with respect to 

the whole gray and white matter mean separately for each subject and time point to exclude general session 

effects on overall diffusivity, such as potential confounding circadian differences. On the one hand, this 

allows for a more sensitive detection of small MD decreases that are meaningful in the light of overall 

matter diffusivity increase. On the other hand, this controls for overall whole-brain diffusivity decreases 

that are unlikely to relate to previous learning. Statistical testing was done with FSL and relied on parametric 

paired-sample t-tests, either between the MD values of two time points in the learning condition (l0-l1, l0-

l2), or between the MD differences for two corresponding time points of the learning and the control 

condition (t0-t1, t0-t2) to assess interaction effects. Difference images were calculated from the smoothed 

images. The same analyses were also subjected to non-parametric testing via FSL’s randomise and yielded 

comparable voxelwise results. To ensure that the significant clusters display an actual decrease in MD, 

statistical inference was also obtained on the mean raw MD voxel values for each cluster separately with 

univariate repeated measures ANOVAs. These comparisons were based on the cluster voxels displaying 

learning-related short-term MD decreases. Only voxels which, based on the individual FreeSurfer 

parcellation, were labelled as gray or white matter in at least 75% of participants were included in the 

analyses. To minimize the risk of partial volume effects, the voxels at the borders of this mask were 

additionally excluded, resulting in a mask size of n=116325 voxels. If not indicated otherwise, statistical 

inferences on whole-brain diffusion data are uncorrected for multiple comparisons, whereas anatomical 

ROI analyses are corrected at a level of pFDR<.05. 
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For the detected ROIs in MNI space as well as for the hippocampus, additional corresponding analyses 

of unsmoothed and unstandardized gray matter MD were done in the undistorted native volume space of 

the individual subject, which was rigidly aligned to the axes of MNI space. Included voxels were 

anatomically defined based on each subject’s individual FreeSurfer cortical parcellation with the label 

corresponding to the respective MNI cluster’s peak voxel coordinates. This procedure was definite for all 

ROIs except for the cluster in the middle occipital gyrus. Here, the decision to use the left inferior parietal 

label was informed by first determining the most frequent label for each voxel within the MNI cluster over 

all participants and then summing over voxels. The total gray matter control consisted of all gray matter 

voxels excluding the four previously identified ROIs. Only voxels with biologically plausible values, i.e. 

raw MD between .0005-.001mm2/s at all time points and all differences between time points<.0002mm2/s, 

were included in the analyses. Note that measurements outside this range are unlikely to reflect true signal 

and would thus corrupt the results, leading to potential false positives. Because MD values per subject, ROI 

and time point were not normally distributed, statistical inferences are based on the median rather than the 

mean value. 

To relate microstructural changes with behavior, we performed a correlation between the average raw 

MD decrease in the experimental condition from l0 to l1 over all significant voxels in our four ROIs with 

a measure of memory stability between sessions (difference between the average performance of the first 

two runs in the second task session and of the last two runs in the first session). A positive correlation 

indicates that a higher MD decrease over the first task session is associated with higher long-term memory 

stability over the 13-h retention interval. 

 

Joint inference 

As this study aimed at identifying locations in the brain that fulfill multiple criteria for memory 

representations, two kinds of joint inference analyses were implemented. For one, conjunction of the 

minimum statistic analyses (39) were implemented, which test for a strict logical AND by taking the 
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maximum p-value of all single analyses per voxel. For functional data, all three contrasts of interest 

(experience-dependent increase over repetitions, offline stability, correlation with behavior) were included 

and p-values were Bonferroni-corrected. For diffusion data, both main contrasts (l0-l1, l0-l2) were included, 

testing for conjoined short-term and long-term changes. The conjunction of functional and diffusion data 

included all five of the aforementioned contrasts. P-values of analyses including diffusion data are reported 

at puncorr<.001. Additionally, the more sensitive approach of non-parametric combination (40) was 

employed via FSL’s palm using the function suggested by Friston et al. (41) which implements a partial, 

less strict conjunction. Here, for the functional data, contrasts for an increase over repetitions, offline 

stability, and correlation with behavior were included, for diffusion data all four analyses were considered 

that tested for learning-induced short-term and long-term changes (l0-l1, l0-l1 × c0-c1, l0-l2, l0-l2 × c0-

c2). P-values for the analyses of functional and combined functional and diffusion data were Bonferroni-

corrected, p-values for the diffusion data analysis were thresholded at puncorr<.001. 

 

Relation of brain-wide functional activity and microstructural changes 

Another aim of this study was to investigate the general relationship between changes in functional 

activity and corresponding microstructural changes, i.e. an MD decrease in the brain. To achieve better 

comparability between functional and diffusion data, only for this particular analysis diffusion data were 

smoothed in the same manner as functional data, i.e. with 6mm at the native space level and an additional 

8mm at the MNI space level. We were particularly interested in four measures: On the one hand the 

association between general learning task-related functional activity and MD decrease and how this 

relationship changes when considering either short-term or long-term microstructural changes, and on the 

other hand the association of specifically memory-related functional activity with either short-term or long-

term MD decrease. Consequently, four group-level contrasts were defined, and the resulting t-values at 

each voxel were taken as a measure for the strength of the respective effect of interest. For the strength of 

the MD decrease, these were the short-term or long-term decreases in the learning condition (l0-l1, l0-l2). 
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General learning task-related functional activity was approximated by the encoding–baseline activation 

contrast over the four runs of task session 1. The strength of memory-related functional activity was 

assessed via a linear contrast of increasing task-activity over the same first four runs. The associations 

between the different functional and microstructural changes were then estimated via correlations between 

the t-values of the respective two contrasts of interest over all voxels. Using the intersection of the diffusion 

and the functional brain masks, only voxels with meaningful values for both modalities were included in 

the analysis (n=114698). Because all pairs of correlations share one variable, differences between them 

were tested for significance using Steiger’s z-test (42). 

In general, significant clusters reported in the text are provided with their peak voxel MNI-coordinates 

and corresponding t-values in the supplementary tables, together with all significant clusters with an extent 

above 10 voxels from the whole-brain analyses. Results are displayed on MRIcroGL’s MNI152_2009 

template (University of South Carolina, Columbia, SC). For all activated clusters, anatomical localization 

was determined based on automatic labeling with FSL’s autoaq based on the Talairach Daemon atlas labels 

(43, 44). Anatomical ROI analyses in MNI space are based on masks from the same atlas and displayed at 

a significance level of pFDR<.05. For native space analyses, anatomical ROIs were defined through the 

default FreeSurfer cortical parcellation based on the Desikan-Killiany atlas (45). 
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Supplementary Text 

The role of the hippocampus  

Since our whole-brain analyses of functional activity did not show significant activity in the 

hippocampus, we tested whether we could detect hippocampal activity in more specific analyses. 

In functional MRI data, anatomical ROI analyses of the hippocampus did not yield any significant 

clusters in our main memory-related contrasts. In an additional analysis of subsequent memory, 

we tested whether encoding activity was linked to later correct recall. Here, we observed a cluster 

of activity in the right hippocampus in the first task session indicating higher encoding activity for 

subsequently correct trials compared to incorrect trials (Fig. S4, Table S9). This effect was 

confirmed by corresponding analyses of the mean beta values of all anatomical hippocampus 

voxels (t38=2.54, p=.015). No subsequent memory effect was observed in the second session. Our 

data is in line with other studies showing subsequent memory effects in the hippocampus for a 

number of memory tasks (46) and with neuropsychological reports from patients with hippocampal 

lesions indicating impaired object-location memory (47). We therefore suggest that for object-

location memory, the hippocampus has a central role mainly during initial memory encoding.  

We observed no learning-induced microstructural changes in the hippocampus, neither in the 

whole-brain analyses, nor in an additional ROI analysis of the anatomical hippocampus in MNI 

space. Also, corresponding native space analyses on mean MD in the anatomical hippocampus 

ROI did not show experience-dependent short-term or long-term changes in MD (condition × time 

point repeated-measures ANOVA for t0-t1: F1,32=0.00, p=1.00; for t0-t2: F1,32=0.00, p=1.00). This 

lack of structural change in the hippocampus is interesting especially considering that Sagi et al. 

(14) were able to detect microstructural changes within that region with diffusion-weighted MRI. 

In that study, training a spatial navigation task for 90min elicited microstructural plasticity after 
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2h. As timings and procedures of our experiments were similar, we propose that the difference in 

hippocampal outcome was related to the strong spatial-episodic aspect of their task (moving 

through a novel virtual environment), whereas our task has a stronger semantic aspect (associating 

pre-existing concepts). In fact, while there are many fMRI studies showing a contribution of the 

hippocampus to short-term object-location memory (e.g. 48, 49) and during initial encoding 

compared to repeated presentation (50, 51), fMRI evidence for a long-term contribution of the 

hippocampus is scarce. Together, neuropsychological and fMRI findings indicate that the 

hippocampus seems to be required for learning object-location associations but might not be 

necessarily involved in their long-term storage. 

Our current results are in line with these previous findings showing a crucial contribution of 

the hippocampus during encoding but no sustained contribution of the hippocampus after repeated 

rehearsal. While we do not want to exclude a memory trace in the hippocampus (parallel encoding 

or complementary learning systems) with the present data, we believe that it is the posterior parietal 

cortex, which contributes principally to the long-term storage of the type of memory tested with 

our task. 
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Fig. S1. Encoding activity in PPC fulfills the criteria for an online memory representation. 

(A) A number of regions along the dorsal and ventral visual stream show an increase in activation 

with increasing number of encoding runs. Mean beta-values of all voxels in the anatomically 

defined precuneus for the first task session, linear contrast, F1,38=48.13, p<.001, η2=.559. (B) PPC 

activity in response to task stimuli was elevated during the first run after an offline period of 12 h 

compared with the first run during the first session. Mean beta values of all voxels in the 

anatomically defined precuneus, two-sided t-test, t38=6.63, p<.001. (C) Precuneus activation 

during encoding correlates with memory performance over the runs. Mean beta values of all voxels 

in the anatomically defined precuneus, black, mean percentage of correctly recalled item locations, 

red, one sample t-test of z-transformed single subject correlations, r39=.426, t38=5.83, p<.001. 

(D) The precuneus is the only region fulfilling all three memory criteria. Conjunction analysis of 

the minimum statistic of the three analyses above, green. All clusters exhibit significant peak-level 

effects at full-volume corrected pFWE<.05 and exceed 10 voxels. No masking. All beta values are 

corrected for baseline activation levels. Data are mean±s.e.m. 
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Fig. S2. Content-specific activation in the precuneus during memory encoding. Results of a 

multivariate pattern analysis used to decode stimulus category (fruit/vegetable vs. animal) over all 

encoding runs. (A) ROI analysis over all anatomical precuneus voxels. Left: ROI mask. Right: 

Single-subject classification results. Mean classification accuracy, red; box plots showing null 

distributions of classification accuracies from permutation testing (n=1000), black. Combination 

of p-values from within-subject permutation tests using Fisher’s method, p<.001, n=39. (B) In a 

whole-brain searchlight analysis, the precuneus as well as regions along the visual processing 

streams, and the mPFC show category-specific activation. Significance determined with 

voxelwise, two-sided t-tests of mean classification accuracy over subjects against chance level 

(50%). All clusters exhibit significant peak-level effects at puncorr<.001 and exceed 10 voxels. No 

masking. 
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Fig. S3. Simultaneous learning-induced functional (encoding) and microstructural changes. 

When functional activity is based on encoding runs, both the precuneus and lingual gyrus 

simultaneously exhibit learning-induced functional and microstructural changes. Non-parametric 

combination test, full-volume corrected pFWE<.05, n=33. Clusters exceed 10 voxels. No masking. 
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Fig. S4. Early subsequent memory effect in the hippocampus. During the first task session, a 

cluster in the right hippocampus shows higher encoding activity in subsequently correct trials 

compared with subsequently incorrect trials. Left: Paired t-test, full-volume corrected pFWE<.05, 

n=39. Right: Mean beta values in the anatomically defined hippocampus ROI for subsequently 

correct vs. incorrect trials in the first task session; paired t-test, p=.015, n=39. Beta values corrected 

for baseline activation. Data are mean±s.e.m. 
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Table S1. Functional memory-related activity during recall.  

 

Region n voxels Tpeak Xpeak Ypeak Zpeak 

A - linear increase in task activity over the four runs of the first task session 

Left Precuneus 5264 6.45 -16 -70 34 

n.a., Right Cerebellar Tonsil 1898 6.34 36 -64 -48 

Left Precentral Gyrus, BA 6 177 5.51 -46 0 56 

Left Paracentral Lobule, BA 5 153 5.28 0 -34 62 

Right Cerebellum, Culmen 96 5.32 40 -46 -24 

n.a., Left Inferior Semi-Lunar Lobule of 

Cerebellum 56 5.39 -38 -68 -50 

Right Sub-Gyral Temporal Lobe 44 4.91 48 -60 -2 

Left Thalamus 41 4.99 -10 -12 8 

Right Precentral Gyrus 29 4.85 44 -8 38 

Left Brainstem, Midbrain 16 4.79 -6 -20 -4 

B – increase in activity from the first run of session 1 to the first run of session 2  

Left Precuneus 303 6.05 -16 -64 24 

Right Sub-Gyral Temporal Lobe 218 5.50 18 -58 22 

C – correlation between task-related activity and memory performance over all runs 

Left Posterior Cingulate, BA 30 371 7.56 -14 -58 14 

Right Precuneus, BA 7 328 7.89 14 -78 50 

n.a., Left or Right Cerebellar Tonsil 82 7.38 4 -64 -56 

Right Cerebellum, Uvula 79 7.40 14 -68 -26 

n.a., Right Cerebellum, Uvula 14 6.77 10 -84 -42 

D – joint inference of the above analyses via conjunction of the minimum statistic  

Left Precuneus, BA 31 108 >.999  -14 -66 24 

Right Sub-Gyral Temporal Lobe 17 >.999  20 -58 20 

n.a., Right Inferior Semi-Lunar Lobule 11 >.999  4 -64 -56 

 

Regions listed exhibited significant peak voxel effects at full-volume corrected pFWE<.05, (A+B) 

df=296, (C) df=38 and had a cluster size≥10. Peak voxel MNI coordinates X, Y and Z are given 

in mm. n.a.: Peak voxel not assigned; if possible, largest structure within cluster is reported instead, 

else nearest structure to peak voxel is reported. For analysis (D), instead of maximum t, maximum 

1-p statistics are reported. 
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Table S2. Functional memory-related activity during encoding.  

 
Region n voxels Tpeak Xpeak Ypeak Zpeak 

A - linear increase in task activity over the four runs of the first task session 

Left Cuneus 25587 8.57 0 -76 42 

Right Middle Frontal Gyrus 4252 6.90 48 14 28 

Right Lentiform Nucleus 3250 6.90 20 -2 -10 

Left Inferior Parietal Lobule 728 6.17 -32 -46 52 

Left Precentral Gyrus 382 5.82 -36 -10 52 

Left Precentral Gyrus 112 5.27 -54 2 6 

Right Superior Temporal Gyrus, BA 22 109 4.93 58 6 0 

Right Parahippocampal Gyrus 109 5.43 26 -6 -30 

Left Lentiform Nucleus 75 5.19 -28 -22 4 

Left Lentiform Nucleus 69 5.10 -26 -2 -6 

Left Postcentral Gyrus 69 4.90 -64 -20 44 

Right Superior Temporal Gyrus 43 4.94 52 -26 -2 

Left Precentral Gyrus, BA 6 30 4.88 -60 6 38 

Right Brainstem, Pons 22 4.81 12 -26 -34 

Right Cingulate Gyrus, BA 24 20 4.80 8 6 32 

Right Medial Frontal Gyrus, BA 8 18 4.80 8 32 44 

Left Sub-Gyral Frontal Lobe 17 4.94 -40 8 18 

B – increase in activity from the first run of session 1 to the first run of session 2  

Left Sub-Gyral Temporal Lobe 6388 8.13 -16 -66 28 

Left Cerebellum, Uvula 1853 7.12 -8 -82 -32 

n.a., Left Cerebellar Tonsil 337 6.13 -42 -66 -52 

Right Thalamus 282 5.97 16 -8 14 

n.a., Left Cerebellar Tonsil 222 6.81 -26 -36 -44 

n.a., Cingulate Gyrus 198 5.60 2 -34 24 

Right Middle Frontal Gyrus, BA 9 138 5.30 48 12 36 

n.a., Right Cerebellar Tonsil 114 5.50 28 -36 -46 

Left Posterior Cingulate 79 5.43 0 -44 8 

Right Middle Temporal Gyrus 60 5.02 40 -82 22 

n.a., Right Cerebellar Tonsil 27 4.84 14 -46 -48 

Right Postcentral Gyrus, BA 2 26 4.97 60 -24 48 

Left Cerebellum, Declive 12 4.74 -40 -62 -22 

Left Inferior Parietal Lobule, BA 40 10 4.66 -36 -52 52 
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C – correlation between task-related activity and memory performance over all runs 

Right Precuneus 1732 8.70 10 -68 32 

Left Posterior Cingulate, BA 23 73 7.73 -2 -38 22 

Left Posterior Cingulate 57 7.26 -6 -48 8 

Left Cerebellum, Uvula 20 6.59 -12 -82 -36 

D – joint inference of all above analyses via conjunction of the minimum statistic  

n.a., Left Precuneus, BA 7 1333 >.999  4 -78 52 

Left Cerebellum, Uvula 20 >.999  -12 -82 -36 

 

Regions listed exhibited significant peak voxel effects at full-volume corrected pFWE<.05, (A+B) 

df=259, (C) df=38 and had a cluster size≥10. Peak voxel MNI coordinates X, Y and Z are given 

in mm. n.a.: Peak voxel not assigned; if possible, largest structure within cluster is reported instead, 

else nearest structure to peak voxel is reported. For analysis (D), instead of maximum t, maximum 

1-p statistics are reported. 
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Table S3. Multivariate pattern analysis of content-specificity during encoding.  

 
Region n voxels Tpeak Xpeak Ypeak Zpeak 

n.a., Right Middle Occipital Gyrus 901 6.26 50 -78 -12 

Left Sub-Gyral Occipital Lobe 553 5.09 -48 -64 -10 

Left Inferior Frontal Gyrus 158 4.63 -48 42 4 

Left Superior Frontal Gyrus 120 5.36 -12 60 26 

Left Middle Frontal Gyrus 46 4.31 -54 28 24 

Left Sub-Gyral Frontal Lobe 42 4.41 -22 -10 26 

Right Middle Frontal Gyrus 41 4.51 48 38 16 

Left Precuneus, BA 39 37 4.52 -32 -62 42 

Left Precuneus, BA 19 35 4.40 -30 -74 46 

Left Precentral Gyrus 23 4.11 -48 -4 52 

Left Superior Occipital Gyrus 22 4.17 -42 -80 38 

Right Sub-Gyral Frontal Lobe 11 4.15 28 34 2 

Right Medial Frontal Gyrus 11 3.98 8 60 8 

Right Cerebellum, Uvula 10 3.92 10 -84 -32 

Left Precuneus, BA 7 10 3.90 -2 -70 42 

 

Regions listed exhibited significant peak voxel effects at puncorr<.001, df=38 and had a cluster 

size≥10. Peak voxel MNI coordinates X, Y and Z are given in mm. n.a.: Peak voxel not assigned; 

if possible, largest structure within cluster is reported instead, else nearest structure to peak voxel 

is reported.  
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Table S4. Short-term learning-induced microstructural changes.  

 
Region n voxels Tpeak Xpeak Ypeak Zpeak 

A – MD decrease from t0 to t1 in the learning condition 

Left Precuneus* 110 4.30 -18 -54 46 

Left Middle Occipital Gyrus 61 4.69 -36 -84 18 

Right Precuneus, BA 7* 58 5.75 12 -56 44 

Left Cuneus, BA 17 56 4.84 -6 -98 6 

Left Lingual Gyrus 43 4.84 -20 -98 0 

Left Cuneus, BA 18 38 4.21 -14 -86 18 

Right Lingual Gyrus, BA 18 36 4.72 16 -74 -2 

Left Sub-Gyral Temporal Lobe 26 3.77 -48 -14 -10 

Right Cuneus 20 3.92 12 -88 14 

Left Sub-Gyral Occipital Lobe 19 4.07 -38 -52 -10 

Right Precuneus* 18 4.56 22 -52 58 

Left Sub-Gyral Occipital Lobe 14 3.95 -36 -66 -10 

Left Lingual Gyrus 13 4.03 -12 -70 -4 

Right Medial Frontal Gyrus 11 3.61 14 44 -18 

Left Lingual Gyrus, BA 18 10 4.09 -14 -82 -6 

Left Precuneus* 10 4.23 -20 -50 58 

B – interaction MD decrease (t0 vs t1) × (learning vs control condition) 

Left Fusiform Gyrus, Occipital Lobe 27 4.24 -32 -74 -14 

Right Precuneus 24 4.70 12 -54 44 

Left Middle Occipital Gyrus 23 4.40 -36 -80 16 

Right Lingual Gyrus, BA 18 15 4.33 20 -72 -4 

 

Regions listed exhibited significant peak voxel effects at puncorr<.001, (A) df=38, (B) df=32 and 

had a cluster size≥10. *Regions also listed significant peak-voxel-effects at pFDR<.05 in a ROI 

analysis of the anatomically defined precuneus. Peak voxel MNI coordinates X, Y and Z are given 

in mm. 
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Table S5. Learning-induced rapid and persistent microstructural changes.  

 
Region F1,32 p η2 tL(32) pL tC(32) pC 

A – short-term MD decrease (MNI space) 

Precuneus 6.55 .015 .170 3.61 .001 .42 .677 

Middle occipital gyrus 10.58 .003 .248 3.98 < .001 -.80 .433 

Fusiform Gyrus 5.25 .029 .141 3.84 .001 .70 .487 

Lingual Gyrus 7.62 .003 .192 3.18 .003 -.58 .568 

B – short-term MD decrease (native space) 

Precuneus 1.52 .227 .045 2.10 .044 .43 .672 

Middle occipital gyrus 3.61 .067 .101 2.08 .046 -.65 .519 

Fusiform Gyrus 8.37 .007 .207 2.40 .022 -1.13 .265 

Lingual Gyrus 5.32 .028 .142 1.95 .060 -1.18 .248 

C – long-term MD decrease 

Precuneus 7.04 .012 .180 2.12 .042 -.81 .427 

Middle occipital gyrus 6.02 .020 .158 1.87 .070 -1.18 .247 

Fusiform Gyrus 14.61 .001 .313 4.36 < .001 -.63 .536 

Lingual Gyrus 5.19 .029 .140 2.94 .006 -.11 .918 

 

Cluster statistics for the precuneus, middle occipital gyrus, fusiform gyrus and lingual gyrus 

display learning-induced rapid and persistent microstructural changes. Repeated-measures 

ANOVAs with the factors scan (t1/t2 vs t0) and condition (learning vs control), n=33. F-, p- and 

η2-values of the interaction effect, t- and p-values of the t-tests comparing scans within learning 

and control conditions. (A)+(C) MNI space, mean raw MD values of significant clusters. (A) 

Short-term interval t0-t1. (B) Short-term interval t0-t1, subject native space, median unsmoothed 

MD values of the whole anatomical gray matter regions corresponding to cluster labels from (A). 

(C) Long-term interval (t0-t2). 
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Table S6. Long-term learning-induced microstructural changes.  

 
Region n voxels Tpeak Xpeak Ypeak Zpeak 

A – MD decrease from t0 to t1 in the learning condition 

Left Lingual Gyrus, BA 18 121 4.65 -12 -84 -6 

Left Middle Occipital Gyrus 46 4.26 -36 -76 -8 

Left Inferior Occipital Gyrus, BA 18 30 4.03 -28 -88 -8 

Left Precuneus 30 4.56 -18 -58 46 

Right Cuneus 22 4.23 10 -84 10 

Right Medial Frontal Gyrus 21 4.27 12 52 24 

Left Fusiform Gyrus, Occipital Lobe, BA 18 20 4.07 -20 -98 -10 

Right Medial Frontal Gyrus, BA 32 20 3.95 10 12 44 

Left Middle Occipital Gyrus 19 4.19 -36 -82 18 

Left Fusiform Gyrus, Temporal Lobe, BA 37 18 4.63 -38 -50 -12 

Left Sub-Gyral Frontal Lobe 13 3.73 -20 28 -16 

Left Sub-Gyral Temporal Lobe 12 4.11 -54 -18 -22 

Right Fusiform Gyrus, Temporal Lobe 12 3.77 56 -46 -14 

Right Cerebellum, Culmen 12 4.42 20 -54 -8 

Left Sub-Gyral Frontal Lobe 12 3.88 -16 -16 62 

Right Fusiform Gyrus, Occipital Lobe 11 3.78 24 -70 -8 

B – interaction MD decrease (t0 vs t2) × (learning vs control condition) 

Right Fusiform Gyrus, Temporal Lobe, BA 37 41 3.84 54 -46 -14 

Left Parahippocampal Gyrus, Limbic Lobe 40 3.97 -22 -38 -12 

Right Middle Temporal Gyrus 39 3.86 60 -20 -16 

Right Parahippocampal Gyrus, Limbic Lobe, BA 19 38 3.7 28 -52 -4 

Left Cerebellum, Declive 36 3.34 -38 -68 -14 

Left Parahippocampal Gyrus, Limbic Lobe 30 3.51 -20 -56 -4 

Right Lingual Gyrus 27 3.23 16 -88 -6 

Right Lingual Gyrus 24 4.72 24 -52 8 

Left Precuneus 17 3.22 -20 -54 44 

Left Middle Occipital Gyrus 17 3.91 -38 -84 16 

Right Superior Frontal Gyrus 16 3.94 20 34 48 

Left Fusiform Gyrus, Temporal Lobe, BA 37 16 4.13 -38 -52 -12 

Left Fusiform Gyrus, Temporal Lobe, BA 20 14 3.39 -46 -38 -22 

Left Sub-Gyral Temporal Lobe 12 3.6 -52 -20 -22 

Right Superior Temporal Gyrus 11 3.3 60 -16 2 

Right Sub-Gyral Occipital Lobe 10 3.19 32 -66 -6 

Right Inferior Occipital Gyrus 10 3.62 34 -92 -6 

Right Parahippocampal Gyrus, Limbic Lobe 10 3.32 30 -28 -10 

Left Posterior Cingulate, Limbic Lobe 10 3.56 -8 -54 8 

Left Medial Frontal Gyrus 10 3.81 -16 60 -14 

Regions listed exhibited significant peak voxel effects at (A) puncorr<.001, df=38, (B) puncorr<.005, 

df=32 and had a cluster size≥10. Peak voxel MNI coordinates X, Y and Z are given in mm. 
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Table S7. Joint inference of short-term and long-term learning-induced microstructural 

changes.  

 
Region n voxels 1-ppeak Xpeak Ypeak Zpeak 

A – joint inference of short-term and long-term diffusion analyses and their interactions with control 

via non-parametric combination 

Left Precuneus 39 >.999  -16 -58 44 

Left Middle Occipital Gyrus 23 >.999  -36 -84 16 

n.a., Left Sub-Gyral Occipital Lobe 17 >.999  -38 -68 -12 

Left Cuneus 10 >.999  -8 -100 10 

B – joint inference of the short-term and long-term diffusion analyses via conjunction of the 

minimum statistic 

Left Precuneus 22 >.999  -18 -56 46 

Left Sub-Gyral Occipital Lobe 11 >.999  -38 -52 -10 

Left Lingual Gyrus 11 >.999  -12 -70 -4 

Left Lingual Gyrus, BA 18 10 >.999  -14 -82 -6 

 

Regions listed exhibited significant peak voxel effects at puncorr<.001, (A) df=38, (B) df=32 and 

had a cluster size≥10. Peak voxel MNI coordinates X, Y and Z are given in mm. n.a. = Peak voxel 

not assigned; if possible largest structure within cluster is reported instead, else nearest structure 

to peak voxel is reported. Maximum 1-p statistics are reported. 
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Table S8. Simultaneous learning-induced functional activity during recall and 

microstructural changes.  

 

Region n voxels 1-ppeak Xpeak Ypeak Zpeak 

A – joint inference of all three functional analyses (increase over runs, long-term stability, correlation 

with behavior) and short-term and long-term diffusion analyses and their interactions with control via 

non-parametric combination 

Left Precuneus 42 >.999  -20 -58 46 

Left Middle Occipital Gyrus 37 >.999  -38 -84 16 

B – joint inference of all three functional analyses (increase over runs, long-term stability, 

correlation with behavior) and short-term and long-term diffusion analyses via conjunction of the 

minimum statistic 

Left Precuneus 22 >.999 -18 -56 46 

 

Regions listed exhibited significant peak voxel effects at (A) full-volume corrected pFWE<.05, (B) 

puncorr<.001 and had a cluster size≥10. Peak voxel MNI coordinates X, Y and Z are given in mm. 

Maximum 1-p statistics are reported. 
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Table S9. Early subsequent memory effect in the hippocampus.  

 

Region n voxels Tpeak Xpeak Ypeak Zpeak 

Left Superior Temporal Gyrus 46 4.92 -38 6 -36 

n.a., Left Inferior Frontal Gyrus 21 4.84 -44 24 -24 

Right Cerebellum, Pyramis 18 4.82 26 -78 -36 

Left Superior Frontal Gyrus 15 4.70 -10 62 24 

Right Hippocampus 12 4.78 36 -24 -10 

 

Regions listed exhibited significant peak voxel effects at full-volume corrected pFWE<.05, df=491 

and had a cluster size≥10. Peak voxel MNI coordinates X, Y and Z are given in mm. n.a.: Peak 

voxel not assigned; if possible, largest structure within cluster is reported instead, else nearest 

structure to peak voxel is reported. 
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Movie S1. Encoding, recall and baseline conditions of the memory task. The first part of the 

video shows 3 of the 40 encoding trials. Paired items were shown successively for 2 s each with a 

short delay jittered between 0.4 – 0.6 s in-between. Participants were instructed to remember 

object and location associations of the pairs. The order of objects in a pair was also relevant, as 

every item belonged to two pairs, once as the first item (cherry followed by coins in trial 3) and 

once as the second item (hammer followed by cherry in trial 1). The second part of the video shows 

an example of the baseline task that occurred for 6-9 s every 60-90 s. Here, participants were 

instructed not to think about the task and to follow a moving fixation cross with their gaze. The 

eye movements induced by this task were similar to those during item presentation. The third part 

of the video illustrates the self-paced recall procedure: Participants were cued with the first item 

of a pair in its position and then used a button box to navigate a cursor to the location of the paired 

item. 



References and Notes 
1. J. L. McGaugh, Memory—a century of consolidation. Science 287, 248–251 (2000). 

doi:10.1126/science.287.5451.248 Medline 
2. P. W. Frankland, B. Bontempi, The organization of recent and remote memories. Nat. Rev. 

Neurosci. 6, 119–130 (2005). doi:10.1038/nrn1607 Medline 
3. C. Sestieri, G. L. Shulman, M. Corbetta, The contribution of the human posterior parietal 

cortex to episodic memory. Nat. Rev. Neurosci. 18, 183–192 (2017). 
doi:10.1038/nrn.2017.6 Medline 

4. S. Brodt, D. Pöhlchen, V. L. Flanagin, S. Glasauer, S. Gais, M. Schönauer, Rapid and 
independent memory formation in the parietal cortex. Proc. Natl. Acad. Sci. U.S.A. 113, 
13251–13256 (2016). doi:10.1073/pnas.1605719113 Medline 

5. T. Kitamura, S. K. Ogawa, D. S. Roy, T. Okuyama, M. D. Morrissey, L. M. Smith, R. L. 
Redondo, S. Tonegawa, Engrams and circuits crucial for systems consolidation of a 
memory. Science 356, 73–78 (2017). doi:10.1126/science.aam6808 Medline 

6. E. Lesburguères, O. L. Gobbo, S. Alaux-Cantin, A. Hambucken, P. Trifilieff, B. Bontempi, 
Early tagging of cortical networks is required for the formation of enduring associative 
memory. Science 331, 924–928 (2011). doi:10.1126/science.1196164 Medline 

7. S. Tonegawa, X. Liu, S. Ramirez, R. Redondo, Memory engram cells have come of age. 
Neuron 87, 918–931 (2015). doi:10.1016/j.neuron.2015.08.002 Medline 

8. B. A. Kuhl, J. Rissman, M. M. Chun, A. D. Wagner, Fidelity of neural reactivation reveals 
competition between memories. Proc. Natl. Acad. Sci. U.S.A. 108, 5903–5908 (2011). 
doi:10.1073/pnas.1016939108 Medline 

9. T. I. Brown, V. A. Carr, K. F. LaRocque, S. E. Favila, A. M. Gordon, B. Bowles, J. N. 
Bailenson, A. D. Wagner, Prospective representation of navigational goals in the human 
hippocampus. Science 352, 1323–1326 (2016). doi:10.1126/science.aaf0784 Medline 

10. R. Semon, Mnemic Psychology (G. Allen & Unwin Limited, 1923). 
11. S. A. Josselyn, S. Köhler, P. W. Frankland, Finding the engram. Nat. Rev. Neurosci. 16, 521–

534 (2015). doi:10.1038/nrn4000 Medline 
12. E. R. Kandel, The molecular biology of memory storage: A dialogue between genes and 

synapses. Science 294, 1030–1038 (2001). doi:10.1126/science.1067020 Medline 
13. S. Mori, J. Zhang, Principles of diffusion tensor imaging and its applications to basic 

neuroscience research. Neuron 51, 527–539 (2006). doi:10.1016/j.neuron.2006.08.012 
Medline 

14. Y. Sagi, I. Tavor, S. Hofstetter, S. Tzur-Moryosef, T. Blumenfeld-Katzir, Y. Assaf, Learning 
in the fast lane: New insights into neuroplasticity. Neuron 73, 1195–1203 (2012). 
doi:10.1016/j.neuron.2012.01.025 Medline 

15. S. Hofstetter, N. Friedmann, Y. Assaf, Rapid language-related plasticity: Microstructural 
changes in the cortex after a short session of new word learning. Brain Struct. Funct. 222, 
1231–1241 (2017). doi:10.1007/s00429-016-1273-2 Medline 

http://dx.doi.org/10.1126/science.287.5451.248
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=10634773&dopt=Abstract
http://dx.doi.org/10.1038/nrn1607
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=15685217&dopt=Abstract
http://dx.doi.org/10.1038/nrn.2017.6
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28209980&dopt=Abstract
http://dx.doi.org/10.1073/pnas.1605719113
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27803331&dopt=Abstract
http://dx.doi.org/10.1126/science.aam6808
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28386011&dopt=Abstract
http://dx.doi.org/10.1126/science.1196164
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=21330548&dopt=Abstract
http://dx.doi.org/10.1016/j.neuron.2015.08.002
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26335640&dopt=Abstract
http://dx.doi.org/10.1073/pnas.1016939108
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=21436044&dopt=Abstract
http://dx.doi.org/10.1126/science.aaf0784
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27284194&dopt=Abstract
http://dx.doi.org/10.1038/nrn4000
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26289572&dopt=Abstract
http://dx.doi.org/10.1126/science.1067020
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=11691980&dopt=Abstract
http://dx.doi.org/10.1016/j.neuron.2006.08.012
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=16950152&dopt=Abstract
http://dx.doi.org/10.1016/j.neuron.2012.01.025
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=22445346&dopt=Abstract
http://dx.doi.org/10.1007/s00429-016-1273-2
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27449063&dopt=Abstract


16. T. Blumenfeld-Katzir, O. Pasternak, M. Dagan, Y. Assaf, Diffusion MRI of structural brain 
plasticity induced by a learning and memory task. PLOS ONE 6, e20678 (2011). 
doi:10.1371/journal.pone.0020678 Medline 

17. J. Chen, Y. C. Leong, C. J. Honey, C. H. Yong, K. A. Norman, U. Hasson, Shared memories 
reveal shared structure in neural activity across individuals. Nat. Neurosci. 20, 115–125 
(2017). doi:10.1038/nn.4450 Medline 

18. A. Gonzalez, J. B. Hutchinson, M. R. Uncapher, J. Chen, K. F. LaRocque, B. L. Foster, V. 
Rangarajan, J. Parvizi, A. D. Wagner, Electrocorticography reveals the temporal 
dynamics of posterior parietal cortical activity during recognition memory decisions. 
Proc. Natl. Acad. Sci. U.S.A. 112, 11066–11071 (2015). doi:10.1073/pnas.1510749112 
Medline 

19. U. Rutishauser, T. Aflalo, E. R. Rosario, N. Pouratian, R. A. Andersen, Single-neuron 
representation of memory strength and recognition confidence in left human posterior 
parietal cortex. Neuron 97, 209–220.e3 (2018). doi:10.1016/j.neuron.2017.11.029 
Medline 

20. A. Akrami, C. D. Kopec, M. E. Diamond, C. D. Brody, Posterior parietal cortex represents 
sensory history and mediates its effects on behaviour. Nature 554, 368–372 (2018). 
doi:10.1038/nature25510 Medline 

21. R. L. Buckner, J. R. Andrews-Hanna, D. L. Schacter, The brain’s default network: Anatomy, 
function, and relevance to disease. Ann. N. Y. Acad. Sci. 1124, 1–38 (2008). 
doi:10.1196/annals.1440.011 Medline 

22. A. Gilboa, H. Marlatte, Neurobiology of schemas and schema-mediated memory. Trends 
Cogn. Sci. 21, 618–631 (2017). doi:10.1016/j.tics.2017.04.013 Medline 

23. J. R. Binder, R. H. Desai, The neurobiology of semantic memory. Trends Cogn. Sci. 15, 527–
536 (2011). doi:10.1016/j.tics.2011.10.001 Medline 

24. R. J. Zatorre, R. D. Fields, H. Johansen-Berg, Plasticity in gray and white: Neuroimaging 
changes in brain structure during learning. Nat. Neurosci. 15, 528–536 (2012). 
doi:10.1038/nn.3045 Medline 

25. T. Xu, X. Yu, A. J. Perlik, W. F. Tobin, J. A. Zweig, K. Tennant, T. Jones, Y. Zuo, Rapid 
formation and selective stabilization of synapses for enduring motor memories. Nature 
462, 915–919 (2009). doi:10.1038/nature08389 Medline 

26. K. K. Cowansage, T. Shuman, B. C. Dillingham, A. Chang, P. Golshani, M. Mayford, Direct 
reactivation of a coherent neocortical memory of context. Neuron 84, 432–441 (2014). 
doi:10.1016/j.neuron.2014.09.022 Medline 

27. J. W. Antony, C. S. Ferreira, K. A. Norman, M. Wimber, Retrieval as a fast route to memory 
consolidation. Trends Cogn. Sci. 21, 573–576 (2017). doi:10.1016/j.tics.2017.05.001 
Medline 

28. U. Hasson, J. Chen, C. J. Honey, Hierarchical process memory: Memory as an integral 
component of information processing. Trends Cogn. Sci. 19, 304–313 (2015). 
doi:10.1016/j.tics.2015.04.006 Medline 

http://dx.doi.org/10.1371/journal.pone.0020678
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=21701690&dopt=Abstract
http://dx.doi.org/10.1038/nn.4450
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27918531&dopt=Abstract
http://dx.doi.org/10.1073/pnas.1510749112
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26283375&dopt=Abstract
http://dx.doi.org/10.1016/j.neuron.2017.11.029
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29249283&dopt=Abstract
http://dx.doi.org/10.1038/nature25510
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29414944&dopt=Abstract
http://dx.doi.org/10.1196/annals.1440.011
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=18400922&dopt=Abstract
http://dx.doi.org/10.1016/j.tics.2017.04.013
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28551107&dopt=Abstract
http://dx.doi.org/10.1016/j.tics.2011.10.001
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=22001867&dopt=Abstract
http://dx.doi.org/10.1038/nn.3045
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=22426254&dopt=Abstract
http://dx.doi.org/10.1038/nature08389
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=19946267&dopt=Abstract
http://dx.doi.org/10.1016/j.neuron.2014.09.022
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25308330&dopt=Abstract
http://dx.doi.org/10.1016/j.tics.2017.05.001
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28583416&dopt=Abstract
http://dx.doi.org/10.1016/j.tics.2015.04.006
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25980649&dopt=Abstract


29. D. Tse, R. F. Langston, M. Kakeyama, I. Bethus, P. A. Spooner, E. R. Wood, M. P. Witter, 
R. G. M. Morris, Schemas and memory consolidation. Science 316, 76–82 (2007). 
doi:10.1126/science.1135935 Medline 

30. S. A. Harrison, F. Tong, Decoding reveals the contents of visual working memory in early 
visual areas. Nature 458, 632–635 (2009). doi:10.1038/nature07832 Medline 

31. J. P. Gavornik, M. F. Bear, Learned spatiotemporal sequence recognition and prediction in 
primary visual cortex. Nat. Neurosci. 17, 732–737 (2014). doi:10.1038/nn.3683 Medline 

32. M. Jenkinson, C. F. Beckmann, T. E. Behrens, M. W. Woolrich, S. M. Smith, Fsl. 
Neuroimage 62, 782–790 (2012). doi:10.1016/j.neuroimage.2011.09.015 Medline 

33. L. Xie, H. Kang, Q. Xu, M. J. Chen, Y. Liao, M. Thiyagarajan, J. O’Donnell, D. J. 
Christensen, C. Nicholson, J. J. Iliff, T. Takano, R. Deane, M. Nedergaard, Sleep drives 
metabolite clearance from the adult brain. Science 342, 373–377 (2013). 
doi:10.1126/science.1241224 Medline 

34. M. F. Glasser, S. N. Sotiropoulos, J. A. Wilson, T. S. Coalson, B. Fischl, J. L. Andersson, J. 
Xu, S. Jbabdi, M. Webster, J. R. Polimeni, D. C. Van Essen, M. Jenkinson; WU-Minn 
HCP Consortium, The minimal preprocessing pipelines for the Human Connectome 
Project. Neuroimage 80, 105–124 (2013). doi:10.1016/j.neuroimage.2013.04.127 
Medline 

35. D. K. Jones, T. R. Knösche, R. Turner, White matter integrity, fiber count, and other 
fallacies: The do’s and don’ts of diffusion MRI. Neuroimage 73, 239–254 (2013). 
doi:10.1016/j.neuroimage.2012.06.081 Medline 

36. O. Dietrich, J. G. Raya, S. B. Reeder, M. F. Reiser, S. O. Schoenberg, Measurement of 
signal-to-noise ratios in MR images: Influence of multichannel coils, parallel imaging, 
and reconstruction filters. J. Magn. Reson. Imaging 26, 375–385 (2007). 
doi:10.1002/jmri.20969 Medline 

37. M. N. Hebart, K. Görgen, J. D. Haynes, The Decoding Toolbox (TDT): A versatile software 
package for multivariate analyses of functional imaging data. Front. Neuroinform. 8, 88 
(2015). doi:10.3389/fninf.2014.00088 Medline 

38. C. L. Tardif, C. J. Gauthier, C. J. Steele, P.-L. Bazin, A. Schäfer, A. Schaefer, R. Turner, A. 
Villringer, Advanced MRI techniques to improve our understanding of experience-
induced neuroplasticity. Neuroimage 131, 55–72 (2016). 
doi:10.1016/j.neuroimage.2015.08.047 Medline 

39. T. Nichols, M. Brett, J. Andersson, T. Wager, J. B. Poline, Valid conjunction inference with 
the minimum statistic. Neuroimage 25, 653–660 (2005). 
doi:10.1016/j.neuroimage.2004.12.005 Medline 

40. A. M. Winkler, M. A. Webster, J. C. Brooks, I. Tracey, S. M. Smith, T. E. Nichols, Non-
parametric combination and related permutation tests for neuroimaging. Hum. Brain 
Mapp. 37, 1486–1511 (2016). doi:10.1002/hbm.23115 Medline 

41. K. J. Friston, W. D. Penny, D. E. Glaser, Conjunction revisited. Neuroimage 25, 661–667 
(2005). doi:10.1016/j.neuroimage.2005.01.013 Medline 

http://dx.doi.org/10.1126/science.1135935
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=17412951&dopt=Abstract
http://dx.doi.org/10.1038/nature07832
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=19225460&dopt=Abstract
http://dx.doi.org/10.1038/nn.3683
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=24657967&dopt=Abstract
http://dx.doi.org/10.1016/j.neuroimage.2011.09.015
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=21979382&dopt=Abstract
http://dx.doi.org/10.1126/science.1241224
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=24136970&dopt=Abstract
http://dx.doi.org/10.1016/j.neuroimage.2013.04.127
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=23668970&dopt=Abstract
http://dx.doi.org/10.1016/j.neuroimage.2012.06.081
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=22846632&dopt=Abstract
http://dx.doi.org/10.1002/jmri.20969
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=17622966&dopt=Abstract
http://dx.doi.org/10.3389/fninf.2014.00088
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25610393&dopt=Abstract
http://dx.doi.org/10.1016/j.neuroimage.2015.08.047
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26318050&dopt=Abstract
http://dx.doi.org/10.1016/j.neuroimage.2004.12.005
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=15808966&dopt=Abstract
http://dx.doi.org/10.1002/hbm.23115
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26848101&dopt=Abstract
http://dx.doi.org/10.1016/j.neuroimage.2005.01.013
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=15808967&dopt=Abstract


42. J. H. Steiger, Tests for Comparing Elements of a Correlation Matrix. Psychol. Bull. 87, 245–
251 (1980). doi:10.1037/0033-2909.87.2.245 

43. J. Lancaster, J. Summerlin, L. Rainey, C. Freitas, P. Fox, The Talairach Daemon, a database 
server for Talairach atlas labels. Neuroimage 5 (4 Part II),(1997). 

44. J. L. Lancaster, M. G. Woldorff, L. M. Parsons, M. Liotti, C. S. Freitas, L. Rainey, P. V. 
Kochunov, D. Nickerson, S. A. Mikiten, P. T. Fox, Automated Talairach atlas labels for 
functional brain mapping. Hum. Brain Mapp. 10, 120–131 (2000). doi:10.1002/1097-
0193(200007)10:3<120:AID-HBM30>3.0.CO;2-8 Medline 

45. R. S. Desikan, F. Ségonne, B. Fischl, B. T. Quinn, B. C. Dickerson, D. Blacker, R. L. 
Buckner, A. M. Dale, R. P. Maguire, B. T. Hyman, M. S. Albert, R. J. Killiany, An 
automated labeling system for subdividing the human cerebral cortex on MRI scans into 
gyral based regions of interest. Neuroimage 31, 968–980 (2006). 
doi:10.1016/j.neuroimage.2006.01.021 Medline 

46. H. Kim, Neural activity that predicts subsequent memory and forgetting: A meta-analysis of 
74 fMRI studies. Neuroimage 54, 2446–2461 (2011). 
doi:10.1016/j.neuroimage.2010.09.045 Medline 

47. A. Postma, R. P. Kessels, M. van Asselen, How the brain remembers and forgets where 
things are: The neurocognition of object-location memory. Neurosci. Biobehav. Rev. 32, 
1339–1345 (2008). doi:10.1016/j.neubiorev.2008.05.001 Medline 

48. D. E. Hannula, C. Ranganath, Medial temporal lobe activity predicts successful relational 
memory binding. J. Neurosci. 28, 116–124 (2008). doi:10.1523/JNEUROSCI.3086-
07.2008 Medline 

49. H. C. Bergmann, S. M. Daselaar, G. Fernández, R. P. Kessels, Neural substrates of 
successful working memory and long-term memory formation in a relational spatial 
memory task. Cogn. Process. 17, 377–387 (2016). doi:10.1007/s10339-016-0772-7 
Medline 

50. M. M. Gillis, S. Garcia, B. M. Hampstead, Working memory contributes to the encoding of 
object location associations: Support for a 3-part model of object location memory. 
Behav. Brain Res. 311, 192–200 (2016). doi:10.1016/j.bbr.2016.05.037 Medline 

51. A. Manelis, L. M. Reder, S. J. Hanson, Dynamic changes in the medial temporal lobe during 
incidental learning of object-location associations. Cereb. Cortex 22, 828–837 (2012). 
doi:10.1093/cercor/bhr151 Medline 

 

http://dx.doi.org/10.1037/0033-2909.87.2.245
http://dx.doi.org/10.1002/1097-0193(200007)10:3%3c120::AID-HBM30%3e3.0.CO;2-8
http://dx.doi.org/10.1002/1097-0193(200007)10:3%3c120::AID-HBM30%3e3.0.CO;2-8
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=10912591&dopt=Abstract
http://dx.doi.org/10.1016/j.neuroimage.2006.01.021
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=16530430&dopt=Abstract
http://dx.doi.org/10.1016/j.neuroimage.2010.09.045
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=20869446&dopt=Abstract
http://dx.doi.org/10.1016/j.neubiorev.2008.05.001
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=18562002&dopt=Abstract
http://dx.doi.org/10.1523/JNEUROSCI.3086-07.2008
http://dx.doi.org/10.1523/JNEUROSCI.3086-07.2008
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=18171929&dopt=Abstract
http://dx.doi.org/10.1007/s10339-016-0772-7
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27350001&dopt=Abstract
http://dx.doi.org/10.1016/j.bbr.2016.05.037
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27233825&dopt=Abstract
http://dx.doi.org/10.1093/cercor/bhr151
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=21709179&dopt=Abstract

	Science - Brodt et al - Fast track to the neocortex.pdf
	Science - Brodt et al - Suppl - Fast track to the neocortex.pdf
	SM-cover-Brodt
	References and Notes
	References and Notes





