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Associative memory enables the encoding and retrieval of relations between
different stimuli. To better understand its neural basis, we investigated
whether associative memory involves temporally correlated spiking

of medial temporal lobe (MTL) neurons that exhibit stimulus-specific
tuning. Using single-neuron recordings from patients with epilepsy
performing an associative object-location memory task, we identified the
object-specific and place-specific neurons that represented the separate
elements of each memory. When patients encoded and retrieved particular
memories, the relevant object-specific and place-specific neurons activated

together during hippocampalripples. This ripple-locked coactivity of
stimulus-specific neurons emerged over time as the patients’ associative
learning progressed. Between encoding and retrieval, the ripple-locked
timing of coactivity shifted, suggesting flexibility in the interaction between
MTL neurons and hippocampal ripples according to behavioral demands.
Our results are consistent with a cellular account of associative memory, in
which hippocampal ripples coordinate the activity of specialized cellular
populations to facilitate links between stimuli.

Associative memory is an essential cognitive function for everyday
life that allows us to learn and remember relations between differ-
ent stimuli'. Impairments in associative memory caused by aging and
memory disorders?’ are, thus, a growing problem for society, which
makes it important to identify its underlying working principles in
the brain. A large body of research has implicated the hippocampus
and neighboring medial temporallobe (MTL) regionsin the encoding
and retrieval of associative memories*?, but its neural foundations
remain far from understood. We thus aimed at elucidating possible
mechanisms underlying associative memory in the human MTL at
thessingle-celllevel. Given prior theories on temporally precise neural

bindingin perceptionand memory® %, we considered that the individual
stimuli contributing to particular associative memories are encoded
by separate sets of functionally specialized neurons and that these
neurons interact transiently when individuals encode and retrieve
the memories (Fig. 1a).

We examined this hypothesis on the neural basis of associative
memory inthe setting of object-location associations, which are par-
ticularly critical to behavioral functioning in everyday life by allowing
us to know where important items are located in our spatial environ-
ments. We specifically investigated whether the encoding and retrieval
of suchobject-location memories is correlated with the simultaneous
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Fig. 1| Hypothesis and associative object-location memory task.

a, lllustration of the hypothesis that human associative object-location memory
islinked to the coactivity of object cells and place cells during hippocampal
ripples. We propose that the coactivity is specific to pairs of object and place
cells that encode ‘associative information’, which are those cell pairs in which
thelocation of the preferred object of the object cell is inside the place field of
the place cell. b, Participants performed an associative object-location memory
task while navigating freely in a virtual environment. After collecting eight
different objects from their associated locations during an initial encoding
period, participants performed a series of test trials. At the beginning of each
test trial, after an inter-trial interval (‘ITI'), one of the eight objects was presented
(‘Cue’), which the participant placed as accurately as possible at its associated
location during retrieval (‘Retrieval’). Participants received feedback depending
ontheaccuracy of their response (‘Feedback’) and collected the then-visible
object fromits correctlocation (‘Re-encoding’). Insets show histograms of the
self-paced durations of retrieval (yellow) and re-encoding (green) periods. Black
vertical lines indicate mean durations. ¢, Example paths during retrieval (yellow)
andre-encoding (green) in one trial. Start, start location during retrieval. End,
end location during re-encoding. The participant’s response location is indicated
by astar.d, Left, memory performance during early versus late trials (median
split) showing that participants improved their memories over time (two-sided
paired t-test). Blue thick line indicates mean across sessions; thin lines indicate
session-wise data (black, sessions with single-neuron recordings). Right, memory
performance as a function of normalized time (two-sided Pearson correlation).
Black, mean across sessions; gray shading, +s.e.m. across sessions.

activation of object cells, which represent specific objects™'°, and place

cells, which code for particular spatial locations". We predicted that
these coactivations would occur in a temporally confined manner

during hippocampal high-frequency oscillations, termed ‘ripples*™,
which are considered important for synchronizing neural activity
across brain regions" 8, Such ripple-locked coactivity of object and
place cells could potentially underlie the encoding and retrieval of
associative object-location memories by inducing and (re)activating
synaptic connections between the object and place cells that represent
the different memory elements”. Inaddition, ripple-locked coactivity
of stimulus-specific neurons could elicit conjunctive memory repre-
sentations in downstream neurons that respond only to the unique
combination of all memory elements®* .

Previous studies in both animals and humans discovered that
hippocampalripples are relevant to various cognitive functions'> ',
Neural recordings in patients with epilepsy revealed that ripples cor-
relate with memory encoding, retrieval and consolidation” %, Rodent
studies demonstrated that ripples are linked to precisely organ-
ized multicellular activity in the service of learning, memory and
planning> ™. In particular, place cell sequences during hippocampal
ripples were found to reflect contiguous navigation paths* 2, show-
ingthatripple-locked single-neuron activity directly reflects behavior
in a spatiotemporally meaningful way. It has remained unknown,
however, whether hippocampal ripples also play a role in intercon-
necting functionally different types of neurons and whether they
could thus help binding different mental contents into associative
memories.

To investigate this idea, we conducted single-neuron and intrac-
ranial electroencephalographic (EEG) recordings from the MTL of
human patients with epilepsy performing an associative object-
location memory task in a virtual environment®. In line with our
hypothesis that human hippocampal ripples support the formation
andretrieval of associative memories by defining time windows for the
coactivity of stimulus-specific neurons, we show that object-specific
and place-specific neurons that represent the separate elements of
particular object-locationassociations activate together at moments
close to hippocampal ripples. These findings are consistent with the
ideathatripple-locked coactivity of stimulus-specific neurons provides
aneural mechanism for the formation and retrieval of associative
memories and, more broadly, constitutes a key property of information
processing in the human brain.

Results

Human hippocampal ripples and object-location memory

To study the neural mechanisms underlying human associative mem-
ory,werecorded single-neuron activity and intracranial EEG from the
MTL of patients with epilepsy (Methods, Supplementary Table 1 and
Supplementary Fig.1). During the recordings, participants performed
an associative object-location memory task in a virtual environment
(Fig. 1b,c). In this task’, participants encoded the locations of eight
different objects once during aninitial encoding period and then per-
formed a series of test trials that included periods for retrieving and
re-encoding the object-location associations. Each test trial started
with aninter-trial interval (ITI), followed by a cue period in which the
participant viewed one of the eight objects that they had encountered
duringinitial encoding. Then, in theretrieval phase, participants navi-
gated to the remembered location of this object and received feed-
back depending on their response accuracy. After feedback, in the
re-encoding phase, the object appeared inits correct location, and
participants traveled to this location, allowing them to update their
associative memory for this object-location pair. Thirty participants
contributed atotal of 41 sessions and performed 103 trials per session
on average (for detailed information on all statistics in the main text,
see Supplementary Table 2). They successfully formed associative
memories between the objects and their corresponding locations,
as their memory performance increased over the course of the task
(paired t-test: t(40) = —4.788, P < 0.001; Fig. 1d and Supplementary
Figs.2and 3).
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Fig.2|Ripplesinthe humanhippocampus. a, Location of an example bipolar
hippocampal channel (blue arrow). Blue circles, electrode contacts contributing to
the bipolar channel; orange circles, other contacts. b, Probability distribution of all
bipolar hippocampal channels, overlaid on the participants’ average MRIscan.

¢, MTL regions used for the recordings of LFPs and single-neuron activity.

d, lllustration of the two innermost electrode contacts of an intracranial

EEG macroelectrode with microelectrodes protruding fromits tip. e, Analysis
procedure for identifying ripples. Top to bottom: raw macroelectrode LFP;
macroelectrode LFP filtered in the 80-140-Hz ripple band; smoothed envelope

of theripple band macroelectrode LFP; and spectrogram of the macroelectrode
LFP. The power spectrum of each ripple event had to exhibit a global peak between
80 Hzand 140 Hz (white insetin bottom panel); otherwise, it was discarded
asafalse positive. f, Action potentials of two clusters from a microelectrode

simultaneously recorded with the macroelectrode data. g, Raw voltage trace of

an example hippocampal ripple (green) in the time domain (left) and its relative
power spectrogramin the time-frequency domain (right). Time O, ripple peak.

h, Grand average voltage trace of hippocampal ripples across all channels in the
time domain (left) and their power spectrogramin the time-frequency domain
(right). Ripples were first averaged per channel and then across channels. Voltage
traces are baseline corrected with respect to +3 saround the ripple peak. Error
bands, +s.e.m. Ripple power is shown as the relative change with respect to the
average power within 3 saround the ripple peak. Time O, ripple peak. i, Delta phase
locking (0.5-2 Hz) of hippocampal ripples. Black histogram, ripple-associated delta
phase for each channel. Gray histogram, delta phases of surrogate ripples. AMY,
amygdala; EC, entorhinal cortex; HC, hippocampus; PHC, parahippocampal cortex;
RC, relative change; RP, relative power; TP, temporal pole.

We identified human hippocampal ripples during the task by
examining local field potentials (LFPs) from bipolar macroelectrode
channels, which were located mostly in the anterior hippocampus
(Fig.2a-d and Supplementary Fig. 4). Following previous ripple detec-
tion algorithms?****, we recorded a total of 35,948 ripples across all

sessions (Fig. 2e-h). Preceding ripple detection, we conservatively
excluded interictal epileptic discharges (IEDs; Supplementary Fig. 5)
tohelpinterpret our ripples and ripple-related findings as physiologi-
cal®*. We characterized the identified ripples with regard to various
propertiesand confirmed that they reflected time periods with strongly
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Fig. 3 | Ripples in the human hippocampus are linked to behavioral state
and memory performance in an associative object-location memory task.
a, Ripple characteristics during the different trial phases (n = 62 channels). As
compared toITI periods, ripple rates were increased during cue periods and
reduced during retrieval, feedback and re-encoding periods (repeated-measures
ANOVA: P< 0.001). Ripple durations showed a similar patternas ripple rates
(P=0.046) but nosignificant post hoc comparisons. Ripple frequency was

not modulated by trial phase (P = 0.690). b, Correlations between ripple rates
and memory performance (n = 62 channels). For each channel, we computed
across-trial correlations between ripple ratesinagiven trial phase and memory
performance during the retrieval phase, and we tested the correlation values
against 0 across channels (two-sided ¢-tests with Bonferroni correction

for multiple comparisons). Increased ripple rates during cue periods were
associated with better memory performance in the subsequent retrieval
periods (P, = 0.038), and retrieval periods with poorer performance were
followed by increased ripple rates during subsequent re-encoding periods

(P.. < 0.001). ¢, Time-resolved ripple occurrence across all trials as a function
of absolute time relative to the onset (cue and feedback) or offset (ITI, retrieval
andre-encoding) of agiven trial phase (dashed vertical lines). Each dotis aripple
(colored dots, ripples during good-performance trials; gray dots, ripples during
bad-performance trials). Colored lines and shadings, ripple rates during good-
performance trials (‘good trials’; mean * s.e.m. across channels); gray lines and
shadings, ripple rates during bad-performance trials (‘bad trials’; mean + s.e.m.
across channels). Black shadings at top indicate time periods with significant
differences between good and bad trials (two-sided cluster-based permutation
tests: P<0.025).d, Correlations betweenripple rates and trialindex (n = 62
channels). We tested the correlation values against O afterward (two-sided ¢-tests
with Bonferroni correction). Ripple rates during feedback decreased over time
(P, =0.012). Box plotsina, b and d show center line, median; box limits, upper
and lower quartiles; whiskers, minimum and maximum; and points, outliers.
*Peorr. < 0.05 and **P,,. < 0.001.

elevated power at approximately 90 Hz (Fig. 2h and Supplementary
Fig. 6), consistent with previous human studies* ",

These periodic high-frequency events are presumably the
human homolog of rodent sharp-wave ripples, although their
overlap with human high gamma or broadband gamma activity**
and gamma or epsilon oscillations*?%, as well as their relation to
ripples in animals, is not yet clear®*. Because previous studies
suggested that ripples are more strongly phase locked to low-
frequency activity than gamma®, we examined the relation between
ripples and low-frequency (delta, 0.5-2 Hz) activity of the LFPs in
our data. We found that ripples were preferentially locked to a
mean delta phase of 34° (Rayleigh test: 2= 5.614, P= 0.003; Fig. 2i and
Supplementary Fig. 7). Thus, consistent with previous results™**’,
ripples in this dataset generally appeared at the descending phase of
hippocampal slow oscillations, which may have a role in triggering
theripples®.

We then asked how properties of hippocampal ripples related to
the participants’ behavioral state and memory performance in our
associative memory task (Fig. 3 and Methods). We observed that ripple
rates varied as a function of trial phase (Fig. 3a); thatincreased ripple
rates during cue periods were associated with better performance in
the subsequent retrieval periods (Fig. 3b,c); and that retrieval periods

in which participants showed poorer performance were followed by
increased ripplerates during re-encoding (Fig. 3b). These associations
between hippocampal ripples and behavior in our object-location
memory task extend previously established links between hippocam-
palripples and various memory processes in humans, which together
suggest that hippocampalripples are functionally important for encod-
ing and retrieving memories®* %%,

Neural signature of hippocampal ripples across the human
MTL

Hippocampal ripples are neural events with brain-wide effects that
are considered beneficial for establishing or strengthening synap-
tic connections (by means of Hebbian or other forms of synaptic
plasticity)™">*>**, We thus reasoned that hippocampal ripples could
support associative memory by triggering brain states in which oth-
erwise separate neural representations become linked. To assess the
general potential of awake hippocampal ripples to modulate neural
activity across the human MTL, we performed analyses to quantify
the effects of hippocampal ripples on single-neuron spiking and LFP
changesinvariousregions of the human MTL (temporal pole, entorhi-
nal cortex, amygdala, hippocampus and parahippocampal cortex;
Fig. 4 and Supplementary Figs. 8 and 9).
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Fig. 4 |Hippocampal ripples are associated with changes in LFP power

and firing rates across the human MTL. a, Cross-correlations between
hippocampal ripples and ripplesin extra-hippocampal MTL regions (temporal
pole, amygdala, entorhinal cortex and parahippocampal cortex). Blue and gray
numbers indicate the number of ipsilateral and contralateral channel pairs,
respectively. Time O, peak of hippocampal ripples. Cross-correlations are
smoothed with a Gaussian kernel of 0.2-s duration and normalized by z-scoring
cross-correlation values over time lags of +0.5 s. Shaded region, mean + s.e.m.
across channel pairs. Black shading at top indicates cross-correlations from
bothipsilateral and contralateral channel pairs significantly above O (one-sided
cluster-based permutation test: P < 0.05). b, Time-frequency-resolved LFP
power (z-scored relative to the entire experiment) in extra-hippocampal MTL
regions during hippocampal ripples. Power values are smoothed over time
with a Gaussian kernel of 0.2-s duration. Time O, ripple peak. Black contours,

significantly increased power; white contours, significantly decreased power
(two-sided cluster-based permutation tests: P < 0.025). ¢, Normalized LFP
power extracted from the time periods of hippocampal ripples and averaged
over time. Error bands, +s.e.m. d, Single-neuron firing rates (z-scored relative
to the entire experiment) in hippocampal and extra-hippocampal regions
during hippocampal ripples. Firing rates are smoothed over time witha
Gaussian kernel of 0.2-s duration. Error bands, +s.e.m. Blue and gray numbers
indicate the number of ipsilateral and contralateral neuron-ripple channel
pairs, respectively. Black shading at top indicates firing rates of ipsilateral and
contralateral pairs significantly above O (one-sided cluster-based permutation
test: P< 0.05). For region-specific and trial-phase-specific results, see
Supplementary Figs. 8 and 9. AMY, amygdala; CH, contralateral hemispheres;
EC, entorhinal cortex; HC, hippocampus; IH, ipsilateral hemispheres; PHC,
parahippocampal cortex; TP, temporal pole; X-Correlation, cross-correlation.

We first tested whether ripple events that appeared in extra-
hippocampal MTL regions were coupled to hippocampal ripples.
We identified ripples in extra-hippocampal MTL regions using the
same procedure as for hippocampal ripples and found that extra-
hippocampal MTL ripples occurred in temporal proximity with hip-
pocampal ripples using cross-correlation analyses (cluster-based
permutationtest: P< 0.001; Fig.4a and Supplementary Figs. 8band 9a).
High-frequency oscillatory events, therefore, seemto be synchronized
acrossthe humanMTL, in line with previous studies showing that hip-
pocampal ripples are temporally coupled to ripples in various other
brain areas"?*****, This interregional ripple coupling may help bind
separate groups of neurons together.

We also examined how hippocampal ripples related to brain
state changes as reflected in the power of LFP oscillations. Across
all macroelectrode channels in both ipsilateral and contralateral
extra-hippocampal MTL regions, we found that the normalized LFP
power at higher frequencies (>20 Hz) increased during hippocampal
ripples (cluster-based permutation test across extra-hippocampal
MTL channels ipsilateral to hippocampal ripple channels: P=0.018;
contralateral: P < 0.001). Inversely, normalized power at lower fre-
quencies decreased during hippocampal ripples (ipsilateral: P < 0.001;
contralateral: P< 0.001; Fig. 4b,cand Supplementary Figs. 8cand 9b).
These MTL-wide power changes were strongest at the moments when
hippocampal ripples occurred but started before and ended after
them (see also ref. 46). Given that increased high-frequency power
and decreased low-frequency power are indicators of elevated neu-
ronal excitation®, these results suggest that hippocampal ripples
are associated with an excitatory state of the human MTL and further
indicate that hippocampal ripples may support brain states suitable
forinducing and activating synaptic connections between otherwise
segregated neurons.

Inathird analysis of the large-scale effects of hippocampalripples,
we examined single-neuron spiking across the MTL at the moments
of hippocampal ripples. Across all 27 sessions with single-neuron

recordings, we recorded a total of 1,063 neurons across multiple
regions (Fig.2c,fand Supplementary Fig. 1), including temporal pole,
entorhinal cortex, amygdala, hippocampus and parahippocampal
cortex. Overall, neuronal firing rates increased when hippocampal
ripples occurred (cluster-based permutation test: P < 0.001), whereby
neuronal firing rates started to rise about 0.25 s before the rip-
ples peaked (Fig. 4d). This increased spiking during hippocampal
ripples was strongest for neurons in the hippocampus itself and
the amygdala but was also present in other regions (Supplemen-
tary Figs. 8d and 9c¢). Behavior-related analyses showed that ripple-
locked firing rate increases were similar across the different trial
phases and for varying levels of memory performance (Supplementary
Figs.9and 10).

Together, these results show that hippocampal ripples are asso-
ciated with broad changes in neural activity across the human MTL.
When hippocampal ripples occurred, there was an increased prob-
ability of ripple-like events in extra-hippocampal MTL regions; a shift
in LFP power from lower to higher frequencies in these regions; and
anincrease in MTL-wide neuronal spiking. Related long-range effects
of hippocampal ripples have been described in both animals and
humans™'®'%24¢_Through their excitatory effects, hippocampal rip-
ples may play a key role in the formation and retrieval of associative
memories by combining diverse patterns of neural activity from mul-
tiple regions, although studies with causal manipulations are needed
to further evaluate this hypothesis.

Neuronsin the human MTL are tuned to objects and locations
To examine whether ripples in the human hippocampus are linked to
synchronized activity of object-specific and place-specific cells during
associative memory processes, we next tested for these cell typesin our
data. Weidentified neurons as object cellsif they increased their firing
rates inresponse to a particular object®’, and we considered neurons
asplacecellsifthey activated when the participant was ata particular
spatial location in the virtual environment".
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Fig.5|Neuronsin the human MTL encode specific objects. a, Example
object cells. For each cell, from left to right: action potentials as density plot;
locations of the objects in the environment; absolute firing rates in response
to the different objects during the cue period (statistics are from one-sided
permutation tests, using a total of n =1,176, 660, 309 and 1,830 action potentials
duringall cue periods, respectively); time-resolved firing rates (baseline
corrected relative to —1sto O s before cue onset) for the preferred and the
unpreferred objects (error bands, +s.e.m.); and spike raster for all trials. Time
0, cue onset. Orange, data for the preferred object; gray, data for unpreferred
objects. Box plots show center line, median; box limits, upper and lower
quartiles; and whiskers, minimum and maximum. Black shading below the
time-resolved firing rates, significant difference between firing rates
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(one-sided cluster-based permutation test: P < 0.05). b, Distribution of object
cells across brain regions; red line, 5% chance level. Object cells were significantly
prevalentin the entorhinal cortex, parahippocampal cortex and temporal

pole (two-sided binomial tests versus chance with Bonferroni correction for
multiple comparisons: P,,,, <0.001, P,,,. <0.001and P, = 0.006, respectively).
¢, Distribution of significant time windows across object cells (mean + s.e.m.).

d, Tuning strength across object cells (mean + s.e.m.). Orange, data for the
preferred object; gray, data for unpreferred objects. e, Temporal stability of
object cell tuning. Red line, mean. f, Overlap between object and place cells. AMY,
amygdala; EC, entorhinal cortex; FG, fusiform gyrus; HC, hippocampus; PHC,
parahippocampal cortex; TP, temporal pole. **P,,. <0.01and ***P,,,. < 0.001.

Eachobject cellhad a particular ‘preferred object’in response to
which it activated most strongly during the cue period. For example,
the first object cell shown in Fig. 5a exhibited its highest firing when
the participant viewed object 7. We observed 120 object cells (11% of all
neurons; binomial test: P < 0.001; Supplementary Table 1), which were
most prevalentin the entorhinal cortex, parahippocampal cortex and
temporal pole (Fig. 5b). Object cellsactivated most strongly in response
totheir preferred object during the first second after cue onset (Fig. 5c);
their firing rates returned to baseline shortly after the object disap-
peared fromscreen (Fig. 5d); and their tuning curves were overall stable
over time (one-sample ¢-test: £(118) =10.387, P < 0.001; Fig. 5e). Most
object cells were ‘pure’ object cells in the sense that they did not also
meet the criteria for being place cells (81% of all object cells; Fig. 5f).

Eachplace cell activated preferentially when the participant was at
aparticular locationin the virtual environment (Fig. 6a). Over the past
decades, studies in rodents have provided ample evidence for such
place tuning in neurons of the hippocampus and surrounding brain
areas'*®, Across all neurons, we identified 109 place cells (10%; binomial
test: P<0.001) and found them at significant levels in several regions,
including the entorhinal cortex, hippocampus and parahippocampal
cortex (Fig. 6b), consistent with previous work®. The firing fields of
place cells were broadly distributed across the virtual environment

(Fig. 6¢-f), showing that all parts of the environment were neurally
represented. The cells’ firing rates were about 20% higher inside versus
outside the place fields (Fig. 6g), and their firing patterns were stable
over time (one-sample t-test: ¢(108) = 7.080, P < 0.001; Fig. 6h), indicat-
ing that spatial information was robustly encoded by the place cells of
our dataset. Place and object tuning was largely independent of each
other because place and object cells only marginally overlapped with
conjunctive cells, which exhibited significant place tuning solely dur-
ingtrials with one particular object (Supplementary Fig.11). Object and
place cells showed some variability with regard to different electrophysi-
ological properties and, accordingly, were present amongboth putative
pyramidal cells and putative interneurons (Supplementary Fig. 12).
Together, these results show that cells in the human MTL encoded
the separate elements of to-be-established and to-be-remembered
object-location memories in our task: object cells encoded individual
objects, and place cellsencoded particular spatial locations. This allowed
us tonext probe the coactivity of object and place cells during hippocam-
palripples as a potential neural correlate of associative memory.

Ripple-locked cellular coactivity and object-location memory
Having examined hippocampal ripples and stimulus-specific (object
and place) neurons separately, we next tested our principal hypothesis
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Fig. 6 | Neuronsinthe human MTL encode specific spatial locations.

a, Example place cells. For each cell, from left to right: action potentials as
density plot; navigation path of the participant through the environment
(gray line); smoothed firing rate map (unvisited areas are shown in white);
empirical ¢-statistic (red line) and surrogate t-statistics (gray histogram) from
two-sided unpaired t-tests (using atotal of n =1,329,1,177,3,995,10,111, 5,112,
3,066,96 and 3,776 action potentials, respectively); and color bar, firing rate.
b, Distribution of place cells across brain regions; red line, 5% chance level.
Place cells were significantly prevalent in the entorhinal cortex, hippocampus
and parahippocampal cortex (two-sided binomial tests versus chance with
Bonferroni correction for multiple comparisons: P, < 0.001, P,,,. = 0.034 and
P....<0.001, respectively). ¢, Spatial distribution of the place fields of all place
cells (in percent relative to the spatial distribution of the firing rate maps).

d, Histogram of place field sizes. Place field sizes are expressed in percent relative

to the sizes of the firing rate maps by dividing the number of spatial bins being
part of the place field by the number of spatial bins being part of the firing rate
map. Unoccupied spatial bins are ignored. Red line, mean. e, Histogram of place
field fractions that were next to the edges of the firing rate maps, quantifying the
peripherality of the place fields. Red line, mean. f, Histogram of the number of
objectsinside place fields. The number of objects inside empirical place fields
(top) is not increased as compared to surrogate place fields (bottom; two-sided
two-sample Kolmogorov-Smirnov test). Red line, mean. g, Firing rate of place
cellsinside versus outside the place fields (n = 109 place cells). Bars and error
bars show mean + s.e.m. Histogram at top shows the distribution of cell-wise
differences in firing rates inside minus outside the place fields (AFR). h, Temporal
stability of the firing rate maps of place cells; red line, mean. AMY, amygdala;

EC, entorhinal cortex; HC, hippocampus; PHC, parahippocampal cortex;

TP, temporal pole. *P,,,,. < 0.05and ***P,,,, < 0.001.

thatobject and place cells activate together during the same hippocam-
pal ripples when individuals form and retrieve associative memories
that link the separate elements that these neurons encode. We rea-
soned that coactivity during memory formation could facilitate syn-
aptic connections between the stimulus-specific neurons*~° (through
Hebbian or other forms of synaptic plasticity or as abyproduct of a
more fundamental process, such as neurotransmitter-dependent
upregulation of neuronal excitability'>>*>***) and that coactivity dur-
ingmemory retrieval could reflect their reciprocal activation through
their previously established synaptic connections.

We thus analyzed whether simultaneously recorded object and
place cells were active during the same ripples and performed this
analysis separately for ripples during retrieval and during re-encoding.
For each combination of an object cell, aplace celland aripple channel,
we computed coactivity scores between the two cells across ripples
that indicated how often both cells were (in)active during the same
ripples (where the coactivity scores controlled for the overall activity
level of both cells). We systematically and independently varied the
ripple-locked time bin for determining the underlying activity of both
cellsand thus obtained atwo-dimensional time-by-time coactivity map

for each cell pair. These coactivity maps showed the coactivity scores
in various time bins between —0.25 s and +0.25 s around the ripple
peaks (101 time bins; 100-ms duration per bin; 95% overlap between
neighboring bins), where high coactivity scores indicated consistent
across-ripple coactivations of both cellsin specific time windows rela-
tive to theripple peaks (Fig. 7a and Supplementary Fig. 13).

Based on our principal hypothesis (Fig. 1a), our analysis focused
on the ripple-locked coactivity of object and place cell pairs in which
the preferred object of the object cell was located inside the place
field of the place cell. Cellsin these ‘associative cell pairs’ represented
the different pieces of information that the participants were asked
to associate with each other (Fig. 7b). For retrieval periods, the loca-
tion of the preferred object of the object cell was defined by the par-
ticipant’s response locations, whereas, during re-encoding periods,
it was defined by the object’s true location. We hypothesized that
coactivations of associative object and place cells during retrieval
wouldindicate that the participant remembered a particular location
givenaspecific object, whereas their coactivations during re-encoding
would indicate that the participant aimed at (re)learning or updating
the correct location of a given object. Overall, we thus reasoned that
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the ripple-locked coactivity of associative cell pairs would be linked to
the encoding and retrieval of particular associative memories.

To evaluate the statistical significance of the coactivity for pairs
of object and place cells encoding associative information on each
trial, we designed a series of three complementary statistical tests
(Supplementary Fig.14). These tests contrasted the coactivity maps (1)
against chanceto see whether the cell pairs showed apositiveincrease
incoactivity; (2) against coactivity maps fromabaseline period to show
that the coactivity increases were specific to the timing of ripples; and
(3) against the coactivity maps of non-associative object and place
cell pairs (where the preferred object of the object cell was located
outside the place cell’s place field) to demonstrate that the coactivity
increases were uniqueto cell pairs representing the exact components
of associative memories. Together, these three tests provided robust
information about whether associative pairs of object and place cells
exhibited coactivity during hippocampalripples.

We first examined ripple-locked coactivity of associative object
cell-place cell pairs during retrieval (Fig. 7c-e and Supplementary
Figs.15a-cand16a). Across all retrieval periods, we found indications
of ripple-locked coactivity in associative cell pairs, as their coactivity
scores were significantly positive and significantly greater thanin con-
trol cell pairsthat did notencode associative information (cluster-based
permutation test versus chance: P < 0.001; versus non-associative cell
pairs: P< 0.001; Fig. 7c). The comparison against the coactivity maps
from the baseline period was not significant (P = 0.178), however, which
indicates thatripple-locked coactivity of object and place cells during
retrieval was not fully pronounced when estimated across the entire
task. We therefore performed this analysis separately for ‘early’ hip-
pocampalripples (thefirstn/2individual ripples per session, where n
isthe totalnumber of ripples per session) and ‘late’ ripples (the lastn /2
ripples per session), because we hypothesized that retrieval-related
coactivity would be expressed more strongly during late ripples,
after the participants had already formed associations between the
objects and their corresponding locations (Fig. 1d). Indeed, when
considering only late ripples, we found clear ripple-locked coactiv-
ity of object cell-place cell pairs representing associative informa-
tion, as the coactivity maps of these cell pairs were significant for
all three statistical tests (versus chance: P=0.004; versus baseline:
P=0.004; versus non-associative cell pairs: P=0.006; P values are
Bonferroni corrected for analyzing both early and late ripples; Fig. 7e).
Similarly strong effects were not present when considering early
ripples (versus chance: P=0.038; versus baseline: P= 0.884; versus
non-associative cell pairs: P=0.025; Bonferroni corrected; Fig. 7d),
which explains why ripple-locked coactivity during retrieval was not
fully pronounced when considering all ripples.

These findings demonstrate that ripples from later retrieval
periods were associated with coactivations in object and place cells
that represented associative information of to-be-retrieved associa-
tive memories. We assume that the synaptic connections between
object and place cells gradually developed over time, which is why
the ripple-locked coactivity of associative object and place cells was
notrobustly visible during early retrieval periods. Follow-up analyses
confirmed these results by showing that ripple-locked coactivity was
presentat the level ofindividual cell pairs (Supplementary Fig.17) and
that the same effects were also evident with another method for esti-
mating coactivity maps (Supplementary Fig. 18) or when considering
only the datafromfirst experimental sessions (Supplementary Fig.19).
Addingthe cue periods to the analysis resulted in qualitatively identical
ripple-locked coactivations as for retrieval phases alone (Supplemen-
tary Fig. 20a), indicating that similar ripple-related neural processes
occurred during cue and retrieval (although we did not have enough
datato examineripple-locked coactivity during cue periods alone).

When inspecting the coactivity maps, we observed that the
increased coactivations occurred at the moment of the ripple peaks
for object cells and slightly after the ripple peaks for place cells (Fig. 7e
and Supplementary Fig. 21a). This observation may have two implica-
tions: it may suggest that the neuronal connections are directed, such
thatobject cellsactivate slightly earlier than place cells, and it may also
indicate that hippocampal ripples can help trigger coactivations of
MTL neurons, in line with the broader idea that information propagates
from the hippocampus to extra-hippocampal regions during retrieval®.

Next, tounderstand the correlation betweenripple-coordinated
single-neuron activity and the formation of associative memories, we
examined ripple-locked coactivity of the object cell-place cell pairs
that represented associative information during the task’s re-encoding
periods (Fig. 7f~h and Supplementary Figs. 15d-f and 16b). Similar
to our retrieval-related results, we found indications of increased
coactivity in associative object cell-place cell pairs when consider-
ing ripples from all re-encoding periods, whereby the comparisons
against chance and non-associative cell pairs were significant, but the
comparison against the baseline period was not significant (versus
chance: P<0.001; versus baseline: P=0.064; versus non-associative
cell pairs: P< 0.001; Fig. 7f). Parallel to our coactivity analyses during
retrieval, we therefore examined re-encoding-related coactivations
separately for early and late ripples. Indeed, we found again that, when
only late ripples were considered, associative pairs of object and place
cells showed robust increases in coactivity that were significant for
all three statistical tests (versus chance: P< 0.001; versus baseline:
P=0.040; versus non-associative cell pairs: P<0.001; P values are
Bonferroni corrected for performing this analysis on both early and

Fig. 7| Ripple-locked coactivity of object and place cells during the retrieval
and formation of associative memories. a, Analysis of ripple-locked coactivity
of object and place cells (illustration). b, Example pairs of object and place cells
with associative and non-associative information. For both place cells, from left
toright: action potentials as density plot; smoothed firing rate map (unvisited
areas are shown in white); empirical ¢-statistic (red line) and surrogate ¢-statistics
(gray histogram) from two-sided unpaired t-tests (using a total of n = 5,755 and
2,127 action potentials, respectively); and color bar, firing rate. For both object
cells, from left to right: action potentials as density plot; locations of the objects
inthe environment; and absolute firing rates in response to the different objects
during the cue period (statistics are from one-sided permutation tests, using a
total of n=1,532 and 257 action potentials during all cue periods, respectively).
Orange, data for the preferred object; gray, data for unpreferred objects. Box
plots show: center line, median; box limits, upper and lower quartiles; and
whiskers, minimum and maximum. ¢, Coactivity maps estimated using all
ripples during retrieval periods, considering only trials in which the participant
isasked to remember the location of the preferred object of the object cell

andin whichthe participant’s response location isinside the place field of the
place cell. Left, comparison of the coactivity maps against chance (that s, 0).
Middle, comparison against baseline coactivity maps. Right, comparison against

coactivity maps estimated using ripples from trials in which the participant is
asked to remember the location of the preferred object of the object celland in
which the participant’s response location is outside the place field of the place
cell.d, Same asin cfor early retrieval-related hippocampal ripples. e, Sameasin ¢
for late retrieval-related hippocampal ripples. f, Coactivity maps estimated using
allripples from the re-encoding periods, considering only trials in which the
participantis asked to re-encode the correct location of the preferred object of
the object cell and in which the object’s correct location is inside the place cell’s
place field. Left, comparison of the coactivity maps against chance (that s, 0).
Middle, comparison against baseline coactivity maps. Right, comparison against
coactivity maps estimated using ripples from trials in which the participantis
asked to re-encode the location of the preferred object of the object celland in
which the object’s correct location is outside the place cell’s place field. g, Same
asinffor early re-encoding-related hippocampalripples. h, Same asin ffor late
re-encoding-related hippocampal ripples. White lines in c-h delineate significant
clusters based on one-sided cluster-based permutation tests, which control for
multiple comparisons and whose Pvalues are stated at the upper left (see the
main text and Supplementary Table 2 for Bonferroni-corrected Pvalues). AMY,
amygdala; FG, fusiform gyrus; pref., preferred.

Nature Neuroscience | Volume 27 | March 2024 | 587-599

594


http://www.nature.com/natureneuroscience

Article

https://doi.org/10.1038/s41593-023-01550-x

late ripples; Fig. 7h and Supplementary Figs. 17-19). In contrast, such
coactivations were not present for early re-encoding-related ripples
(versus chance: P=0.599; versus baseline: P=1; versus non-associative
cell pairs: P=0.235; Bonferroni corrected; Fig. 7g), which again explains
why ripple-locked coactivity during re-encoding was not fully pro-
nounced when measured across the entire session.

These results demonstrate that ripple-locked coactivity between
associative object and place cells occurred when participants
re-encoded object-location associations during later periods of the
task. During these later task periods, the participants were already

a Coactivity analysis procedure (illustration)
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familiar with the associations. We therefore propose that ripple-locked
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memories rather than to their initial formation®?. Extending this analy-
sistoboththere-encoding and their subsequentITI phases, we found
similar coactivations as for re-encoding phases alone (Supplementary
Fig.20b), suggesting that the neural activity during ITI phases extended
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the hippocampal ripples (Fig. 7h and Supplementary Fig. 21b), which
may relate to the propagation of information from extra-hippocampal
regions to the hippocampus during memory encoding.

To further investigate whether the distinction between early and
late ripples paralleled a distinction between ripples occurring before
versus after the initial formation of the object-location memories, we
estimated the time of strongest improvement in memory performance
foreachobject. Wereasoned that this time reflected the moment when
the object-location associations emerged initially. We then grouped
the ripples according to whether they occurred before or after this
time of strongest memory improvement. Ripple-locked coactivations
of object and place cells before and after initial memory formation
appeared very similar to their coactivity patterns during early and late
ripples, respectively (Supplementary Fig. 22). This suggests that the
coactivations during late ripples from bothretrieval and re-encoding
periods were (at least partly) dependent upon an initial formation of
the object-location associations.

Studiesinrodents highlighted the functional relevance of ripples
during immobility'*"*. We thus differentiated between ripples during
movement versus non-movement and examined whether the coactivity
effectsappeared preferentially during non-movement-related ripples.
As hypothesized, the increased ripple-locked coactivity between
associative object and place cells was driven by ripples during non-
movement periods (Supplementary Fig. 23). This indicates that the
relevance of ripples for human memory changes between different
movement states of the individual. Supplemental control analyses
showed that the neurons’brainregions and average firing rates were not
systematically related to their coactivity scores (Supplementary Fig.24).

Overall, these results provide empirical support for our principal
hypothesis that human hippocampal ripples are linked to coactivations
of stimulus-specific neurons (which represent particular objects and
locations in this study) during the formation and retrieval of associa-
tive memories.

Discussion

Associative memory allows us to learn and later retrieve links between
previously unrelated stimuli'. In this study, we conducted neural
recordings in patients with epilepsy performing an object-location
memory taskin a virtual environment to investigate possible roles of
stimulus-specific single neurons and hippocampal ripples for human
associative memory. Object-specific and place-specific neurons exhib-
ited correlated activity fluctuations during hippocampal ripples when
participants formed and retrieved associative object-location memo-
ries. This phenomenon of ripple-locked coactivity of stimulus-specific
neuronsis consistent with acellular account of how humansinterconnect
previously unrelated stimuliand how they recall astimulus from memory
after being cued with another stimulus. Hippocampal ripples may sup-
port these functions by binding distinct cellular populations together.

Neural mechanisms of associative memory

Different theories suggest explanations of how neural circuits encode
associative memories'®, Following the ‘conjunctive hypothesis’, the rel-
evant neural circuits may contain conjunctive representations as asub-
strate for associative memories, in which neurons encode the unique
combination of two or more stimuli*®. Such conjunctive neurons do not
respond tothe different stimuliinisolation but only when the stimuliare
encoded or retrieved together?* . In contrast, following the ‘coactiv-
ity hypothesis’, associative memories are enabled by stimulus-specific
neurons that encode theindividual elements of associative memories
and that coactivate temporarily when individuals encode or recall
these memories® . Coactivity during memory encoding would estab-
lish synaptic connections between the stimulus-specific neurons***°,
and coactivity during retrieval would reflect the mutual activation
of stimulus-specific neurons based on their previously established
synaptic connections.

Inline with the ‘conjunctive hypothesis’, several studies described
the existence of conjunctive cells in the MTL. In rodents, the spiking
of hippocampal neurons encodes particular object-location associa-
tions, and this conjunctive code strengthens with learning”. Neurons
in the monkey hippocampus change their firing when monkeys learn
particular scene-eye movement associations”, and, in humans, hip-
pocampal neurons seemto respond to unique combinations of several
stimuli®’. We obtained further evidence for conjunctive coding by
observing neurons that represented locations only during trials with
a particular object. These findings support the view that associative
memory is linked to conjunctive neural coding.

Here we provide empirical support for the ‘coactivity hypothesis’
ofassociative memory by identifying single-neuron representations of
the separate memory elements and by demonstrating how these sepa-
rate neural representations activate together at particular timepoints.
Specifically, our results show that stimulus-specific object and place
cells coactivate during hippocampal ripples when humans encode or
retrieve object-location associations. We found that this ripple-locked
coactivity was specific to object and place cells jointly representing
associative information, thatit was significantly expressed only during
later parts of the task and that it occurred mostly after initial mem-
ory formation had taken place. These results support the ‘coactiv-
ity hypothesis’ by indicating that cellular coactivations play arole in
human associative memory. Given that not only associative memories
require an interplay between different mental contents, we propose
that ripple-locked coactivations could be relevant to various cogni-
tive functions that involve transient interactions between otherwise
independent neural representations. For example, episodic memories
comprise event, time and place information and may, thus, rely on
transient interactions between concept cells containing semantic
information'®, time cells coding temporal information®® and spatially
modulated cells representing locations and directions®".

The ‘conjunctive hypothesis’ and the ‘coactivity hypothesis’ are
not mutually exclusive, and various other mechanisms, such as fan
cells in the lateral entorhinal cortex, may contribute to associative
memory as well (Supplementary Fig. 11). One possible scenariois that
neural activity in line with the ‘coactivity hypothesis’leads to the emer-
gence of neural activity proposed by the ‘conjunctive hypothesis’. For
instance, coactivity in object and place cells may induce conjunctive
object-place codingin downstream neurons, potentially with the help
of plateau potentials®*.

Hippocampal ripples and cognition

Previous work suggests that hippocampal ripples serve multiple
cognitive functions, including memory encoding, consolidation and
retrieval>™*, For example, findings in rodents demonstrated that the
suppression of sharp-wave ripples during post-training sleep impairs
spatial memory®, providing evidence for a role of ripples in memory
consolidation. Studies in humans showed that ripple rates increase
whenindividuals encode new memories*?*and when they freely recall
memories®***, implicating ripples in both memory encoding and
retrieval. Ripple-associated place cell sequences depict the animal’s
future paths through an environment, whichindicates that hippocam-
pal ripples help plan future behavior%3!,

In the present study, we extended the evidence for impor-
tant roles of hippocampal ripples in cognition by examining their
possible involvement in human associative memory. Specifically,
hippocampal ripples were associated with broad increases in neural
activity across the human MTL (Supplementary Fig. 8) and appeared to
define time windows for coactive spiking by stimulus-specific neurons
that represented different types of information. During the retrieval of
object-location memories, we observed this ripple-locked coactivity
when the participant was asked to recall the location of the preferred
object ofthe object celland in which the participant’s response location
wasinside the place field of the place cell. This resultimplicates human
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ripplesintheretrieval of associative memories and also supports their
implicationin planning future behavior, as the coactivity occurred on
trialsinwhich the participant’s response location, whichis thelocation
that the participant was heading to, was located inside the place field
ofthe place cell. As we observed significant coactivations only during
late ripples of each session, it suggests that participants first had to
establish some intuition about the locations of the different objects
before ripple-locked coactivity during retrieval could emerge.

Duringre-encoding periods of our object-location memory task,
we observed coactivity of object and place cellson trials when the par-
ticipant was asked to re-encode the correct location of the preferred
object of the object cell and when the correct location of the object
wasinside the place field of the place cell. This coactivity of object and
place cells during re-encoding may thus have helped the participants to
build or stabilize accurate associations between the different objects
and theirlocations, implicating ripplesin memory formation. Notably,
we again observed significant ripple-locked coactivity of object and
place cellsonly during late ripples of the recording sessions. We there-
fore propose that ripple-locked coactivity during re-encoding relates
more closely to the stabilization, updating or early consolidation of
associative memories rather than to their initial formation®">*°. The
differences among memory initialization, stabilization, updating and
early consolidation are not exactly defined, however, and hippocampal
ripples may be involved in all of these cognitive operations'. Future
studies may present individuals with various versions of a task that
differ with regard to their duration and complexity to clarify the exact
role of ripple-locked cellular coactivity for memory. Furthermore,
going beyond the correlational nature of our results, future studies
may manipulate ripple-locked coactivations to better understand to
what extent they are causally relevant.

Ourresults suggest that the ripple-locked timing of neuronal coac-
tivity shifts between behavioral states. During retrieval, the strongest
object cell-place cell coactivity occurred shortly after the hippocampal
ripple peaks, whereas, during re-encoding, the coactivations mainly
preceded them. This timing shift indicates some flexibility in the inter-
action between MTL neurons and hippocampal ripples and may poten-
tially reflect task-related changes in the direction of information flow
during hippocampal ripples. Ripples during retrieval may induce the
coactivity of stimulus-specific neurons and may support the propa-
gation of information from the hippocampus to extra-hippocampal
regions. Conversely, during re-encoding, ripples may be triggered by
stimulus-specific neuronal activity and may be involved ininformation
transfer from extra-hippocampal regions to the hippocampus. This
interpretation is speculative, however, and requires further investiga-
tion. Our finding of object cell-place cell coactivity starting before
hippocampal ripples is in line with results in rodents showing that
place cell sequences can start approximately 100 ms earlier than the
hippocampal ripple?**° and that the reactivation of brain-wide neural
representations of word pairs, faces and scenes emerges already approxi-
mately 100 msbefore hippocampalripplesin humans®*, This temporal
delayraises the question of whether hippocampalripples actually trigger
the (re)activation of stimulus-specific neural representations or whether
another mechanism—for example, the excitatory sharpwave**—isinfact
the trigger event for both the (re)activation of stimulus-specific neural
representations and the hippocampal ripples. Sharp waves, which rodent
studiestypically record fromthe CAlstratumradiatumduringripplesin
the stratum pyramidale™**, reflect the excitatory depolarization of the
apical dendrites of pyramidal cells and are presumably generated by the
hippocampal CA3 region when the suppression effects of subcortical
neuromodulatorsare removed®. Itis conceivable that sharp waves rather
thanripples arethe mesoscopicevents that drive cellular coactivations,
and further studies are required to understand whether ripple-locked
coactivity isbetter described as being triggered by sharp waves.

Anotherwayinwhichour study implicates hippocampalripplesin
human associative memory is by showing that ripple rates correlated

with the participants’ behavioral state and memory performance. Rip-
pleratesincreased during memory cues before good memory retrieval
and during re-encoding periods after poor memory retrieval. These
observations extend previous reports that hippocampal ripples are
important for the accurate encoding and retrieval of human memo-
ries?* 24 and help translate the functional role of ripples from the
rodent to the human brain®**. Of note, we recorded ripples solely from
the anterior hippocampus, and future studies are needed to investigate
whether ripplesin different parts of the human hippocampus have simi-
lar or different functional roles (Supplementary Fig. 6). Furthermore,
there is an ongoing debate whether the high-frequency events that
weand othersidentified as ‘ripples’are indeed the human homolog of
rodent ripples®. Their relation to and/or overlap with gamma oscilla-
tions™®, epsilon oscillations”, high gamma®, broadband gamma® and
pathological ripples”is non-trivial and requires further investigation
(Supplementary Fig. 6). As an attempt to ensure that the signals that
weidentified are trueripples, we required each event to exhibit amini-
mum ofthree cycles and aglobal peakinthe power spectrum that falls
into the ripple band. Despite these efforts, it may be that the ripples
inour study are broadband gamma events, which have been shown to
result from enhanced synaptic and spiking activity”. Future studies are
needed to better understand the diversity of human high-frequency
events. Moving forward, these insights may have clinical relevance,
as augmenting ripples* might be a target for improving cognitive
performance in patients with memory disorders.

Limitations of the study

It remains unclear whether ripple-locked coactivity hasacausalrolein
the formation of new synaptic connections between neuronal assem-
blies or whether it is a side effect of more fundamental processes.
Future studies may, thus, monitor modulatory brain systems, includ-
ing neurotransmitters (for example, glutamate), to test whether these
systemsare driving factors of ripple-locked coactivity. Given the known
effects of these neurotransmitters on neural excitability and plastic-
ity, it may be that they simultaneously enhance ripples and neuronal
activity, thus constituting the actual origin of strengthened synaptic
connections between stimulus-specific neurons that may underlie the
formation of new associative memories. It also remains elusive whether
ripple-locked coactivity reflects direct synaptic connections between
the participating object and place cells or whether it isabyproduct of
shared input to the hippocampal formation. Upstream mechanisms
of associative memory may activate both object and place cellsin a
temporally coordinated manner, resulting in coactivations between
these cell types without direct connections between them.

Other open questions arise from our computation of cellular
coactivationsinrelatively broad time windows of 100 ms. This temporal
resolutionoccupies anintermediate level between typical studies of syn-
aptic plasticity, in which cellular synchrony is estimated with millisecond
precisionusing, for instance, spike cross-correlations, and studies of cor-
related trial-to-trial fluctuations of neuronal activity (‘noise correlations’),
inwhich firingrates are usually estimated in second-long time windows*®.
Itremains unclear whether and how cellular coactivations at time scales
of <100 ms may support synaptic plasticity, as the time windows for
spike-timing-dependent plasticity are typically less than a few tens of
milliseconds™. To answer this question, it may be useful to consider the
possibility of a more relaxed time window for spike-timing-dependent
plasticity in humans®® and other forms of synaptic plasticity, including
behavioral time scale synaptic plasticity***.
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Methods

Experimental procedures were approved by the Ethics Committee
of the University of Freiburg in Freiburg im Breisgau, Germany, and
all participants provided written informed consent. Data collection
and analysis were not performed blinded to the conditions of the
experiment. No statistical methods were used to pre-determine sample
sizes, but our sample sizes are similar to those reported in previous
publications®*¢¢%,

Human participants

We tested n = 35 human participants, who were patients with epilepsy
undergoing treatment for pharmacologically intractable epilepsy at
the Freiburg Epilepsy Center in Freiburg im Breisgau, Germany. Of
these, five patients had to be excluded because of technical issues
(n=1); no hippocampal electrode contacts (n = 2); hippocampal chan-
nelsthatwere close to the resection border of a previous surgery (n =1);
and avery low number of ripples (n =1). This resulted in afinal sample
of n=30 patients (16 female; age range, 19-61 years; mean age + s.e.m.,
36 + 2 years), contributing a total of n = 41 experimental sessions with
intracranial EEG recordings including the left and/or right hippocam-
pus (n =62 hippocampal bipolar channels). For 20 of these 30 patients,
additional single-neuron recordings from various MTL regions were
available (n =27 sessions and n =43 hippocampal bipolar channels).
All participants were in the same experimental group and did not
undergo randomization. Participants were not compensated for their
participationinthe study. Further participantinformationis presented
inSupplementary Table 1.

Neurophysiological recordings

Participants were surgically implanted with intracranial depth elec-
trodes in the MTL for diagnostic purposes to isolate their epileptic
seizure focus for potential subsequent surgical resection. The exact
electrode numbers and locations varied across participants and
were determined solely by clinical needs. Electrodes were provided
by Ad-Tech. Macroelectrode recordings were performed at a sam-
pling rate of 2 kHz using a Compumedics system. Microelectrode
recordings were performed using Behnke-Fried electrodes (Ad-Tech)
at asampling rate of 30 kHz using a NeuroPort system (Blackrock
Microsystems). Each Behnke-Fried electrode contained abundle of
nine platinum-iridium microelectrodes with a diameter of 40 um
that protruded from the tip of the macroelectrode®** (Fig. 2d). The
first eight microelectrodes were used to record action potentials and
LFPs. The ninth microelectrode served as reference. Microelectrode
coverage included amygdala, entorhinal cortex, fusiform gyrus,
hippocampus, insula, parahippocampal cortex, temporal pole and
visual cortex. Temporal pole refers to a broader area in the anterior
temporal lobe, situated ventral and anterior to the amygdala and
entorhinal cortex.

Associative object-location memory task

Duringtheinvasive neural recordings, participants satin their hospital
bed and performed an associative object-location memory task in a
virtual environment on alaptop computer (Fig. 1), which was adapted
from previous studies®* ", Before performing the first task session,
participants had never been exposed to this task before. The fact that
they performed above chance already early during the task (Fig.1d) is
duetotheinitial encoding period in which they collected each object
from its correct location once, giving the participants a rough idea
where the objects were placed in the environment. The task was devel-
oped using Unreal Engine 2 (Epic Games).

During the task, participants first learned the locations of eight
everyday objects by collecting each object from its location once
(by running over it). The navigation path of an example participant
duringthisinitial encoding period is shownin Supplementary Fig. 3e.
This resulted in eight initial encoding events per session (one per

object-place association). On average, the initial encoding periods
had aduration of3.326 + 0.352 minutes (mean + s.e.m.; Supplementary
Fig. 3f). Because of the low number of initial encoding events (eight
per session) and the short duration of the initial encoding period, we
did not consider them as afocus of our analyses a priori. Basic analyses
onaverageripplerates during theinitial encoding period showed that
they were positively correlated with the average ripple rates during the
maintask (Pearson’s r=0.797, P< 0.001, n = 62 channels; Supplemen-
tary Fig. 3g) and that they were not significantly different from those
during the main task (paired t-test: t(61) = 0.760, P= 0.450). When we
analyzedtime-resolved ripple rates around theinitial encoding events,
we did not find significant ripple rate increases at particular moments
relative to these events (Supplementary Fig. 3h). This observation
is similar to the null effect toward the end of the re-encoding phase
(Fig. 3c) and may again result from the self-paced nature of the task,
due to which actual encoding processes may be less closely locked to
particular task events than in tasks that are temporally more tightly
controlled (for example, see ref. 25 for ripple rate increases when
individuals encoded novel pictures of faces or places).

After theinitial encoding period, participants completed variable
numbers of test trials depending on compliance. Each test trial started
withanITlof 3-5-s duration (uniformly distributed). Participants were
then shown one of the eight objects (‘cue’; duration of 2 s). During
the subsequent retrieval period (‘retrieval’; self-paced), participants
navigated to the remembered object location and indicated their
arrival with a button press. Next, participants received feedback on
the accuracy of their response using one of five different emoticons
(‘feedback’; duration of 1.5 s). The retrieved object then appeared in
its correctlocation, and participants collected it from there to further
improve their associative object-location memories (‘re-encoding’;
self-paced). Across all trials, the average duration of the retrieval peri-
ods was 13.415 + 0.218 s (mean * s.e.m.), and the average duration of
the re-encoding periods was 7.685 + 0.158 s (mean + s.e.m.). The par-
ticipants could use several different strategies to retrieve the locations
of the objects, including allocentric, egocentric and landmark-based
strategies’. The choice of this object-location memory task, including
self-paced navigation in a virtual environment, was guided by previ-
ous human single-neuron studies showing single-neuron responses
toobjects and spatial locations in different regions of the human MTL
(for example, see refs. 10,61). The task mimicked the setup of naviga-
tionstudiesinrodents that showed robust spatial codinginthe rodent
hippocampus and neighboring regions (for example, see ref. 48) and
gave the patients a sense of movement through space. Due to the
self-paced nature of the task, the task was engaging and presumably
enhanced the presence of neurons being tuned to different aspects
of the task. The use of emoticons as feedback may have strengthened
single-neuronresponsesinthe amygdala, which have previously been
showntobeinvolvedinintegrating spatial and motivational informa-
tion in monkeys®**’.

The virtual environment comprised agrassy plain withadiameter
of approximately 10,000 virtual units (vu), surrounded by a cylindrical
cliff. There were no landmarks within the environment. The background
scenery comprised a large and a small mountain, clouds and the sun.
All distal landmarks were rendered at infinity and remained stationary
throughout the task. Participants were asked to complete up to 160 tri-
alsbutwereinstructed to pause or quit the task whenever they wanted.
Participants navigated the virtual environment using the arrow keys of
thelaptop computer (forward, turnleft and turnright). Instantaneous
virtuallocations and heading directions (which areidentical to viewing
directions in our task) were sampled at 50 Hz. We aligned the behav-
ioral data with the macroelectrode and microelectrode data using
visual triggers, which were detected by a phototransistor attached
to the screen of the laptop computer. The phototransistor signal was
recorded together with the macroelectrode and microelectrode data
attemporal resolutions of 2 kHz and 30 kHz, respectively.
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General information on statistics

All analyses were carried outin MATLAB 2020b and 2021b (MathWorks)
using MATLAB toolboxes, the CircStat toolbox™ (version 1.21.0.0),
FieldTrip (version 20210614; http://fieldtriptoolbox.org)” and custom
MATLAB scripts.

Unless otherwise indicated, we considered results statistically
significant when the corresponding Pvalue fell below an alphalevel of
o =0.05. Analyses were two-sided, unless otherwise specified. Binomial
tests evaluated the significance of proportions of neurons relative to
a chance level of 5%, unless otherwise specified. Surrogate statistics
were one-sided to assess whether an empirical test statistic signifi-
cantly exceeded (or fell below) a distribution of surrogate statistics,
unless otherwise specified. The use of statistical tests with surrogate
statistics avoided the assumption of normality when evaluating signifi-
cance. When using parametric statistical tests, datadistributions were
assumed to be normal, but this was not formally tested. Correction for
multiple comparisons was applied when necessary. All cluster-based
permutation tests controlled for multiple comparisons across all rel-
evant data dimensions. If not otherwise specified, we plotted the fol-
lowinginformationinbox plots: median as center line; upper and lower
quartiles as box limits; minimum and maximum (after removing the
outliers) as whiskers; and outliers as points. Outliers wereidentified as
elements more than1.5interquartile ranges above the third quartile or
morethan1.5interquartile ranges below the first quartile.

Behavioral analysis

For each trial, we quantified the participant’s associative memory
performanceby calculating the Euclidean distance between the partici-
pant’sresponse locationand the object’s correctlocation (‘drop error’).
Drop errors were transformed into memory performance values by
ranking eachdrop error within adistribution of surrogate drop errors
(n=10"surrogate drop errors). Surrogate drop errors were generated
synthetically as the distances between the trial-specific correct object
location and random locations within the virtual environment. The
transformation into memory performance values accounted for the
factthat the possible range of drop errorsis smaller for objects located
inthe center ofthe virtual environment as compared to objects located
inthe periphery of the virtual environment®’%: For objects in the envi-
ronment center, the possible drop errors are in the range between
[0, r], whereas they are in the range between [0, 2 x r] for objects at
the boundary of the arena, where ris the arena radius. For objects
placed anywhere else inthe environment, the drop error is somewhere
between the ranges [0, r] and [0, 2 x r]. Using the transformation pro-
cedure, performance values are mapped onto a range between [0, 1],
irrespective of whether the associated objects are located in the center
or the periphery of the environment. A memory performance value
of 1 represents the smallest possible drop error, whereas a memory
performance value of O represents the largest possible drop error. A
givendrop error leads to higher memory performance values the closer
the correctobjectlocationis toward the boundary of the environment.
Supplementary Fig.2 shows anillustration of the procedure of convert-
ing drop errorsinto memory performance values using three examples
inwhichthe correctobjectlocationisin the center of the environment,
atits boundary or halfway between the center and the boundary.

To quantify performance increases within sessions, we computed
the changein memory performance between early and late trials (aver-
aged across trials), where early trials are trials 1to n/ 2 of a session;
late trials are the remaining trials; and n is the total number of trials.
We observed asignificantincreasein memory performance across all
participants and also when considering only participants with micro-
electrodes (Supplementary Table 2). We also estimated memory per-
formance values per normalized time bin (20 bins, averaged across
trials fallinginto a given normalized time bin) and calculated a Pearson
correlation between bin index and average memory performance
afterwards (averaged across sessions).

Intracranial EEG: pre-processing

Intracranial macroelectrode recordings were performed to identify
ripples on hippocampal channels and to examine the MTL-wide effects
of hippocampal ripples on LFPs. Signals were sampled at 2 kHz, and
initial recordings were referenced to a common surface EEG contact
(Cz). We visually inspected the data from each channel and removed
channels without reasonable signals (for example, because they were
located outside the brain). This resulted in a total number of 2,897
intracranial EEG channels across all 41 sessions (519 out of 3,416 chan-
nels were removed because of artifactual data).

To eliminate potentially system-wide artifacts or noise and to bet-
tersenserippleslocally, we thenapplied bipolar re-referencing between
pairs of neighboring contacts?**'"7>, After bipolar re-referencing, we
used band-stop filters to perform line noise removal at 50, 100, 150
and200 Hz (+2 Hz; two-pass 4th-order Butterworth filter) in Field Trip.
To remove time periods with ripple-like artifacts that were present on
the majority of all intracranial EEG channels, we computed the grand
average signal across allintracranial EEG channels®’*. This grand aver-
age signal was also band-stop filtered at 50, 100, 150 and 200 Hz to
remove line noise.

Intracranial EEG: electrode locations

Toidentify which bipolar channels were located inside the hippocam-
pus and could, thus, be used to detect hippocampal ripples, we visu-
ally inspected all hippocampal electrodes on the post-implantation
magnetic resonance imaging (MRI) scans (Supplementary Fig. 4).
Following the hippocampal segmentation in ref. 25, we assigned the
hippocampal bipolar channels to putative hippocampal subregions,
which suggested that most bipolar channels were located in CA1. We
similarly inspected allamygdala, entorhinal cortex, parahippocampal
cortexand temporal pole electrodes toidentify which bipolar channels
were located intheseregions (to examine the MTL-wide effects of hip-
pocampalripples). Thelocations of allbipolar channelsin the different
regions are displayed in Supplementary Fig. 8a.

To showasummary of all hippocampal bipolar channels, we deter-
mined the location of each macroelectrode channelin MNIspace using
PyLocator (http://pylocator.thorstenkranz.de/), following our previ-
ous procedure”, and estimated the location of each bipolar channel
as the mean of the MNI coordinates of the two contributing channels.
We display the distribution of all hippocampal bipolar channels as a
probability map on the group average MRl scan (Fig. 2b).

Intracranial EEG: IEDs

To reduce the probability that the detected ripples were a result of
IEDs”®, we identified IEDs before ripple detection using an automated
procedure, which we double-checked with visual inspection. We
automatically detected IEDs following previously established meth-
ods*?**, The raw data were filtered using a high-pass filter of 0.5 Hz
(two-pass Sth-order Butterworth filter) to remove slow-frequency
drifts and alow-pass filter of 150 Hz (two-pass 6th-order Butterworth
filter) in FieldTrip. A timepoint was considered belonging to an IED if
(1) itsamplitude exceeded four interquartile ranges above or below the
medianamplitude calculated across the entire recording; if (2) the gra-
dient to the next timepoint exceeded four interquartile ranges above or
below the median gradient; or if (3) the sum power across the frequen-
cies1-60 Hz (30 logarithmically spaced frequencies; time-frequency
decomposition using Morlet wavelets with seven cycles, followed by
taking the natural logarithm and frequency-specific z-scoring across
time) exceeded four interquartile ranges above the median sum power.
The rationale behind these criteria was that IEDs exhibit high ampli-
tudes, sharp amplitude changes and power increases across a broad
frequency range. We used interquartile ranges instead of standard
deviationstoreduce theinfluence of outliers. We inspected the output
of ourautomated IED detection, which appeared suitable for detecting
IEDs. Example IEDs are shown in Supplementary Fig. 5a.
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Intracranial EEG: relationship between IEDs and behavior
Toinvestigate systematic relationships between hippocampal IEDs and
behavior, we estimated the prevalence of IEDs per trial phase. Using a
repeated-measures ANOVA (dependent variable: IED prevalence, aver-
aged across trials; independent variable: trial phase; Tukey-Kramer
correction for multiple comparisons), we tested whether the occur-
rence of IEDs varied as a function of trial phase.

To understand whether IEDs were associated with memory per-
formance, we performed partial correlations between IED prevalence
and memory performance values across trials, separately for each trial
phase (controlling for trialindex and the interaction between memory
performance and trial index). We then computed one-sample ¢-tests
across channels to see whether the correlations were significantly
above or below 0, including Bonferroni correction for the number of
trial phases. Moreover, to test whether IEDs increased or decreased over
the course of the task, we performed partial correlations between IED
prevalence and trialindices across trials, separately for each trial phase
(controlling for memory performance and the interaction between
memory performance and trial index). To corroborate the results
from the partial correlations, we also computed linear mixed models
with IED prevalence as dependent variable and various independent
variables (Supplementary Table 3).

Intracranial EEG: ripples

We detected hippocampal ripples onbipolar channels of hippocampal
macroelectrodes. Ifaparticipant was implanted bilaterally, hippocampal
channels fromboth hemispheres were used for ripple detection. We first
ensured reasonable signals on each hippocampal ripple channel by visu-
allyinspecting the raw intracranial EEG traces during pre-processing. If
the signal of the most medial bipolar hippocampal channel did not have
sufficient quality (which was the case in five of the 62 hippocampal chan-
nels), we used the second-most medial bipolar hippocampal channel
forripple detection.In one participant, the hippocampal electrode was
implanted from posterior to anterior along the longitudinal axis of the
hippocampus—in this case, we selected the two most anterior hippocam-
palchannelsso that the resulting bipolar channel was located in a similar
hippocampal subregion asthe channels fromall other participants (that
is,intheanterior hippocampus). For each bipolar hippocampal channel,
we visually verified that it was located inside the hippocampus. Most
hippocampal channels were putatively located in the CAl region (Sup-
plementaryFig.4).Intotal, 62 hippocampal channels wereincluded (33
from the right hemisphere). Forty-three of these channels were from
participants with microelectrode recordings.

Ripple detection was preceded by a detection of IEDs (see above)
and ripple-like events in the grand average signal to exclude those
time periods fromripple detection. Toreduce the probability that the
detectedripples were aresult of artifacts, we conservatively excluded
+1saround each detected IED* and each timepoint that co-occurred
with aripple-like eventin the grand average signal.

Todetectripple candidates, wefiltered the raw LFP between 80 Hz
and 140 Hz (two-pass 4th-order Butterworthfilter) and computed the
instantaneous analytic amplitude within that band using a Hilbert
transform?*”*, We then smoothed the amplitudes using a smoothing
time window of 20 ms*. Timepoints with artifacts were excluded (that
is, set to NaNs) in the smoothed amplitude time series. Next, we com-
puted the mean and standard deviation of the smoothed amplitudes
across the entire recording and detected candidate ripple events as
time periodsin which the signal exceeded 2 standard deviations above
the mean®**"7, Each candidate event then had to fulfill additional cri-
teria to qualify as a putatively physiological ripple: (1) the peak of the
smoothed amplitude had to exceed 3 standard deviations above the
mean®*”%; (2) the duration had to last longer than 20 ms (ref. 25) and be
shorter than 500 ms?’; (3) the band-pass signal needed to have at least
three peaks and at least three troughs®’; and (4) the power spectrum,
computed for frequencies between 30 Hz and 190 Hz in steps of 2 Hz

(using Morlet wavelets with seven cycles) and divided by the power
spectrum estimated across the entire recording, had to exhibitaglobal
peak between 80 Hz and 140 Hz. Only candidate events that fulfilled
allthese criteria were considered as ripples.

Next, for eachripple, we extracted its peak time as the timepoint
atwhich the band-pass signal was highest. Ripple duration was defined
asthetimedifference between the start and end time of agivenripple.
The frequency of aripple was estimated based on the average tempo-
ral delay between the peaks and troughs in the band-pass signal. To
show the time domain signal, the frequency domain power spectrum
(2-200 Hzin steps of 4 Hz) and the time-frequency domain power spec-
trogram of theripples (2-200 Hzin steps of 4 Hz), we extracted the raw
LFPwithin +3 saround eachripple. Supplementary Fig. 6 shows various
ripple characteristics, including ripple rates, durations, frequencies,
power spectra and inter-ripple intervals.

To compare the putatively physiological ripples against an identi-
calnumber of ‘surrogate ripples’ (Fig. 2i and Supplementary Fig. 6), we
selectedarandomtimepoint within +60 s of each putatively physiologi-
calripple (excluding time periods with artifacts), whichwe denoted as
the peak time of the corresponding surrogate ripple™.

Intracranial EEG: delta phase locking of hippocampal ripples
To investigate whether ripples were locked to particular phases of
low-frequency oscillations™*, we filtered the hippocampalintracranial
EEG with atwo-pass finiteimpulse response (FIR) filter using MATLAB’s
designfilt and filtfilt functions (filter order, 8,000; lower cutoff fre-
quency, 0.5 Hz; upper cutoff frequency, 2 Hz). We then estimated the
phases of this delta band filtered data using a Hilbert transform. For
eachripple, we extracted its corresponding delta phase at the ripple
peak time and averaged the ripple-locked delta phases afterwards.
Across channels, we tested whether the average delta phases were
clustered using a Rayleigh test™.

To assess statistical significance of ripple-phase coupling, we com-
pared the empirical Rayleigh zvalue against 1,001 surrogate Rayleigh z
values, which we generated by performing the same steps as described
above with the only difference that the inter-rippleintervals were ran-
domly shuffled. We computed the Pvalue of the empirical Rayleigh z
value in comparison to the surrogate Rayleigh zvalues as P=1- rank,
where rank is the fraction of surrogate Rayleigh z values that were
smaller than the empirical Rayleigh zvalue. This analysis showed that
the deltaphase locking of empirical ripples was significantly stronger
thaninsurrogateripples with shuffled inter-ripple intervals (P= 0.017).
Toalso test whether the empirical average delta phases (one per chan-
nel) were different from the surrogate average delta phases (one per
channelineach of 1,001 surrogate rounds), we performed atwo-sample
Kuiper’s test’. This showed that the empirical preferred delta phases
were significantly different from the preferred delta phases of surro-
gateripples (Kuiper’s test: k =1,132,988.000, P= 0.001).

Intracranial EEG: extra-hippocampalripple detection

To characterize the MTL-wide effects of hippocampal ripples, we
detected ripples on bipolar channels from the amygdala, entorhinal
cortex, parahippocampal cortex and temporal pole using the same
procedure as for hippocampal ripples (see above). We then performed
cross-correlations between the ripple time series of agiven hippocam-
pal channel and the ripple time series of another channel (where each
rippletimeseriesis avector of zeros and ones, with values of 1indicat-
ingripple periods). We considered maximum time lags of +5 sbetween
both time series and used unbiased estimations of the cross correla-
tions by means of MATLAB’s ‘xcorr’ function. We smoothed the pairwise
cross-correlations with a Gaussian filter (kernel length of 0.2 s) and
z-scored the cross-correlations across time lags. To evaluate whether
the z-scored cross-correlations were significantly positive, we then
performedacluster-based permutation test against 0 across channels
(1,001 surrogates).
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In this cluster-based permutation test, we first applied a
one-sample t-test to the empirical data, separately for each time lag,
and identified contiguous clusters of time lags in which the uncor-
rected Pvalue of the t-test was significant (o = 0.05) and the t value was
positive. For each cluster, we computed an empirical cluster statistic
by summingup all tvalues that were part of that cluster (£.,ser-empirical)-
We then compared the empirical cluster statistics against surrogate
cluster statistics, which we obtained by inverting the sign of the
cross-correlation values of a random subset of the cross-correlation
series’, performing exactly the same steps as described above for the
empirical data and keeping only the maximum cluster statistic (result-
ingin 1,001 £,y cluster-surrogate Values). We considered an empirical cluster
statistic (fqyster-empirica) SigNificant if it exceeded the 95th percentile of
all surrogate maximum cluster statistics (£y,x.ciuster-surrogate)-

Intracranial EEG: LFP power during hippocampal ripples

To characterize the MTL-wide effects of hippocampal ripples, we com-
puted ripple-aligned time-frequency-resolved power spectrograms
in different MTL regions. Across the 41 sessions with macroelectrode
recordings, 400 combinations of electrodesin the left/right hippocam-
pus and electrodes in the left/right amygdala, left/right entorhinal
cortex, left/right hippocampus, left/right parahippocampal cortex
or left/right temporal pole were available (240 in ipsilateral and 160
in contralateral hemispheres). Forty-five macroelectrode channels
were located in the left amygdala (26 ipsilateral to their co-recorded
hippocampal channel), 48 in the right amygdala (29 ipsilateral), 11in
theleft entorhinal cortex (sevenipsilateral), 33 in the right entorhinal
cortex (21ipsilateral), 50 in the left hippocampus (29 ipsilateral), 54 in
theright hippocampus (33 ipsilateral), 33 in the left parahippocampal
cortex (18 ipsilateral), 31in the right parahippocampal cortex (20 ipsi-
lateral), 45in the left temporal pole (26 ipsilateral) and 50 in the right
temporal pole (3lipsilateral).

Foreachmacroelectrode channel, we computed the time-frequency
spectrogram across the entire recording (using Morlet wavelets with
sevencycles at 50 logarithmically spaced frequencies between1Hz and
200 Hz). Power values at timepoints with IEDs were excluded (that s, set
to NaN). Power values were then z-scored across time (using MATLAB’s
‘normalize’ function), separately for each frequency. Around each hip-
pocampalripple (3 s), we extracted the z-scored power values, averaged
acrossripplesineach channel and smoothed the average spectrograms
with a Gaussian filter across time (kernel length, 0.2 s). Spectrograms
werethentruncatedto+0.5 saround theripple peak timepoint. Next, we
averaged the z-scored power spectrograms across channels for depiction
and performed cluster-based permutationtests (1,001 surrogates) across
channels to statistically evaluate whether hippocampal ripples were
associated with significant changes in LFP power in other MTL regions.

In these cluster-based permutation tests, we first applied a
one-sample t-test to the empirical data, separately for each time-fre-
quency bin, and identified contiguous clusters of time-frequency bins
inwhichtheuncorrected Pvalue of the t-test was significant (a = 0.025).
For each cluster, we computed an empirical cluster statistic by sum-
ming up all £ values being part of that cluster (fqyscer-empirical)- We then
compared the empirical cluster statistics against surrogate cluster
statistics, which we obtained by flipping the sign of the power values
ofarandomsubset of the power spectrograms, performing exactly the
same steps as described above for the empirical data and keeping only
the maximum cluster statistic (resulting in 1,001 ¢,,,y.ciuster-surrogate VAlUES).
We considered an empirical cluster statistic (£ yseer-empirica) SigNificantif
itexceeded the 97.5th percentile or if it fell below the 2.5th percentile
of all surrogate maximum cluster statistics (¢,x.cluster-surrogate) - We Used a
first-level alpha of a = 0.025 (for identifying significant time-frequency
binsin the power spectrograms) and a second-level alpha of a = 0.025
(for identifying significant clusters of significant time-frequency
bins), because these cluster-based permutation tests tested for both
increases and decreases in power.

Intracranial EEG: relationship between hippocampal ripples
and behavior

Previous studies demonstrated that characteristics of hippocampal
ripples can vary between different cognitive tasks, between different
components of the same task and as a function of the participants’
behavioral performance”* 247>’ Hence, we aimed at understand-
ing whether hippocampal ripples were related to the participants’
behavioral state and memory performance in our object-location
memory task.

To test whether ripple characteristics varied as a function of trial
phase (thatis, ITI, cue, retrieval, feedback and re-encoding), we esti-
mated their rate, duration and frequency in each trial phase. We then
tested for significant associations betweenripple characteristics and
behavior using repeated-measures ANOVAs (dependent variable: rip-
ple characteristic, averaged across trials; independent variable: trial
phase; Tukey-Kramer correction for multiple comparisons) and linear
mixed models (Supplementary Tables 4 and 5). In line with previous
results®?, ripple rates were increased during the ITland cue periods,
when participants rested and viewed pictures of the objects that cued
them to remember particular locations in the environment, respec-
tively (repeated-measures ANOVA: F, ,,, =19.942, P < 0.001; post hoc
comparisons between ITI and retrieval, feedback or re-encoding: all
Prikey-kramer < 0.024; post hoc comparisons between cue and retrieval,
feedback or re-encoding: all Pryyey-iramer < 0.001; Fig. 3a). Ripple dura-
tions showed a similar modulation pattern (repeated-measures
ANOVA: F, 535 =2.463, P=0.046; Fig. 3a), but post hoc comparisons
were non-significant (all Pryyey—ramer > 0.138). Ripple frequency was not
modulated by trial phase (repeated-measures ANOVA: F, 5, = 0.562,
P=0.690; Fig. 3a). These results demonstrate that the rate of human
hippocampal ripples changed with the participants’ behavioral state
in our associative object-location memory task.

We next examined the memory relevance and temporal stability of
hippocampalripplerates. Totest whether ripple rates were correlated
with memory performance, we computed a partial correlationbetween
trial-wise ripple rate and memory performance for each channel, sepa-
rately for eachtrial phase (controlling for trialindex and the interaction
between memory performance and trial index). Across channels, we
thentested whether the correlation values were significantly different
from O using one-sample t-tests including Bonferroni correction for the
number of trial phases. During the cue period, ripple rates correlated
positively with memory performance—that is, with more frequent
ripples predicting better memory performance in the subsequent
retrieval period (one-sample t-test against O: £(60) = 2.763, P=0.038,
Bonferroni corrected for five tests; Fig. 3b). During re-encoding, ripple
rates correlated negatively with memory performance, meaning that
higher ripple rates followed memory responses with lower memory
performance (one-sample ¢-test against 0: £(60) = —4.181, P< 0.001,
Bonferroni corrected for five tests; Fig. 3b). This result implicates
hippocampal ripples in the formation, or updating, of associative
memories as participants corrected/updated their memories by view-
ingtheobjectsintheir true locations during the re-encoding periods.

Wealso tested whether ripple rates were associated with trialindex
(that is, time within the task) using partial correlations as described
above for memory performance (controlling for memory performance
and the interaction between memory performance and trial index).
Thisshowed thatripplerates were largely stable across the course of the
experiment, with a decrease of ripples over time during the feedback
period (one-sample t-test against 0: £(59) = -3.178, P= 0.012, Bonferroni
corrected for five tests; Fig. 3d).

To corroborate these results from the partial correlations (Fig. 3),
we performed follow-up analyses using linear mixed models where we
also controlled for the trial-wise prevalence of artifacts and obtained
qualitatively identical results (Supplementary Tables 4 and 5). Inthese
linear mixed models, ripple rates were entered as the dependent varia-
ble,and memory performance, trialindex and trial phase were modeled
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as fixed effects. We included channel index as a random effect. In the
second linear mixed model (Supplementary Table 5), the trial-wise
and phase-wise prevalence of artifacts (that is, IEDs and ripple-like
events in the grand average signal) was included as a covariate. Both
linear mixed models showed that ripple rates were higher during the
cue period and lower during the retrieval, feedback and re-encoding
periods as compared to the ITI period. As compared to the ITI period,
ripple ratesand memory performances were more positively correlated
with eachother during the cue period and more negatively correlated
with each other during the re-encoding period. Furthermore, ripple
rates during the cue period and the feedback period decreased with
increasing trialindex.

To describe the time course of ripple rates during the trial phases,
we computed peristimulus time histograms for the occurrence of ripples
relative to thestartand end time of the different trial phases (thatis, rela-
tive to the start for the cue and the feedback periods and relative to the
endforthelTl, retrieval and re-encoding periods). For each hippocampal
ripple channel, we computed the time course of instantaneous ripple
rates during trials with good memory performance and bad memory
performance (based on a median split of each participant’s memory
performance values) and used two-sided cluster-based permutation
testsinFieldTrip to evaluate whether time-resolved ripple rates changed
during particular periods of the different trial phases between trials with
good versus bad memory performance. Although the ITI, retrieval and
re-encoding periods had variable durations across trials, we restricted
our analysis of their time-resolvedripple ratesto-3 sto+1 srelativetothe
end ofthese periodsto examineripple ratesasafunction of absolute time.

These time-resolved analyses showed that, during the cue period,
the differenceinripple rates between good and bad trials (defined by
amediansplit of each participant’s memory performance values) was
strongest at 1.162-1.470 s after cue onset (cluster-based permuta-
tion test: £ ,er = 1,023.281, P=0.011), whereas the difference during
re-encoding was broadly distributed over time (Fig. 3c). Ripple rates did
not correlate with memory performance during the retrieval period,
and ripple rates did not increase at a fixed interval before successful
retrieval (Fig. 3b,c), which is presumably a result of the self-paced
nature of the task.

These findings demonstrate that the rate of human hippocam-
pal ripples is associated with the participants’ behavioral state and
memory performance in our associative object-location memory
task. Increased ripple rates during the cue period preceded the suc-
cessful retrieval of associative memories, whichimplicates hippocam-
pal ripples in retrieval processes. Increased ripple rates during the
re-encoding period followed the unsuccessful retrieval of associative
memories, suggesting an additional role for hippocampal ripples in
establishing or updating associative memories. These observations
thus extend the previously established links between hippocampal
ripples and memory processes in awake humans?» 28417374,

Single-neuron recordings: spike detection and sorting
Neuronal spikes were detected and sorted using Wave_Clus 3 (ref. 76).
We used default settings with the following exceptions’: ‘template_
sdnum’ was set to 1.5 to assign unsorted spikes to clusters in a more
conservative manner; ‘min_clus’ was set to 60 and ‘max_clus’ was set
to 10 to avoid over-clustering; and ‘mintemp’ was set to 0.05 to avoid
under-clustering. All clusters were visually inspected and judged based
ontheir spike shape andits variance, inter-spike interval (ISI) distribu-
tion and the presence of a plausible refractory period. If necessary,
clusters were manually adjusted or excluded. Spike waveforms are
shown as density plots in all figures. Spike times were aligned to the
macroelectrode time axis using the trigger timestampsto investigate
the relationship of single-neuron activity to events in the macroelec-
trode and behavioral data.

Intotal, we identified n =1,063 clusters (also referred to as ‘units,
‘neurons’ or ‘cells’ throughout the manuscript) across 27 experimental

sessions from 20 participants who had microelectrodes implanted.
We localized the tips of the depth electrodes to brain regions based
on post-implantation MRI scans to assign neurons recorded from the
corresponding microelectrodes to these regions (forexample, Supple-
mentary Fig.1). Werecorded n =340 neurons fromthe amygdala, n =214
neurons from the entorhinal cortex, n = 24 neurons from the fusiform
gyrus, n=213 neurons from the hippocampus, n =2 neurons from the
insula, n =126 neurons from the parahippocampal cortex, n =135 neu-
rons from the temporal pole and n =9 from the visual cortex. Due to
low numbers of neuronsin fusiformgyrus, insulaand visual cortex, we
excluded theseregions from region-specific analyses. Fourteen micro-
electrode participantsin this study were also part of a previous study’.

Forrecording quality assessment (Supplementary Fig. 1), we cal-
culated the number of units recorded on each microelectrode (for
all microelectrodes with at least one unit); the ISI refractoriness of
each unit; the mean firing rate of each unit; and the waveform peak
signal-to-noise ratio (SNR) of each unit’. The ISl refractoriness was
assessed as the percentage of ISIs with a duration of <3 ms. The wave-
formpeak SNR was determined as SNR = A, /SD,,ise, Where A, is the
absolute amplitude of the peak of the mean waveform, and SD,,.. is
the standard deviation of the raw data trace (filtered between 300 Hz
and 3,000 Hz).

Single-neuron recordings: neuronal activity during
hippocampalripples

We were interested in understanding how the firing rates of neurons
invarious MTL regions behaved during hippocampalripples (Fig. 4d).
Thus, in participants with single-neuron recordings, we computed
instantaneous firing rates across the entire experiment (smoothed with
a Gaussian filter with a kernel length of 0.2 s) and z-scored the firing
rates across time. We then extracted the smoothed and z-scored firing
rates during +3 s relative to the hippocampal ripple peak timepoints
and averaged across ripples afterward (separately for each neuron-
ripple channel combination).

To test whether neuronal firing rates were significantly elevated
during hippocampalripples, we performed cluster-based permutation
tests (1,001 surrogates). In these cluster-based permutation tests, we
first performed a one-sample ¢-test against O, separately for each time
bin. We then identified contiguous clusters of time bins with uncor-
rected Pvalues of P< 0.05and calculated the sum ¢ value for each cluster
(t.1uster-empiricar) - TO Create surrogate cluster statistics, we inverted the
sign of arandom subset of the neuronal firing rates 1,001 times. Using
each set of surrogate data, we performed exactly the same steps as
described above (time bin-wise one-sample ¢-tests against O; identifi-
cation of contiguous clusters of time bins with uncorrected P values
of P<0.05; and calculation of the sum ¢ value for each cluster). Ineach
surrogate round, we kept the maximum sum ¢ value (,x.cluster-surrogate) -
We then considered £ ser-empirical Significant if it exceeded the 95th
percentile of all £,,,xciuster-surrogare Values. We separately tested for sig-
nificantly elevated neuronal firing rates during hippocampal ripples
depending on the regions in which the neurons were located
(Supplementary Fig. 8d).

We also examined the ripple-associated firing rates in different
trial phases, separately for trials with good or bad memory perfor-
mance (Supplementary Fig. 10). We tested whether the ripple-locked
firing rates were significantly different between trials with good
versus bad memory performance using cluster-based permutation
tests (1,001 surrogates) in FieldTrip”, by calculating surrogate clus-
ter statistics based on surrogate data that we created by randomly
re-assigning ripple-locked firing rates to trials with good or bad mem-
ory performance.

Single-neuron recordings: object cells
We designed the analysis of object cells to identify neurons that exhib-
ited significant firing rate increases inresponse to one particular object
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during the cue period. Hence, each object cell had to fulfill two criteria.
(1) The absolute average firing rates during cue periods with the cell’s
‘preferred’ object had to be significantly higher than the absolute aver-
age firing rates during cue periods with the other, ‘unpreferred’ objects.
(2) Thetime-resolved firing rates during cue periods with the preferred
object had to exhibit a significant cluster of timepoints in which the
relative firingrates (relative to al-s baseline period immediately before
the onset of the cue period) were significantly higher than during trials
withthe unpreferred objects. We used criterion (2) in addition to crite-
rion (1) to ensure that the cell’s preferred object was associated with a
circumscribed firing rate increase during the cue period.

To evaluate criterion (1), we performed the following steps. We
computed the average firing rate of the cell during each cue period;
we designated the object with the highest grand average firing rate as
the ‘preferred object’; we performed a two-sample ¢-test between the
average firingrates from cue periods with the preferred object versus
the average firing rates from cue periods with the unpreferred objects
(Eempirical); We created 1,001 surrogate statistics (£grogae) by performing
the previous steps on randomly shuffled average firing rates (breaking
up the assignment between average firing rates and object identity);
and wethen considered a cell as fulfilling criterion (1) if ., piics €Xceeded
the 95th percentile of ¢, ogate-

To evaluate criterion (2), we performed the following steps. We
computed the time-resolved firing rates of the cell during each cue
period (temporal resolution, 0.01's; smoothing with a Gaussian filter
withakernellength of 0.5 s); we baseline corrected the time-resolved
firing ratesrelative toal-sbaseline period (immediately preceding the
onset of the cue period); and we then used a cluster-based permutation
testin FieldTrip” to examine whether there was a time window during
the cue period in which the baseline-corrected, time-resolved firing
rates were significantly higher during cue periods with the preferred
objectascomparedto cue periods withthe unpreferred objects (1,001
surrogates; one-sided a = 0.05). We thenlabeled aneuron as an object
cellif both criteria were fulfilled. The cells’ preferred objects are indi-
cated by orange color in all object cell-related figures.

To characterize object cells in greater detail (Fig. Sb-e), we cal-
culated the percentage of object cells in the different MTL regions. To
further understand their tuning, we calculated the sum of all significant
time windows across object cells and their average time-resolved firing
ratesinresponseto the preferred and unpreferred objects. To examine
the temporal stability of their tuning, we estimated each object cell’s
time-resolved firing rate in response to the cell’s preferred object in
the first and second half of the dataand then compared the two tuning
curves using a Pearson correlation across time. We present the results
regarding the tuning strength and temporal stability of object cells
mainly for illustration purposes because these analyses are not fully
independent from our procedure of identifying the object cells.

Single-neuron recordings: place cells
We designed the analysis of place cells to identify cells that exhib-
ited significant firing rate increases when the participant was at a
particular location of the virtual environment. Similar to previous
single-neuronstudiesin humans®***%>777° thefiring rate profiles of our
human place cells were less specific than those of place cellsin rodent
studies, which is why human place cells are sometimes referred to as
‘place-like cells””. Our analysis nevertheless ensured that our human
place cells exhibited distinct place fieldsin the virtual environmentin
which the cells’ firing rates were significantly higher thanin the other
parts of the environment. The weaker spatial tuning of human place
cellsis presumably due to several different reasons, including the fact
that the patients with epilepsy did not physically navigate but, rather,
performed virtual navigation.

To identify place cells in our dataset, we first resampled the
behavioral information about the participant’s x-y position in the
environment to a time resolution of 10 Hz (refs. 9,77) and calculated

the neuronalfiring rate (Hz) in each 0.1-s time bin. We then estimated
the average firing rate within each bin of a 25 x 25 grid overlaid onto
the environment (edge length of 400 vu) and excluded areas of the
environment that the participant traversed fewer than two times. Time
periods in which the participant did not move or did not turn around
for more than 2 s were excluded from this firing rate map (to exclude
periods when the participant was idle). The firing rate map was then
smoothed with a Gaussian kernel (kernelsize, 5; standard deviation, 1.5;
using MATLAB's ‘fspecial’ and ‘conv2’ functions). Next, we thresholded
the firing rate map at the 75th percentile of the firing rate values and
considered contiguous bins with firing rates above this threshold as
candidate place fields. We kept the candidate place field with the high-
estsumfiring rate as the potential place field of this cell. We quantified
the strength of this potential place field as the t-statistic of atwo-sample
t-test comparing the firing rates when the participant was inside the
place field with the firing rates when the participant was outside the
place field. We considered the empirical ¢-statistic (fompiricar) Signifi-
cant if it exceeded the 95th percentile of 1,001 surrogate ¢-statistics
(Equrrogate), Which we obtained by performing exactly the same procedure
asdescribed above, with the only difference that we circularly shifted
the firing rates relative to the behavioral data by a random lag (with
the end of the session wrapped to the beginning), following previous
studies (for example, refs. 9,62). If i Was above the 95th percen-
tile of all £,ogaee Values, we considered the place field significant and
designated the cell asa place cell.

To empirically estimate the false-positive rate of place cells in
our data’, we applied this exact analysis procedure to surrogate data
(obtained by circularly shifting the firing rates relative to the behavioral
databyarandomlagwith the end of the session wrapped to the begin-
ning). We obtained 4.6% (n = 49) statistically significant outcomes (that
is, false positives), which confirmed the a priori chosen alphalevel of 5%.

To characterize placecells (Fig. 6b-h), we estimated the percent-
age of place cells in the different MTL regions. We also calculated the
cumulative distribution of place fields across the virtual environment
(relative to the cumulative distribution of the firing rate maps across
the environment) and the size of the place fields across all place cells
(expressed as percentagesrelative to the spatial extent of the firing rate
maps). We quantified the ‘peripherality’ of place fields by calculating,
for each placecell, the percentage of place field bins that were located
atthe edge of the firing rate map (relative to the total number of place
field bins). The higher this percentage, the more peripheral the place
field relativeto the firingrate map. We also tested whether place fields
were biased toward object locations by counting, for each placefield,
the number of objects whose locations were inside the place fields.
Totest for significance, we compared the empirical counts of objects
inside place fields with surrogate counts that we obtained by calculat-
ing how often the objects were located inside surrogate place fields. For
each empirical place field, we created 1,001 surrogate place fields that
were of the same size as the empirical place field but covered a different
partofthe corresponding firing rate map. We furthermore estimated
the average firing rate of place cells inside versus outside the place
fields and quantified the temporal stability of the place cells by per-
forming a Pearson correlation between the firing rate map estimated
using the first half of the data and the firing rate map estimated using
the second half of the data. We assessed the statistical significance of
thetemporal stability values by performing aone-sample t-test of the
correlation values against 0. We present the results regarding the tun-
ing strength and temporal stability of place cells mainly forillustration
because these analyses are not fully independent from our procedure
of identifying place cells.

Single-neuron recordings: conjunctive object-place cells

We defined conjunctive object-place cells as cells that exhibited
significant place tuning only during trials with one particular object
(but not during trials with any other object). To identify conjunctive
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object-placecells, we performed the place cell analysis (as described
above) eight times for each cell, each time considering only the trials
with a particular object (for an example, see Supplementary Fig. 11a).
If a cell exhibited significant place tuning at a Bonferroni-corrected
alphalevel of a = 0.05/8 for exactly one object, we considered the cell
asaconjunctive object-place cell.

To characterize conjunctive cells (Supplementary Fig.11b-d), we
estimated the percentage of conjunctive cells in different MTL regions
and estimated their overlap with object cells and place cells. To provide
supplemental evidence for the fact that conjunctive cells exhibited spa-
tial tuning that was specific to trials with one particular object—instead
of demonstrating overall spatial tuning asin place cells—we estimated
the pairwise similarity of the spatial firing rate maps between trials
with different objects using Pearson correlations (and averaged the
similarity values across all pairwise comparisons afterward). We then
performed one-sample ¢-tests against O to show that these similarity
values were not significantly above O for conjunctive cells (in line with
spatial tuning being specific to trials with a particular object) but sig-
nificantly above O for place cells (in line with spatial tuning being stable
across time and, thus, independent of particular objects).

Single-neuronrecordings and intracranial EEG: coactivity of
object cells and place cells during hippocampal ripples
Our main hypothesis pertained to the question of whether object and
place cells activated together during the same hippocampal ripples.
To answer this question, we performed the following analysis. For each
neuron-ripple channel combination (n =1,716), we first estimated
whether the neuron was active in various time bins relative to the rip-
ple peaks (301time binsat -0.75 s to 0.75 srelative to the ripple peaks
with abinwidth of 0.1 sand astep size of 0.005 s; 95% overlap between
neighboring time bins). Intotal, there were 192 neuron-ripple channel
combinations in which the neuron was an object cell, and there were
182 neuron-ripple channel combinations in which the neuron was a
placecell.

Next, for each simultaneously recorded pair of an object cell and
a place cell, we quantified the coactivity of both cells using a previ-
ously developed coactivity z-score®. For a given combination of time
bins used to estimate the activations of both cells, we calculated the
coactivity z-score as:

nang
N

nang(N—nx)(N—ng)
N2(N-1)

where Nis the total number of ripples; n, is the number of ripples in
which cell A spiked; ng is the number of ripples in which cell B spiked;
and n,yis the number of ripples in which both cells spiked. Anillustra-
tion of the coactivity score and simulations regarding the relation-
ship between coactivity scores and cellular firing rates are shown
in Supplementary Fig. 13. Because we estimated the activity of each
cell at various timepoints relative to the ripple peaks (see above), we
were able to compute the coactivity z-score for various combinations
of time bins (that is, for all possible time bins i, and j; of cell A and
cell B, respectively). By considering all possible time bin combinations,
this procedure resulted in atwo-dimensional time-by-time coactivity
map for each cell pair that showed the cells’ coactivity at various time-
points relative to the hippocampal ripple peaks. Example coactivity
maps of individual cell pairs are shown in Supplementary Fig.17.

We estimated the coactivity maps for different conditions by
computing the coactivity z-scores across those ripples that occurred
during that condition. Specifically, for estimating coactivity during
retrieval, we selected those ripples that occurred in the time periods
between the onsets of the retrieval phases and the onsets of the feed-
back phases (across both movement and non-movement periods). To
estimate coactivity during re-encoding, we selected those ripples that

Npp —
zZ=

occurred in the time periods between the onsets of the re-encoding
phases and the onsets of the next ITI phases (again across both move-
mentand non-movement periods). We proceeded the same way for all
other conditions (for example, for ‘retrieval late ripples’, we only used
ripplesn/2 +1to nthat occurred during the retrieval periods, where
nisthetotal number of ripples).

To statistically evaluate the coactivity maps across all associative
object cell-place cell pairs, we used a series of cluster-based permuta-
tion tests. During retrieval, associative cell pairs were selected as cell
pairs in which the participant’s response location in response to the
object cell's preferred object wasinside the place field of the place cell.
During re-encoding, associative cell pairs were selected as the pairs
inwhich the correctlocation of the preferred object of the object cell
was inside the place field of the place cell. We used the cluster-based
permutation tests tocompare the coactivity maps (+0.25 saround the
ripple peaks) against chance (denoted as ‘>0’ or as ‘>surrogates’inthe
figure legends); against coactivity maps from abaseline period (0.75 s
to 0.25 s before the ripple peaks and 0.25 s to 0.75 s after the ripple
peaks, averaged across these two time windows, denoted as > base-
line’ in the figure legends); and against the coactivity maps of object
cell-place cell pairs encoding non-associative information (denoted
as ‘> pref. object and response location outside place field” or > pref.
object and object location outside place field’ in the figure legends).
Wereasoned that the combination of these three tests would provide
robustinformation about the significance of ripple-locked coactivity
of object and place cells.

The different cluster-based permutation tests are illustrated in
Supplementary Fig.14. When using cluster-based permutation tests to
compare the coactivity maps against chance, we proceeded as follows.
We performed a one-sample ¢-test of the coactivity z values against
zero across all object cell-place cell-ripple channel combinations,
separately for each bin of the two-dimensional time-by-time coactiv-
ity maps. We nextidentified clusters of contiguous bins, for which the
uncorrected P value was significant (o= 0.05) and the ¢-statistic was
above zero (given our a priori hypothesis of increased object cell-place
cell coactivity during hippocampal ripples). For each cluster, we then
computed the sum of all £ values (¢ yster-empirica) aNd compared these
empirical cluster statistics against 2,001 surrogate statistics. To obtain
each of the surrogate statistics, we inverted the sign of the coactivity
zvalues of arandom subset of the empirical coactivity maps. We then
estimated the surrogate cluster statistics exactly as for the empirical
dataand kept the maximum surrogate cluster statistic (£ ,ax-custer-surrogates
n=2,001). For each empirical cluster statistic (¢ yster-empirica)» We finally
tested whether it exceeded the 95th percentile of all maximum sur-
rogate cluster statistics (¢max.custer-surrogate) - If S0, the empirical clus-
ter was considered significant. We also performed a variant of this
cluster-based permutation test against chance (Supplementary
Fig.15), where we subtracted a surrogate coactivity map fromeach cor-
responding empirical coactivity map before calculating the statistics
across cell pairs. The surrogate coactivity map of a given cell pair was
estimated by circularly shifting the ripple-locked activity levels of the
object cell relative to the ripple-locked activity levels of the place cell
by arandom latency before calculating the two-dimensional coactivity
map. The statistics across associative cell pairs were then performed
asdescribed above for the comparison against zero.

When using cluster-based permutation tests to compare the coac-
tivity maps of associative object cell-place cell-ripple channel combi-
nations (set A) against baseline data or against the coactivity maps of
non-associative object cell-place cell-ripple channel combinations
(set B), we proceeded as follows. We performed a two-sample ¢-test
between the coactivity z values of the two sets of coactivity maps,
separately for each bin of the two-dimensional time-by-time coactiv-
ity maps. We nextidentified clusters of contiguous bins, for which the
uncorrected P value was significant (o= 0.05) and the ¢-statistic was
positive. For each cluster, we then computed the sum of all ¢ values
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(Ectuster-empiricar) aNd compared these empirical cluster statistics against
2,001 surrogate statistics. To obtain each of the surrogate statistics,
we swapped a random subset of the set A and set B coactivity maps
(when comparing the coactivity maps against baseline coactivity
maps) or randomly reassigned the coactivity maps to the two sets A
and B (when comparing the coactivity maps against coactivity maps
of non-associative cell pairs). We then estimated cluster statistics
exactly asfor the empirical data and kept the maximum cluster statistic
(Emax-cluster-surrogate) - FOT €ach empirical cluster statistic (£qyscer-empirica)» WE
finally tested whether it exceeded the 95th percentile of all maximum
surrogate cluster statistics (£n.x.cluster-surrogate) - I $0, the empirical cluster
was considered significant.

To further describe the data underlying the coactivity maps in
Fig. 7, Supplementary Fig. 16 shows the number of object cell-place
cell-ripple channel combinations contributing to the coactivity maps
(which can vary between the bins in the coactivity maps); the total
number of ripples underlying the coactivity maps (which can also
vary between the different binsin the coactivity maps); the individual
coactivity z-scores underlying the maximain the coactivity maps; and
thebrainregions of the object cells and place cells contributing to the
maximain the coactivity maps. To validate our method of using z-scores
to compute coactivations (Fig. 7), we also computed the coactivations
using Pearson correlations (between the activity vectors of object
cells and place cells) and obtained qualitatively identical results
(Supplementary Fig.18).

In our mainresults (Fig. 7c-h), we separately considered early and
late ripples (that is, ripples1ton/2 and ripples n/2 +1to n, respec-
tively, where nisthe total ripple number) and computed the coactivity
maps separately for the group of early ripples and the group of late
ripples. To understand whether this distinction mainly followed a
distinction between ripples occurring before the initial formation
and ripples occurring after the initial formation of associative mem-
ories, we performed a separate analysis in which we estimated the
trial in which the participant exhibited the strongest improvementin
memory performance, separately for each object. We identified the
object-specific trial of strongest memory improvement by (1) esti-
mating the memory performance on each trial; (2) smoothing these
performance values with arunning average of three trials (to attenuate
the effect of potential outliers); (3) iteratively computing a two-sample
t-test between the memory performance values from trials (i + 1):nand
those from trials 1:i, where i is the current trial index and n is the total
number of trials; and (4) identifying the trial with the largest ¢-statistic
(where the ¢-statistics of the first and last trial were not considered, to
exclude the possibility that they were selected as the trial with the larg-
est t-statistic). We considered all ripples occurring before or in the trial
with the largest ¢-statistic as ripples occurring ‘before initial memory
formation’. All other ripples (occurring after the trial with the largest
t-statistic) were considered as ripples occurring ‘after initial memory
formation’. The results for ripples occurring before initial memory
formation and those occurring after initial memory formation were
very similar to the results for early versus late ripples (Supplementary
Fig. 22), suggesting that the significant object cell-place cell
coactivations during late ripples were at least partly dependent onan
initial formation of the associative memories.

To understand whether the main coactivity results (Fig. 7e,h)
were driven by ripples occurring during movement or during
non-movement, we categorized each timepoint of the task accord-
ing to whether or not the subject was moving and analyzed the data
separately for both conditions. We defined movement periods as
those periods in which the participant’s movement speed was above
0.001 virtual units per second (vu s™). The movement profile of two
example trials is shown in Supplementary Fig. 23. All other periods
were defined as non-movement (rest) periods. We observed that the
cellular coactivations were mainly driven by ripples occurring during
non-movement periods (Supplementary Fig. 23).

Reporting summary
Furtherinformation onresearch designisavailablein the Nature Port-
folio Reporting Summary linked to this article.

Data availability

Data to recreate the figures are available at https://github.com/Neu-
roLuke/KunzNatureNeuroscience2024. Raw data are not publicly
available because they could compromise research participant privacy,
butthey are available uponreasonable request from the corresponding
author. Researchers requesting the data will have to signanagreement
that they will not try to de-identify the data and that they will use the
datafor scientific purposes only. Any additional information required
to reanalyze the data reported in this paper is available from the cor-
responding author upon reasonable request.

Code availability

All custom MATLAB code generated during this study for
data analysis are available at https://github.com/NeuroLuke/
KunzNatureNeuroscience2024.
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border of a previous surgery (n = 1); and a very low number of ripples (n = 1). This resulted in a final sample of n = 30 subjects
(16 female; age range, 19-61 years; mean age + SEM, 36 + 2 years), contributing a total of n = 41 experimental sessions with
intracranial EEG recordings including the left and/or right hippocampus (n = 62 hippocampal bipolar channels). For 20 of
these 30 subjects, additional single-neuron recordings from various MTL regions were available (n = 27 sessions; n = 43
hippocampal bipolar channels). Further subject information is presented in Table S1.

Recruitment Subjects undergoing invasive electrophysiological recordings for clinical purposes were recruited and consented to
participate in this study. Subjects who were capable of and willing to perform the task were recruited. There may be effects
of self-selection bias or other biases, but they are unlikely to affect the study results, as this study is about basic neural
mechanisms underlying associative memory in humans.

Ethics oversight Experimental procedures were approved by the Ethics Committee of the University of Freiburg, Freiburg im Breisgau,
Germany, and all participants provided written informed consent.

Note that full information on the approval of the study protocol must also be provided in the manuscript.
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Life sciences study design
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Sample size Our single-neuron analyses were based on 1063 neurons recorded across 27 sessions from 20 subjects. Analyses of hippocampal ripples were
based on 62 hippocampal channels across 41 sessions from 30 subjects. No statistical method was used to predetermine sample size. Instead,
sample sizes were determined based on typical sample sizes in the field that are deemed sufficient for statistical analyses (e.g., Norman et al.,
Science, 2019; Qasim et al., Nature Neuroscience, 2019; Kutter et al., Neuron, 2018; Rutishauser et al., Nature, 2010). See the Methods for
details.

Data exclusions  No data were excluded. See also "Population characteristics" above.

Replication All analyses were performed on the entire available data and significant effects replicated across the underlying samples. No separate
replication study was performed.

Randomization  All subjects were in the same experimental group and no randomization of the subjects was required.
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Blinding Subjects were not aware of the goals of the study. There was no subjective measurement or decision that the investigator needed to make
during the experiment. All data were analyzed off-line. Data collection and analyses were not performed blind to the conditions of the
experiments as conditional information was required for further analyses.

Reporting for specific materials, systems and methods

We require information from authors about some types of materials, experimental systems and methods used in many studies. Here, indicate whether each material,
system or method listed is relevant to your study. If you are not sure if a list item applies to your research, read the appropriate section before selecting a response.
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Materials & experimental systems Methods
Involved in the study n/a | Involved in the study
[ ] Antibodies [] chip-seq
[] Eukaryotic cell lines [ ] Flow cytometry
|:| Palaeontology and archaeology |:| |X| MRI-based neuroimaging

[ ] Animals and other organisms
[] Clinical data

[ ] Dual use research of concern

XXXNXKXX s

Magnetic resonance imaging

Experimental design

Design type MRI were acquired purely for clinical purposes to indicate electrode placement, and were not a part of the experiment.
Design specifications MRI were acquired purely for clinical purposes to indicate electrode placement, and were not a part of the experiment.

Behavioral performance measures MRI were acquired purely for clinical purposes to indicate electrode placement, and were not a part of the experiment.

Acquisition

Imaging type(s) Structural MRI.

Field strength 3T before electrode implantation; 1.5T after electrode implantation.

Sequence & imaging parameters Pre-implant 3D T1-weighted MPRAGE (Siemens Prisma, Germany): TR 2,000 ms; TE 2.26 ms; flip angle 12; 1 mm
isotropic resolution; 256 x 256 x 160 matrix.
Post-implant 3D T1-weighted MPRAGE (Siemens Avanto, Germany): TR 1,300 ms; TE 2.33 ms; flip angle 15; 0.5x0.5x 1
mm resolution; 512 x 512 x 176 matrix.

Area of acquisition Whole brain.

Diffusion MRI [ ]Used Not used

Preprocessing

Preprocessing software SPM (https://www.fil.ion.ucl.ac.uk/spm/).
Normalization Normalization was performed using SPM.
Normalization template Normalization was performed using the SPM template.
Noise and artifact removal No noise or artifact removal was used.

Volume censoring No volume censoring was used.

Statistical modeling & inference

Model type and settings No statistical modeling was used as MRI scans were only acquired for clinical purposes to indicate electrode placement.

Effect(s) tested No effects were tested as MRI scans were only acquired for clinical purposes to indicate electrode placement.

Specify type of analysis:  [X] Whole brain [ | ROI-based [ ] Both




Statistic type for inference No statistical analyses were performed.
(See Eklund et al. 2016)

Correction No statistical analyses were performed and no correction was applied.

Models & analysis

n/a | Involved in the study
|X| |:| Functional and/or effective connectivity

|X| |:| Graph analysis

|X| |:| Multivariate modeling or predictive analysis
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