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Predictive grid coding in the medial entorhinal cortex

Ayako Ouchi and Shigeyoshi Fujisawa®?*

The entorhinal cortex represents allocentric spatial geometry and egocentric speed and heading
information required for spatial navigation. However, it remains unclear whether it contributes to the
prediction of an animal’s future location. We discovered grid cells in the medial entorhinal cortex (MEC)
that have grid fields representing future locations during goal-directed behavior. These predictive grid
cells represented prospective spatial information by shifting their grid fields against the direction of
travel. Predictive grid cells discharged at the trough phases of the hippocampal CAl theta oscillation
and, together with other types of grid cells, organized sequences of the trajectory from the current to
future positions across each theta cycle. Our results suggest that the MEC provides a predictive map

that supports forward planning in spatial navigation.

he cognitive map theory proposes that

the brain builds an allocentric spatial

representation of the environment to

support the planning of future travel (Z, 2).

Several decades of neurophysiological
research suggests that cognitive maps are
configured and used across the hippocampal-
entorhinal cortex axis (3, 4). In particular, the
entorhinal cortex organizes representations of
spatial geometry and self-motion information—
including spatial grid, environmental boundary,
head direction, and speed representations—
integrating sensory and motor cues to compose
allocentric spatial information then sent to the
hippocampus (5-10). Recent theoretical and
experimental studies have shown that the pop-
ulation activity of such medial entorhinal cortex
(MEC) grid cells configures a low-dimensional
continuous attractor network and that rat
movement can be represented by trajectories
on this manifold, allowing the updating of
robust positional information (71, 12). How-
ever, it remains unclear whether and how the
entorhinal grid system is involved in organiz-
ing goal-directed trajectory sequences by pre-
dicting future spatial information.

Predictive grid cells in the MEC

To investigate the predictive coding proper-
ties of the MEC neurons, we designed a goal-
directed behavioral task in a two-dimensional
open field. Rats were required to move back
and forth between the two water reward ports,
whose positions were changed every 20 trials,
so that the whole environment was covered
with vertical, horizontal, and diagonal trajec-
tories (Fig. 1 and fig. S1). This task consists of
multiple linear tracks in each direction in the
open field and was specifically designed to
detect and quantify the predictive bias in the
allocentric two-dimensional spatial represen-
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tation of neurons. We recorded extracellular
single units from layers 2 and 3 of the MEC
and the CAl of the rats during the task using
high-density multishank silicon probes (Fig.
1C). To assess whether MEC neurons encode
future spatial information, we constructed
neuronal firing rate maps using the actual
position of the rat, as well as positions shifted
backward and forward along the rat’s trajectory
(Fig. 1D). A subset of MEC neurons showed
robust grid structures in the rate map of the
future projected positions, although they did
not show gridness in the rate maps of the
original positions (Fig. 1E and fig. S2). We cal-
culated the gridness scores, which measure
the 60° periodicity in the spatial autocorre-
lation of the rate map, as a function of the
spatial shift relative to the original positions.
The gridness scores were maximal at several
tens of centimeters ahead of the actual posi-
tions. Thus, we hypothesized that these neu-
rons predictively organize grid fields for future
projected positions, and we termed these neurons
predictive grid cells.

We next investigated the coding principles
of the predictive grid cells. The model of the
representation of predictive grid cells at current
and future positions is shown in Fig. 2A. Be-
cause the predictive grid cells have the highest
gridness at future projected locations, the grid
fields should be shifted in the approach direc-
tion relative to the direction of travel. There-
fore, a rate map that includes all directions
would be averaged out and smoothed because
of the overlap of the grid fields shifted in dif-
ferent directions. On the other hand, a rate
map calculated separately for each direction
would show a grid structure even at the origi-
nal position. We therefore constructed a rate
map in each traveling direction separately. In
agreement with the model, the rate maps sorted
by the running directions exhibited clear grid
representations, whereas firing rate maps in-
cluding all trajectories did not (Fig. 2B). The
firing rate plots constructed from the linear-
ized position in each block showed that the
grid peaks were shifted in alternating patterns
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direction of travel (Fig. 2B and fig. S3A).

Because theta oscillations play a central role
in information processing in the hippocampal-
entorhinal cortical circuit, we examined whether
and how the firing of the predictive grid cells
was modulated by CAl theta oscillations. The
predictive grid cells were tightly phase-locked
to the troughs (~180°) of theta oscillations
referenced to the CA1 pyramidal cell layer (Fig.
2B). We also analyzed the firing properties
of standard grid cells as previously reported
(5, 13). One group of grid cells exhibited phase
precession, starting at about 180° and ending
at 270° in each grid field (Fig. 2C and figs.
S3B and S4A) (13), referred to here as “phase-
precession grid cells.” The other group of grid
cells showed phase-locking to the peak of
theta oscillations (Fig. 2D and fig. S4B) (13),
referred to here as “phase-locked grid cells,”
which prefer the phase opposite to those of
the predictive grid cells. Thus, the predictive,
phase-precession, and phase-locked grid cells
had different theta phase preferences, suggest-
ing the differential role of temporal coding
mediated by theta oscillations.

Coding properties of predictive grid cells

To explore the coding properties of these
neurons at the population level, we defined
criteria for predictive grid cells as follows: (i)
The gridness score of the rate map has the
maximum value at a future position that is
significant compared with shuffled data,
whereas the gridness score at the original
position is not significant, and (ii) spike times
are phase-locked around 180° of CAl theta
oscillations. We also categorized grid cells as
phase-precession and phase-locked grid cells
in line with the previous study (13). Using these
criteria, we identified 305 predictive grid cells,
558 phase-precession grid cells, and 241 phase-
locked grid cells across six rats (Fig. 3 and table
S1). The average optimal position shift of the
predictive grid cells was 22.5 + 10.2 cm (imean +
SD) (Fig. 3F), corresponding to approximately
one-quarter of the grid spacing of each neuron
(0.27 + 0.11; mean + SD) (Fig. 3G). The optimal
position shift of the phase-precession grid cells
was also positive, but significantly smaller than
that of the predictive grid cells (4.5 + 8.8 cm;
mean + SD) (Fig. 3F). The optimal shift of the
phase-locked grid cells was close to zero (0.8 +
9.0 cm; mean + SD) (Fig. 3F). The optimal grid
shifts of the predictive grid cells were constant
regardless of the direction of travel (fig. S5).
Previous studies have reported that MEC neu-
rons are modulated by self-motion signals, in-
cluding speed and head direction (6, 8). We
thus calculated speed modulations and found
that 25.9% [Clopper-Pearson confidence in-
tervals (CIs) for 99%, CI = 19.7 to 32.9%], 87.5%
(CI = 83.4 t0 90.8%), and 47.7% (CI = 39.3 to
56.2%) of the predictive, phase-precession, and
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Fig. 1. Predictive grid representations of future spatial information in the
MEC. (A) Schematic of the task. The rat had to travel back and forth between the
two water reward ports in the open field. The positions of the water ports were
changed every block to cover the whole environment with vertical, horizontal, and
diagonal trajectories. (B) The trajectories of a rat in a single session. Each color
represents trials of each traveling direction. (C) Silicon probes (eight shanks, 16 sites
per shank) were placed in the (left) MEC and (right) CAL. Sections with the electrode
tracks were stained with Nissl. (D) Method for position projection. To construct

firing rate maps for the future or past locations, the rat positions were projected
forward or backward a fixed length on the trajectory. (E) Firing patterns of three
representative predictive grid cells in the MEC. (Left) Firing rate maps (top)
and their spatial autocorrelations (bottom), whose positional references were
original (current position) and future projected. (Middle) Gridness scores as a
function of reference positions. A positive position shift indicates a future projection,
and a negative shift indicates a past position. (Right) Firing rate modulation by

the head direction of the rat. The mean resultant length is shown as r.

phase-locked grid cells, respectively, were signif-
icantly correlated with speed (shuffling statis-
tics with preserving positional information)
(Fig. 3, I and J). The distributions of head direc-
tion modulation of all three types of grid cells

Ouchi et al., Science 385, 776-784 (2024)

were similar (Fig. 3K). The orientations of the
grid fields with respect to the arena bound-
aries of all three types of grid cells were also
similar (Fig. 3L) (14). Moreover, we analyzed
the anatomical position of all three types of
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grid cells in the layers of the MEC (fig. S6).
Predictive grid cells were mostly located in
layer 3 of the MEC. The phase-precession and
phase-locked grid cells were distributed in
layers 2 and 3, respectively (13).
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Fig. 2. Grid fields of predictive grid cells shift in the direction of
approach. (A) Model of the spatial representation of predictive grid cells. We
hypothesized that the grid fields of predictive grid cells are shifted toward
preceding positions in the running trajectory. Because the direction of the shift
is different for each traveling direction, the superposition of all directions will
cause the grid fields to blur. (B) Firing patterns of two predictive grid cells.
(Left) Rate maps and spatial autocorrelations of all directions and each
direction (north to south, south to north, east to west, and west to east) at
original positions, and all directions with future projected positions. (Middle
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left) Firing rates and spike phases on theta oscillations in the linearized position
in example blocks. (Middle right) Firing rates and spiking theta phases in the
linearized position in all blocks (method is provided in fig. S3). (Right) Theta
phase preferences of the cells. (C and D) Firing patterns of a (C) phase-
precession grid cell and (D) phase-locked grid cell. (Left) Rate maps and spatial
autocorrelations of all directions at the original positions. (Middle left) Firing
rates and spike phases in the linearized position in example blocks. (Middle
right) Firing rates and spiking phases on theta oscillations in the linearized
position in all blocks. (Right) Theta phase preference of the cells.
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Fig. 3. Coding properties of predictive, phase-precession, and phase-
locked grid cells. (A) Gridness scores as a function of position shift of all

Ouchi et al., Science 385, 776-784 (2024) 16 August 2024

Normalized position

predictive, phase-precession, and phase-locked grid cells (n = 305, 558, and 241
cells, respectively, from six rats). (B) Mean of the above gridness score plots of
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all three types of grid cells. (C and D) Same as (A) and (B), but the position shift
was normalized by the grid spacing. (E) Grid spacing of all three types of grid
cells. (F) Optimal position shift of all three types of grid cells. (G) Optimal
position shift relative to grid spacing of each cell. **P < 0.001 for (F) and (G);
analysis of variance (ANOVA) and post hoc Tukey-Kramer test. (H) Average
theta phase preferences of all three types of grid cells. (I) Speed at the rat’s
position in the example session. Each dot indicates the position in a 25.6-ms
bin, and its color indicates the speed. (J) Speed modulations of all three
types of grid cells. For the statistical evaluation of the speed tuning, we used
the shuffling procedure while preserving the position information (P < 0.01).
(Middle) Correlation between speed and firing rate of all three types of

grid cells. **P < 0.001; ANOVA and post hoc Tukey-Kramer test. (Right)
Proportion of the cells with significant speed modulation for all three types of

grid cells. Clopper-Pearson confidence intervals are shown (**P < 0.01).
(K) Head direction modulations of all three types of grid cells. Speed
modulation of all MEC regular spiking neurons is shown as gray bars.

(L) Orientation with respect to the arena boundaries of all three types of grid
cells in (left) polar and (right) linear plots. (Inset) The orientations of an
example cell. (M) Models of grid representation for predictive grid cells.
(Left) If the grid fields are infinitely distributed, it cannot be distinguished
whether the shift of grid fields is in the future or past direction. (Right) If the
grid exists only within a finite region enclosed by a boundary, the distribution
of the grid field would be different for the future and past shift. (N) Overall
mean firing rate distribution of predictive, phase-precession, and phase-
locked grid cells. The tick lines above the plots indicate the significant period
(P < 0.01; permutation tests) (supplementary materials).

We further investigated whether the repre-
sentation of the predictive grid cells is actually
biased toward the future direction (Fig. 3M).
For example, if we assume that the grid re-
presentation of the predictive grid cells is
distributed in the space beyond the task area,
we cannot distinguish whether the shift of the
grid fields is to the future or to the past. On the
other hand, if the grid exists only within a
finite region enclosed by a boundary, then the
distribution of the grid would be different for
future and past shifts. To investigate which
model explains the data, we analyzed the dis-
tribution of the overall firing rates of predictive
grid cells from the start to the goal position.
The distribution of mean firing rates of the
predictive grid cells was skewed toward the
start direction, whereas the distributions of
firing rates for phase-precession and phase-
locked grid cells were uniform over the whole
area (Fig. 3N).

We then examined through which metric
the predictive grid cells more strongly reflect
the future representation (figs. S7 and S8). In
particular, we examined whether predictive
grid cells reflect the future in the distance or
time domain (75). We compared shifting time
to shifting locations for computing positional
references projecting the future or past (fig. S8).
The plots of the gridness scores as a function
of the time shift of the predictive grid cells also
had the highest peaks in the future time domains,
although the peaks of the gridness scores were
significantly lower than those of the position
shift (fig. S8).

We asked whether predictive coding by
predictive grid cells occurs specifically during
goal-directed behavior or is broadly general
across diverse behaviors. We designed a series
of behavioral tasks consisting of goal-directed
and random foraging tasks in the same envi-
ronment (Fig. 4A). We recorded single units
from layers 2 and 3 of the MEC and the CAl
during the series of tasks from three other rats.
Although there was systematic grid rescaling
across the tasks (Fig. 4G) (16), the predictive
coding properties of the predictive grid cells

Ouchi et al., Science 385, 776-784 (2024)

were preserved across the goal-directed and
random foraging tasks. The results show that
the predictive coding of the predictive grid cells
is generally present across different behaviors.

Theta sequences in the MEC

Using a Bayesian decoding framework, we
tested whether the spikes of the ensembles of
predictive, phase-precession, and phase-locked
grid cells could reconstruct the rats’ future
trajectories (17-20). The firing rate maps at
the optimally shifted position were used as
prior templates for these three types of grid
cells. We decoded the rat’s position from the
spiking activity of these neurons in each 10-ms
time bin (Fig. 5, A to C). We then examined
how the positional information decoded by
the spikes of the cell assembly was related to
the phases of theta oscillation. The probability
densities of the decoded position by using spikes
sampled in different theta phases are shown in
Fig. 5D. On descending theta phases (0° to 180°),
the decoded position progressively reflected
more shifted future positions relative to the
location at which the spikes were sampled,
whereas the decoded position reflected the
actual position around peak theta phases (360°)
(Fig. 5, D to F). The representation of future
positions on the descending theta phases was
significantly reduced when the spiking activity
of the predictive grid cells was removed for
decoding (Fig. 5F). We also examined whether
the theta sequence was organized as a result of
synchronized activity of cells within the theta
cycle or as a result of independent activity of
each cell (fig. S9A). The representation of future
positions on the descending theta phases was
also significantly reduced when the spike syn-
chronization within theta cycles was disrupted
(fig. S9).

Last, we examined the functional connect-
ivity between the predictive grid cells and CA1
place cells. Predictive grid cells preferred to
fire at the trough of theta (180°), whereas CAl
place cells typically exhibit phase precession
(21-23). Therefore, there may be a relationship
between the difference in the firing phases

16 August 2024

of predictive grid cells and CA1 place cells and
the distance in their spatial receptive fields
(fig. S10). To test this, we analyzed the relation-
ship between the location differences in the
place (or grid) fields and the firing phase
differences for pairs of simultaneously record-
ed predictive grid cells and CAl place cells.
Synchronous firing activity, as estimated from
cross-correlogram (CCG) peaks, occurred when
the place fields of predictive grid cells and CA1
place cells overlapped. As expected from the
above model, there was a linear relationship
between the phase of spiking and the distance
between the receptive fields. Significant CCG
peaks were observed more frequently when
the receptive field of the predictive grid cell
was in a preceding position compared with
that of the CAl place cell, suggesting spike
transmission from the predictive grid cells to
the CA1 place cells, which indicates that the
probability of spike transmission from pre-
dictive grid cells to CA1 place cells increases
when the grid fields of predictive grid cells
precede CA1 place fields.

Discussion

We identified a group of MEC neurons with
predictive grid coding for their future projected
locations. Seeking the coding principle of these
predictive grid cells, we found that their grid
fields were shifted against the direction of
travel. Another distinctive feature of these cells
was their robust phase locking to the trough
(~180°) of theta oscillations referenced to the
CA1 pyramidal cell layers, distinct from phase-
precession and phase-locked grid cells, which
had different phase preferences. As a result,
assemblies of predictive, phase-precession,
and phase-locked grid cells in the MEC together
temporally organize continuous theta sequences
from current to future locations (Fig. 5).

The MEC and hippocampus organize spatial
representations to support the awareness of the
current position in the environment (3, 24-26).
Additionally, the spatial representations in the
MEC and CA1 encompass not only the current
position but also predictive information about
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Fig. 4. Predictive grid coding preserved across different behaviors.

(A) Rats performed a series of goal-directed (short version) and random foraging
tasks in the same environment. (B) The trajectories of a rat in a single session.
(C) Firing patterns of two representative predictive grid cells in the goal-directed
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Theta phase (°)

Theta phase (°)

Predictive Phase-prec Phase-lock

and random foraging tasks. (Left) Firing rate maps (top) and their spatial
autocorrelations (bottom), whose positional references were original and future-
projected. (Middle) Gridness scores as a function of reference positions.

(D) Gridness scores as a function of position shift of all predictive, phase-precession,
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and phase-locked grid cells (n = 143, 44, and 48 cells, respectively, from three
rats). (E) Mean of the above gridness score plots of all three types of grid cells.
(F) Average theta phase preferences of all three types of grid cells. (G) Grid

spacing of all three types of grid cells in the two tasks. (H) Optimal position shift

A Trial #31
CA1LFP
Filtered LFP Y, AAAVAYVAVEE e VAVAVAVAVAVaV]

Predictive grid cells R L

Phase- precessmn
grid cells

Phase-lock §¢ b
grid cells 8

of all three types of grid cells in the two tasks. (I) Optimal position shift relative
to the grid spacing of each cell. In the analysis of (G) to (I), neurons that

had significant gridness scores at the optimal shift in both tasks were analyzed
(n =53, 42, and 48 cells, respectively). **P < 0.01, paired t test.
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Fig. 5. Theta sequences for predictive spatial information in the MEC.

(A) Raster plots of simultaneously recorded predictive, phase-precession, and phase-
locked grid cells in a representative trial. CA1 LFP and its filtered trace with the
theta band (4 to 10 Hz) are also shown. (B) Probability densities of rat's position at
seven example time points, decoded from spiking activities of neurons in (A).
The actual locations and head direction of the rats are indicated with white circles
and arrows, respectively. Theta phases at the decoded times are also indicated.
(C) The actual trajectory (red) of the rat in the example trial. (D) Two-dimensional
probability densities of decoded rat’s position in different theta phases in the
example session. The decoded positions were aligned with the actual position and
head direction of the rat. (E) One-dimensional probability densities of position
information as a function of theta phases in the example session. The y axis
represents decoded positions aligned with the actual position in the axis of the
head direction. (F) Decoded positional information (the argument of the maximum
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Phase-locked MEC theta sequences
gr|d1é:0(;zlls

360° 0° 180° 360°

Past Current Future
2
¢
()
g
Past Current Future

Theta bhase

Theta bhase

of probability densities) in the axis of the head direction as a function of theta
phases (n = 25 sessions) (supplementary materials). Blue lines indicate the
decoding data by using predictive, phase-precession, and phase-locked grid
cells, and gray lines indicate those excluding predictive grid cells (mean + SEM). A
thick blue line above the plots indicates a segment with significantly higher values
(P < 0.05; permutation test). (G) Schematic illustration of rate and temporal
coding of predictive, phase-precession, and phase-locked grid cells in the MEC and
place cells in the CAL For rate coding, the grid fields of predictive grid cells are
shifted to the predictive direction of travel. For temporal coding, predictive grid
cells discharge around the troughs of theta oscillations. (H) Theta sequences in the
MEC. In the peak phases of theta oscillations, phase-precession and phase-locked
grid cells encode current positions. In the descending phases, predictive and
phase-precession grid cells organize the trajectory sequence representation from
current to future positions.
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future spatial paths (27, 28). Place and grid
cells often show a bias toward representing
slightly future positions in the path of travel
(15, 29-31). Moreover, the place and grid cell
firing exhibits phase precession, encoding se-
quences of positions as a function of theta
phase (13, 21, 32, 33). In the hippocampus,
synchronized activity of place cell assemblies
organizes theta sequences representing past-
to-future trajectories (22, 23, 34). However,
much remains to be clarified about the rela-
tionship between predictive spatial informa-
tion processing in the axis of the hippocampus
and entorhinal cortex (75). The predictive grid
cells reported here exhibit grid fields specific
to the future projected space. We observed
and quantified predictive shifts in the grid
fields of these cells using the behavioral task
consisting of multiple linear tracks in the two-
dimensional field. Previous studies that in-
vestigated MEC activity in one-dimensional
trajectories have also reported the offset or
remap of the spatial receptive fields (32, 35-37),
which is consistent with our findings. Our dis-
covery of predictive grid cells suggests their
potential role in supporting the formation of
predictive cognitive maps.

We found that the assembly activity of
predictive, phase-precession, and phase-locked
grid cells organizes the theta sequences that
represent trajectories from current to future
positions. We hypothesize that predictive grid
coding in the MEC may also contribute to the
formation of predictive sequences in the hip-
pocampus. In CAl, theta sequences represent
past, present, and future trajectories along the
early to late phases of the theta oscillations
(22, 23, 34, 38-41). Several important theories,
including the oscillatory interference model
(42, 43) and the soma-dendrite interference
model (44, 45), have been proposed as mecha-
nisms for theta phase precession in the CA1
(18, 46-48). In addition, the importance of the
MEC projection to CA1 as a mechanism of
sequence generation has received consider-
able attention in recent years (49-53). The dual
input model suggests that the place field acti-
vity of CAl neurons is driven by MEC layer 3
input at theta peaks and associated with
gamma bursts in stratum lacunosum-moleculare,
followed by increasing CA3 input around
the trough of theta phases associated with a
gamma increase in stratum radiatum, indicat-
ing the fundamental role of the MEC input in
generating predictive sequences of CAl in late
theta phases (52). The necessity of the MEC
in sequence generation is also supported by a
recent study showing that optogenetic per-
turbation of the MEC at gamma frequency
abolished predictive theta sequences without
affecting associative spatial coding by place
cells in the CA1 (63). Regarding the theta phase
preferences of MEC neurons, it was known that
layer 2 neurons exhibit phase precession start-
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ing at 180° and layer 3 neurons are phase-
locked at 0° or 180° (13, 33, 54). However, it
remained unknown how EC neurons convey
predictive spatial information to CA1 place cells
at the time of late theta phases to support the
generation of theta sequences. The predictive
grid cells reported here fire at the trough of
theta, just before the late theta phases at
which CA1 encodes future information. Our data
showed a significant increase in functional
connectivity between the predictive grid cells
and the CAl place cells when the grid fields
of the predictive grid cell preceded the place
fields of the CAl place cells. Predictive grid
cells are thus candidates for cells that can
provide future information to CA1. Thus, we
hypothesize that predictive grid cells in the
MEC play a key role in the formation of
predictive sequences in the hippocampus.

The mechanism of predictive coding in the
predictive grid cells is an open question. We
hypothesize that the self-motion information
provided by the speed and head direction cells
in the MEC may play an essential role (6, 8).
Theoretical studies have proposed that the
input of speed and head direction information
into the recurrent network circuits that mode
MEQC circuit connectivity may generate attractor
dynamics with spatial grid structures (12, 55).
Further investigation of network dynamics in
ECs is needed to provide new insights into the
mechanism of such predictive coding.

Predictive grid cells provide predictive spatial
representations by projecting the grid fields in
the approach direction of travel. The predictive,
phase-precession, and phase-locked grid cells
of the MEC encode current and future infor-
mation in separate phases of theta oscillations,
allowing the formation of theta sequences
from current to future locations. We hypothe-
size that the MEC not only integrates allo-
centric and egocentric information in spatial
navigation but also serves important functions
in the integration and prediction of temporal
information.
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