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Gereke BJ, Mably AJ, Colgin LL. Experience-dependent trends
in CA1 theta and slow gamma rhythms in freely behaving mice. J
Neurophysiol 119: 476 – 489, 2018. First published October 25, 2017;
doi:10.1152/jn.00472.2017.—CA1 place cells become more anticipatory with experience, an effect thought to be caused by NMDA
receptor-dependent plasticity in the CA3–CA1 network. Theta (~5–12
Hz), slow gamma (~25–50 Hz), and fast gamma (~50 –100 Hz)
rhythms are thought to route spatial information in the hippocampal
formation and to coordinate place cell ensembles. Yet, it is unknown
whether these rhythms exhibit experience-dependent changes concurrent with those observed in place cells. Slow gamma rhythms are
thought to indicate inputs from CA3 to CA1, and such inputs are
thought to be strengthened with experience. Thus, we hypothesized
that slow gamma rhythms would become more evident with experience. We tested this hypothesis using mice freely traversing a familiar
circular track for three 10-min sessions per day. We found that slow
gamma amplitude was reduced in the early minutes of the first session
of each day, even though both theta and fast gamma amplitudes were
elevated during this same period. However, in the first minutes of the
second and third sessions of each day, all three rhythms were elevated.
Interestingly, theta was elevated to a greater degree in the first minutes
of the first session than in the first minutes of later sessions. Additionally, all three rhythms were strongly influenced by running speed
in dynamic ways, with the influence of running speed on theta and
slow gamma changing over time within and across sessions. These
results raise the possibility that experience-dependent changes in
hippocampal rhythms relate to changes in place cell activity that
emerge with experience.
NEW & NOTEWORTHY We show that CA1 theta, slow gamma,
and fast gamma rhythms exhibit characteristic changes over time
within sessions in familiar environments. These effects in familiar
environments evolve across repeated sessions.
gamma rhythms; hippocampus; mice; place cells; running speed; theta
rhythms

INTRODUCTION

Rodent hippocampal place cells fire at specific spatial locations known as “place fields” as an animal moves through an
environment (O’Keefe and Dostrovsky 1971). Place fields are
plastic, expanding in the direction opposite of an animal’s
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motion across repeated passes through the field and thus
becoming more anticipatory with experience (Mehta et al.
1997, 2000). The emergence of anticipatory firing differs
across the hippocampal subregions. In CA3, it emerges the first
time an animal experiences a novel environment and then
persists across days (Lee et al. 2004; Roth et al. 2012). In CA1,
anticipatory firing is reacquired each day an animal is exposed
to a familiar environment (Lee et al. 2004; Roth et al. 2012) but
persists across multiple exposures within a day (Yu et al.
2006). As CA1 lacks recurrent excitation, anticipatory firing in
CA1 is thought to depend on NMDA receptor-mediated Hebbian synaptic plasticity in feedforward projections from CA3 to
CA1 (Mehta 2015; Mehta et al. 2000). In support of this view,
manipulations that suppress NMDA receptor-dependent synaptic plasticity in CA1 have been shown to prevent anticipatory
firing (Cabral et al. 2014; Ekstrom et al. 2001).
Both in vitro (Larson et al. 1986; Staubli and Lynch 1987)
and in vivo (Hölscher et al. 1997; Hyman et al. 2003) evidence
has suggested that theta rhythms (~5–12 Hz) promote synaptic
plasticity in Schaffer collateral synapses between CA3 and
CA1 neurons. Considering that such plasticity is thought to
underlie anticipatory firing in CA1 place cells, as described
above, theta may also promote the acquisition of anticipatory
firing in CA1 place cells. If so, then one would expect theta
rhythms to be maximal during the period when anticipatory
firing develops, namely the first few minutes of exposure to an
environment.
Additionally, CA1 slow gamma rhythms (~25–50 Hz), as
opposed to fast gamma rhythms (~50 –100 Hz), are thought to
reflect times when CA1 responds preferentially to input from
CA3. Specifically, slow gamma is coherent between CA1 and
CA3 (Colgin et al. 2009; Kemere et al. 2013) and coincides
with current sources/sinks in stratum radiatum where CA3
projections terminate (Belluscio et al. 2012; Schomburg et al.
2014). Therefore, it is possible that slow gamma in CA1
emerges with experience, in parallel with experience-dependent anticipatory firing in place cells, as synaptic connections
between CA3 and CA1 are modified. Consistent with this
possibility, CA1 slow gamma power has been shown to increase during times of anticipatory place cell firing in rats
(Bieri et al. 2014).
In the present study, we assessed experience-dependent
changes in theta, slow gamma, and fast gamma rhythms in
CA1 in freely moving mice. We found that CA1 theta rhythms
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were strongest during the initial period of exposure to a
familiar environment, whereas CA1 slow gamma rhythms
developed with experience, as did anticipatory place cell firing
in CA1. In contrast, fast gamma rhythms were not strongly
affected by experience across sessions.
MATERIALS AND METHODS

Subjects and testing procedures. Data were obtained from 3
C57BL/6 and 3 C57BL/6 ⫻ 129 hybrid 8- to 9-mo-old mice during
the dark phase of a reverse light-dark cycle (lights off 9 AM to 9 PM).
We conducted this study using mice because a more complete understanding of how anticipatory firing in CA1 relates to slow gamma, and
inputs from CA3, will require anatomically and temporally precise
manipulations of slow gamma-generating circuits, and such manipulations are more amenable in mice. Recordings from the C57BL/6 ⫻
129 hybrid mice were included in a previous study (Mably et al.
2017). Mice were housed in groups initially and then housed individually following surgery. After surgery, mice recovered for at least one
week before the start of behavioral training and data acquisition.
During training, mice were food deprived to ~90% of their freefeeding weight and trained to run unidirectionally around a circular
track (100-cm diameter, 9-cm width) for three 10-min sessions per
day interleaved with 10-min rest sessions. During the rest sessions,
mice sat in an elevated flowerpot placed near the track. Small amounts
of cookie cream were delivered as food rewards at a single location on
the track. The reward location was fixed within each day but changed
pseudo-randomly between days to prevent accumulation of place
fields at particular reward sites (Dupret et al. 2010; Hollup et al. 2001;
Zaremba et al. 2017). To ensure familiarity of the track and recording
room, all mice were trained for at least 3 consecutive days before the
first day of data collection. A total of 35 days of data, consisting of
5–7 days/mouse, were collected. All experiments were conducted
according to the guidelines of the NIH Guide for the Care and Use of
Laboratory Animals under a protocol approved by the University of
Texas Austin Institutional Animal Care and Use Committee (protocol
no. AUP-2015-00107).
Microdrive preparation, surgery, and tetrode placement. Microdrives were custom built using a modified version of a previously
published design (Voigts et al. 2013). Drives contained two bundles
spaced 4 mm apart. Each bundle contained eight independently
moveable tetrodes. Tetrodes were constructed from 17-m polyimidecoated platinum-iridium wire (California Fine Wire). Electrode tips
were plated with platinum to reduce single channel impedances to
~150 –300 k⍀ at 1 kHz.
Microdrives were surgically implanted bilaterally in CA1 with
coordinates: 2.0 mm anteroposterior, ⫾ 2.0 mm mediolateral, and 0.5
mm dorsoventral. To anchor microdrives to the skull, 6 –7 jewelers
screws were placed in the skull, with the two most anterior used as
electrical grounds. The microdrives were then secured to the skull
with dental acrylic. Tetrodes were lowered ~40 –100 m/day, reaching their target location in or near the CA1 cell body layer at ~2 wk
after drive implantation. Tetrodes were not moved more than 40
m/day on days preceding data acquisition. One tetrode in each
bundle was used as a differential recording reference and was placed
in a relatively quiet, spike-free area of the overlying cortex. This was
confirmed by recording reference tetrodes continuously against
ground. CA1 stratum pyramidale was identified by its electrophysiological signatures (e.g., robust theta rhythms, sharp wave ripple
polarity, etc.), as well as the presence of place cell spikes.
Histology. All recording locations were histologically verified after
experiments were completed. First, mice were placed under isoflurane
gas anesthesia and given a lethal dose of sodium pentobarbital
(intraperitoneal injection). This was followed by transcardial perfusion, first with physiological saline to remove blood from the brain
and then with 4% formaldehyde solution to fix the brain. The brain
was left to fix for ~1 h following perfusion to allow shrinkage of
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brain tissue away from tetrodes, thereby ensuring that tetrode
tracks would be visible in histological sections (e.g., tracks of two
separate tetrodes within the same bundle can be seen in Fig. 1A).
For verification of tetrode locations, brains were cut coronally (3
mice) or sagittally (3 mice) at 30 m and stained with cresyl violet.
Each section through the relevant part of the hippocampus was
collected. All tetrode locations were identified, and the tip of each
tetrode was localized by comparison across adjacent sections.
Data acquisition. The data acquisition setup consisted of a Digital
Lynx 4SX acquisition system, a 64-channel PSR slip-ring commutator, and two HS-36 analog headstages with lightweight fine wire
tethers (Neuralynx, Bozeman, MT). For spike detection, signals were
digitally bandpass filtered between 600 and 6,000 Hz, and filtered
signals that exceeded a threshold (30 – 60 V) set by the experimenter
were sampled at 32 kHz. Spike sorting was then performed offline
using an open source cluster cutting package in MATLAB (MClust;
A.D. Redish, University of Minnesota, Minneapolis). Clustering was
performed manually on two-dimensional projections of the spike
waveform features (i.e., Energy, Peak, and PeakValleyDiff). Autocorrelation functions were also used to identify well-isolated single units
(i.e., units included in the study were required to exhibit a refractory
period containing no spikes). For field potential recordings, signals
were digitally bandpass filtered between 0.1 and 500 Hz and sampled
at 2 kHz. For position and running speed estimation, position was
tracked at a video frame rate of 30 Hz via colored LEDs on the
headstages. Position samples were then smoothed using a 2nd order
loess filter from the R package stats with a span of 6 s. Running speed
was then estimated as the time derivative of the smoothed position
samples. Where noted, running speed was normalized within each day
to between 0 and 1 (as in Chen et al. 2011).
Place cell analyses. One-dimensional circular place maps were
computed by binning the spikes into 1 cm bins and dividing the
number of spikes in each bin by the amount of time spent in each bin.
Place fields were detected by finding the maximal firing rate location
across the three sessions. Place field boundaries were set at locations
where the firing dropped below 10% of the peak firing rate for 10
consecutive cm on either side of the maximal firing location. Centerof-mass (COM) estimates for single laps were computed from single
lap place maps, discarding spikes occurring outside the place field
boundaries. Field peak was defined as the location of maximal firing
rate on each pass. First spike and last spike were defined as the
locations of the first and last spikes occurring within the field boundaries on each pass, respectively. Field size was defined as the integral
of the firing rate map with respect to space within the field boundaries
for each pass; it was then normalized by dividing by the mean field
size across all passes independently for each cell. The within field
firing rate was defined as the number of spikes divided by the time
spent inside the place field boundaries for each pass; it was then
normalized by dividing by the mean within field firing rate across all
passes independently for each cell. Field width was defined as the
distance between the first and last spike occurring within the field
boundaries on each pass. Field width was normalized by dividing by
the mean field width across all passes independently for each cell.
Skewness was defined as the ratio of the third moment divided by the
cube of the standard deviation of the firing rate map within the field
boundaries on each pass. The firing rate asymmetry index (FRAI) was
defined as in Mehta et al. 2000. Briefly, F1 was the firing rate during
the first 50% of spikes, and F2 was the firing rate during the second
50% of spikes occurring on each pass, with FRAI ⫽ (F1 – F2)/(F1 ⫹
F2). For place cells with multiple fields (138/377), only the field with
the highest peak rate was considered. Fields within 15 cm of the
reward location were excluded to avoid contamination by spikes
occurring during sharp wave-ripples, considering that sharp waveripples occur during reward consumption (i.e., eating; Buzsáki 1986)
and place cells often fire outside of their fields during sharp waveripples (Foster and Wilson 2006). As in Lee et al. 2004, cells that fired
⬍50 spikes/session within their field boundaries, were also excluded.
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Fig. 1. CA1 place field properties vary with
experience. A: histological section showing
example tetrode sites in CA1 cell body layer.
Tracks of two individual tetrodes can be seen
and are circled in black. B: example spike
raster for a single place cell showing the
locations of spikes (red dots) across multiple
laps around a circular track in sessions 1–3.
Fewer spikes were emitted on the first two
laps of session 1 after which the firing rate
increased while the place field expanded
backward. No such effect is evident in sessions 2–3. The arrow next to the y-axis denotes the direction of movement. C: experiential changes in place field properties [top-tobottom: center of mass (COM), field peak, first
spike, last spike, normalized field size, normalized firing rate, normalized field width, skewness, firing rate asymmetry index (FRAI)]
across time for sessions 1–3 (left to right) for all
included place cells. D: differences between the
curves shown in C. Left column shows the
session 2 curves subtracted from the session 1
curves, while the middle and right columns
show the session 3 curves subtracted from the
session 1 and 2 curves, respectively. Gray
shaded areas denote 95% simultaneous confidence bands. Corresponding pointwise level
␣ ⬍ 0.01 for all bands.
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Passes with a mean running speed of ⬍5 cm/s in either half of the field
or less than three spikes were also discarded. A total of 286/377 place
fields and 8,758/14,847 passes met these inclusion criteria.
Changes in place field properties over time across the three sessions
were quantified by an additive model (see Statistical analyses below):
y i ⬃ sessioni ⫹ ssession(timei) ⫹ i,  僆 N(0, )
The response y could be any of the place field properties listed in
Tables 1–2 and described above. Separate smooth functions ssession(·)
were estimated for each session.
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Signal processing. All signal processing was performed using
custom MATLAB scripts. Time-resolved power was estimated
using a complex Morlet wavelet transform with a width parameter
of seven periods, evaluated at 50 frequencies logarithmically
spaced between 2 and 100 Hz, and applied to a single channel from
a tetrode in the cell body layer of CA1. A tetrode was classified as
being in the cell layer if it had a place cell and was later
histologically verified to be in or close to the CA1 cell body layer.
Among these tetrodes, the channel with the largest theta amplitude
was selected to be included in the analysis. Theta phase was then
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Table 1. Statistical summary of time-by-session curves from Fig. 1C
ssession2(time)

ssession1(time)

ssession3(time)

Response Variable

Ref. df

F

P

Ref. df

F

P

Ref. df

F

P

COM
Field peak
First spike
Last spike
Field size
Firing rate
Field width
Skewness
FRAI

2.49
2.10
2.14
1.02
2.69
3.87
2.25
2.10
2.63

19.18
10.13
8.49
5.50
12.68
9.76
0.13
0.74
0.61

⬍10⫺9
⬍10⫺4
⬍10⫺3
0.02
⬍10⫺6
⬍10⫺6
0.89
0.48
0.62

2.54
2.15
2.19
1.02
2.75
3.95
2.29
2.15
2.68

3.84
0.14
6.63
4.53
0.18
1.38
1.73
2.06
2.31

0.02
0.91
⬍0.01
0.03
0.87
0.30
0.15
0.13
0.09

2.54
2.14
2.18
1.02
2.75
3.96
2.29
2.15
2.68

6.25
3.99
1.15
7.71
3.25
4.32
1.50
1.39
2.31

⬍10⫺3
0.02
0.29
⬍0.01
0.07
⬍0.01
0.20
0.28
0.08

Ref. df is the reference degrees of freedom used for approximate F-ratio and P value computation and is also a measure of curve nonlinearity. Ref. df closer
to 1 is more linear. COM, center of mass; FRAI, firing rate asymmetry index. See Wood 2013 and Wood 2017 (sec. 6.12) for further details. n ⫽ 2,701, 2,990,
and 3,067 laps for sessions 1–3, respectively.

estimated using the Hilbert transform of the theta (6 –12 Hz)
bandpass-filtered signal.
To reduce computational burden for statistical analyses, power
estimates were downsampled to the video frame rate of 30 Hz, and all
samples within 15 cm of the reward location were discarded. Power
was normalized separately for each frequency and day. Normalization
was performed by taking a kernel density estimate of the cumulative
distribution function (cdf) of the log power using the kcde function
from the ks package in R (Duong 2007, 2016). The cdfs were then
mapped to z-scores so that the power distribution for each frequency
became normally distributed with mean zero and unit variance, as
verified by Q-Q plots.
Statistical analyses. All statistical analyses were performed using
an additive mixed model (AMM) framework. AMMs do not assume
a particular form for the estimated effects (i.e., linear, monotonic, etc.)
and can help control for variance unique to a specific experiment.
They have the general form
y i ⬃ A i␣ ⫹

兺j ijs j(xij) ⫹ Zib ⫹ i,  僆 N(0, 2⌳)

Here, yi is the ith observation. A is a design matrix for parametric
terms with associated parameter vector ␣. The sj(·) are “smooth”
functions over the covariates xj (i.e., running speed, theta phase, or
time within a session) with dummy variables ij that allow the
functions to vary with respect to another variable (e.g., session). Z is
a design matrix for random effects terms with associated parameter
vector b.  is the usual error term and is assumed to be normally
distributed with variance 2 and correlation matrix ⌳, allowing for
correlations between the errors to be modeled.
AMMs of this form were fit using the bam function for large data
from the mgcv package (Wood 2004, 2017; Wood et al. 2015; version
1.8) in R (R Core Team 2016). In mgcv, the sj(·) are represented by
penalized spline bases (Wood et al. 2015). For efficiency purposes, we

used natural cubic splines for all covariates, except theta phase, for
which cyclic natural cubic splines were used. Functional interactions
were fit using tensor product interaction bases with corresponding
natural cubic and/or cyclic natural cubic marginal bases.
Each covariate had an associated smoothness parameter j, which
controls the degrees of freedom (df) allocated to the term. A large
value of j results in a linear estimate for the term, while a small j
allocates some maximum df that was chosen a priori. This maximum
was set to 10 df for all univariate terms and 5 df for each dimension
of the interaction terms. To ensure an interpretable surface, the
maximal df for the running speed-by-time interaction was set to 3 df
for both dimensions as the higher running speeds were more sparsely
sampled. The values of the j were selected during model fitting with
regard to some criterion, allowing the data to determine how strongly
each term is penalized. For this criterion, we used restricted maximum
likelihood estimation (REML) as it has good numerical convergence
properties and offers robustness against misspecification of the error
correlation structure (Krivobokova and Kauermann 2007; Wood
2011).
For the random effects terms, the mgcv package implements
random factor smooths (Baayen et al. 2016). These terms help
control for repeated measurements and are used to estimate deviations from the population mean function at different levels of a
grouping factor. This is accomplished by incorporating additional
lower order penalties on the linear parts of the functions so that
they shrink to constants. Thus small penalties estimate smooth
random functions while large penalties result in random intercepts
for each level of the grouping factor. Mice were run on a single
experiment per day; therefore, we included random factor smooths
for each univariate predictor with day as the grouping factor. This
was done to ensure that the variation related to each covariate that
was unique to a particular day was taken into account.

Table 2. Statistical summary of time-by-session difference curves from Fig. 1D
ssession1–3(time)

ssession1–2(time)

ssession2–3(time)

Response Variable

Ref. df

F

P

Ref. df

F

P

Ref. df

F

P

COM
Field peak
First spike
Last spike
Field size
Firing rate
Field width
Skewness
FRAI

2.15
1.70
1.62
1.01
2.66
3.25
1.73
1.45
1.85

23.12
6.70
17.96
10.11
7.85
7.59
0.34
0.19
2.14

⬍10⫺10
⬍0.01
⬍10⫺6
⬍0.01
⬍10⫺4
⬍10⫺4
0.57
0.78
0.13

2.14
1.01
1.71
1.01
2.86
3.48
1.88
1.01
1.29

24.56
23.47
8.84
13.23
9.83
10.69
0.76
1.85
0.32

⬍10⫺11
⬍10⫺5
⬍10⫺3
⬍10⫺3
⬍10⫺5
⬍10⫺6
0.54
0.17
0.62

2.18
1.01
1.74
1.01
2.91
3.54
1.91
1.01
1.31

0.02
2.02
1.21
0.22
0.84
0.79
1.41
3.68
5.25

0.97
0.15
0.21
0.64
0.44
0.54
0.18
0.05
0.01

n ⫽ 2,701, 2,990, and 3,067 laps for sessions 1–3, respectively.
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To control for correlations between temporally adjacent samples,
mgcv allows a first order autoregressive (AR1) correlation structure to
be assumed for the errors (Baayen et al. 2016). This term has a
parameter, , which describes the expected correlation between adjacent errors. For efficiency purposes, this parameter was estimated by
the Yule-Walker method on the residuals of the corresponding model
fit without the AR1 term, using the “ar” function from the base stats
package in R. Including the AR1 correlation produced similar mean
estimates, but more conservative covariance estimates, of the model
coefficients.
Confidence intervals and test statistics. Due to the large size of the
local field potential data, AMMs were fit independently for each
frequency. To control for multiple comparisons, approximate 95%
simultaneous confidence intervals were estimated over all model
terms and frequencies jointly using a simulation-based approach
(Ruppert et al. 2003). Briefly, the model coefficient estimates were
ˆ and covariance
distributed multivariate normal with mean vector ␤
matrix ⍀. Simulations may be made by multiplying a sample from
this distribution with the linear predictor matrix defined on a dense
grid of the predictor values. We simulated all the model terms
simultaneously 1,500 times for each frequency. The absolute values of
the pointwise deviations of the simulations were then standardized,
and the maximum standardized deviation across all terms for each
simulation was identified. A critical value m1⫺␣ was defined as the
95% quantile of the maximum deviations. For the “full” model, m1⫺␣
was ~4.8, which resulted in intervals ~2.5 times wider than the critical
value of 1.96 used for pointwise intervals and a corresponding
pointwise level ␣⬇1.59·10⫺6. Similar intervals were produced for the
place field properties analyses for which models were sampled 10,000
times, which was computationally manageable due to the smaller size
of the models.
All test statistics reported in Tables 1 and 2 (e.g., F-ratios, P values,
etc.) are the default values reported by mgcv and test against the null
hypothesis that all coefficients making up a smooth term are identically equal to 0. These values should be regarded as approximations
as they are conditional upon the smoothing parameters (i.e.,  j)
selected by the REML estimation. See Wood 2013 and Wood 2017
(sec. 6.12) for further details.
Cross-validation analyses. To compare the predictive strength of
running speed, time-within-session (also referred to as time), theta
phase, and session with regard to our observed oscillatory power
measurements, we performed leave-one-mouse-out cross-validation
analyses on a series of six models:
base:
power f ⬃ session ⫹ s(speed) ⫹ s(phase) ⫹ ti(speed, phase)
⫹ fs(speedⱍday) ⫹ fs(phaseⱍday) ⫹ ,  僆 N(0, AR1)
⫹ time:
power f ~ RHSbase ⫹ s共time兲 ⫹ fs(timeⱍday)
⫹ time-by-session:
power f ~ RHSbase ⫹ ssession共time兲 ⫹ fs(timeⱍday)
⫹ speed-by-time-by-session:
power f ⬃ RHSbase ⫹ ssession(time) ⫹ tisession(speed, time)
⫹ fs(timeⱍday).
⫹ phase-by-time-by-session:
power f ~ RHSbase ⫹ ssession共time兲 ⫹ tisession共 phase, time兲
⫹ fs(timeⱍday)
full:
power f ~ RHSbase ⫹ ssession共time兲 ⫹ tisession共 phase, time兲
⫹ tisession共speed, time兲 ⫹ fs(timeⱍday)

In all equations, observation indices are implicit, f indexes frequency,
RHSbase is the right-hand side of the base model, the ssession(·) denote
separate smooth functions for each session, the tisession(·) are separate
tensor product interactions for each session, and the fs(·|day) are random
factor smooth functions with day as the grouping factor. Each model
was fit using the data from all but one mouse. The data from the
withheld mouse were then used to test predictions from the fitted
model. Estimates corresponding to the random factor smooth functions were excluded from the predictions. This procedure was repeated for all six mice, and the combined prediction errors were used
to calculate R2 values for each frequency. The cross-validation folds
were fit in parallel using the High Performance Computing resources
at the Texas Advanced Computing Center (TACC) at the University
of Texas at Austin.
RESULTS

CA1 place cells become more anticipatory with experience
in familiar environments, as evidenced by a backward shift of
their place fields over time in both rats (Lee et al. 2004; Mehta
et al. 1997, 2000), and mice (Cabral et al. 2014). We attempted
to replicate this effect by performing multisite tetrode recordings (Fig. 1A) in mice (n ⫽ 6) running unidirectionally around
a familiar circular track for three 10-min sessions per day.
Figure 1B shows an example recording from a place cell in this
task. The cell fired fewer spikes during the first two laps of the
first session, after which its place field expanded backward,
remaining stable throughout the following two sessions. To
characterize how place fields change on average over time, we
considered a number of single-pass place field properties that
have previously been demonstrated to change in experiencedependent ways (Cabral et al. 2014; Lee et al. 2004; Mehta et
al. 1997, 2000). Figure 1C visualizes each of these effects
while Table 1 provides an associated summary of test statistics.
Place field COM, as well as the locations of peak firing and of
the first and last spikes within the field, all shifted backward by
~1–2 cm during the first session (Fig. 1C; Table 1; top 4 rows).
This contrasts with sessions 2 and 3 where these measures had
either negligible or smaller shifts in the forward direction.
Place fields also became more robust during the first session as
evidenced by an increase in field size and within-field firing
rate (Fig. 1C; Table 1; rows 5– 6). Again, trends in these
measures were either negligible or in the opposite direction
during the subsequent sessions. Field size was measured as the
integral of the spatial firing rate map within the field boundaries on each pass. Thus it is influenced by changes in withinfield firing rate and place field width. No significant trends
were discernable for place field width during any of the
sessions (Fig. 1C; Table 1; row 7), so changes in place field
size likely reflected firing rate changes. We found no significant trends in measures of place field asymmetry (skewness
and firing rate asymmetry index; Fig. 1C; Table 1; bottom 2
rows). Our results are therefore in line with prior suggestions
that location-based measures (e.g., COM) may be more reliable
indicators of place field plasticity (Cabral et al. 2014; Lee et al.
2004).
Figure 1D displays between-session comparisons in the form
of difference curves for the place field measures described
above and shown in Fig. 1C. These difference curves demonstrate that for all measures containing strong trends in the first
session, significant differences are evident between the first
and subsequent sessions but not between sessions 2 and 3 (Fig.
1D; Table 2). Thus the experience-dependent, backward shift-
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fitting a base model which included running speed, theta
phase, and a running speed-by-theta phase functional interaction as predictors for oscillation amplitude (i.e., power). Figure
3, B–D displays the resulting additive contributions of each of
these terms to the overall fit of the model (i.e., the overall
prediction of oscillation amplitude made by adding the separate
contributions together).
Figure 3B shows that power in the delta to low theta range
(2– 8 Hz) decreased with running speed, while power in the
upper theta range (~9 –10 Hz) increased with running speed.
These lower and higher frequency theta rhythms may correspond to the atropine-sensitive/resistant theta rhythms that
occur during immobility/active movements, respectively (Kramis et al. 1975). We will refer to these as “slow” and “fast”
theta for the remainder of the paper. Additionally, theta in rats
is known to become less sinusoidal with increasing running
speed (Sheremet et al. 2016). That is, the theta cycle often has
a faster rise and/or sharper troughs than a pure sinusoid (Fig. 3,
A and C). Accordingly, separate putative harmonics, one slow
(~11–16 Hz) and one fast (~17–20 Hz), can be seen to decrease
and increase, respectively, with running speed (Fig. 3B).
Consistent with the findings of Chen et al. (2011), power in
the slow gamma (~25–50 Hz) and fast gamma (~50 –100 Hz)
ranges both increased with running speed (Fig. 3B). This effect
differs from what is typically found in rats (Ahmed and Mehta
2012; Zheng et al. 2015), and others have suggested that this
increase in slow gamma amplitude with running speed observed in mice may be attributable to a theta harmonic (Kemere
et al. 2013). However, example LFP recordings show discernible slow gamma oscillations that increase with increasing
running speed (Fig. 3A), suggesting that this may not be a full
explanation.
Figure 3C shows the additive contribution of theta phase to
power at each frequency. As in Chen et al. (2011), slow and
fast gamma power were higher around the peak of theta (~0
radians), with slow gamma centered more on the descending
phase (Fig. 3C). We will refer to the theta phases associated
with maximal slow and fast gamma power as the “preferred”
theta phases of slow and fast gamma. Figure 3D shows the
additive contribution of the running speed-by-theta phase interaction and conveys how the relationship between theta phase
and gamma power changed across different running speeds.
Slow and fast gamma power both increased at their preferred
theta phases (i.e., ~0- rad for slow gamma, ~0 rad for fast
gamma) with faster running speeds (Fig. 3D), demonstrating
that theta-gamma phase-amplitude correlations become stronger at higher running speeds as reported in Chen et al. (2011).
Chen et al. (2011) also reported a theta phase shift of slow
gamma, but not fast gamma, power with respect to running
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30
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0

autocorrelation

frequency (Hz)

ing of place fields that has previously been reported was
replicated in the present data set.
Theta and gamma power and phase-amplitude correlations
increased with running speed. We next wanted to test for the
presence of similar experience-dependent trends in CA1 theta
and gamma rhythms. In mice, the amplitudes of slow and fast
gamma, as well as theta-gamma phase-amplitude correlations,
have been reported to increase with increasing running speed
(Chen et al. 2011). Moreover, the influence of running speed
on theta and gamma in rats has been shown to decrease across
repeated exposures to an initially novel environment (Kemere
et al. 2013). Thus we reasoned that the relationships between
running speed, theta, and gamma would change over time both
within and between sessions in an experience-dependent
fashion.
In a setting such as this, with many potential effects (e.g.,
running speed, time-within-session, etc.), accounting for the
simultaneous influence of the many variables involved can be
difficult to accomplish using univariate methods. Multiple
regression methods allow for the estimation of the additional
contribution each variable makes after being adjusted for the
presence of the other variables (e.g., effect of time-withinsession adjusted for running speed). We therefore chose to
study the joint effects of running speed, time-within-session,
theta phase, and session number using an additive mixed
model framework (see Statistical analyses section in MATERIALS
AND METHODS). This allowed us to estimate the additive contributions of each variable while controlling for the others, as
well as for variation in the estimates that may be unique to each
experiment (e.g., a particular day of recording). To identify the
extent to which the effects of each of these predictors changed
continuously with frequency in an unbiased way, separate
models were fit for 50 frequencies logarithmically spaced
between 2 and 100 Hz. The statistical assumptions of the
model were better met by including a first order autoregressive
process (AR1) for the residuals to control for the presence of
autocorrelation, which was stronger for the lower frequency
rhythms (Fig. 2). Including this term did not strongly alter any
of the estimated effects we report (AR1⫺, AR1⫹ ⬎ 0.99 for all
predictors) but reduced the total amount of autocorrelation,
resulting in more conservative confidence estimates.
Figure 3A (top) shows a one second example local field
potential (LFP) recording and associated running speed estimates to illustrate the relationship between running speed and
gamma reported by Chen et al. (2011). The amplitudes of theta
and slow gamma oscillations can be seen to increase as the
animal runs faster. Figure 3A (bottom) shows a similar example
in which the amplitude of fast gamma increases with running
speed. To quantify these effects on grouped data, we began by

481

Fig. 2. AR1 correction of residuals in base
model. Left: autocorrelation functions of the
residuals for each frequency fit under the base
model (see text). Middle: corrected residuals for
the same model assuming an AR1 error process.
Right: difference in the magnitude of autocorrelation between the two models, where purple
corresponds to less autocorrelation in the AR1
corrected model. One lag is ~33 ms, such that
the x-axes range from ~0 –990 ms.
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Fig. 3. Dependence between running speed, theta/gamma amplitude, and theta phase-gamma amplitude correlations. A: example local field potential (LFP)
recordings, with bandpass-filtered versions for theta (th), slow gamma (sg), and fast gamma (fg) frequencies during periods of increasing running speed. In both
the raw and filtered traces of the top, slow gamma amplitude increases with running speed. The bottom shows a similar example in which fast gamma amplitude
increases with running speed. Vertical dashed lines denote theta troughs. B–D: each panel corresponds to a single term in the base model (see text). Yellow, blue,
and red lines on frequency axes denote approximate theta, slow gamma, and fast gamma bands, respectively. B: additive contribution of running speed to power
at each frequency. C: additive contribution of theta phase to power at each frequency. Black curve above is the mean broadband (i.e., 0.1–500 Hz) LFP at each
phase of theta with scale bar for reference. Notice the asymmetry of the theta waveform. D: additive contribution of the running speed-by-theta phase interaction
to power at each frequency. Each subpanel is the additive effect for a separate frequency, denoted by the labels above the subpanels. Frequencies ⬍9.9 Hz are
omitted to conserve space as no significant effects were observed at these frequencies. Only every other subpanel axis is labeled for visual purposes. Orange and
purple lines denote 0 level contours of the lower and upper 95% simultaneous confidence bands (corresponding pointwise level ␣ ⬍ 10⫺6), respectively.

speed. Here, we observed a shift in the running speed-theta
phase interactions across the putative harmonic and slow
gamma frequencies (~18 – 45 Hz). In the lower part of this
range (~18 –24 Hz), high running speed power was increased
around the trough and rising phase of theta (⫾). Beginning
around 25 Hz, a transition occurred as high running speed
power became increasingly associated with the preferred phase
of slow gamma (i.e., ~0-; Fig. 3D). A theta phase shift of
slow gamma power with respect to running speed is also
evident. This effect is weakly evident in the lower frequencies
of fast gamma (~57–72 Hz) as well, but it is mostly absent
throughout the majority of the fast gamma range (⬎72 Hz).
The interpretation of these effects is complicated by coincident
changes in the theta waveform shape, which can obscure theta
phase estimates, and associated theta harmonics, which can
obscure gamma power estimates. However, our findings are
generally in line with those of Chen et al. (2011) and demonstrate the strength of the additive model approach taken here.
Experience-dependent changes in theta and slow gamma. To
assess the influence of experience on theta and gamma
rhythms, we fit a sequence of five additional models by
incorporating time-within-session (also referred to as time),
session number, and their corresponding interactions as predictors. We compared the predictive performances of these
models using a leave-one-mouse-out cross-validation approach. Figures 4, 5, and 7 show the additive contributions of
each of these terms in the full model (see MATERIALS AND
METHODS) that were not included in the base model discussed

above. These include the time-by-session, running speed-bytime-by-session, and theta phase-by-time-by-session interactions. Incorporating these additional predictors did not alter the
estimated effects for the terms in the base model (base, full ⬎
0.99 for running speed, theta phase, and running speed-bytheta phase). Figure 4A shows the additive contribution of time
for each of the three sessions, while Fig. 4B displays the
corresponding between-session comparisons of these contributions in the form of difference surfaces. Fast theta, slow
gamma, and fast gamma power displayed significant trends
over time in all three sessions (Fig. 4A). Power for fast theta
(~10 Hz) and its putative harmonic (~20 Hz) decreased over
time in all three sessions (Fig. 4A), and the elevated power at
the beginning of the sessions for these frequencies was significantly greater in session 1 compared with sessions 2 and 3
(Fig. 4B). Conversely, slow theta power was significantly
reduced in the initial portion of session 1 but not sessions 2 and
3 (Fig. 4A). A different pattern was observed for slow gamma
power. Like fast theta, slow gamma power decreased over time
in sessions 2 and 3 (Fig. 4A). However, this effect was absent
in session 1 in which slow gamma was transiently diminished
early in the session (Fig. 4A, left). Accordingly, there was a
significant difference between slow gamma power in the initial
period of the first, relative to the second and third sessions, and
slow gamma power at the start of the second and third sessions
were not significantly different (Fig. 4B). Fast gamma power
significantly decreased across time in all three sessions (Fig.
4A), and no significant differences in fast gamma power were
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Fig. 4. Experience-dependent trends in theta and gamma power. A: additive contribution of time-by-session to power at each frequency fit under the full model
(see text). B: differences between the surfaces shown in A. The left subpanel shows the session 2 surface subtracted from the session 1 surface, while the middle
and right subpanels show the session 3 surface subtracted from the session 1 and session 2 surfaces, respectively. For both A and B, the axes on the middle
subpanels are not labeled for visual purposes. Orange and purple lines denote 0 level contours of the lower and upper 95% simultaneous confidence bands
(corresponding pointwise level ␣ ⬍ 10⫺6), respectively. Yellow, blue, and red lines on frequency axes denote approximate theta, slow gamma, and fast gamma
bands, respectively. C: example LFP recordings (top row) from a representative electrode, and bandpass-filtered versions for theta (th), slow gamma (sg), and
fast gamma (fg) frequencies, during one second intervals within the first minute of sessions 1–3 for which animals ran at similar speeds (bottom row). The vertical
dashed lines denote theta troughs. Note how theta amplitude is largest in session 1, whereas slow gamma amplitude is lowest in session 1.

seen between any of the sessions (Fig. 4B). Overall, no differences were observed at any time or frequency between sessions
2 and 3 (Fig. 4B, right). Figure 4C shows an example LFP
recording during a representative one-second period with similar running speed profiles, occurring early in sessions 1–3.
Consistent with the results above, theta appears larger in
session 1, whereas slow gamma appears larger in sessions 2
and 3. These results raise the possibility that increased fast
theta power during the period of initial exposure to a familiar

environment within each day may play a role in the acquisition
of anticipatory firing that also occurs during this time period.
Moreover, the recovery of slow gamma power that occurs after
each day’s initial exposure to a familiar environment may
reflect an increase in the effective CA3 input to CA1 that
develops with experience.
Experience-dependent trends in the influence of running
speed on theta and gamma rhythms. Figure 5 shows the
additive contributions of the running speed-by-time interaction
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Fig. 5. Experience-dependent trends in the speed modulation of theta/gamma amplitude. Additive contribution of the running speed-by-time interaction to power
for each frequency and session fit under the full model. Left, middle, and right panels correspond to sessions 1–3, respectively. Each subpanel corresponds to
a separate frequency, denoted by the labels above the subpanels, logarithmically spaced between 2 and 100 Hz. Only every other subpanel axis is labeled for
visual purposes. Unvisited pixels are colored white. Orange and purple lines denote 0 level contours of the lower and upper 95% simultaneous confidence bands
(corresponding pointwise level ␣ ⬍ 10⫺6), respectively. Yellow, blue, and red lines above individual subpanels denote frequencies within the theta, slow gamma,
and fast gamma bands, respectively.

to the power of each frequency during each session. To
interpret this figure, it is important to remember that each of the
contributions here are additive with respect to the corresponding contributions from the main effects of running speed for
each frequency (see Fig. 3B). Thus it communicates how the
strength of the running speed modulation of power at each
frequency changes slowly over time in each of the three
sessions. For example, Fig. 3B shows that power in the fast
theta (~9 –10 Hz) range, and in the range of its putative
harmonic (~17–20 Hz), increased with running speed, so Fig.
5 shows that this increase was significantly greater in the
earlier part of session 1 and became significantly weaker at
later times in the session. As the color-coded z-score range in
Fig. 3B is larger than that in Fig. 5 (~-0.6 – 0.6 in Fig. 3B,
~-0.25– 0.25 in Fig. 5), it is not the case that total predicted

power for fast theta is decreased at high running speeds in the
latter half of session 1, but rather that the gain of the effect
observed in Fig. 3B is mitigated. Similar tendencies were
observed in sessions 2 and 3, but the decrease in the running
speed modulation of fast theta was not identified as significant
in these later sessions according to our criteria.
As was the case for the simple effects of time-by-session
(Fig. 4), a different pattern of running speed-by-time interaction effects was observed for slow gamma. Figure 3B shows
that slow gamma power increased with running speed. Unlike
with theta, however, the magnitude of this power increase for
slow gamma was significantly reduced early in session 1 and
became significantly greater over time within the session (Fig.
5). Conversely, in sessions 2 and 3, the running speed modulation of slow gamma power was greater in the early parts of
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Fig. 6. Across-session differences in experience-dependent trends in the speed dependence of theta/gamma amplitude. Between-session differences for the
surfaces shown in Fig. 5. Left: session 2 surfaces subtracted from the session 1 surfaces. Middle and right: session 3 surfaces subtracted from the session 1 and
session 2 surfaces, respectively. As in Fig. 5, each subpanel corresponds to a separate frequency, denoted by the labels on top. Pixels not visited in both sessions
are colored white. Orange and purple lines denote 0 level contours of the lower and upper 95% simultaneous confidence bands (corresponding pointwise level
␣ ⬍ 10⫺6), respectively. Yellow, blue, and red lines above subpanels indicate frequencies within the theta, slow gamma, and fast gamma ranges, respectively.

the sessions and became significantly reduced over time (Fig.
5). A different pattern of results was observed for fast gamma.
While fast gamma power increased with running speed, as was
shown in Fig. 3B, no significant trends in the magnitude of this
increase were observed over time within session 1 (Fig. 5). In
sessions 2 and 3, however, small but significantly negative
trends in the magnitude of running speed modulation of fast
gamma power were observed (Fig. 5).
Figure 6 shows between-session comparisons of the running
speed-by-time interactions in the form of difference surfaces
for each frequency. Again, no significant differences at theta or
gamma frequencies were observed between sessions 2 and 3,
and differences between the first session and subsequent sessions were most prominent in the slow gamma range (Fig. 6).
These results suggest that the running speed modulation of
slow gamma power changed with experience both within and

between sessions. Some small, but significant, differences were
observed between all three sessions at low frequencies (⬍3
Hz), but these effects did not generalize to withheld data (Fig.
8) and may be explained by the stronger residual autocorrelation at these frequencies, which was not fully reduced by the
AR1 process (Fig. 2).
Experience-dependent trends in theta-gamma phase-amplitude correlations. Figure 7A shows the additive contribution to
power from the theta phase-by-time interactions for each frequency and session, while Fig. 7B displays the associated
between-session difference surfaces for these effects. Both
slow and fast gamma power were significantly higher at the
rising phase of theta in the early parts of all three sessions (Fig.
7A). Again, these effects are additive with those reported
earlier (i.e., in Fig. 3C), and the effect sizes are different
(~⫺0.4 – 0.4 in Fig. 3C vs. ~⫺0.15– 0.15 in Fig. 7A). Thus Fig.
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Fig. 7. Experience-dependent trends in theta phase-gamma amplitude correlations. A: additive contribution of the theta phase-by-time interaction to power for
each frequency and session fit under the full model. Left, middle, and right panels correspond to sessions 1–3, respectively. Each subpanel shows the additive
effect for a separate frequency, denoted by the labels above the subpanels. B: difference surfaces for the fits shown in A. Left: session 2 surfaces subtracted from
the session 1 surfaces. Middle and right: session 3 surfaces subtracted from the session 1 and session 2 surfaces, respectively. Only every other subpanel axis
is labeled for visual purposes. Orange and purple lines denote 0 level contours of the lower and upper 95% simultaneous confidence bands (corresponding
pointwise level ␣ ⬍ 10⫺6), respectively. Blue and red lines above subpanels indicate frequencies within the slow gamma and fast gamma bands, respectively.
Frequencies ⬍14.7 Hz are omitted, as no significant effects were observed at these frequencies.

7A demonstrates that slow gamma power was reduced at its
preferred theta phase early in the sessions, resulting in slightly
weaker phase-amplitude correlations during these times. This
effect was significantly larger in session 1 compared with
sessions 2 and 3 (Fig. 7B). The interpretation for fast gamma is
subtler and is consistent with a slight shift from the peak to the
rising phase of theta early in the sessions. No between session
differences were detected for fast gamma, and there were no
differences between sessions 2 and 3 at any frequency (Fig.
7B). As with Fig. 3D, the interpretation of these effects is
complicated by potential influences from changes in the shape

of the theta waveform and associated harmonics. However, as
with the time-by-session and running speed-by-time-by-session
results reported in the previous sections, experience-dependent
trends in theta phase correlations were confined to the slow
gamma range. It is possible that additional trends exist with
regard to running speed modulation of theta phase correlations
over time, considering the running speed results shown in Fig.
5. However, we did not explore this effect as it requires
estimation of a complicated four-way interaction.
Cross-validation. We next compared the predictive performance of the different variables on out-of-sample data using a

J Neurophysiol • doi:10.1152/jn.00472.2017 • www.jn.org
Downloaded from www.physiology.org/journal/jn by ${individualUser.givenNames} ${individualUser.surname} (129.116.146.132) on March 5, 2018.
Copyright © 2018 American Physiological Society. All rights reserved.

EXPERIENCE-DEPENDENT TRENDS IN CA1 THETA AND GAMMA RHYTHMS

leave-one-mouse-out cross-validation approach (see Crossvalidation analyses section in MATERIALS AND METHODS). Six
models of varying levels of complexity, ranging from the base
to the full models discussed previously, were compared. For all
models, cross-validated R2 values were typically low (⬍0.08;
Fig. 8). This can be partially attributed to the noisiness of
LFPs, and to inter-animal variability; however, it also highlights a need for additional research into the statistical modeling of these signals. Despite the small R2 values, clear peaks in
predictive performance are evident at slow theta (~5–7 Hz),
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0.075

0.050

0.025
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fast theta (~9 –10 Hz), and their putative harmonics at ~12–13
Hz and ~17–20 Hz. In addition, large and separate slow gamma
(~25–50 Hz) and fast gamma (~60 –100 Hz) peaks in predictive performance are also apparent. Figure 8B shows the
improvement in R2 gained by including each additional variable. For example, “⫹ time” indicates the improvement beyond the base model when the time variable is included, “⫹
time-by-session” indicates the improvement beyond the ⫹ time
model when the time-by-session variable is included, etc. None
of the models had positive improvement at frequencies ⬍3 Hz
and ~8 Hz (Fig. 8B), suggesting that the predictors not included
in the base model did not generalize well to withheld data at
these frequencies. Adding time as a predictor improved performance at all remaining frequencies, while incorporating
time-by-session (i.e., a separate time effect for each session)
offered further improvements in the fast theta, putative fast
theta harmonic, and slow gamma ranges (Fig. 8B). The full
model also performed best in the fast theta, putative fast theta
harmonic, and slow gamma ranges, but incorporating the
speed-by-time-by-session interaction resulted in larger improvements compared with the theta phase-by-time-by-session
interaction (Fig. 8B). Overall, the model comparison conclusions here are in line with the results reported above, which
suggest that experience-dependent changes are most prominent
at fast theta and slow gamma frequencies.
DISCUSSION
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Fig. 8. Model comparisons. A: overall leave-one-mouse-out cross-validated R2
for the full model at each frequency. B: improvement in R2 due to including an
additional variable. ⫹ time indicates improvement beyond the base model after
adding time. ⫹ time-by-session indicates improvement beyond the ⫹ time
model after including time-by-session. ⫹ speed/phase-by-time-by-session indicates improvement beyond the ⫹ time-by-session model after including
speed/phase-by-time-by-session, respectively. Similarly, full indicates improvement beyond the ⫹ time-by-session model after including both speedby-time-by-session and phase-by-time-by-session simultaneously. Yellow,
blue, and red lines on x-axes denote approximate theta, slow gamma, and fast
gamma frequency bands, respectively.

The acquisition of anticipatory firing in CA1 with experience in
familiar environments is a robust phenomenon that has been
replicated in numerous studies in both rats and mice (Cabral et al.
2014; Ekstrom et al. 2001; Lee et al. 2004; Mehta et al. 1997,
2000; Roth et al. 2012). Somewhat surprisingly, however, concomitant trends in the hippocampal LFP have not been studied in
detail. Here, we report that such trends are frequency specific and
can be observed as changes over time in baseline power, as well
as changes over time in the dependencies between power, running
speed, and theta phase. Specifically, we found that experiencedependent changes in oscillatory power were concentrated in the
frequency ranges associated with previously reported hippocampal oscillations (i.e., slow theta, fast theta, slow gamma, fast
gamma). Moreover, experience-dependent changes in oscillatory
power were strongest at theta and slow gamma frequencies.
Baseline power was transiently enhanced for running-related fast
theta, and transiently diminished for slow gamma, in the first
minutes of exposure to a familiar environment each day. This is
the same period during which anticipatory firing is acquired in
CA1 place cells. Similarly, the influence of running speed on
oscillatory power was transiently enhanced for theta, and diminished for slow gamma, during this same time period. In addition,
the influence of theta phase on slow gamma power was also
transiently altered. In contrast, fast gamma displayed trends across
time within a session that were nearly identical across repeated
sessions within a day. Therefore, fast gamma appears to be less
influenced by experience than slow gamma or fast theta.
It is possible that experience-dependent trends in oscillatory
patterns may provide insights about the emergence of anticipatory firing in CA1 place cells. Our results showed a selective
enhancement of oscillatory power in the fast theta range during
the initial period of each day’s first testing session (Fig. 4), a time
period during which synaptic plasticity that is thought to underlie
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anticipatory firing (Mehta et al. 2000) presumably emerges. It is
possible that strong theta activity in CA1 during this time promotes synaptic plasticity in CA1 synapses (Larson et al. 1986;
Staubli and Lynch 1987). Once expressed, such plastic changes
could allow place cells to fire in response to lower levels of
excitatory input, thereby allowing place cells to fire earlier in their
place fields. Others have suggested higher theta frequencies may
act as a mechanism to increase the sampling rate of sensory
information during locomotion (Fuhrmann et al. 2015). Such a
mechanism could also be utilized during periods of elevated
attention or general arousal, which may be increased during early
exposures to an environment.
Experience-dependent increases in slow gamma power may
result from plasticity in CA3–CA1 synapses, signaling an increase
in the effective influence of CA3 over CA1. On the other hand, a
lack of slow gamma may prevent anticipatory firing in CA1 place
cells. We observed a selective suppression of slow gamma during
the first moments of the first session of each day that was not
observed in later sessions (Fig. 4). Anticipatory firing is often
interpreted as a kind of memory retrieval process at the single cell
level, with CA1 place cells retrieving the stored memory of a
spatial location from CA3 slightly before the location is actually
reached (Bieri et al. 2014; De Almeida et al. 2012). Considering
that slow gamma is thought to facilitate transmission of information from CA3 to CA1 in both mice (Chen et al. 2011; Lasztóczi
and Klausberger 2014, 2016; Yamamoto et al. 2014) and rats
(Belluscio et al. 2012; Colgin et al. 2009; Kemere et al. 2013;
Schomburg et al. 2014), the reduction of slow gamma at the
beginning of the first session of each day may reduce transmission
of information from CA3 to CA1 and thereby prevent anticipatory
firing in CA1.
This viewpoint and the present results are broadly consistent
with those of Bieri et al. (2014), who reported a link between
place cell anticipatory firing and slow gamma power in rats.
The present results provide evidence that such a link between
anticipatory firing and slow gamma rhythms is also present in
mice. However, given the differences between gamma in mice
and rats (Ahmed and Mehta 2012; Buzsáki et al. 2003; Chen et
al. 2011), it remains to be determined whether all or any of the
experience-dependent effects discussed here also pertain to
rats. A recent study in rats reported weaker slow gamma and
stronger fast gamma modulation of CA1 place cell spiking
during early trials on a familiar linear track (Fernández-Ruiz et
al. 2017), which is generally in line with the present results in
mice. These effects were interpreted as support for a stronger
entorhinal drive to CA1 during early exposures to an environment. Expanding upon this interpretation, our results suggest
that this increased entorhinal drive becomes better matched by
a stronger CA3 drive upon repeated exposures within a day.
Overall, these results motivate a number of predictions.
First, if fast theta-mediated synaptic plasticity underlies the
acquisition of anticipatory firing, then disruption of fast thetagenerating circuits during the initial part of an experience
should prevent or delay the acquisition of anticipatory coding
in CA1. Similarly, if slow gamma is enhanced by fast thetamediated plasticity, then disruption of fast theta during the
initial part of an experience should prevent or delay the
emergence of slow gamma. On the other hand, disruption of
fast theta at later points in an experience should reduce slow
gamma power to a lesser extent, or slow gamma power should
recover more quickly after a transient reduction. Additionally,

if the emergence of slow gamma promotes anticipatory firing,
then disruption of slow gamma-generating circuits at any time
during an experience should prevent anticipatory firing. Although precise control over the slow gamma rhythm remains
elusive, Blumberg and colleagues (2016) have recently shown
that 30 Hz stimulation of the medial septum produces 30-Hz
oscillations in the hippocampus. Moreover, efforts to entrain
CA1 theta in mice, via optogenetic manipulation of septohippocampal circuits, have been fruitful (Bender et al. 2015;
Fuhrmann et al. 2015). Thus these predictions may be testable
and offer promising directions for future study.
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