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The dynamics of neuronal firing during natural vision are poorly
understood. Surprisingly, mean firing rates of neurons in primary
visual cortex (V1) of freely behaving rodents are similar during
prolonged periods of light and darkness, but it is unknown whether
this reflects a slow adaptation to changes in natural visual input or
insensitivity to rapid changes in visual drive. Here, we use chronic
electrophysiology in freely behaving rats to follow individual
V1 neurons across many dark–light (D-L) and light–dark (L-D) transi-
tions. We show that, even on rapid timescales (1 s to 10 min), neuro-
nal activity was only weakly modulated by transitions that coincided
with the expected 12-/12-h L-D cycle. In contrast, a larger subset of
V1 neurons consistently responded to unexpected L-D and D-L tran-
sitions, and disruption of the regular L-D cycle with 60 h of complete
darkness induced a robust increase in V1 firing on reintroduction of
visual input. Thus, V1 neurons fire at similar rates in the presence or
absence of natural stimuli, and significant changes in activity arise
only transiently in response to unexpected changes in the visual en-
vironment. Furthermore, although mean rates were similar in light
and darkness, pairwise correlations were significantly stronger during
natural vision, suggesting that information about natural scenes in
V1 may be more strongly reflected in correlations than individual
firing rates. Together, our findings show that V1 firing rates are rap-
idly and actively stabilized during expected changes in visual input
and are remarkably stable at both short and long timescales.
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Neurons in the cerebral cortex are spontaneously active, but
the function of this internally generated activity is largely

unexplained. Ongoing activity has been proposed to be noise due
to random fluctuations (1–3). However, other experiments have
shown that spontaneous activity possesses coherent spatiotem-
poral structure (4–6), suggesting that it may play an important
role in the processing of natural sensory stimuli (4, 7–11). In
primary visual cortex (V1), spontaneous activity observed in
complete darkness is similar to that evoked by visual stimulation
with random noise stimuli and is only subtly modulated by nat-
ural scene viewing (8, 12). Recently, we showed that individual
V1 neurons have very stable mean firing rates in freely behaving
rodents and that these mean rates are indistinguishable in light
and dark when averaged across many hours (13). How V1 firing
can be stable across such drastic changes in the visual environ-
ment while still meaningfully encoding sensory stimuli and
whether this stability is actively maintained or simply arises from
intrinsic circuit dynamics remain unknown.
Regulation of individual firing rates around a stable set point

is thought to be essential for proper functioning of cortical cir-
cuits in the face of developmental or experience-dependent
perturbations to connectivity (14, 15). Long-term stability of in-
dividual mean firing rates has now been observed in rodent V1
(13, 16, 17) and primary motor cortex (18), suggesting that it is a
general feature of neocortical networks; furthermore, perturbing
V1 firing rates through prolonged sensory deprivation results in a
slow but precise homeostatic regulation of firing back to an in-
dividual set point, showing that neurons actively maintain these
set points over long timescales (13). This stability in mean firing

rates, even across periods of light and dark, raises the question of
how natural visual input is encoded by V1 activity in freely be-
having animals. One possibility is that changes in visual drive
result in rapid fluctuations in mean firing rates that operate over
seconds to minutes. Another possibility is that firing rates are
stabilized even over these short timescales, and visual information
is primarily encoded in higher-order network dynamics.
To generate insight into these questions, we followed firing of

individual neurons in V1 of freely behaving young rats over
several days as animals experienced normal light–dark (L-D) and
dark–light (D-L) transitions or transitions that were un-
expectedly imposed. We found that expected transitions had a
very modest effect on firing rates of both excitatory and in-
hibitory neurons, even when examined immediately around the
time of the transition. Population activity did not change sig-
nificantly across these transitions; when examined at the level of
individual neurons, only a small subset (∼15%) of putative ex-
citatory neurons consistently responded and then, only during D-
L transitions when animals were awake. Interestingly, randomly
timed transitions throughout the L-D cycle elicited more con-
sistent responses across sleep–wake states and at both D-L and
L-D transitions, and robust and widespread responses to D-L
transitions could be unmasked by exposing animals to pro-
longed darkness for 60 h. These results suggest that the stability
normally observed at expected (circadian) L-D and D-L transi-
tions reflects an active process of stabilization. Finally, although
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fire at the same mean rate in light and darkness. It is unclear
how this stability is maintained and whether it is important for
sensory processing. We find that transitions between light and
darkness happening at expected times have only modest ef-
fects on V1 activity. In contrast, both unexpected transitions
and light reexposure after extended darkness robustly increase
V1 firing. Finally, pairwise correlations in neuronal spiking are
significantly higher during the light when natural vision is oc-
curring. These data show that V1 firing rates are actively sta-
bilized while simultaneously allowing for input-dependent
changes in correlations between neurons.

Author contributions: A.T.P., E.I.T., S.M.G., B.J.L., J.G., and G.G.T. designed research;
A.T.P., E.I.T., S.M.G., B.J.L., and K.B.H. performed research; K.B.H. contributed new re-
agents/analytic tools; A.T.P., E.I.T., S.M.G., B.J.L., and Y.W. analyzed data; and A.T.P.,
Y.W., J.G., and G.G.T. wrote the paper.

Reviewers: C.C., Children’s Hospital; and C.M.N., University of Oregon.

The authors declare no conflict of interest.

Published under the PNAS license.
1A.T.P., E.I.T., and S.M.G. contributed equally to this work.
2Present address: Department of Biology, Washington University in St. Louis, St. Louis,
MO 63130.

3Present address: Department of Biology, Stanford University, Stanford, CA 94305.
4To whom correspondence may be addressed. Email: turrigiano@brandeis.edu.

Published online July 31, 2019.

18068–18077 | PNAS | September 3, 2019 | vol. 116 | no. 36 www.pnas.org/cgi/doi/10.1073/pnas.1906595116

http://crossmark.crossref.org/dialog/?doi=10.1073/pnas.1906595116&domain=pdf
https://www.pnas.org/site/aboutpnas/licenses.xhtml
mailto:turrigiano@brandeis.edu
https://www.pnas.org/cgi/doi/10.1073/pnas.1906595116


mean rates were very similar in light and dark, the pairwise cor-
relations between simultaneously recorded neurons were signifi-
cantly higher in the light than in the dark, even when controlling
for behavioral state. Together, our findings show that firing rates
in V1 are actively stabilized as animals navigate dramatic changes
in the visual environment. This is in contrast to the correlational
structure of V1 activity, which more closely tracks visual drive.

Results
Neurons in V1 maintain remarkably similar mean firing rates during
extended periods of light and dark, but how L-D transitions affect
firing on more rapid timescales in freely viewing and behaving an-
imals is unclear. Here, we use chronic in vivo electrophysiological
recordings from freely behaving rats to closely examine the activity
of V1 neurons at D-L and L-D transitions in regular (12/12 h) and
manipulated L-D cycles and during unexpected transitions. Using
previously established methods (13), we follow individual neurons
over time and across multiple light transitions. This approach allows
us to analyze the dynamics of neuronal activity at different time-
scales in response to the appearance or disappearance of natural
visual stimuli.

The Appearance or Disappearance of Natural Visual Stimuli Has only a
Modest Effect on the Mean Firing Rates of V1 Neurons. The firing
rates of V1 neurons recorded in freely behaving young rats in
light and dark are very similar when averaged in 12-h periods
(13). Here, we combine previously and newly acquired datasets
and set out to analyze the activity of V1 neurons around the
transition from presence to absence of visual input (L-D) and
vice versa (D-L) (Fig. 1A). Recorded neurons were classified as

regular spiking units (RSUs; n = 96) or fast-spiking (FS) cells
(n = 32) based on waveform shape and according to established
criteria (Fig. 1B) (16, 19). These populations are mostly com-
posed of excitatory pyramidal neurons (RSU) and inhibitory
parvalbumin-containing interneurons (FS) (20, 21).
As rats experience L-D or D-L transitions, most neurons

showed little change in firing (Fig. 1C). We treated each tran-
sition as a separate trial and estimated the firing rate for each
cell as the average of the perievent time histogram centered on
the transition. We first aimed to compare activity at the pop-
ulation level in different stimulus conditions. To this end, we
determined whether the distributions of mean firing rates aver-
aged over 10 min on either side of the L-D and D-L transitions
were similar to each other. Cumulative distributions in light and
dark were indistinguishable for both RSU and FS cells in all
conditions (Fig. 1 D and E) (2-sample Kolmogorov–Smirnov
test; RSU, L-D: P = 0.88; D-L: P = 0.99; FS, L-D: P = 0.99; D-L:
P = 1.0). Similarly, when we compared the distributions using a
Wilcoxon rank sum test, we found no difference between the
distributions of mean firing rates before vs. after the transitions
(Wilcoxon rank sum test; RSU, L-D: P = 0.677; D-L: P = 0.655;
FS, L-D: P = 0.905; D-L: P = 0.827).
Next, we took advantage of our ability to follow individual

neurons across transitions to examine the data in a paired manner,
where the firing rate of each neuron was compared before and
after the transition. For each neuron, we computed mean firing
rate in the 10 min before and after the transition time and aver-
aged across transitions of the same type to estimate the average
effect on individual neuronal firing. This analysis revealed a
small but consistent change in mean RSU firing rates across both
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Fig. 1. V1 firing rates are largely stable across circadian L-D and D-L transitions. (A) Experimental protocol. Single-unit recordings were obtained from
juvenile rats for a continuous 9-d period (P24 to P32). Throughout this period, animals were kept in a regular 12-/12-h L-D cycle and thus, underwent L-D
(purple arrows) and D-L (yellow arrows) transitions at regular 12-h intervals. (B, Left) Average waveform for each continuously recorded unit identified as RSU
(red) or FS cell (blue). (B, Right) Plot of trough-to-peak time vs. waveform slope 0.4 ms after trough reveals the bimodal distribution used to classify recorded
units as RSU or FS. (C) Example raster plot of spiking activity for a recorded unit across several days, showing 20 min of activity centered on the L-D (Upper)
and D-L (Lower) transitions. Dark bars represent the perievent time histogram obtained by averaging across days. (D) Cumulative distributions of RSU firing
rates averaged over the 10 min of light (solid lines) or dark (dashed lines) around the transitions for L-D (Left) and D-L (Right) transitions (L-D, P = 0.875; D-L,
P = 0.99; 2-sample Kolmogorov–Smirnov test). (E) As in D but for FS units (L-D, P = 0.99; D-L, P = 1.0; 2-sample Kolmogorov–Smirnov test). (F) Mean firing rate
for each RSU averaged across all transitions experienced by that neuron in L-D (Left) and D-L (Right) transitions. Paired data indicate that the average FR is for
the same neuron. Distributions were not significantly different (L-D, P = 0.677; D-L, P = 0.655; Wilcoxon rank sum test), but individual neurons across the
whole distribution showed consistent changes at the transitions. ***P = 0.0002; ****P < 0.0001 (Wilcoxon signed rank test). (G) As in F but for FS units.
Distributions were not different (L-D, P = 0.905; D-L, P = 0.827; Wilcoxon rank sum test), but individual FS units changed their firing consistently at D-L but not
L-D transitions (L-D, P = 0.318). *P = 0.026 (Wilcoxon signed rank test). (H) Percentage of change in firing rate across transition for RSUs (L-D, −7.09 ± 1.99%;
D-L, 15.60 ± 4.00%; Wilcoxon signed rank test). ****P = 0.0001. (I) As in H for FS units. Percentage of change in FR was different from 0 in the D-L but not the
L-D condition (L-D, −2.75 ± 3.80%, P = 0.410; D-L: 9.73 ± 5.12%; Wilcoxon signed rank test). *P = 0.017.
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L-D and D-L transitions (Fig. 1F) (Wilcoxon signed rank test;
L-D: P = 0.0002; D-L: P = 0.0001), while the activity of FS cells
only changed significantly at D-L transitions (Fig. 1G) (Wilcoxon
signed rank test; L-D: P = 0.318; D-L: P = 0.026). The magnitude
of these effects was small: on the order of 7 to 15% for RSUs
(Fig. 1 H and I) (RSU, L-D: −7.09 ± 1.99%, P = 0.0001; D-L:
15.60 ± 4.00%, P < 0.0001; FS, L-D: −2.75 ± 3.80%, P = 0.410;
D-L: 9.73 ± 5.12%, P = 0.017; Wilcoxon signed rank test).
These data show that, surprisingly, dramatic changes in visual

input cause very minor changes in V1 firing rates. The distri-
butions of mean rates in the presence and absence of natural
visual stimuli are identical in the proximity of transitions. Anal-
ysis of many transitions shows that RSU firing rates are consis-
tently affected when the visual environment changes, but this
modulation is decidedly modest.

Behavioral State Affects Sensitivity of Firing Rates to Visual Stimuli.
As rats were freely behaving throughout, we considered whether
their alertness state at the light transitions could affect the activity
of V1 neurons. Local field potential (LFP), electromyography
(EMG), and video data were collected and used to score animals’
behavioral state into either asleep or awake (13). For each animal,
20-min periods centered on the L-D and D-L transitions were
considered. Only periods during which the animal remained in the
same behavioral state for the entire time were analyzed. For each
neuron, we plotted the mean firing rate before the transition
against the mean rate after the transition. The activities of neurons
proved to be strikingly similar across all transitions regardless of
whether the animals were awake or asleep (Fig. 2 A and B). In
either behavioral state, firing rates in light and dark were very
strongly correlated, and the slope of the regression line was close
to 1 (RSU, wake, L-D: slope = 0.959, r = 0.966, P < 10−43; D-L:
slope = 0.960, r = 0.991, P < 10−48; FS, wake, L-D: slope = 1.113,
r = 0.964, P < 10−13; D-L: slope = 0.976, r = 0.990, P < 10−18;
RSU, sleep, L-D: slope = 1.147, r = 0.941, P < 10−12; D-L: slope =
0.990, r = 0.996, P < 10−13; FS, sleep, L-D: slope = 1.093, r =
0.987, P < 10−13; D-L: slope = 1.003, r = 0.996, P < 10−11).

We again looked at the data in paired form by comparing a
neuron’s average firing rate on either side of an L-D transition.
The mean activity of RSUs in V1 changed consistently across
transitions when animals were awake (Fig. 2C) (L-D: P = 0.0001;
D-L: P = 0.0457; Wilcoxon signed rank test) but not when they
were asleep (Fig. 2D) (L-D: P = 0.656; D-L: P = 0.925; Wilcoxon
signed rank test). We observed a similar pattern in FS cells, al-
though the data in the wake condition were not significant for
L-D transitions (Fig. 2 E and F) (wake, L-D: P = 0.689; D-L: P =
0.039; sleep, L-D: 0.557; D-L: P = 0.638; Wilcoxon signed rank
test). Once again, these effects were of small magnitude (7 to
12%). Thus, V1 neurons do not respond to expected (circadian)
changes in the visual environment when animals are asleep and
respond only modestly when animals are awake.

A Subpopulation of RSUs Is Consistently Responsive to D-L Transitions.
While we only detected small changes at the population level (and
no change in the population distribution), we occasionally observed
neurons with activity that appeared to be consistently modulated by
visual stimuli. The majority of neurons showed no spiking modu-
lation across multiple transitions (Fig. 3A), but a subset of neurons
showed higher activity on 1 side of the transition (Fig. 3B). Occa-
sionally, neurons responded to both L-D and D-L transitions (Fig.
3B), but more often, neurons were only responsive to one or the
other. To quantify these observations, we treated each transition
independently for each neuron, averaged firing rates for 10 min
before and after lights on/off, and identified neurons that changed
their firing rate consistently across transitions using a paired t test.
Because neuronal firing rates are variable, we presumed that

some of these apparent responses were spurious. To estimate the
false positive rate, we performed a bootstrap analysis using
random time points as dummy “transitions.” We chose 9 transi-
tion points 24 h apart from each other (to match circadian
transitions) and analyzed mean firing rates for each neuron as
above but using these dummy transition points. This process was
repeated 100 times to arrive at an estimate of the mean and 95%
confidence interval (95% CI) for the percentage of responsive
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Fig. 2. L-D transitions modestly modulate the firing of V1 neurons during wake but not sleep. (A) Comparison of mean firing rates in 10-min averages
around the transitions in L-D and D-L transitions when the animal was awake for the whole 20 min. Activity in light and dark was strongly correlated for both
transition types. (B) As in A but for transitions during which animals were asleep for the 20-min period around the transition. Firing rates in light and dark
during sleep were also strongly correlated. (C) Mean firing rate of individual RSUs calculated in 10-min averages around luminance transitions and averaged
across all transitions during which animals were awake. Neuronal activity changed consistently at the transitions (***P = 0.0001; *P = 0.0457; Wilcoxon signed
rank test). (D) As in C but for transitions during which animals were asleep. No significant change was observed (L-D, P = 0.656; D-L, P = 0.925; Wilcoxon signed
rank test). (E) As in C for FS units. Cells’ activity only changed significantly at D-L transitions (L-D, P = 0.689; D-L, *P = 0.039; Wilcoxon signed rank test). (F) As in
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cells (mean [95% CI], RSU, L-D: 3.55% [0 to 12.62%]; D-L:
3.09% [0 to 9.91%]; n = 64).
The proportion of cells that we found to be transition responsive

was within the range expected by chance for all conditions except
for RSUs in D-L transitions (Fig. 3C). We found that 14% of
RSUs in our experimental condition had significantly changing
firing rates from dark to light, well outside the range expected by
chance (95% CI for this group: 0 to 9.91%). In addition, most of
these neurons (88.9%) showed an increase in firing rate at the
onset of light, while in the bootstrap control, neurons were found
to have an equal probability of increasing or decreasing their ac-
tivity at a given transition point (51.8% of neurons increasing).
Finally, we examined the temporal dynamics of firing-rate

changes for the subset of RSUs that were consistently responsive
to D-L transitions. We plotted the mean activity within 1 h of the
transition, across all transitions, and across neurons for this
subpopulation (Fig. 3D). On average, the change in firing rate
was short lived (on the order of ∼10 min) and of moderate size
(∼25% increase). This analysis shows that a small subset of ex-
citatory pyramidal neurons in V1 consistently modulates their
activity in response to the expected appearance of visual input
after a circadian 12-h period of darkness. This change is transient,
with firing rates returning to pretransition levels within minutes.

Light Transitions Have No Effect on Average Interspike Intervals over
Short Timescales.Our analysis so far shows that, on a timescale of
tens of minutes, few V1 neurons show significant firing-rate
modulation to the appearance or disappearance of natural visual
stimuli. One possible explanation for this apparent lack of re-
sponsiveness is that these dramatic sensory changes trigger a
rapid adaptation mechanism that quickly restores average
V1 activity back to baseline. Such adaptation mechanisms within
V1 have been well described and can operate on a timescale of
hundreds of milliseconds to many minutes (22–24). To address
this possibility, we examined neuronal firing in 1-, 10-, and 30-s

intervals around L-D and D-L transitions for RSUs in our
dataset. Spiking in these short time windows was sparse and
variable across days (Fig. 4 A and B). We averaged the mean
interspike interval (ISI) across days for each cell and compared
averages in the 10 s before and after transitions. To ensure that
we were not missing effects on even shorter timeframes, we also
computed the mean ISI in 1-s windows around the transitions.
For both the 1- and 10-s cases, we found no statistically signifi-
cant effect (Fig. 4 C, 1 s, L-D: P = 0.27; D-L: P = 0.36; and D,
10 s, L-D: P = 0.97; D-L: P = 0.31; Wilcoxon signed rank test).
Similar results were obtained when this analysis was carried out
with 5- and 30-s intervals. This indicates that the stability of firing
across transitions is not due to a short-term adaptation process
that rapidly restores firing to baseline.

Pairwise Correlations in V1 Are Significantly Higher in Light than in
the Dark. To investigate whether higher-order network properties
are modified by the presence or absence of natural visual stimuli,
we examined the structure of pairwise correlations in light and in
dark (Fig. 5) (n = 5 animals). Plotting the correlation matrices of
1 animal at postnatal day 27 (P27) revealed that these correla-
tions were higher in the light (calculated over the 12-h period at
P27) than in the dark (calculated over the 12-h period at P27.5)
(Fig. 5A). We then plotted the average correlation computed
continuously over 4 d (normalized to the average correlation of
each animal at P26 in light) (Fig. 5B). The normalized pairwise
correlation showed a pronounced oscillation across light and
dark periods and was consistently higher in the light. To assess
the degree to which correlation of individual pairs changed, we
compared the correlation of 922 pairs in light vs. dark computed
for spike counts with bin sizes of 5 or 100 ms, respectively. We
found that correlations in light were higher than in the dark for
both bin sizes (Fig. 5 C, Left, 5 ms: P < 10−70 and Right, 100 ms:
P < 10−125; Wilcoxon signed rank test). To ensure that the ob-
served difference of correlations between light and dark was not
caused by disproportionate time spent in wake or sleep, we
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restricted the analysis to periods of wake and again computed
the average correlation. Consistent with our previous analysis,
correlations in wake during light were significantly greater than
in wake during dark (Fig. 5 D, Left, 5 ms: P < 10−55 and Right,
100 ms: P < 10−110; Wilcoxon signed rank test). These results
indicate that the presence of natural visual stimuli increases
pairwise correlations in V1.

Noncircadian, Unexpected L-D Transitions Are More Likely to Perturb
V1 Firing Rates. All of our data so far suggest that dramatic
changes in visual input at circadian L-D transitions have very
subtle effects on V1 firing. We wondered if this might be due to
circadian entrainment (i.e., that when L-D and D-L transitions
happen at regular times, they are expected, and the response of
neurons to otherwise salient stimuli is attenuated). To test this,
we examined neuronal responses to stimulus transitions occur-
ring at random points in the circadian cycle.
We recorded single-unit activity in V1 in a different subset of

animals while turning the lights off (or on) for 10 min during the
light (or dark) cycle (Fig. 6A) (n = 6 animals). We then calculated
the number of neurons that consistently and significantly changed
their firing at these unexpected transitions and again, used a
bootstrap analysis to calculate the false positive rate. In marked
contrast to expected transitions (Fig. 3D), we found that both L-D
and D-L unexpected transitions caused a subset of RSUs to
consistently modulate their spiking (Fig. 6 B and C). This effect
was seen regardless of behavioral state (significantly changing
RSUs, sleep, L-D: 21.9%, n = 64; D-L: 13.4%, n = 67; wake, L-D:
17.6%, n = 91; D-L: 12.7%, n = 55), and the proportion of sig-
nificantly changing neurons was higher than expected by chance in
most conditions (bootstrap mean [95% CI]; RSU, sleep, L-D:
4.42% [0 to 8.95%]; D-L: 4.31% [0 to 9.38%]; RSU, wake, L-D:
4.22% [0 to 8.79%]; D-L: 4.33% [0 to 9.09%]). These results show
that more neurons respond consistently to L-D and D-L transi-
tions when these do not line up with the circadian cycle that the
animals are entrained on. However, even during these unexpected
transitions, only a minority (12 to 20%) of neurons consistently
changed their firing rate in response to the appearance or disap-
pearance of natural visual stimuli.
To further examine the nature of these responses, we averaged

and plotted the activity of the subpopulation of responsive units
for each combination of behavioral state and transition type (Fig.
6 D and E). In the wake state, there was a net decrease in firing
during L-D transitions and vice versa for D-L (Fig. 6E), whereas
there was little net change during sleep (Fig. 6D). This is likely due
to averaging over changes in opposite directions during sleep, as
4 of 14 cells (29%) increased their FR in L-D transitions and 5 of
9 cells (55%) increased their FR in D-L transitions. However,
even in wake, these firing-rate changes were on the order of 10 to

25%, indicating that, even under the most permissive conditions,
firing is only subtly modulated by brief L-D transitions.

Prolonged Dark Exposure Enhances the Responsiveness of V1 Neurons
to Natural Visual Input.Our data show that reexposure to light after
12 h of darkness has only modest effects on V1 firing; in contrast,
reexposing animals to light after a period of prolonged darkness is
a standard paradigm for increasing activity-dependent gene ex-
pression in V1 (refs. 25–27; reviewed in ref. 28). We, therefore,
wondered whether prolonged dark exposure might unmask robust
responses to the sudden onset of visual stimuli within V1.
We began by using expression of the immediate early gene c-

fos, which is driven by enhanced calcium influx during elevated
activity (refs. 29 and 30; reviewed in ref. 31). After prolonged
darkness, brief light exposure induces widespread c-fos expres-
sion in V1 of cats and rodents (25, 32–34). To replicate this, we
placed P26 rats in the dark for 60 h (12 h + 2 d) and then, ex-
posed them to light for 1 h before immunostaining for the c-fos
protein (light exposed, n = 28 slices, 5 animals). We used age-
matched animals either exposed to 1 h of light after a regular 12-/
12-h cycle (regular control, n = 22 slices, 4 animals) or kept in
the dark for 60 h but killed before lights on (dark control, n =
23 slices, 4 animals) as controls (Fig. 7 A and B). Animals in the
light exposure condition showed an elevated percentage of c-fos–
positive cells (Fig. 7 C, Upper) (regular control: 11.4 ± 1.6%;
dark control: 6.1 ± 0.8%; light exposed: 16.8 ± 1.7%; light ex-
posed vs. regular control P = 0.032; light exposed vs. dark control
P = 0.001; 1-way ANOVA with Tukey post hoc test) as well as
increased total staining intensity (Fig. 7 C, Lower) (normalized to
regular control; regular control: 1.00 ± 0.06; dark control: 0.79 ±
0.05; light exposed: 1.31 ± 0.09; light exposed vs. regular control
P = 0.011; light exposed vs. dark control P = 0.001; 1-way
ANOVA with Tukey post hoc test). These data confirm that a
60-h period of prolonged darkness is sufficient to up-regulate c-
fos in rodent V1 on light reexposure.
Next, we asked whether elevated c-fos expression was corre-

lated with increased firing. We used the same paradigm as above
but recorded continuously from V1 during the baseline, dark
exposure, and light reexposure periods (n = 4 animals). On light
reexposure, both RSUs and FS cells showed a substantial tran-
sient increase in firing rate at the time of lights on (Fig. 7D)
(RSU: n = 32; FS: n = 12). We compared average firing rates
10 min before and after the transition for each cell. Both FS and
RSU populations showed a significant increase in firing rate
after light reexposure (Fig. 7 F and G) (RSU: P < 10−5; FS: P =
0.034; Wilcoxon signed rank test). The percentage change in
firing rate across the transition was also significantly different
from 0 (Fig. 7E) (all cells: 87.1 ± 13.5%, P < 10−7; RSU: 80.7 ±
14.9%, P < 10−5; FS: 104.3 ± 29.8%, P = 0.005; 1-sample t test),
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and the majority of neurons increased their activity at lights on
(RSU: 31 of 32 neurons; FS: 10 of 12 neurons).
One possible cause of enhanced responsiveness at salient

unexpected transitions (i.e., those happening after prolonged
darkness or at noncircadian times) (Fig. 6) is that responses are
normally suppressed when transitions are anticipated. If so, we
would expect to see an opposite effect on firing when an
expected transition does not occur. To look for such an effect,
we examined firing rates during prolonged dark exposure at the
times when expected (circadian) L-D transitions did not occur
(Fig. 8 A and B, “missing” transitions). We found a non-
significant trend toward reduced firing across the population at
missing D-L transitions (Fig. 8 A, Lower Right) and a small but
significant increase in firing at missing L-D transitions (Fig. 8 B,
Lower Right). Because we had only 2 repetitions of each tran-
sition, we could not quantify the fraction of neurons that
responded consistently to expected transitions that did not
occur.
Finally, it has been reported that prolonged dark exposure in-

creases firing rates in rodent V1 (35), suggesting that enhanced
responsiveness to light reexposure might arise from increased ex-
citability of V1 circuitry. To examine this, we asked how prolonged
dark exposure affected RSU firing rates in freely behaving animals
before light reexposure. When we compared the distribution of
RSU firing rates during the first and last 12 h of the 60-h-long
period of prolonged darkness, rather than an increase, we found
a small but significant decrease in firing rates (Fig. 8C) (mean ±
SEM; first 12 h: 4.00 ± 0.97 Hz, last 12 h: 2.27 ± 0.57 Hz; median;
first 12 h: 1.18 Hz; last 12 h: 0.85 Hz; P = 0.044; Wilcoxon rank sum
test). Thus, the enhanced responsiveness to restoration of natural
visual stimuli is unlikely to be due to a simple global increase in
circuit excitability.
In summary, these data indicate that prolonged dark exposure

disrupts the normal stability of V1 firing across D-L transitions
and suggest that the maintenance of this stability is dependent on
visual experience.

Discussion
How internal and external factors influence the long-term dy-
namics of neuronal firing in V1 is poorly understood. Here, we
recorded from ensembles of single units over a period of several
days in freely viewing and behaving animals and found that firing
rates of both excitatory and inhibitory V1 neurons were re-
markably stable even when sensory input changed abruptly and
dramatically. During expected circadian L-D transitions, very
few V1 neurons significantly changed their firing. A larger subset
of V1 neurons was consistently responsive to unexpected L-D
transitions, and disruption of the regular L-D cycle with 2 d of
complete darkness induced a widespread and robust increase in
V1 firing on subsequent reintroduction of visual input. These
data show that most V1 neurons fire at similar rates in the
presence or absence of natural visual stimuli and that significant
changes in mean activity arise only in response to unexpected
changes in the visual environment. While mean firing rates were
not different in light and dark, pairwise correlations were sig-
nificantly stronger in the light in the presence of natural visual
stimuli, even when controlling for behavioral state. Taken to-
gether, our findings are consistent with a process of rapid and
active stabilization of firing rates during expected changes in
visual input and demonstrate that firing rates in V1 are re-
markably stable at both short and long timescales.
The near absence of firing-rate modulation in response to the

appearance (or disappearance) of natural visual stimuli may
seem surprising, as there is a rich literature supporting the idea
that V1 neurons respond to optimal stimuli by increasing their
spiking (36–44). Many of these studies used anesthetized prep-
arations, making comparisons with our results difficult, but our
data are consistent with previous reports of small differences in
overall activity between natural vision and complete darkness in
awake animals (8) and sparse modulation of spiking in response
to natural scene viewing (12, 45–47). In general, our data support
the view that mean firing rates in V1 can be stabilized over both
long (13) and short timescales without interfering with visual
coding, which may arise through very sparse modulation of
spiking and/or higher-order population dynamics (46, 48, 49).
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Despite the lack of robust changes in firing rates across the
population at D-L transitions, we did observe a small subset of
neurons that transiently increased their firing specifically at the
appearance of visual input (Fig. 3). Interestingly, many layer 4
(L4) neurons (which account for 34% of our dataset) did not
show this kind of transient response at D-L transitions. The
subset of responsive neurons included cells from L4 but also, all
other layers of V1. Since this occurred in freely viewing animals,
it is unlikely that these neurons were responding to the same
specific visual stimuli on successive days. A more parsimonious
explanation is that these neurons are activated by luminance
changes at most D-L transitions. One possible source of drive to
these neurons is from intrinsically photosensitive retinal ganglion
cells (ipRGCs), which are known to exhibit prolonged changes in
firing on changes in luminance (50–52). Some classes of ipRGCs
have been shown to project to the dorsolateral geniculate nu-
cleus (dLGN) of mice, where they modulate the firing of ∼20 to
30% of dLGN neurons (53–55) and thus, can influence activity in
V1 (53). The firing of V1 neurons activated by L-D transitions
adapted over the first several minutes, but whether all ipRGC
firing adapts over a similar timescale is not known (53–55).
There is evidence that the ipRGCs of the M1 class can produce
persistent responses, resulting in temporal integration over sev-
eral minutes (56). It is at least plausible that the activity of these
cells is contributing to the coding of light levels in V1. Un-
fortunately, it is difficult to directly test the role of ipRGCs in
V1 responses in rats, as transgenic animals that would allow the
selective activation of ipRGCs without activating rods or cones
(as for mouse) (54, 55, 57) are not currently available. While it is
possible that this small subset of responsive neurons represents
sparse coding for the transition event, it is equally possible that
this is a simple reflection of upstream changes in activity and that
V1 does not explicitly code for sharp light transitions.
Interestingly, we detected a greater proportion of transition-

responsive cells when light transitions happened randomly

throughout the L-D cycle, including a population of neurons that
transiently responded to noncircadian L-D transitions by de-
creasing their firing rate (Fig. 6). Thus, unexpected changes in
visual drive unmask robust and bidirectional changes in firing in
a small subset (15 to 20%) of V1 neurons. We observed a similar
effect when expected L-D transitions did not occur, which
unmasked an increase in firing. There are several potential ex-
planations for this effect. It is possible that the responsive neu-
rons are specialized to represent this “unexpectedness” as an
error signal, such as has been proposed in some models of pre-
dictive coding (58, 59). Alternatively, it could be the result of
modulation by other brain areas that encode the surprise signal,
akin to that seen in response to attention or reward cues (60, 61)
or during modulation of V1 by locomotion (62).
We were able to disrupt the normal conservation of firing rates

across D-L transitions even more dramatically by using a pro-
longed dark-exposure paradigm, which induced a network-wide
enhancement of firing on light reexposure. This paradigm is
thought to induce metaplastic changes within V1 that increase
α-amino-3-hydroxy-5-methyl-4-isoxazolepropionic acid (AMPA)
quantal amplitude onto L2/3 pyramidal neurons (35, 63, 64), but
the impact of these changes on overall V1 function and excitation/
inhibition balance is unclear. A previous study in anesthetized
animals found that several days of dark exposure increased firing
rates in V1, raising the possibility that prolonged dark exposure
increases overall V1 excitability (35); however, here we found a
small but significant reduction in mean firing rate across the
population in freely behaving animals, suggesting that circuit ex-
citability is, if anything, reduced by 60 h of dark exposure. In-
terestingly, this change in firing rate (FR) does not seem to trigger
a homeostatic compensation in the opposite direction. This could
be because a slow and gradual shift in neuronal FR set points
occurs during darkness, or perhaps, we are simply reintroducing
light before homeostatic changes have a chance to influence FRs.
Although the circuit mechanism by which dark exposure unmasks
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robust responses to D-L transitions is unclear, these experiments
suggest that normal visual experience is necessary to maintain the
ability of V1 circuits to stabilize their firing across these transitions.
In contrast to our observations on the stability of firing rates,

we found that pairwise correlations in visual cortex were mark-
edly higher in the light phase than in the dark phase (Fig. 5). This
is consistent with previous reports that ongoing spontaneous
activity in the dark is less correlated than activity elicited by
natural scene stimuli (8, 65). Correlations are dependent on the
degree of synchrony within neuronal circuits (66, 67) and are
higher during anesthesia (68), raising the possibility that this is a
simple reflection of time spent in different behavioral states
during the light and dark phase. However, we observed the same
increased correlation in light when only analyzing periods when
animals were awake, ruling out this possibility. Thus, we con-
clude that, in freely behaving and viewing animals, sensory input
can shift visual cortical circuits to more correlated dynamical
states, even in a condition of low synchrony when animals are
awake. It should be noted that these correlations may simply
reflect the timing of shared visual input to neurons with similar
tuning and thus, might not provide additional information above
that carried by the timing of individual neuronal responses.
Our results add to a growing body of work suggesting that on-

going activity in mammalian V1 plays an important role in mod-
ulating sensory responses as well as in integrating other sensory,
motor, and motivational signals (5, 8, 10, 11, 48, 58, 59, 62, 69–75).
Our results also show that firing rates of most V1 neurons are
remarkably stable over both long and short timescales and in the
presence and absence of visual information, suggesting that most
visual information during natural viewing is not encoded by
changes in firing rates. Instead, our data suggest that perturbations
in firing primarily occur during unexpected changes in visual input,
indicating an effect of entrainment/expectation and the existence of

an active mechanism for stabilization of activity. This may be of
particular importance given the observation that pairwise correlations
are increased when animals are exposed to visual input, as global
fluctuations in firing rate can strongly affect the strength of correla-
tions between pairs of neurons (66). Thus, it is possible that stable
firing rates enable changes in correlations to reflect differences in
sensory input and hence, to promote effective sensory processing.

Methods
All surgical and experimental procedures were approved by the Animal Care and
UseCommitteeofBrandeisUniversity and compliedwith theguidelinesof theNIH.

Surgery and In Vivo Electrophysiology Experiments. The data analyzed in this
study were collected in previous electrophysiological experiments (13; n =
7 rats) as well as from a new set of animals (n = 14 rats; n = 21 rats total). All
surgical procedures were as described previously (16). Briefly, Long–Evans
rats of either sex were bilaterally implanted with custom 16-channel, 33-μm
tungsten microelectrode arrays (Tucker–Davis Technologies) into monocular
primary visual cortex (V1m) on P21. Location was confirmed post hoc via
histological reconstruction. Two EMG wires were implanted deep in the
nuchal muscle. Animals were allowed to recover for 2 full days postsurgery
in transparent plastic cages with ad libitum access to food and water. Re-
cording began on the third day after surgery. The recording chamber (a 12- ×
12-inch Plexiglas cage with walls lined with high contrast square wave
gratings with spatial frequency of 0.3 to 1 cycles/cm) was lined with 1.5 inches
of bedding and housed 2 rats. Animals had ad libitum food and water and
were separated by a clear plastic divider with 1-inch holes to allow for tactile
and olfactory interaction while preventing jostling of headcaps and arrays.
Electrodes were connected to commutators (TDT) to allow animals to freely
behave throughout the recordings. Novel toys were introduced every 24 h to
promote activity and exploration and provide additional visual stimulation.
Lighting and temperature were kept constant (L-D 12:12, lights on at 7:30 AM,
21 °C, humidity 25 to 55%). Light levels during light and dark were obtained
by measuring irradiance at the cage floor using an optical energy meter
(ThorLabs PM100D). Irradiance values were 48.0 μW/m2 (light) and less than
0.0001 μW/m2 (dark) for incident light with a wavelength of 510 nm. Data
were collected continuously for 9 to 11 d (200 to 240 h). Some animals (n =
11 rats) underwent a lid suture and/or eye reopening procedure on the third
day of recording; in this study, we only analyzed data collected from the
control hemisphere ipsilateral to the manipulated eye. For dark exposure ex-
periments, animals were kept in the dark starting on days 4 and 5 of the re-
cording (i.e., starting at the time of lights off on day 3 from P26 to P28). Lights
came on at the regular time (7:30 AM) on day 6 (P29).

Electrophysiological Recordings. In vivo electrophysiological recordings were
performed as previously described (13). Briefly, data were acquired at
25 kHz, digitized, and streamed to disk for offline processing using a Tucker–
Davis Technologies Neurophysiology Workstation and Data Streamer. Spike
extraction and sorting were performed using custom MATLAB code. Spikes
were detected as threshold crossings (−4 SD from mean signal) and resam-
pled at 3 times the original rate. Each wire’s waveforms were then subjected
to principal component analysis, and the first 4 principal components were
used for clustering using KlustaKwik (76). Clusters were merged or trimmed
as described previously (13). Spike sorting was done using custom MATLAB
code relying on a random forest classifier trained on a manually scored
dataset of 1,200 clusters. For each cluster identified from the output of
KlustaKwik, we extracted a set of 19 features, including ISI contamination
(percentage of ISIs < 3 ms), similarity to RSU and FS waveform templates, 60-
Hz noise contamination, rise and decay times and slope of the mean
waveform, waveform amplitude, and width. Cluster quality was also en-
sured by thresholding of L-ratio and isolation distance (77). The random
forest algorithm classified clusters as noise, multiunit, or single unit. Only
single units with a clear refractory period were used for additional analysis.
Units were classified as RSU or FS based on the time between the negative
peak and the first subsequent positive peak of the mean waveform (Fig. 1B).
Clusters were classified as RSUs if this value was >0.39 ms and as FS otherwise
(19), with a lower threshold of 0.19 ms to eliminate noise. We used pre-
viously established criteria and methods to select neurons that we could
reliably follow over time (13). Briefly, we considered neurons to be contin-
uously recorded if they satisfied the following criteria: (i) waveforms con-
stituting an isolatable cluster, (ii) presence of absolute refractory period, (iii)
minimal change in spike shape across recording days assessed by computing
the sum of squared errors between daily average waveforms, (iv) high
signal-to-noise ratio, and (v) stability of firing rate (no continuous increase or
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Fig. 8. Firing-rate dynamics in V1 during prolonged darkness. (A) Mean
firingrate dynamics of RSUs recorded during 60 h of continuous dark ex-
posure at expected D-L transitions that did not occur (missing transitions).
(Lower Left) Firing rate in a 2-h period around the missing transition aver-
aged across all neurons and both transitions. (Lower Right) Average FR for
all neurons calculated in 10-min bins before and after the transition,
showing no change in activity when lights did not come on at the expected
D-L transitions (4.56 ± 5.94%, P = 0.162; Wilcoxon signed rank test). (B) As in
A but for L-D transitions. We found a significant increase in FR when L-D
transitions were expected but did not occur (10.70 ± 2.75%, **P = 0.0045;
Wilcoxon signed rank test). (C) Mean firing rate for all recorded RSUs av-
eraged across the first 12-h period within the 60 h of darkness (first 12 h,
mean ± SEM: 4.00 ± 0.97 Hz, median: 1.18 Hz, n = 47) and the last 12-h
period of darkness before light reexposure (last 12 h, mean ± SEM: 2.27 ±
0.57 Hz, median: 0.85 Hz, n = 55). *P = 0.044 (Wilcoxon rank sum test).
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decrease). Only neurons that could be recorded for at least 48 consecutive
hours were used for analysis of L-D transitions. For extended dark experiments,
we analyzed all neurons that were online for at least 1 h preceding and 1 h
following the time of light reexposure. For estimates of mean firing during the
extended dark phase, we analyzed the activity of all cells that could be
recorded in the first and last 12-h periods during the 60 h of darkness.

Behavioral-State Classification. The behavioral state of animals was classified
using a combination of LFP, EMG, and estimate of locomotion based on video
analysis (13). LFPs were extracted from 3 separate recorded channels, resam-
pled at 200 Hz, and averaged. The power spectral density was computed in
10-s bins using a fast Fourier transform method (MATLAB “spectrogram”

function) using frequency steps of 0.1 Hz from 0.3 to 15 Hz. Power in the delta
(0.3 to 4 Hz) and theta (6 to 9 Hz) bands was computed as a fraction of total
power in each time bin. A custom algorithm was used to score each 10-s bin and
assign 1 of 4 behavioral codes based on the power in each frequency band as
well as EMG andmovement activity: active wake (high EMG andmovement, low
delta and theta), quiet wake (low EMG and movement, low delta and theta),
rapid eye movement (REM) sleep (very low EMG, no movement, low delta, high
theta), and non-rapid eye movement (NREM) sleep (low EMG and movement,
high delta, low theta). For each animal, each hour of data was scored separately.
The first 10 h were scored manually and used as an initial training set for a
random forest classifier (implemented in Python). The classifier was then used to
score each successive hour, with manual corrections performed as needed. The
classifier was retrained after every hour scored, with a maximum number of
10,000 bins used for training (using only the most recent 10,000 bins).

Extended Darkness, Immunostaining, and Image Analysis. For analysis of c-fos
protein after extended darkness, we transferred animals (n = 13 rats) to a
custom dark box on P21. A light timer was set up to allow for complete
control of the L-D cycle inside the box. When animals were P26, lights were
allowed to turn off at the regular time (7:30 PM) and set up to not turn back
on. Animals were in complete darkness for 60 h from the night of P26 until
the night of P28 (ages matched with electrophysiological recordings). On the
morning of P29, lights were allowed to turn back on at 7:30 AM. Animals
were allowed to experience 1 h of light before being deeply anesthetized
and transcardially perfused. Control animals were either not exposed to
darkness but kept on a regular 12-h cycle or anesthetized at 7:30 AM on P29
(before lights on) in the dark using infrared night vision goggles and then
immediately perfused. Brains were fixed in 3.7% formaldehyde, and 60-μm
coronal slices of V1m were taken on a vibratome (Leica VT1000S). Slices were
immersed in a solution of phosphate-buffered saline (PBS) and NaN3 and
stored for immunostaining. To ensure consistent results between groups, all
conditions were run in parallel. Slices were incubated in a primary antibody
solution (1:1,000; rabbit anti–c-fos; Cell Signaling Technologies) at room tem-
perature for 24 h. They were then rinsed and incubated for 2 h with a sec-
ondary antibody (anti-rabbit Alexa Fluor 568; 1:400; Thermofisher). Sections
were mounted on microscope slides with a DAPI-containing medium (DAPI
Fluoromount-G; Southern Biotech), coverslipped, and allowed to dry for 24 h
before imaging. Imaging was performed on a confocal microscope (Zeiss Laser
Scanning Microscope 880). A 10× objective was used to take z stacks of V1m in
the DAPI and c-fos channels. Imaging settings were optimized for each
staining/imaging session and kept constant across conditions; all conditions
were imaged on a given session. Images were imported into Metamorph
software for analysis. A granularity analysis was used to determine locations of
cell bodies, and colocalized DAPI- and c-fos–positive granules were counted as
c-fos–positive neurons. For each slice, we analyzed the whole field of view,
excluding the slice edges, as they displayed DAPI staining artifacts.

Analysis of Electrophysiological Data. All electrophysiology data were ana-
lyzed using a custom code package written in Python. The precise time of
lights on/off was determined by analysis of video recordings or using a light-
sensitive resistor. All analyses were performed on the 10min before and after
transitions. Perievent time histograms were obtained by binning data in
0.25-s bins and normalizing data to the pretransition period. Firing rates were
estimated by sliding a 1- or 2-min window in 20-s steps. Mean and SEM were
estimated by averaging across days. To compare population data across
transitions, we calculated the average firing rate in the 10 min before and
after the transition without binning. For analysis restricted to a given be-

havioral state, we only considered transitions during which the animal was in
that state for the whole 20 min (10 min before and after the transition). To
estimate the number of individual neurons that consistently changed their
firing rate in response to L-D and D-L transitions, we used a paired t test to
determine whether the neuron’s firing followed a consistent pattern of
change across multiple transitions. We used a bootstrap method to estimate
the number of cells expected to pass our significance threshold by chance;
for each iteration of the bootstrap, we chose a random time point within the
first 24 h. We then created dummy transition times at 12-h intervals from
that starting time point and used these dummy transition points to repeat
the above analysis for each cell. This procedure was repeated 100 times (i.e.,
with 100 different dummy transition points) to obtain 100 values for the
percentage of significantly changing cells. We used this dataset to estimate
the mean and 95% CIs for this parameter. Only neurons that were followed
through at least 4 transitions were used for analysis of circadian transitions.
For noncircadian transitions, we analyzed neurons that experienced at
least 6 transitions.

Pairwise Correlations. Each spike train was binned into spike counts of bin size
100 ms, generating a vector of spike counts for each cell. The spike count
correlation coefficient ρ for a pair of neurons was computed in 30-min ep-
isodes using a sliding window of 5 min. This produced 139 values for each
neuron pair on every single half day (12 h of light and 12 h of darkness). The
average of these values then determined the correlation value of each pair
for every single half day:

ρX,Y =
E½ðX − μX ÞðY − μY Þ�

σXσY
,

where X and Y represent the spike count vectors of 2 cells, respectively; μX
and μY are the means of X and Y, respectively; σX and σY denote the SDs of X
and Y, respectively; and E is the expectation. This produced the matrices of
pairwise spike count correlations on different half days. To generate the
normalized correlation curve, correlations were normalized to the average
correlation of each animal at P26 during the light period. Correlations in
mixed behavioral states were computed with the above-stated method us-
ing the entire 12-h periods of light or dark, while correlations in wake only
took into account the wake episodes. Results with bin size of 5 ms followed
the same approach.

Experimental Design. Long–Evans rats of both sexes were used throughout all
experiments. To estimate the effect of D-L and L-D transitions on firing rates
of V1 neurons, we pooled data from previous experiments (13; n = 7) as well
as newly performed experiments (n = 4 rats). Experimental design and
timeline were the same across all of these experiments. This dataset was
used to produce Figs. 1, 2, 3, and 4. For ISI analyses, we excluded 2 animals
for which the precise transition times were known with uncertainty greater
than 0.25 s. To analyze the effect of unexpected transitions (n = 6 rats) as
well as for prolonged darkness experiments (n = 4 rats), we used datasets
obtained from rats of a similar age (P24 to P35) as those used in analysis of
circadian transitions. Electrophysiological data were acquired using the same
electrode arrays and recording system in all experiments. For immunohis-
tochemistry experiments, all rats (n = 13 animals) were age matched to
electrophysiological recordings, and all staining procedures were conducted
in parallel across conditions to minimize variability. Slices from all conditions
were imaged in every imaging session.

Statistical Analyses. To compare means of 2 populations, we used Wilcoxon
rank sum tests. For paired data, both for firing rates and spike count cor-
relations, comparisons were done using a Wilcoxon signed rank test. To
compare a populationmean to a given value (e.g., 0), we used 1-sample t tests
for normally distributed data and Wilcoxon signed rank tests for nonnormal
distributions. Normality was tested using D’Agostino’s K2 test. To compare
cumulative distributions, we used Kolmogorov–Smirnov tests. Data are
represented as mean ± SEM. Box plots represent median ± interquartile
range, with whiskers extending to the rest of the distribution.

Code Accessibility. All code used for analysis is available from the authors
on request.
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