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Abstract

The hippocampus (HPC) and retrosplenial cortex (RSC) are key components of 

the brain’s memory and navigation systems. Lesions of either region produce profound 

deficits in spatial cognition and HPC neurons exhibit well-known spatial firing patterns 

(place fields). Recent studies have also identified an array of navigation-related firing 

patterns in the RSC. However, there has been little work comparing the response 

properties and information coding mechanisms of these two brain regions. In the 

present study, we examined the firing patterns of HPC and RSC neurons in two tasks 

which are commonly used to study spatial cognition in rodents, open field foraging with 

an environmental context manipulation and continuous T-maze alternation. We found 

striking similarities in the kinds of spatial and contextual information encoded by these 

two brain regions. Neurons in both regions carried information about the rat’s current 

spatial location, trajectories and goal locations, and both regions reliably differentiated 

the contexts. However, we also found several key differences. For example, information 

about head direction was a prominent component of RSC representations but was only 

weakly encoded in the HPC. The two regions also used different coding schemes, even 

when they encoded the same kind of information. As expected, the HPC employed a 

sparse coding scheme characterized by compact, high contrast place fields, and 

information about spatial location was the dominant component of HPC representations. 

RSC firing patterns were more consistent with a distributed coding scheme. Instead of 

compact place fields, RSC neurons exhibited broad, but reliable, spatial and directional 

tuning, and they typically carried information about multiple navigational variables. The 

observed similarities highlight the closely related functions of the HPC and RSC, 
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whereas the differences in information types and coding schemes suggest that these 

two regions likely make somewhat different contributions to spatial cognition.

Introduction

There is growing interest in the retrosplenial cortex (RSC) due to its role in 

memory and spatial cognition. The RSC is intimately interconnected with the 

hippocampus (HPC) via a complex array of direct and indirect projections involving the 

anterior thalamus, subiculum and entorhinal cortex (Sugar et al., 2011; Van Groen et 

al., 1993; Van Groen & Wyss, 2003; Wyss & Van Groen, 1992), suggesting that these 

regions are all components of the brain’s memory and navigations systems (Alexander, 

Robinson, et al., 2020; Alexander, Robinson, et al., 2023; Miller et al., 2014; D. M. 

Smith et al., 2022). Consistent with this idea, damage to any of these regions produces 

profound memory and navigation impairments (Alexander, Robinson, et al., 2020; 

Bannerman et al., 2001; Mair, 1994; Scoville & Milner, 1957; D.M. Smith et al., 2022; 

Valenstein et al., 1987) and neurons throughout the circuit have been found to exhibit 

navigation-related firing patterns in rodents (Alexander & Nitz, 2015, 2017; Clark & 

Harvey, 2016; Hafting et al., 2005; Jankowski et al., 2015; Miller et al., 2019; O’Keefe & 

Dostrovsky, 1971; Taube, 1995). Recent studies have reported RSC neuronal firing 

patterns that bear a striking similarity to HPC firing patterns, including spatially localized 

firing which carries information about the location of the subject, the subject’s current 

trajectory and the environmental context (Alexander & Nitz, 2015, 2017; Miller et al., 

2019, 2021). These similarities are consistent with the idea that HPC representations 
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become consolidated into the RSC (Alexander et al., 2018; Cowansage et al., 2014; De 

Sousa et al., 2019; Katche et al., 2013; Mao et al., 2018; Milczarek et al., 2018). 

Despite these similarities, there is also considerable evidence for key functional 

differences between the two structures. For example, the RSC is involved in some 

instrumental learning tasks which do not require the HPC (Fournier et al., 2020, 2021; 

Gabriel, 1993; Robinson et al., 2011, 2014) and there are some kinds of neural 

responses that have been reported in the RSC, which are not thought to be prominent 

in the HPC, such as head direction (Cho & Sharp, 2001; Jacob et al., 2017) and 

egocentric boundary coding (Alexander, Carstensen, et al., 2020). These responses are 

prominent in other parts of this circuit, including the anterior thalamus and entorhinal 

cortex (Solstad et al., 2008; Taube, 1995), suggesting that the RSC may integrate 

information from several components of the memory and navigation circuit in a manner 

that the HPC does not.

Together, these findings suggest that the HPC and RSC may make related, but 

somewhat different contributions to spatial cognition. Moreover, the existing data from 

the RSC is suggestive of a distributed coding scheme that differs from the sparse 

coding seen in the HPC (e.g. Miller et al., 2021). Therefore, any comprehensive account 

of the circuit basis of memory and navigation will require a thorough examination of the 

similarities and differences in information processing in each structure. To that end, we 

combined archival data (Law et al., 2016; Miller et al., 2019, 2021) with new data to 

explicitly compare HPC and RSC spatial firing patterns during two commonly used 

behavioral tasks, open field foraging and continuous T-maze alternation.
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     Methods

Subjects and Surgical Procedures

Subjects were 20 adult male Long-Evans rats and 1 adult female Long-Evans rat 

obtained from Charles River Laboratories, Wilmington, MA. Seven of the males were 

used in a study of firing patterns during open field exploration with a context 

manipulation (4 used for RSC recordings and 3 used for HPC recordings). The 

remaining thirteen males and the female were used in a study of firing patterns on a 

continuous T-maze (10 males used for RSC recordings, 3 males and one female used 

for HPC recordings). Some of these data were published previously (Law et al., 2016; 

Miller et al., 2019, 2021) 

All rats underwent stereotaxic surgery to implant electrode microdrives, 

containing either 12, 16 or 24 tetrodes. All drives were custom fabricated to position 

tetrodes bilaterally in the region of interest (HPC: 4 mm posterior and 2.5 mm lateral 

from bregma, targeting the CA1 region; RSC: spanned approximately 4 mm along the 

rostrocaudal axis of the brain from 2–6 mm posterior to bregma and 1.5 mm lateral with 

the tetrodes angled 30 degrees toward the midline, targeting the granular b region 

although a small number of recordings were also taken in the dysgranular subregion), 

except for one 12-tetrode drive (Harlan 12 Drive, Neuralynx Inc., Bozeman, MT), which 

targeted the right hippocampus. Coordinates were derived from the atlas of Paxinos & 

Watson (1998). Tetrodes consisted of four strands of either 17 μm platinum/iridium 

wires or 12.7 μm nichrome wires (California Fine Wire, Grover Beach, CA) platinum- or 

gold-plated to an impedance of 100-300 kΩ at 1 kHz. The rats were given an antibiotic 
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(5 mg/kg Baytril) and an analgesic (5 mg/kg ketoprofen) prior to surgery. All procedures 

complied with guidelines established by the Cornell University Animal Care and Use 

Committee.

Rats were given 7 days to recover from surgery prior to lowering the tetrodes into 

the region of interest (35-70 μm daily) over the course of several days. For RSC 

recordings, tetrodes were lowered until a depth of at least 1 mm was reached to target 

the granular b subregion. For HPC recordings, the tetrodes were lowered until a 

majority of them reached the CA1 layer, as indicated by the presence of sharp wave 

ripples. Tetrodes were lowered after every recording session (~15–30 μm) in order to 

maximize the number of unique neurons recorded.

Behavioral procedure and neuronal recording

Open Field Foraging with Context Manipulation: After recovery from surgery, the 

rats were acclimated to the apparatus and trained to forage for chocolate sprinkles. 

During the daily recording sessions, rats foraged for chocolate sprinkles in 2 distinct 

environmentally defined contexts (PVC boxes measuring 100 cm × 100 cm × 50 cm 

deep) that differed in the color of the box (black or white), the color of the surrounding 

environment (white curtains or black walls of the room), background masking noise 

(pink or white noise), and ambient odor left by wiping the boxes with baby wipes of 

different scents (Rite Aid, Inc.). White curtains were used with the black box to create a 

color contrast to help differentiate the two contexts. This manipulation also obscured the 

rat’s view of distal objects in the experimental room (e.g. the recording computer). The 

rats were given four 12 min trials, 2 in each context. Between trials, the rat was placed 
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in an opaque cylinder (30 × 65 cm) for ~3 min while the experimenter changed the 

contexts. 

Continuous T-maze: For the continuous T-maze experiment, the rats were 

trained on a black PVC T-maze (120 cm long stem x 100 cm wide x 68 cm above the 

floor) with metal reward cups embedded in the ends of the arms through which 

chocolate milk (0.2 ml, Nestle’s Nesquik) was delivered via an elevated reservoir 

controlled by solenoid valves activated by foot-pedal switches. The maze was located in 

the center of a circular arena enclosed by black curtains with distinctive visual cues. A 

continuous background masking noise (white noise) was played from a speaker located 

directly above the maze. After acclimation to the maze, rats were trained on a 

continuous spatial alternation task in which the rats were rewarded only if they 

approached the reward location (left or right) which was opposite from the previous trial. 

Both cups were baited on the first trial. Entries into the same arm as the previous trial 

were scored as an error and were not rewarded. Rats were not allowed to correct their 

errors and were gently ushered back if they left the continuous alternation route. Rats 

were given 40 trials/day until they achieved a criterion of 90% correct on two 

consecutive sessions. After achieving this criterion, neuronal activity was recorded 

during asymptotic performance sessions.

Data collection

Neuronal spike data and video recordings of the rat’s location and head direction 

were collected using the Cheetah Digital Data Acquisition System (Neuralynx, Inc. 

Bozeman, MT). Neuronal recordings were filtered at 600Hz and 6kHz, digitized and 
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stored to disc along with timestamps for offline sorting (SpikeSort3D, Neuralynx, Inc.). 

The rat’s position and head direction were monitored by digitized video (sampled at 30 

Hz) of two LEDs attached to the head stage. Head direction was calculated by taking 

the angle between the two LEDs, and was independent of the rat’s direction of 

movement. For the open field dataset, a total of 143 RSC neurons were recorded from 4 

rats (97 putative pyramidal neurons and 46 interneurons, classified as in Brennan et al., 

2020). A total of 328 neurons were recorded in the CA1 region of hippocampus from 3 

rats (320 pyramidal neurons and 8 interneurons). For the T-maze experiment, a total of 

309 RSC neurons (201 pyramidal neurons and 108 interneurons) were recorded from 

10 rats. A total of 607 neurons were recorded from CA1 of 4 rats (521 pyramidal 

neurons and 86 interneurons). We limited our analysis to pyramidal neurons in the HPC 

because interneurons have well-known differences in firing characteristics and spatial 

coding (Fox & Ranck, 1981; Frank et al., 2001; Kubie et al., 1990). However, although 

RSC pyramidal and interneurons can be sorted according to spike width (Brennan et al., 

2020), the two cell types do not fall into distinct fast- and slow-spiking cell types during 

behavior, and we found that the firing characteristics of the two putative cell types were 

similar, unlike in the HPC (see Supplementary Figure 1). We also performed each of our 

major analyses with RSC pyramidal and interneurons separated and found no cases 

where the inclusion of RSC interneurons made a substantive difference in the outcome, 

so we included all RSC neurons in the final analyses we report here. This approach is 

consistent with previous studies of RSC firing patterns (Alexander, Carstensen, et al., 

2020; Alexander & Nitz, 2017; Miller et al., 2019, 2021).
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Histology

After completion of the study, rats were transcardially perfused with 4% 

paraformaldehyde in phosphate buffered saline. Brains were removed and stored for at 

least 24hrs in 4% paraformaldehyde before being transferred to a 30% sucrose solution 

for storage until slicing. Coronal sections (40 μm) were stained with 0.5% cresyl violet 

for visualization of tetrode tracks. Tetrode positions were identified using depth records 

noted during tetrode lowering and tracks observed in the stained tissue.

Data analysis

Firing Rate Maps and Measures of Neuronal Firing Characteristics. The 

floors of the open field and T-maze were divided into 2.5 × 2.5 cm square pixels, and 

the firing rate of each neuron was determined by dividing the total number of spikes in 

each pixel by the time spent in the pixel. Spatial firing rate maps were smoothed by 

convolution with a 7×7 pixel Gaussian kernel with unity sum. We also computed several 

measures of individual neuronal firing characteristics, including the average firing rate, 

sparsity index, information content, mutual information and the correlation between 

running speed and firing rate. 

Sparsity index indicates the relative proportion of the experimental area (open 

field or T-maze) in which the cell fired. This is a measure of lifetime sparseness, 

computed as: 

  sparsity index = ∑(Pi*Ri
2)/R2
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where Pi is the probability of occupancy of bin i, Ri is the mean firing rate in bin i, and R 

is the overall mean firing rate (Markus et al., 1994). 

Information content was used to measure how much information the firing of a 

neuron provides about the location of the rat in bits/spike (Skaggs et al., 1993).

 information content = ∑Pi*(Ri/R)*log2(Ri/R)

where i is the bin number, Pi is the probability for occupancy of bin i, Ri is the mean 

firing rate for bin i, and R is the overall mean firing rate. 

Mutual information was used to measure how much information about the firing 

activity of the neuron is provided by knowing the location of the rat. A location-specific 

information measure called “Positional information (Ipos)” is first obtained from the spike 

counts at each location within each time window (Olypher et al., 2003). Ipos gives a 

measure of the extent to which uncertainty about the spike count is reduced given the 

rat’s location. It takes into account any differences in firing for separate visits to each 

location, and therefore reflects the reliability of a particular firing rate at any given 

location.

 positional information,  Ipos (xi) = Σ P(k|xi) * log2[P(k|xi)/Pk]

where Pk is the probability of observing k spikes and P(k|xi) is the conditional probability 

of observing k spikes at location xi. The mean of all Ipos (xi) values is computed to 

produce the overall measure of mutual information between the locations and spike 

counts, measured in bits: 

      mutual information = Σ Pxi * Ipos (xi)
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where Pxi in the probability the rat is in location xi.

Spatial coding at the population level. In order to assess spatial coding at the 

population level, we combined the neurons from all rats and recording sessions into a 

single population and used a minimum distance classifier to predict the location of the 

rat based solely on neuronal firing patterns. Populations constructed from neurons in 

different rats cannot reflect dynamic interactions among the neurons within the 

population, but they are nevertheless useful for examining how much information can be 

encoded by a collection of neurons that exhibit the various types of responses that are 

characteristic of a given brain region.

Population firing rate vectors for every 250 msec time bin during the recording 

session were constructed using z-scored firing rates to control for differences in 

baseline firing, which can make population measures overly sensitive to a few neurons 

with high firing rates. Time bins from each session were then sorted according to which 

spatial bin (36 bins) the rat was in during that time. Larger spatial bins (17 cm × 17 cm) 

were used for this analysis so that a sufficient number of visits could be accumulated to 

train the classifier. Because rats differed in the number of visits they made to each pixel, 

only 20 visits (250 msec time bins) from each spatial bin were included in the analysis. 

When a rat made more than 20 visits to a spatial bin, we preferentially selected visits 

where the average spatial location of the rat was closer to the center of the bin to avoid 

including time bins that contained spiking activity from adjacent spatial bins. This 

resulted in 720 firing rate vectors (6 pixels × 6 pixels × 20 time bins), representing the 

instantaneous population firing patterns observed across all the spatial locations. 

Page 11 of 65

John Wiley & Sons

Hippocampus



We then computed the mean firing rate vector for each spatial bin, reflecting the 

average population firing pattern at each location, and we classified each of the 720 

individual vectors into spatial bins according to which average vector was the most 

similar (i.e., the smallest Euclidean distance). The average vectors were always 

computed without the test sample. This procedure yielded a measure of the degree to 

which instantaneous population firing patterns matched the typical (average) firing 

pattern for a given location. Classification accuracy was calculated as the percentage of 

instances when the firing pattern was most similar to the correct spatial bin. In order to 

compare classification accuracy across regions, we randomly subsampled the firing 

rates of 100 neurons from the total population in each region 1000 times and then 

computed the average accuracy across those samples. In order to examine 

classification accuracy at different population sizes, we randomly subsampled 

populations of each size. Similar procedures were used for all classifier analyses.

Context-Dependent Spatial Coding. In order to determine whether individual 

neurons carried information about the context in their spatial firing patterns, we 

computed pairwise pixel by pixel correlations (Pearson’s r) of the firing rate maps for the 

four trials of the open field task. The resulting r-values were averaged to create one 

correlation reflecting within-context similarity and one reflecting between-context 

similarity for each neuron. We also assessed the context-dependency of spatial firing 

patterns at the population coding using a minimum distance classifier, as described 

above. However, for this analysis, we used the average firing rate map for one trial and 

attempted to classify sample population vectors from another trial, either in the same 

context or the other context. Classification accuracy is high for trials that have similar 
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spatial firing patterns, but low for trials that have different firing patterns. Each sample 

population vector was therefore compared to the average rate map for the other trial in 

the same context and to the rate map for a trial in the opposite context.

Rate Coding of the Contexts. In order to determine whether the overall firing 

rate of the neurons carried information about the context, we attempted to predict the 

current context from the population firing patterns using a minimum distance classifier. 

For this analysis, we binned the firing rates into successive 250 msec time bins without 

regard to the rat’s location in the environment, yielding 2880 population vectors for each 

12 min trial. We then computed the Euclidean distance between each of these 

population vectors and the mean firing rate vector for the white context and the black 

context and assigned the sample vector to the closest match (smallest distance). This 

analysis asks how well the firing rates match the average for each context at each 

timepoint in the trial, regardless of the rat’s location or ongoing behavior. Decoding 

success reflects how reliably the firing rate at each of these timepoints differentiates the 

contexts.

Directional Coding. For each neuron, we binned the firing rate into 60 

directional heading bins of 6° width, smoothed them with a sliding average of three bins, 

and generated a polar plot. The peak directional firing rate was defined as the maximal 

firing rate in the smoothed tuning curve. Only the neurons that had a peak directional 

firing rate exceeding 1 Hz were included in the analyses (HPC n=95, RSC n=139). We 

assessed the quality of the directional coding by computing the mutual information 

between the firing rate and the head direction for each neuron. Similar to the analysis of 
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spatial firing, this measure reflects how reliable and unique the neuron’s firing rate was 

for each directional heading. As an additional measure of the reliability of directional 

coding, we correlated the directionally binned firing rates for separate visits to the same 

context (Black 1 and Black 2, White 1 and White 2). We also used a minimum distance 

classifier to predict the rat’s head direction from the population firing patterns. Similar to 

above-described analyses, we generated population vectors and sorted them into 

directional bins according to the Euclidean distance (60 population vectors of 250 msec 

time bins for each of 20 directional bins of 18° width). 

Linear–Nonlinear Model. We used the Linear-Nonlinear (L-N) model developed 

by Hardcastle et al., 2017 to assess the degree to which multiple behavioral variables 

might influence the firing rates of HPC and RSC neurons. This model is useful for 

assessing the firing properties of neurons that respond to complex combinations of 

behavioral and experimental variables because it allows for the independent 

assessment of how each variable or combination of variables influences neuronal firing. 

Briefly, the model estimates the firing rate of an individual neuron as a function of each 

variable of interest (spatial position, context, head direction, running speed, 

acceleration, and angular velocity). For each neuron, one model was generated for 

every possible combination of variables and then these models were compared against 

one another by computing the log-likelihood of held-out data under the model, and 

penalizing models that over-fit the data. Neurons were then classified in terms of which 

set of variables were significantly encoded. 
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Trajectory and Reward Location Coding on the T-maze. We determined 

whether HPC and RSC neurons exhibited differential firing for left and right turn 

trajectories on the T-maze by examining firing on the stem of the maze. For each 

neuron, we computed a t-score (Student’s t), which reflects the trial-by-trial reliability of 

firing rate differences for left and right turn trials, and generated distributions of these 

values for each brain region. We also assessed trajectory coding at the population level. 

We first examined the degree to which populations in each region differentiated left and 

right trajectories by generating a population vector for each traversal of the stem and 

computing the Euclidean distance between that population vector and the average 

population vector for all left traversals and all right traversals. We then used a minimum 

distance classifier to predict whether sample population vectors (250 msec time bins) 

occurred during a left or right traversal. In order to ensure that variation in behavior 

could not have caused apparent differences on left and right traversals, these analyses 

were restricted to correct trials with stem runs that did not involve pauses or deviations 

from smooth locomotion (see Miller et al., 2019).

We determined whether HPC and RSC neurons differentially encoded the two 

reward locations (left and right) using a similar approach. For these analyses, we 

focussed on the firing occurring during the 2 sec following arrival at each reward 

location, while rats were stationary and consuming the reward. As described above, we 

computed a t-statistic for each neuron. We then generated population vectors for each 

trial, computed the Euclidean distance between each population vector and the average 

vector for the same- and opposite reward locations (left and right), and applied a 
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minimum distance classifier to predict whether population vectors occurred at the left or 

right reward locations.

Results

Spatially Localized Firing. We compared neuronal firing characteristics in the 

HPC and RSC from two commonly used behavioral tasks, open field foraging with an 

environmental context manipulation and a continuous alternation T-maze task. Direct 

comparison of the spatial firing characteristics of RSC and HPC neurons is challenging 

because widely used measures for describing HPC firing characteristics are optimized 

for neurons that have well-defined place fields and very low firing rates elsewhere in the 

environment. However, RSC neurons frequently exhibit large areas of elevated firing 

with indistinct boundaries and high background firing rates, which makes classification 

criterion arbitrary and overly sensitive to the classification parameters. Therefore, we did 

not attempt to define place field boundaries or classify neurons as to whether they had 

spatial firing or not. Instead, we adopted a strategy of comparing the distributions of 

various measures that characterize the neuronal firing patterns and we provide 

illustrative examples of various response types. We also employed a decoding 

approach in which we combine all the neurons from all the rats into a single population 

and attempt to predict the rat’s location or other variables solely from the population 

firing patterns (see methods).

HPC neurons had uniformly low firing rates in both tasks, whereas RSC neurons 

varied widely but exhibited much higher average firing rates (Fig. 1E, 0.78 ± 0.03 Hz in 

HPC compared to 29.88 ± 1.09 Hz in RSC in the open field). This can readily be seen in 
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the firing rate maps (Fig. 1A-B) where HPC neurons exhibit well-defined regions of 

elevated firing (place fields) with background firing rates near zero whereas RSC 

neurons typically fired across wide areas of the apparatus. Consistent with this, HPC 

firing was much sparser than RSC neurons (Fig. 1F). The sparsity index reflects the 

proportion of the area in which the cell fired, so lower values indicate sparser firing 

patterns. RSC neurons exhibited a wide range of spatial firing patterns. In the open 

field, this included clearly identifiable regions of elevated firing which were larger than 

HPC place fields and had less distinct boundaries (Fig. 1B, plots 1-4). We did not 

perform a detailed analysis of egocentric boundary coding, which has been reported 

previously (Alexander, Carstensen, et al., 2020), but we did observe several clear 

examples which were consistent with the previous report (Fig. 1B, plot 5). We also 

observed neurons with reduced firing near the walls (plot 6) as well as elevated or 

reduced firing near the corners of the box (e.g. plot 7). On the T-maze, we occasionally 

observed relatively compact HPC-like place fields (Fig. 1D, plots 1-2), but these were 

never observed in the open field, suggesting that the behavioral constraints of the maze 

task (e.g., speed, heading direction, turns) may influence spatial firing. We also 

observed symmetrical firing on the left and right halves of the maze (e.g. plot 3) and 

elevated firing at turns and junctions on the maze (e.g. plots 10-12, also see Alexander 

& Nitz, 2015; Cho & Sharp, 2001). More commonly, we observed widespread firing with 

large areas of reliably elevated firing (plots 6-12), as in the open field. The firing of 

neurons in both regions was often correlated with running speed on the T-maze, but a 

substantial percentage of RSC neurons also showed strong running speed correlations 

in the open field (Fig. 1I).
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Various approaches have been used to measure how much information about 

the location of the subject is carried by the firing patterns of individual neurons. 

Information content, measured in bits/spike, reflects how much information each spike 

conveys about the current location of the subject (Skaggs et al., 1993). This measure 

increases when place fields are smaller rather than larger, and when the difference 

between the in-field and out of field firing rates are large. Unsurprisingly, information 

content is much higher in HPC neurons (Fig.1G), which have compact place fields and 

low background firing. In contrast, mutual information takes into account the firing rate 

at all locations in the environment, including locations with no firing, and it accounts for 

the reliability of firing at each location (Olypher et al., 2003). This analysis yields high 

information values for a given location when the firing rate is both unique to that location 

and is reliably observed across multiple visits, even when there are not well-defined 

place fields (see Wilent & Nitz, 2007 for a discussion of this measure). Consequently, 

mutual information is much higher in the RSC than the HPC, where mutual information 

values are low because HPC neurons carry little information about locations outside of 

their place field (Fig.1H). Thus, these two measures, information content and mutual 

information, illustrate a key difference between spatial coding in the HPC and RSC, with 

the former employing punctate place fields and the latter employing reliably distinct 

firing rates distributed widely across the environment.

Another way of assessing the quality of spatial representations is to ask how well 

you can predict the location of the subject based solely on the population firing patterns. 

We performed this analysis on the open field data, where spatial firing patterns are less 

likely to be influenced by behavioral variables such as heading direction and running 
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speed, which are confounded with location in maze tasks. To assess this, we computed 

the average population firing pattern for each pixel of the open field (see methods). We 

then repeatedly selected 250 msec samples, computed the Euclidean distance to each 

of the possible locations and assigned the sample to the location with the smallest 

distance (i.e., a minimum distance classifier, Fig. 2A). We could predict the rat’s current 

location based on the firing patterns from either region at rates far better than chance 

(HPC accuracy = 59.09% ± 0.07, one sample t-test of 1000 randomly selected 

populations of 100 neurons compared to chance = 2.78%, t(999) = 797.54, p<0.001; 

RSC accuracy = 51.36% ± 0.07, t(999) = 743.27, p<0.001). In order to examine the 

relationship between population size and classification accuracy, we repeated this 

procedure for randomly selected subsets of our neurons and found that classification 

accuracy was well above chance even for populations as small as 20 neurons and 

increased with increasing population size (Fig. 2B). Classification accuracy was higher 

for HPC neurons across all population sizes (e.g. for 100 neurons t(1998) = 80.33, 

p<0.001, Fig. 2B inset).

Context Discrimination. The HPC and RSC are thought to encode information 

about the environmental context, but the mechanisms of representing and differentiating 

contexts may differ across the two regions. The HPC is thought to represent contexts by 

generating unique spatial firing patterns for each context (D. M. Smith & Bulkin, 2014), a 

result that can readily be seen in our data (Fig. 1A). Many RSC neurons also exhibited 

reliably different spatial firing patterns in different contexts (e.g. Fig. 1B, plots 1, 2, 5, 9). 

However, context dependency was quite variable across the RSC population, and many 

neurons did not exhibit obvious differences in spatial firing between contexts (e.g. Fig. 
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1B, plots 3, 4, 6, 7). We examined the capacity for spatial coding of contexts by 

computing pixel-by-pixel spatial correlations comparing the two visits to the same 

context (within) and visits to different contexts (between) for each neuron (Fig. 3A). A 

two-way mixed ANOVA found a main effect of context condition (within vs between, 

F(1,437) = 846.56, p<0.001) and a context condition by brain region interaction 

(F(1,437) = 188.33, p<0.001). Post-hoc tests indicated that within-context spatial 

correlations were higher than between-context correlations in both regions, suggesting 

that both HPC and RSC spatial firing patterns differentiate contexts. However, this effect 

was weaker in the RSC, where within-context correlations were attenuated (t(437) = 

0.16, p<0.001, Tukey-Kramer test) and between-context correlations were elevated 

(t(437) = 0.21, p<0.001), relative to the HPC. This result suggests that HPC spatial firing 

is more consistent for repeated visits to the same context and more thoroughly 

orthogonalized for visits to different contexts, relative to the RSC. This can readily be 

seen when within- and between-context correlations are plotted for each neuron (Fig. 

3B). Note that the HPC neurons form a noticeable vertical band near zero on the x-axis, 

indicating uncorrelated firing patterns in different contexts for many neurons. In contrast, 

the values for RSC neurons are distributed along a diagonal band just above the unity 

line, indicating that spatial firing patterns could have high similarity in different contexts. 

However, it is notable that spatial firing patterns were nearly always more similar for 

visits to the same context than for visits to different contexts (dots above the unity line).

A decoding strategy can also be used to examine context-specific spatial firing 

patterns. We trained a minimum distance classifier on the spatial firing patterns from 

one trial and then attempted to decode the rat’s position in another trial, either in the 
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same context or a different context. If spatial firing patterns are consistent across trials 

decoding accuracy will be high, but if firing patterns differ then accuracy will be low. A 

two-way mixed ANOVA of average decoding accuracy produced the same pattern of 

results seen with the spatial correlations (Fig. 3B, inset). There was a main effect of 

context condition (within vs between, F(1,1998) = 253,883.26, p<0.001), indicating that 

decoding across trials from the same context was more accurate than decoding across 

different contexts, and a significant interaction of the brain region and context conditions 

(F(1,1998) = 52,211.53, p<0.001). Post-hoc tests found that same-context decoding 

accuracy was greater in the HPC than in the RSC (t(1998) = 0.17, p<0.001, Tukey-

Kramer test) and between-context decoding accuracy higher in the RSC than the HPC 

(t(1998) = 0.05, p<0.001).

Contexts can be encoded by distinct spatial firing patterns, as described above, 

but they can also be differentiated using a rate code. Previously, we reported that many 

RSC neurons fired at systematically different rates in the black and white contexts, 

regardless of the rat’s spatial position in the environment (Miller et al., 2021, also see 

Carstensen et al., 2021). In the HPC, the term ‘rate remapping’ has been used to 

describe changes in a neuron’s firing rate without changes in the location of the place 

field, which is thought to occur in response to relatively small changes in the 

environment (Leutgeb et al., 2005). We saw little evidence of this form of rate 

remapping in HPC neurons here, possibly because our manipulation involved large-

scale changes in the context rather than the limited environmental changes of the 

Leutgeb et al., 2005 study. However, HPC neurons often had a place field in one 

context with little firing in the other. This naturally results in many neurons having 
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systematically different firing rates in the two contexts, which could also serve as a rate 

code.

We compared rate coding in the two regions by computing the firing rate of each 

neuron in 10-sec time bins for each of the four trials, without regard to the rat’s location 

in the environment. Examples of rate coding by individual neurons are shown in Fig 4A-

B. In the RSC, neurons could have large firing rate differences with or without spatial

specificity. In contrast, none of the HPC neurons had a clear rate code without also 

exhibiting spatial specificity. Plots of all neurons sorted by firing rate in the black context 

are shown in Fig. 4C. We attempted to identify the current context from the population 

firing patterns using a minimum distance classifier and found that classification accuracy 

was significantly above chance (50%) in both regions. However, classification was 

significantly better in the RSC than the HPC (Fig. 4D, HPC accuracy = 79.19% ± 0.15, 

RSC accuracy = 87.03% ± 0.16, t(1998) = 50.67, p<0.001) and this was true across all 

population sizes (not shown). For example, the classification accuracy obtained from a 

random sampling of 50 RSC neurons was as good as the accuracy obtained from ~90 

HPC neurons. This was likely due to the fact that although many HPC neurons fire at 

different rates, they do so primarily within their circumscribed place field and firing rates 

outside the place field are near zero in both contexts. This can be seen in the 

patchiness of the color plots of firing rate over time (Fig. 4C) and the variability of the 

single neuron plots (Fig. 4A). Consistent with this, the variance of the time binned firing 

rates was twice as large in the HPC as in the RSC (Mean HPC: 0.99 ± 0.002, Mean 

RSC: 0.49 ± 0.02, t(144.8) = 24.63, p<0.001, Welch’s t-test for unequal variances).
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Directional Firing. Directionally selective firing has been reported extensively in 

the RSC (e.g. Zhang et al., 2022) and sometimes in the HPC (Jercog et al., 2019; 

Leutgeb et al., 2000). We examined directional firing in the open field where behavior is 

less constrained than in the T-maze. Consistent with previous reports, we found 

widespread directional firing in the RSC but only weak directional firing in the HPC. 

Similar to spatial firing patterns, RSC directional firing often took the form of high 

baseline firing rates with reliably higher firing across a range of preferred head 

directions (Fig. 5A). Notably, RSC directional coding was present in neurons that fired 

throughout the environment (e.g. Fig. 5A, plots 1-3), but could also occur in conjunction 

with spatially localized firing (e.g. Fig. 5A, plot 4).

Consistent with previous reports (Zhang et al., 2022), although all directions were 

represented in the population (Supplementary Fig. 2, plot D), RSC neurons often 

exhibited two (Fig. 5C, plots 1, 3) or four preferred directions (Fig. 5A, plots 3, 5, 6). 

Figure 5F illustrates the firing rates of all HPC and RSC neurons, with the peak firing 

aligned to zero and sorted by the amount of multi-directionality exhibited by each 

neuron (computed as in Zhang et al., 2022). Note the additional firing at 90, 180 and 

270 degrees from the primary peak. In many cases, directional firing was related to 

particular spatial locations. For example, in Fig. 5A, plot 5, the neuron had preferred 

directions aligned to the corners of the box, along with elevated firing in the corners. 

The neuron in Fig. 5A, plot 6 is an egocentric boundary cell (Alexander, Carstensen, et 

al., 2020), which fired when the rat was near the wall with the wall to the rat’s left.

As with spatial coding, we took a multi-pronged approach to assessing the quality 

of directional coding. First for each neuron, we binned the firing rates into 6° directional 
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bins and computed the mutual information score reflecting how reliably the firing rates 

differ across directions. We found that, on average, RSC neurons carried significantly 

more information about head direction than HPC neurons (Fig. 5D, HPC mean = 0.085 

± 0.003, RSC mean = 0.25 ± 0.01, t(163.35) = 15.21, p<0.001, Welch’s t-test for 

unequal variances). We also examined the reliability of directional tuning by correlating 

the tuning curves for the first and second visit to each context and found that directional 

firing patterns were significantly more correlated in the RSC as compared to the HPC 

(Fig. 5E, r = 0.45 in RSC, compared to 0.16 in HPC, t(153.17) = 8.1, p<0.001). We did 

not use the commonly employed Rayleigh statistic because it is optimized for neurons 

with high firing rates at the preferred direction with very low baseline firing rates (e.g., 

anterior dorsal thalamic neurons, Taube, 1995), and does not work well for neurons with 

broad tuning and high baseline firing rates. However, these values are illustrated in 

Supplementary Figure 2. We examined directional information at the population level by 

asking whether we could decode the current directional heading from the firing patterns 

of the neurons using the same approach we used for the spatial decoding described 

above. We found that although we could decode head direction above chance levels in 

both regions, decoding was significantly better in the RSC than in the HPC (t(1998) = 

347.98, p<0.001, Fig. 5G).

Interestingly, RSC directional firing was context-dependent. Directional tuning 

curves were significantly more correlated for visits to the same context than for visits to 

different contexts (same context r = 0.45 ± 0.02, between context r = 0.23 ± 0.02, t(138) 

= 9.26, p<0.001). Among the 96 neurons with apparent directional tuning in at least one 

context (see L-N model, next section), 49 (51%) had no directional tuning in the other 
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context. For the remaining neurons that had directional tuning in both contexts (n=47, 

49%), we rotated the tuning curves for the black box in 6° increments and correlated 

them with the tuning curves recorded in the white box in order to determine whether 

directional preferences rotated with the change in context. We took the rotation with the 

highest correlation as the amount of rotation observed in response to the context 

manipulation. Among these neurons, 9 neurons showed no rotation (i.e., the maximum 

correlation was observed at zero degrees of rotation, Supplementary Fig. 2, plot C). 

Although the remaining 38 neurons could exhibit varying amounts of rotation, a majority 

of them (n=25) exhibited rotations clustered around 70 degrees clockwise (e.g. Fig. 5C, 

plots 1-2). The reasons for this are uncertain, as the boxes did not rotate and there were 

no prominent cues that rotated by this amount across the two context conditions. 

However, it is possible that the neurons were sensitive to one or more distal cues that 

were visible in one context, but obscured by the curtains in the other context (see 

Methods). Interestingly, the directional preferences of simultaneously recorded neurons 

appeared to shift coherently, consistent with previous reports of coherent shifts in 

anterior dorsal thalamic directional coding (Taube & Burton, 1995). In 6 recording 

sessions, we had 3 or more neurons with directional tuning in both contexts. In 4 of 

those sessions, all of the neurons rotated by approximately the same amount (case 1 = 

81° ± 3.87; case 2 = 76.5° ± 4.5; case 3 = 69° ± 2.85; case 4 = 68.25° ± 1.86). In one 

session, all three neurons showed no rotation. In the sixth session two neurons showed 

no rotation while two others rotated by 48 and 60 degrees.

Linear-Nonlinear Model. Individual HPC and RSC neurons are known to 

respond to more than one task variable. For example, HPC neurons are often sensitive 
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to the rat’s speed of locomotion in addition to the spatial location (Mcnaughton et al., 

1983). To formally assess this, we subjected the open field data from each HPC and 

RSC neuron to a linear-nonlinear model (Hardcastle et al., 2017), which generates a 

firing rate tuning curve for each of the relevant variables and then assesses the 

significance of each variable as a predictor of neural firing. A key advantage of this 

approach is that it can identify neurons that are significantly tuned to two or more 

variables. For this analysis, we used spatial position within the environment, context 

(black or white box), head direction, running speed, acceleration, and angular velocity 

as potential predictor variables (Fig. 6). Consistent with the above analyses, neurons in 

both regions were tuned to spatial position and context. Positional tuning was more 

prevalent in HPC neurons (85% of HPC neurons, compared to 45% of RSC neurons) 

while contextual tuning was similar in the two regions (58% of HPC neurons, compared 

to 52% of RSC neurons). Note that tuning to spatial position and context are linked in 

the HPC, but are more independent in the RSC. This is because all of the HPC neurons 

that differentiated the black and white contexts had spatial tuning whereas RSC 

neurons often had a rate code that differentiated the contexts even when there was no 

spatial tuning. Directional tuning was far more prevalent in the RSC than in the HPC 

(67% of RSC neurons, compared to 15% of HPC neurons). Among the RSC neurons 

with directional tuning, about half also showed spatial tuning (see Fig. 5A). Conversely, 

most of the RSC neurons that were tuned to spatial position were also tuned to head 

direction (51 of the 65 neurons that were significantly tuned to position). This suggests 

that spatial tuning was typically found in conjunction with directional tuning, but 

directional tuning could exist independently of spatial tuning in the RSC. In contrast, all 

Page 26 of 65

John Wiley & Sons

Hippocampus



of the HPC neurons that showed significant directional tuning (15%, 43/282) also had 

place fields. Neurons in both regions were sensitive to the rat’s running speed, although 

this was somewhat more prevalent in the RSC (78% compared to 63% in the HPC). A 

substantial percentage of RSC neurons were also tuned to acceleration (32%) and 

angular velocity (22%), whereas less than 5% of HPC neurons were tuned to these 

variables.

Overall, RSC neurons were more likely to carry information about multiple 

variables (Fig. 6 insets). For example, 65% of RSC neurons were tuned to three or 

more of the six variables we examined, as compared to 49% of HPC neurons. More 

strikingly, 35% of RSC neurons were significantly tuned to at least four variables and 

12% were tuned to five or six variables, compared to 12% and 2% of HPC neurons, 

respectively. In the HPC, the encoding of spatial position was clearly dominant. Among 

the 85% of HPC neurons that had significant tuning to one or more of the six variables, 

all showed significant tuning to spatial position. That is, although HPC neurons could 

show tuning to multiple factors, such as the context and running speed, they were 

always tuned to spatial position. In contrast, RSC tuning typically included a wide range 

of the variables and combinations of variables. For example, among the RSC neurons 

with significant tuning to three variables, head direction was a factor 64% of the time, 

context 52%, spatial position 43%, and running speed 82% of the time.

Trajectory and Reward Location Coding. The continuous T-maze affords the 

opportunity to compare trajectory coding and firing at reward locations in the HPC and 

RSC (Miller et al., 2019; D. M. Smith et al., 2012; Wood et al., 2000). Neurons in the 

HPC and RSC exhibited differential firing patterns as the rats traversed the stem of the 
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maze on left and right turn trials, commonly referred to as ‘splitters’ (Fig. 7A-B). For 

each neuron, we compared the firing rates of the left and right trials and computed a t-

score (Student’s t) to serve as a measure that incorporates the trial by trial reliability of 

firing differences. The distribution of these values is illustrated in Fig. 7C. To examine 

this at the population level, we computed the Euclidean distance between the 

population vector for each trial and the average population vector of the left trials and 

the right trials, leaving out the sample trial. This specificity measure reflects the degree 

to which the firing pattern on each trial is both similar to other trials of the same type (left 

or right) and different from trials of the opposite type. For nearly all trials, the population 

firing pattern was more similar to the same trial type (Fig. 7D, dots above the unity line). 

Interestingly, the first left and first right trials were associated with the highest distance 

measures (Fig. 7D, bold outlined dots), indicating that firing patterns during the initial 

traversal of the maze differed from those of the later trials. Firing rates were not 

uniformly higher or lower than average on these initial trials, but were more variable, 

suggesting that a full circuit of the maze is required before the neurons settle into their 

typical splitter firing patterns. We also attempted to decode the left or right trials using a 

minimum distance classifier and found that we could correctly classify the trials more 

than 89.6% (± 0.20) and 83.9% (± 0.23) of the time for HPC and RSC respectively, with 

HPC accuracy significantly greater than RSC accuracy (t(1998) = 21.65, p<0.001, Fig. 

7D inset).

We performed a similar analysis on the firing patterns at the time of the reward 

(Fig. 8A-B). Here, for each neuron, we computed a t-score comparing the firing rates 

during the 2 sec after arrival at the reward location for the left and right trials. In the 
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RSC, the distribution of t-scores was broader, with more values in the tails (Fig. 8C), 

indicating that more of the RSC neurons strongly differentiated the left and right reward 

locations. Consistent with this, although population firing patterns in both regions 

exhibited specificity for all trials (greater similarity to the same trial type than to the 

opposite, Fig. 8D), specificity was significantly greater and classification accuracy was 

significantly higher in the RSC (specificity: t(40.98) = 14.46, p<0.001; classification 

accuracy: HPC accuracy = 91.97% ± 0.12, RSC accuracy = 99.48% ± 0.02, t(1998) = 

76.35, p<0.001, Fig. 8D inset).

The rewards serve to motivate task performance, but they also represent an 

important memory cue since the rats can use the current reward location to predict 

where the reward will be on the following trial. Therefore, it may be adaptive for neural 

systems to amplify the differences between the two reward locations. We examined this 

possibility by asking whether the differentiation was better than would be expected 

solely on the basis of spatial distance. The reward locations are 105 cm apart on the T-

maze, so we estimated the baseline spatial differentiation by computing the Euclidean 

distance between population vectors for two other, non-reward locations 105 cm apart 

on opposite sides of the maze (locations on the return arms away from the reward 

dispenser). We then compared that value to the Euclidean distance between the two 

reward locations on the maze. We found that RSC neurons differentiated the two 

reward locations far more than they differentiated equally distant non-reward locations 

(mean Euclidean distance between reward locations = 0.17, compared to 0.05 for the 

non-reward locations, t(50) = 17.39, p<0.001), suggesting that the RSC enhances 

differentiation of the reward locations. In contrast, HPC neurons differentiated the 
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reward locations significantly less than expected on the basis of spatial distance alone 

(mean Euclidean distance between reward locations = 0.07, compared to 0.11 for the 

non-reward locations, t(50) = 4.88, p<0.001), possibly because HPC neurons often fired 

at both reward locations, but rarely had place fields at both of the two non-reward 

locations used for this comparison. Thus, although neuronal firing patterns in both 

regions distinguished the left and right reward locations, RSC neurons differentiated 

them to a greater degree than HPC neurons.

Discussion

Our comparison of HPC and RSC neuronal firing confirmed that these two 

regions share functional properties, especially a strong tendency to encode spatial and 

contextual information. Neurons in both regions carry information about the rat’s current 

spatial location and, in the T-maze task, the trajectory through the environment and the 

locations of rewards. These findings are consistent with the profound spatial navigation 

deficits that result from either HPC or RSC damage (Holdstock et al., 2000; Ino et al., 

2007; Keene & Bucci, 2009; Morris et al., 1982; Spiers et al., 2001; Takahashi et al., 

1997). Neurons in both regions also clearly discriminate between environmental 

contexts. This is particularly important because contextual memory links spatial 

cognition to broader memory functions. Memories are linked to the context where they 

were acquired and the context is, itself, a powerful retrieval cue. Thus, neural 

representations of the context are critical for a wide variety of memories, from 

conditioned responses (J. J. Kim & Fanselow, 1992; Penick & Solomon, 1991) to 
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episodic memory (S. M. Smith, 1979, 1988; for review see D. M. Smith, 2008), and, like 

spatial memory, contextual memory is severely impaired by lesions of the HPC or RSC 

(Butterly et al., 2012; Cowansage et al., 2014; Keene & Bucci, 2008; J. J. Kim & 

Fanselow, 1992). We have found that a key benefit of creating distinct representations 

of different contexts is that it allows for the retrieval of situationally relevant memories 

while simultaneously preventing interference from irrelevant memories (Bulkin et al., 

2016; D. M. Smith & Bulkin, 2014). These similarities are consistent with the idea that 

the HPC and RSC are two components of a functional circuit that mediates spatial 

cognition and memory (Alexander et al., 2018; Alexander, Robinson, et al., 2020; Miller 

et al., 2014; D. M. Smith et al., 2022; Vann et al., 2009).

Despite these similarities, our results also identify a number of key differences 

between the two regions which suggest that they may make distinct contributions and 

employ different coding schemes. Neurons in both regions carried information about the 

rat’s current spatial location, but this coding was more prominent in the HPC. Consistent 

with expectations, most HPC neurons exhibited clear well-defined place fields and we 

could decode the rat’s current location from population firing patterns in the HPC better 

than we could in the RSC. Neurons in both regions frequently encoded more than one 

task variable, such as context, running speed, and head direction. However, spatial 

location was nearly always a significant factor in the HPC whereas spatial location was 

only a significant factor for about half of RSC neurons. Although both regions clearly 

differentiated the two environmental contexts using both a spatial code and a rate code, 

the balance of these two coding strategies differed. The HPC produced a stronger 

spatial code while the RSC produced a stronger rate code. These findings are 
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consistent with the idea that an obligatory neural code for spatial location is at the 

center of HPC representations, at least in these two experimental tasks which are 

optimized for examining spatial and contextual representations. In contrast, while spatial 

location is a prominent component of RSC representations, other task variables may be 

equally prominent. For example, head direction and context were also prominent in 

RSC representations, and both could be expressed independent of spatial location in 

the RSC. Differences were also found in the T-maze task. Consistent with previous 

reports (Miller et al., 2019; D. M. Smith & Mizumori, 2006; Wood et al., 2000), neurons 

in both regions exhibited differential firing on the stem of the T-maze (i.e. splitter firing) 

and at the reward locations. However, splitter firing was more distinct in the HPC, 

whereas encoding of the reward location was better in the RSC. RSC neurons were 

also more sensitive to movement variables. Although neurons in both regions were 

tuned to running speed, only the RSC has a substantial proportion of neurons 

significantly tuned to angular velocity and acceleration (see also Cho & Sharp, 2001).

The most striking difference was that information about head direction was 

prominent in the RSC, but only weakly encoded in the HPC. This difference is likely due 

to the dense interconnection between the RSC and the anterior dorsal thalamus, which 

is a key component of the head direction system (Taube, 1995), although the postrhinal 

and parietal cortex may also provide directional input (LaChance et al., 2022; Wilber et 

al., 2014). To the extent that directional firing is linked to visual landmarks, input from 

the visual system may also be important (Powell et al., 2020; Sit & Goard, 2023; Zhang 

et al., 2022). In the RSC, directional firing was the most frequently identified correlate, 

other than running speed, and it could occur in conjunction with spatially localized firing 
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or in neurons with no clear spatial specificity. We found that neurons could have a 

single preferred direction or multiple peaks in the directional tuning curve and these 

preferred directions often aligned with the geometry of the environment. These results 

are broadly consistent with previous findings of double or quadruple-peaked tuning 

curves in environments with two or four different compartments arranged to form a 

symmetrical environment (Jacob et al., 2017; Zhang et al., 2022). However, where the 

previous studies found relatively specific, high contrast tuning curves in a small subset 

of RSC neurons, we found that more than half of our neurons exhibited significant 

directional tuning with broad tuning curves and high background firing rates. The 

directional tuning we observed was reliable across repeated passes through the various 

directional headings and across repeated visits to the same environment. Moreover, we 

could readily predict the rat’s current head direction from population firing patterns. It is 

not clear whether the apparent differences between our findings and the previous 

studies result from the relatively strict classification criteria used in the previous studies 

or, more intriguingly, whether RSC directional tuning is sharpened by exposure to 

environments defined by symmetrical compartments that are highly salient but 

challenging to discriminate. The latter possibility is consistent with the observation that 

RSC neurons flexibly respond to a wide variety of cues and environmental features (D. 

M. Smith et al., 2018).

Our observations suggest that the HPC and RSC use different representational 

schemes even when they carry similar kinds of information. For example, although 

neurons in both regions carry information about the rat’s current spatial location, HPC 

neurons exhibited the expected small, circumscribed, high-contrast place fields, 

Page 33 of 65

John Wiley & Sons

Hippocampus



consistent with a sparse coding mechanism (Beyeler et al., 2019; Rolls & Treves, 1990; 

Skaggs & McNaughton, 1992). In contrast, RSC neurons had high baseline firing rates 

and they generally did not exhibit true place fields. Instead, their firing rate varied 

reliably across wide areas of the environment, which is more consistent with a 

distributed coding mechanism. Similarly broad spatial firing patterns are seen in the 

subiculum and spatial coding becomes progressively more distributed with increasing 

distance from CA1, but subicular neurons nevertheless exhibit good spatial coding (S. 

M. Kim et al., 2012). This is notable given that the subiculum is the main source of

hippocampal system output to the RSC (Van Groen & Wyss, 2003). We did see a few 

cases where RSC neurons showed more constrained spatial firing patterns on the T-

maze, but it is difficult to rule out the influence of movement variables and heading 

direction. The same pattern of broad tuning and high background firing was also 

apparent in RSC directional firing. 

Sparse and distributed coding schemes also influence the manner in which these 

two regions make use of spatial representations to differentiate environmental contexts. 

As expected, HPC neurons exhibited global remapping with most neurons having place 

fields in one environment, but not the other. In cases where the neurons had place 

fields in both contexts, the preferred firing locations were unrelated. This resulted in 

spatial firing patterns that were nearly fully orthogonalized in the two contexts (Fig. 1A). 

This combination of sparse coding and orthogonalization means that a large number of 

contexts can be efficiently differentiated (Alme et al., 2014), and this is a key 

characteristic that underpins theoretical accounts of the HPC role in contextual memory 

(Kubie et al., 2020; Nadel, 2008; D. M. Smith & Bulkin, 2014). RSC spatial firing 
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patterns were not orthogonalized. Instead, RSC representations of different contexts 

had enough overlap that it was possible to use the firing map from one context to 

predict the rat’s location in the other context well above chance levels. Nevertheless, 

RSC spatial firing patterns did reliably differentiate contexts because most neurons fired 

more similarly during trials in the same context than for trials in different contexts (Fig. 

3B). Each RSC neuron contributed only a little information to the overall differentiation 

of the two contexts, consistent with a distributed population code, and the overall firing 

patterns could support generalization across contexts. One interesting departure from 

this orthogonalization versus generalization result is the encoding of reward locations. 

RSC neurons were better at differentiating the reward locations than HPC neurons, 

possibly related to the RSC role in stimulus discrimination tasks (Gabriel, 1993; D. M. 

Smith et al., 2018).

Another characteristic of distributed coding is that individual neurons may carry 

information about more than one stimulus or task variable, referred to as multiplexing or 

mixed selectivity (Fusi et al., 2016; Hardcastle et al., 2017; Meister et al., 2013; Rigotti 

et al., 2013). Although present in both regions, multiplexing was more prevalent in the 

RSC. Most RSC neurons were tuned to several of the variables we examined using the 

L-N model. For example, neurons that were tuned to head direction and spatial location

can be seen in Figure 5A, plots 4-6. Although we did not formally assess multiplexing in 

the T-maze task, we observed many examples of neurons that showed splitter firing, 

along with preferential firing at one of the reward sites or other locations (see also 

Vedder et al., 2017). Our analysis of RSC multiplexing was constrained by the fact that 

the open field task offers a limited number of variables for assessment, but more 
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complex tasks with more variables could reveal even greater RSC multiplexing. For 

example, previous studies have shown that RSC neurons can also incorporate visual 

and auditory information as well as the valence of conditioning cues into their firing 

patterns (Fischer et al., 2020; D. M. Smith et al., 2001, 2004, 2018; Vedder et al., 2017), 

suggesting that the RSC is capable of integrating a wide array of inputs, depending on 

the task demands. This tendency to incorporate a wide range of variables may 

contribute to the array of idiosyncratic RSC spatial firing patterns we observed. HPC 

neurons also showed tuning to multiple variables, but it was more constrained. Fewer 

HPC neurons had tuning to three or more variables as compared to the RSC and, as 

mentioned above, spatial location was nearly always the dominant factor in the HPC. 

Overall, our results emphasize the shared functional characteristics of the HPC 

and RSC, but they also illustrate some key differences in their contributions to spatial 

and contextual memory. Moreover, these two regions employ different representational 

schemes, with highly orthogonalized sparse representations in the HPC and distributed 

multiplexed representations in the RSC. A growing body of evidence suggests that HPC 

representations are consolidated into the RSC (Alexander et al., 2018; Cowansage et 

al., 2014; De Sousa et al., 2019; Katche et al., 2013; Mao et al., 2018; Milczarek et al., 

2018). Our results are consistent with the idea that the consolidation process may result 

in more distributed representations that can support generalization (McClelland et al., 

1995; Sun et al., 2023). However, RSC representations were not simply a cortical copy 

of the HPC representations. The RSC encoded information about head direction, 

presumably resulting from communication via the dense interconnections with the 

anterior thalamus (Bubb et al., 2017; Van Groen et al., 1993; Van Groen & Wyss, 2003). 
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Other RSC firing patterns, such as border and corner firing (Fig 1B) may result from 

interactions with the entorhinal cortex, where border firing has been observed (Solstad 

et al., 2008). Similarly, the sensitivity of RSC neurons to movement variables and route 

segments such as turns may reflect input from the parietal cortex (Alexander, Place, et 

al., 2023; Clark et al., 2018). The inputs that contribute to rate coding of the context in 

RSC neurons are not known, but given that the color of the environment (black or white) 

was a prominent characteristic of the two contexts, it is likely that visual input is critical 

(Fischer et al., 2020; Mao et al., 2020; Powell et al., 2020). These considerations 

suggest that the RSC generates representations that integrate information from a 

variety of inputs, including but not limited to the HPC.
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 Figure Legends

Figure 1. Spatial firing rate maps from the HPC (A and C) and RSC (B and D) are shown to 
illustrate the range of firing patterns observed during open field foraging task and the 
continuous T-maze. Most HPC neurons exhibited clear place fields which differed for the black 
and white contexts, whereas RSC neurons exhibited a range of spatial firing patterns, generally 
involving large areas of elevated firing (see text). Each firing rate map includes the information 
content (IC) and mutual information (MI) score for that neuron. Plots E-I illustrate the 
distributions of various measures of firing characteristics for HPC (yellow) and RSC neurons 
(blue). Data are shown separately for the open field foraging task and the T-maze task.

Figure 2. The location of the rat could readily be decoded from population firing patterns in 
both the HPC and RSC. Plot A illustrates the probability map for an example RSC population 
(250 msec samples taken while the rat was in pixel 3:3). Colors indicate the proportion of 
classifications for each pixel based on the smallest Euclidean distance. For this example, most of 
the sampled population firing patterns best matched the rat’s actual position (pink circle) and 
most of the incorrect classifications indicated nearby pixels. Plot B illustrates the classification 
accuracy across different population sizes of HPC and RSC neurons, sub-sampled from the total 
neuronal population in each region (mean +/- SEM indicated by the thickness of the line). The 
dashed line represents chance accuracy (2.78%). The average classification accuracy values for a 
population size of 100 neurons are shown in the inset (error bars are plotted but are difficult to 
see, so SEM values are given in the text). 

Figure 3. Context-specific spatial firing. Pixel-by-pixel spatial correlations (Pearson’s r) 
comparing trials taking place in the same context (within) and trials taking place in different 
contexts (between) for the HPC and RSC are shown in plot A. Neurons in both regions exhibit 
context-dependent spatial firing patterns, as indicated by greater within-context correlations as 
compared to between-context correlations, but this was reduced in the RSC (see text). In plot B, 
the within- and between-context r-values are plotted against each other for each neuron 
(circles). Note that most of the dots are above the unity line, indicating that the spatial firing 
patterns were more similar for trials in the same context than for trials that took place in 
different contexts. However, the pattern of dots is different for the two regions, with HPC 
neurons exhibiting a notable vertical band at zero on the x-axis, consistent with 
orthogonalization, and RSC neurons distributed along the unity line. Spatial location 
classification accuracy is shown in the inset. The classifier was trained on one trial and tested on 
data from a different trial, either in the same context or the opposite context. Population 
representations showed the same pattern of results as the spatial correlation data for 
individual neurons (plot A). 

Figure 4. Rate coding of the contexts. Plots A and B show example neurons illustrating how 
firing rate differences may differentiate contexts. For each neuron, spatial firing rate maps are 
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shown above and average firing rate in successive 10 second bins throughout the duration of 
each 12-min trial is shown in the line plots below. In the HPC, the neurons fire at noticeably 
different rates in the black and white contexts due to the presence of a place field in one 
context, but not the other. This creates variability in the time-binned data because the neurons 
are generally silent when the rat is not in the place field. In the RSC, neurons could exhibit 
reliably different firing rates without spatial specificity. In extreme cases (e.g. plots B1-2), this 
results in continuously different firing rates for each context which do not depend on spatial 
location within the environment. This pattern can also be seen in plot C, which illustrates the 
time-binned firing rates (10 sec bins) across the 4 trials for HPC and RSC neurons, one row per 
neuron, sorted by firing rate in the black context. Note the presence of black-preferring and 
white-preferring neurons in both regions, although the HPC firing is more patchy than RSC 
firing. Plot D illustrates the average classification accuracy for decoding the current context 
(black or white) from population firing patterns in each region. Error bars are plotted but are 
difficult to see, so SEM values are given in the text.

Figure 5. Directional coding. Plots A and B show illustrative examples of directional coding in 
RSC and HPC neurons. For each example, the firing rate in 20° directional bins is illustrated by a 
circular histogram. Insets illustrating the normalized firing rates (min to max) are also shown to 
highlight preferred firing direction. Spatial firing rate maps are also shown for each neuron. Plot 
C shows three examples of RSC neurons showing context dependency of directional firing. Plot 
D illustrates the distribution of mutual information between firing rate and head direction for 
all neurons in each region, while plot E illustrates the correlation between directional firing rate 
histograms during the first and second visit to each context. Plot F illustrates the firing rates for 
RSC and HPC, one neuron per row, with the peak firing aligned to 0° and sorted by the amount 
of multi-directionality exhibited by each neuron (see text). Plot G shows the classification 
accuracy for decoding the head direction on the basis of the firing rates from neuronal 
populations in each region. Chance accuracy (5%) is illustrated by the dashed line.

Figure 6. Bar plots illustrating the percentage of HPC and RSC neurons that were significantly 
tuned to each of 6 behavioral variables, as indicated by an L-N model analysis (see text). Inset 
plots illustrate the percentage of neurons with tuning to zero, one, or more variables. 

Figure 7. Trial-type specific firing on the stem of the T-maze. Plots A and B show firing rate 
maps illustrating differential firing during traversals of the central stem of the maze on left and 
right trials for example HPC and RSC neurons. Plot C shows the distribution of t-scores 
comparing the firing rates during the left and right trials for each neuron. Plot D shows the 
Euclidean distance between the population vector for each trial (colored dots) and the average 
population vector of the same and opposite trial types. The highlighted dots with bold outlines 
illustrate the first left and first right trial. After the initial circuit of the maze, including one left 
and one right trial, the population firing patterns were always more similar to the current trial 
type (left or right) than to the opposite trial type, as indicated by dots above the unity line. 
Classification accuracy for decoding the trial type (left or right) based on the population firing 
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patterns in each region is shown in the inset. Error bars are plotted but are difficult to see, so 
SEM values are given in the text.

Figure 8. Reward location-specific firing on the T-maze. Plots A and B show peri-event time 
histograms with spike rasters centered on the time of arrival at the reward location (time zero) 
for example HPC and RSC neurons. Data for left and right reward locations are plotted 
separately for each neuron. Plot C shows the distribution of t-scores comparing the firing rates 
during the 2 sec after arrival at the reward for left and right trials for each neuron. Note that 
the RSC distribution has more values at the extremes, compared to the HPC, with negative 
values indicating greater firing at the right reward and positive values indicating greater firing at 
the left reward location. Plot D shows the Euclidean distance between the population vector for 
each trial (colored dots) and the average population vector of the same and opposite reward 
locations. Note that RSC population firing patterns are farther from the unity line than HPC 
neurons, indicating greater reward location specificity in the RSC. As in Fig. 7, the first left and 
first right rewards are indicated by highlighted dots (bold outlines). Classification accuracy for 
decoding the left or right reward location based on the population firing patterns in each region 
is shown in the inset. Error bars are plotted but are difficult to see, so SEM values are given in 
the text.

Supplementary Figure 1. The distributions of various measures of firing characteristics for 
interneurons (darker shades) and pyramidal neurons (lighter shades) in the HPC and RSC are 
shown. Note that the number of HPC interneurons was very small in the open field experiment 
(n=8), but the values are consistent with previous reports. In the HPC, the data suggest clearly 
differentiated firing properties for pyramidal and interneurons. In contrast, the RSC 
distributions are overlapping for all measures, suggesting that the two cell types do not have 
well differentiated response properties. Arrows indicate the means of the distributions. 

Supplementary Figure 2. Plot A illustrates the distribution of mean vector length of head 
direction tuning for all neurons in each region while plot B illustrates the distribution of 
directional information content. Plot C illustrates the magnitude of the shift in head direction 
firing between the two contexts for RSC neurons that had directional tuning in both contexts 
(n=47). Plot D illustrates the firing rates for RSC, one neuron per row, arranged based on the 
preferred firing direction. All directions are represented in the RSC.
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