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Abstract 39 

The subiculum is the major output structure of the hippocampal formation and is involved in 40 

learning and memory as well as in spatial navigation. Little is known about how the cellular 41 

diversity of subicular neurons relates to function. Previously, in vitro studies have identified 42 

distinct bursting patterns in subiculum. Here, we asked how burst firing is related to spatial 43 

coding in vivo. Using juxtacellular recordings in freely moving male rats, we analyzed the 44 

bursting behavior of 51 subicular principal neurons and distinguished two populations, i.e. 45 

sparsely bursting (~80%) and dominantly bursting neurons (~20%). The two populations had 46 

distinct spatial properties, sparsely bursting cells showing strong positional tuning and 47 

dominantly bursting cells showing weak positional tuning. In sparsely bursting neurons, 48 

bursts defined sharper place fields than isolated spikes. We conclude that burst firing is 49 

relevant to subicular spatial coding, possibly by serving as a mechanism to transmit spatial 50 

information to downstream structures. 51 

Keywords: Hippocampus; orientation; cluster analysis; multiplexing 52 

 53 

 54 

Significance statement 55 

The subiculum is the major output structure of the hippocampal formation and is involved in 56 

spatial navigation. In vitro, subicular cells can be distinguished by their ability to initiate 57 

bursts, being brief sequences of spikes fired at high frequency. Little is known about the 58 

relationship between the cellular diversity and spatial coding in this structure. We performed 59 

high-resolution juxtacellular recordings in freely moving rats and found that bursting behavior 60 

predicts functional differences between subicular neurons. Specifically, sparsely bursting 61 

cells have lower firing rates and carry more spatial information than dominantly bursting 62 

cells. Additionally, bursts fired by sparsely bursting cells encoded spatial information better 63 

than isolated spikes, pointing towards bursts as a unit of information dedicated to space 64 

coding.  65 
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Introduction 66 

The subiculum is the major output structure of the hippocampus, receiving its main inputs 67 

from CA1 and sending divergent outputs to many subcortical and cortical areas (Amaral and 68 

Witter, 1989; Witter, 2006). The subiculum is involved in spatial learning and memory (Morris 69 

et al., 1990; Galani et al., 1998; Roy et al., 2017; Cembrowski et al., 2018) but has not been 70 

the major focus of studies analyzing hippocampal function in spatial navigation.  71 

 72 

In vivo, the vast majority of subicular neurons carry positional information – in various 73 

discharge patterns such as place fields, irregular spatial cells or boundary cells (Sharp and 74 

Green, 1994; Lever et al., 2009). In addition, firing fields of subicular cells do not remap in 75 

response to novel environments, nor do they remap in darkness (Sharp, 1997; Lever et al., 76 

2009; Brotons-Mas et al., 2010). A subset of subicular cells maps the current trajectory taken 77 

in an environment with well-defined routes rather than in an open-field arena, implying that 78 

environmental constraints strongly influence subicular cell coding (Olson et al., 2017). 79 

Subicular cell spatial fields are less well-defined than CA1 place cells (O’Keefe and 80 

Dostrovsky, 1971), or the eye-catching medial entorhinal grid cells (Hafting et al., 2005), due 81 

to higher basal firing rates in the subiculum compared to other spatial areas such as CA1 or 82 

medial entorhinal cortex. 83 

 84 

The microcircuitry underlying spatial tuning in the subiculum is largely unresolved. The 85 

subicular anatomy is not as clearly stratified as the stratum pyramidale of CA1 (proximal to 86 

subiculum) and also lacks the elaborate lamination of the 6-layered cortical structures such 87 

as the presubiculum (distal to subiculum). The analysis of cell morphology indicates some 88 

internal structure (O’Mara, 2005) as well as laminar or modular organization based on long-89 

range connectivity (Naber and Witter, 1998; Ishizuka, 2001; Witter, 2006; Kim and Spruston, 90 

2012). In vitro, subicular principal neurons may be distinguished by their firing patterns: 91 

some are intrinsic bursting (from 45 - 80%) and others are regular spiking cells (Greene and 92 
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Totterdell, 1997; Staff et al., 2000). Bursting relates to subicular anatomy: deeper cells as 93 

well as cells located on the distal part tend to be the most bursty (Greene and Totterdell, 94 

1997; Harris et al., 2001a; Kim and Spruston, 2012). However, how bursting relates to 95 

subicular function remains mostly unresolved, even though a few functional correlates of 96 

bursting have been suggested. First, the biophysical properties of subicular cells could be 97 

predicted by their efferent target area (Kim and Spruston, 2012; Cembrowski et al., 2018), 98 

suggesting that intrinsic bursting or regular spiking cells might generate different streams of 99 

information. (Cembrowski et al., 2018) Second, local connectivity and recruitment by sharp 100 

wave ripples suggested distinct roles for regular spiking and intrinsic bursting cells in the 101 

subicular microcircuit function (Bohm et al., 2015). 102 

 103 

Here, we asked how subicular bursting relates to spatial coding in vivo. We took advantage 104 

of high-resolution juxtacellular recordings, which enabled us to reliably resolve small 105 

amplitude spikes – especially those resulting from sodium-channel inactivation during bursts. 106 

Using this technique in freely moving rats we asked: (i) Can bursting patterns be used to 107 

classify subicular neurons in vivo as in vitro? (ii) How does the burstiness of discharges 108 

relate to spatial coding? (iii) Do bursts and isolated spikes convey different types of 109 

information? We could classify cells based on their burstiness and found that sparsely 110 

bursting cells are more spatially modulated than dominantly bursting cells. In a large fraction 111 

of spatially modulated neurons, we found that bursts encoded position significantly better 112 

than isolated spikes. The encoding of spatial position by bursts predicts that such 113 

information is transmitted more effectively by facilitating synapses to downstream areas.  114 

  115 
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Material and Methods 116 

All experimental procedures were performed according to German guidelines on animal 117 

welfare. 118 

Juxtacellular recordings in freely moving rats 119 

Experimental procedures for obtaining juxtacellular recordings in freely moving rats were 120 

performed similar to earlier publications (Tang et al., 2014). Recordings were made in 28 121 

male Long-Evans rats (150-350 g) maintained in a 12-h light / dark phase and recorded 122 

during the dark phase. Surgical procedures were all performed under ketamine (80-100 123 

mg.kg-1) and xylazine (80–10 mg.kg-1) anesthesia. Rats were implanted with a head-implant 124 

including a metal post for head-fixation, a placement of a miniaturized preamplifier coupled 125 

to two LEDs (red and blue) and a protection cap. In order to target the dorsal subiculum, a 126 

plastic ring was glued on the skull surface 5.7-6 mm posterior to bregma and 2.9-3.2 mm left 127 

to midline. The craniotomy and the positioning of the metal post for holding the miniaturized 128 

micromanipulator (Kleindiek Nanotechnik GmbH, Kusterdingen, Germany) were done either 129 

during the same surgery or in a subsequent surgery. After implantation, rats were allowed to 130 

recover and were habituated to head-fixation for 2-5 days. Rats were trained to forage for 131 

chocolate pellets in an open field arena – a 70 x 70 x 50 cm (WDH) box with a white 132 

polarizing cue card on one of the walls – prior to and after implantation (3-7 days, multiple 133 

sessions of 15-20 min each per day). 134 

For recordings, rats were head-fixed and the miniaturized micromanipulator and preamplifier 135 

were secured to the metal posts.  136 

Glass pipettes with resistance 4-6 MΩ were filled with Ringer solution (n = 45/53) containing 137 

(in mM) 135 NaCl, 5.4 KCl, 5 HEPES, 1.8 CaCl2, and 1 MgCl2; or patch clamping internal 138 

solution (n = 6/53)  containing (in mM) 130 K-gluconate, 10 Na-gluconate, 10 HEPES, 10 139 

phosphocreatine, 4 MgATP, 0.3 GTP, 4 NaCl. In both cases, pH was adjusted to 7.2, 140 

Neurobiotin (1-2%) was added to the solution and the osmolality was adjusted to 285-305 141 

mmol/kg. The patch clamp solution was used to perform juxtacellular stimulations, of which 142 
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the results are not used in the context of the current study. The firing rate and the firing 143 

pattern was not different between subicular cells recorded with the 2 different solutions; 144 

therefore the two subsets have been merged and considered as one group. 145 

The glass recording pipette was advanced into the brain; a thick agarose solution (3.5-4% in 146 

Ringer) was applied into the recording chamber for sealing the craniotomy and stabilization. 147 

Animals were then released into the behavioral arena and juxtacellular recordings were 148 

established while animals were freely exploring the environment. The juxtacellular signals 149 

were acquired with an ELC-03XS amplifier (npi electronic GmbH, Tamm, Germany) and 150 

digitized with a Power 1401 data-acquisition interface coupled to Spike2-v7 (CED, 151 

Cambridge Electronic Design, Cambridge, UK) where signals were sampled at 50 kHz. The 152 

arena was filmed from above with a color camera so the position of red and blue LEDs could 153 

be tracked offline to determine animal’s location and head-direction. All signal processing 154 

and analyses were performed in Matlab (MathWorks, Natick, MA, USA).  155 

 156 

Anatomy 157 

Juxtacellular labeling was performed at the end of the recording session according to 158 

standard procedures (Pinault, 1996). A number of recordings were either lost before the 159 

labeling could be attempted, or the recorded neurons could not be clearly identified, but the 160 

location of all the cells included in the current study was positively assigned to the 161 

subiculum. Ten to thirty minutes after the labeling protocol, the animals were killed by 162 

prolonged isoflurane exposure and overdose of urethane, and perfused transcardially with 163 

0.1 M PB followed by 4% paraformaldehyde solution. We used standard procedures for 164 

histological analysis of juxtacellularly-labeled neurons. Neurobiotin labeling was visualized 165 

with streptavidin conjugated to Alexa 488 (1:250 to 1:1000). Fluorescence images were 166 

acquired and position of tracks, filled neurons or recording sites were assigned to an area 167 

(subiculum, CA1 or presubiculum).  168 

 169 
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Spike and bursts detection 170 

For spike detection, the raw signals were filtered (0.3 - 6 KHz, zero phase band-pass 171 

Butterworth filter of order 8). Transients were then detected using a threshold of 2.5 times 172 

the root mean square (rms) of the signal. High amplitude artefacts, due to behaviors like 173 

grooming, could increase the rms value significantly and prevent the detection of the 174 

smallest transients; the values in a window of 2.5 ms around these artefacts were therefore 175 

clipped and replaced by zeros. A second step for separating spikes from noise consisted of 176 

calculating the principal components of the transients followed by manually clustering the 177 

events to spikes and noise. This cleaning step was first performed on filtered waveforms and 178 

subsequently on raw waveforms. Eventually, the accuracy of spike detection was visually 179 

checked, scrolling throughout the whole recording. The cleaning step was repeated until the 180 

detection was optimal (minimizing false positives and negatives). 181 

Finally, spikes were categorized as belonging to a burst if the interval from the prior spike 182 

and/or to the next spike was shorter than a threshold set at 6 ms. One burst was therefore 183 

defined as a group of spikes (>=2) interleaved with less than 6 ms. The burst time stamp 184 

was set to that of the first spike in a burst. Burst length was the time difference between the 185 

last and the first spike in a burst and burst modal interval was the mean inter-spike-interval 186 

(ISI) during bursts. 187 

 188 

Spike waveform analysis 189 

The raw signals were filtered (6 KHz, zero phase low-pass Butterworth filter of order 8) in 190 

order to minimize high frequency noise. Spike shape parameters were determined based on 191 

the spike average waveform calculated from these low-pass filtered traces. Prior to the 192 

calculation of the average spike, the single waveforms had to be properly aligned. To this 193 

end, every spike waveform was oversampled at 1000 kHz using a spline interpolation to 194 

better estimate its shape. Signal to noise ratios often differed between recordings and with it, 195 

the spike amplitude. To be able to compare spike shape parameters between cells the 196 

waveform was normalized so that the rising amplitude was 1 mV. We then calculated the 197 
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derivative of each waveform. The threshold was set as the first sample where both the 198 

voltage and its derivative were at least 5 % of their maximal value. The rising amplitude (mV) 199 

was set to the difference of potential between the peak and the threshold voltage. The after-200 

hyperpolarization was set to the point at minimum voltage after the peak, when the derivative 201 

≥ 0. The spike duration was set to the threshold-to-after-hyperpolarization duration. Putative 202 

fast-spiking interneurons (n = 2) were identified based on their high average rate (41 and 73 203 

Hz), their spike duration inferior to 0.5 ms (0.34 and 0.39 ms), their high maximum derivative 204 

(10.5 and 9.2 mV.ms-1) and low minimum derivative (-8 and -12.3 mV.ms-1). Fast spiking 205 

interneurons were not used for the subsequent analyses. 206 

 207 

Analysis of burstiness 208 

We estimated the burstiness of each subicular principal cell using a combination of two 209 

different methods, which are both biased by basal firing rates but in opposite directions.  210 

The first method is based on the distribution of inter-spike-intervals and has previously been 211 

used in order to study a cell’s burstiness in the subiculum (Sharp and Green, 1994; Lever et 212 

al., 2009; Brotons-Mas et al., 2010) and other areas such as parahippocampal cortices 213 

(Ebbesen et al., 2016). The ISI interval distribution might overestimate burstiness for cells 214 

with elevated firing rates. This problem is solved by the second method - analysis of the 215 

spike autocorrelograms from 1 to 20 ms (Kim et al., 2012). Here, the bursting index was 216 

calculated as the ratio of the integrated power of the autocorrelogram between 1 and 6 ms 217 

normalized by the overall power between 1 and 20 ms. This method does not bias the 218 

burstiness estimation for high firing neurons. However, we realized that it could overestimate 219 

the bursting probability of neurons with low firing rate and very occasional bursts because 220 

only the first 20 ms of the autocorrelogram are considered in this analysis. 221 

Principal component analysis (PCA) was done on both the log(ISI) probability matrix and for 222 

the 1-20 ms lag probability matrix. The first three components from each PCA were used to 223 

generate a firing pattern vector in a 6-dimensional space. We then generated a cluster tree 224 
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using Ward’s method on the normalized Euclidean distance between cells. The Ward’s 225 

method establishes hierarchical clusters by iteratively grouping the two closest observations 226 

or groups of observations together. Consequently, cells with very similar firing patterns are 227 

primarily grouped together and groups with very different properties are linked at the end of 228 

the procedure (Ward, 1963). Two clusters strikingly emerged from the dendrogram, defining 229 

two groups of neurons that we named sparsely bursting cells and dominantly bursting cells 230 

based on their potency to initiate bursts.  231 

 232 

Analysis of spatial modulation  233 

The position of the rat was defined as the midpoint between two head-mounted LEDs. A 234 

running speed threshold (1 cm.sec-1) was applied for isolating periods of rest from 235 

navigation. For generating color-coded firing maps, space was discretized into pixels of 2.5 236 

cm x 2.5 cm. For each such pixel the occupancy o(x) was calculated:  237 

 

where xt is the position of the rat at time t, Δt the inter-frame interval, and w a Gaussian 238 

smoothing kernel with σ = 5 cm. Then, the firing rate r was calculated for each pixel x:  239 

 

where xi is the position of the rat when spike i was fired. 240 

For recordings in which the animal’s trajectory covered at least 60 % of the open field (n = 241 

41/51), we calculated the spatial information rate, I (bits / spike), from the spike train and rat 242 

trajectory as follows: 243 

 , 244 

where r(x) and o(x) are the firing rate and occupancy as a function of a given pixel x in the 245 

rate map.  is the overall mean firing rate of the cell, and T is the total duration of a recording 246 

session (Skaggs et al., 1993). 247 

 248 
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Statistical analysis 249 

A cell was declared to have a significant amount of spatial information if the observed spatial 250 

information rate exceeded the 95th percentile of a distribution of values of I obtained by 251 

circular shuffling. Shuffling was performed a 1000 times by a circular time-shift of the 252 

recorded spike train relative to the rat’s trajectory by a random time  (von 253 

Heimendahl et al., 2012; Bjerknes et al., 2014), T being the total duration of the recording 254 

session.  255 

 256 

The size difference between the two clusters of subicular neurons and the small size of the 257 

group of dominantly bursting cells used for spatial information calculation brought us to test 258 

the significance of the difference with a bootstrapping procedure. N (number dominantly 259 

bursting cells) values of spatial information were randomly selected from the sparsely 260 

bursting population. Repeating the procedure 1000 times, we then obtained a bootstrapped 261 

distribution of the median spatial information for sparsely bursting cells. The difference was 262 

significant if the rank of the median spatial information of dominantly bursting cells was 263 

within the 5th percentile of the bootstrapped distribution (P ≤ 0.05). 264 

 265 

We wanted to test whether the spatial information encoded by bursts was significantly 266 

different than the spatial information encoded by isolated spikes. A direct comparison of 267 

spatial information values would not be appropriate as the total number of events and 268 

smoothing parameters used for generating the rate maps can introduce bias in information-269 

theoretic measures (Harris et al., 2001b). Consequently, we used a randomization method 270 

similar to Harris et al. (2001b). In instances where there were less bursts than isolated 271 

spikes, we would compare information given by the N bursts to the information given by 272 

1000 random subsets of N isolated spikes. Bursts were significantly more informative than 273 

isolated spikes if the rank of the burst spatial information was within the 95th percentile of the 274 

distribution of the spatial information given by the random subsets of isolated spikes. 275 
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In some instances where highly bursting cells had less isolated spikes than bursts (n = 2/51), 276 

we compared the information given by N isolated spikes to the information given by 1000 277 

random subsets of N bursts. In this case, bursts were significantly more informative than 278 

isolated spikes if the rank of the isolated spike spatial information was within the 5th 279 

percentile of the distribution of the spatial information given by the random subsets of bursts. 280 

 281 

In many cases, the significance of the difference observed between distinct groups was 282 

assessed with non-parametric tests only. Two-tailed Mann-Whitney U tests were used to 283 

determine whether two groups of unpaired observations were significantly different from 284 

each other (e. g. comparing sparsely bursting and dominantly bursting cells). Two tailed 285 

Wilcoxon signed rank tests were used in case of two groups of paired observations (e.g. 286 

comparing bursts and isolated spikes). 287 

  288 
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Results 289 

We performed juxtacellular recordings in rats foraging for food in a 70 x 70 cm open field 290 

arena. Our data consists of 51 subicular principal cells recorded in 28 rats. Neurons were 291 

assigned as subicular cells histologically and as principal cells based on firing rates and 292 

spike waveforms. 293 

Sparsely and dominantly bursting cells: distinct firing patterns in vivo 294 

Previous in vitro work (Greene and Totterdell, 1997; Staff et al., 2000; Harris et al., 2001a; 295 

Kim and Spruston, 2012) indicated the existence of distinct patterns of bursting in different 296 

types of subicular principal cells. In our in vivo recordings, we also noted distinct bursting 297 

patterns of subicular principal cells during navigation. We categorized cells according to their 298 

burst discharge pattern. Clustering neurons using the Inter-Spike-Interval (ISI) histograms 299 

and spike autocorrelograms (Figure 1; see methods) resulted in two distinct groups: sparsely 300 

bursting cells (n = 41 / 51 cells, ca. 80 %) and dominantly bursting cells (n = 10 / 51 cells, ca. 301 

20 %; Figure 1) 302 

A trace from a recording and spikes of a sparsely bursting cell are shown in Figure 1A and 303 

B. Burst firing (i.e. spikes interleaved with ISI ≤ 6 ms) occurred only sparsely. Both the ISI 304 

histogram (Figure 1C) and autocorrelation function of spikes (Figure 1D) confirm that short 305 

ISIs were present but rare in this cell group. 306 

A trace from a recording and spikes of a dominantly bursting cell are shown in Figure 1E and 307 

F. A large fraction of spikes was organized in bursts. A prominent peak at short ISIs is 308 

obvious in the ISI histogram (Figure 1G) and autocorrelation function of spikes (Figure 1H). 309 

The proportion of ISIs ≤ 6 ms of the total number of spikes was calculated as a bursting 310 

index. The median bursting index was significantly higher for dominantly bursting cells than 311 

for sparsely bursting cells (Figure 1I, median: SB = 0.137, DB = 0.0.514, Mann-Whitney U 312 

test, P = 1.10-6). The average number of intra-burst spikes tended to be higher in dominantly 313 

bursting cells than in sparsely bursting cells (median: SB = 2.1, DB = 2.23, Mann-Whitney U 314 
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test, P = 3.10-4). In addition, the mean intra-burst intervals were shorter in dominantly 315 

bursting cells than in sparsely bursting cells (median: SB = 4.3 ms, DB = 3.6 ms, Mann-316 

Whitney U test, P = 2.10-6). Dominantly bursting cells had higher bursting rates than sparsely 317 

bursting cells (medians: SB = 0.7 Hz, DB = 4.8 Hz; Mann-Whitney U test, P = 3.10-6). Firing 318 

rates were variable and rather high as previously reported for subicular neurons (Sharp and 319 

Green, 1994; Lever et al., 2009; Kim et al., 2012). Firing rates of dominantly bursting cells 320 

were higher on average than sparsely bursting cells during navigating periods (speed > 1 321 

cm.sec-1; Figure 1J; medians: SB = 13.5 Hz, DB = 20.1 Hz; Mann-Whitney U test, P = 322 

0.0043). Spike duration (from threshold to after-hyperpolarization) of sparsely bursting cells 323 

and dominantly bursting cells were not different from one another (Figure 1K; median: SB = 324 

0.84 ms, DB = 0.92 ms; Mann-Whitney U test, P = 0.6954). 325 

 326 

Sparsely bursting cells provide more spatial information than dominantly bursting 327 

cells 328 

Our initial analysis showed that subicular cells can be clustered into two distinct cell 329 

populations based on their bursting activity in vivo. Next we asked if these populations also 330 

differ in their spatial tuning properties. 331 

 Figure 2 shows the animals’ running trajectory with the superimposed spike positions and 332 

the resulting rate maps for one sparsely bursting cell (Figure 2A, B) and one dominantly 333 

bursting cell (Figure 2C, D). The sparsely bursting cell is robustly spatially tuned, while the 334 

dominantly bursting neurons is far less tuned. We calculated the spatial information for cells 335 

with sufficient coverage (>60%) of the open field area. This analysis (see methods, Figure 336 

2E) revealed that sparsely bursting cells are far more spatially tuned than dominantly 337 

bursting neurons (Figure 2E, median: SB = 0.19 bits/spike (n = 35), DB = 0.03 bits/spike (n = 338 

6), Mann-Whitney U test, P = 0.028). Given the size difference between groups and the low 339 

number of dominantly bursting cells (n = 6), we further tested the significance of the 340 

difference using bootstrapping (see methods). The spatial information of dominantly bursting 341 



 
 
Simonnet & Brecht Bursts and spatial coding in subiculum 14 

 14 

cells was significantly different from the distribution of spatial information values of the 342 

randomly selected subsets of the sparsely bursting cells (P = 0.01). 343 

Approximately 65% (25/35) of sparsely bursting cells and 50% (3/6) of dominantly bursting 344 

cells were significantly modulated by the animal’s position and could therefore be defined as 345 

spatial neurons. Sparsely bursting spatial neurons encoded more spatial information than 346 

dominantly bursting neurons (median: SB = 0.42 bits/spike, n = 25; DB = 0.13 bits/spikes, n 347 

= 3, bootstrapping P = 0.04). 348 

The differences in spatial coding between sparsely bursting and dominantly bursting cells 349 

reinforced the idea that the classification of cells according to bursting discharge patterns 350 

captures significant functional differences between subicular neurons. 351 

 352 

Bursts provide spatial information in sparsely bursting cells 353 

Our previous analyses revealed that subicular cells can be clustered according to bursting 354 

discharges and that such a classification reveals functional differences. While dominantly 355 

busting cells burst most of the time, sparsely bursting cells do so occasionally and we 356 

wondered, how such occasional bursts contributed to the transmission of spatial information. 357 

In the example shown in Figure 2A and B, it can be seen that many spikes occurred outside 358 

of the main spatial firing field. In order to evaluate how the firing patterns contributed to the 359 

coding of spatial information at the single cell level, we separated isolated spikes and bursts 360 

into distinct plots (Fig 3A-F). A first example from a sparsely bursting cell, shown in Figure 361 

3A-C, suggested that isolated spikes occurred in numerous locations, even though a 362 

preferred location is still evident in the rate map (Fig 3B). A strikingly different picture 363 

emerged when we only plotted bursts. A well-defined firing field akin to a CA1 place cell 364 

emerged by looking at the bursts’ positions on the trajectory and the corresponding rate map 365 

(Figure 3C). Applying the same analysis to further cells strengthened the idea that sparsely 366 

bursting cells provide spatial information through bursts. As shown for a second sparsely 367 

bursting cell in Figure 3D-F, bursts were confined to the north border of the environment (Fig 368 

3F) whereas isolated spikes were widely distributed throughout the arena (Fig 3E).  369 
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The difference in the number of events per group (bursts or isolated spikes) can bias spatial 370 

information values; it tends to be higher while computed on a lower number of events (Harris 371 

et al., 2001b). Typically, there was more isolated spikes than bursts. We compared the value 372 

of the spatial information encoded by the N bursts to the average of the spatial information 373 

encoded by 1000 random subsets of N isolated spikes (or the opposite if there was more 374 

isolated spikes than bursts). In sparsely bursting cells, burst transferred higher spatial 375 

information than isolated spikes (medians: 0.51 bits / burst, 0.41 bits / isolated spike; 376 

Wilcoxon signed rank test, P = 0.0001; Figure 3G). In contrast, bursts did not encode 377 

sharper spatial information in dominantly bursting cells (medians: 0.03 bits / burst, 0.07 bits / 378 

isolated spike; Wilcoxon signed rank test, P = 0.563; Figure 3G). Here the median difference 379 

appears to be low. However, this analysis considered all neurons of our dataset, including 380 

non-spatial neurons. The median difference between bursts and isolated spikes was higher if 381 

we considered spatially significant sparsely bursting cells only (n = 23, 0.80 bits / burst, 0.44 382 

bits / isolated spike; Wilcoxon signed rank test, P = 0.0001). 383 

 384 

At the single cell level, information encoded by bursts was determined to be significantly 385 

more informative than isolated spikes if it was within the 95th percentile of the distribution of 386 

spatial information values random subsets of N isolated spikes (See methods for when there 387 

are fewer isolated spikes than bursts). The difference between isolated spikes and bursts 388 

was significant for 17 of the 23 spatially modulated sparsely bursting cells and 2 of the 3 389 

spatially modulated dominantly bursting cells (Figure 3G, H). For sparsely bursting cells with 390 

a significant difference (n = 17), burst spatial information (median = 0.912 bits / burst) was 391 

on average 2.4 times higher than isolated spike spatial information (median, 0.42 bits / 392 

isolated spike, Figure 3I). Similarly, it was 2.4 and 1.6 times higher for the two dominantly 393 

bursting spatial cells with a significant burst effect, nevertheless the burst spatial information 394 

remained among the lowest from our dataset (0.33 and 0.17 bits / burst, Figure 3I). 395 

  396 
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Discussion 397 

We studied how burst firing related to spatial coding in the subiculum of rats. We first 398 

classified subicular neurons according to their bursting patterns and distinguished two 399 

classes of subicular neurons, a large fraction (80%) of sparsely bursting cells and a small 400 

fraction (20%) of dominantly bursting cells. Most sparsely bursting cells were spatially 401 

modulated cells and carried more spatial information than dominantly bursting cells. Finally, 402 

we found that bursts in sparsely bursting neurons carry more spatial information than 403 

isolated spikes, which account for the ubiquitous firing seen in most of the subicular spatial 404 

cells. 405 

 406 

The initial impetus for our study came from in vitro studies, which identified bursting in 407 

subicular neurons. Most interestingly, bursting was shown to be correlated with the 408 

projection target of the respective neuron (Kim and Spruston, 2012) suggesting a functional 409 

relevance of the bursting phenotype. In previous studies, bursting relationship to space 410 

coding has been investigated in subiculum without establishing a clear picture (Sharp and 411 

Green, 1994; Lever et al., 2009; Brotons-Mas et al., 2010; Kim et al., 2012). Previous reports 412 

on CA1 place cells suggested than intrinsic bursting cells, rather than regular spiking cells, 413 

were more likely to be spatially modulated (Epsztein et al., 2011). Unlike previous studies on 414 

the subiculum, we observed marked functional differences between cell classes defined by 415 

their bursting behavior, however quite opposite to CA1. Indeed, we found that dominantly 416 

bursting cells fire at higher rates and their spikes carry little spatial information, greatly 417 

strengthened the idea that bursting is of functional significance for subicular space coding. 418 

We believe that the high resolution of the juxtacellular recordings as well as our method to 419 

cluster subicular cells in distinct groups reflecting burstiness were key element in our 420 

findings. 421 

 422 
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However, it is not yet clear how our in vivo classification of sparsely bursting and dominantly 423 

bursting cells is related to various classifications of bursting based solely on intrinsic 424 

properties. Different in vitro studies on subicular neurons reported varying estimates for the 425 

fraction of intrinsically bursting neurons, ranging between 45 to 80 % (Mason, 1993; Stewart 426 

and Wong, 1993; Behr et al., 1996; Greene and Totterdell, 1997; Staff et al., 2000; Harris et 427 

al., 2001a; Kim and Spruston, 2012; Joksimovic et al., 2017). Only about 20% of the neurons 428 

observed in our study were of the dominantly bursting subtype. These numbers do not 429 

match previous reports and it seems unlikely that the dominantly bursting cells observed 430 

here correspond to the broad definition of intrinsic bursting cells used in in vitro studies. It 431 

seems possible that the dominantly bursting cells observed by us correspond to a subgroup 432 

of neurons with a particular strong tendency for intrinsic bursting described in vitro. In 433 

contrast, generating bursts does not appear to be a default mode of firing for most sparsely 434 

bursting cells. These cells might be weakly bursting or regular spiking cells requiring more 435 

complex mechanisms such as the interaction of intrinsic mechanisms and synaptic inputs for 436 

bursting (Larkum, 2013). 437 

 438 

Matching numbers of bursting cells between distinct studies is complicated because 439 

experimental conditions might be different from one study to another, especially since burst 440 

generation depends on many factors, which are not easy to control in vivo. Indeed, a variety 441 

of cellular mechanisms of burst generation have been suggested for subicular neurons. For 442 

instance, bursting requires T-type voltage gated calcium currents (Joksimovic et al., 2017) 443 

that can be affected by neuromodulatory signals, such as serotonin, which was shown to 444 

downregulate T-type channels and burst generation (Petersen et al., 2017). 445 

 446 

As the output structure of the hippocampus, the subiculum sends high frequency, but rather 447 

unprecise, spatial coding to downstream areas. Indeed, peak frequencies of subicular spatial 448 

neurons are rather high compared to CA1, as are their baseline ((Sharp, 1997, 2006; Kim 449 

and Spruston, 2012). Nevertheless, spatial signals can be refined if one take the precise 450 



 
 
Simonnet & Brecht Bursts and spatial coding in subiculum 18 

 18 

firing pattern of subicular neurons into consideration. Indeed, isolated spikes and bursts are 451 

functionally distinct units of information in most sparsely bursting spatial neurons (ca. 70%). 452 

While bursts were often fired in well-defined place fields, isolated spikes were spatially 453 

dispersed. Such differential coding by isolated spikes and bursts is similar to information 454 

processing in sensory systems (Krahe and Gabbiani, 2004). Nonetheless, our finding is 455 

remarkably different from CA1, where bursts sharpen spatial information in only ca. 20% of 456 

place cells (Harris et al., 2001b). Such a difference shows the relevance of burst firing in 457 

noisy spatial cells such as subicular cells, compared to sharply tuned CA1 place cells. Bursts 458 

and isolated spikes, as two units of information could be readout by the interaction between 459 

short-term plasticity and postsynaptic integrative properties (Lisman, 1997; Izhikevich et al., 460 

2003). The spatial information conveyed by a burst could be decoded by the summation of 461 

excitatory events at facilitating synapses whereas poorly tuned spatial inputs could be better 462 

decoded through depressing synapses (Lisman, 1997). This should be the case for long 463 

range projections and could as well define functional sub-circuits within the local microcircuit 464 

(Simonnet et al., 2017). The ongoing activity and resonating properties of targeted neurons 465 

could define the response to these signals (Izhikevich et al., 2003). However, the neuronal 466 

targets of subicular spatial neurons and how these integrate and convert multiplexed signals 467 

at the cellular and microcircuit levels are unknown elements. These will need to be resolved 468 

for a better understanding of the subicular role in distributing hippocampal output spatial 469 

codes.  470 
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Figures & Legends  578 
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 579 

Figure 1. Firing pattern features of sparsely and dominantly bursting cells in vivo.  580 
(A) Bandpass filtered (300 - 6000Hz) trace of recording from a sparsely bursting cell. Spikes occurring 581 
in burst are labeled with an orange dots and isolated spikes with a green dots.  582 
(B) Magnification of the burst (orange, left) and the isolated spikes (green, right) indicated with a star.  583 
(C) Plot of the probability of Inter-Spike-Intervals (ISIs) for sparsely bursting subicular cells on a 584 
logarithmic scale. Note that short ISIs occur rarely in these neurons. The vertical dashed line is placed 585 
at 6 ms.  586 
(D) Autocorrelograms of sparsely bursting subicular cells.  587 
(E, F) as B and C for a dominantly bursting subicular cell.  588 
(G) Inter-Spike-Intervals as in C for dominantly bursting cells. Note the prominent initial peak.  589 
(H) Autocorrelograms of dominantly bursting subicular cells.  590 
(I) ISI based bursting index corresponding to the proportion of inter-spike-intervals lower than 6 ms is 591 
significantly higher for dominantly bursting cells. Two-tailed Mann Whitney U-Test.  592 
(J) Spiking rate (Hz) while the animal is navigating (see methods) is significantly higher for dominantly 593 
bursting cells. Two-tailed Mann Whitney U-Test.  594 
(K) Spike duration is not different between sparsely bursting and dominantly bursting cells. Statistics: 595 
two-tailed Mann Whitney U test.  596 
 597 
Figure 2. Sparsely bursting cells provide more spatial information than dominantly bursting cells.  598 
(A) Trajectories of the rat with the spikes of a sparsely bursting cell superimposed in red.  599 
(B) Corresponding rate map with the peak rate (above) and spatial information and significance 600 
(below).  601 
(C) As A for a dominantly bursting cell.  602 
(D) As B for a dominantly bursting cell.  603 
(E) Spatial information calculated for sparsely bursting and dominantly bursting cells. Sparsely 604 
bursting cells provided significantly more information than dominantly bursting cells. Statistics: two-605 
tailed Mann Whitney U test. 606 
 607 
Figure 3: Sharp spatial tuning of burst firing in sparsely bursting cells.  608 
(A) Spikes (red dots) superimposed to the animal’s trajectory (gray line).  609 
(B) Left, isolated spikes (green dots) superimposed to the animal’s trajectory (gray line) and 610 
corresponding rate map; peak rate above and spatial information and significance below.  611 
(C) Left, bursts (orange dots) on animals’ trajectories (gray line) and corresponding burst rate maps; 612 
peak rate above and spatial information and significance below.  613 
(D-F), as A-C for another sparsely bursting cell.  614 
(G) Spatial information is significantly higher for bursts than isolated spike spatial information within 615 
the population of sparsely bursting cells but not for dominantly bursting cells. P, two-tailed Mann-616 
Whitney U test.  617 
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(H) Information per burst versus information per isolated spikes for spatially modulated neurons (n = 618 
25 sparsely bursting cells, black circles; n = 3 dominantly bursting cells, blue circle). Solid circles 619 
indicate cells with a significant increase of spatial information between burst and isolated spike (n = 620 
17 / 25 for sparsely bursting cells and n = 2 / 3 for dominantly bursting cells).  621 
(I) Same as G, showing only spatial cells with a significant difference between information encoded by 622 
bursts and isolated spikes, with sparsely bursting cells in black and dominantly bursting cells in blue. 623 
In G-I spatial information values have been calculated using similar numbers of bursts and isolated 624 
spikes in order to obtain unbiased and comparable results (see methods). 625 
 626 
Figure 4. Anatomy of sparsely bursting cells and dominantly bursting cells 627 
A-G, reconstructions of 6 subicular principal cells. Dendrites are in black (sparsely bursting cells) or 628 
blue (dominantly bursting cells) and axons are in orange. Some of the anatomical outlines have been 629 
drawn, such as CA1 stratum pyramidale (sp), the stratum lacunosum moleculare (slm) and the limit of 630 
the subiculum with the dorsal hippocampal commissure (dhc). dg: dendate gyrus. All cells are 631 
oriented as indicated in panel E; prox: proximal; dist: distal; sup: superficial. In A, scale bar = 200 μm. 632 
H. Distribution of sparsely bursting and dominantly bursting cells along the proximo-distal axis of the 633 
subiculum. Fisher’s exact tests, with level of significance corrected to be equal 0.05 in total: ns: p > 634 
0.05/3; proximal vs middle, p = .7211; middle vs distal = 0.5457; superficial vs distal = 0.2183. 635 
I. Distribution of sparsely bursting and dominantly bursting cells along the radial axis of the subiculum. 636 
Fisher’s exact tests (ns: p > 0.05/3); superficial vs middle, p = 0.593; middle vs deep = 0.0231; 637 
superficial vs deep = 0.1588. 638 
 639 
Figure 5. Sparsely bursting cells provide more spatial information than dominantly bursting 640 
cells.  641 
A-C, left, trajectories of rat in gray with superimposed spikes in red. Middle, corresponding rate maps 642 
with their color-map ranging from 0 to the maximum firing rate of the cells (Hz). Right, cell-by-cell 643 
spatial significance analyses. Each cell’s spatial information (red vertical line) was ranked within the 644 
distribution of spatial information values (black histogram) calculated from rate maps generated by the 645 
cell’s spiking activity aligned on bootstrapped trajectories (see methods). For each cell, spatial 646 
information was declared significant if the cell’s information exceeded the 95th percentile of the 647 
random distribution obtained after circular shuffling (see methods). All the cells showed in A-C are 648 
spatially significant (p < 0.05, see methods). Neurons in A-B are sparsely bursting cells, the neuron in 649 
C is a dominantly bursting cell. The neuron in B was categorized as a boundary cell (boundary score 650 
= 0.73, p = 0.01, see methods). D. Spatial information and significance were calculated for subicular 651 
cells recorded while the animal explored (speed > 3 cm/sec) at least 60% of the open field arena (n = 652 
84 / 102). The bar graph shows the percentage of spatially modulated cells from all subicular cells (n 653 
= 51 / 84, gray), and then from sparsely bursting cells (n = 46 / 69, black) and dominantly bursting 654 
cells (5 / 15 cells, blue). Sparsely bursting cells are more often spatially modulated than dominantly 655 
bursting cells (p = 0.022: significant Fisher’s exact test. E. Percentage of each cell type within spatial 656 
cell categories. Left, sparsely bursting cells represent the majority (n = 46 / 51) of subicular spatial 657 
units. Right, all boundary cells were sparsely bursting cells F. Spatial information calculated for 658 
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spatially significant sparsely bursting and dominantly bursting cells (p = 0.032, bootstrapping, 659 
significant) G. Spatial information calculated for all sparsely bursting cells and dominantly bursting 660 
cells (p = 0.001, bootstrapping, significant). 661 

 662 
Figure 6. Sharp spatial tuning of burst firing in spatially modulated sparsely bursting cells 663 
A-F, Example plots of sparsely bursting spatial neurons. spikes: spikes (red dots) superimposed to 664 
the animal’s trajectory (gray line). isolated spikes: isolated spikes (green dots) superimposed to the 665 
animal’s trajectory (gray line) and corresponding rate map; corrected spatial information below. bursts: 666 
bursts (orange dots) on animals’ trajectories (gray line) and corresponding burst rate maps; spatial 667 
information below. Each color-map ranges from 0 to the rate map maximum rate (Hz). significance: 668 
results of the bootstrapping used to determine significance of burst spatial information compared to 669 
isolated spike information. The orange line represents spatial information calculated from the N bursts 670 
fired by each cell and the green histogram shows the distribution of spatial information calculated from 671 
1000 random samples of N isolated spikes. Cells in C-F are boundary cells. G, fraction of cells where 672 
burst spatial information is significantly higher than isolated spike spatial information. Within groups: 673 
proportion of all spatial cells, sparsely bursting spatial cells and dominantly bursting spatial cells with a 674 
significant difference. From group: proportion sparsely bursting cells and dominantly bursting cells in 675 
cells showing a significant difference. Boundary cells: proportion of boundary cells with a significant 676 
difference. H. Information per burst versus information per isolated spike for spatially modulated 677 
neurons (n = 46 sparsely bursting cells, black circles and purple circles corresponding to boundary 678 
cells; n = 5 dominantly bursting cells, blue circle). Solid circles indicate cells with a significant increase 679 
of spatial information between bursts and isolated spikes (n = 31 / 46 for sparsely bursting cells 680 
including (n = 12 / 17 boundary cells) and n = 3 / 5 for dominantly bursting cells). I. Spatial information 681 
per isolated spike and bursts only for spatial cells with a significant difference, with sparsely bursting 682 
cells in black and dominantly bursting cells in blue and boundary cells in purple. Corrected info: spatial 683 
information calculated using similar numbers of bursts and isolated spikes (from the bootstrapping). 684 
 685 
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