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Abstract 10 

Dense connectomic mapping of neuronal circuits is limited by the time and effort required to 11 
analyze 3D electron microscopy (EM) datasets. Algorithms designed to automate image 12 
segmentation suffer from substantial error rates and require significant manual error 13 
correction. Any improvement in segmentation error rates would therefore directly reduce the 14 
time required to analyze 3D EM data. We explored preserving extracellular space (ECS) during 15 
chemical tissue fixation to improve the ability to segment neurites and to identify synaptic 16 
contacts. ECS preserved tissue is easier to segment using machine learning algorithms, leading 17 
to significantly reduced error rates. In addition, we observed that electrical synapses are readily 18 
identified in ECS preserved tissue. Finally, we determined that antibodies penetrate deep into 19 
ECS preserved tissue with only minimal permeabilization, thereby enabling correlated light 20 
microscopy (LM) and EM studies. We conclude that preservation of ECS benefits multiple 21 
aspects of the connectomic analysis of neural circuits.    22 

  23 



Introduction 24 

A number of recent technological advances have automated the collection of serial section 25 
electron microscopy (EM) data from the nervous system (Briggman and Bock 2012). Complete 26 
(connectomic) mapping of synaptic connectivity in these datasets, however, is hampered by the 27 
lack of automated analysis methods. The two most important goals for neuronal circuit 28 
reconstruction are the reliable reconstruction of neuronal morphologies and the identification 29 
of synapses. The delineation of morphologies has proven to be the most difficult step to 30 
automate. Current machine learning-based analysis methods enable semi-automated 31 
reconstructions (segmentations) of neurons that still require significant human effort to correct 32 
(Helmstaedter, Briggman et al. 2013; Takemura, Bharioke et al. 2013; Kim, Greene et al. 2014).  33 
Many of the errors encountered during the automated segmentation of neuronal morphologies 34 
are related to the dense packing of neurites in neuropil which frequently leads to the artifactual 35 
merging of neighboring neurons (Jain, Seung et al. 2010). Merging errors are particularly 36 
difficult to detect and correct, so most current approaches attempt to reduce merging errors by 37 
biasing the output of algorithms to generate over-segmentations of neurons (Helmstaedter, 38 
Briggman et al. 2013; Takemura, Bharioke et al. 2013; Kim, Greene et al. 2014). Over-39 
segmentation splits neurons into many small objects that must then be reassembled into 40 
complete morphologies, a labor intensive process. Here, we illustrate that automated 41 
segmentation error rates are improved by reducing the packing density of neurites in neuropil.   42 

The preparation of tissue for EM requires finding a compromise among several potential 43 
artifacts. One of the most significant, but often underappreciated, artifacts encountered during 44 
aldehyde-based fixation is the loss of extracellular space (ECS). Though this artifact was 45 
described decades ago, it has been omitted from major texts describing the ultrastructure of 46 
the nervous system (Peters, Palay et al. 1991). The artifact was first recognized by Van 47 
Harreveld and colleagues (Van Harreveld and Malhotra 1967) and was convincingly 48 
demonstrated by comparing the appearance of aldehyde fixed tissue with that of frozen tissue 49 
(Van Harreveld and Steiner 1970; Van Harreveld and Steiner 1970; Harreveld and Fifkova 1975). 50 
The ultrastructure of rapidly frozen tissue revealed appreciable ECS volume fractions of 15-25%, 51 
depending on brain region (van Harreveld and Khattab 1968; Harreveld and Fifkova 1975; 52 
Korogod, Petersen et al. 2015), compared to less than 5% ECS in aldehyde fixed tissue. The 53 
presence of large in-vivo ECS volume fractions was corroborated by complementary methods 54 
including brain conductivity measurements, tracer diffusion studies, and more modern high-55 
pressure freezing experiments (Rostaing, Weimer et al. 2004; Sykova and Nicholson 2008; 56 
Korogod, Petersen et al. 2015). The primary cause of ECS loss is a net inward flux of ions during 57 
tissue fixation which increases intracellular osmolarity, leading to a redistribution of water into 58 
cells and resulting in a swelling of cellular compartments (Van Harreveld and Malhotra 1967). 59 
Cragg subsequently developed a method to preserve ECS during chemical fixation using a 60 



simple ion substitution protocol that replaces extracellular sodium and chloride with a 61 
membrane-impermeant molecule such as sucrose prior to fixation (Cragg 1979; Cragg 1980), 62 
preventing the net inward ion flux that leads to swelling (Figure 1A). 63 

Because ECS preservation results in a sparser packing of neurites, we hypothesized that error 64 
rates from the automated segmentation of ECS preserved tissue would be reduced. We tested 65 
this hypothesis in the study presented here. Our goal was not to approximate the actual in vivo 66 
distribution of ECS. Rather, we believed that any manipulation of the ultrastructure that 67 
improved image segmentation, including perhaps exaggerating ECS volume fractions beyond 68 
physiological ranges, would be beneficial for connectomics so long as the manipulation did not 69 
alter synaptic connectivity. By utilizing an ECS preserving chemical fixation protocol, we were 70 
able to titrate the ECS volume fraction in a variety of brain regions. We measured a significant 71 
reduction in automated segmentation error rates as the ECS fraction increased, indicating that 72 
ECS preservation improves the ability to automatically reconstruct neuronal morphologies from 73 
EM data. 74 

We then explored the second important goal of connectomics, the reliable identification of 75 
synapses. Electrical synapses are particularly difficult to identify in conventionally prepared 76 
(swollen) tissue (Rash, Yasumura et al. 1998). We focused on identifying electrical synapses in a 77 
known retinal circuit and found that gap junctions were readily identifiable in ECS preserved 78 
tissue, again due to the increased separation between neurites. Finally, we demonstrate that 79 
ECS preservation leads to significant improvements in the diffusion of antibodies into tissue 80 
sections with minimal disruption of ultrastructure, an important prerequisite for correlating 81 
immuno-fluorescence with EM. Therefore, we conclude that there are multiple practical 82 
benefits to preserving ECS that improve the connectomic analysis of neuronal circuits. 83 

  84 



Results 85 

Preservation of extracellular space 86 

Cragg described an ECS preservation protocol for chemical immersion fixation that involved 87 
briefly bathing acute slices in an unbuffered sucrose solution and then fixing sections in a 88 
sucrose/phosphate buffer with glutaraldehyde. We initially applied Cragg’s protocol to acute 89 
brain sections of the mouse cortex, hippocampus and olfactory bulb and, while ECS was 90 
preserved, membranes appeared excessively wrinkled. We therefore developed an alternative 91 
strategy to preserve ECS by simply varying the osmolarity of the fixative buffer. Because the 92 
loss of ECS during chemical fixation ultimately is due to an imbalance in osmolarity across 93 
cellular membranes, we reasoned that adjusting the osmolarity of the fixation buffer would 94 
enable us to control the ECS fraction in fixed tissue (Figure 1A). It is known that buffer 95 
molecules rather than fixative molecules contribute most to the physiological osmotic pressure 96 
(Young 1935; Bone and Ryan 1972). Overall, we noticed smoother membranes using the 97 
osmolarity-based approach compared to the sucrose/phosphate protocol.  98 

We observed that the preserved ECS fraction was positively correlated with the osmolarity of 99 
the fixation buffer (Figure 1B,C-F). For example, a volume fraction of 23.9% in the external 100 
plexiform layer (EPL) of the olfactory bulb was observed (Figure 1F) when fixed with 2% 101 
glutaraldehyde buffered with 175 mM sodium cacodylate buffer (CB, 343 mOsm) compared to 102 
5.8% ECS when fixed with 100 mM CB (204 mOsm, Figure 1D). By comparison, fixing tissue by 103 
transcardial perfusion, in which the blood brain barrier remains intact, consistently yielded < 1% 104 
ECS in the EPL (Figure 1B,C). We observed that we could achieve unrealistically large ECS 105 
fractions of >25% in the olfactory bulb by raising the buffer osmolarity above 400-450 mOsm, 106 
but we began to observe significant membrane ruptures and excessive cellular shrinkage under 107 
these conditions. To examine whether overall tissue dimensions changed (either swelled or 108 
shrinked) as a function of the preserved ECS fraction, we measured the cross-sectional 109 
thickness of 500 µm cortical sections by EM (Figure 1—figure supplement 1). We did not 110 
observe a correlation between the fixative osmolarity and section thickness (p = 0.46, one-way 111 
ANOVA), indicating macroscopic tissue dimensions are not affected by osmolarity-based ECS 112 
preservation. We also noted that ECS was preserved uniformly across 500 µm thick sections, 113 
the maximum thickness that we tested (Figure 1— figure supplement 1). Preservation of ECS 114 
was similar whether tissue was sectioned at 4 °C or 20 °C (Figure 1— figure supplement 2), 115 
indicating the described protocol is suitable if alterations of neuronal morphology due to cold 116 
shock are a concern (Kirov, Petrak et al. 2004; Bourne, Kirov et al. 2007). 117 

We repeated the above experiments for various brain regions including the cerebral cortex and 118 
obtained similar results (Figure 1B). The only exception was the mouse retina, for which we 119 
were unable to preserve ECS by changing the osmolarity of the fixative buffer. Replacing the 120 



fixative buffer with unbuffered sucrose, though, restored our ability to preserve ECS in an 121 
osmolarity-dependent way (Figure 1B). One possible explanation for this is that cellular 122 
membranes in the retina are permeable to the cacodylate anion (138 g/mol), but not to sucrose 123 
(342 g/mol). This observation indicates that the protocol requires fine-tuning for different brain 124 
regions, but we were able to control ECS preservation in every region we have studied.  125 

Reduction in 2D automated segmentation error rates 126 

Given the ability to predictably control ECS volume fractions, we next investigated whether the 127 
increased separation between neighboring neurites in ECS preserved data would lead to lower 128 
error rates in the automated analyses of EM data. Qualitatively, we observed that ECS 129 
preserved data are far easier for human annotators to analyze (e.g., to trace neurons over long 130 
distances to create skeleton representations). We therefore asked whether such data also were 131 
quantitatively easier to segment by automated machine learning algorithms. We used 2D EM 132 
images from the external plexiform layer of the mouse olfactory bulb as representative samples 133 
containing densely-packed neuropil. Samples were prepared by perfusion fixation, yielding an 134 
ECS fraction of 0.6%, or by acute slice fixation as described above, yielding ECS fractions of 135 
5.8%, 11.3%, and 23.9% (Figure 2A). We then manually labeled a portion of these images 136 
(Figure 2A, 2nd column) and used the labeled data to train convolutional neural networks (CNNs, 137 
see Methods). The networks were trained to classify each pixel as belonging either to 138 
intracellular space (including cytosol and organelles), to plasma membrane, or to extracellular 139 
space. 140 

We then quantified the number of misclassified pixels, the classification error (Figure 2A, 3rd 141 
column), on test images. Similar pixel classification errors were observed regardless of ECS 142 
fraction (Figure 2B), indicating that networks were equally able to learn the statistics of the 143 
images. We, however, were interested primarily in the degree to which ECS preservation 144 
affected the ability of neural networks to segment actual cells (Jain, Seung et al. 2010). We 145 
therefore joined (segmented) regions of neighboring intracellular pixels and measured 146 
segmentation performance using two common segmentation metrics (see Methods). We color-147 
coded segmentations using a four-color map method (Figure 2A, 4th column) such that 148 
neighboring objects do not share a color. This approach helps to highlight the locations of two 149 
predominant error-types: mergers between neurons that should have been segmented as 150 
independent objects as well as the splitting of neurons into multiple objects. We observed a 151 
significant reduction in segmentation errors that correlated with increasing ECS fraction, 152 
regardless of the error metric we used (Figure 2C,D, Figure 2— figure supplement 1). Therefore, 153 
despite sharing similar pixel classification errors, images that contained some degree of ECS 154 
were easier to automatically segment. This is because ECS provides more separation between 155 
neighboring neurons leading to, for example, fewer mergers between cells.  156 



Reduction in 3D automated segmentation error rates 157 

It remained possible that while 2D segmentation is improved in ECS data, 3D segmentation 158 
would not show a similar improvement perhaps because many ECS-preserved neurite 159 
diameters were smaller than their conventionally-fixed counterparts. We therefore collected 160 
3D serial block-face scanning electron microscopy (SBEM) data from two of the olfactory bulb 161 
samples shown in Figure 2A (top and bottom rows). We collected 10 x 10 x 12 µm3 volumes 162 
from the 0.6% ECS tissue (LowECS) and the 23.9% ECS tissue (HighECS) at a voxel resolution of 163 
9.8 x 9.8 x 25 nm3 (Figure 3A,B). We hand-labeled sub-volumes dispersed throughout the 164 
volumes as training data and then trained network architectures identical to those used for the 165 
2D automated segmentation in order to classify each voxel. The resulting probability maps were 166 
then segmented to create automated labels as a function of threshold (see Methods).  167 

To assess segmentation performance across the entire volumes, we densely skeletonized the 168 
neurites within each volume; these skeletons served as a ground truth measure of neurite 169 
continuity (Figure 3A,B). Notably, the total number of skeletons (LowECS=220, HighECS=217), 170 
the total skeletonized path length (LowECS = 3.29 mm, HighECS = 3.40 mm) and the median 171 
neurite path length (LowECS = 10.2 (7.6 – 13.3) µm, HighECS = 10.1 (6.6 – 12.7) µm, median 172 
(IQR)) were similar between the two datasets. The distributions of neurite path lengths were 173 
not significantly different between the two datasets (Kolmogorov–Smirnov test, p = 0.91). 174 
Together these measurements indicate that the basic statistics of 3D neurite continuity are not 175 
altered for the HighECS data compared to the LowECS perfused tissue (Figure 3— figure 176 
supplement 1).  177 

We then varied the probability threshold for each network (see Methods) and measured the 178 
Rand error of the resulting segmentations at the node locations of the dense skeletons. Similar 179 
to the 2D results, we observed a significantly lower Rand error for the HighECS dataset (Figure 180 
3C). The threshold level that led to the minimum error rate was also lower for the HighECS 181 
dataset, indicating that fewer mergers were encountered compared to the LowECS data. We 182 
also measured the number of merged skeleton nodes and split skeleton edges as a function of 183 
network threshold (Figure 3D). The two datasets yielded similar minimum edge split error rates, 184 
but the LowECS data achieved a lower node merger error rate. Finally, we measured the total 185 
error free skeleton path length that was recovered as a function of network threshold. We 186 
recovered 40% and 47% of the total ground truth path length for the LowECS and HighECS 187 
datasets, respectively (Figure 3E). We note that the error metrics were calculated based on a 188 
watershed of the network output and that no additional steps to improve the segmentations, 189 
such as supervoxel agglomeration (Jain, Turaga et al. 2011; Nunez-Iglesias, Kennedy et al. 190 
2014), were applied. In summary, the improvements in automated segmentation that were 191 



observed in 2D images were also found in a 3D analysis of ECS preserved compared to perfused 192 
tissue.   193 

Identification of gap junctions in ECS preserved tissue 194 

We next explored whether ECS preservation would improve the identification of synaptic 195 
contacts between neurons. Chemical synapses indicated by clusters of presynaptic vesicles are 196 
relatively easy to identify in most brain regions. The identification of electrical synapses (gap 197 
junctions), however, remains difficult even in the highest resolution electron micrographs. The 198 
number of missed electrical synapses based on thin section images has been estimated to be as 199 
high as 75-95% (Rash, Yasumura et al. 1998). Unless gap junctions are captured in cross-section 200 
in an electron micrograph, electron tomography is usually required to positively identify a gap 201 
junction (Rash, Yasumura et al. 1998). But performing electron tomography on every putative 202 
gap junction in a large EM volume would prohibitively slow data acquisition of even modestly 203 
large volumes. We hypothesized that gap junctions would be easier to identify in ECS preserved 204 
tissue given the reduction in incidental (non-synaptic) contacts between cells. 205 

We tested this idea in the well-studied AII amacrine cell circuit of the mammalian retina (Demb 206 
and Singer 2012). The AII amacrine cell receives ribbon-type chemical synapses from rod bipolar 207 
cells and conventional chemical synapses from other amacrine cells. Importantly, it is known 208 
that AIIs are coupled electrically to each other as well as to the terminals of ON cone bipolar 209 
cells by gap junctions (Hartveit and Veruki 2012). We therefore sought to identify gap junctions 210 
on a portion of an AII amacrine cell reconstructed from 3D SBEM data. 211 

We volumetrically reconstructed an AII amacrine cell and then annotated all contacts onto a 212 
distal portion of its dendritic tree. Contacts were identified as membranes closely apposed 213 
(within 50 nm) to the AII’s dendrite (n = 171 total contacts). For the majority of these contacts, 214 
we observed a clear cleft between the apposed membranes (n = 150 cleft contacts), but, as 215 
well, we noted many instances in which we could not observe any cleft (n = 21 tight contacts) 216 
(Figures 4A-D, see also Supplemental Data stacks). For each contact, we then traced the cell 217 
forming the contact through the 3D SBEM volume and classified each cell into four categories: 218 
AII amacrine cell, ON cone bipolar cell, presynaptic amacrine cell, or other (see Methods). The 219 
‘other’ category included a variety of cell types including bipolar, amacrine, ganglion and glial 220 
cells that, though making cleft contact with the AII, formed no obvious synapse (e.g., no 221 
presynaptic clouds of vesicles were observed). Of the 150 cleft contacts, 13 were attributed to 222 
chemical synapses from amacrine cells. The remaining 137 cleft contacts assigned to the ‘other’ 223 
category were deemed to be incidental contacts or ribbon-type synapses (Figure 4E,F).  224 

We then asked whether the tight contacts were actually indicative of gap junctions (electrical 225 
synapses) onto the AII amacrine cell. Of the 21 tight contacts we annotated, 4 were formed 226 



with a neighboring AII amacrine cell and 17 were formed with ON cone bipolar cell terminals 227 
(Figure 4E,F). Thus, in every instance, the tight contact was formed with a cell type known to be 228 
electrically coupled to the AII amacrine cell indicating that tight contacts in ECS preserved data 229 
are consistent with gap junctions. Moreover, AII-AII gap junctions were found in sublamina 5 of 230 
the IPL, and AII-ON cone bipolar gap junctions were found in sublaminae 3 and 4, as previously 231 
reported (Strettoi, Raviola et al. 1992). We noted that the gap junctions were not identifiable 232 
based on contact geometry measurements, such as surface area, alone (Figure 4— figure 233 
supplement 1). The preservation of ECS therefore enabled the identification of gap junctions 234 
due to the relative scarcity of contacts amongst cells and the simple segregation of contacts 235 
into tight versus cleft categories. 236 

Improved diffusion depths of antibodies 237 

Finally, we explored whether ECS preservation could improve the ability to correlate 238 
fluorescent immuno-labeling of proteins with EM ultrastructure. A long-standing problem with 239 
preparing brain tissue for immunohistochemical observation is the incomplete diffusion of 240 
antibodies into large tissue volumes. Antibodies are large proteins and therefore strong 241 
permeabilization of tissue is required for labeling thick tissue sections. Often, the degree of 242 
permeabilization required to label thick samples destroys the fine tissue ultrastructure. We 243 
hypothesized that the preservation of ECS would allow antibodies to penetrate deeper into 244 
tissue and would, therefore, require only minimal permeabilization. We tested this idea in the 245 
mouse retina using antibodies against the vesicular acetylcholine (VAChT) and GABA (VGAT) 246 
transporters, two antibodies that generate distinct labeling patterns in the retina. Following a 247 
fixation and minimal permeabilization procotol that we developed in order to preserve ECS and 248 
decent tissue ultrastructure (see Methods), we incubated 200 µm thick retinal sections with 249 
primary and secondary antibodies for relatively short durations (9 hours each) and measured 250 
the labelling depth. We observed deeper penetration of both antibodies in ECS preserved retina 251 
(Figure 5A-C). VAChT penetrated 28.1 ± 2.4 µm in ECS preserved samples vs. 6.8 ± 0.5 µm in 252 
control samples; VGAT penetration was 16.9 ± 1.0 µm vs. 6.1 ± 0.4 µm for ECS-preserved and 253 
control samples respectively. The labeling patterns were consistent with the known expression 254 
patterns of the two transporters in the retina (Koulen 1997; Johnson, Tian et al. 2003). We 255 
processed these same pieces of retina for EM and confirmed that the penetration depth 256 
correlated with the ECS fraction (Figure 5D, 0.2% vs. 19.2% ECS fraction). Furthermore, the 257 
ultrastructure of the weakly permeabilized tissue was well preserved (Figure 5D). 258 
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Discussion 260 

The major bottleneck for automating connectivity mapping in large neuronal circuits is no 261 
longer data acquisition (Briggman and Bock 2012), but rather data analysis. Manual data 262 
analysis allows targeted reconstructions of small population of neurons (Briggman, 263 
Helmstaedter et al. 2011), but is unfeasible for dense reconstructions. Automating image 264 
segmentation is therefore necessary for any reasonable scalability; trained human annotators, 265 
however, will still be required to correct the results of automated image processing algorithms 266 
(Helmstaedter, Briggman et al. 2013; Takemura, Bharioke et al. 2013; Kim, Greene et al. 2014). 267 
Therefore, any reduction in the error rates of automated segmentations of large EM datasets 268 
will directly reduce the required human effort to correct, or ‘proofread’, errors.  269 

Our findings indicate that preserving ECS aids the connectomic analysis of neuronal circuits in 270 
multiple ways. The loss of ECS during the conventional chemical fixation of brain tissue leads to 271 
densely packed neurites and tightly apposed plasma membranes that complicate automated 272 
analyses of EM data. We reasoned that preserving some degree of ECS would improve 273 
automated image segmentation methods due to the increased separation of non-synaptic 274 
membrane appositions. We emphasize that our goal was not to preserve in vivo-like ECS or 275 
neuronal volumes. Indeed, freezing tissue is likely the only way to approximate in vivo-like 276 
morphologies (Korogod, Petersen et al. 2015). Our goal was rather to measure image 277 
segmentation performance as a function of increasing ECS volume fractions. In other words, 278 
because changes in ECS are unavoidable during the chemical fixation of brain tissue, why not 279 
adjust the artifact to be more beneficial to us from a data analysis standpoint? Indeed, it was 280 
possible that actually exceeding in vivo ECS volume fractions would lead to the best 281 
segmentation performance. On the contrary, we found that while preserving ECS improved 282 
segmentation performance, the performance did not continue to improve with increasing ECS 283 
fractions (Figure 2C,D). One of the reasons for the diminishing returns on segmentation 284 
performance is the shrinkage of cells that accompanies increasing ECS fractions which makes 285 
segmenting thin processes, particularly glial sheets, more error prone. There therefore appears 286 
to be an optimal ECS fraction from the standpoint of image segmentation that balances the 287 
increased separation between neurites with the shrinkage of cellular compartments. Modest 288 
ECS fractions of 6% already significantly improve segmentation performance compared to 289 
fractions of <1% (Figure 2C,D), typical of standard perfusion fixation protocols. 290 

Most current EM segmentation strategies rely on generating over-segmentations (neurons are 291 
split into many objects) to avoid accidental mergers between neighboring neurons. These over-292 
segmented objects then are joined together algorithmically (Jain, Turaga et al. 2011; Nunez-293 
Iglesias, Kennedy et al. 2013; Nunez-Iglesias, Kennedy et al. 2014) and/or by human annotators 294 
(Takemura, Bharioke et al. 2013; Kim, Greene et al. 2014). The segmentation of ECS preserved 295 



data results in fewer mergers, leading to better initial segmentations, and therefore should 296 
reduce the human effort required to generate accurate reconstructions. We modified a state-297 
of-the-art CNN originally designed for natural image classification (Krizhevsky, Sutskever et al. 298 
2012) to analyze EM data. The CNNs we trained achieved similar pixel classification error rates 299 
regardless of the ECS fraction of a sample (Figure 2B), but segmentation errors were reduced 300 
substantially by increasing ECS fractions (Figure 2C,D, Figure 3). In other words, pixel 301 
classification errors have a more detrimental impact on segmentation when cells are tightly 302 
packed versus when they are separated by ECS. This basic observation should hold regardless of 303 
the particular analysis approach used (Rigoll, Andres et al. 2008; Jurrus, Paiva et al. 2010; 304 
Turaga, Murray et al. 2010). Our analysis showed that the improved segmentation performance 305 
in 2D images also extends to 3D segmentation (Figure 3).  306 

In order to prepare tissue with the ECS volume fractions we desired, we modified an existing 307 
protocol for ECS preservation in chemically fixed tissues. The modification we made involved 308 
simply changing the osmolarity of the buffer used during fixation. This approach, however, was 309 
not successful in the mouse retina; we had to rather change to unbuffered sucrose fixation to 310 
preserve ECS in the retina. We have successfully preserved ECS uniformly across 500 µm thick 311 
acute brain slices, the thickest slices we tested. High-pressure freezing is an alternative to 312 
chemical fixation that also preserves ECS (Rostaing, Weimer et al. 2004; Sykova and Nicholson 313 
2008). The maximum slice thickness that is adequately preserved using this technique, 314 
however, is at most 200 µm: too thin to contain many neuronal circuits. The chemical 315 
preservation protocol we used is also far less expensive to implement than high-pressure 316 
freezing and is simple to evaluate in different brain regions and species. 317 

A 500 µm section is a sufficiently large volume to contain many of the local neuronal circuits in 318 
the brain, such as a cortical column. Because improvements in data acquisition speeds 319 
eventually will allow larger volumes to be acquired, extending uniform ECS preservation to, for 320 
example, a whole mouse brain is an important goal. A previous study described a transcardial 321 
perfusion-based approach to preserve ECS throughout the brain involving transient opening of 322 
the blood-brain barrier and ion replacement (Cragg 1980), but the uniformity of the ECS 323 
fraction across the brain was not evaluated. Given the benefits we observed, further 324 
exploration and validation of this whole-brain ECS preservation method is warranted.   325 

The unambiguous identification of gap junctions is a long standing problem in the analysis of 326 
brain circuits by EM. When ECS is lost, conventional transmission EM with pixel resolutions of a 327 
few nm can resolve gap junctions only when they are oriented such that they are captured in 328 
cross-section; electron tomography is required to resolve gap junctions oriented obliquely to 329 
the image plane (Rash, Yasumura et al. 1998). Performing electron tomography on each 330 
putative gap junction in a large tissue volume is impractical. We therefore determined whether 331 



ECS preservation aided gap junction detection at a moderate pixel resolution (10 nm) using 332 
SBEM data. We found that subsets of all contacts onto an AII amacrine cell in the mouse retina 333 
are tight contacts with no visible cleft. We identified all of these tight contacts as being formed 334 
with cells known to be coupled electrically to AIIs (Figure 4). Although we performed this 335 
analysis manually, we anticipate a relatively straightforward method for automating the 336 
detection of tight contacts between cells. Along the same lines, the automated identification of 337 
chemical synapses may also be aided simply because there are fewer incidental contacts 338 
between cells in ECS preserved data. Importantly, the analysis of the AII amacrine cell circuitry 339 
demonstrates that the known synaptic connectivity is present in ECS preserved tissue.  340 

Correlating fluorescence immunohistochemistry with EM data can add significant functional 341 
information to purely structural descriptions of circuits. However, there is usually a tradeoff 342 
between the degree of permeabilization required for antibody penetration and the quality of 343 
ultrastructural preservation. The preservation of ECS retains large diffusion pathways, allowing 344 
deeper penetration of large antibody proteins into tissue (Figure 5). The increased access to 345 
antibodies allowed for the use of a minimal permeabilization pre-embedding protocol that 346 
preserves satisfactory tissue ultrastructure for subsequent EM examination of antibody labeled 347 
tissue.  348 

The ECS preserved EM images of the brain we report here appear substantially different from 349 
the vast majority of published EM data over the last 50 years. Practitioners of rapid freezing-350 
based tissue preservation, however, have appreciated the loss of ECS as a major artifact in 351 
conventional EM tissue processing for decades. We wish to, in particular, note the pioneering 352 
work of Anthonie Van Harreveld who first elucidated this artifact in electron microscopy and 353 
whose careful analyses directly led to the ECS preserving interventions that we employed. The 354 
relatively minor changes to existing tissue fixation protocols that preserve ECS ultimately 355 
benefit several aspects of the connectomic analysis of neuronal circuits. 356 

 357 

 358 
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Materials and methods 360 

Tissue fixation protocols 361 

We fixed and examined tissue from a variety of brain regions of C57BL/6 mice, aged 9 to 12 362 
weeks in accordance with NIH animal ethics guidelines.  363 

For ECS preservation in acute slices, mice were deeply anesthetized using a mixture of ketamine 364 
hydrochloride (100 mg/kg IP) and xylazine hydrochloride (10 mg/kg IP) or isoflurane (Forane, 365 
Baxter) and then swiftly decapitated. We cut 300-500 µm slices on a vibratome (Leica) 366 
according to the procedure of (Bischofberger, Engel et al. 2006). Slices were cut at 4 °C or at 20 367 
°C in ACSF containing (in mM): 124 NaCl,  3 KCl, 1.3 MgSO4.7H2O, 84 NaHCO3, 1.25 368 
NaH2PO4.H20, 20 glucose, 2 CaCl2.2H2O and equilibrated with a 95% O2 – 5% CO2 gas mixture. 369 
Slices were then transferred into the fixative solution at 20 °C, containing 2% glutaraldehyde 370 
(GA, Electron Microscopy Sciences) buffered (pH 7.4) with one of the following sodium-371 
cacodylate buffer (CB, Sigma-Aldrich) concentrations (in mM): 100, 150, 175 or 200. Slices were 372 
fixed for 8 hours, rinsed with CB buffer of the same concentration used for fixation for 4 hours 373 
and then stained for EM.  374 

For perfusion fixed tissue, we followed the rapid perfusion approach of (Tao-Cheng, Gallant et 375 
al. 2007). Mice were transcardially perfused with 2% GA, 2% paraformaldehyde (PFA, Electron 376 
Microscopy Sciences), in 150 mM CB buffer (pH 7.4). The brain was extracted and postfixed for 377 
8 hours in the same fixative solution. Subsequently, the tissue was rinsed in 150 mM CB buffer 378 
for 4 hours. Tissue sections from the perfused brains were cut on a vibratome (Leica) at 300-379 
500 µm and stained for EM. 380 

For isolated retinas, retinas were isolated from the eye cup in Ames solution (Sigma), flat 381 
mounted on filter paper and then incubated for 5 minutes at 20 °C in a modified Ames solution. 382 
The modified Ames solution was prepared by diluting Ames 1:1 with distilled water and then 383 
adding 5% sucrose. We then transferred retinas into a fixative at 20 °C containing 2% GA in 384 
unbuffered sucrose (for ECS preservation) or 2% GA buffered with 150 mM CB (pH 7.4).  Retinas 385 
were fixed for 1 hour, rinsed with 150 mM CB buffer and stained for EM. Retina tissue samples 386 
were taken from an eccentricity approximately halfway between the optic disk and the 387 
peripheral edge of the retina. 388 

EM tissue staining 389 

We used the ROTO (reduced osmium-thiocarbohydrazide-osmium) en bloc staining protocol 390 
suitable for serial block-face scanning electron microscopy (SBEM) previously described 391 
(Briggman, Helmstaedter et al. 2011). Briefly, samples were stained in a solution containing 1% 392 



osmium tetroxide, 1.5% potassium ferrocyanide, and 150 mM CB for 2 hours at room 393 
temperature. The osmium stain was amplified with 1% aqueous thiocarbohydrazide (1 hour at 394 
50 °C), and then 2% aqueous osmium tetroxide (1 hour at room temperature). The samples 395 
were then stained with 2% aqueous uranyl acetate for 12 hours at room temperature and lead 396 
aspartate for 2-12 hours at room temperature. Samples were embedded in Epon resin. 397 

ECS quantification from 2D images 398 

All 2D EM images were acquired from ultrathin (50 - 100 nm) sections mounted on copper TEM 399 
grids in a scanning electron microscope with a field-emission cathode (Nova NanoSEM 450, FEI 400 
Company) using a solid-state back-scattered electron detector. Incident beam energies were 401 
2.0 - 2.5kV and pixel resolution was typically 9.8 nm. For quantification of ECS in 2D, we 402 
randomly selected 9.8 x 9.8 µm2 regions from EM images of dense neuropil and manually 403 
labeled ECS pixels. Labeling was performed blinded to the fixation conditions. We intentionally 404 
avoided annotating regions containing cells bodies or blood vessels that would distort ECS 405 
fraction estimates due to their large volumes. For olfactory bulb data, we collected images from 406 
the neuropil of the external plexiform layer. For retina data, we imaged the neuropil of the 407 
inner plexiform layer. For cerebral cortex, we imaged neuropil from layers 2/3. The ECS 408 
percentage was measured as the fraction of labeled ECS pixels in the annotated region.   409 

Antibody labeling 410 

Flat-mounted retinas were incubated in the modified ACSF solution for 5 minutes at 20 °C and 411 
then fixed for 1 hour with 2% PFA + 0.01% GA in either 7.5% sucrose (for ECS preservation) or 412 
150 mM CB (pH 7.4). Retinas were then rinsed 3x 15 minutes in 150 mM CB at room 413 
temperature, embedded in 3% agarose prepared in 150 mM CB and vibratome sectioned into 414 
200 µm slices. The slices were cut at an eccentricity approximately halfway between the optic 415 
disk and the peripheral edge of the retina. Slices were rinsed in 50 mM glycine in 150 mM CB 416 
for 30 minutes, and in a 300 mOsm PB-BSA washing buffer containing 120 mM phosphate 417 
buffer (pH 7.4), 0.5% BSA (Sigma-Aldrich), and 0.05% sodium azide (Sigma-Aldrich) for 2x 10 418 
minutes. They were then transferred to a blocking solution containing 120 mM PB (pH 7.4), 1% 419 
BSA, 10% normal donkey serum (NDS, Abcam), 0.5% Tween 20 (Sigma-Aldrich), and 0.05% 420 
sodium azide for 1 hour at 20 °C. Primary antibody staining was performed on free floating 421 
agitated slices for 9 hours at 4 °C with antibodies targeting either the vesicular GABA 422 
transporter (Synaptic Systems, cat no. 131003, rabbit anti-VGAT) or the vesicular acetylcholine 423 
transporter (Synaptic Systems, cat no. 139103, rabbit anti-VAChT) at dilutions of 1:250 and 424 
1:300, respectively, in the blocking solution except with 3% NDS (instead of 10% NDS). Retinas 425 
were then rinsed in PB-BSA for 2 hours at 4 °C and then stained with a donkey anti-rabbit 426 
fluorescent secondary antibody, DyLight 650 (ABCAM), at 1:300 dilution in the blocking solution 427 
(with 3% NDS) for 9 hours at 4 °C. Retinas were then rinsed in PB-BSA 2x 10 minutes and 428 



transferred to 150 mM CB. The slices were then re-embedded in 3% agarose in 150 mM CB and 429 
cut in half to assay the degree of antibody penetration. Retinal cross-sections from the cut 430 
surface were imaged on a confocal microscope (Carl Zeiss AG) with a 633 nm laser and a LP650 431 
emission filter. All images were acquired under identical confocal imaging parameters. The 432 
antibody penetration distance was measured by averaging the signal across the depth of the 433 
inner plexiform layer and quantifying the full width half maximum (FWHM) distance of the 434 
staining profiles from the two edges. The FWHM distances from both edges were averaged to 435 
yield one data point per tissue slice. Following confocal imaging, all retinas fixed again in 150 436 
mM CB + 2% GA and were subsequently stained for EM using the method above.  437 

SBEM data collection 438 

For the 3D segmentation analysis we collected two volumes from samples obtained from the 439 
EPL of the mouse olfactory bulb containing 0.6% (dataset M0027_11, LowECS) or 23.9% 440 
(dataset M0007_33, HighECS) 2D ECS fractions. Data were collected using a custom serial block-441 
face microtome designed by K.L. Briggman. The specimens were cut out of the flat-embedding 442 
blocks and re-embedded in Epon Hard on aluminium stubs. The samples were then trimmed to 443 
a block face of ~200 μm wide and ~300 μm long. The samples were imaged in a scanning 444 
electron microscope with a field-emission cathode (NanoSEM 450, FEI Company). Back-445 
scattered electrons were detected using a concentric segmented back-scatter detector. The 446 
incident electron beam had an energy of 2.4 keV and a current of ~200 pA. Images were 447 
acquired with a pixel dwell time of 2 μs and size of 9.8 nm × 9.8 nm which corresponds to a 448 
dose of about 42 electrons per nm2. Imaging was performed at high vacuum, with the sides of 449 
the blocks sputter coated with a 100 nm thick layer of gold. The section thickness was set to 25 450 
nm. 512 consecutive block faces were imaged from each sample, resulting in aligned data 451 
volumes of 4096 × 3536 × 512 voxels (corresponding to an approximate spatial volume of 452 
40 × 35 × 12.8 µm3). 10 x 10 x 12 µm3 regions were selected from the two volumes for the 3D 453 
segmentation analysis.  454 

For the gap junction analysis of the retina, a 73.2 x  27.6 x 57.6 µm3 (6100 x 2300 x 2300 voxels) 455 
block of ECS preserved mouse retina (dataset k0731, 17.4% ECS) was acquired by serial block-456 
face electron microscopy at a resolution of 12 x 12 x 25 nm3 using a microtome designed by W. 457 
Denk. The dataset spanned the inner plexiform layer including the ganglion cell layer and a 458 
portion of the inner nuclear layer. The retina was cut out of the flat-embedding block and re-459 
embedded in Epon Hard on aluminium stubs. The retina was then trimmed to a block face of 460 
~200 μm wide and ~200 μm long. The samples were imaged in a scanning electron microscope 461 
with a field-emission cathode (UltraPlus, Carl Zeiss AG). Back-scattered electrons were detected 462 
using a custom-designed detector based on a special silicon diode (AXUV, International 463 
Radiation Detectors) combined with a custom-built current amplifier. The incident electron 464 



beam had an energy of 1.4 keV and a current of ~1 nA. Images were acquired with a pixel dwell 465 
time of 0.45 μs and size of 12 nm × 12 nm which corresponds to a dose of about 31 electrons 466 
per nm2. Imaging was performed at high vacuum, with the sides of the blocks sputter coated 467 
with a 100 nm thick layer of gold. The section thickness was set to 25 nm.  468 

All data sets were split into cubes (128 × 128 × 128 voxels) for viewing in KNOSSOS 469 
(www.knossostool.org). 470 

Gap junction analysis 471 

An AII amacrine cell was initially identified by tracing a cell that received a ribbon type synapse 472 
from a rod bipolar cell. A portion of this AII cell was volumetrically reconstructed manually 473 
using ITK-Snap (www.itksnap.org, (Yushkevich, Piven et al. 2006)). Contacts onto the surface of 474 
the AII from neighboring cells were manually annotated and each contact was classified as 475 
either a tight contact, based on the absence of any discernable gap between the two 476 
membranes, or a cleft contact for membranes that came within ~50 nm of each other. K.L.B and 477 
J.H.S. then independently skeletonized the cells forming these contacts using Knossos 478 
(www.knossostool.org). Cells were skeletonized until each cell’s identity could be 479 
unambiguously determined as either: an AII amacrine cell (based on visualizing connectivity 480 
with rod bipolar cell terminals), a cone bipolar cell (based on presence of ribbon synapses and 481 
the absence of rod bipolar cell connectivity), a presynaptic amacrine cell (based on presence of 482 
a conventional chemical synapse at the contact), or ‘other’. The ‘other’ category included 483 
ganglion cell dendrites, amacrine cell dendrites, rod or cone bipolar cell axons not forming 484 
synaptic junctions, and Muller glial cells. None of the cells in the ‘other’ category formed a 485 
chemical synaptic contact onto the AII amacrine cell.       486 

Automated segmentation: training and testing data 487 

For 2D segmentation comparisons, test and training images were obtained from EM images 488 
from the external plexiform layer of the mouse olfactory bulb containing 0.6%, 5.8%, 11.3%, or 489 
23.9% ECS.  A portion of each of these images (1920 x 1728 pixels, 18.8 µm x 16.9 µm) was 490 
hand-labeled using ITK-Snap, and each pixel was classified as either: membrane (MEM), 491 
extracellular space (ECS) or intracellular space (ICS). Ground truth integer labels were obtained 492 
from these hand-labeled images by running connected components (6 connectivity) on ICS 493 
pixels only. The labeled region was subdivided into 9 sub-images of size 640 x 576 pixels to 494 
perform a 9-fold cross-validation of neural network performance. For each EM image, nine 495 
independent convolutional neural networks (CNNs) were trained on 8 of the sub-images and 496 
then tested on the remaining sub-image.  497 

For 3D segmentation comparisons, training cubes were obtained from the M0027_11 and 498 
M007_33 data volumes. We densely hand-labeled voxels from six sub-volumes (each 128 x 128 499 



x 128 voxels, 1.25 x 1.25 x 3.20 µm3) contained within the data volumes. Sub-volumes were 500 
labeled so that ICS voxels from distinct neurites had different integer labels and so that ECS 501 
voxels were all labeled with the same integer label. Manual labels were automatically corrected 502 
by, in order: (1) removing very small foreground (ICS and ECS) and background (MEM) 503 
components of less than 5 pixels in xy, xz and yz (orthogonal) image slices (6 connectivity); (2) 504 
removing adjacency between ICS components with different labels in orthogonal image slices (6 505 
connectivity) by setting pixels on each side of any adjacencies to MEM; (3) finding ICS 506 
components with the same label value that were not connected in 3D and assigning different 507 
label values to unconnected components (8 connectivity); and (4) removing very small 3D ICS 508 
labels that contained less than 27 voxels.  509 

Automated segmentation: dense skeletonization 510 

The M0027_11 and M0007_33 data volumes were densely skeletonized using Knossos for 511 
comparison with full 3D segmentations. Only neurons were skeletonized, glial processes 512 
(identified based on cellular morphology) and ECS were not skeletonized. 513 

Automated segmentation: neural network training 514 

We used a CNN with a parallelized GPU implementation (Krizhevsky, Sutskever et al. 2012; 515 
Zeiler and Fergus 2013) modified from (https://github.com/akrizhevsky/cuda-convnet2). 516 
Networks were trained on 3GB Nvidia GTX 780Ti and 6GB GTX TITAN Black graphics cards 517 
(EVGA Corporation). The CNNs processed 2D images to learn labels for both 2D and 3D EM 518 
data. Training images were sampled from randomized pixels in the EM data such that the 519 
network was trained to learn, in parallel, the identity of all the pixels (ICS, ECS or MEM) in a 16 x 520 
16 pixel patch located in the center of 64 x 64 pixel input images (Jain, Murray et al. 2007; 521 
Ciresan, Giusti et al. 2012). We trained 7-stage convolutional networks containing (1) an input 522 
convolutional layer with 96 kernels of size 7, response normalization across 31 feature maps, 523 
and max pool subsampling of size 3 with stride of 2 (overlapped pooling resulting in an overall 524 
downsampling factor of 2); (2) a convolutional layer with 256 kernels of size 5 and the same 525 
normalization and subsampling as the first layer; (3,4) two convolutional layers with 384 kernels 526 
of size 3; (5) a convolutional layer with 256 kernels of size 3 and the same subsampling as the 527 
first layer; (6,7) two fully connected hidden layers of size 4096 each with a dropout rate of 0.5 528 
(Hinton, Srivastava et al. 2012); and (8) an output layer of size 768 (16x16 output pixels x 3 pixel 529 
identities). Each output represents the conditional probability that a particular output pixel 530 
belongs to one of ICS, ECS or MEM (Bishop 1995). Convolutional layer units used the ReLU 531 
nonlinearity (Krizhevsky, Sutskever et al. 2012) while fully connected hidden layer units used a 532 
linear activation function. The output layer used the logistic nonlinearity and gradients were 533 
calculated using a cross-entropy error function for multiple independent attributes (Bishop 534 
1995). Average gradients were calculated and back-propagated for each mini-batch size of 128 535 



image examples. Weights in the fully connected and output layers were updated with a weight 536 
decay of 0.02 and all weights and biases used a weight momentum term of 0.9 (Krizhevsky, 537 
Sutskever et al. 2012). Randomized training images were augmented using simple 538 
transformations of the input image, which included all combinations of transposes and 539 
reflections for a total of 8 possible augmentations (in 2 dimensions) (Ciresan, Giusti et al. 2012).  540 

For 2D image segmentations, 9 networks were trained for each ECS dataset using a 9-fold cross 541 
validation described above. For 3D volume segmentations, 5 networks were trained for each 542 
volume using all 6 sub-volumes of training data. Three networks were trained using images 543 
taken from the xy planes of each volume (based on the original orientation of the EM data). 544 
Two networks were trained by reslicing the original volumes to create xz and yz oriented 545 
images. The final voxel probabilities used to create EM segmentations were a weighted average 546 
of the 5 networks, with the probabilities from the xz and yz networks weighted at 0.5 relative to 547 
the xy networks. The randomized presentation of images to the network was balanced so that 548 
the center pixel ICS, ECS or MEM identities were presented with equal probability. Because this 549 
procedure changes the prior probabilities and does not guarantee the same equal balancing for 550 
all 256 (16 x 16) output pixels, the output probabilities of test images were reweighted using 551 
Bayes’ rule (Vucetic and Obradovic 2001). The test probabilities (the target prior) represented 552 
the actual frequency of ICS, ECS and MEM voxels over all training data. Training frequencies 553 
used in the reweighting procedure were measured by tallying the count of ICS, ECS, and MEM 554 
pixels that were actually presented to each of the 256 outputs during training.  555 

Networks were trained using 0.8 million images per training epoch. Learning rates for all 556 
weights were initialized at 0.00005 and for all biases at 0.0001. Different randomizations of the 557 
training data were presented during each epoch. The learning rate decayed exponentially but 558 
discretely 16 times per epoch with a time constant of 5 epochs. All networks were run for 10 559 
training epochs.  560 

Automated segmentation: segmentation 561 

Network output probabilities for each output were exported for test voxels and the output was 562 
classified as either MEM, ECS, or ICS based on the maximum probability (winner-take-all).  563 

To create segmented labels, we used a customized watershed procedure that relied on 564 
iteratively running connected components to find local peaks within the ICS and ECS CNN 565 
probability outputs for each pixel. ICS and ECS probabilities were set to zero if they were not 566 
the winning probability, and then probabilities were binarized at increasing thresholds. For 2D 567 
segmentations the thresholds were 0.3, 0.4, 0.5; then from 0.5 to 0.99 in steps of 0.01; and 568 
then 0.995, 0.999, 0.9995, 0.9999, 0.99995, 0.99999, 0.999995 and 0.999999. For 3D 569 
segmentations thresholds were 0.3 to 0.9 in steps of 0.1; then 0.95, 0.975, 0.99; and then 570 



0.995, 0.999, 0.9995, 0.9999, 0.99995, 0.99999, 0.999995 and 0.999999.  At each binarization 571 
step, connected components (6 connectivity for 2D, 8 connectivity for 3D) were created for all 572 
pixels above the threshold. Any components that fell below a minimum size threshold 573 
parameter (Tmin) of 64 pixels for 2D or 256 voxels for 3D were accumulated in a binary mask. 574 
Tests for the sensitivity of this parameter revealed that it had less than 1% impact on all metrics 575 
measured across the ranges tested (Tmin = 8, 16, 32, 64, 128, 256). This step essentially was a 576 
method for detecting local peaks in the probabilities. Moving from low to high thresholds, 577 
connected components was run on the logical OR of the accumulated binary mask and the 578 
remaining binarized pixels above the current threshold level. These components were then 579 
dilated toward filling in the surrounding region of voxels with the matching winner-take-all 580 
identity using a topological warping technique that does not allow components to become split 581 
or merged (Kong and Rosenfeld 1989; Legland, Kiêu et al. 2011). Any remaining ICS or ECS 582 
winner-take-all voxels were merged to the nearest (Euclidean distance) ICS or ECS component, 583 
respectively. For display of 2D segmentations, we used 4 colors to label the different 584 
components so that no neighboring components were the same color (Appel and Haken 1977).  585 

Automated segmentation: 2D metrics 586 

Pixel categorization error was calculated as the fraction of correctly labeled pixel identities from 587 
the CNNs (winner-take-all max probability out of ICS, ECS, MEM) compared to ground truth (GT) 588 
test images. To compare components of automated segmentations and GT segmentations, we 589 
used the Adapted Rand Error (ARE) and warping error to compare ICS components only. 590 

The ARE was calculated as 1 minus the F-score of the precision and recall of the Rand Index 591 
(Hubert and Arabie 1985; Jain, Seung et al. 2010). In order to account for significantly different 592 
GT component sizes (pixels per component), which can bias the ARE when comparing different 593 
ECS datasets, we applied a Bernoulli sampling procedure that sampled (without replacement) 594 
GT ICS components and pixels within those components. We used the minimum number of 595 
components (n = 71) across the 36 possible sub-images (4 ECS fractions x 9 sub-images) as the 596 
expected number of components selected on each sampling iteration. A portion of pixels within 597 
each of the sampled components was then selected. We used the minimum number of pixels 598 
per component (n = 20) as the expected number of pixels selected from each component. The 599 
ARE was then calculated using only the selected pixels for a particular sampling iteration. We 600 
used the median ARE of 1000 samples as the final metric for this procedure.  601 

We also compared 2D segmentations using the warping error (Jain, Bollmann et al. 2010). 602 
Difference pixels were classified by the type of topologic error that they represented, and only 603 
split and merger pixels were counted. Connected split and merger pixels (i.e., belonging to the 604 
same components being split or merged) were counted as a single split or merger by running 605 
connected components (8-connectivity) on pixel errors. We divided the number of splits and 606 



mergers by the number of GT components in each test image to fairly compare between 607 
datasets (yielding splits per GT component and mergers per GT component). 608 

Automated segmentation: 3D metrics 609 

For 3D segmentations, we compared automated segmentations with the dense skeletonization 610 
for each data volume. Using the skeletons as GT, we calculated: (1) a skeleton node-based ARE; 611 
(2) the fraction of split edges and merged nodes and (3) the total error free path length (TEFPL).  612 

Overlap between skeletons and segmented 3D supervoxels was calculated as a confusion 613 
matrix, where rows correspond to skeletons and columns to supervoxels. Each entry in the 614 
matrix is the number of nodes on a given skeleton that are contained within a particular 615 
supervoxel. The sum total of all entries is therefore equal to the total number of skeleton nodes 616 
(n=5130 LowECS, n=5364 HighECS). The ARE was then calculated based on this confusion matrix 617 
using the same calculation as that used for pixel-wise 2D segmentation. Bernoulli sampling was 618 
not required in this case as the number of nodes per skeleton was not statistically different 619 
between the datasets (Figure 3— figure supplement 1A). Any nodes that overlapped with 620 
membrane areas of the segmentations were represented in the confusion matrix as belonging 621 
to a single membrane supervoxel. Both ICS and ECS supervoxels were used in creating the 622 
confusion matrix. Overall only a very few number of skeleton nodes fell into either membrane 623 
(n=8, LowECS; n=12, HighECS) or ECS supervoxel locations (n=0, LowECS; n=1, HighECS). 624 

We also used the supervoxel / skeleton confusion matrix to calculate the fraction of merged 625 
nodes. Summing along the rows of the logical confusion matrix (true at locations with at least 626 
one node) creates a marginal that indicates which supervoxels overlap with more than one 627 
skeleton. All nodes that are within these supervoxels were then counted as merged nodes. The 628 
number of merged nodes can then range from zero to the total number of nodes (if all nodes 629 
were part of a single supervoxel), which we divided by to get the fraction of merged nodes. To 630 
calculate the fraction of split edges, we iterated over the edges of skeletons. An edge was split 631 
if both nodes belonging to the edge were located in different supervoxels. If either node was 632 
located in a membrane area, the edge was also considered as being split. The number of split 633 
edges can then range from zero to the total number of edges (if all supervoxels only contained 634 
a single node), which we divided by to get fraction of split edges. To calculate TEFPL, an edge 635 
was error free if it was not split and if neither of its nodes was a merged node. We summed the 636 
path lengths of all error free edges to get TEFPL, which was expressed as a percentage of the 637 
total path length in each volume.  638 

Statistical analyses 639 

All statistical analyses were performed using GraphPad Prism (GraphPad Software) or Matlab 640 
(The Mathworks). For comparison between two groups of equal size, the non-parametric 641 



Kruskal-Wallace test was applied to assess whether there was any significance between 642 
medians, then the Wilcoxon rank-sum test was used for pairwise comparisons in the cases 643 
where the Kruskal-Wallace test was significant (Figure 2B,C,D). For comparison between two 644 
groups of equal size, unpaired t-tests were used (Figure 5C). For correlation coefficients, the 645 
Student's t-test was used with n-2 degrees of freedom (Figure 1B). Confidence intervals for 3D 646 
skeleton-based error metrics were calculated using a Bernoulli sampling with an expected value 647 
of 95% of the minimum number of skeletons (n = 206).  648 
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 661 

Figure Legends 662 

Figure 1: Extracellular space preservation in acutely isolated tissues. A) A model of the changes 663 
brain tissue undergoes during chemical tissue fixation and possible interventions to preserve 664 
ECS. B) ECS fraction of mouse olfactory bulb (x), retina (o), and cortex (□) correlates with 665 
increasing fixative vehicle concentration. Dashed line is the linear fit to olfactory bulb data, solid 666 
line is the linear fit to cortex data (olfactory bulb: R = 0.80, p = 0.0006, cortex: R = 0.79, p = 667 
0.0113). C-F) EM images from the external plexiform layer of the mouse olfactory bulb from a 668 
perfused brain (C) or from acute sections fixed with increasing buffer concentrations (D-F). ECS 669 
fractions are 0.6% (C), 5.8% (D), 11.3% (E), and 23.9% (F). Scale bars: 1 µm (C-F). 670 

Figure 2: Automated 2D segmentation of extracellular space preserved data. A) Four raw EM 671 
images (first column) of varying ECS fractions (0.6%, 5.8%, 11.3%, and 23.9%) were analyzed. 672 
The lowest ECS fraction (0.6%) is the perfused preparation while the others are the acute slice 673 
preparations. Pixels in each image were annotated (second column) as either intracellular 674 
(white), extracellular (gray) or plasma membrane (black). Representative test image pixel 675 
classifications (third column) yielded network classification errors of 9.3%, 8.1%, 6.7%, and 7.2% 676 
for the four examples shown. Intracellular pixel probabilities were thresholded and segmented 677 
(fourth column) to yield minimum Rand errors of 0.11, 0.06, 0.06 and 0.07 for the four 678 
examples shown. B) Pixel classification errors plotted versus ECS fraction from an 9-fold cross-679 
validation, median values in red, shows no significant difference between perfused and acute 680 
preparations (K-W test: p = 0.05). C) Rand error plotted versus ECS fraction for the 9-fold cross 681 
validation, median values in red, shows a significant difference between perfused and acute 682 
preparations (K-W test: p < 0.01; Wilcoxon rank-sum test: p=0.0017 (5.8%), p=0.0091 (11.3%), 683 
p=0.031 (23.9%)). D) Total number of splits and merger per object in each test image plotted 684 
versus ECS fraction for the 9-fold cross validation, median values in red, shows a significant 685 
difference between perfused and acute preparations (K-W test: p < 0.001; Wilcoxon rank-sum 686 
test: p=0.00049 (5.8%), p=0.00035 (11.3%), p=0.00035 (23.9%)). Scale bars: 2 μm. P-values: * p 687 
< 0.05, ** p < 0.01, *** p < 0.001. 688 

Figure 3: Automated 3D segmentation of extracellular space preserved data. A) A 10 x 10 x 12 689 
μm3 3D SBEM cube (left) of perfused tissue (LowECS), a dense skeletonization of all neurites in 690 
the volume (middle), and an automated segmentation of the volume (right). B) A 10 x 10 x 12 691 
μm3 3D SBEM cube (left) of ECS perserved tissue (HighECS), a dense skeletonization of all 692 
neurites in the volume (middle), and an automated segmentation of the volume (right). C) 693 
Adapted Rand error of automated segmentations compared to dense skeletonizations as a 694 
function of the segmentation threshold for the HighECS (brown) and LowECS (blue) data 695 
volumes. D) The fraction of merged skeleton nodes versus split skeleton edges as a function of 696 



network threshold. Solid points indicate the minimum sum of the error fractions. E) The total 697 
error free skeleton path length recovered as a function of network threshold. Shaded regions in 698 
C-E are the 99% confidence intervals based on a Bernoulli sampling of the data. Scale bars in 699 
A,B = 1 μm. 700 

Figure 4: Extracellular space aids the identification of gap junctions. A) Reconstructed dendrites 701 
of an AII amacrine cell (gray) and surface renderings of tight (yellow) and cleft (black) contacts. 702 
B-D) Example EM images and volumetric reconstructions of (B) an AII (gray) to AII (blue) tight 703 
contact, (C) an AII (gray) to cone bipolar cell (green) tight contact (C), and (D) a cleft contact 704 
identified as a chemical synapse between a presynaptic amacrine cell (cyan) and the AII cell 705 
(gray). E) Tight contact surface renderings color-coded by the identity of the synaptic partner: 706 
AII amacrine cell (blue), cone bipolar cell (green), presynaptic amacrine cell (cyan). F) Summary 707 
of the number of contacts color-coded by the cell type of the contacting cell: AII (blue), cone 708 
bipolar (green), presynaptic amacrine cell (cyan), other (black). Scale bars: 2 µm (A,E), 1 µm (B-709 
D). 710 

Figure 5: Extracellular space preservation increases access to antibodies. A) Flat mounted 711 
retinas were immunolabeled for vACHT with and without ECS preservation. Retinas were then 712 
cross-sectioned and confocal images were taken to directly visualize penetration depth. B) 713 
Same as A, but immunolabeled for vGAT. C) Full width half maximal penetration distances 714 
(mean +/- SEM) for retinas with and without ECS preservation (n =20 retina slices from 2 715 
animals, unpaired Student’s t-test, vACHT: p *** < 0.0001, vGAT: p *** < 0.0001). D) EM images 716 
collected from the regions of interest in panel B indicated by dotted rectangles. Scale bars: 50 717 
μm (A,B), 1 μm (D). 718 

Figure 1— figure supplement 1: Change of tissue dimensions and uniformity of ECS preserved 719 
sections. A) Vibratome sections were cut from the cerebral cortex of acutely isolated brains (for 720 
ECS preservation) or from perfused animals. Section thickness was nominally 500 µm as 721 
determined by the slice thickness setting of the vibratome. Sections were stained for EM and 722 
the cross-sectional thickness measured from EM images (mean +/- SEM; n = 20 slices from 6 723 
animals, one-way ANOVA: p = 0.46). B) Sample images from the edges (Bi, Biii) and center (Bii) 724 
of a 500 µm thick section of the mouse olfactory bulb. ECS is evenly preserved across the 725 
section.  726 

Figure 1— figure supplement 2: Effect of temperature on the preservation of ECS. A, B) 727 
Vibratome sections were cut from the olfactory bulbs of acutely isolated brains at either 4°C or 728 
25°C and then fixed at 25°C in 0.1 M CB + 2% GA. C, D) Vibratome sections were cut from the 729 
olfactory bulbs of acutely isolated brains at either 4°C or 25°C and then fixed at 25°C in 0.2 M 730 
CB + 2% GA. ECS preservation was similar under both conditions indicating the temperature of 731 



solutions during tissue dissection is not a major determinant for ECS preservation. Scale bars: 1 732 
μm. 733 

Figure 2— figure supplement 1: Warping error of automated segmentations. A) Split / merger 734 
curves parameterized by threshold of the network output. Shaded area is the standard error of 735 
the mean, lines are the mean number of splits / mergers per object, and the circles are the 736 
mean of the minimum total splits + mergers per object. B) Network segmentations at the 737 
minimum warping error threshold, same regions as in Figure 2A. Warping errors were 0.68 738 
(0.6% ECS), 0.32 (5.8% ECS), 0.52 (11.3% ECS), and 0.56 (23.9% ECS) for the four examples 739 
shown. C) Cumulative distributions of the number of ground truth intracellular pixels per object 740 
for the four datasets. The difference in these distributions motivated the use of a Bernoulli 741 
sampling procedure for calculating the adapted Rand Error metrics in Figure 2C. Scale bars: 2 742 
μm. 743 

Figure 3— figure supplement 1: Cumulative distributions for 3D hand-labeled volumes and 744 
skeletonizations of the LowECS (blue) and HighECS (brown) data volumes. A) CDF of number of 745 
intracellular ground truth voxels per object. The distribution medians are significantly different 746 
(Wilcoxon rank-sum test, p < 0.0001). B) CDF of path length per skeleton, medians 10.2 747 
(LowECS) and 10.1 (HighECS) μm. The distributions are not significantly different (two-sample 748 
Kolmogorov–Smirnov (KS) test, p = 0.91). C) CDF of the number of nodes annotated per 749 
skeleton, medians 16 (LowECS) and 17 (HighECS) nodes. The distributions not significantly 750 
different (two-sample KS test, p = 0.77). 751 

Figure 4— figure supplement 1: Simple measures of contact geometry do not predict gap 752 
junctions. A) Surface area and the volume of the convex hull bounding each contact are plotted 753 
for cleft contacts (gray), AII amacrine cell tight contacts (blue) and cone bipolar cell tight 754 
contacts (green). 755 

Source Data 756 

The following stacks are TIFF stacks intended to be viewed in ImageJ. They contain the raw data 757 
and expert labels used for the analysis in Figure 2: 758 
Figure 2—source data 1: Raw image and expert labels of 0.6% ECS data. TIFF stack viewable 759 
using ImageJ. 760 
Figure 2—source data 2: Raw image and expert labels of 5.8% ECS data. TIFF stack viewable 761 
using ImageJ. 762 
Figure 2—source data 3: Raw image and expert labels of 11.3% ECS data. TIFF stack viewable 763 
using ImageJ. 764 
Figure 2—source data 4: Raw image and expert labels of 23.9% ECS data. TIFF stack viewable 765 
using ImageJ. 766 
 767 



The following source data are the raw data, training data, and dense skeletons used for the 768 
analysis in Figure 3. The raw datasets and skeletons are viewable using Knossos 769 
(www.knossostool.org). The training data cubes are TIFF stacks viewable in ImageJ, the cube 770 
indices correspond to raw dataset cubes: 771 
Figure 3—source data 1: M0007_33 dataset, Knossos cubes 772 
Figure 3—source data 2: M0027_11 dataset, Knossos cubes 773 
Figure 3—source data 3: M0027_11 dense skeletonization, Knossos NML file 774 
Figure 3—source data 4: M0007_33 dense skeletonization, Knossos NML file 775 
Figure 3—source data 5: M0007_33 training data cubes 776 
Figure 3—source data 6: M0027_11 training data cubes 777 
 778 
The following stacks are TIFF stacks intended to be viewed in ImageJ . They contain the raw 779 
data used to generate Figure 4B-D. Slice #128 in each stack indicates the location of the tight or 780 
cleft contact: 781 
Figure 4—source data 1: Example image stack of an A2 to A2 tight contact. TIFF stack viewable 782 
using ImageJ. Slice #128 in the stack indicates the location of the tight contact. 783 
Figure 4—source data 2: Example image stack of a cone bipolar to A2 tight contact. TIFF stack 784 
viewable using ImageJ. Slice #128 in the stack indicates the location of the tight contact. 785 
Figure 4—source data 3: Example image stack of a chemical synapse to A2 cleft contact. TIFF 786 
stack viewable using ImageJ. Slice #128 in the stack indicates the location of the cleft contact. 787 
  788 
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