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ABSTRACT 15 

Cortical microcircuits in a variety of brain regions express similar, highly nonrandom, synaptically-connected 16 

cell triplets. The origin of these universal network building blocks is unclear and was hypothesized to result from 17 

plasticity and learning processes. Here we combined in-silico modeling of dense cortical microcircuits with 18 

electrophysiological/anatomical studies to demonstrate that this recurring connectivity emerges primarily from 19 

the anisotropic morphology of cortical neurons and their embedding in the cortical volume. Using graph-20 

theoretical and machine-learning tools, we developed a series of progressively more complex generative models 21 

for circuit connectivity that considers the geometry of cortical neurons. This framework provided predictions 22 

for the spatial alignment of cells composing particular cell-triplets which were directly validated via in-vitro whole-23 

cell 12-patches recordings (7,309 triplets) in the rat somatosensory cortex. We concluded that the local geometry 24 

of cortical neurons imposes an innate, highly structured, global network structure, a skeleton upon which fine-25 

grained structural and functional plasticity processes take place.  26 
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INTRODUCTION 27 

Structural connectivity in neuronal circuits plays a key role in governing the network dynamics and the emerging 28 

brain functions1,2. Connectomes at both the microscale, the mesoscale and the macroscale exhibit structured, 29 

highly nonrandom, connectivity patterns3–7. A glimpse into the microscale connectivity diagram in several 30 

neocortical microcircuits was provided recently using in vitro whole-cell multi-patch recordings3–5. The circuits 31 

display specific reoccurring local connectivity patterns such as bidirectional connections and specific cell triplet 32 

configuration (motifs) that are much more prevalent than expected in reference random models (Fig. 1). 33 

In the absence of a concrete theory about the principles underlying these structured connectivity patterns in 34 

neuronal microcircuits, the emergence of such patterns was considered as being shaped by specific genetic 35 

markers8,9 or by plasticity and learning processes5,10–12. But another possibility comes to mind. Most types of 36 

cortical neurons have highly asymmetric geometry with dendritic and axonal trees typically extending in 37 

different directions. It could be the case that the anisotropic geometry of cortical neurons, and their relative 38 

embedding in the cortical volume per se “enforces” the complex profile of cortical motifs. If this was the case, 39 

then specificity and learning processes might operate on top of an innate, already structured, cortical skeleton 40 

rather than on a tabula rasa network structure. This will strongly constrain the degree by which these processes 41 

could further shape network connectivity. 42 

Here we explored this challenging possibility by first using a reference circuit of a dense in silico reconstruction 43 

of a 0.3 mm3 from rat somatosensory cortex (the neocortical circuit, NMC), consisting of ~30,000 3D-44 

reconstructed neurons interconnected by ~40 million synapses13. The connectivity within the NMC is based on 45 

a set of pairwise geometrical rules. The profile of over/under represented triplet motifs emerging in the NMC 46 

was similar to those found experimentally14. Through a systematic construction of a series of progressively more 47 

complex generative geometrical circuit models we showed that, indeed, the asymmetrical geometry of neuron’s 48 

morphology, and their embedding in cortical 3D space, is sufficient to explain the profile of triplet motifs in the 49 

NMC. We next studied experimentally the appearance of triplet motifs using 12-patch whole-cell recordings 50 

from layer 5 thick tufted pyramidal cells (L5-TTPC) in the rat somatosensory cortex. We found a close match 51 

between the physical position of L5-TTPCs forming a specific triplet motif in the NMC and their position in 52 

the biological tissue. This implies that the local geometry of L5-TTPCs and their distribution in the 3D cortical 53 

volume impose an innate global and highly structured skeleton in the L5-TTPCs circuit. We argued that plastic 54 

processes and/or genetic processes that shape specific cortical connectivity add second-order refinements to the 55 

already existing innate connectivity pattern of cortical microcircuits.  56 

  57 
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 59 

Figure 1. Universality of triplet motifs appearance in a variety of mammalian neuronal 60 

microcircuits. a, Differential contrast video image of in vitro 12-patches recording from L5 thick tufted cortical 61 

pyramidal cells in rat somatosensory cortex (top). Triggering a spike in a presynaptic cell and recording excitatory 62 

post-synaptic synaptic potentials in the post-synaptic cells enabled to establish circuit connectivity diagram 63 

(schematically depicted at the bottom) and to count the frequencies of specific triplet motifs (two types of motifs are 64 

highlighted by light green and yellow). b, Left - dense in silico reconstruction of neocortical microcircuit (NMC) from 65 

the rat somatosensory cortex13; its volume is of ~0.3 mm3 with ~40 million synapses. Top right - a slice in L5 from 66 

the NMC circuit shown at left, with L5 thick tufted pyramidal cells (L5-TTPC) colored in red and L5 Martinotti cells 67 

(L5-MC) in blue. Lower frame - graph theoretical analysis of the connectivity diagrams for the two cell types shown 68 

above, highlighting the overrepresented triplet motifs (e.g., motifs #3 and #4), the underrepresented (e.g., motif # 7 69 

for L5-TTPCs) ones, and those that are similarly represented, as compared to the respective distance-dependent 70 

random network (Methods). Triplet #4 is marked in yellow and triplet #10 in light blue, as in a, bottom. c, 71 

Universality of overrepresented triplet motifs in a variety of neuronal microcircuits. Note that triplets #3 and #4 are 72 

overrepresented in all circuits. The brain regions from which these microcircuits reside in is depicted schematically 73 

at left; the expression of the various triplet motifs in these circuits is shown at right. Triplet motifs expression data is 74 

displayed for primary visual cortex3; somatosensory cortex4; interneurons in the cerebellum5; dense in silico somato-75 

sensory cortex14, and for dense in silico barrel cortex15. 76 
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Figure 2. The anisotropic connectivity among cortical neurons and their spatial embedding in 79 

cortical volume underlie the emergence of triplet motifs in the NMC. a-e, a series of progressively more 80 

complex generative models for the circuit connectivity of L5 thick-tufted pyramidal cells (L5-TTPC). a, 1st order 81 

Erdős-Rényi model, with uniform connection probability, p = 0.025, among the cells as is the average connection 82 

probability in the NMC. b, 2nd order model, in which p (color coded) is distance dependent, as derived from the 83 

NMC. p is depicted with respect to the distance from the postsynaptic cell located at the origin (Δx, Δz intersection 84 

point). Note the decrease in p with distance. c, 3rd order “bipolar” model, in which p also depends on whether the 85 

postsynaptic neuron is above or below the presynaptic cell (along the z-axis). Note that, in the NMC, p is larger for 86 

downwards connection. d, 4th order “offset dependent” model, in which p depends also on the relative direction, in 87 

3D, to the postsynaptic cell as it does in the NMC. Note that p is larger for postsynaptic neurons that are directly 88 

below (along the z-axis), as compared to cells that are obliquely below the presynaptic cell. e, 5th order model, in 89 

which p depends on the absolute position in 3D of both the presynaptic and the postsynaptic cells. E.g., L5-TTPCs 90 

whose somata are located close to the border of layer 4 (top horizontal line) have a larger span, in the z-direction, for 91 

having a postsynaptic partner as compared to L5-TTPCs whose somata reside near the border of layer 6 (bottom).  92 

f, Distribution of the various triplet motifs for each of the models shown in a-e, with respect to the reference Erdős-93 

Rényi model (x-axis). Motifs distribution in the NMC is shown by the blue line. Note that, as the geometry captured 94 

by model becomes more realistic, their motifs appearance becomes closer to that of the NMC (blue line with stars). 95 

See Methods for detailed explanation regarding the construction of the different statistical models used in this figure. 96 

97 
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 98 

Figure 3. Impact of morphology of different cortical cell types on the emergence of triplet cell motifs 99 

in the NMC. a, Appearance of triplet motifs for L5-TTPC. a1, Left, an exemplar 3D reconstructed TTPC cell. 100 

Right, the relative soma position of all the presynaptic TTPC cells (blue) and all the postsynaptic TTPC cells (red) 101 

with respect to the cell somata centered at 0,0 (superposition of 50 TTPC cells). a2, Distribution of triplet motifs for 102 

TTPC cells (n=2,003). a3, Kullback–Leibler divergence between the motif distribution observed in the NMC and 103 

each of the 5 models shown in a2. Note the gradual improvement with model complexity. A4, spatial embedding of 104 

neurons composing motif #4 (mean ± s.d.). b-d, As in a, but for (b) L6 inverted pyramidal cells (n = 3,476), (c) L5 105 

Martinotti cells (n=395) and (d) L6 large basket cells (n=463). Note that when the neuron is more isotropic as in b 106 

and d, models beyond the distance-dependent model do not provide further improvement.   107 
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 109 

Figure 4. Experimental validation that neuron morphology and 3D position explain the appearance 110 

of triplet cortical motifs.  a, Biocytin staining of multi-patch recordings from 12 L5-TTPCs. Three exemplar 111 

connected triplet cells are shown by the transparent (green, yellow and red) triangles. b, Connectivity map for the 12-112 

neurons circuit shown in a. c, All instances for three triplet motifs (#3, #4 and #10) that were extracted from the 113 

circuit diagram shown in b. The relative depth (z axis) of the cells composing these triplets is preserved. E.g., note 114 

that, for triplet #3, in most (but not in all) cases the presynaptic cell (red circle) is located above the two postsynaptic 115 

cells (blue circles). Green, yellow and pink triangles correspond to the respective cell triplets shown in a. d, Spatial 116 

embedding of triplet motifs (#3, #4, #10 and #11) for L5-TTPCs in the experimental data set (n3 = 163, n4 = 63, n10 117 

= 31, n11 = 21 triplets); the relative depth of the cells forming individual triplets (light brown lines) and mean ± s.d. 118 

(black line). For clarity, cell depths were aligned in each triplet according to one member (the left-most cell in the 119 

plot). *P < 0.05, **P < 0.01, ***P < 0.001. A paired-samples t-test. P values for R-vs-Y and Y-vs-B in motif #4 are 120 

0.2470 and 0.3029, respectively. e, As in e but for a 400µm-thick slice from the NMC (n3 = 219,377, n4 = 22,137, n10 121 

= 833 and n11 = 765 triplets of which only 100 instances are shown). Note the very close similarity between 122 

experiments (in e) and model (in d). 123 

  124 
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RESULTS 125 

Universality of triplet motifs appearance in a variety of mammalian neuronal 126 

microcircuits 127 

The motivation that ignited this study is summarized in Figure 1. It demonstrates the universality of the 128 

appearance of over/under represented of synaptically-connected cells triplets (motifs) in a variety of cortical 129 

networks and in the cerebellum. These same triplet motifs also appear in two different densely reconstructed in 130 

silico neocortical microcircuits (NMCs), whose building blocks are 3D reconstructed neurons of various types, 131 

positioned at their respective 3D cortical volume. Experimentally, identifying synaptically-connected triplet 132 

motifs in local microcircuits utilizes in vitro whole-cell patch-recordings (Fig. 1a, top). From such recordings it is 133 

possible to extract a connectivity graph for this 12-cell circuit (Fig. 1a, bottom). The frequency of these same 134 

triplet motifs could be measured in the NMC; an example is shown in Figure 1b for the NMC of the rat the 135 

somatosensory cortex13. This ~0.3mm3 reconstructed cortical volume contains ~30,000 neurons interconnected 136 

by ~40 million intrinsic synapses and distributed in 6 cortical layers (Fig. 1b, left). Layer L5 of this NMC is 137 

shown in Figure 1b, right; layer 5 thick tufted pyramidal cells, L5-TTPC, are colored in red and L5 Martinotti 138 

cells (L5-MC) in blue. Figure 1b bottom shows the analysis of the frequency of appearance of the triplets for 139 

L5-TTPC, demonstrating the highly nonrandom occurrence of specific triplet motifs (Methods). The different 140 

microcircuits (three experimental systems and another in silico reconstruction) in which the statistics of such cell 141 

triplets where characterized is shown in Figure 1c; the universality of overrepresentation of the same triplet 142 

motifs in all these circuits, most notably motifs #3, #4, #10 and #11, is highlighted by the yellow squares in 143 

Figure 1d. 144 

Origin of triplet motifs in dense in silico cortical microcircuits 145 

What could be the origin for such universality in the prevalence of overrepresented triplet motifs? This question 146 

is examined theoretically using the NMC as a benchmark circuit. Connectivity in the NMC is based on the 147 

proximity of axons and dendrites (“touch detection” algorithm) together with a set of synaptic pruning rules, 148 

which are set to maintain an observed distribution of contacts per connection but are consistent with purely 149 

geometry driven connectivity pattern13,16. Therefore, the emergence of triplet motifs in this circuit must arise 150 

from certain geometrical rules (see Discussion). We uncovered these rules by building a series of network models 151 

which progressively take into account higher-order features of the geometry underlying neuronal connectivity 152 

in the NMC, exploring whether these triplet motifs will emerge in these generative network models as they do 153 

in the NMC target circuit (Fig. 2, Supplementary Fig. 1).  154 

We started by focusing our attention on L5-TTPCs and constructed the simplest, 1st order, statistical network: 155 

an Erdős-Rényi random network with the same average connection probability of p = 0.025 as in the NMC 156 

(Fig. 2a, and the x-axis in Figure 2f, see also 3–5,14,15). The over- and under- represented triplet motifs in the 157 

NMC, as compared to the Erdős-Rényi reference circuit, are depicted by the blue line in Figure 2f.  158 
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Next, we constructed a 2nd-order statistical network, which considers the dependence of connection probability 159 

on intersomatic distance as in the NMC (Figure 2b and red line in Figure 2f, see also4,5,14). This statistical 160 

circuit does not explain the profile of motifs that were found in the NMC. In particular, motif #7 which is the 161 

underrepresented in the NMC is overrepresented in the distance-dependent statistical circuit.  162 

The next 3rd-order model considers also the implication of the asymmetrical geometry of L5-TTPCs whose 163 

dendrites tend to project upwards towards the pia (in the z-direction) and their axons tends to project in the 164 

opposite direction. Because the prerequisite for the formation of a synapse is that the axon of the presynaptic 165 

cell should come close to the dendrite of the post-synaptic cell, the probability of connection between pairs of 166 

L5-TTPCs in the NMC is larger in the downwards (z) direction. Indeed, taking into account this bipolar effect 167 

when quantifying the connection probability uncovers highly anisotropic connectivity function (Fig. 2c). This 168 

model starts to capture the representation trends of the observed motifs. Specifically, in this “bipolar” distance-169 

dependent model, motifs #3, #4, #5, and #6 are overrepresented with respect to Erdős-Rényi reference model, 170 

whereas motif #7 is underrepresented, as is the case of the NMC (Fig. 2f, yellow line). It is important to note 171 

that, in both Erdős-Rényi and distance-dependent models, the probabilities for motif #4 and motif #7 are 172 

identical. Thus, by taking into consideration the anisotropy imposed by the bipolar nature of L5-TTPCs, the 173 

symmetry between motifs #4 and #7 is properly broken.  174 

In our 4th-order model, we further added the dependency of connection probability on the 3D offset between 175 

the connected cells (Figure 2d demonstrated the offset in a x-z cross section); this further improved the similarity 176 

of motif appearances between the model and the NMC (green line in Figure 2f). To ensure that the 177 

improvement indeed results from extra information captured by the geometric offset features, and not merely 178 

as a consequence of a higher number of features, the probability functions of all geometrical models were fitted 179 

using a machine learning classifier having the same capacity (Methods). Finally, in our 5th order model, we 180 

considered the absolute positions of the L5-TTPCs within layer 5. It was found that L5-TTPCs that are located 181 

at the upper part of L5 have larger probability span, in the z-direction, for having a postsynaptic L5-TTPCs 182 

partner as compared to L5-TTPCs whose somata are located deeper in layer 5 (Fig. 2e). When this effect was 183 

taken into account in the 5th order model, the reproduced motif profile was even closer to that of the NMC (Fig. 184 

2f, light blue line). 185 

Geometrical considerations explain the emergence of cortical motifs 186 

The very close similarity between triplet distribution in experiments and in silico (geometrically-based) NMC 187 

model, strongly suggests that the emergence and frequency of triplet motifs in the biological tissue can be 188 

explained, to the most part, based solely on geometrical considerations. The emergence of triplet motifs for 189 

highly polar neurons, such as L5-TTPCs, depends strongly on their exact bipolar structure and position in 3D 190 

(Fig. 3a). When the neuron is more isotropic, as is the case for the inverted L6 pyramidal neurons (in which 191 

dendrites and axons tend to overlap), then models beyond the 2nd-order distance-dependent model do not 192 

provide further improvement for explaining the triplet distribution of networks composed of such cells (Fig. 3b). 193 
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This implies that, in cortical microcircuits, processes such a “cortical specificity” and/or structural plasticity play 194 

a second order role in shaping motifs structure and frequency. We thus concluded that the skeleton of motifs is 195 

dictated, innately, by geometrical considerations; namely by the position of the neurons in 3D and the 196 

asymmetry of their morphology. 197 

Interestingly, the series of the generative network models provided an additional prediction for the embedding 198 

of particular motifs in space. For instance, the models beyond the 2nd-order distance-dependent model predict 199 

that, for polarized cells, the embedding of the feedforward motif (#4) is such that the “source” neuron (the 200 

neuron that projects to the other two neurons) is located above the other two cells whereas the “sink” neuron 201 

(receiving synapses from the other two neurons) is the lowest (Supplementary Fig. 2). Indeed, we found a 202 

tendency for such an alignment in the NMC circuitry (Fig. 3a4) as well as in the experimental results (see 203 

Figure 4 and text below). 204 

Experimental analysis of triplet motifs in L5 cortical pyramidal cells 205 

To experimentally examine the predictions about the embedding of motifs in space we recorded from L5-206 

TTPCs from the somatosensory cortex of the rat using in vitro 12-patch whole-cell recordings (Fig. 4a). A total 207 

of 7,309 triplets were mapped and characterized, as in the example shown in Figure 4a-c. The 3D positions 208 

of each of the recorded cells forming a given triplet type were measured. Having such large experimental dataset 209 

of L5-TTPCs triplet motifs, we then analyzed to what extent does their relative depth (z-axis) explain the 210 

appearance of particular types of motifs, as predicted by the geometrically-based NMC. Figure 4d depicts the 211 

relative positions of cells composing four types of triplet motifs (triplets #3, #4, #10 and #11) in the experimental 212 

dataset). The relative position of the cells forming individual triplets is shown by the light brown lines; the dark 213 

line depicts the average position of the cells for that particular triplet. The same analysis, for the same “thickness” 214 

of a “cortical slice”, was performed in the NMC for L5-TTPCs (Fig. 4e, Methods). The analysis indeed shows 215 

that, as predicted by the model, that there is a close match between the specific triplet motifs and the relative 216 

position of their constituting neurons also in the biological tissue. 217 

DISCUSSION 218 

Neuronal circuits in a variety of mammalian brain areas share similar highly nonrandom expression pattern of 219 

network motifs (Fig. 1). This observed connectivity structure could be innate and/or the consequence of active 220 

plasticity and learning processes. Our study shows that the universal tendency of networks of pyramidal neurons 221 

for overrepresenting transitive triplet motifs and underrepresenting intransitive triplets emerges from the 222 

asymmetric geometry of neurons’ morphology and their relative spatial position (Fig. 2). The impact of different 223 

neuron geometries on the emerging motifs was further evaluated using is silico circuits of several other cell types 224 

(Fig. 3). Theoretical predictions for the spatial alignment of cells were then directly validated via in-vitro 225 

simultaneous whole-cell recordings from up to 12 neurons in the rat somatosensory cortex (Fig. 4). We therefore 226 
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concluded that, with innate bipolarized neuron morphology17, a structured network connectivity is essentially 227 

unavoidable and the observed complex profile of over/underrepresented motifs in neuronal networks is largely 228 

innate.  229 

The present study focuses on the relation between geometrical features and connectivity pattern. Preliminary 230 

studies show a relationship between the fine structure of neuronal connectivity and neuron-level 231 

computations18,19, network-level dynamics and information processing20,21, and, ultimately, behavior7,22. It 232 

would therefore be essential for future studies to isolate the contribution of the expression level of specific 233 

network motifs to the network activity dynamics in order to advances in unravelling the long-standing structure-234 

to-function problem in neuroscience. 235 

The generalization of our prediction is also supported by a recent study in cerebellar microcircuits where 236 

transitive triplet motifs were overrepresented among asymmetrical interneurons, showing that the relative 237 

position in 3D space of the neurons within a triplet is correlated with the formation of a particular motif5. In 238 

addition, the preference for local transitive patterns has already been reported in different real-world networks 239 

from diverse disciplines, including the C. elegans connectome23, social networks and the World Wide Web24,25. It 240 

would be interesting to study, using the present method, the extent to which this transitivity emerges simply 241 

from the underlying geometry in such spatially-embedded real-world networks too. 242 

Our theoretical analysis is based on a detailed dense in silico model of a neocortical microcircuit. This provided 243 

us with the opportunity to dissect systematically which geometrical features (asymmetric neuronal morphology, 244 

neuron’s position in the cortical tissue) explain the emergence of patterns in the triplet distribution (Fig. 2). By 245 

adding increasingly more elaborate aspects to the reference generative theoretical network, we have reproduced 246 

the general trends of neuronal motifs as found in the full circuit. Despite obtaining a significant reduction in the 247 

discrepancy between the real and expected distribution of motifs, we were unable to completely predict the 248 

absolute numbers of the various motifs as found in the full circuit (Fig. 2f, Fig. 3 a2-d2). This residual 249 

discrepancy likely stems from the fact that the statistics upon which our generative models is built considers 250 

mostly average values and neglecting, to a large extent, individual differences between cells’ morphologies within 251 

classes (dendritic and axonal) as well as possible interaction of the morphology with position (e.g. cells towards 252 

the bottom of the layer have less probability of making contacts downwards).  253 

Previous works have hypothesized that connectivity is probably dependent on intersomatic orientation of 254 

cells5,26, but the present study is the first to systematically quantify it and its impact on the emerging network 255 

topology and its embedding in cortical space. Additional studies highlight wiring specificities beyond what 256 

expected from simple geometry. Synaptic connections might have stronger preference to specific cell-type 257 

populations27, layers28 or perhaps even to specific cell identity29. Another possible source of nonrandom 258 

expression pattern on motifs is structural synaptic plasticity due to learning. While structural plasticity provides 259 

a huge number of connectivity patterns, we show here that the spatial organization of neurons and their 260 

asymmetric geometry, put strong constraints on the connectivity configuration that are likely and place a strong 261 
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bias for the formation of certain types of motifs. Hence, while plasticity and learning may change the specific 262 

members of a triplet motif, they are likely to keep the global pattern of motifs expression. 263 

Our theoretical and experimental work provides the foundation for exploring the yet open question regarding 264 

the origin of the connectivity structure of cortical microcircuits: what is innate (simply due to asymmetrical 265 

neuronal geometry embedded in cortical volume) and what is specific (due to genetically-guided and/or learning 266 

processes)?  The present work, combined with the soon-coming dense reconstructions of ~1 mm3 of rodents and 267 

human cortical microcircuits, will provide the answer for this intriguing question. Systematic consideration of 268 

the fine structure of neuronal circuits, combined with functional modeling of its neurons and synapses, will 269 

significantly advance the long-standing structure-to-function problem in neuroscience. 270 
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	337 

MATERIALS AND METHODS 338 

Slice preparation.  339 

Experiments were carried out according to the Swiss national and institutional guidelines. Fourteen to eighteen 340 

day-old non-anesthetized Wistar rats were quickly decapitated, and their brains were carefully removed and 341 

placed in iced artificial cerebrospinal fluid (ACSF). Slices (300 μm) were cut on an HR2 vibratome (Sigmann 342 

Elektronik). Parasagittal slices, ∼1.7–2.2 mm lateral to the midline, were cut to access primary somatosensory 343 

cortex (SSC; above the anterior extremity of the hippocampus ± 1 mm). Slices were incubated at 37 °C for 30–344 

60 min and then left at room temperature until recording. Cells were visualized by infrared differential 345 

interference contrast video microscopy using a VX55 camera (Till Photonics) mounted on an upright BX51WI 346 

microscope (Olympus). Thick-tufted layer 5 Pyramidal Cells (PCs) were selected according to their large soma 347 

size (15–25 μm) and their apparent large trunk of the apical dendrite. Care was taken to use only parallel slices 348 

(i.e. slices that had a cutting plane parallel to the course of the apical dendrites and the primary axonal trunk). 349 

This ensured sufficient preservation of both the PCs’ axonal and dendritic arborizations. 350 
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Chemicals and solutions.  351 

Slices were continuously superfused with ACSF containing 125 mM NaCl, 25 mM  NaHCO3, 2.5 mM KCl, 352 

1.25 mM NaH2PO4, 2 mM CaCl2, 1 mM MgCl2, and 25 mM D-glucose bubbled with 95% O2 and 5% CO2. 353 

The intracellular pipette solution contained 110 mM potassium gluconate, 10 mM KCl, 4 mM ATP-Mg, 10 354 

mM  phosphocreatine, 0.3 mM GTP, 10 Hepes, and 13mMbiocytin adjusted to pH 7.3–7.4 with 5MKOH. 355 

Osmolarity was adjusted to 290–300 mOsm L−1 with D-mannitol (25–35 mM). The membrane potential values 356 

given were not corrected for the liquid junction potential, which is approximately −14 mV. Chemicals were 357 

purchased from Sigma Aldrich or Merck.  358 

Electrophysiological recordings.  359 

Multiple somatic whole-cell recordings (4–12 cells simultaneously) were performed with Multiclamp 700B 360 

amplifiers (Molecular Devices) in the current clamp mode at 34 ± 1 °C bath temperature. Data acquisition was 361 

performed through an ITC-1600 board (Instrutech) connected to a PC running a custom-written routine 362 

(PulseQ) under IGOR Pro (Wavemetrics). Sampling rates were 10 kHz, and the voltage signal was filtered with 363 

a 2-kHz Bessel filter. Patch pipettes were pulled with a Flaming/Brown micropipette puller P-97 (Sutter 364 

Instruments) or a DMZ puller (Zeitz Instruments) and had an initial resistance of 3–8 MΩ.  365 

Stimulation protocols.  366 

Monosynaptic, direct excitatory connections were identified by stimulation of a presynaptic cell with a 20–70 367 

Hz train of 5–15 strong and brief current pulses (1–2 nA, 2–4 ms) followed by a recovery test response 0.5 s after 368 

the end of the train (not shown in the traces), all precisely and reliably eliciting action potentials (APs). 369 

Final somatic positions.  370 

The soma positions were recorded relative to an arbitrary reference point, and the z axis was oriented 371 

perpendicular to the surface of the slice. After morphological stainings were ready, the y axis was rotated around 372 

the z axis to match the orientation of the apical dendrites. The x axis was rotated by the same amount and 373 

remained orthogonal to the other two axes. 374 

Constructing the series of geometrical network models 375 

The observed (neuronal) network of 𝑛 nodes (neurons) is described by 𝑛 × 𝑛 adjacency matrix 𝐴, whereas the 376 

𝐴%& entry is a binary variable denoting the existence of connection from the neuron 𝑖 to the neuron 𝑖, and by a 377 

3D vector x% for each neuron 𝑖, denoting its 3D position is space, x% = (𝑥%, 𝑦%, 𝑧%). Using this data, the 378 

geometrical profile of pairwise connection probability function 𝑝 = Pr3𝐴%& = 1	6	x%, x&) was computed at 379 

different orders of approximation, gradually taking into account additional features of pair’s spatial embedding 380 

(x%, x&). Then, to study the statistical dependence of network motifs on the geometrical profile a series of 381 

generative models for spatially-embedded networks was developed, in which each model gradually fits a higher 382 

order of approximation of the probability function. The distributions of motif counts emerging from each of the 383 

models were compared to the distribution observed in the original network using Kullback–Leibler divergence. 384 
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The 1st-order model that was used for the generation of reference random networks was the Erdős-Rényi 385 

model30. This model assumes that the probability of forming a connection between two neurons, 𝑝, is uniform 386 

among all pairs of nodes and independent from every other connection. Naïvely, this 1st order model does not 387 

take into account spatial features of the nodes whatsoever. Thus, the model requires matching only two 388 

parameters: the number of neurons as in the original network, 𝑛 = 𝑛789::;< , and the mean connection 389 

probability over the whole network, 𝑝(x%, x&) = const = ∑ 𝐴%&%C& /(𝑛(𝑛 − 1)).  390 

The 2nd-order model generated random networks which preserved the non-uniform dependency of connection 391 

probability on intersomatic distance (𝑟) as observed in the original network (Fig. 2b, Supplementary Fig. 392 

1a). First, the original distance-dependent connectivity profile, 𝑝789::;<(𝑟) (Supplementary Fig. 1a, blue 393 

line), was fitted (using an ensemble of 500 decision trees each with a maximal depth of 5 levels31; 394 

Supplementary Fig. 1a, orange line). Next, using the fitted probability function, 𝑝(𝑟), we generated random 395 

networks with a matching distance-dependent connectivity. The original coordinates of all neurons were 396 

preserved, and the connections were defined as independent binomial random variables 𝐴%&, with a success 397 

probability 𝑝(x%, x&) = 𝑝(𝑟%&) that corresponded to their inter-somatic distance 𝑟%&. 398 

The 3rd-order model captures the fact that the original probability function is anisotropic and depends not only 399 

on the intersomatic distance but also on the direction. Specifically, the probability may be different depending 400 

on whether the postsynaptic neuron is above or below (along the z-axis) the presynaptic cell. For example, in 401 

the L5-TTPC network, the probability is higher when the post-synaptic cell is located below (Fig. 2c). The 3rd-402 

order model generated networks with a matching “bipolar” distance dependence (Supplementary Fig. 1b). 403 

The 4th-order “offset dependent” model captures 𝑝(x%, x&) dependence on the full 3D relative direction between 404 

the presynaptic and postsynaptic cell. Specifically, in the L5-TTPC network, 𝑝(x%, x&) is larger for postsynaptic 405 

neurons that are directly below (along the z-axis), as compared to cells that are obliquely below the presynaptic 406 

cell (Fig. 2d).  407 

The 5th-order “position dependent” model captures	𝑝(x%, x&) dependence on the absolute position in 3D of both 408 

the presynaptic and the postsynaptic cells. Specifically, L5-TTPCs whose somata are located close to the border 409 

of layer 4 (Fig. 2e, top horizontal line) have a larger vertical (z-axis) span for connecting a postsynaptic partner 410 

as compared to L5-TTPCs whose somata reside near the border of layer 6 (Fig. 2e, lower left “cloud”).  411 

In all four (2nd-5th) geometrical models we employed Machine-Learning approach to learn the connectivity 412 

observed in the NMC. First, given an 𝑛 × 𝑛 adjacency matrix 𝐴 from the NMC, it was transformed into a 413 

labelled dataset consisting of  𝑛(𝑛 − 1) samples corresponding to all possible pairs of neurons. Each sample is 414 

composed of set of features describing the geometrical embedding of the respective pair (namely, their 415 

intersomatic distance, downward/upward alignment, 3D relative offset and absolute 3D positions) and a label 416 

indicating whether the pair is connected or not. Secondly, we chose the relevant subset of features for each 417 

geometrical model (e.g., for the 3rd order model we chose the intersomatic distance and the downward/upward 418 
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alignment as the two relevant features). Thirdly, we fitted the probability for a connection from the chosen 419 

labelled dataset. Importantly, all 2nd-5th order geometrical models were each fitted using an ensemble of 500 420 

decision trees, each with a maximal depth of 5 levels (regression problem)31. This method ensures that the 421 

gradual improvement of the fit between the NMC and the progressively more complex geometrical model is 422 

indeed a consequence of the additional geometric features and not merely due to the higher degrees of freedom 423 

when considering a larger number of features. Finally, using the fitted probability functions, we generated the 424 

2nd – 5th order random networks with matching connectivity as measured in the NMC. 425 

Spatial Embedding Analysis. 426 

For each motif pattern, a paired-samples t-test was conducted to compare the vertical position of its composing 427 

cells across all of its occurrences in the data. In a motif, the comparison was done between all different classes 428 

of cells (different colors in Fig. 4d-e). When a motif had two neurons belonging to the same class (e.g., two blue 429 

neurons in motif #3) the mean of their vertical position was taken for the purpose of the paired-samples t-test. 430 

 431 

 432 

 433 

Supplementary Figure 1. Comparison of empirical and fitted connection probabilities for L5-434 

TTPCs. a, The dependence of connection probability on intersomatic distance as observed in the NMC (blue) and 435 

as fitted by the 2nd-order distance-dependent model (orange). b, The distinct connection probability of the downward 436 

(blue) versus upward (orange) connections as observed in the NMC (circle) and as fitted by the 3rd-order bipolar 437 

distance-dependent model (cross). c, The offset dependence of connection probability as observed in the NMC (top) 438 

and as fitted by the 4th-order offset dependent model. d, Same as in c, but for position dependence of the connection 439 

probability as fitted by the 5th-order position dependent model. 440 
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 441 

Supplementary Figure 2. Spatial embedding of triplet motifs (#3, #4, #10 and #11) for L5-TTPCs as 442 

predicted by the series of the generative models. For each model, an instance of one network was generated, 443 

on which the spatial alignment of the cells involved in forming the specific triplet was measured. Note that models 444 

beyond the 2nd-order distance-dependent model predict the asymmetrical embedding found in the NMC model (blue) 445 

and in the slice (Fig. 4). For instance, the embedding of the feedforward motif (#4) is such that the “source” neuron 446 

(red) is located above the other two cells whereas the “sink” neuron (blue) is the lowest. 447 
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