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Introduction
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| Chapter 1

The study of perception is a cornerstone of epistemology, probing how we come to
know the world. In his Meditation on First Philosophy [1], René Descartes wondered,
‘What can be more easily perceived than the perception of touch, sight, and
hearing?’ Yet, he doubted the certainty of sensory knowledge, as the senses may
be deceived and thus cannot be fully trusted. For Descartes, knowledge is only
obtained through reason, as the information we gather from the world through our
senses is unreliable. In this way, the senses become the boundary between us and
the world, made flesh, imperfect, and deceptive, shaping our experience of reality
but not providing absolute truth. The position of Immanuel Kant does not go as
far as denying the veracity of the existence of the outside world, yet in his Critique
of Pure Reason [2], he makes the dichotomy between things-in-themselves, and
things as they are perceived to be. For Kant, this distinction arises from the mind's
innate structures, which shape our access to phenomena. Together, these thinkers
framed the ongoing debate: Is perception a direct reflection of the external world,
or a subjective construction of the mind? This thesis is inscribed in the continuity
of this question, as we do not only propose the analysis of the information flow
within the central nervous system but also, through the modeling of the receptors,
the transduction of a force into neural activity. By quantifying the amount of
information retained at each stage, we provide a quantitative difference between
the raw stimulus and the phenomena of the stimulus - i.e., the experience of the
stimulus. In this introduction, | would like to take you through the different types
of mechanoreceptors playing an active role in shaping our tactile experience of the
surrounding world and their mechanisms of activation.

Touch cells can respond to vibration, texture, and pressure [3] from a tactile
stimulus, and they can be impacted by heat. Thus, mechanosensitive cells’ activity
can inform about the presence of a stimulus, its direction, its speed, the force with
which it is applied, and for how long it is applied. Several physical properties of
this population determine the information that is conveyed to the brain. Firstly,
pressure that results when skin is touched spreads over the skin due to its elastic
properties, which dampens the intensity of the stimulus [4]. Consequently, the
intensity of a stimulus depends on the distance between the point of contact and
the position of the touch cell. Secondly, not only does the distance to the contact
point matter, but the depth of the receptor within the skin also plays a role in the
information received by these cells [5]. Finally, the varying density of the receptors
over different locations of the body also influences the information that is received
by this system, making, for instance, the signals from the fingertips highly reliable
as they provide a higher resolution than other limbs [6].
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The mechanoreceptors compose the avant-garde of the nervous system as the
first layer to transduce the stimulus - e.i, conversion of a mechanical stimulus into
electrical signals (action potentials). These cells consist of various types, which
differ in several electrophysiological properties. Strikingly, these cell types and
their relative distributions appear to be shared across mammals [7]. They receive
information through nerve endings, the shape of which depends on the depth
within the skin and the part of the body considered. In hairy skin, the shaft of a
hair can be surrounded by filiform structures called lanceolate endings or palisades
called circumferential endings [8]. Their elongated shape allows them to bend in
the same way as the hair. Glabrous (hairless) skin, on the other hand, can contain
touch domes, free nerves, or club-like structures. The information from both these
nerve endings is transmitted to touch cells through myelinated (namely: AB, Ad) or
unmyelinated (namely: C) fibers, classified based on their conducting properties.
These fibers connect to Ruffini corpuscles, Meissner corpuscles, Pacini corpuscles,
and Merkel cells.

Tactile Corpuscle
{Meissner’s Corpuscle)

[l (

Lamellated Corpuscle Merkel Cell
(Pacinian Corpuscie) (Tactile Disc)

Figure 1 - Side view of the skin with the different types of touch cells within. The insets are zooms
on the touch cell of interest. Top left: Zoom on a Ruffini Corpuscle. Top right: Zoom on a Meissner
Corpuscle. Bottom left: Zoom on a Pacinian Corpuscle. Bottom right: Zoom on a Merkel cell. Original
illustration from [9].
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Ruffini corpuscles (Figure 1) are found in the glabrous skin and respond to stretch
information with a slowly adapting type 2 (SA2) pattern of activity in response
to a sustained stimulus[8], characterized by a sharp increase of activity at the
beginning of a stimulus presentation and a slow decline toward a plateau. Meissner
corpuscles (Figure 1) are specific to glabrous skin and are found mainly in parts of
the mammalian body that require high accuracy, such as mouse paws or human
fingertips. These cells provide a low resolution in stimulus direction, but are quite
sensitive to pressure. They are believed to play an important role in prehension
(seizing or grasping an object). Their association with rapidly adapting (RA) afferents
enforces this hypothesis [10, 11]. Pacinian corpuscles (Figure 1) exhibit rapidly
adapting type 2 (RA2) patterns of activity and are found in the hypodermis [8]. Both
RA and RA2 fire at the onset and offset of a stimulus. Finally, Merkel cells (Figure 1)
are present in whisker follicles as well as fingertips; they connect to slowly adapting
afferents to form the Merkel neural complexes, which exhibit irregular spiking
patterns. Maksimovic et al. propose the hypothesis that the afferents respond to
dynamic stimuli, while the Merkel cells per se transduce static information such as
pressure [12], explaining the slowly adapting type 1 (SA1) pattern of activity that
they exhibit, in which the presentation of a stimulus induces a sharp increase of
spiking activity followed by a sharp decrease toward an irregular plateau activity. In
both compartments of this complex, piezo2 mechanosensitive ion channels allow
for the transduction of a force into spiking activity [12, 13].

Figure 2 - Schematic of a Piezo2 ion channel structure. The three-helix structure acts as a lever,
opening a pore in response to membrane tension, allowing a calcium ion influx (original illustration
from [14]).
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Mechanosensitive ion channels are the founding stones of mechanotransduction.
As far as we know, 4 types of such ion channels play an important role in touch
sensation, namely, the Piezo (Figure 2), TRP, K2P, and DEG/ENaC ion channels. While
the molecular structures of these ion channels vary, the mechanism of activation
remains the same: when pressure is applied, this results in a stretch of the tissue
around the ion channel or a pressure applied directly to it. This pressure applied
on the bilayer lipid membrane of the cell allows ions to enter. Piezo channels 1
and 2 are structures composed of three helices, linked to the structure's center by
beams acting like levers on a cap, allowing calcium ions to enter the cell through
a porous section hidden below once the cap has been ‘lifted' (Figure 2). They are
found in diverse systems such as the bladder or the blood. They allow information
about a push or stretch of surrounding tissue to be transformed into electrical
activity. Piezo2 channels were found to be necessary for Merkel cells to conduct
mechanotransduction [12]. TRP channels are activated by stretch and non-noxious
heat. They are composed of four intertwined sub-units. Upon the stretch of the
surrounding tissue, the lipid layers of the membrane of the cell are deformed,
resulting in a separation of the sub-units, which in turn allows for a calcium ion
influx into the cell [15]. TREK-1 ion channels are composed of two subunits, which,
upon application of pressure, open, allowing potassium ions to enter the cell [16].
DEG/ENaC channels share a common structure composed of three subunits that act
as springs. When pressure is applied perpendicular to the membrane, springs that
are perpendicular to the cell membrane transfer the force to springs that are within
the cell membrane, parallel to it, opening the membrane, thereby allowing sodium
ions to enter the cell.

To summarize, when pressure is applied to the skin, it will stretch the membrane of
the sensory cells, resulting in the opening of mechano-gated channels, allowing an
influx of ions into the touch cells. This either happens directly on the touch cells’
somata or in their end organs (touch dome, club-like endings, etc), in which case
the change in pressure will be communicated to the touch cells through nerve
fibers with different conducting properties. This intricate pressure-to-electrical-
activity mechanism is the first step toward tactile sensation in the nervous system
and builds upon a heterogeneous population of end organs, touch cells, nerve
fibers, and ion channels. This thesis focuses on the information flow into the central
nervous system and the transduction of a force into neural activity. We start by
modeling the output of the touch cells, using their established response properties
to understand their role in tactile encoding and information propagation of the
resulting activity in the tactile system, which we will describe in Chapter 2.

13
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In the second Chapter, | will take you through the somatosensory system, which
receives information from the aforementioned mechanoreceptors by drawing the
connectome of the whisker system of the rodent, relying on the extensive tracing
experiments performed by the Allen Brain Institute on more than 2700 mice from
more than 180 transgenic lines. Using the available 2-photon imaging data, | will
focus on a subset of 18 nuclei that are essential for the whisker system with the aim
of identifying key network motifs and potential computational roles of these early
processing stages. | will show that the early stages of the central nervous system,
through an intricate network, are more than mere relay stations for the information.

In the third Chapter, | will model the mechanoreceptors and quantify the
information they allow the periphery to convey to the central nervous system by
fitting a neuron model to electrophysiological recordings of such cells. Through
an analysis of human reaction time and ability to distinguish between two tactile
stimuli durations applied to their fingertips, we hypothesize that the tactile system
is split into two pathways, one to detect a stimulus and one to distinguish between
stimuli. Relying on the mechanoreceptors model, we conclude that the two
pathways originate from the periphery itself. Leveraging information theory, | will
investigate the encoding mechanisms in the early stages of the sensory system, as
we hypothesize that the information encoding properties are distinct across these
two pathways.

In the fourth Chapter, | will dive deeper into the specific representations of different
stimuli that can be applied to whiskers. We expect to find that different stimulus
features are encoded by distinct combinations of mechanoreceptor activity. To
asses this hypothesis, we rely on a newly developed interface between a whisker
model [17] and the mechanoreceptor model developed in the previous chapter.
I will 1) apply forces with different directions, amplitudes, speeds, frequencies, and
distances to the whisker basis on the modeled whisker, 2) assess the representation
of each of these variables as well as quantify the information transfer between the
mechanoreceptors and the brainstem and 3) deduce the encoding strategies in each
layer of this network.

In the fifth Chapter, to conclude the modelling work of this thesis, | will complete
the previous model by including a model of the thalamus and of the granular
and supragranular layers 4, 3, and 2 of the somatosensory cortex [18]. We predict
that information will be progressively refined and transformed as it ascends the
pathway, leading to more abstract representations in higher cortical areas. To
assess this hypothesis, | will decode the stimuli presented to the model, quantify
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the information transfer between the stimulus and the different structures of the
ascending somatosensory pathway, and unveil the evolution of coding patterns as
it progresses through the ascending somatosensory pathway.

To conclude, | will take you through the advancement this thesis brings to the field
of sensory neurosciences and its implications in the fields of neuroprosthetics and
sensory integration. Through the lens of information theory, we will take a look at
how touch sensation is represented in the different stages of tactile integration, the
different strategies adopted by the layers of the network, and their consequences
for neuromorphic sensors and sensory neuroprosthetics.
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Abstract

Sensorimotor computation integrates bottom-up world state information with
top-down knowledge and task goals to form action plans. In the rodent whisker
system, a prime model of active sensing, evidence shows that neuromodulatory
neurotransmitters shape whisker control, affecting whisking frequency and
amplitude. Since neuromodulatory neurotransmitters are mostly released from
subcortical nuclei and have long-range projections that reach the rest of the central
nervous system, mapping the circuits of top-down neuromodulatory control of
sensorimotor nuclei will help to systematically address the mechanisms of active
sensing. Therefore, we developed a neuroinformatic target discovery pipeline to
mine the Allen Institute’s Mouse Brain Connectivity Atlas. Using network connectivity
analysis, we identified new putative connections along the whisker system and
anatomically confirmed the existence of 42 previously unknown monosynaptic
connections. Using this data, we updated the sensorimotor connectivity map of
the mouse whisker system and developed the first cell-type-specific map of the
network. The map includes 157 projections across 18 principal nuclei of the whisker
system and neuromodulatory neurotransmitter-releasing. Performing a graph
network analysis of this connectome, we identified cell-type-specific hubs, sources,
and sinks, provided anatomical evidence for monosynaptic inhibitory projections
into all stages of the ascending pathway, and showed that neuromodulatory
projections improve network-wide connectivity. These results argue that, beyond
the modulatory chemical contributions to information processing and transfer
in the whisker system, the circuit connectivity features of the neuromodulatory
networks position them as nodes of sensory and motor integration.

List of abbreviations

TG - Trigeminal Ganglion MOp (M1) - primary motor cortex
PSV - Principal sensory nucleus SC - Superior Colliculus
SPVO, SPVI, SPVC - spinal nucleus of VIl - Facial Motor nucleus
the trigeminal oralis, Zl - Zona Incerta
interpolaris, caudalis Sl - Substantia Innominata
VPM - ventral posteromedial nucleus DR - Dorsal raphe nucleus
PO - posterior complex of the thalamus LC - Locus coeruleus
RT (nRT) - Reticular Nucleus of the thalamus PPN - Pedunculopontine nucleus
bfd - barrel field of the primary VTA - Ventral tegmental area

somatosensory cortex TM - Tuberomammillary nucleus
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Introduction

In the wild, whisking rodents are subterranean mammals that live in dark and narrow
environments. They heavily rely on the rhythmic protraction and retraction of their
whiskers to navigate their natural habitat. Organized as closed-loop circuits (Kleinfeld
et al., 1999), distributed networks in the brain control whisking as an adaptive
sensorimotor computation while they encode sensory information originating from
the sensory periphery and compute the future position of the whiskers as an iterative
process (Voigt et al., 2008, Voigt et al., 2015, McElvain et al., 2018).

The neural circuits that contribute to the sensory representations acquired through
whisker contacts and the positional controls of whiskers were last summarized more
than a decade ago (Bosman et al., 2011). Building on (1) the first comprehensive
sensorimotor circuit map in the whisker system (Kleinfeld et al., 1999), (2) the
fundamental experimental work that described the lemniscal and paralemniscal
ascending neural circuits (Chial et al., 1991, Lu and Lin, 1992), and (3) the descending
projections originating from the motor cortex (Ashwell, 1982, Hemelt and Keller,
2008), Bosman and colleagues described the connectome between 43 nuclei
contributing to the sensorimotor integration in the whisker system. In particular,
12 of the nuclei described in their studies, as well as 6 brainstem regions that release
neuromodulatory transmitters, showed 74 connections (Supplemental Figure 1, for
the complete network, Supplemental Figure 2).

Over the last decade, new experimental studies have provided direct evidence
that the network connectivity along the whisker system is more expansive than
previously shown. For example, a study by Jeong et al. (2016), focusing on the motor
nuclei in the mouse, in particular MOp (M1), revealed projections to PO and VPM,
as well as to the contralateral PSV, SPV, and VTA. (Mu'noz-Casta'neda et al., 2021)
confirmed both this last connection and the monosynaptic Mop (M1) projections
to PPN and SPVi. In parallel, direct monosynaptic projections originating from bfd
and targeting TM, RT (nRT), and ZI (Zakiewicz et al., 2014), ZI projections to VII
(Takatoh et al., 2021), VIl innervation of SPVi (Bellavance et al., 2017), VPM to Mop
(M1) connections (Hooks et al., 2013), and bidirectional communication between
Mop (M1) and RT (nRT) were shown (Yang et al., 2022).

New monosynaptic projections along the sensorimotor pathways were also
discovered to originate from several neuromodulatory neurotransmitter-releasing
nuclei. Hosp et al., 2011 identified a projection between the VTA and Mop (M1),
showing the contribution of dopaminergic connections originating from the

21
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VTA in motor skill learning. Other studies showed that the VTA serves as a hub
of divergence with projections to SI, LC, DR, RT (nRT) (Dunigan et al., 2021), and
bfd (Aransay et al., 2015), all critical for the information processing in the whisker
system. Finally, the novel discoveries along the neuromodulatory circuits and their
integration with nuclei in the whisker system are not limited to the dopaminergic
system. Monosynaptic cholinergic projections to RT (nRT) (Sokhadze et al., 2018), S|
projections to ZI (Zhou et al., 2018), ZI projections to VTA (An et al., 2021), reciprocal
connections between PO and SC (Benavidez et al., 2021), S| projections to PSV,
VTA, VPM, S| (Benavidez et al.,, 2021), and DR (Benavidez et al., 2021; Dorocic et
al., 2014) all provide anatomical evidence for neuromodulatory contributions to
sensorimotor control.

The newly found connections mentioned above require an update of the previously
drawn connectivity map of the rodent whisker system. In this study, by leveraging
the connectivity data in the Allen Mouse Brain Atlas (Oh et al., 2014), we update the
previously reported connectome (Bosman et al., 2011), develop the first-generation
cell-type specific connectivity map along the mouse whisker system and investigate
the contribution of neuromodulator-releasing nuclei to top-down regulation and
information propagation in this network. In addition to the nuclei from the ascending
somatosensory pathway and the motor cortex, we consider the following networks
in our updated whisker system connectivity map: The facial motor nucleus (VII), as
it contains the motoneurons innervating the muscle situated in the whisker pad
(Ashwell, 1982). The Superior Colliculus (SC) is targeted by connections from the
trigeminal nuclei and targets VII (Hemelt and Keller, 2008). The reticular nucleus of
the thalamus (RT (nRT)) is added as the main source of inhibition of the thalamic
nuclei (Pinault et al., 1995). The Zona Incerta (ZI) is included in the map for its role in
the paralemniscal pathway (Urbain and Desch”enes, 2007a) and its somatotopic map
representation of whiskers (Nicolelis et al., 1992).

By analyzing 732 anterograde tracing experiments performed in 95 wild-type and
transgenic lines using the open-source toolbox we developed (https://github.com/
DepartmentofNeurophysiology/NeuralNet-ABC), we determine the connectivity
along the ascending, descending, and neuromodulator pathways. We show that
the sensorimotor circuits in the whisker system include 157 projections; 42 of
these projections had not been described in the literature previously, but are
confirmed anatomically herein. Additionally, 40 connections are identified as
plausible monosynaptic projections and reported here as putative connections.
By performing graph network analysis, we further identify cell-type-specific hubs,
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sources, and sinks in this connectome and, finally, show that neuromodulatory
projections improve network-wide connectivity.

Materials & Methods

Experimental pipeline

All experimental data (https://connectivity.brain-map.org/) and our custom-
written toolbox for analysis (https://github.com/DepartmentofNeurophysiology/
NeuralNet-ABC) are available online. Experimental procedures for data acquisition
have been detailed by the Allen Brain Institute before (Oh et al., 2014). In short,
genetically encoded fluorescent proteins were expressed in anatomically targeted
regions using cell-type-specific or non-specific promoters in transgenic and
wild-type mice. The resulting anterograde projection labeling was visualized
using serial two-photon tomography. The data were projected onto a 3D normal
brain built upon a volumetric average template from 1,675 wild-type mice with
10 um isotropic voxel resolution. The 3D reference brain was then parcellated into
43 isocortical areas, 329 subcortical gray matters structures, 81 fiber tracts, and
8 ventricular structures for each hemisphere to identify the main anatomical origin
and target areas based on a standard atlas (Wang et al., 2020). For each structure,
four variables were extracted: the volume, the intensity, the density, and the
energy. The volume represents the volume of tracer solution in mm3 present in a
brain structure; the intensity is the sum of the brightness of every pixel in a given
structure (the tracer producing a fluorescent reaction); the density is the number
of pixels considered as expressing the gene divided by the total number of pixels
present in the structure, and the energy is the sum of pixel intensities divided by
the number of pixels in the structure. The results were stored in a JSON format
containing a list of structures with their associated extracted variables. To build our
connectivity matrices, we first downloaded the data using Allen Brain Institute’s API
(Figure 1), and identified experiments that targeted 57 target nuclei, which have
been experimentally identified as a part of the sensorimotor circuits in the rodent
brain (Supplemental Figure 1). From these experiments, we filtered out those with
less than 50% of the viral solution injected in the targeted area (i.e., where more
than half of the solution missed the targeted area). Each experiment was saved in a
JSON file containing a list of structures (723 per hemisphere) and the measures of the
projection volume, intensity, density, and energy. Next, we grouped the experiments
per transgenic line and projected the data from each experiment onto a 723x1446
matrix (723 structures for each hemisphere), with the sources of the experiments as
rows and the structures receiving the connections as columns (Figure 1).
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Specificity Calculation

To quantify the percentage of solution injected in the target area, we downloaded
for each experiment a 3D representation of the animal’s brain, in which every voxel’s
value represents the density of solution within the area with the voxel’s coordinate.
The area of injection was manually annotated by the Allen Brain Institute, and every
voxel’s value outside of the injection zone was set to 0. We downloaded a 3D mask of
the injection structure for each experiment. This consists of a 3D matrix representing
the mouse brain where only the voxel within the coordinates of the targeted structure
is equal to one, and every voxel outside of the structure is set to 0. We performed a
pairwise multiplication between the mask and the injection density matrix, giving us
only the part of the injection within the targeted structure. We binarized the result
by setting every voxel above 0 to 1 and did the same for the injection density. We
finally divided the masked injection density (binarized injection density that has
been multiplied by the mask) by the binarized injection density. These results give
us the percentage of injection within the targeted area, called specificity. As stated in
the experimental pipeline, we used this value to filter out experiments with less than
50% specificity. To validate the newly found connections, we relied on the Allen Brain
Institute's specificity calculation and accepted only the anatomical validation from
experiments with a specificity above 75%. This value is obtained through the same
process as described previously, only without binarization of the voxel’s value.

Transgenic categorization

Transgenic lines were considered “excitatory” if presented as such in the literature
or if the marked cells were glutamatergic, i.e., for example, expressed glutamate or
vesicular glutamate transporters and other proteins necessary for glutamatergic
signaling. “Inhibitory” cells were classified as cells expressing Gamma-Aminobutyric
Acid (GABA), glycine neurotransmitters, or other proteins related to inhibitory
signaling, such as GABA receptors. Transgenic lines were classified as “uncategorized”
if marked cells expressed both excitatory and inhibitory proteins, or if they expressed
neither (e.g., dopamine, adrenaline, serotonin, or other neuromodulatory proteins
with no direct excitatory or inhibitory effect). See Supplemental Table 1 for the list
and the corresponding citations.
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Connectivity validation

To validate the connections identified in the connectivity matrices derived from
the Allen Brain Institute’s experiments, we compared them to a subset (N=34)
of connections previously reported by Bosman et al. (2011) between a subset of
18 nuclei discussed in the introduction. For each variable, we determined a
variable-specific threshold by systematically increasing the threshold until one of
the 34 reference connections was no longer detected in the wild-type experiments.
The last value for which we found 100% of true positives was considered the correct
threshold. This process yielded four distinct thresholds, which were applied to each
transgenic line (density threshold: 9 x 10-5 (a.u.), intensity threshold: 222 (a.u.),
energy threshold: 2891 x 10-2 (a.u.), volume threshold: 395 x 10—4 (in mm3)).

A connection was considered valid only if it appeared on each variable-specific
matrix after threshold application. This approach ensured that we retained
previously known connections while avoiding assumptions about the underlying
connectivity that might have arisen from minimizing false positives. By focusing
solely on true positives, we did not impose any preconceived notions about the
pattern of connectivity between different nuclei. Cross-validating our connections
with the four available variables minimized the likelihood of false negatives. As an
additional safeguard, we verified that the genes marked by the transgenic lines in the
Allen Brain Institute’s experiments were indeed expressed in the targeted structure
using the transgenic characterization tool available on the Allen Brain Institute’s
website. Applying these thresholds resulted in four connectivity matrices: one for
the wild type and one for each transgenic characterization (excitatory, inhibitory,
or uncategorized), combined in one (Figure 2.b and Supplemental Figure 3) and
compiled into connectivity maps (Figure 2.a and 3, Supplemental Figure 4 and 5).
To corroborate the connections, calculations were repeated across animal lines. We
reviewed the literature and identified new connections from our results (Figure 4).
The density of these connections was normalized for every connection source
so that the total density projected from a node sums to 1. We then analyzed the
distribution of outgoing density amongst targeted nodes to assess the sparsity of
the projections originating from each nucleus (Figure 5 and 6). New connections
were validated through anatomical confirmation using the imaging data available
in the Allen Brain Database from experiments with at least 75% of the viral solution
injected in the targeted structure as calculated by the Allen Brain Institute. Finally,
we constructed a summary map that includes previously established and newly
discovered connections (Figure 4 and 7). For anatomical validation of the identified
connections, we superimposed the results from the 2-photon imaging experiments
onto a mean model of the mouse brain. The two images for each connection were
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manually aligned using fiducial markers such as the hippocampus or the outline of
the brain. The limitations of this approach are discussed in the discussion section.

To summarize, in order to identify new connections, we 1) used our calculated
connectivity map as a "hypothesis generation” tool to find likely projections
across the connectivity map using experimental data with 50% specificity, which
means that at least half of the injection volume is inside the target nucleus
boundary. We 2) identified all experiments that met a secondary criterion (i.e.,
75% or better specificity), anatomically confirmed the data, and provided the data
as supplemental material (Supplemental Figures 6 to 35). And finally, 3) we built
a summary matrix based on the results of Step 2 with “anatomically confirmed”
connections. The remaining projections identified in Step 1 are presented as
“putative connections”.

Network analysis

Based on the obtained connectivity maps, we analyzed the network properties of
neuromodulator-releasing nuclei and their contribution to the overall connectivity
of the sensorimotor circuit. To assess the small-world nature of our network, we
compared our summary graph to an Erdos-Renyi (ER) graph. First, we determined
the total number of connections in our summary map and calculated the probability
of a connection. We then constructed an ER graph with the same number of edges,
nodes, and connection probability. Using theGRETNA toolbox (Wang et al., 2015),
we computed the clustering coeffi cient and the shortest path for both the original
and the ER graph. According to Watts and Strogatz (1998), a small-world network
exhibits higher clustering values and a lower shortest path length compared to
ordered and random networks. We therefore considered our summary network to
be a small-world network if its clustering coefficient was higher than that of the ER
graph and its average shortest path was lower than that of the ER graph.

In addition to the ER network, we constructed a summary graph without the
neuromodulator-releasing nuclei. We then computed the nodal clustering
coefficient, the nodal shortest path, the degree centrality, the nodal efficiency, the
nodal local efficiency, and the betweenness centrality for both networks.

To determine whether the neuromodulator-releasing nuclei had an impact on
the network structure, we compared the distributions of these values using a
permutation test with 10,000 permutations. Finally, we assessed the presence of
hubs in the extended network (57x57, Supplemental Figure 2). To do that, we first
computed the out-degree as the sum of output and the in-degree as the sum of
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input for each node. The sum of those two variables gives the degree of centrality.
We considered every node with a degree centrality above the average plus one
standard deviation as a hub (Figure 6).

Results

We analyzed data from 162 experiments on wild-type mice and 570 experiments
on 94 different transgenic lines. Of these 732 experiments, 501 presented at
least 50% specificity. Focusing on the 18-nuclei subnetwork, out of the 18 x 18 =
324 possible connections for each type of mouse, 237 connections were
identified in the wild-type strain. Experiments on the transgenic lines revealed
151 excitatory connections, 198 inhibitory connections, and 211 uncategorized
connections exhibiting values above 0 without threshold application. Among these
797 connections, 44% (i.e.,, 351 projections) met the criteria for anatomical
connections (see Materials and Methods for details) and originated from
experiments with at least 50% specificity. For the 18-nuclei sub-network, Bosman
et al. (2011) observed 74 connections (Supplemental Figure 1.b, 1.c). Our study
identified 108 connections in the wild type (Figure 2.a, 2.b) and 243 connections
in transgenic lines. The identified connections are distributed across the different
cell-type-specific connectivity maps. Among these connections, 58 are excitatory
(Figure 2.b; Supplemental Figure 4), 84 are inhibitory (Figure 2.b; Figure 3), and 101
are uncategorized (Figure 2; Supplemental Figure 5), with 27 of these not appearing
on either excitatory or inhibitory connectivity maps (Figure 2).

Among the structures presented in this study, the tuberomammillary nucleus, the
locus coeruleus, and the oral part of the spinal nucleus have not been targeted by
experiments in the Allen Brain database, resulting in a lack of connectivity data
for these structures. Additionally, on the wild-type map, connectivity data is not
available for the tuberomammillary nucleus, the pedunculopontine nucleus, the
locus coeruleus, and the dorsal nucleus raphe.

In the next sections, we will discuss the connections originating from each of the
18 nuclei, validated by our methods.
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Trigeminal nuclei

The information originating from whisker contact with a surface propagates
along the brainstem, the thalamus, and the primary somatosensory cortex while
making closed-loop connections with the motor system (Kleinfeld et al., 1999). This
information is not solely transmitted via excitatory connections, as inhibition is
observed early in the sensory pathway (Kleinfeld et al., 1999). In line with this, our
findings reveal the presence of inhibitory presynaptic cells in SPVi and SPVc. This
suggests that both inhibitory and excitatory activity play a role in processing tactile
information as early as the brainstem (Figure 2).

Our findings reveal an inhibitory connection originating from SPVi targeting SC.
The inhibitory nature of synaptic projections from SPVi to trigeminal nuclei and
VIl suggests an inhibitory control of touch processing already at the brainstem
level. Moreover, SPVi inhibitory projections to PO and VPM further emphasize
the brainstem’s role in whisker information processing. The presence of this
ascending inhibition implies that SPVi not only relays information but also filters it.
Additionally, SPVi inhibits PPN, hinting at a potential role in modulating cholinergic
neurons. Connections toward VTA, bfd, and ZI were identified in wild-type mice.

Connections to VTA, (PO), and SPVo were anatomically confirmed; the connections
toward bfd and SPVc remain putative.

SPVi is not the only structure that targets cholinergic neurons. We demonstrated
that inhibitory presynaptic cells in the trigeminal complex target other trigeminal
nuclei and establish long-range connections to low-level structures of the motor
pathway and acetylcholine-releasing nucleus. As described by Esmaeili et al. (2020),
acetylcholine is thought to play a role in associating a whisker stimulus with a
reward expectation. Through a direct connection from the trigeminal nuclei to
PPN, low-level structures of the ascending somatosensory pathways can modulate
cholinergic reward signals.

Our findings showed that SPVc inhibits the trigeminal nuclei, PO, SC, VPM, VII,
and PPN. Uncategorized connections were found targeting ZI, MOp, and bfd.
Connections toward bfd, ZI, PO, VPM, and SPVo were anatomically validated.
These findings corroborate previous observations by Jacquin et al. (1990), who
demonstrated dense intersubnuclear connections in the rat’s trigeminal complex.
Finally, the presence of inhibition in the trigeminal nuclei suggests a significant
role for this node in filtering information in these early sensory structures. We
could confirm anatomical projections toward bfd, ZI, PO, VPM, and SPVo. A long-
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range direct projection from SPVc to bfd was shown, even though it is sparse. The
connection to MOp remains putative for now.

The experiments targeting PSV had a specificity below 75%, therefore, we can only
report putative connections from wild-type mice. Projections towards LC, VTA, SI,
SPVo, and SPVc were found, but couldn’t be confirmed.

Thalamus

Traditionally, thalamic nuclei of the somatosensory system are considered as relay
nuclei that contribute to the spatiotemporal representation of touch (Ahissar and
Arieli, 2001, Azarfar et al.,, 2018). It is widely accepted that feed-forward excitatory
projections originating from the ventral posteromedial (VPM) and posterior medial
(PoM) nuclei, targeting the barrel field cortical columns and septa, respectively,
constitute the primary pathway for information flow (Kleinfeld et al., 1999).
However, our surprising findings argue that these projections not only include
feed-forward excitation but also incorporate feed-forward inhibition. This finding
has significant implications, as it reshapes our understanding of intrathalamic
communication between the VPM and PoM nuclei.

Long-range connections from VPM originate from both excitatory and inhibitory
cells. In addition to directly exciting bfd, Mop (M1), ZI and RT (nRT), VPM sends
top-down excitatory projections to PSV. Direct inhibition (Supplemental Figures 7
and 34) of Mop (M1), bfd, ZI, RT (nRT), and PO has been demonstrated to originate
from VPM. A connection toward VTA was only found in wild mice. The connections
originating in VPM and targeting Mop (M1), ZI, PO, and PSV were anatomically
confirmed. The projection to VTA remains putative. These findings suggest that
VPM plays a complex role in shaping sensory information flow and sensorimotor
transformations within the thalamus.

PO exhibits excitatory connections with RT (nRT), VPM, bfd, and Mop (M1).
Uncategorized connections were also identified between ZI. A connection toward
SC was seen only in wild mice. The connections targeting VPM were anatomically
confirmed, whereas projections toward ZI remain putative.

Inhibitory connections originating from RT (nRT) target ZI, PO, SC, and VPM.
Connections in wild mice were shown to target VTA, SI, MOp (M1), bfd, and VII. All
connections originating from RT (nRT) were results found in an experiment with a
specificity below 75% specificity; consequently, they remain putative.
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While inhibition of the somatosensory thalamus is generally attributed to the
activity of ZI and RT (nRT) (Barth’o et al., 2002), our findings reveal the presence
of presynaptic inhibitory neurons in VPM, specifically connecting to PO. Further
physiological investigations are warranted to determine whether these projections
mediate the inhibition of the paralemniscal pathway by the lemniscal pathway.

Barrel field of the primary somatosensory cortex

The conventional understanding of whisker information processing depicts a
bottom-up integration followed by a top-down propagation of neural activity,
ultimately leading to the activation of facial muscles. However, our study reveals a
more nuanced picture, demonstrating a bidirectional flow of information, with top-
down regulation of sensory information from Bfd to the brainstem and thalamus
through both excitatory and inhibitory monosynaptic connections.

Bfd extends long-range connections to lower-level structures within the whisker
system. Parallel excitatory and inhibitory pathways target MOp (M1), ZI, PO, SC,
VPM, PPN, SPVc, SPVi and RT (nRT). Additionally, VTA, VII, PSV, and SPVo are excited
by bfd, and an uncategorized connection targeting Sl was identified.

All new connections originating from bfd were anatomically confirmed; those
include PPN, VTA, SI, VI, and SPVo projections, demonstrating top-down modulation
of the trigeminal nucleus and facial motor nucleus by Bfd.

Primary Motor cortex

Primary motor cortex extensively targets nuclei across the cerebellar cortex and
subcortical regions (see e.g., Bisman et al., 2011, Jeong et al., 2016, Mufoz-Castafeda
et al,, 2021). Our results show that there are parallel (i.e., excitatory and inhibitory)
pathways of projections originating from the primary motor cortex and target bfd,
PO, PPN, VTA, SC,VPM, RT (nRT), and ZI from Mop (M1). Monosynaptic projections into
these target nuclei have been described before (Bisman et al., 2011; Jeong et al., 2016;
Munoz-Castafieda et al., 2021). SI, PSV, SPVo, and SPVc also receive excitatory and
inhibitory projections. The connection toward SPVc has been anatomically validated.

In addition to the aforementioned projections, excitatory connections were found to
target VIl and SPVi. Connections toward LC and DR, however, were witnessed only in
wild-type mice. The observations on the parallel feed-forward excitatory and feed-
forward inhibitory projections argue that the role of the motor cortical projections
might have a differential contribution to neural processing along ascending and
descending pathways.
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Superior Colliculus

In the map previously described by Bosman et al. (2011), the superior colliculus
contribution to sensorimotor integration in the 18 nuclei map was limited to
connections to ZI, PPN, and VII. Our study revealed that the SC not only inhibits
these nuclei but is also the source of inhibition toward PO, RT, and DR. PPN and ZI
also appear to receive excitatory connections from the SC. Wild-type connections,
however, span the entire sub-network except for TM, which doesn’t appear to be
targeted by the SC. The newly reported connections toward Mop (M1), RT (nRT), and
bfd were anatomically confirmed. Projections toward LC and SPVc remain putative.

Facial motor nucleus

The facial motor nucleus, a key component of the descending motor pathway, is
composed of motoneurons and sends commands to the periphery to produce
whisker movement (Ashwell, 1982).

In this study, we found anatomically confirmed connections originating from VII
targeting the trigeminal nuclei and the SC. These structures, being the first nuclei
to integrate whisker information in the brain, are also targeting VIl (see section 3.1
Trigeminal nuclei). The interplay between VIl and the trigeminal nuclei might be
part of a low-level loop integrating sensory information and producing whisker
movement without requiring activity from higher structures.

More precisely, the motor nucleus excites PSV, SPVc, and SPVi. Connections that
could not be definitively classified as excitatory or inhibitory (i.e., uncategorized)
were found to target SPVo, SC, PPN, and DR. The connection toward DR was
anatomically validated, while a connection toward PPN remains putative.

Reciprocal connections between the trigeminal nuclei and VII should be further
investigated to understand the role of such low-level loops in the whisker system of
the rodent. As VIl does not send any inhibitory connections, based on the currently
available data, one can assume the purely excitatory nature of the projections to SC.
The postsynaptic target of the facial motor nucleus projections into SC is not clear.
If this connection targets the sensory area of SC, this suggests the possibility of an
efference copy, a signal sent to SC to inform it about the action taken by the whisker
and therefore, to adjust its internal representation based on previous movements.
The same hypothesis can be made for the trigeminal nuclei interaction.
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Zona Incerta

The zona incerta is described as one of the main sources of inhibition in the rodent
whisker system (Venkataraman et al., 2021). Therefore, unsurprisingly, we found
inhibitory presynaptic cells projecting to almost all nuclei of the sub-network.
These connections were found to target Mop (M1), the thalamic nuclei, PSV, VTA,
SI, LC, SC, TM, VII, PPN, RT(nRT,) and DR. Wild-type projections connect to SPVo
and SPVi. New connections targeting bfd, PSV, SI, SPVo, VPM, VII, SPVc, and RT
(nRT) were anatomically confirmed. A connection toward SPVi, on the other hand,
remains putative.

In line with most studies targeting ZI reporting GABAergic connections (Ficalora and
Mize, 1989; Nicolelis et al., 1992; Nicolelis et al., 1990), we didn't find any excitatory
presynaptic cells in ZI projecting to the sensorimotor system. Furthermore, the
extensive connectome of ZI spanning the somatosensory pathway and in particular
low-level structures such as the trigeminal nuclei and VIl hint at a prominent role
played by ZI in low-level sensorimotor integration.

Neuromodulatory projections

The VTA has a role in learning the association of a whisker stimulus with a potential
reward (Esmaeili et al., 2020). Our results revealed that the VTA’s contribution to
the whisker system’s function is not necessarily solely mediated by dopaminergic
connections; excitatory presynaptic neurons in the VTA also target other nuclei.
The VTA sends excitatory connections to TM, DR, SI, MOp (M1), bfd, ZI, VPM, and
RT (nRT). Projections toward SPVo and SPVi were identified, but the transgenic
line showing those connections couldn't be categorized as either excitatory or
inhibitory. Each of the new connections reported herein towards bfd, SPVo, TM,
VPM, RT, and SPVi remains putative.

Cholinergic connections have been hypothesized to play a role in transforming
whisker sensations into a motor action (e.g., licking behavior (Esmaeili et al.,
2020)). Consequently, it is not surprising to see connections originating from Sl
that target bfd and Mop (M1). However, as for VTA, we observed a large number
of connections, mainly inhibitory, targeting other neuromodulator-releasing nuclei.
This shows that Sl can regulate the activity of other nuclei in the neuromodulatory
system. In particular, Sl inhibits PPN, another cholinergic nucleus, TM, VTA, as well as
MOp (M1), bfd, ZI, RT (nRT), and DR. One connection with non-specific presynaptic
cells was unveiled toward SC. New connections to TM and PPN were anatomically
confirmed. The connection toward SC remains putative.
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included as no connections originating from those nuclei were found, due to a lack of experiments
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Excitatory connections from DR were found to target PPN, VTA, SI, MOp(M1),
bfd, ZI, RT, SC, VII. Uncategorized connections towards PO, PSV, SPVo, LC, TM,
VPM, SPVc, and SPVi were identified. The connections targeting LC and SI were
anatomically confirmed. Projections toward TM, ZI, PO, RT, PSV, SPVo, SPVi, and
SPVc remain putative.
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Inhibitory connections originating within PPN were identified to project to MOp
(M1), ZI, PO, bfd, VTA, SI, SC, VII, RT (nRT), and DR. Connections with uncategorized
presynaptic cells target PSV, SPVo, LC, TM, VPM, SPVc, and SPVi. PPN targets DR, SI,
and RT (anatomically confirmed). Putative connections toward LC, TM, MOp, and
bfd were discovered but couldn't be validated.

Density distribution

To elucidate connectivity patterns within and between structures in the sensorimotor
pathway, we conducted an analysis of the density, defined as the percentage of
outgoing connections originating from a single source, for each of the 57 nuclei. This
examination revealed distinctive connectivity profiles, with the cortex displaying
sparse outgoing connections to a multitude of nuclei. The top 6 connections from
MOp, MOs, and bfd accounted for at most 78% of the outgoing density (Figure 5),
emphasizing the distributed nature of cortical inputs. Contrastingly, the Thalamus
exhibited a more specialized pattern, with the top 4 of its outgoing projections
accounting for over 94% of all of their projections (Figure 5).

When focusing on the ascending somatosensory pathway, a discernible pattern
emerges. The trigeminal nuclei, serving as the initial nodes for whisker information,
project sparsely to a diverse array of nuclei. Their top 6 projection targets explain
approximately 74% of the outgoing projections (Figure 5). Subsequently, the
pathway narrows as it targets the thalamus, projecting to fewer post-synaptic nuclei,
with 94% of their outgoing density explained by only 4 projections (Figure 5). Finally,
the cortical information flow displays a divergent pattern, with only 60% of outgoing
density distributed among 6 nuclei (Figure 5).

This observed pattern along the ascending somatosensory pathway underscores a
dynamic process: the brainstem initially projects broadly, supporting a divergent
network formation, followed by a sharp reduction of the target nuclei of the
thalamus. The pathway then broadens again as cortical projections target a diverse
set of nodes. This highlights the thalamus’s specific role as a crucial node for routing
sensory information. Coupled with inhibitory processes, the thalamus emerges as a
key filter, emphasizing its pivotal role in shaping and modulating sensory inputs.

Network analysis

To assess the role of neuromodulator-releasing nuclei in shaping the network
structure and to investigate their potential facilitation of communication within
the network, we conducted a permutation test with 10,000 permutations on the
57-nuclei adjacency matrix (Supplemental Figure 2). Comparisons between the
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network with and without neuromodulator-releasing nuclei revealed no discernible
differences in terms of the distribution of betweenness centrality, degree
centrality, nodal clustering, nodal efficiency, or local nodal efficiency. However,
a notable distinction emerged in the comparison of nodal shortest path lengths.
Specifically, the network without neuromodulator-releasing nuclei exhibited a
significantly higher mean value (0.8969 +0.1093 std) compared to the network with
neuromodulators (0.8577 £0.1063 std; p-value = 0.0011). These findings underscore
the nuanced impact of neuromodulator-releasing nuclei on the structural dynamics
of the network, particularly in terms of nodal shortest path lengths.

To determine if the network presented small-world properties, we compared the
clustering coefficient and the shortest path between a structured graph (ER) and
the 57x57 network resulting from our analysis of the Allen Brain Database. This
analysis revealed a significantly higher average shortest path for our network
(mean ER = 0.7159 +0.0447 std; mean summary graph = 0.8577 +0.1063 std;
p-value = 9.999x10-5 ) and a significantly higher clustering coef- ficient for our
network (mean ER = 0.1241 +0.288 std; mean summary graph = 0.1726 +0.1107
std; p-value = 0.0015 ). Given that our network presents a higher shortest path than
an Erdos-Renyi graph (see Materials and Methods), we conclude that the studied
network doesn’t present a small-world structure.

Next, we computed the degree centrality of each nucleus of the network (see
section 2.5). This analysis revealed that the majority of connections targeted and
originated from the midbrain, which represents 21% of all connections. In particular,
DR, PPN, SC, PAG, and RN appear to be hubs. The Medulla, while representing 11% of
all connections, appears to have evenly distributed connections along all its nuclei.
In the hindbrain, PB is the only hub despite the hindbrain representing 11% of total
connections. The striatum appears to concentrate 9% of connection mainly targeting
and originating from the only hub of this structure, CP. The cortex represents only 10%
of all connections, but MOs, MOp, and bfd appear to be hubs, only CLA doesn't satisfy
the criterion. No hubs were identified in either the Cerebellum (10% of connections),
the Amygdala (8% of connections), or the Thalamus (5% of connections). In the
Hypothalamus (6% of connections), Zl is a hub, and the only node that we considered
from the Pallidum (5% of connections), GP, is considered a hub. Amongst the nodes,
VTA, GRN, PRN, SI, CEA, and IP appear slightly below the threshold to be considered
a hub. More experiments performed on these nuclei might increase their degree
centrality (Figure 6).
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Figure 6 - Degree centrality of the 57-node network. The yellow line represents the mean of the
distribution, and the red dotted lines represent the mean * the standard deviation. We consider every
node above the mean + standard deviation to be a hub.

Discussion

We extended the established connectome of the mouse whisker system (Bosman et
al., 2011) by incorporating 42 additional connections (Figure 7). We substantiated
the presence of these connections through anatomical evidence (Supplementary
Material - Fig.6 to Fig.35). Within this framework, we identified cell-type-specific
connections and hubs, revealing intricate connectivity patterns along the
ascending somatosensory pathway.

We reported a total of 157 connections, constituting 48.4% of all possible
connections within this 18x18 subnetwork. Notably, 42 of these connections
were not previously described in the literature, to the best of our knowledge. The
18 nuclei were chosen because they were experimentally shown to contribute
to sensorimotor integration, which might explain the high level of connectivity
described herein. These findings suggest that even if some nuclei were “cut off”
from the network, information flow could persist, underscoring the robustness
of the network organization. Conversely, the analysis of shortest-path length
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highlights the importance of neuromodulator-releasing nuclei in facilitating
faster communication between network nodes. The average shortest path length
significantly increases in the absence of neuromodulatory nuclei.

The connectivity pattern of the ascending somatosensory pathway follows an
hourglass shape, with divergent brainstem projections, followed by convergence
of thalamic projections into only a few targets in the cortex. Once the sensory
information reaches the cortex, the divergence of projections once again allows
the distribution of the sensory information across a large number of nuclei. This
is further supported by the results shown from our analysis of outgoing densities
(Figure 5, also see Figure 6). In fact, this analysis demonstrates that the trigeminal
nuclei are nodes that distribute information beyond the sensory thalamus.
Meanwhile, the narrowing of the pathway at the level of the thalamus through
denser and fewer connections, together with the presence of inhibition in this
structure, might hint at a filtering role of the somatosensory thalamus, as it appears
to be highly specialized given the few strong connections originating from this
structure (Figure 5). Further widening of the projections in the cortex points to
possible parallel processing of sensory information along the downstream nuclei.

Prominent inhibitory projections in every stage of the

ascending pathway

Inhibition is a pervasive phenomenon at every level in the whisker system. Our
study reveals inhibitory contributions from nodes not previously identified as
sources of inhibition. A notable example is the inhibitory connection from VPM to
PO, as illustrated in the Ppp1r17-Cre-NL1 animal line (Supplemental Figure 6). This
discovery challenges the notion that RT (nRT) is the sole source of inhibition in the
somatosensory thalamus. The inhibitory pathway from VPM may even play a role
in disinhibition, given its targeting of RT nRT) and ZI, which, in turn, influence the
thalamic nuclei of the ascending somatosensory pathway (Figure 3). This suggests
a nuanced filtering or processing role for VPM beyond its traditional role as a
relay station.
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Inhibition is not confined to higher levels; it is also observed in the trigeminal
nuclei, which send inhibitory connections (Figure 3). While these connections
primarily target other trigeminal nuclei, especially VII, they may play a crucial role in
modulating whisker movement amplitude following contact with an object during
free whisking. Descending projecting connections from higher-level structures
could then further modulate whisking behavior during active exploration. This
low-level loop in the whisker system underscores the ability of trigeminal nuclei
to reduce the whisking amplitude upon contact with an object. Furthermore,
ascending inhibitory connections from the somatosensory brainstem (trigeminal
nuclei) target VPM and PPN, suggesting a multifaceted role for the trigeminal
nuclei beyond a simple relay station in the whisker system. In conclusion, our
analysis points to extensive and intricate processing that involves both excitatory
and inhibitory projections in the early phases of the somatosensory pathway, as
it was previously described in invertebrates for sensorimotor control (Hughes and
Celikel, 2019).

Top-down modulation of sensorimotor integration: a primer

While the structures under consideration play a role in sensorimotor integration,
it is plausible that some of the identified connections may not directly contribute
to sensorimotor processing. Notably, certain structures (Supplementary Material
- Table 2), such as neuromodulator-releasing nuclei, were targeted by only a few,
if any, experiments. These connections warrant further investigation to better
understand their functional significance. However, to ensure the robustness of
our findings and mitigate potential biases from false positives or negatives, we
confirmed the connections through anatomical validation (Figure 4).

The Pedunculopontine Nucleus (PPN) is the most interconnected node among
neuromodulatory nuclei, it appears to send connections to every node of the
somatosensory system, with the exception of the cortex. Interestingly, the
somatosensory thalamus doesn’t appear to project to PPN. The Dorsal Raphe
nucleus (DR) stands out amongst the neuromodulator-releasing nuclei as a node
that doesn’t receive direct input from the sensory pathway. LC seems to target
mainly structures in the low-level sensory system. SI doesn’t appear to have a role
in the regulation of activity in low-level structures, as no connections toward the
trigeminal nuclei or VIl could be confirmed. Notably, the neuromodulator-releasing
nuclei display a high degree of interconnectedness, allowing for mutual modulation.

Top-down regulation is a prominent feature in the somatosensory system, occurring
both between the barrel field cortex (bfd) and the thalamus and between the
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thalamus and the trigeminal nuclei. Inhibitory projections, particularly originating
in bfd and targeting VPM, RT (nRT), and PO, run in parallel to excitatory connections,
allowing for effective top-down modulation of somatosensory thalamic activity.
Additionally, a direct top-down connection from VPM to PSV highlights the
regulatory influence of the lemniscal pathway.

Shortcomings of the experimental approach

We used anatomical data collected through serial 2-photon tomography, made
available by the Allen Brain Institute, to confirm targets and the source of the
monosynaptic connection. This method allows visualization of the expressions of
genetically encoded fluorescent proteins in anatomically targeted regions using
cell-type-specific or non-specific promoters in various animal lines. However, it's
important to note that the spatial resolution of this technique is not sufficient
to resolve individual synapses, so it is not always possible to reliably distinguish
en-passant projections from actual terminals. Additionally, the sensorimotor
circuit outlined in our analysis is derived from anterograde tracing experiments.
To further refine our understanding, trans-synaptic tracing of each discussed
connection would be beneficial, enabling differentiation between en-passant
fibers and terminals and providing cell-type information for the pre- and post-
synaptic neurons.

Our results are based on the analysis of data from 732 different experiments.
To anatomically confirm the presence of the connections mentioned in our
results section and depicted in our summary map (Figure 7), we employed two-
photon tomography imaging in brain slices. However, challenges arose during
the alignment of the normalized brain atlas to each image due to variations in
cut angles. Furthermore, tissue alterations caused by cuts, such as compression,
and potential tissue shrinkage induced by the fixation solution injection added
complexity to the alignment process. The inherent discretization of imaging data,
in contrast to the continuous nature of data analysis, also presented challenges in
achieving accurate alignment between the normalized brain and imaging data.

Finally, our analysis relies entirely on the Allen Brain database annotation and only
integrates structures available in the database. For instance, a structure such as the
nucleus basalis of Meynert is considered in this study as a subpart of SI, as it is not
presented separately in the database. We are, therefore, limited to the granularity of
analysis allowed by the Allen Brain database, thus, some of the structures presented
in previous works (Bosman et al., 2011) were not included in this study.
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Are mice small rats?

In their prior study, Bosman et al. (2011) considered connections from various
rodent species, encompassing both rats and mice, assuming uniformity across the
whisker systems of different rodent subspecies. However, a review by Krubitzer et
al. (Krubitzer et al., 2011) highlighted significant anatomical differences in rodents,
particularly between rats and mice. Despite these differences, the two species are
often treated interchangeably in anatomical structure, sizes, or positions, raising
questions about the relevance of employing an average model for the broader
category of rodents, where connections are constrained by brain anatomy.

The connections we demonstrate in this study are based on experiments conducted
specifically on mice, avoiding the potential constraint imposed by assuming a
uniform rodent model. Nevertheless, the original connections we built upon were
not observed in studies that differentiated between rats and mice. To thoroughly
assess the similarity between the rat and mouse connectomes, further translational
anatomical studies will be necessary.

Conclusions

Leveraging the Allen Brain database, we identified 42 new connections that were
anatomically validated and 40 putative connections, categorizing their nature
and enhancing our understanding of the subnetwork’s connectome. Our analysis
emphasizes the role of both low-level structures and neuromodulator-releasing
nuclei, revealing the widespread occurrence of inhibition starting from the earliest
stages of information processing. While this study provides

a clearer picture of how the sensorimotor pathway integrates whisker information
as well as the contributions of the top-down and neuromodulatory circuits,
further investigations, including functional studies and testing with additional
transgenic lines, are necessary to elucidate the specific roles of each connection
in sensorimotor integration. The road to a comprehensive understanding of the
rodent whisker system’s sensorimotor pathway requires more extensive circuit
analysis, including trans-synaptic tracing experiments, particularly with higher
granularity on low-level structures and neuromodulator-releasing nuclei, to pave
the way for the development of a biologically inspired computational model of the
entire network.
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Supplementary Materials

Supplemental Table 1. Type of neuron marked by each transgenic line

TG line

Classification

Source

A930038C07Rik-Tg1-Cre

Adycap1-2A-Cre
Calb2-IRES-Cre
Calb1-T2A-dgCre
Cart-IRES2-Cre
Cart-Tg1-Cre
Cck-IRES-Cre
Chat-IRES-Cre-neo
Chrna2-Cre-OE25
Cort-T2A-Cre
ctgf-T2A-dgCr
Cux2-CreERT2
Drd3-Cre-KI196
Efr3a-Cre-NO108
Erbb4-T2A-CreERT2
Gabrr3-Cre-KC112
Gad2-IRES-Cre
Gal-Cre-KI87
Grik4-Cre
Htr2a-Cre-KM20
Lypd6-Cre-KL156
Nos1-CreErt2
Npr3-IRES2-Cre
Ntrk1-IRES-Cre
Ntsr1-Cre-GN220
Oxtr-Cre-ON66
Oxtr-T2A-Cre
Pdzk1ip1-Cre-KD31
Plxnd-Cre-OG
Ppp1r17-Cre-NL1

Prkcd-GluCla-CFP-IRES

Pvalb-IRES-Cre
Rasgrf2-T2A-dCre

Excitatory
Uncategorized
Inhibitory
Inhibitory
Uncategorized
Uncategorized
Uncategorized
Uncategorized
Inhibitory
Inhibitory
Excitatory
Excitatory
Inhibitory
Uncategorized
Inhibitory
Inhibitory
Inhibitory
Excitatory
Uncategorized
Excitatory
Uncategorized
Inhibitory
Excitatory
Uncategorized
Excitatory
Uncategorized
Uncategorized
Uncategorized
Excitatory
Inhibitory
Uncategorized
Inhibitory

Uncategorized

Harris et al., 2014
Zeisel et al., 2018
Taniguchietal., 2011
Daigle et al,, 2018
Zeisel et al.,, 2018
Zeisel et al.,, 2018
Taniguchi et al.,, 2011
Zeisel et al,, 2018
Ledo etal, 2012
Taniguchi et al., 2011
Tasic et al.,, 2016
Zeisel et al,, 2018
Volta et al., 2011
Zeisel et al.,, 2018
Madisen et al., 2010
Parolari 2020
Taniguchi et al., 2011
Zeisel et al,, 2018
Zeisel et al,, 2018
Rang et al., 2015
Zeisel et al.,, 2018
Taniguchi etal., 2011
Daigle et al,, 2018
Zeisel et al,, 2018
Madisen et al., 2010
Zeisel et al,, 2018

Van der Togt et al., 1991

Zeisel et al,, 2018
Zeisel et al.,, 2018
Zeisel et al,, 2018
Madisen et al.,, 2010
Stacey et al.,, 2012
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TG line

Classification

Source

Rbp4-Cre-KI100
Rorb-IRES-Cre
Scnnla-Tg3-Cre
Sepw1-Cre-NP39
Sim1-Cre-KJ18
Slc6a3-Cre
Slc6a4-Cre-ET33
Slc6a4-CreERT2-EZ13
Slc6a5-Cre-KF10
Slc17a6-IRES-Cre
Slc17a8-IRES2-Cre
Slc18a2-Cre-0Z14
Slc32a1-IRES-Cre
Sst-IRES-Cre
Syt6-Cre-KI148
Syt17-Cre-NO14
TIx3-Cre-PL56
Th-Cre-FI172

Excitatory
Uncategorized
Excitatory
Uncategorized
Excitatory
Uncategorized
Uncategorized
Uncategorized
Inhibitory
Excitatory
Excitatory
Excitatory
Inhibitory
Inhibitory
Uncategorized
Excitatory
Excitatory

Uncategorized

Zeisel et al.,, 2018
Zeisel et al.,, 2018
Madisen et al,, 2010
Zeisel et al.,, 2018
Zeisel et al., 2018
Zeisel et al.,, 2018
Zeisel et al., 2018
Zeisel et al.,, 2018
Morrow et al., 1998
Harris et al., 2014
Tasic et al., 2018
Tritsch et al., 2014
Harris et al., 2014
Taniguchi et al,, 2011
Safran et al,, 2010
Ruhl et al., 2019
Cheng et al. 2004
Uhlén et al., 2015
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Supplemental Table 2. For each structure, this table presents the number of experiments ran
(transgenic and wild), the number of transgenic lines tested, the number of transgenic lines
showing marked neurons in the considered structures, and the number of transgenic lines showing
a connection.

structure wild-type transgenicline  transgenic expressed in transgenic
experiments experiments lines number of line showing
structures connections

MOp 8 21 15 13 12

Al 4 15 13 11 11

PO 3 6 3 3 3

bfd 6 40 29 21 16

PSV 2 1 2 1 1

VTA 2 12 12 9 8

Sl 7 10 8 7 7

SPVO 1 0 0 0 0

LC 0 0 0 0 0

SC 7 14 9 7 7

™ 0 1 1 0 0

VPM 3 6 6 5 5

Vil 2 5 4 3 3

PPN 0 3 3 2 2

SPVC 3 6 6 5 5

SPVI 2 2 1 1 1

RT 2 11 7 7 7

DR 0 9 5 4 4
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Adapted from Bosman et al., 2011
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Supplemental Fig. 1. a) The whisker pad is organized in a grid-like structure. Each whisker is
represented in SPVI, PSV, VPM, and bfd by an agglomerate of neurons organized in a barrel-like shape,
respecting the coordinates of the whisker on the whisker pad with rotations. The information from the
whisker enters the system through the trigeminal ganglion, projecting to the trigeminal nuclei. Here
the information flow is divided into three major pathways: 1) the lemniscal pathway (blue), originating
from the barrelettes of P SV, ascending to the barreloids of VPMdm and ending in the barrels of the
layer 4 of the somatosensory pathway; 2) the extralemniscal pathway (orange), taking its origin in
interbarrelette neurons of SPVI, connecting to VPMvl and targeting the primary somatosensory cortex;
and 3) the paralemniscal pathway (purple), taking its source in SPVI, targeting PO, which then targets
MOP and bfd. b) The connectivity map presented by Bosman et al. (2011). The 18 nuclei that we focus
on in our study present 72 connections in the previous map. ¢) New connectome composed of
157 connections.
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Summary cennectivity matriz

SouneE

Connection [l No Connection

Supplemental Fig. 2. Summary of connection between 57 nuclei. MOp: Primary Motor Cortex, Zi: Zona
Incerta, PO: Posterior complex of the thalamus, bfd: Barrel field of the primary somatosensory cortex,
PSV: nucleus principalis of the trigeminal nucleus, VTA: Ventral tegmental area, SI: Substantia Innominata,
SPVO: Spinal nucleus of the trigeminal nucleus oral part, LC: Locus coeruleus, SC: Superior Colliculus,
TM: Tuberommaimillary Nucleus, VPM: Ventroposteromedial nucleus of the thalamus, VII: Facial motor
nucleus, PPN: Pedunculopontine nucleus, SPVC: Spinal nucleus of the trigeminal nucleus caudal part,
SPVI: Spinal nucleus of the trigeminal nucleus interoplaris part, RT: Reticular nucleus of the thalamus,
DR: Dorsal Raphe nucleus, IP: Interposed nucleus, FN: Fastigial nucleus, DN: Dentate nucleus,
CUL: Culmen, PFL: Paraflocculus, AN: Ansiform lobule, NOD: Nodulus(X), CENT: Central lobule, SIM: Simple
lobule, PYR: Pyramus(VIIl), COPY: Copula pyramidis, PRM: Paramedian lobule, GRN: Gigantocellular
reticular nucleus, PRN: Pontine reticular nucleus, LRN: Lateral reticular nucleus, PARN: Parvicellular
reticular nucleus, TRN: Tegmental reticular nucleus, MOs: Secondary motor area, CLA: Claustrum,
10: Inferior olivary complex, APN: Anterior pretectal nucleus, GP: Globus Pallidus, XII: Hypoglossal nucleus,
PAG: Periaqueductal gray, RN: Red nucleus, STN: Subthalamic nucleus, PB: Parabrachial nucleus,
LA: Lateral amygdalar nucleus, BLA: Basolateral amygdalar nucleus, BMA: Basomedial amygdalar nucleus,
PA: Posterior amygdalar nucleus, CP: Caudoputamen, ACB: nucleus accumbens, OT: Olfactory tubercle,
LSc: Lateral Septal nucleus caudal part, LSr: Lateral Septal nucleus rostral part, LSv: Lateral Septal nucleus
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ventral part, CEA: Central amygdalar nucleus, MEA: Medial amygdalar nucleus.

Excitatory canpections [rhibitory connectisns
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Supplemental Fig. 3. a) The excitatory connectivity matrix contains 58 connections. b) The inhibitory
connectivity matrix contains 84 connections. c) 101 connections with uncategorized presynaptic cells

were unveiled. d) 27 connections were shown only by uncategorized transgenic lines.
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Supplemental Fig. 4. The excitatory connectivity map contains 58 connections. The dashed line
represents the flow of information outside of the central nervous system. The neuromodulatory
structures are represented with yellow borders.
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Supplemental Fig. 5. 101 connections were revealed by uncategorized transgenic lines. The dashed
line represents the flow of information outside of the central nervous system. The neuromodulatory
structures are represented with yellow borders.



60 | Chapter 2

Supplemental Fig. 6. Expression in VPM of the transgenic lines PPP1r17 (inhibitory).
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Supplemental Fig. 7. a) Injection structure bfd to b) VII, ¢) PPN, and d) SPVo. Experiment number
112951804, wild-type. The shortcomings of experimental procedures are addressed in the discussion.
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Supplemental Fig. 8. a) Injection structure DR to b) SI. Experiment number 582609848, line
Esr2-IRES2-Cre. The shortcomings of experimental procedures are addressed in the discussion.
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T e 0 o

Supplemental Fig. 9. a) Injection structure MOp to b) SPVc. Experiment number 100141780, wild-
type. The shortcomings of experimental procedures are addressed in the discussion.
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Supplemental Fig. 10. a) Injection structure PO to b) VPM. Experiment number 183011353, line
Grik4-Cre. The shortcomings of experimental procedures are addressed in the discussion.
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Supplemental Fig. 11. a) Injections structure PPN to b) Sl and c) RT. Experiment number 264566672,
line Chat-IRES-Cre-neo. The shortcomings of experimental procedures are addressed in the discussion.
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Supplemental Fig. 12. a) Injection structure SI to b) TM. Experiment number 305026861, line
Drd3-Cre-KI196. The shortcomings of experimental procedures are addressed in the discussion.
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Supplemental Fig. 13. a) Injection structure SPVc to b) VPM and ¢) SPVo. Experiment number
114402050, wild-type. The shortcomings of experimental procedures are addressed in the discussion.

Supplemental Fig. 14. a) Injection structure SPVi to b) SPVo and c) PO. Experiment number
272738620, wild-type. The shortcomings of experimental procedures are addressed in the discussion.
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Supplemental Fig. 15. a) Injection structure VIl to SPVo, b) PSV, and ¢) to SPVi. Experiment number
177905562, line Scnnla-Tg2-Cre. The shortcomings of experimental procedures are addressed in
the discussion.



Where top-down meets bottom-up | 69

Supplemental Fig. 16. a) Injection structure VPM to b) PSV, experiment number 312240825, line
Slc17a6-IRES-Cre. The shortcomings of experimental procedures are addressed in the discussion.




70 | Chapter 2

Supplemental Fig. 17. Inhibition target and source VPM to PO, experiment number 268206050, line
Ppp1r17-Cre-NL146. The shortcomings of experimental procedures are addressed in the discussion.
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Supplemental Fig. 18. a) Injection structure ZI to b) SI, c) PSV, d) RT. Experiment number 113095845,
wild-type. The shortcomings of experimental procedures are addressed in the discussion.
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Supplemental Fig. 19. a) Injection structure ZI to b) SPVo, and c) VII. Experiment number 113095845,
wild-type. The shortcomings of experimental procedures are addressed in the discussion.
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Supplemental Fig. 20. a) Injection structure ZI to b) VPM. Experiment number 301539438, line
Pvalb-IRES-Cre. The shortcomings of experimental procedures are addressed in the discussion.
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serlal two-photon tomography v

Supplemental Fig. 21. a) Injection structure bfd to b) SI. Experiment number 159602992, line
Cart-Tg1-Cre. The shortcomings of experimental procedures are addressed in the discussion.
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[ sarial two-photon tomography v [ e N

Supplemental Fig. 22. a) Injection structure bfd to b) VTA. Experiment number 112951804, wild-type.
The shortcomings of experimental procedures are addressed in the discussion.
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Supplemental Fig. 23. a) Injection structure DR to b) LC. Experiment number 547510030, S
Ic17a8-IRES2-Cre. The shortcomings of experimental procedures are addressed in the discussion.
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Supplemental Fig. 24. a) Injection structure PPN to b) DR. Experiment number 264566672,
Chat-IRES-Cre-neo. The shortcomings of experimental procedures are addressed in the discussion.
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Supplemental Fig. 25. a) Injection structure SC to b) bfd and c) DR. Experiment number 146078721,
wild-type. The shortcomings of experimental procedures are addressed in the discussion.
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serlal two-photon tamography v b Sk s

Supplemental Fig. 26. a) Injection structure SC to b) MOp. Experiment number 175158132, wild-type.
The shortcomings of experimental procedures are addressed in the discussion.
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Supplemental Fig. 27. a) Injection structure Sl to b) PPN. c) zoom on PPN. Experiment number 305026861,
Drd3-Cre-KI196. The shortcomings of experimental procedures are addressed in the discussion.
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Supplemental Fig. 28. a) Injection structure SPVc to b) bfd. ¢) Injection structure SPVc to d) bfd. a) and
b) experiment number 287460307, Cck-IRES-Cre. ¢) and d) experiment number 147215105, wild-type.
The shortcomings of experimental procedures are addressed in the discussion.
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Supplemental Fig. 29. a) Injection structure SPVc to b) PO. Experiment number 114402050, wild-type.
The shortcomings of experimental procedures are addressed in the discussion.
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Supplemental Fig. 30. a) Injection structure SPVc to b) ZI. Experiment number 147215105, wild-type.
The shortcomings of experimental procedures are addressed in the discussion.
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Supplemental Fig. 31. a) Injection structure SPVi to b) VTA. Experiment number 272738620, wild-
type. The shortcomings of experimental procedures are addressed in the discussion.
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Supplemental Fig. 32. a) Injection structure VIl to b) SPVc, ¢) SC and d) DR. Experiment number
113766744, Grik4-Cre. The shortcomings of experimental procedures are addressed in the discussion.
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Supplemental Fig. 33. a) Injection structure VPM to b) MOp. Experiment number 312240825,
Slc17a6-IRES-Cre. The shortcomings of experimental procedures are addressed in the discussion.
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Supplemental Fig. 34. a) Injection structure VPM to b) ZI. Experiment number 268399868,
Ppp1r17-Cre-NL146. The shortcomings of experimental procedures are addressed in the discussion.
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Supplemental Fig. 35. a) Injection structure ZI to b) bfd. Experiment number 113095845, wild-type.
The shortcomings of experimental procedures are addressed in the discussion.
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Abstract

Touch is crucial in object manipulation, navigation, and social communication.
Unlike vision or audition, which require line-of-sight access to stimuli, the tactile
system provides direct feedback through mechanoreceptors. Despite extensive
studies on mechanoreceptor function, how they collectively encode touch
remains unclear. Here, we present the first spiking computational model of the
somatosensory periphery integrating mechanoreceptor responses with trigeminal
ganglion neuron dynamics. We show that the artificial neural network matches or
exceeds human performance in psychophysical experiments. Using information-
theoretic analyses, we demonstrate that the first action potential carries most
stimulus-related information, with temporally neighboring spikes contributing
largely redundant data. Finally, we introduce a novel sparse decoder network
that accurately classifies tactile stimuli with minimal training, paving the way for
neuromorphic applications in artificial touch sensing. These findings offer new
insights into the neural coding of touch and provide a computational framework for
studying the complex interplay of mechanoreceptors in somatosensory processing.
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Introduction

Touch is an essential sensory modality for perceiving and interacting with the
environment, playing a critical role in object manipulation, navigation, and social
interactions [1]. Unlike other sensory modalities, such as vision or audition, which
often require line-of-sight access to stimuli, touch provides direct and immediate
feedback from the physical world through mechanoreceptors embedded in the
skin. The mechanoreceptive system encodes various tactile properties, including
pressure, vibration, texture, and temperature [2], enabling fine motor control and
haptic exploration.

The ability to precisely manipulate objects is a hallmark of human dexterity and
relies heavily on tactile feedback. Mechanoreceptors in the glabrous skin of the
hand—particularly Merkel cells, Meissner corpuscles, Ruffini corpuscles, and Pacinian
corpuscles—encode critical information about object shape, texture, compliance,
and surface friction [3]. Slowly adapting type 1 (SA1) fibers associated with Merkel [4]
cells provide high-resolution spatial information necessary for fine form perception
and grip control [3]. Ruffini corpuscles are classified as SA2 mechanoreceptors and
are hypothesized to encode skin stretch and hand conformation [3], contributing
to proprioception and kinesthetic awareness [5]. Among the rapidly adapting (RA)
fibers innervating Meissner corpuscles respond to low-frequency vibrations and
contribute to motion detection and slip prevention [3]. The Pacinian corpuscles, with
their sensitivity to high-frequency vibrations, facilitate the perception of fine textures
and tool-mediated touch [3]. Integrating these mechanoreceptive signals allows the
somatosensory system to produce a neuronal representation of sensory information
and regulate motor interaction with the object via sensorimotor loops in the brain [6].

The first step in touch processing occurs at the level of mechanoreceptors, which
convert external mechanical forces into neural signals through mechanosensitive
ion channels [7], before transmitting them to the trigeminal ganglion (TG) in the
face or dorsal root ganglion (DRG) in the hand [8]. These afferents serve as the initial
relay points in the somatosensory hierarchy, shaping early sensory representations
that later influence cortical processing [5]. Despite significant experimental
advancements in characterizing the neural responses of mechanoreceptors, a
precise understanding of how these receptors collectively encode tactile stimuli
remains elusive. Moreover, the mechanisms by which mechanoreceptors filter,
encode, and transmit tactile information remain poorly understood, especially in
terms of population coding, adaptation, and redundancy.
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Given the complexity and heterogeneity of mechanoreceptor responses, a
computational model is necessary to systematically explore how tactile information
is represented at the periphery. Such a model would allow for the simulation of
different mechanoreceptor types (SA1, SA2, RA) under various tactile stimuli,
helping to clarify their individual and collective roles [9]. By analyzing the mutual
information between tactile stimuli and neural responses, the model can reveal
how efficiently different receptor populations encode object properties [10]. While
electrophysiological studies provide insights into individual receptor responses,
the computational model can integrate these findings into a cohesive framework,
enabling predictions about how afferent populations collectively process stimuli
[11]. Thus, in this study, we aimed to elucidate the fundamental principles
underlying early tactile processing by developing a spiking computational model
of mechanoreceptors and trigeminal ganglion neurons. By comparing the modeled
mechanoreceptor responses to human psychophysical data, we show that haptic
detection and stimulus duration discrimination are encoded by distinct classes
of mechanoreceptors, suggesting that parallel processing of tactile information
starts from the sensory periphery. Using information theoretic measures, we show
that the first action potential (spikes) carries the most information about stimulus
properties, tested herein, and information across temporally neighboring action
potentials is largely redundant. Finally, we introduce a novel sparse decoder
network to accurately classify stimuli in this spiking neural network with minimal
training and sparse connectivity, enabling future applications to predict tactile
perception from neural responses and for computationally efficient neuromorphic
implementation of touch sensing.

Methods

Here we detail the computational and experimental methods employed in this
study. First, we present the adaptive exponential integrate-and-fire (AdEx) model
used to simulate mechanoreceptor activity. Subsequently, we describe the focused
ultrasound stimulation to acoustically deliver precise pressure on human skin
to evoke tactile sensation, and finally, we outline the parameter optimization
procedure used to fit the model to electrophysiological data. All code and
documentation for the neural model, simulation procedures, and parameter fitting
are publicly available on GitHub, ensuring reproducibility and facilitating further
research (https://github.com/Nrault/Universal_model_of_touch).
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Neural model

To model the diverse adaptation properties of mechanoreceptors, the primary
distinguishing characteristic [12] of mechanoreceptors, we implemented the
Adaptive Exponential Integrate-and-Fire (AdEx) model [13]. The AdEx model offers
a computationally efficient yet biologically plausible framework for simulating
neuronal dynamics, particularly in scenarios where detailed biophysical data
are limited. The core feature of the AdEx model is the incorporation of an
adaptation current, which allows for the reproduction of key firing rate adaptation
characteristics observed in mechanoreceptors, distinguishing between slowly
adapting (SA) and rapidly adapting (RA) subtypes.

The AdEx model extends the exponential integrate-and-fire model by including an
adaptive current (W) that introduces negative feedback, causing spike-frequency
adaptation. This adaptive current increases following each spike and gradually
converges logarithmically toward an upper bound. This allows the model to
reproduce key adaptation properties observed in mechanoreceptors, such as
slowly adapting (SA) and rapidly adapting (RA) responses. The model equations are
as follows:

M dv/dtL = (Ileak +gleak * Ath * e(v_vth)/Ath - W+ Iapp)/cm

2) licak = YJieak * (Eieak — V)

(3) dW/dt = (a * (U - Eleak) - W)/T

Following each spike, the adaptation current W is instantaneously increased by a
value b.The adaptation parameters a, b, and t, which govern the adaptation dynamics,
were fitted to experimental data from Sonekatsu and Gu (2019) [14], as detailed
in the Parameter Optimization for Adaptation Current subsection. It is important
to note that the negative sign of the adaptive current in this formulation leads to
spike-frequency adaptation, consistent with mechanoreceptor physiology [12],
whereas a positive adaptive current would induce bursting, a firing pattern not
typical of primary mechanoreceptive afferents [15]. By adjusting the adaptation
parameters, the AdEx model can effectively simulate the distinct firing patterns of
different mechanoreceptor subtypes.

Modeling mechanoreceptors
To simulate mechanoreceptor activation, we applied a continuous input current

(!

app) of 900 pA, modulated by a function specific to each mechanoreceptor
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subtype. This function, defined by equations (4), (5), and (6), governs how stimuli
are presented to the receptors based on their receptive fields.

To ensure biologically accurate distribution of mechanoreceptors, we based our
model on Johansson and Vallbo (1977) [16], which provides empirical data on
the density and types of mechanoreceptors in human glabrous skin. From a total
population of 200 simulated receptors, we assigned:

— 58 SA1 (Slowly Adapting Type 1) receptors
— 30 SA2 (Slowly Adapting Type 2) receptors
— 112 RA (Rapidly Adapting) receptors

Each receptor was individually connected to a corresponding neuron in a dummy
layer composed of exponential leaky integrate-and-fire neurons. This one-to-one
connectivity ensured that each mechanoreceptor's output was directly relayed
to a neuron in the trigeminal ganglion (TG) layer, which acts as a central relay
integrating tactile information.

The TG layer consisted of 200 neurons, each receiving input from a single
mechanoreceptor. To maintain a direct and efficient encoding of mechanoreceptive
activity, we designed the synaptic weight between mechanoreceptors and TG
neurons such that each action potential in a receptor depolarized the corresponding
TG neuron by 25 mV. This depolarization was sufficient to reach the threshold
for action potential generation, ensuring that each spike in a mechanoreceptor
resulted in a corresponding spike in the TG neuron (see Figure 1).

This approach allows the model to preserve the spatiotemporal fidelity of
mechanoreceptive signals while simplifying the computational structure, making it
suitable for large-scale simulations of tactile processing.

SA1

SAT1 receptors respond primarily to stimulus direction but poorly to amplitude [3,17, 18].
Therefore, we assume an ON/OFF relationship to amplitude, that is, lapp is multiplied
by 1 if there is a stimulus, 0 otherwise :

(4) Igpp = (900 pA = amplitudeOnOff(t)) with t € T the duration of the simulation.



Artificial Human Touch | 97

SA2
SA2 receptors are sensitive to direction and amplitude [3, 17, 18], we therefore assumed
a linear relationship between the response intensity and the stimulus amplitude:

(5) Iapp = (900 pA + amplitude(t)/maxAmplitude) with maxAmplitude empirically
setto 90 a.u.

RA
we assume that RA receptors are sensitive to direction and switch in amplitude [3, 17, 18] :

(6) Iopp = 900 pA * log ((amplitude(t) — amplitude(t — 1))?)

Parameter Optimization for Adaptation Current

To fine-tune the adaptation parameters in our neural model, we employed the
Covariance Matrix Adaptation Evolution Strategy (CMA-ES) [19], an advanced
evolutionary algorithm that iteratively adjusts parameters based on covariance
relationships with an objective function. In our case, the objective function was the
mean squared error (MSE) between the model’s predicted firing rates and biological
data. The parameters optimized included a, b, and t (introduced in the previous
section), which define the adaptation dynamics of the mechanoreceptor model.

We implemented CMA-ES using the cmaes Python library, leveraging its robust
global optimization capabilities. The algorithm estimated the best-fit parameters
by minimizing the error between our model's predicted instantaneous firing rate
and experimental data obtained from Sonekatsu and Gu (2019) [14], Supplemental
Figure 1. The instantaneous firing rate was computed as the reciprocal of the
interspike interval (ISl), also known as the instantaneous frequency. The fitting
procedure was conducted as follows:

« SAT1 mechanoreceptor models were optimized to match experimental data from
Supplemental Figure 1.

« SA2 mechanoreceptor models were optimized to fit Supplemental Figure 1.

- RA mechanoreceptors lacked sufficient data points for a reliable automated
fitting procedure. Instead, we manually hand-tuned the adaptation parameters
to achieve the expected rapid adaptation behavior, ensuring a transient response
to sustained stimuli.

The model was validated against responses to a ramp-and-hold stimulus (see Figure 1),
which is commonly used to characterize mechanoreceptor adaptation dynamics.
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The full implementation of our parameter optimization pipeline, including the CMA-ES
code and data, is available on GitHub
(https://github.com/Nrault/Neural_population_optimization_CMA).

Simulating Behavioral Comparisons

To generate model outputs comparable to behavioral data, we simulated a stimulus
duration discrimination task using pairs of direct current (DC) pulses (see Figure 3).
Stimuli were presented in pairs and compared based on their duration. Trials were
labeled as follows: ‘1" if the first stimulus duration exceeded the second, ‘0’ if the
second stimulus duration exceeded the first, and randomly assigned ‘0’ or ‘1’ if both
stimuli were of equal duration.

To analyze neural responses, we calculated the firing rate of each neuron during
two presentations of DC pulses. These firing rates were then concatenated into a
feature vector of size twice the number of neurons, 2N (i.e., with N, the number of
neurons), allowing for the separate encoding of responses to each stimulus within
the input space. This feature vector of size 1x2N served as input for downstream
classification models for each trial. For T, the number of trials, the complete input
was of size Tx2N, the output was Tx1, i.e., one input was given for each trial.

We employed an ideal observer framework for stimulus duration classification,
assuming access to the total spike count per neuron in each trial. This approach
provides a biologically plausible proxy for perceptual decision-making by considering
only the information potentially available to subsequent processing stages.

We implemented and evaluated four classification strategies using the Scikit-learn
(Sklearn) library [20]:

« Linear Classifier - Ridge Classifier: A linear classifier assuming that stimulus
labels can be predicted by a weighted sum of neural activity.

« Multilayer Perceptron (MLP) - Neural Network Classifier: An universal
function approximator used as a non-linear classifier capable of learning more
complex relationships between neural firing rates and stimulus duration.

- Bayesian Classifier - Naive Bayes: A probabilistic classifier assuming neuronal
independence and Gaussian-distributed spike counts for classification, which
learns the distribution of the posterior (probability that stimulus 1 is longer than
stimulus 2) based on the prior (distribution of the number of spikes per neurons).

- MiPiNet (Mutual Information based Pre Initialized Network) which is a novel
multi-layer perceptron, introduced herein, with sparse connectivity inspired
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by gene correlation networks in the rodent barrel cortex. MiPiNet addresses
limitations of standard network pruning by incorporating a biologically-
inspired pre-initialization strategy. Specifically, MiPiNet utilizes a connectivity
matrix derived from mutual information analysis of gene expression data from
451 housekeeping genes common to male and female rodent somatosensory
cortex, made available by Zeisel and colleagues [21]. This connectivity matrix,
generated using the NETSCOPE toolbox [22], was used to initialize the weights
of a sparse perceptron network in TensorFlow. The network consisted of an input
layer, hidden layers with the same number of nodes as genes, and an output layer
for classification. Weights between nodes in the hidden layers were initialized
according to the gene connectivity matrix.

Classifiers were trained using the spike counts per neuron per trial as input and
the stimulus duration label as the target variable. Decoder performance was
evaluated using classification accuracy, calculated as: Accuracy = (Correctly classified
trials) / (Total number of trials). Accuracy was averaged over 100 decoders to
quantify the population encoding of stimulus duration and the impact of different
classification strategies.

To compare classifier performance, we calculated the sum over the diagonal of
the accuracy matrices and determined the difference between this matrix and a
perfect accuracy matrix (all values equal to 1, e.i. 100% accuracy). The cumulative
sum of this difference was then subjected to a Kolmogorov-Smirnov (KS) test to
assess the statistical significance of performance differences across decoders.
Structural Similarity Index Measure (SSIM) was also computed to account for the
two-dimensional structure of the accuracy matrices.

To quantify the information encoded by individual spikes, we computed the mutual
information between stimulus duration and the timing of the 1st to 5th spike
independently using equation 7:

(7) MI = Spex  Syer P(x,y)log(%), with x, a stimulus, P(x) the probability
to see stimulus x, y the neural response and P(y) the probability of seeing a neural
response. P(x, y) is the joint probability of seeing a stimulus x and a response y

No bias correction was applied to the mutual information (MI) calculation.
Although this might seem unexpected for biological data, our analysis concerns a
deterministic model: for a given stimulus, the neural response is always identical.
Consequently, subsampling bias cannot occur. The absence of noise ensures a
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single possible output for each stimulus, though distinct stimuli can converge
onto the same neural representation. In such cases, the conditional input entropy
given the output, H(X]Y), may be smaller than the input entropy H(X), since two
stimuli x and x’ can produce the same output y. Nevertheless, the mapping remains
deterministic: whenever x or x’ is presented, the same response y will occur. For
these reasons, bias correction was not required in our M| estimates.

Furthermore, to investigate the nature of information encoding (redundancy,
synergy, or independence) across neurons, we computed coinformation [23], also
known as interaction information, using equation 8:

(8) coinformation\ =\ HX)\ +\ H(Y)\ +\ HZ\ -\ HX,Y)\ -\ HX,2\ -\ H(Y, 2\ +\ H(X,Y,2),
with H(x), the entropy of the stimulus, H(y) the entropy of the neural response vy,
H(z) the entropy of the neural response z. H(x, y) the joint entropy of x and y. H(x, z),
the joint entropy of x and z. H(y, z) the joint entropy of y and z. H(x, y, z), the entropy
of x, y and z.

Coinformation quantifies the dependence between multiple variables (spike times
from different neurons in this context). Positive coinformation values indicate
redundancy, as the individual entropy is higher than the joint entropy, suggesting
overlapping information encoding; negative values indicate synergy, as the joint
entropy contains more information than the sum of individual entropy, suggesting
complementary information encoding; and values near zero indicate independence
in information encoding.

Psychophysical experiments

We used focused ultrasound stimulation (FUS) to probe human touch perception non-
invasively. By harnessing the acoustic radiation force of 250 kHz ultrasound, FUS delivers
contact-free, millimetre-scale focal vibrations with sub-millisecond timing, enabling
precise excitation of cutaneous mechanoreceptors [24]. Participants consistently
described the sensation as natural vibrotactile input localized to the fingertip.

All procedures were approved by the Georgia Institute of Technology Institutional
Review Board (IRB protocols H23479, tactile detection; H24249, temporal
discrimination). Healthy adults (18-34 yrs, male and female) gave written informed
consent. Only data from individuals who achieved >75 % correct detection at two
adjacent stimulus intensities were analysed.
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Ultrasound pulses were produced with a TPO-105-17 power supply driving a CTX-
250 single-element transducer (Sonic Concepts). Subjects rested the dominant-
hand index finger on a custom designed 3-D-printed positioning jig aligned to
the acoustic focus (21 mm above the transducer’s geometrical center). Aquasonic
100 gel, centrifuged (2500 rpm, 30 min) to remove bubbles, coupled the transducer
to the skin. A custom MATLAB script controlled pulse trains and randomised trial
order. To eliminate extraneous cues, participants wore opaque eye masks and active

noise-cancelling headphones (Soundcore Life Q20). Two behavioral tasks were
administered in independent group of participants:

Tactile-Detection Task: We assessed whether FUS intensity and duty cycle modulate
perceptual salience. Each participant completed 84 randomised trials comprising
all pairings of seven intensities (10-30 W; 0.30-0.74 MPa) with three duty-cycle sets:
Group 1, 0.25, 0.5, 0.75; Group 2, 0.25, 0.125, 0.0625, Group 3: 0.0625, 0.0312, 0.016.
Other parameters were fixed: 25 ms period, 125 ms total train, 250 kHz carrier. Each
condition was repeated four times. On every trial, subjects pressed Enter with the
non-stimulated hand upon detecting a vibration. The experiment was double-blind.

Temporal-Discrimination Task: To probe temporal resolution, each trial presented
two successive pulse trains (1 s inter-stimulus interval). Ultrasound power was held
at 30 W while duty cycle varied independently for Stimulus 1 and Stimulus 2 across
six values (0.0312-0.75). The 6 x 6 matrix (including identical pairs as controls) was
repeated four times (144 trials). Participants indicated which stimulus felt stronger
(left/right arrow) or reported no difference (down arrow). Accuracy and reaction
time were logged.

Behavioural responses were time-stamped and processed with custom MATLAB
routines. Detection probabilities and discrimination performance were computed
per condition, and psychometric functions were fitted for each participant.

Safety Evaluation
The highest spatial-peak pulse-average intensity (I ) was 16.46 W cm™>—well

sppa
below the FDA diagnostic limit of 190 W cm™. The corresponding spatial-peak

2

time-average intensity (I__) at the maximum 0.75 duty cycle was 12.35 W cm™,

spta
exceeding the diagnostic Suideline (0.72W cm™?) but delivered for only 18.75 ms per
train. Prior human and animal studies report no adverse heating under comparable
exposures [25, 26]. We verified this by thermal imaging (<0.1 °C resolution; FLIR
camera): even 3 s of continuous 30 W sonication at 100 % duty raised gel-surface

temperature by only 0.1 °C.
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Results

This study aimed to elucidate the neural encoding of tactile stimulus duration
at the somatosensory periphery, focusing on the contributions of different
mechanoreceptor subtypes and their integration at the trigeminal ganglion
(TG). To achieve this, we developed a computational model of mechanoreceptor
populations and TG neurons, and analyzed their responses to controlled tactile
stimuli. The results, presented in the following sections, reveal a functional
specialization among mechanoreceptor subtypes, differential encoding of stimulus
duration, and insights into the efficiency of neural coding in the tactile periphery.

Model Fitting

To investigate the contributions of individual mechanoreceptor (MR) subtypes
to tactile stimulus encoding using a bottom-up approach, we first constructed a
computational model comprising three distinct populations of Adaptive Exponential
Integrate-and-Fire (AdEx) neurons. The adaptation dynamics of these model neurons
were fitted to in vitro instantaneous firing rate data recorded directly from rat whisker
follicle mechanoreceptors by Sonekatsu and Gu (2020) [14]. The relative sizes of these
simulated populations were based on empirical data from Johansson and Vallbo
(1977) [16] regarding human glabrous skin (see Methods for details). Consistent with
anatomical findings suggesting segregated afferent pathways at the initial sensory
ganglion [27], these MRs were connected with a one-to-one excitatory projection to a
corresponding layer of 200 Trigeminal Ganglion (TG) neurons. This ensured that each
TG neuron received input from only a single MR, allowing for an initial assessment
of how individual mechanoreceptor signals are relayed. The overall skin organization
and model connectivity are depicted in Figure 1A and 1B, respectively.

The distinct adaptation rates and receptive field properties inherent to each MR
subtype, established through the fitting procedure, gave rise to characteristic
temporal response profiles when subjected to a ramp-and-hold stimulus, as
illustrated in Figure 1C.
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Figure 1 - Model implementation and basic response properties. A) Side view of the skin with the
different mechanoreceptors represented at their position and with corresponding densities. B)
Schematic of the model, each mechanoreceptor population is connected in a one-to-one fashion to
TG so that each TG neuron receives input from only one mechanoreceptor. C) Bottom : Two ramp-and-
hold stimulus starting at 100ms and finishing at 900ms. Top-left: SA1 activity in response to the
stimulus. Top-right: SA2 response to the stimulus. Bottom-left: RA response to the stimulus. Bottom-
right: TG response to the stimulus. The responses were computed as the number of spikes divided by
the number of neurons in the considered population at each timestep (1ms).

The SA1 population exhibited a pronounced phasic response at the stimulus onset,
characterized by a high-frequency burst of spikes, which then sharply declined
to a lower, sustained firing rate (plateau phase) for the duration of the stimulus.
No significant response was observed at stimulus offset. The SA2 population also
demonstrated a slowly adapting profile, with an increase in activity around the
stimulus onset followed by a gradual decrease to a stable plateau firing rate. Similar
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to SA1, no distinct response was observed at stimulus offset for SA2 neurons. In
contrast, the RA MRs responded exclusively to the transient phases of the stimulus.
They produced robust bursts of spikes precisely at the stimulus onset (ramp-on) and
offset (ramp-off) and remained virtually silent during the sustained plateau phase.
The combined input from these three distinct MR populations to the TG neurons
resulted in a composite response profile for the TG layer. As shown in Figure 1C, the TG
activity reproduced key dynamics previously observed experimentally [28], featuring
both onset and offset responses primarily driven by the RA inputs, superimposed
on a lower level of sustained activity during the plateau phase, reflecting the
contributions from the SA1 and SA2 populations. This faithful recapitulation of
fundamental response properties validated our model's capacity to simulate early
tactile processing.

Once the model fitted, we recorded the model’s responses to different ramp-and-
hold amplitude and duration.

Differential Sensitivity and Receptive Fields across

Mechanoreceptor Subtypes

Stimulus encoding properties of the mechanoreceptor (MR) populations revealed
distinct sensitivities to stimulus amplitude and duration, giving rise to characteristic
receptive fields and a sequential activation pattern across the subtypes in the
model (Figure 2).

Figure 2A presents raster plots illustrating the spiking activity of individual SA1,
SA2, RA, and Trigeminal Ganglion (TG) neurons in response to stimuli varying in
duration and amplitude. These plots provide a qualitative overview of the neuronal
responses. More quantitatively, Figure 2B displays the population-level receptive
fields, visualized as heatmaps of normalized firing rate as a function of stimulus
amplitude (x-axis) and duration (y-axis). These receptive fields highlight the
differential tuning of each MR subtype. The SA1T MR response (Figure 2B, second
panel) is primarily influenced by stimulus duration, showing an increase in firing
rate as duration extends, particularly at lower to moderate amplitudes. This
suggests a role for SA1 in integrating temporal information. In contrast, the RA MR
response (Figure 2B, first panel) is predominantly governed by stimulus amplitude,
exhibiting a sharp threshold; once this amplitude is surpassed, RA neurons fire
robustly, largely independent of stimulus duration, consistent with their role in
detecting the presence and onset/offset of a stimulus. The SA2 MRs (Figure 2B, third
panel) demonstrate a clear sensitivity to both stimulus amplitude and duration,
with their firing rate increasing systematically as either or both parameters increase.
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This suggests that SA2 neurons encode a broader range of stimulus intensities and
temporal extents. The TG population (Figure 2B, fourth panel), receiving convergent
input, exhibits a receptive field that reflects a weighted combination of the three
MR subtypes. It shows sensitivity to amplitude, influenced by RA, and to duration,
influenced by SA1 and SA2.

A Rapdly adaptng [RA) Slowty adapting 1 (SA1) Sloaty adaging 2 |SAT) Trgemial Gangion (TS|
i 140
s &| i | 13 A4
an4 i) ] 10
5w 1 : - sha
&
5 Ed 1o 2 0
L & o P I s41
p4 Hav 0l Mau il Hay - EUaJul
0 Fil 50 i (1] 25 50 75 1 ] il 1] 15 100 0 2 5 75 00
H 140
n 120 A
‘g 1w
18
s ® bR |
4 ]
- A 11334455
0 0| 2au - INEERELE-S |
a u 50 75 10
H "
3 o
: &
i B LR
4 ol
.%.-'__ L., _lll!‘!ﬂ.-’:ti@
B Duratice s} Chiitan [ms Dt s} " Duraion ims]
Frapidly slaging [RA| Slowly edaping 1 (541} Shovty sctapling 2 (S42) Trigeming| Gangiien (T3]

En
g
= m
m
S 5 & 65 T T {45 65
Ampliude (au) Amplbude {au) Ampiriude (a0 Amphiude {a.u
Nurmalieed Fiing Rale
az 04 i 0% 10

Figure 2 - The relative sensitivity of each mechanoreceptors population create a sequence of
activation with different functional roles. A - Raster plots of SA1, SA2, RA and TG activity in response
to stimuli with (Top to bottom) 7ms duration and amplitude of 5, 47 ms and amplitude of 30, and
55 ms and amplitude of 45. The amplitude corresponds to how much the whisker is pushed (a.u.)
B - The heatmaps correspond to the normalized firing rate for the duration of the all stimulus (black :
no activity, white : Maximum activity across all conditions is reached). X-axis represents the amplitude,
y-axis the duration. For each heatmap, the green curve at the top is the normalized sum of the activity
over the duration as a function of amplitude, the green curve on the side is the normalized sum of the
activity over the amplitude as a function of duration.

Plotting the stimulus parameters at which each population reached 50% of its
maximum response (contours in Figure 2B) further elucidates these differences.
SA1 and RA populations show largely uni-dimensional thresholds: SAT primarily
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by duration and RA primarily by amplitude. In contrast, SA2 and TG exhibit bi-
dimensional thresholds, requiring specific combinations of both amplitude and
duration to reach half-maximal activation. The linear representation of the stimulus
range by SA2 suggests it faithfully encodes graded stimulus features. The TG
receptive field, while integrating these inputs, appears to somewhat "stretch" the
stimulus representation, potentially enhancing resolution and discriminability for
certain stimulus combinations.

This differential tuning leads to a sequence of activation depending on stimulus
parameters. For stimuli of low amplitude and short duration, RA activity dominates,
providing a rapid detection signal. As stimulus duration increases, even at
low amplitudes, SAT1 activity becomes more prominent, allowing for temporal
integration and duration encoding. Finally, for stimuli of longer duration and higher
amplitude, SA2 neurons are robustly activated, enabling the discrimination of both
these variables. Consequently, as stimulus characteristics change, the TG activity
dynamically reflects the underlying properties of the active MR populations, thereby
conveying multifaceted information regarding stimulus amplitude and duration.

These results demonstrate that, at the periphery, distinct MR populations specialize
in encoding different aspects of tactile stimuli. The observed dichotomy in encoding
strategies — with RA focusing on detection and SA subtypes on detailed feature analysis
(including duration and amplitude) — raises the question of how this segregated
information is processed and whether this functional specialization is maintained
or transformed at higher levels of the somatosensory system. This question was
subsequently addressed by comparing model performance to behavioral data.

Behavioral Characterization of Human Tactile Perception

To establish a behavioral benchmark for validating our computational model
of mechanoreceptor encoding, we first characterized human tactile perception
using precisely controlled stimuli delivered via focused ultrasound (Figure 3A). The
stimuli were designed to allow independent manipulation of intensity (amplitude
of 250 kHz ultrasound bursts) and perceived duration, achieved by varying the duty
cycle (DC) of ultrasonic activation within a 125 ms stimulus envelope composed of
five 25 ms sub-pulses (Figure 3B).
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Figure 3 - Characterization of Human Tactile Perception using Focused Ultrasound Stimulation.
A) Experimental setup depicting a participant's finger resting on the ultrasonic transducer (dimensions:
69 mm diameter, 21 mm height) used for delivering tactile stimuli. B) Schematic of the tactile stimulus
structure. Each 125 ms overall stimulus envelope was composed of five 25 ms sub-pulses. Stimulus
intensity was modulated across 7 amplitude levels of the 250 kHz ultrasound bursts. The perceived
stimulus duration within each sub-pulse was varied across 8 levels of duty cycle (DC), defined as the
ratio of active ultrasound burst duration to the sub-pulse duration (25 ms). C) Human psychometric
performance in a tactile detection task. Detection probability is plotted against tactile intensity (W) for
different stimulus durations, grouped into short (left panel: 0.0078 ms to 7.8 ms, corresponding to DC
from 0.0078 to 0.0625 relative to the 125ms envelope, or 0.0312 to 0.312 relative to a 25ms sub-pulse),
medium (middle panel: 0.0625 ms to 31.2 ms, corresponding to DC from 0.0625 to 0.25 relative to
125ms, or 0.25 to 1.0 relative to a 25ms sub-pulse assuming full activation of one or more sub-pulses),
and long (right panel: 0.25 ms to 93.7 ms, corresponding to DC from 0.25 to 0.75 relative to 125ms)
effective durations. Shaded areas represent + SEM across participants. D) Stimulus paradigm for the
temporal (DC) discrimination task. Two 125 ms tactile stimuli, each with a specific duty cycle defining
its perceived duration, were presented sequentially, separated by a 1000 ms inter-stimulus interval.
Participants were instructed to identify which of the two stimuli was longer. E) Human performance
matrix for the duration discrimination task. The heatmap illustrates the probability of successfully
identifying the longer stimulus as a function of the duty cycle (and thus effective duration) of the first
stimulus (y-axis) and the second stimulus (x-axis). Warmer colors (yellow) indicate a higher probability
of success, while cooler colors (blue/green) indicate performance closer to chance level (0.5).
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Stimulus Duration and Intensity Influence Tactile Detection Thresholds
We initially assessed the ability of human participants to detect these tactile stimuli
(Figure 3C). As anticipated, detection probability increased monotonically with
tactile intensity (measured in Watts, W) across all conditions. However, the effective
stimulus duration, modulated by the duty cycle, also played a significant role. For
stimuli with very short effective durations (e.g., ranging from 0.0078 ms to 7.8 ms,
Figure 3C, left panel), distinct psychometric curves were observed. Longer durations
within this short range generally resulted in higher detection probabilities for a
given intensity, indicating that temporal summation contributes to detectability.
This effect was less pronounced for stimuli with medium effective durations (0.0625
ms to 31.2 ms, Figure 3C, middle panel) and even more so for longer effective
durations (0.25 ms to 93.7 ms, Figure 3C, right panel), where the psychometric
curves for different specific durations within these ranges became more clustered.
This suggests that while temporal summation is critical for the detection of brief
stimuli, its impact on basic detection probability (for supra-threshold stimuli)
diminishes as the overall duration increases, possibly due to saturation of neural
responses or perceptual integration mechanisms. The distinct separation of curves
at low durations implies a higher sensitivity to duration changes in this regime for
basic detection.

Duration Discrimination Performance Adheres to Weber's Law

Next, we investigated human ability to discriminate between the durations of
two sequentially presented tactile stimuli in a temporal (DC) discrimination task
(4 conditions: 1st stimulus is faster, 2nd is faster, they are the same, | felt a single
stimulus. Figure 3D). The performance matrix (Figure 3E) shows the probability of
successfully identifying the longer stimulus as a function of the duty cycle (proxy
for effective duration) of the first and second stimuli. As depicted, discrimination
accuracy was highest (approaching 1.0, yellow regions) when there was a large
relative difference between the durations of the two stimuli (e.g., comparing a very
short DC with a very long DC). Conversely, when the durations of the two stimuli
were similar (i.e., along the diagonal of the matrix), performance approached chance
level (0.5, greenish regions). This pattern, where the just-noticeable difference in
stimulus duration is proportional to the reference duration, is characteristic of
Weber's Law. This demonstrates that human tactile duration discrimination follows
established psychophysical principles, providing a robust dataset for comparing the
information processing capabilities of our neural model. The systematic variation
in performance across the matrix provides a rich target for our model to replicate,
reflecting the precision of temporal encoding in the human tactile system.
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These behavioral experiments provide crucial quantitative data on how humans
detect and discriminate tactile stimuli of varying intensities and durations. These
psychophysical functions, particularly the duration discrimination matrix, serve
as the primary "top-down" benchmark against which the "bottom-up" encoding
capabilities of our mechanoreceptor model will be evaluated.

Stimulus Duration Encoding in Firing Rate
The inherent adaptation rates of mechanoreceptor (MR) subtypes critically shape

the relationship between stimulus duration and the resultant firing rate of their
neural populations. Our simulations demonstrate that only the slowly adapting
(SA) neurons exhibit firing rates that are systematically modulated by changes in
stimulus duration.

To investigate this, we applied ramp-and-hold stimuli of varying durations to our
modeled populations and quantified the number of spikes produced by each
(Figure 4). Figure 4A presents raster plots illustrating the responses of SA1, SA2,
RA, and Trigeminal Ganglion (TG) neurons to stimuli with increasing duty cycles
(DC), which directly correspond to increasing durations of the stimulus "upstate”
(the sustained portion of the stimulus). Visually, it is evident that RA MRs respond
consistently with a burst of activity primarily at the onset of the stimulus upstate,
irrespective of its total duration. If the stimulus was already in its upstate at the
beginning of a simulation window (e.g., for longer DCs), RA neurons did not
typically fire at that point, underscoring their sensitivity to changes in stimulation
rather than sustained presence. In contrast, the density of spikes within the upstate
period for both SAT and SA2 populations clearly increases as the stimulus duration
(DQ) increases. The TG population, integrating these inputs, also shows an increased
number of spikes with longer stimulus durations.

Quantifying this relationship, Figure 4B plots the population firing rate (spikes per
trial) against the duration of the stimulus upstate. The RA population (bottom-
left panel) exhibits a flat response curve, confirming that its firing rate is largely
independent of the stimulus upstate duration. This reinforces the notion that RA
receptors are specialized for signaling transient events (onset/offset) rather than
encoding the duration of sustained stimuli. Conversely, both SA1 (top-left panel)
and SA2 (top-right panel) populations demonstrate a clear and positive correlation
between firing rate and stimulus duration. However, the nature of this relationship
differs due to their distinct adaptation characteristics. The SA2 response increases
approximately linearly with stimulus duration, indicating a relatively consistent
encoding of duration over time. The SA1 response, on the other hand, increases
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Figure 4 - Only SA1 and SA2 mechanoreceptors bear information on the stimulus duration.
A) A raster plot of the different populations of the model in response to different durations of duty
cycle. Y-axis is the ID of the neurons. Y-axis is the duration of the trial. The percentage corresponds to
the fraction of the trial duration during which the stimulus is in an upstate status. Each dot on the
raster plot represents a spike. B) Number of spikes produced by each population as a function of the
upstate duration. X-axis (left) is the total number of spikes produced by the considered population.
X-axis (right) is the average spike per neuron. Y-axis is the duration of the upstate, that is, the duration
of the hold phase in the ramp-and-hold stimulus. The colored lines with dots are the population
responses. The grey crossed line represents the average neuron’s response.
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more logarithmically (or sub-linearly initially, then becoming more linear). This
pattern reflects its stronger initial adaptation; the firing rate is high at the onset
but adapts, so the total number of spikes accumulates less rapidly than in the more
linearly responding SA2 population. The TG population's response (bottom-right
panel) appears to be a composite of these inputs. For shorter durations, its response
profile more closely mirrors the SA1 profile, while for longer durations, it tends
to follow the more linear increase characteristic of the SA2 input. This suggests a

dynamic weighting or influence of the SA subtypes on the TG output depending on
the stimulus duration.

Given these distinct response profiles, SA1, SA2, and consequently the TG, all
possess firing rate characteristics that could, in principle, encode stimulus duration.
To rigorously assess their respective capacities to represent this temporal dimension
and to compare this encoding with human perceptual capabilities, we subsequently
trained different classifiers on the firing rate outputs of these neural populations.

Decoding Stimulus Duration from Mechanoreceptor and TG Activity
To evaluate the decodability of stimulus duration information encoded by each
population, we trained and compared the performance of different classifiers on the
firing rates of SA1, SA2, RA, and TG (Figure 5). The classification error plots (top row)
and cumulative error plots (second row) consistently demonstrate that decoders
trained on SA1, SA2, and TG activity achieve significantly better-than-chance
performance in discriminating stimulus duration, with error rates decreasing as the
difference in stimulus duration increases. In stark contrast, decoders trained on RA
activity perform near chance level across all duration differences, confirming that RA
firing rate is not informative for duration discrimination, consistent with Figure 5.

The accuracy matrices and SSIM heatmaps (bottom of Figure 5) provide a more
nuanced comparison of decoder performance across populations and decoder
types. For SA1 and SA2, all decoders — including the linear Ridge classifier, Bayesian
Naive Bayes, and non-linear MLP and MiPinet - achieve high and comparable
accuracy, as indicated by the high SSIM values across decoder pairs. This suggests
that duration information in SA1 and SA2 firing rates is relatively straightforward
to extract, even with linear methods. However, for the TG, a notable divergence
in decoder performance emerges. While MLP and MiPinet maintain high accuracy
on TG data, comparable to their performance on SA1 and SA2, the simpler Linear
and Bayes classifiers show a clear reduction in accuracy when decoding TG output.
This is evidenced by the lower SSIM values when comparing MLP/MiPinet to
Linear/Bayes for TG. This suggests that the integration of RA and SA inputs within
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the TG, while potentially enriching the overall stimulus representation, creates a
more complex and less linearly separable encoding of stimulus duration. The high
performance of MLP and MiPinet, both capable of learning non-linear relationships,
indicates that duration information is present in the TG output, but extracting it
optimally may require more sophisticated, non-linear decoding strategies. This
finding raises a critical question: if the TG integrates diverse mechanoreceptor
signals, does this integration enhance or hinder the efficient decoding of specific
stimulus features like duration? The reduced performance of simpler decoders on
TG, despite the presence of duration information extractable by more complex
methods, hints at a potential trade-off and suggests that segregated pathways
might be more conducive to rapid and efficient downstream decoding, particularly
by simpler neural circuits.

Information Theoretic Analysis: First Spike Dominance

and Redundancy

To further dissect the neural code for stimulus duration and assess the efficiency
of information transfer, we employed information-theoretic measures, specifically
Mutual Information (MI) and Coinformation (Figure 6). The MI analysis (Figure 6,
left panels) reveals a striking and consistent pattern across all mechanoreceptor
populations and the TG: the first spike carries the largest amount of information
about stimulus duration, and the information content progressively decreases
for subsequent spikes. This first-spike dominance is evident in the decreasing
MI values from the 1st to the 5th spike rank for all populations. SA2 consistently
exhibits the highest MI values across all spike ranks, indicating a more sustained
and informative representation of duration in its spike train compared to SA1 and
TG. RA shows the lowest MI, again confirming its limited role in duration encoding.
The inset plot of average MI reinforces this trend, showing the overall ranking of
information content across populations. This finding of first-spike dominance is
significant, aligning with principles of efficient neural coding and suggesting that
the somatosensory periphery prioritizes the rapid transmission of stimulus-relevant
information in the initial neuronal response.

The Coinformation analysis (Figure 6, right panels) provides further insights into
the redundancy or synergy in information encoding across spikes within each
population. Crucially, all calculated coinformation values are negative, consistently
indicating redundancy in information encoding between neighboring spikes
across all populations and spike rank comparisons. This redundancy implies that
subsequent spikes, beyond the first, largely convey overlapping information about
stimulus duration, offering diminishing returns in terms of novel information. This
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Figure 5 - Classification Performance for Stimulus Duration Discrimination. Relative average error
(top row) and cumulative error (second row) for four different decoders (Linear - red, MLP - orange,
MiPinet - yellow, Bayes - purple) as a function of the difference in duration (Delta duration) between
two stimuli. Each column represents a different neural population (SA1, SA2, RA, TG) from which the
decoder extracted firing rate information. Insets in the top row provide a magnified view around zero
delta duration. Vertical black lines in the cumulative error plots roughly indicate the delta duration at
which performance begins to saturate. The third row displays matrices of Structural Similarity (SSIM)
comparing the overall accuracy patterns between pairs of decoders for each neural population. Higher
SSIM values (warmer colors) indicate more similar performance patterns. Asterisks (***) denote
statistically significant differences (p < 0.001) in decoder performance based on KS-tests on the
cumulative error. The bottom row shows SSIM matrices comparing the performance of each individual
decoder across the different neural populations (e.g., how similarly the Linear decoder performed on
SA1 vs. SA2). These results collectively illustrate the decodability of duration information from each
population and the relative efficacy of different decoding strategies.
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redundancy, coupled with the first-spike dominance observed in the MI analysis,
suggests a highly efficient coding strategy where the initial neuronal response is
maximally informative, and subsequent spikes primarily serve to reinforce or refine
the initial signal, rather than adding substantial new information about stimulus
duration. The degree of information decay across spike ranks, as noted in the figure
caption, correlates with the adaptation rates of the different populations. SA1, with
faster adaptation, shows a more rapid decline in Ml after the first spike compared
to SA2, which exhibits slower adaptation and a more sustained information
content across spike ranks. The TG, as a mixed population, falls in between. This link
between adaptation rate and temporal information encoding further underscores
the functional specialization of mechanoreceptor subtypes in shaping the temporal
dynamics of tactile information processing.
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Figure 6 - Mutual information and Co-information. Left - Mutual information between the 1st spike
timing of each neuron within a population and the duration of the stimulus. The timing of the 2nd
spike of each neuron and the duration of the stimulus, ect. The y-axis is the Mutual information in bits.
The x-axis is the population. The red dashed line represents the entropy of the stimulus (~= 2.6 bits).
Each violin plot represents the distribution of the Ml between the timing of the 1st, 2nd, 3rd, etc. spike
of each neuron and the stimulus duration. The figure with the blue boundaries represents the average
MI for the 1st spike, 2nd spike, etc. for the entire population. Right - Co-information between the
timing of the 1st, 2nd, 3rd, etc. spike and the stimulus duration. Negative value represents synergy of
information amongst the spikes across populations, positive values represent redundancy. The figure
with the blue boundaries represents the co-information within the population across spikes, that is, a
comparison between the information of the 1st and 2nd spike, 2nd and 3rd, etc.
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In summary, the information-theoretic analyses in Figure 6 strongly support the
notion of an efficient neural code in the somatosensory periphery for stimulus
duration, characterized by first-spike dominance and redundancy in subsequent
spikes. This efficient coding strategy may optimize rapid and reliable transmission
of tactile information to higher processing centers, potentially enabling fast
perceptual decisions and motor responses.

Discussion

In this study, we addressed how the somatosensory periphery collectively
encodes tactile information by developing the first spiking computational model
integrating mechanoreceptor (MR) responses with trigeminal ganglion (TG) neuron
dynamics. This bottom-up approach allowed us to investigate the neural encoding
of touch starting from the initial sensory transduction at mechanoreceptors and
compare our model's performance to behavioral data from human psychophysical
experiments. Our findings reveal that the model accurately captures key aspects of
tactile processing and matches or exceeds human performance. Through extensive
information-theoretic analyses and the development of a novel sparse decoder
network, we have gained critical insights into the neural coding of touch, explicitly
highlighting the efficiency of early spike timing and parallel processing of touch in
the somatosensory periphery.

Model validity

We created a model relying on three types of MRs, fitted to electrophysiological
data [14]. These three populations represent SA1, SA2, and RA MRs, found in mammals’
tactile systems [16, 18, 14]. While the number of different mechanosensitive cell types
in biology extends beyond this classification, their recordings are often limited to these
three types of MRs [14], sometimes expanded with an RAIl response [29]. In their work,
Furuta et al. (2019) [30] developed different types of MRs along with their position
within a whisker follicle. They showed that the placement of Merkel cells at different
depths within the follicle had an impact on their activity: Merkel cells situated close to
the surface of the skin exhibited an SA1 pattern of activity, that is, a strong response
at the stimulus onset, followed by a lower baseline activity during the hold phase of a
ramp-and-hold, while Merkel cells located deeper in the skin were exhibiting activity
only at the onset. In their model, RA activity (activity at the onset and offset of the
stimulus only) is produced by both lanceolate endings and club-like endings. In any
case, none of the cells that they modelled demonstrated a SA2 pattern of activity
(same as SA1 but with a slower decay toward a plateau phase during the hold
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phase). The novelty of our network model comes from the joint reproduction of
mechanosensitive cells and the TG. Our model of the TG receives input from the MRs
in a one-to-one fashion, thus replicating the MRs' pattern of activation (Figure 2).
Consequently, we can cluster TG cells into two categories: one population responding
only at the onset/offset of the stimulus (RAs) and one firing at the onset/offset of the
stimulus and throughout the hold period (SAs), as has been described before [31]. The
inclusion of MR models allows us to replicate the precisely timed TG response to the
transient part of the stimulus and regular spiking during stimulus presentation, as is
witnessed in classical work led by Minnery and Simmons (2003) [28] or more recent
work such as Bale et al., (2009) [32]. Moreover, this model preserves the ratio between a
high ON response compared to a lower OFF response. The highly synchronized activity
that we observed across the neurons in the periphery can be explained by the absence
of noise in our model, inspired by the known low levels of noise in this system (Minnery
and Simmons 2003) [28]. All these elements make our model a believable candidate to
describe computations at the lower processing levels of the tactile system. While other
models have focused on modelling the thalamus [33] or the barrel field [34, 33], the
lower areas of the nervous system remain a blind spot to the modelling community.
Our computational model aims at understanding the crucial stimulus transformation
occurring at the very input of the tactile system. The low-level tactile systems of
mammals are built from a shared set of mechanoreceptive cell types (Merkel cells,
Ruffini endings, Meissner corpuscles, Pacinian corpuscles), which consistently give
rise to SAT, SA2, RA, and, in some reports, RAIl response patterns across species. Our
model is deliberately grounded in these conserved building blocks. We replicate the
stimulation conditions of the sonication experiments within the model and compare
its output directly to the behavioral responses observed in humans.

Duration Decoding and Neural Efficiency

The Multilayer Perceptron (MLP), known for its capacity as universal function
approximators [35], and our novel and Mutual Information based Pre-Initialised
Network (MiPinet) exhibited the highest decoding performance. Notably, these
advanced classifiers achieved comparable accuracy regardless of whether they
were trained on the activity of SA1, SA2, or TG populations, and they exceeded
human performance in psychophysical tasks. However, simpler decoders, including
the Bayesian and Linear classifiers, along with MiPinet, demonstrated a differential
ability to leverage information from different neural populations. Specifically, these
decoders did not fully exploit the information in the TG output, revealing that SA2
mechanoreceptors provided the most readily decodable representation of stimulus
duration. Given the biologically implausible all-to-all connectivity structure of MLP,
it is unlikely that biological systems achieve the same level of decoding capacity
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as shown by our experimental data. This observation, coupled with the differential
performance of simpler decoders, suggests that an optimal neural representation
of tactile stimuli might necessitate a functional segregation of information related
to stimulus duration and detection into distinct pathways within the TG. In biology,
this separation has been witnessed amongst RAs and SAs responses [36] through
electrophysiological recordings. We provide evidence that such a separation
maximizes the decodability of the different dimensions of the stimulus, thus

demonstrating the functional role of this differentiation. Our results suggest that the
different SA responses should remain separated as well to maximize the decodability
of a stimulus. We demonstrated that keeping the output of the MRs into three
different pathways is necessary to preserve optimal decodability.

First Spike Dominance and Redundancy: Implications for

Efficient Coding

A key finding of our study, consistent with the efficient coding hypothesis in sensory
systems, is the dominant role of the first action potential in encoding stimulus
durationinformation [37].The first spike consistently carried the largest proportion of
stimulus-related information across all analyzed populations (SA1, SA2, RA, and TG).
Furthermore, coinformation analysis revealed a high degree of redundancy among
temporally neighboring spikes, implying that subsequent spikes contribute
largely redundant information regarding stimulus duration. This observation
aligns with the abstract's emphasis on the first spike carrying most information
and highlights the efficiency of neural coding in the tactile periphery. While spike
timing itself, as revealed by MI analysis, did not capture the entirety of duration
variability, the temporal precision of the first spike is a crucial feature for efficient
stimulus encoding. Interestingly, the rate of information decay across subsequent
spike ranks was directly linked to the adaptation rate of each mechanoreceptor
population. SA2 receptors, with their slower adaptation, exhibited a more sustained
representation of duration across spike ranks compared to SA1 and RA subtypes,
suggesting a differential contribution to temporal encoding. In this study, we
demonstrated that within such a system, presented with such stimuli, the first
spike is the most informative spike but also that all information not represented
in this spike is lost to the system as every other spike is redundant. In summary,
our results confirm the special role of the first spike in tactile encoding [37] and
extend this principle by demonstrating that subsequent spikes contribute little
beyond what is already conveyed in the initial response (Figure 6). This systematic
redundancy—quantified through coinformation—reveals that the tactile periphery
relies on a highly compressed representation in which virtually all stimulus-specific
information is concentrated in the timing of the first spike. Thus, the novelty of our
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finding lies not only in reaffirming the information dominance of the first spike, but
in showing that later spiking activity fails to add new information, underscoring the
efficiency and parsimony of peripheral neural coding.

The high values of the calculated MI might appear surprising when compared to
previous work [32]. However, the found Ml values depend on the stimulus entropy,
which is unfortunately not given in [32]. In its absence, it is rather complicated to
compare two Ml values. Nevertheless, the information propagated in our system is
a high proportion of the input entropy. This can be explained by the deterministic
nature of the model and the lack of added noise to the neurons. In the absence
of such components, for a given stimulus, the model’s output will always remain
the same. However, the same output can result from different stimuli, as explained
in the methods section. Thus, the Ml calculated here can be seen as an evaluation
of the compression that the stimulus undergoes within the system, due to its
architecture and basic components.

Parallel Computation and Functional Specialization

Our results strongly support the concept of parallel computation in the
somatosensory system, starting at the level of heterogeneous mechanoreceptor
populations. As highlighted in the introduction, mechanoreceptors are not uniform
sensors but are specialized to encode different aspects of tactile stimuli. Our model
demonstrates a functional division of labor, with RA receptors primarily acting as
detectors, signaling stimulus onset and offset, and SA1 and SA2 receptors encoding
more detailed stimulus features, including duration. Classifier performance and
information-theoretic measures consistently indicated that both SA1 and SA2
populations contribute to duration encoding, while RA responses were less
informative about duration per se, but crucial for signaling stimulus presence. The
observation that the TG, as a linear integrator of RA and SA inputs, paradoxically
impaired the decodability of stimulus duration for simpler decoders, further
reinforces the hypothesis that functional segregation of RA and SA pathways is
beneficial for optimal tactile processing, potentially enabling parallel pathways for
detection and discrimination from the periphery. This segregation might optimize
the system for both rapid detection of tactile events (mediated by RA pathways)
and detailed analysis of stimulus features like duration (mediated by SA pathways),
as hypothesized in the introduction.

While our model mechanoreceptor populations exhibited near-perfect stimulus
detection, spiking reliably in response to any stimulus, behavioral data still revealed
a degree of uncertainty in stimulus detection, particularly at higher stimulus
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intensities above 11 W. This apparent discrepancy does not necessarily invalidate
our model's conclusions. The behavioral accuracy, although not perfect, remained
significantly above chance level, suggesting that the necessary information for
stimulus detection is indeed present within the neural system, potentially at the
mechanoreceptor level. The observed behavioral uncertainty likely arises from
information loss or degradation at subsequent processing stages beyond the
mechanoreceptor and TG levels, including cortical processing and decision-

making mechanisms.

Although the TG, as a central relay, receives and integrates inputs from both RA and
SA pathways, our findings suggest that this integration, implemented in our model
as a weighted sum, paradoxically impairs the decodability of stimulus duration
compared to relying on SA populations alone. This counterintuitive result supports
the hypothesis that to maximize the neural representation of stimulus duration, the
information from RA and SA pathways should ideally be processed in functionally
segregated channels within the TG or downstream targets.

While anatomical studies indicate a degree of segregation in TG projections from SA
and RA afferents [36], it is important to acknowledge that TG neurons are likely to
receive convergent input, potentially from multiple mechanoreceptors of the same
or even different subtypes [38]. However, even in the presence of convergence,
the relative balance of SA and RA inputs could still lead to TG neurons that are
functionally dominated by either SA or RA signals. Furthermore, despite potential
integration in the TG, downstream brainstem neurons, which receive convergent
input from TG neurons, could still maintain a degree of functional specialization
due to an imbalance in SA and RA-dominated TG inputs. Lateral inhibition, as
demonstrated in previous studies of brainstem nuclei [6], could further enhance
the ability of the system to accurately discriminate stimulus duration even with
some degree of pathway convergence. In the absence of evidence for complex,
non-linear processing within TG neurons from biophysical recordings, our model
suggests that the TG primarily functions as a linear integrator.

In conclusion, by employing multiple decoders trained to discriminate between
different stimulus durations, we demonstrated that segregating neural
activity into RA, SA1, and SA2 populations optimizes the encoding of distinct
stimulus dimensions. This finding underscores the functional significance of
mechanoreceptor differentiation: RA populations provide a rapid and reliable
detection of stimulus onset and offset, while SAT and SA2 populations encode
stimulus duration with a higher fidelity. Together, these results show that the
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parallel anatomical organization of mechanoreceptor pathways has computational
advantages in enabling the somatosensory system to simultaneously support both
rapid detection and detailed discrimination of tactile events.

Novel Sparse Decoder Network and Neuromorphic Applications

In addition to characterizing neural coding in the tactile periphery, we introduced
a novel sparse decoder network, MiPinet, inspired by biological neural network
architectures and gene regulatory networks. This network, with its sparse connectivity
and biologically-informed initialization, demonstrated accurate classification of
tactile stimuli with minimal training. The success of MiPinet paves the way for
neuromorphic applications in artificial touch sensing. The efficient performance
of this sparse decoder underscores the potential for developing computationally
efficient and biologically plausible artificial tactile systems that mimic the encoding
and decoding strategies employed by the somatosensory periphery.

Limitations and Future Directions: Towards a Comprehensive

Tactile Model

Our model, while providing valuable insights, incorporates several simplifications.
First, we modeled a one-to-one connectivity between mechanoreceptors and
TG neurons, although experimental evidence primarily supports this direct
connectivity, the possibility of convergence from multiple mechanoreceptors of
the same type onto a single TG neuron cannot be entirely excluded [27]. Second,
our classification of mechanoreceptors into SA1, SA2, RA subtypes, while reflecting
established categories, represents a simplification of the inherent heterogeneity
within mechanosensitive cells in the skin. Mechanoreceptor properties and
densities vary with location and depth within the skin, and cells classified under
the same subtype umbrella may still encode different aspects of tactile stimuli. For
instance, a cell exhibiting an SA1-like firing pattern in one skin region may respond
to a different stimulus property than an SA1 cell in another region. The activity
of Merkel cells at different depth within the whisker follicle is an example of this
different responses as shown by Furuta et al. [30]

Third, our mechanoreceptor dynamics were parameterized based on experimental
data from rats and validated against ramp-and-hold recording [28]. While the
fundamental biophysical properties and spiking activity patterns of mechanoreceptors
are broadly conserved across mammals [18, 14], including humans, direct validation
of model parameters with human data would be beneficial. Across mammalian
species, the same types of specialized mechanoreceptor structures (Merkel cells,
Ruffini corpuscles, Meissner corpuscles, etc.) are responsible for tactile encoding, and
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the SAT, SA2, and RA functional categories consistently emerge [18, 14]. However, the
distribution and density of these subtypes can vary across body parts and species,
reflecting adaptations to different tactile environments. While the appendices used
for tactile perception may vary (vibrissae in rodents, trunks in elephants, fingertips
in humans), the underlying architecture of the tactile system, based on these
fundamental mechanoreceptor types, remains conserved.

Fourth, our model omits pre-neuronal filtering of tactile stimuli by the skin and
surrounding tissues. In reality, the mechanical properties of the skin itself [39]
and structures like whiskers in rodents [40] play a significant role in shaping the
stimulus reaching mechanoreceptors. These pre-neuronal filtering mechanisms can
modify stimulus intensity, detection thresholds, and frequency sensitivity. While
these factors could shift the population response characteristics, the fundamental
relationship between the stimulus and mechanoreceptor firing patterns,
particularly in terms of adaptation dynamics and relative encoding of different
stimulus features, is likely to remain qualitatively similar.

Finally, our study focused primarily on encoding stimulus duration, representing
a limited dimensionality of the rich tactile world. Tactile perception encompasses
multiple stimulus dimensions, including frequency, amplitude, direction, and spatial
location, and these variables are often integrated and interact in complex ways. For
instance, the firing rate of SA2 receptors is influenced by both stimulus amplitude
and duration, such that an increase in either variable can result in increased firing,
potentially confounding decoders trained solely on duration discrimination.
Therefore, this study should be viewed as a foundational step towards a more
comprehensive model that incorporates the multi-dimensional nature of tactile
information and the interactions between different stimulus features in shaping
mechanoreceptor responses and perceptual outcomes. Future research should
extend this model to encompass these additional stimulus dimensions and explore
their integration within the tactile pathway to provide a complete understanding
of tactile processing.
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Supplemental figure 1 - We fitted the adaptive parameters of Adex neurons to the instantaneous
firing rate from SA1 and SA2 MCs population.
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Supplemental figure 2 - We trained the different decoders on the firing rate per neuron per
population on 10 000 data point. Over 10 epochs, 7500 datapoints were used for training,

2500 were used for testing.
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Supplemental Figure 3 - Once trained, we iterated through each stimulus condition and assessed the
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Randomly picked stimuli combination for training
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Supplemental Figure 4 - Heatmap representing for each pixel, the percentage time it was selected for
training for a dataset of 10000 points.

Table 1 - Parameters of the adaptive current for SA1 and SA2 population fitted to the instantaneous
firing rate from Sonekatsu and Gu 2019.

SA1 SA2
a 20.23 nS 46.11 nS
b 69.65 pA 321 pA

T 44.09 ms 1882.05 ms
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Chapter 4

From Physical Contact to Neural
Spiking: Modeling Tactile Perception in
the early stages of sensory processing
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Abstract

The sense of touch allows us to navigate and manipulate objects while interacting
with our environment. Through mechanotransduction, mechanoreceptors can
transform pressure into neural signals. This pressure can encode the shape,
direction, frequency, speed, or force of an object. Despite efforts to understand
sensory processing, the process through which the tactile system dissects a stimulus
to extract information about the environment remains elusive. We provide a model
of the early stages of the ascending somatosensory pathway connected to a 3D
model of a whisker (Whisklt). The model of the ascending somatosensory pathway
consists of three populations of mechanoreceptors responding to the forces
applied to the whisker, which sends feed-forward connections to the Trigeminal
Ganglion (TG), which is in turn connected to the brainstem (BS). We deflect the
virtual whisker and record the forces and torques at its base. Varying one parameter
at a time, we change the direction, amplitude of deflection, speed, and the point
on the whisker at which we deflect. Additionally, we positioned a pole at the tip of
the whisker and made it vibrate at different frequencies. Inputting the forces and
torques to the mechanoreceptors, we train different decoders on the neural activity
of each population to retrieve the stimulus identity and assess the quantity and
type of information transferred by each population on the different dimensions
of a touch stimulus. Through this approach, we demonstrate that while the neural
populations in the periphery carry information on all aspects of the stimuli, each
population is more informative on specific aspects of the stimulus and thus appears
to be specialized, allowing the sensory system to build upon the heterogeneity of
the mechanoreceptors to accurately represent all the ranges of tactile stimuli. This
discrepancy in the encoding of the different aspects of a touch stimulus is abolished
in the central nervous system as the connection from the touch cells converges to a
single structure, which leverages the information gathered by the receptors.
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Introduction

Tactile integration is necessary for navigation, object manipulation, and social
interactions [1]. Of all senses, tactile perception is at a peculiar place, as it matches
with the boundaries of our body, determining what belongs to us and what is
foreign, for the touch cells are embedded in our skin. Mechanoreceptors inform
the system on vibration, texture, pressure, or temperature [2], allowing the body to
interact with the environment

For rodents, the acquisition of accurate tactile information is a matter of life and death

as they live in dark and narrow spaces, leaving little to interpret for vision. To resolve
the nature of their environment, they rely on their vibrissae, attached to their snout,
which they can sweep around to gather information [3]. These sensitive appendages
take their root in a whisker follicle, paved with a variety of mechanosensitive cells that
transform tactile stimuli into neural information [4]. These mechanoreceptor cells
can be divided into several subtypes: Merkel cells exhibit an irregular firing pattern
and account for Slowly Adapting Type 1 (SA1) behavior [5], characterized by a sharp
increase of activity upon a stimulus onset and sharp decrease toward an irregular
spiking pattern when the stimulus is sustained. Ruffini corpuscles are associated
with Slowly Adapting Type 2 (SA2) behaviour, in which a sharp increase of activity is
witnessed upon stimulus onset and a slow decrease toward a plateau activity when
the stimulus is sustained. They are also sensitive to stretch [6]. Rapidly Adapting (RA)
cells, cells that show activity only during the transient part of a stimulus (onset and
offset), are divided between Meissner Corpuscles, sensitive to low-frequencies [6],
and Pacinian Corpuscles, which respond to high-frequencies and are therefore
sensitive to textures [6]. Relying on the information gathered by the touch-sensitive
cells, the sensorimotor pathway can identify tactile stimuli and react accordingly
through highly interconnected somatosensory and motor pathways [7].

Despite lots of efforts to investigate the neural code behind touch perception, little
is known about the role of the diverse mechanosensitive cells and structures that
send input to the cortex, mostly due to the difficulty of accessing and recording
such areas. To bridge this gap, we build upon a 3D whisker model [8], allowing
the manipulation of whiskers and accurate kinematics extraction at the basis of
the vibrissae, and connect it to a spiking neural network [9] composed of three
populations of mechanoreceptors (MCs): SA1, SA2, and RA. This network transmits
activity to a model of the trigeminal ganglion, which itself sends activity to a model
of the brainstem (nucleus principalis). These 4 nuclei form a complete model of the
early stages of the lemniscal pathway [10].
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Figure 1 - Schematic representation of the whisker-to-brainstem pathway and the response of
each population to a ramp-and-hold stimulus. Top-left - The modeled pathway going from the
whisker (red), to the TG (blue), to the brainstem (orange). Top-middle - A representation of the whisker
follicle with the mechanoreceptors (brown: SA1, purple: SA2, blue: RA) distributed within.
Top-left - Amplitude of whisker deflection in time (x-axis is time in ms and y-axis is amplitude (a.u.)).
Bottom - The plots represent the probability of each population to spike as a function of time, in
response to the plotted amplitude (Top-left). The y-axis is the probability to spike, the x-axis is the time
in ms. The three mechanoreceptor populations send a one-to-one connection to TG. Each neuron in
TG has a probability of 0.05 to send an excitatory connection to any neuron in BS. Each neuron in BS
has a probability of 0.05 to send an inhibitory connection to any other neuron in BS.

To investigate the roles of the different MCs in the encoding of tactile stimuli, we
move a virtual pole against a 3D whisker model. This movement of the pole varies
in its amplitude, speed, direction, and distance from the whisker basis. In addition,
we place the pole at the tip of the whisker and change the frequency at which
it vibrates. Next, we record the resulting neural activity from each population.



From Physical Contact to Neural Spiking | 135

Through such extensive manipulation and recording of simulated tactile stimuli,
we increase our insight into the neural code of touch perception, and we provide
a whisker-to-brainstem model that relies on the accurate modeling of whisker
kinematics and their conversion into neural codes. By training decoders on the
neural activity of the different populations, we quantify the information transfer
from whisker to cortex and assess the role taken by each population in the early
stages of tactile information. Through correlation calculations between the
firing rate of each neuron within each population, we show that the further the
information travels along the ascending pathway, the more decorrelated single
neuron activity becomes amongst the same population. Building on this finding,

we demonstrate that single-neuron activity is sufficient to train a Bayesian decoder.
Taken together, these results provide insight into the coding strategies of tactile
stimuli along the ascending sensory pathway.

Methods

In order to provide a full account of the somatosensory input the cortex receives
from the periphery, we connected an existing whisker model [8] to a neural
network model of the ascending pathway and recorded the resulting neural
activity resulting from different stimuli. We then trained different classifiers to
identify stimulus identities based on individual neuron firing rates and, in parallel,
quantified the information transferred through spike timing and firing rate. Finally,
we identified the neuron that transferred the most information for each stimulus in
each population and retrained the decoders on the activity of this neuron only, to
assess the portion of information carried by single neurons in the different layers of
the early somatosensory system.

Whisker stimulation

Virtual whiskers were stimulated with a virtual pole, using a ‘ramp and hold’
protocol. In such a protocol, a pole is pushed toward a whisker during a ramp-on
phase, held in position during a hold phase, and pulled back during a ramp-off
phase (Figure 1). Different parameters of such ramp and hold protocols were varied:
the maximum amplitude, direction, distance to whisker base, slope, and frequency
(Figure 2). For each set of stimuli, the same set of initial parameters was used:
for the first stimulus: The pole was positioned at 10 mm of the targeted whisker
and moved at a speed of 0.3 m/s, with an angle of 0° around the x-axis (along the
whisker). The amplitude of the stimulus was 1 mm, and it was held against the
whisker for 100 ms.
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For sets of stimuli where the maximum amplitude was varied, the maximum
amplitude was varied from 1 mm to 20 mm with a step of 1 mm (Figure 2). For sets
of stimuli where the direction was varied, the pole was oriented from 0° to 350°
with steps of 10° (Figure 2). For sets of stimuli where the distance to the whisker
basis was varied, we targeted each of the 20 links that compose the whisker once
(see —ref Whiskit paragraph and Figure 2). For sets of stimuli where the slope speed
was varied, the pole moved from 0.25 to 0.35 m/s with steps of 0.01 m/s (Figure 2).
Finally, for sets of stimuli where the frequency was varied, the pole was placed
against the last link of the whisker and vibrated with a frequency of 2 to 32 Hz with
steps of 2 Hz (Figure 2).

A ) B

Basaling Amplitude
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Figure 2 - Stimulus paradigm for whisker deflection. A - Baseline setup for whisker deflection:
A pole is pushed toward the whisker of the mouse, held in position, and moved back (ramp-and-hold).
B - From the baseline, we varied the amplitude of deflection. C - From the baseline, we varied the
distance between the pole and the whisker base. D - From the baseline, we varied the direction of the
pole around the whisker. E - From the baseline, we varied the speed of movement of the pole toward
the whisker. F - Frequency paradigm: The pole was held against the whisker and vibrated at a constant
frequency for one trial. Across trials, this frequency was changed
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Whisklt to neuron connection
The whisker was modelled using Whisklt, a whisker model publicly available
on GitHub.

Whisklt [8] is a physical model of whiskers relying on the Bullet3D physics engine. It
represents the head of a rat with whisker pads containing whiskers. Each whisker is
a beam discretized as 20 cylindrical elements connected by springs with different
elasticity and damping constants, fitted to reproduce real whisker dynamics.
The whiskers can thus be used to deduce the forces and torques applied to the
mechanoreceptors within the whisker follicle. We applied different sets of stimuli

to the whisker (varying in speed, force, frequency, direction, and distance to base
as described above) and communicated the bending moment to a Python script
through a socket (an endpoint allowing bidirectional communication within a
network) to extract the amplitude of the movement at the base of the whisker
through equation (1).

(1) amplitude(t) = /Mﬁ(t) + M2(t) , equation from Yang et al.,, (2016) [11]

Where My denotes the bending moment at the whisker basis around the y-axis,
and Mz denotes the bending moment at the whisker basis around the z-axis. We
define, in the equation above, the y-axis as oriented toward the top of the head of
the mouse, the z-axis toward its snout, and the x-axis toward the tip of the whisker.
Here, we assume that the moment along the x-axis has a negligible effect on the
base deflection and thus only consider the YZ moments. The resulting amplitude
was then converted to neural activity by our mechanoreceptor models.

Neuron model

We developed models of different mechanoreceptors that can be distinguished by
their adaptation rate, shaping their responses to stimuli. To accurately represent
these differences in adaptation rate, we relied on the Adaptive Exponential
Integrate-and-Fire (AdEx) model [12], which explicitly implements an adaptation
term, while offering a trade-off between computational efficiency and biological
realism. Moreover, extensive model fitting is not possible due to the scarcity of
recordings from mechanoreceptors.

AdEx neurons implement a negative feedback current W that increases after each
spike and converges logarithmically towards an upper bound. This increases the
time between each subsequent two spikes, thus allowing the model to reproduce
the adaptation profile observed in the different mechanoreceptors. By tuning the
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parameters of this adaptive current, the model can replicate the firing pattern of
RA and SA mechanoreceptors. The model is described by the following equations:

(2) dv/dt = (Iieax + Giear * Aen * eW = ven)/Aen — W + Iapp)/cm
(3) Lieak = Gieak * (Erear — V)
(4) dw/dt = (a * (v — Epar) — W)/t

Once the membrane potential v reaches a threshold V,: spike occurs, the

membrane potential is reset to its resting value v and the adaptive current

reset!
increases by a value b. In the absence of activity, the adaptive current decays to 0
with time constant t. We fitted the adaptation parameters (a, b, T) to biological
data from Sonekatsu and Gu, (2020) [13] as explained in the section Parameter

optimization for adaptation current.

Modeling mechanoreceptors

To simulate mechanoreceptor activation, we stimulated the AdEx models with a
continuous input current (Iapp) of 900 pA, modulated by a function specific to each
mechanoreceptor subtype. These functions, defined by equations (5), (6), and (7),

govern how stimuli are presented to the receptors based on their receptive fields.

To ensure a biologically accurate distribution of mechanoreceptors, we based our
model on the study of Johansson and Vallbo (1977) [14], which provides empirical
data on the density and types of mechanoreceptors in human glabrous skin. As
both the fingertip and whisker are used for fine discrimination of tactile stimuli,
we respected the same ratio of receptors. From a total population of 200 simulated
receptors, we assigned:

« 58 SA1 (Slowly Adapting Type 1) receptors
+ 30 SA2 (Slowly Adapting Type 2) receptors
+ 112 RA (Rapidly Adapting) receptors

Each receptor was individually connected to a corresponding neuron in TG, which
is a dummy layer composed of exponential integrate-and-fire neurons. This one-
to-one connectivity ensured that each mechanoreceptor's output was directly
relayed to a neuron in the trigeminal ganglion (TG) layer, which acts as a central
relay integrating tactile information.
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The TG layer consisted of 200 neurons, each receiving input from a single
mechanoreceptor. To maintain a direct and efficient encoding of the activity of the
mechanoreceptors, we assigned a synaptic weight between each mechanoreceptor
and TG neuron, such that each action potential in a receptor depolarized the
corresponding TG neuron by 25 mV. This depolarization was sufficient to reach
the threshold for action potential generation, ensuring that each spike in a
mechanoreceptor resulted in a spike in the corresponding TG neuron (see Figure 1).
This approach allows the model to preserve the spatiotemporal fidelity of
mechanoreceptive signals while simplifying the computational structure, making it
suitable for large-scale simulations of tactile processing.

To ensure that the receptive fields of the mechanoreceptors cover the entire
space surrounding each whisker in the follicle, the receptive field of each
mechanoreceptor was modelled as a cosine-shaped bump:

(5)Ii = (cos(d: —p;), with t €T, the duration of the simulation.

where d, is direction of whisker deflection at time t, is the position of
mechanoreceptori, andl;; €[0; 1]is the direction selectivity of mechanoreceptoriat
time t. The parameter that gives each receptor's maximum response, I;; was unique
for each receptor and was drawn from a Gaussian distribution centered around
0 degrees (toward the snout of the mouse) and 180 degrees (toward the tail of the
mouse) with a standard deviation of 90 degrees.

SA1

SA1 receptors respond primarily to stimulus direction and are poorly modulated
by the amplitude of whisker deflection [15, 6, 4, 16]. Therefore, for SA1 receptors,
we assume an ON/OFF relationship to differences in amplitude, described by the
Heaviside function H (t), that is, the stimulus current l,pp is Multiplied by 1 if there is a
stimulus and 0 otherwise. The activation threshold was hand-tuned and set to 0.01 :

(5) Iapp, = (900 pA * H(t)) * I; with t € T, the duration of the simulation, and i is
the id of the mechanoreceptor.

(6) H(t) :== {0,amplitude(t) = 0.01; 1,amplitude(t) < 0.01}
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SA2

SA2 receptors are sensitive to direction and amplitude of whisker deflection [15, 6, 4, 16],
We therefore assumed a logarithmic relationship between the response intensity and
the stimulus amplitude:

(7) Lapp, = (900 pA + log(1 + 2 * amplitude(t))) * I; with t € T, the duration of the
simulation, and i is the id of the mechanoreceptor.

RA

We assume that RA receptors are sensitive to a switch in amplitude [15, 6, 4, 16]:

(8) Ipp, = (900 pA = log (amplitude(t) / amplitude(t — 1)) = I; witht €T, the duration
of the simulation, and i is the id of the mechanoreceptor.

Parameter Optimization for Adaptation Current

To fine-tune the adaptation parameters for each receptor model, we used a
Covariance Matrix Adaptation Evolution Strategy (CMA-ES) [17], an advanced
evolutionary algorithm that iteratively adjusts parameters based on covariance
relationships with an objective function. In our case, the objective function was
the mean squared error (MSE) between the model’s predicted firing rates (number
of spikes per timestep of 1 ms) and biological data. The parameters optimized
included a, b, and T (equations (2-4)), which define the adaptation dynamics of the
mechanoreceptor model.

We implemented CMA-ES using the cmaes Python library, leveraging its robust
global optimization capabilities. The algorithm estimated the best-fit parameters by
minimizing the error between our model's predicted instantaneous firing rate and
experimental data obtained from Sonekatsu and Gu (2019) [13], as a response to a
ramp-and-hold stimulus, with a duration of 2000 ms, and both ramp-on and ramp-
off lasting 100 ms. The instantaneous firing rate was computed as the reciprocal of
the interspike interval (ISl), also known as the instantaneous frequency. The fitting
procedure was conducted as follows:

« SAT1 mechanoreceptor models were optimized to match experimental data from
Supplemental Figure 1.

« SA2 mechanoreceptor models were optimized to fit Supplemental Figure 1.

« RA mechanoreceptors lacked sufficient data points for a reliable automated
fitting procedure. Instead, we manually hand-tuned the adaptation parameters
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to achieve the expected rapid adaptation behavior, ensuring a transient response
to sustained stimuli.

The model was validated against responses to a ramp-and-hold stimulus (see Figure 1),
which is commonly used to characterize mechanoreceptor adaptation dynamics.

The full implementation of our parameter optimization pipeline, including the
CMA-ES code and data, is available on GitHub: Neural Population Optimization
with CMA-ES.

Trigeminal Ganglion and Brainstem

The three populations of mechanoreceptors (SA1, SA2, and RA) were connected
in a one-to-one fashion to a model of Trigeminal Ganglions (TG) composed of
200 neurons, which in turn sends feed-forward connections to the brainstem (BS)
with a probability of p=0.005 for a connection between neurons to exist. BS sent
lateral random inhibitory connections with a probability of p = 0.005 for a connection
to exist. Each BS neuron was modeled as an exponential integrate and fire (EIF)
neuron described by the following equations:

(9) dv/dt'L = (Ileak +gleak * Ath * e(V—Vrh)/Ath)/Cm

(10) Lieak = Gieak * (Erear — V)

Each spike from a presynaptic BS neuron triggers an increase of 25 mV for
the following dt=1*ms in the post-synaptic BS neuron in case of an excitatory
connection or a decrease of 25 mV in case of an inhibitory one. The parameters can
be found in supplementary table 1.

Decoding

We extracted the number of spikes per neuron per stimulus for each population
and trained decoders to identify the stimulus within a given set, e.i. the value of
the applied amplitude, direction, frequency, etc... We implemented three different
classifiers using the Scikit-learn (Sklearn) library [18] and evaluated the different
decoding strategies:

1. Linear Classifier — Ridge Classifier (linear_model.RidgeClassifier()):
« A linear classifier that assumes a simple weighted sum of neural activity
can predict stimulus labels.
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2. MultilayerPerceptron(MLP)-NeuralNetworkClassifier(neural_network.MLPClassifier()):
- A more flexible, universal approximator, non-linear classifier that can learn
complex relationships between neural firing rates and stimulus duration.
3. Bayesian Classifier — Naive Bayes (naive_bayes.GaussianNB()):
« A probabilistic approach that assumes independence between neurons
and classifies based on Gaussian-distributed spike counts.

We also trained each decoder on the firing rate per stimulus of a single most
informative neuron for each population.

To assess whether a single neuron could encode the stimulus or if the encoding
relied on population synergy in each layer of the network, we computed the
Pearson correlation across single neurons' firing rate within each population in
response to each varied parameter of the tactile stimulus.

Information quantification

Next, we wanted to assess the information transferred by each neuron and each
population about the stimulus. For each component of the tactile stimulus
(amplitude, direction, slope speed, frequency, and distance to basis, Figure 2), we
computed the mutual information between the stimulus and neural activity based
on the Shannon entropy:

MI(X,Y) = HX) — HX|Y),

With H being the Shannon entropy, X the distribution of the number of spikes for
a given population or a given neuron (number of times a specific number of spikes
has been seen), and Y the distribution of the stimulus (number of times a specific
stimulus has been seen). No bias correction was applied to the mutual information
(MI) calculation. Although this might seem unexpected for biological data, our
analysis concerns a deterministic model: for a given stimulus, the neural response
is always identical. Consequently, subsampling bias cannot occur. The absence of
noise ensures a single possible output for each stimulus, though distinct stimuli
can converge onto the same neural representation. In such cases, the conditional
input entropy given the output, H(X|Y), may be smaller than the input entropy
H(X), since two stimuli x and x" can produce the same output y. Nevertheless, the
mapping remains deterministic: whenever x or x’ is presented, the same response
y will occur. For these reasons, bias correction was not required in our Ml estimates.
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This was performed between the stimulus and the firing rate of every neuron, the
stimulus and the firing rate of each population, as well as between the stimulus and
the firing rate of the brainstem activity with and without inhibition. We identified
the most informative neuron within each population as the neuron for which Ml is
closest to the entropy of the stimulus.

Correlation

To analyze redundancy within the network, we computed the Pearson correlation
between the firing rate of each neuron within a population across the entire
stimulus duration. This was done through the following equation:

Ziv (xi =my) * (yi —my)

2 wmoresF oi-mye

(11) r(xy) =

With m, the mean of vector x; and m, the mean of vector y;, with x;, the firing
rate of neuron x in response to stimulus i, and y;, the firing rate of neuron y in
response to stimulus i. N is the number of stimuli presented to the network for a
given parameter, modified from the baseline.

Results

To analyze the information flow in the early stages of the whisker system, we
built a three-layer network with three input populations consisting of different
types of mechanoreceptors. We verified the ability of each population to transmit
information through the usage of decoders. We then unveiled the coding strategies
of the various populations by computing the mutual information between the firing
rate of each neuron within a population and a stimulus, as well as the correlation
across the activity of each neuron Here we describe the results of this procedure.

Model fitting of mechanoreceptors to a ramp-and-hold stimulus

To develop models of different types of mechanoreceptors (SA1, SA2, and RA), we
fitted the adaptation parameters of the Adaptive Exponential Integrate-and-Fire
(AdEx) model [12] to the activity of these receptor types recorded by Sonekatsu and
Gu (2021) [13] (see section Parameter optimization for adaptation current in the
Methods for details on the procedure). These mechanoreceptor populations are the
input layer of the network. Therefore, we made them sensitive to the amplitude and
direction of whisker deflection, as every parameter that comprises a tactile stimulus
results ultimately in different directions and amplitudes of whisker deflection. The
remaining layers of the network were modelled as simple Exponential Integrate-
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and-fire (EIF) neurons, without adaptation. Through the application of a ramp and
hold whisker deflection, we see the population activity increasing in SA1, and
SA2 during the entire stimulus and RA during the transient phase. This activity
propagates to TG and BS. The dynamics of this activity compared to the recordings
by Minnery and Simons in 2003 [19]. After developing the model by fitting
population responses to recordings of neural population responses to a simple
stimulus, we connected the network to a virtual whisker model (Whisklt model [8]).
While the movement of the pole against the virtual whisker was made to perform
a ramp and hold stimulus as well, the resulting bending moment of the whisker at
its basis was far noisier than the ideal amplitude applied in Figure 1, as the elastic
nature of the vibrissa makes the tip oscillate during the entire simulation (Figure 2).
Nonetheless, the movement of the whisker could still produce activity within
the network. In the next section, we will discuss how the spiking activity spreads
from the mechanoreceptors to the brainstem and how it varies depending on the
properties of the stimulus.

The model's response to deflection of the virtual whisker

The responses of the different modelled neural populations fluctuate depending
on the stimulus properties. Here, we will assess how different parameters of the
stimulus impact the population activity of the network. To do that, we applied a
ramp-and-hold stimulus to a virtual whisker, and modified one parameter at a time
such as amplitude of deflection, distance of the pole to the whisker base, direction
of deflection, speed of deflection, and frequency of vibration at the tip of the
whisker (Figure 2).

We first assessed if changes in the amplitude of whisker deflection change
the responses of all neurons: a stronger amplitude increases the activity of all
populations of neurons. Particularly, the activity of the SA2 population shows a
striking increase as its response goes from silence for a small amplitude stimulus to
the most active type of mechanoreceptor for a high amplitude stimulus (Figure 3).
By design, the TG response is a weighted sum of the afferent population, and its
one-to-one connectivity to the different mechanoreceptors is visible in the raster
plot, as we can identify three distinct population activity within TG. In the BS, the
spike pattern appears noisy, it is not easy to distinguish which mechanoreceptor
population is responsible for the activation of a given neuron (Figure 3).

A second stimulus property we varied was the distance of the pole to the basis of
the whisker (Figure 2). The variation of this distance to the base also highly impacts
the firing rate of the SA2 population and its upstream populations (TG and BS).
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The closer to the whisker basis the pole is, the less dampening happens and thus
the stronger the amplitude appears, as shown in the bottom plot (Supplemental
figure 2). In other words, decreasing the whisker basis to pole distance increases
the population activities of SA2, TG, and BS. For this particular stimulus, we see an
impact of inhibition, as it appears that for an amplitude further from the whisker
basis, without inhibition, BS would keep spiking. For a stimulus at the whisker
basis, the activity of the BS is reduced after stimulus presentation compared to BS
without inhibition, which keeps firing even after the ramp-off. The firing rates of
SA1 and RA seem to be rather unimpacted by this parameter, although the timing
of the activity changes.

The frequency of vibration has an impact on the activity of SAT and RA, as well
as that of TG and BS. At first glance, it seems that the SA1 population is the
population that tracks the frequency the best and transmits this information to the
following layers.

The fourth stimulus property that was varied was the direction of the pole
movement (Figure 2). The variation of the pole direction doesn’t seem to impact
the firing rate of the different populations, but does change the raster plot.

Finally, the speed of whisker deflection highly impacts RA neurons' firing patterns,
while the other population seems rather unchanged.

From the raster plots and the population activities, we can already see that
some populations preferentially respond to different properties of the stimulus.
This interaction between the stimulus properties and the population responses
promises that at least some information regarding these properties will be present
within the system, as each of them produced a shift in the neural activity. To unveil
the specificity of these preferences within the network, one would need to assess
the decoding capacity of the readout provided by the populations.
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Figure 3 - Population response to two amplitudes. Top to bottom: Raster plot of neural activity from
SA1, SA2, RA, TG, BS with inhibition, and BS without inhibition, as a response to the stimulus plotted
at the bottom. For each raster plot, the y-axis is the neuron ID, and the x-axis is the time in ms. The
red line is the number of spikes as a function of time, in which case the y-axis is the number of spikes.
Bottom plot - The amplitude extracted from the whisker basis resulting from a whisker deflection of
1 (left) and 18 (right).
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The stimulus identity can be decoded from neural activity in

each population

The population responses are informative about the stimulus and can be grasped
by all decoders.

In Figure 3, we show the decoding performance of decoders trained on the
firing rate per neuron within a population to distinguish the values of amplitude,
direction, distance to basis, frequency, and slope speed. By reaching 1.0 (i.e., perfect
accuracy), the decoders demonstrate that not only are they capable of training on
each population activity, but also that most of the populations, with the exception
that we will discuss later, are informative about all aspects of the stimulus. The
exception is SA2, while it seems to be informative about amplitude, direction, and
distance to the basis of the whisker, slope speed, and frequency seem to have little
to no effect on the population activity. Furthermore, even when SA2 is informative,
the maximum accuracy isn't reached by all decoders, thus, it seems that the
relationship between single neuron firing rate within SA2 and stimulus parameters
is the hardest to grasp for the decoders.

After showing that the firing rate per neuron could be used to decode the stimulus
properties, we aimed to find the encoding strategy within the different populations,
asking whether the whole population bears information about the stimulus or
if it is diffused in the “happy few” neurons. To answer this question, we assessed
information transfer through MI calculation and quantified the overlap of neural
activity with the Pearson coefficient.

A single mechanoreceptor bears more information about the
stimulus than a single neuron in the brainstem

Discrepancy in information transfer amongst single neurons within a population
reduces the further we look into the ascending somatosensory pathway.

In Figure 4, we plotted the mutual information computed from the rate of single
neurons per population along the entire duration of the stimulus. We see that a
single neuron from SA1 and TG encodes amplitude and distance to basis, and almost
reaches the entropy of the stimulus for both these properties. Direction, frequency,
and slope speed seem to be spread more evenly amongst the populations. The MI
calculation also demonstrates that the population rate is always more informative
than individual neurons, and increases to reach its maximum value in the brainstem.
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The decrease in information transfer by a single neuron within a population and
the increase in Ml at the level of population rate tend to show a shift from single
neuron coding to population coding, as the information appears to be more evenly

distributed amongst the different neurons, as the variance of the MI decreases
in BS.

XY i
o —

/Eﬁ"'
P
W
W \ / ', ! k) s \ L
X 4 Ny y Ay . / e L \\ L
B — —_-_.é;ill"ll.l é%""— "’E;Illb 8 —BSinhb [ — ’E/Smllb [ p— "'E‘g inhi

Figure 4 - Decoding accuracy per population per stimulus property. Each row corresponds to a
different decoder (top to bottom: linear, Bayesian, and MLP). Each column represents the parameters that
we changed and asked the decoder to identify. Each radar plot represents the decoder accuracy when
trained on the different population activity (SA1, SA2, RA, TG, BS, BS inhib). The accuracy goes from 0
(none of the applied stimuli were correctly labeled by the decoders) to 1.0 (all applied stimuli were
correctly labeled). The blue line represents the accuracy of each decoder trained on each population.

Correlation across neurons’ firing rate decreases between the
periphery and the brainstem

To analyze the shift of the coding strategy discussed above, we computed the Pearson
correlation coefficient between the firing rate of a single neuron within a population
with the idea that decorrelation of neural activity meant less overlap in their response
to a given stimulus, thus maximizing the coverage of the stimulus range.

The results shown in Figure 5 demonstrate that while the minimal correlation is not
always at the brainstem level, the maximum value is always reached in the periphery.
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Figure 5 - Mutual information between firing rate at the single neuron within a population
(violin plot), population level (scatter), and the stimulus. Each row corresponds to one parameter
of the whisker simulation that was changed (top to bottom: Amplitude of deflection, direction of
deflection, distance between the pole and the whisker basis, frequency of vibration for the pole at the
tip of the whisker, and speed of the pole toward the whisker). The x-axis represents the different
populations of neurons, the y-axis represents the information in bits. The blue dashed lines represent
the entropy of the stimulus (calculated based on the different values applied). The dots correspond to
the MI between the distribution of the stimulus and the distribution of the firing rate for an entire
population. The violin plot represents the Ml calculated between the distribution of the stimulus and
the distribution of the firing of each neuron within a population.

The low correlation can be linked to a low encoding of the studied parameter. For
instance, the correlation in SA1 for the distance to the basis is low, but together
with the result presented in Figure 4, we see that this population poorly encodes
the position of the stimulus along the whisker. With this consideration in mind, we
see that BS always offers the best readout in terms of MI with the lowest correlation
amongst its neurons. Again, when considering the distance to the basis of the whisker,
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Figure 6 - The correlation across neuron firing rate within a population decorrelates in the
brainstem. The radar plot represents the correlation between the firing rate of each neuron within the
population. The populations are represented around the circle, while the axis represents the Pearson
correlation. The solid blue line is the average correlation amongst neurons'firing rate within a population.
The faded blue areas represent the standard deviation of the correlation amongst neurons' firing rate

within a population. Each radar plot corresponds to a different property of the whisker simulation.
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we can also notice that inhibition seems to decrease the correlation within the
population. The lack of effect of inhibition for the other parameters can be due to the
small inhibition probability that we used (Figure 1, p=0.05) or to the huge difference
between the tested stimuli.

Taken together, these results and the information transfer calculation seem to show
that the encoding strategy within the network goes from a single neuron in the
periphery encoding to population encoding in the central nervous system through
the decorrelation of neural activity. Here we show that decorrelation occurs at the
very entrance of the nervous system.

A single neuron is sufficient for a Bayesian decoder to retrieve the
stimulus identity

A single neuron can accurately represent the stimulus, and its response is sufficient
to decode its identity.

After analyzing the MI within each population, we selected the most informative
neuron about the stimulus (e.i, highest MI). We then used its responses (firing
rate) to the different stimuli to train the decoders (Figure 6). While the results of
the training are poor for linear decoders and MLP, we see that the naive Bayesian
decoders are capable of grasping the relationship between the activity of the neuron
and the identity of the stimulus. In particular, we see that the decoder could learn
the amplitude from TG and SA2 activity, Direction from all populations except SA2,
Distance to basis from all populations except SA1, Frequency from RA and BS, with
and without inhibition, and finally slope speed from every population except SA2
and SA1. These results demonstrate that a single neuron can be used to decode the
stimulus properties.

Despite a decrease in correlation between the neuron’s firing rate within a
population and MI in a single neuron within the brainstem, it seems that the
amount of information retained at the single unit level is still sufficient to decode
the stimulus properly to the extent that BS contains, for most of the properties
discussed in this paper, the most reliable neuron within the network to decode
from (Figure 7).
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Figure 7 - Accuracy of decoders trained on the firing rate of the most informative neuron per
population. Each row corresponds to a decoder (top to bottom: Linear, Bayes, MLP). Each column
corresponds to a parameter that is varied from the baseline. Each radar plot represents the accuracy of
a decoder relying on a single most informative neuron. The axis represents the accuracy, ranging from
0 (no stimuli were correctly identified) to 1 (all stimuli were correctly identified). Around the radar plot
are the populations from which the most informative neuron is drawn.

Discussion

We created a model of early tactile integration stages composed of a whisker model [8],
3 types of mechanoreceptors, the first-order sensory neurons (TG), and the brainstem,
building upon the neural network introduced previously [Rault et al., in prep]. This
model could reliably respond to different shifts in tactile stimuli that were applied to
the modeled whisker, despite being fitted on a simplified version of a ramp-and-hold
stimulus. The classification demonstrated that each population bears information
about the stimuli even at the single-neuron level. However, the information sent by
a single neuron decreased in the latest stage of the network due to the decorrelation
of activity across the single unit. This shows a switch of the encoding strategy from
single neuron coding to population coding.

Validity of the model

We developed the first model of the early whisker pathway comprising a whisker
model [8], three mechanoreceptor classes (SA1, SA2, RA), first-order trigeminal
ganglion (TG) neurons, and brainstem neurons, building on a previously introduced
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neural network [9]. In response to a ramp-and-hold whisker deflection, the model
reproduces the stereotyped TG and brainstem response profiles reported in vivo: brief,
high-amplitude bursts at stimulus onset and offset with a lower-amplitude sustained
response during the hold period [19] and reproduced in previous models [20].
In the model, these onset/offset transients arise from near-synchronous
activation within the receptor populations, which is relayed to TG and preserved
in brainstem outputs. Although our simulations terminate at the brainstem, the
resulting temporally synchronized bursts are expected to drive correspondingly
synchronous thalamic volleys. Prior work has shown that such thalamic synchrony
is a key precondition for cortical damping in barrel cortex—i.e., a net suppressive

transformation produced by the timing-dependent interplay of strong feedforward/
recurrent inhibition and excitatory drive—yielding reduced cortical activity relative
to thalamus and sharpened spatiotemporal selectivity [21, 22]. Thus, the lower-stage
synchrony emerging in our network provides a mechanistic substrate that could, in
downstream stages, evoke the timing-gated cortical damping described by these
studies. Our model reliably responds to different changes in tactile stimuli (Figure 2)
that were applied to the modeled whisker, although the properties of the neural
population were not fitted to responses to such tactile stimuli, but to the recorded
response to a simple version of a ramp-and-hold stimulus. The resulting activity is
consistent with experimental observations in early stages of the pathway, including
mechanoreceptors, trigeminal ganglion, and brainstem neurons [19]. Thus, the model
provides a biologically grounded output that can be used as input to the subsequent
thalamic stage, setting the conditions under which classically described thalamocortical
transformations—such as the cortical damping effect—can emerge.

Presence of oscillations in the stimulus (preneuronal filtering)

The model was fitted to a simple ramp-and-hold stimulus, not taking into account the
oscillations presented by the whisker model. This changes the dynamics of adaptation
of the different receptors and might produce a different encoding strategy within the
periphery. However, the whisker is not constrained by the elastic properties of the
follicles as it is in biology, which can dampen the oscillations and act as pre-neuronal
filtering as it occurs to certain frequencies in the human hand [23], thus, we have no
guarantees that in real animals, the oscillations remain that strong. In this case, the
sensitivity of the MCs to the oscillations may be overestimated by the current model.
The model of the whisker follicle proposed by [24], considering the variable elasticity
within the follicle, showed that the whisker shape changes within the follicle. This
results in the MCs receiving different pressures along the depth of the whisker. To
improve the model, one could implement the follicle resistance as well as the spatial
distribution in the depth of the whisker.
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Oscillation effect on RA activity

Among mechanoreceptors, RA units are particularly affected by whisker oscillations:
their transient responses can appear not only during the ramp phase but also
during the hold phase, depending on oscillation strength. As a result, RA activity can
resemble either Rapidly Adapting type | (RAI) or type Il (RAIl) patterns, making the two
response types indistinguishable in the absence of oscillatory stimulation. In their
study, Sonekatsu and Gu [13] directly recorded from isolated follicles; this preparation
may have altered tissue elasticity, dampening oscillations and thereby masking
differences between RA responses—potentially explaining why they did not observe
RAIl mechanoreceptors. This interpretation suggests that the apparent distinction
between RAIl and RAIl is not an intrinsic receptor property, but rather emerges from
follicle position and the mechanical filtering imposed by follicular tissue.

From single neuron coding to population coding

Despite these changes in the dynamics of the stimulus between the ideal ramp-
and-hold and the modeled one, the neural population was able to respond to the
different variations within the stimulus parameter, to the extent that, besides SAll,
the stimulus identity could be recovered by every population. SAIl inaccuracy is
mainly due to its sensitivity to amplitude, as its threshold of activation is higher
than the other receptors [9]. Thus, for the various frequencies and slope speeds,
SAIll didn't produce any spike, hence the inability of the decoders to identify the
stimulus correctly, although its activity was the most informative about amplitude.

When looking at the details of how the information is transmitted within the
network, we notice that the population rate is always more informative than the
single unit rate. This remains true for every stimulus tested in this experiment.
Nevertheless, the MI calculation shows that a single neuron’s activity is highly
variable in the periphery and is closest to the entropy of the stimulus, showing that
a single unit is capable of grasping most of the information contained within the
stimulus. This does not hold in the brainstem, as the information transferred by each
neuron is less variable and globally smaller than in the periphery. An explanation
for this would be an increase in the complexification of the response of a single unit
in the central nervous [25] system, similar to what has been witnessed in the visual
pathway, going from center-surround responses [26] to edge orientation [27]. This
shall result in a decorrelation of the neural activity [28]. In conclusion, our analyses
reveal a previously unreported shift in coding strategy along the tactile pathway: in
the periphery, the activity of individual mechanoreceptors shows a nearly saturated
amount of information about the stimulus, whereas in the brainstem, single-unit
responses lose informativeness and decoding instead relies on population-level
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activity. This transition from single-neuron to population coding, demonstrated
here for the first time at the brainstem level in the whisker system, underscores the
role of this structure as the stage where tactile information becomes decorrelated
and redistributed across neurons to support higher-level processing.

Further decorrelation in the ascending pathway

The correlation calculation performed here has shown that the most correlated
populations within the periphery were, unsurprisingly, the most reliable for the
decoders to learn from, and the most informative from an MI perspective. Thus,
SAll is highly informative and highly correlated when considering amplitude and

slope speed. The relationship between MI, correlation, and the stimulus properties
is less clear when studying other parameters such as direction (encoded by all
receptors), and frequency and distance to basis that most likely have a non-linear
relationship to the firing rate. Nevertheless, the decrease in correlation within the
central nervous system remains consistent across the different parameters [28].
When considered together, the correlation and Ml calculation seem to show a shift
in the coding strategies, moving from single neuron coding to population coding
as early as within the brainstem, the very input of the CNS.

On the importance of the periphery

If the previous observation holds, tracking the stimulus in the nervous system
becomes more and more complicated the deeper we go along the ascending
somatosensory pathway as the neural response becomes more and more specific.
Thus, to encode a stimulus, the deeper the structure, the more neurons need to
be recruited to encode a percept. This brings complexity in several ways. First, the
neurons representing the stimulus are not guaranteed to be spatially clustered
together nor to receive the same input. Second, the decorrelation and lateral
inhibition sharpen the receptive field and make the neuron more specific, thus,
the percept relies on the activity of more neurons the deeper you go within the
network. Third, these neurons receive pre-processed information on the stimulus as
each neuron and synapses act at least as a low-pass filter; hence, more assumption
needs to be made on the nature of the computation within the lower structure of
the brain. These observations stress the importance of understanding the periphery
as the closer to the periphery the stimulation is, the more reliable the percept will
be. Thus, the primary afferent sensory neuron should be considered the primary
target for sensory neuroprosthetics.
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Supplemental materials

Supplemental Table 1 - Parameter values of the Adex model [11] for SA1, SA2, and RA receptors as
well as parameters for the elif neurons model for TG and BS.

Parameters SA1 SA2 RA TG and BS
a 20.24nS 46.11nS 59.1nS

b 69.65pA  321pA 8653 pA

T 44.09ms  1882.05ms 1890.10 ms

Ejeak —50 mV

Ven -30mV

Vyeset —45mV

Cm —0.1nF

Yieak 10nS

Aen 5mV

Supplemental Table 2 - Set of parameters used for whisker deflection simulation. For each set
of stimuli, the same set of initial parameters was used: The pole was positioned at 10 mm from the
targeted whisker and moved at a speed of 0.3 m/s, with an angle of 0° around the x-axis (along the
whisker). The amplitude of the stimulus was 1 mm, and it was held against the whisker for 100 ms at
the 10th link of the whisker (middle). Then, only one of these parameters was changed, as shown in
the table above.

Amplitude of Direction of Position of Velocity of Frequency of
deflection deflection deflection along deflection vibration at
the whisker the tip
Range of Tmm to 22 0°to 350°(10°)  1stlink -20th 0.25m/sto 2Hzto32Hz
simulation: min ~ mm (1Tmm) link (1) 0.35m/s (2Hz)

to max (step) (0.01m/s)
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Supplemental Figure 1 - Population responses and raster plot to a direction of 0 degrees and 170 degrees.
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Supplemental Figure 11 - Learning curve for whole population on direction decoding.
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From Vibrissae to Cortex:

A Computational Model of
Whisker-Based Sensory Signal
Integration in the Ascending
Somatosensory Pathway
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Abstract

Extracting and integrating sensory information is crucial for interacting with
our environment. While cortical processing of touch is heavily studied, the
contributions of subcortical structures in the ascending somatosensory pathway
are often underestimated. We developed a computational model of the rodent
whisker pathway, simulating signal transmission from a virtual whisker (Whisklt)
driving distinct mechanoreceptor populations (SA1, SA2, RA), through the
trigeminal ganglion, brainstem, thalamus, and into interconnected excitatory and
inhibitory populations within cortical layers (L4-L2). By applying a wide range of
whisker stimuli (varying deflection direction, force, speed, location, and vibration
frequency) and employing decoders alongside information-theoretic measures,
we quantitatively assessed stimulus representation and information flow at
each stage. Our results reveal significant subcortical processing. Information
transfer, measured at both single-neuron and population levels, peaks sharply in
the thalamus, coinciding with signal decorrelation, before declining notably in
subsequent cortical layers. Similarly, decoding accuracy diminishes progressively
through the cortical hierarchy compared to the thalamus. This strongly suggests
the ascending pathway, particularly the thalamus, performs substantial integration
and optimization, actively transforming signals rather than acting as simple relays.
Consequently, the cortex may not aim solely for the highest fidelity stimulus
representation but rather for features extracted through this subcortical refinement.
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Introduction

The tactile system allows us to navigate our environment, manipulate objects, and
engage in social interactions [1] through responses to pressure, vibration, and
heat. The importance of the sense of touch is illustrated by the abandonment of a
prosthesis resulting from the lack of tactile feedback for upper-limb amputees [2],
making the movement of the prosthesis imprecise, object manipulation tedious,
and the prosthetics requiring the whole attention of the patients at all times.
Tackling the lack of sensory feedback is a logical step forward in the improvement
of artificial limbs. While some solutions have been proposed, they do not rely on
biologically plausible feedback, rather, they make use of different vibration patterns
applied on the skin, correlated with a stimulus [3]. This approach, while improving
the ease to use a prosthetic, still requires learning. To alleviate this shortcoming,

taking a bio-inspired approach to sensory stimulation through the study of the
somatosensory system is required.

The tactile system has been extensively studied anatomically [4] and functionally [5],
particularly the whisker system of the rodent, as the information from a single
whisker is easily tracked through the entire ascending pathway because of its
topographical organisation [6]. On top of that, the easy manipulation of vibrissae
allows for a fine control of different properties of the incoming input (i.e. whisker
deflections). Together, these properties of the whisker system make coverage of the
stimulus dimensions (whisker deflections) easy to link with neural representations.
While the focus has been on cortical representations and modelization [7], the earlier
structures along the ascending somatosensory pathway are often overlooked and
considered simple relay stations. However, the complex connectivity of the ascending
somatosensory pathway [8] and the heterogeneous population of touch cells [9]
suggest that complex information processing already occurs at the earlier stages of
this system. Therefore, a more in-depth study of the entire pathway from touch cells
to the cortex is needed. Here, we propose such a study. We develop a model of the
ascending lemniscal somatosensory pathway, of the whisker system [10, 11, 12], in
order to quantify the information processing of the early tactile system.

A tactile stimulus enters the central nervous system by activating touch cells,
which can be functionally separated into three populations, based on the adaptive
properties of a response to a sustained stimulus [13]: Slowly Adaptive Type 1 (SA1)
receptors, with a sharp increase of their activity at the onset of a stimulus and a
sharp activity decrease towards a low plateau and irregular activity during a
sustained stimulus; Slowly Adaptive Type 2 (SA2) receptors, that show an increase of
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activity before slowly decaying toward an activity plateau which is higher than that
of SA1 receptors during a sustained stimulus; and Rapidly Adapting (RA) receptors,
which exhibit activity only during the onset and offset of a stimulus. Therefore, our
network’s input layer consists of three neural populations mimicking these adaptive
properties of the mechanoreceptors. Next, the stimulus information propagates to
the Trigeminal Ganglion (TG), before entering the lemniscal pathway. From the TG, the
activity propagates to the brainstem (BS), in particular the PrV (nucleus principalis).
From PrV, it propagates to the thalamus (TC), in particular to the lemniscal pathway
VPM (ventral posteromedial nucleus). From VPM, the activity reaches layer 4 (L4) of
the somatosensory cortex, first the barrel field of the somatosensory cortex (bfd),
then layer 3 (L3), and it ends its course in layer 2 (L2) in our model. Our network
reproduces the architecture of the lemniscal pathway [10, 11, 12] together with the
periphery of the whisker system.

Using the 3D whisker model of Zweifel and colleagues (2021) [14], which allows a
fine control of whisker movements, we model the forces exerted at the base of a
whisker and use these as input to our mechanoreceptor populations. This allows us
to record neural activity as a response to various types of whisker deflections, where
we manipulate the direction, amplitude, speed and application position along the
whisker of the deflection. Additionally, we position a pole at the tip of the virtual
whisker and make it vibrate at different frequencies. Through the manipulation of
these 5 parameters and the recording of the resulting neural responses for each
population, we assess the encoding capacity of tactile stimulus for each structure in
the lemniscal pathway. To do so, we decode the different stimulus identities (i.e, we
decode the amplitude of deflection amongst other applied amplitude, direction of
deflection amongst other direction of deflection, etc.) based on the neural activity
of each population, compute the mutual information between the stimulus and
either single neurons' or population firing rates, analyze the correlations between
pairs of single neuron firing rates amongst each population, and train decoders
on the single most informative neuron of each population. We find that the neural
activity from each layers of the network allows the different decoders to identify a
stimulus, that the transferred information and decorrelation peaks in the thalamus,
and that single-neurons’ activity in the central nervous system but not in the
periphery is sufficient to train a decoder to identify a stimulus.

With this approach, we provide a whisker to cortex model allowing a fine movement
of the whisker integrated with a biophysically realistic spiking neural network that
responds to these whisker movements. We provide an in-depth quantification of
information transfer along the entire lemniscal pathway, and provide insight into
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the encoding strategies of each layer to accurately represent the stimulus through
the use of different decoding algorithms and calculations of correlations. With this
model we improve our understanding of tactile integration in the nervous system
by demonstrating that the ascending somatosensory pathway decorrelates and
maximizes information transfer up to the thalamus, while the cortex, which stays
decorrelated, shows a decrease in the amount of transferred information. Based on
these results, we can hypothesize that the cortex reads from the optimal stimulus
representation offered by the thalamus to extract features from tactile information,
rather than representing the stimulus per se.

Methods

To analyze the information transfer, the coding strategies, and stimulus representation
in the whisker system, we connected a 3D model of a whisker [14] to a neural network
mimicking the architecture of the ascending somatosensory pathway. It comprises
three input layers, representing the aforementioned three populations of touch cells
receiving the force applied at the basis of the whisker as input. The output of these
input layers is sent to the trigeminal ganglion, which agglomerates the responses
from these three populations. Next, the information propagates to the brainstem
(BS), which is the first layer to contain lateral inhibition. The thalamus (TC) then
receives the output from BS and connects to the layer 4 excitatory and inhibitory
populations, themselves connected to layer 3 excitatory and inhibitory neurons.
Finally, the information ends its course in the layer 2 excitatory and inhibitory
neurons. We record the firing rate of each neuron upon the application of different
sets of stimuli to the whisker and compute the mutual information (MI) between the
population activity of each processing layer and the stimuli. We train decoders on
this recorded activity to retrieve the stimulus identity. We also compute the Pearson
correlation across neurons'’ firing rates within a population. We conclude by training
decoders on the single most informative neuron of each population to assess the
evolution of stimulus representation carried by a single neuron along the ascending
somatosensory pathway. The model and analysis carried for this research are
available on GitHub (https://github.com/Nrault/StimulusReplnAscendingPathway).

Stimuli

The first component of the whisker-to-cortex model is the whisker itself. To
accurately grasp the behavior of a whisker, we rely on the Whisklt model [14]. In this
model, each whisker is composed of 20 links held together by springs for which the
elasticity and dampening coefficients were optimized to match the kinematics of
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Figure 1 - Neural response from mechanoreceptors (SA1, SA2, RA) to the layer 2 of the cortex to a
ramp-and-hold stimulus. Top-Left - Side view of a mouse head highlighting the pathway starting in
the whisker follicle, going to the brainstem, the thalamus and finally the cortex. Side-view of a whisker
follicle with the three types of mechanoreceptors. A plot representing the ramp-and-hold stimulus
composed of a ramp-on, a plateau and a ramp-off phase. The x-axis represents the time in ms and the
y-axis represents the amplitude of whisker deflection (a.u.). Middle - The architecture of the model of
the ascending somatosensory pathway. Arrows represent excitation, lines with circle-ends represent
inhibition. The plots represent the normalized number of spikes for a population as a response to
the ramp-and-hold stimulus. The x-axis represents the time and the y-axis represents the normalized
number of spikes.
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recorded whisker trajectories during whisking behavior. For the current simulation,
we focus on a single whisker in the ramp-and-hold paradigm. The ramp-and-
hold paradigm is a passive perception paradigm where a pole is pushed toward
a single whisker during a ramp-on phase, held into position during the hold
phase, and released back to its initial position during a ramp-off phase (Figure 1).
This paradigm allows the manipulation of the orientation of the pole around the
whisker (direction) and along the whisker axis, the speed at which the pole moves,
and how much pressure the pole applies to the whisker (amplitude) as shown in
Figure 2. We also implemented a paradigm (frequency paradigm) where a pole is
held against the tip of the whisker and vibrates at different frequencies. Thus, in
this set of experiments, we manipulated direction, distance to the whisker basis,
slope speed of the ramp-and-hold stimulus, amplitude of whisker deflection, and
frequency of vibration. For the ramp-and hold stimuli, each whisker stimulation

lasted for 250ms, of which the hold phase lasted 100ms. From these simulations,
we extracted the amplitude of the deflection of the base of the whisker as follows:

(1) amplitude(t) = ,M}Z,(t) + M2(t) , equation from Yang et al., (2016) [15]

Where My denotes the bending moment at the whisker basis on the y-axis, and
Mz denotes the bending moment at the whisker basis on the z-axis. We define the
y-axis as oriented toward the top of the head of the mouse, the z-axis toward its
snout, and the x-axis toward the whisker tip. Here, we assume that the moment
along the x-axis has a negligible effect on the base deflection and thus only
consider the YZ moments.
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Baseline Amplitude

T

Direction

Distance to basis

Speed Frequency

Figure 2 - Stimulus paradigm for whisker deflection. A - Baseline setup for whisker deflection:
A pole is pushed toward the whisker of the mouse, held in position, and moved back (ramp-and-hold).
B - From the baseline, we varied the amplitude of deflection. C - From the baseline, we varied the
distance between the pole and the whisker base. D - From the baseline, we varied the direction of the
pole around the whisker. E - From the baseline, we varied the speed of movement of the pole toward
the whisker. F - Frequency paradigm: The pole was held against the whisker and vibrated at a constant
frequency for one trial. Across trials, this frequency was changed
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Input Layer

The whisker deflection amplitude, as defined in the previous section, forms the
input of the mechanoreceptors. This input layer is composed of three touch cell
populations matching the Slowly Adapting type 1 (SA1), Slowly Adapting type 2
(SA2), and Rapidly Adapting (RA) mechanoreceptors as found in [13]. The SA1 cells
respond with a sharp decrease in their activity slightly after the onset of a stimulus,
toward a plateau phase activity with an irregular spiking pattern [16]. SA2 cells have
a slower decay time than SA1 and a higher activity during the plateau phase [17].
RA cells respond to the transient part of the stimulus (ramp on and off) [17]. These
cells mainly differ in their adaptation rate. To model these input cells, we rely on the
Adaptive exponential integrate and fire (AdEx) neuron model [18], which explicitly
implements an adaptive current. The basis of the model is described in the equations
below (2, 3, and 4):

(2) dv/dt = (lieak + Gieak * Aen * eW v/ den — W 4 Iapp)/cm

3) Leak = YJieak * (Erear — V)
(4) dW/dt = (a * (v — Epax) — W)/7.

Where I.qr represent the leak current, gieax the leak conductance, 4y, the slope
factor, v is the membrane potential, v, the threshold, W the adaptive current, lopp
the applied current, ¢,, the capacitance, Ei.o the leak reverse potential, a is the
strength of adaptation and 7 is the adaptation time constant. The values of each
parameter are described in supplemental table 1.

Upon application of a current lapp to the cell, the membrane potential v will
increase; if it reaches a spike threshold vth (-30mV), it is reset to its resting potential
vr (-45mV), and the adaptive current W is increased by a value b. If the threshold is
not reached, then the membrane potential and the adaptive current both follow
an exponential decay toward their resting values. In the case of several spikes,
the adaptive current increases logarithmically before reaching an asymptote
where the adaptation saturates (4). We used this model for our receptors and
modified the applied current for each cell type according to the descriptions in the
following sections.

To ensure that the receptive fields of the mechanoreceptors cover the entire space
surrounding a whisker (i.e. a deflection of the whisker in any direction results in
activation of a mechanoreceptor), the receptive field of each mechanoreceptor
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was modelled as a cosine-shaped bump set to a position that modulated their
responses according to the following equation:

(5), I;; = (cos(d, —p;), with t €T, the duration of the simulation.

Where d, is direction of the whisker deflection at time t, p; is the position of
mechanoreceptor i, and I; € [0; 1] is the direction selectivity of mechanoreceptor
i at time t. The parameter that gives each receptor's maximum response, I;; was
unique for each receptor and was drawn from a Gaussian distribution centered
around 0 degrees (toward the snout of the mouse) and 180 degrees (toward the tail
of the mouse) with a standard deviation of 90 degrees.

SA1

SA1 receptors response is primarily modulated by direction of whisker deflection
but poorly by amplitude [19, 17, 9, 20]. Therefore, for SA1 receptors, we assume an
ON/OFF relationship to differences in amplitude of whisker deflection; that is, the
stimulus current /__is multiplied by 1 if there is a stimulus and 0 otherwise (6, 7).
The activation threshold to estimate whether a stimulus was present (sensitivity)
was hand-tuned and set to 0.01:

(6)Igpp = (900 pA + H(t)) * I};, with t €T, the duration of the simulation, and i is the
id of the mechanoreceptor.

(7) H(t) := {0, amplitude(t) = 0.01; 1, amplitude(t) < 0.01}
with t € T the duration of the simulation.

SA2

SA2 receptors are sensitive to direction and amplitude [19, 17, 9, 20] of whisker
deflection; we, therefore, assumed a logarithmic increase of their response as a
function of the whisker deflection amplitude :

(7) Ispp = (900 pA * log(1 + 2 * amplitude(t)))

RA

We assume that RA receptors are sensitive to a switch in amplitude [19, 17, 9, 201:

(8) Inpp = (900 pA *log (amplitude(t) / amplitude(t — dt)), with t € T the duration of
the simulation and dt = 1 ms.
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Fitting of the mechanoreceptor model parameters

The parameters (g, b, and 1) used in the receptor models SA1, SA2, and RA were
fitted to recordings performed by Sonekatsu and Gu [13] in 2019. They extracted
a whisker follicle from a mouse and recorded directly the response of the receptor
to a ramp-and-hold stimulus. From there, they computed the instantaneous firing
rate (1/1Sl, interspike interval). To fit the AdEx model parameters to the recordings,
we used the CMAES algorithm from the CMA python toolbox, a covariance-matrix-
based evolutionary algorithm that relies on the covariance between the parameters
of the model and the error function (here a mean squared error, MSE between the
instantaneous firing rate of the modeled receptors and the instantaneous firing
rate of Sonekatsu and Gu’s recordings [13]). With this, we optimized the adaptive
parameters of the model (i.e., g, b, and T, see supplemental Table 1), allowing us
to replicate the adaptation rate of the different populations of receptors. The

parameters of the RA receptors were hand-fitted, as the number of data points was
too low to allow the model to train. We thus changed the value of the adaptation
current (g, b, and T) so that RA responds to the transient part of the stimulus.

Network models for the early stages of the central nervous system
The trigeminal ganglion (TG) and brainstem (BS) neurons are both modeled using
the adaptive exponential integrate and fire neurons (Adex with parameters a and b
set to 0 to inactivate the adaptation). TG neurons receive one-to-one connections
(see supplemental Table 2) from the receptor layer, with each presynaptic action
potential resulting in an instantaneous increase in the postsynaptic membrane
potential that was set so that a TG neuron responds to the activity of a single
receptor (supplemental Table 3). BS neurons receive a probabilistic connection
pattern. Each BS neuron has a probability of 0.01 to receive an input from a TG
neuron. Similarly, each BS neuron has a probability of 0.01 to send an inhibitory
connection to another BS neuron (supplemental Table 3). Excitatory synapses are
modelled as instantaneous synapses that increase the membrane potential of
the afferent neuron by 25mV, while inhibitory connections decrease it by 25mV
(supplemental Table 3). The thalamocortical part of the model is adapted from [21]
and is defined below.

Conductance based Model for cortical neurons

Excitatory and inhibitory (E and I) cortical neurons were modeled as conductance-
based neurons. The membrane potential of the neuron i at time t is described by
the following equation:

OV, = 1O + 1@N/C, +2 V.
i P i m sy

n
syn
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where denotes the membrane capacitance, and is the sum of ionic currents
that pass through ion channel k. Unlike the receptors, TG and BS neurons, for the
thalamic and cortical neurons the full action potential is modelled. Synapses are
modelled as instantaneous synapses: when a presynaptic neuron spikes, the
postsynaptic membrane potential is increased by an amount of , whose value is
described in supplemental Table 3. I;(t) corresponds to an intrinsic noise current of
neuron i behaving as described in the equation (10):

(10) I(t) = Vdta&(v),

where the timestep of the simulation for cortical neurons is dt = 0.01ms, ¢; is a
random value drawn at every step for each neuron independently from a normal
distribution centered around y = 0 and standard deviation 1, which is then
multiplied by the amplitude o =100pA/vms.

The ionic currents used in equation (9) for excitatory (E) and inhibitory (I) neurons
are adapted from the work by Pospischil and colleagues from 2008 [22]:

() %Ik :INa + IKDR + IM + IL'

The membrane potential is depolarized by a sodium current (Na) and repolarized
by a delayed corrected potassium current (KDR). Hyperpolarisation is achieved
through a slow non-inactivating potassium current (M) and leak current (L)
maintains the neuron's membrane potential at its baseline in the absence of input.
The sodium channel is described by (12):

(12) I.= gNamSh(v -E),

where g, is the maximum channel conductance, £, is the reversal potential of the
sodium channel (supplemental Table 2), m and n are, respectively, the activation
and inactivation variables of the channel such that

(13)m = o« (@ —m) — B, (V)m,

(14) h = a (V)1 - k) — B,k
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Here, a is the transition rate from open to closed and {8 is the transition from closed
to open. Both a and B depend on a fixed threshold V. (supplemental table 2) as
described below:

-032(V-V,~13)

(15) O(m = _exp[_(v_?-m]_l

—0.28(V-V, —40)

(168, = ——
expl: S 1-1
~-V,-17)
(7) «, = 0.128 exp[——]
(18) B, = —— .
h 1+ exp[ ¢ 5' ]

The delayer-rectified potassium channel’s behaviour is described as

(19) 1 ‘w - E

kor — Ixpr™ KDR)’

where g is the maximum channel conductance, E is the reversal potential
KDR KDR

(supplemental Table 2), and is the activation is the channel described by
200n = a (@ —n) — B,V)n,

with the transition rates and given by:

—0.032(V-V_—15)
(21) a = Tﬂ;

mexpl———]-1

—(V-V,~10)
(22) B, = 0. Sexp[———1

The slow non-inactivation current is described by
(23)1, = g,p(V — E),

where g, is the maximum channel conductance, £, is the reversal potential
(supplemental Table 2), and p is the activation variable of the channel described by

p, N -p
T ")

4 p =

Here, p_ is the steady-state activation function defined as:

1
—(V + 35
5

(25) p, =

1+exp
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and rpis the channel time constant depending on t_  (supplemental table 2) as:

T
max
T = -
(26) 4 3.36xp[7v 2035] + exp[i_(yzgm 1

Finally, the leak channel current is described by

(27) 1 E

leak = gleak(V - leak)l

with 9., the maximum channel conductance and E, , the reversal potential of the

leak
channel (supplemental Table 2).

Parameter Fitting for Cortical Neurons

The distinction between E and | neurons in this model was made through channel-
specific parameters to mimic known differences between their input-output
characteristics [22]. E neurons emit action potentials at a lower frequency than
I neurons in the barrel field of the primary somatosensory cortex when stimulated
with injected current with similar amplitude [23]. The g,. 9, 9,,.,- V,and T, . from
the neuron model described above were fitted to reproduce the current-frequency
(I-f) curves from Zeldenrust et al. (2024) [23].

Model of Thalamic Neurons

Thalamocortical relay (TCR) neurons are also modeled as single-compartment
models.and are based on a model from Ching et al. (2010) [24]. For these neurons,
the membrane potential of neuron over time is described as follows:

(28)V. = - ¥ 1®IC
k

Following the description of the cortical neuron model, %1,( is the sum of ionic
currents passing through the voltage-gated channels k. For every spike originating
from presynaptic neurons in the brainstem (BS), the postsynaptic TCR cell’s
membrane potential was increased by 10 mV. In this model, following the TCR
model from Ching et al. (2010) [24], the ionic currents can be expressed as:

(29)§1k =L 41+ 1+ 1+ +

The sodium channel (Na) dynamics are the same as for the cortical neurons, described
in equations (12) to (18), with Gy, = 90mS, and E, = 50mV (supplemental Table 2).
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The potassium (K) current is described by
(30) 1, = gm'(V —E),

with the maximum conductance g, = 10ms, and the reversal potential £, = — 100mV
and the channel activation variable m given by

BN m=amMA-m - B V)m.

Here, transition rates a and B are given by
0.032(15-V+V.)
B2)a V) = —a=m—
exp[———] -1
0.5(107V+VT) 5
(33) B, " PRSI ,
40

expl
with threshold Vv, = 25mV.

In addition to the sodium and potassium currents, TCR neurons exhibit a T-type
calcium current

2
(34) I.=g,m hV - E)),
where g = 2ms is the maximum channel conductance, £, =120mV is the
reversal potential and m represent the channel activation based on the steady state
given by

1
B5)m_ = —mr
(Atexp[——3—1

Similarly, h represents the inactivation based on its steady state h_
(36) h = (h, - W)/r,
BN h, = —

(1+exp[+]

The time constant T, is described as:

(38)
T, = (30.8 + (211.4 + exp[(V + V, + 113.2)/5])/(1 + exp[(V + V, + 84)/3.2]))/3.72
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Both m and h depend on a fixed threshold v = 2mv.
The TCR neurons also have an h-current, of which the dynamics are described by
(39)1, = g,(0, + 20 —c, =0 NV —E),

where g, = 0.01 mS/cm2 is the maximum conductance of the channel, E, =— 40mV
the reversal potential and o, and c, respectively, the channel activation and
inactivation variables described by:

: (1-py)
(40) 0, = 0.001(1 —¢ —0) — 0.001(—55")

(41) p, = 0.0004(1 — p) — 0.0004([Ca] /0.002)"

. 101, 000024~ [Ca],
(42) [Ca], = g * 5

Here, p, modulates the h-current according (equation(41)), based on the calcium
concentration in the cell (equation (42)).

The inactivation c_ is given by
(43) ":1 = B(V)o1 - oc(V)cl,

with transition rates a and B given by

h, (V)
Q)

(44) a(v) =

a-h )
(45) ) = v

Here, h_ is the steady state value and T the time constant such that:

(46) h, (V) = =
55

(47) T (V) = 20 + 1000/((1 + exp[(V + 71.5)/14.2]) + (1 + exp[- (V + 89)/11.6]))

TCR neurons contain two leak channels (potassium: |
described by

I
L and general 1))

(48) I, = 0.0172(V + 100)
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(49) 1, = 0.01(V + 70).

Parameter fitting for Thalamic Neurons

The initial TCR neurons model from Ching et al. (2010) [24] modeled the thalamic
neurons during anaesthesia. This state makes the TCR neurons burst upon
stimulation. To reproduce thalamic activity in an awake state, we depolarized the
membrane potentials of the TCR neurons by increasing the maximal conductance
of the hyperpolarization-activated h-current (supplemental table 3).

Network Architecture
The network was composed of 12 populations, among which, three
input populations:

- SA1 population was composed of 24 neurons

— SA2 population was composed of 10 neurons

— RA population was composed of 36 neurons

- TG, BS, and TC populations were composed of 70 neurons
— L4E population was composed of 188 neurons

— L4l population was composed of 33 neurons

- L3E population was composed of 158 neurons

— L3I population was composed of 28 neurons

— L2E population was composed of 86 neurons

— L2l population was composed of 15 neurons

The connectivity between the neuron populations is described in supplemental
table 3. Simply, all populations up to BS (excluded) are connected with a one-to-
one connectivity pattern following the scheme in Figure 1. Once within BS the
connections become probabilistic. For instance, BS as 1% probability to send a
lateral inhibitory connection to BS, which means that amongst (70° — 70) possible
connections amongst all BS neurons, 1% of it will exist. BS neurons are both
excitatory (feedforward connections to VPM) and inhibitory (lateral connection
to BS), VPM contains only excitatory neurons. Starting from the L4, each structure
contains excitatory and inhibitory populations which have their own connectivity
pattern as described in supplemental table 4.

Decoders

Virtual whiskers were stimulated with a virtual pole, using a ‘ramp and hold’
protocol. In such a protocol, a pole is pushed toward a whisker during a ramp-on
phase, held in position during a hold phase, and pulled back during a ramp-off
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phase (Figure 1). Different parameters of such ramp and hold protocols were varied:
the maximum amplitude, direction, distance to whisker base, slope, and frequency
(Figure 2). For each set of stimuli, the same set of initial parameters was used:
for the first stimulus: The pole was positioned at 10 mm of the targeted whisker
and moved at a speed of 0.3 m/s, with an angle of 0° around the x-axis (along the
whisker). The amplitude of the stimulus was 1 mm, and it was held against the
whisker for 100 ms.

For sets of stimuli where the maximum amplitude was varied, the maximum
amplitude was varied from 1 mm to 20 mm with a step of 1 mm (Figure 2). For sets
of stimuli where the direction was varied, the pole was oriented from 0° to 350°
with steps of 10° (Figure 2). For sets of stimuli where the distance to the whisker
basis was varied, we targeted each of the 20 links that compose the whisker once
(see —ref Whiskit paragraph and Figure 2). For sets of stimuli where the slope speed
was varied, the pole moved from 0.25 to 0.35 m/s with steps of 0.01 m/s (Figure 2).
Finally, for sets of stimuli where the frequency was varied, the pole was placed
against the last link of the whisker and vibrated with a frequency of 2 to 32 Hz with
steps of 2 Hz (Figure 2).

For each stimulus, we trained different decoders to identify the value of the applied
stimulus. The recorded neural activity was then split across populations so that a
decoder was trained on the activity of neurons from a single population and not
the entire pathway.

The firing rate of each neuron was given as input to a linear decoder, a Bayesian
decoder, and a multilayer perceptron (from scikit-learn [25]: RidgeClassifier,
NaiveBayes, and MLPClassifier). In a final calculation, the firing rate from only the
most informative neuron based on Mutual information calculation (see below) was
selected to train the decoders. The decoders were tasked to retrieve the stimulus
parameters, for instance if the amplitude of whisker deflection was varied, we asked
the decoder to identify the applied amplitude amongst all 19 applied amplitudes
that were simulated. To do so, the decoders relied on a vector containing the
number of spikes for each neuron of a population as an input (in the case of the
most informative neuron, the input was of size 1x1). The accuracy of each decoder
was then calculated as the number of correct responses over the total number
of responses.
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Information Quantification

We quantified the information transferred across layers within the pathway by
computing the mutual information between the stimulus and the firing rate of a
whole population or of a single neuron for each stimulus. This Ml was computed
as follows:

(50) MI(X, Y) = H(X) — HX|Y),

with H being the Shannon entropy, X the distribution of spikes for a given
population or a given neuron, and Y the distribution of the stimulus conditions.
No bias correction was applied to the mutual information (MI) calculation.
Although this might seem unexpected for biological data, our analysis concerns a
deterministic model: for a given stimulus, the neural response is always identical.
Consequently, subsampling bias cannot occur. The absence of noise ensures a
single possible output for each stimulus, though distinct stimuli can converge
onto the same neural representation. In such cases, the conditional input entropy
given the output, H(X|Y), may be smaller than the input entropy H(X), since
two stimuli x and x’ can produce the same output y. Nevertheless, the mapping
remains deterministic: whenever x or x’ is presented, the same response y will
occur. For these reasons, bias correction was not required in our Ml estimates.

The resulting Ml was plotted against the entropy of the stimulus computed as:

(51 HZ) = — X p(x) logp(x),

xX€Z
where Z is the distribution of t either the stimulus values, the firing rate of a single
neuron or the firing rate of a whole population.

Based on the MI values computed for each neuron, we identified the most
informative neuron for each population for each condition as the neuron that had
the maximum MI and used its firing rate as input for decoders (see Decoders).

Pearson correlation
We computed the Pearson correlation coefficient within each population across
pairs of neurons’ firing rates to determine the redundancy of each structure. It is
given by

N

I -m)* (v, =m)
(52) r(x, y) = - /

il 2 v 2
L —m) S, —m)
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With m_the mean of vector x, and m, the mean of vector ¥, with X, the firing rate
of neuron x in response to stimulus i, and y, the firing rate of neuron y in response
to stimulus i. N is the number of stimuli presented to the network for a given
parameter, modified from the baseline.

Results

To determine the coding strategies of the different structures along the ascending
somatosensory pathway, we built a neural network composed of 7 layers and
12 populations (3 receptor populations, TG, BS, Thalamus, 3 excitatory cortical
populations and 3 inhibitory), 3 of which are input layers consisting of the different
types of mechanoreceptors found in the whisker follicle. We assessed the capacity
of each population to carry information about a whisker stimulus through decoding
the neural activity. Through mutual information calculation between each neuron's
firing rate and a stimulus, we assessed how information is distributed within each
population. We determined the degree of redundancy in each layer by computing
the Pearson correlation coefficient between the firing rate of pairs of neurons
within a population. Here, we describe the results.

Model Description

We fitted the parameters of an AdeX neuron [18] to the instantaneous firing rate
recorded by Sonekatsu and Gu in 2019 [13] (see Methods and supplemental table 1).
Through this procedure, we obtained three input populations that responded like
the recorded mechanoreceptors in the whisker follicle to ramp-and-hold stimuli.
The TG and BS neurons were tuned to spike whenever they received synaptic input.
The cortical excitatory neurons were tuned to have a regular spiking pattern, while
the inhibitory neurons were tuned to have a fast spiking pattern [21].

Based on the optimizations described above, we now have a neural network
model that describes the propagation of neural activity from the touch cells up
to the cortex upon whisker stimulation (Figure 1). The activity profile remains the
same from TG to the layer 2 of the somatosensory cortex: It shows a sharp surge of
activity at the onset of a stimulus, a decrease toward a plateau phase during the
hold part of a ramp-and-hold and another increase of activity when the force is
released. Upon the application of force on the 3D virtual whisker, activity appears
in the receptor population and propagates across each structure up to layer 2 of
the somatosensory cortex (Figure 3). A shift in the stimulus, either in amplitude
of deflection, direction, frequency, speed, or the pole position along the whisker
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resulted in a shift in the neural response for every population, easily noticeable in
the periphery (Figure 3 and supplemental Figures 1 to 4) except for in SA1, which
appears unaffected by speed or frequency of the stimulus or in SA2, which was not
triggered during the frequency paradigm as the force applied to the whisker was
not sufficient to trigger activity in these receptors.
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Figure 3 - Example model response. Model response to two different stimuli varying in the applied
amplitudes. Each row is a raster plot of the spike responses of a population when the network receives
stimuli with a different amplitude (say which and refer to stimulus explanations) under two different
applied amplitudes of deflection, as represented in the last row. We thus see the propagation of the
spiking activity from the touch cells (SA1, SA2, RA) to the cortex (L4, L3, L2). The x-axis represents the
time in ms, and the y-axis the neuron ID or the applied amplitude for the last row.
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Overall, our network exhibits responses mimicking biological responses to a
ramp-and-hold stimulus and responds to deflections of the virtual whisker from
Whisklt [14].

Decoding Population Activity

We trained decoders on each population's output to assess each structure's ability
to represent the stimulus. To do so, we used the firing rate of each neuron (so a
population firing rate vector) as an input to different decoders (see Methods) and
trained them to provide the value of the stimulus parameter that was varied in sets
(amplitude of deflection, angle of deflection (for direction), speed of deflection,
frequency of deflection, and position along the whisker). In summary, a decoder
needs to identify one applied amplitude amongst other amplitudes, one direction
amongst other directions of deflection, etc... at a time.

The decoders were able to determine the value of each applied stimulus regardless
of the feature that was modified (i.e. the accuracy was the same if the amplitude,
direction, etc..., was modified) (Figure 4). While the maximum accuracy of
the decoders remained constant across the different applied stimuli, not all
populations’ outputs were providing the same decoding capacity, as SA2, and
particularly, SA1, since the decoders trained on the activity of these 2 populations
demonstrated poorer performance compared to others. The SA1 population seems
to be specialized for direction encoding, as the accuracy of the decoders trained
on SAT are approaching 0 for all dimensions except direction. SA2 seems to be
informative about every component of the tactile stimuli except for frequency,
in agreement with previous results showing no activity in SA2 for the frequency
paradigm (Supplemental Figure 3). Of all decoders, it appears that the naive
Bayesian decoder performs best in determining different stimulus features from
the recorded neural activity.

In conclusion, it appears that decoders can distinguish different stimulus features
from the firing rate vector of an entire population. While in the periphery some
receptors appear to be specialized for specific stimulus features, this does not
propagate to higher layers of the CNS; each further structure in the lemniscal pathway
contains enough stimulus information to achieve a 100% decoding accuracy.

Information transfer is maximized in the thalamus

To determine the encoding strategies in each structure of the ascending somatosensory
pathway, we compute the Ml between each single neuron firing rate and the stimulus,
as well as the Ml between the population firing rate and the stimulus.
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Figure 4 - Decoding accuracy of the different populations. The decoding accuracy was calculated
based on the population firing rate vector (i.e. the firing rate of each per neuron) for sets of stimuli
where different features were varied, each different stimulus applied to the whisker. Each radar plot
represents the decoding accuracy per stimulus, ranging from 0 to 1 (perfect decoding of the applied
stimulus). Each row corresponds to one of the three decoder types (linear, Bayesian, and MLP).

This analysis revealed that while the activity of some neurons in the periphery
provide no information about the stimulus, from the Thalamus on, the activity of
each neuron carries stimulus information (Figure 5). Except for the direction, half of
the receptors’ population do not respond to the stimuli (Figure 3 and supplemental
figures 1-4), this is propagated to TG and BS. SA1 is the least informative type of
touch cell, as it carries information only about one feature: the direction, the Ml
between a stimulus feature and a single cell activity for other dimensions of the
stimulus is minimal. SA2’s lack of response makes the MI null for the frequency
paradigm, as expected. At the single-neuron level, information transfer drops
consistently past layer 3 of the cortex and even layer 4 in the case of direction,
distance to basis, and slope speed (Figure 5, violin plots). The same can be seen at
the population level (Figure 5, dots).

To summarize, we see that in the periphery, single neurons carry a wide distribution
of stimulus information, that goes from close to entropy to zero. As soon as
information reaches the Thalamus, we see that the distribution of MI values
decreases in width, showing that every neuron in this structure contains a similar
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amount of information about the stimulus. While the shape of the distribution
remains narrow after TC, the maximum and minimum MI for single-neurons starts
to fall in Layer 3 and drops quickly in Layer 2. When considering the population
MI (Figure 5, dots), we see that while it is more informative (closer to entropy)
than that of single-neurons, it follows the same trend, dropping from Layer 3, and
sharply decreasing in Layer 2.
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Figure 5 - Mutual information distribution over the populations. The mutual information
calculation for between the firing rate of each neuron within a population and the stimulus
(violinplot), population information rate (dot), and the entropy of the stimulus (line) is shown for each
population (horizontal axis) and for different stimulus features (rows). The mutual information is
computed between the stimulus and the firing rate of each neuron within the population. Each row
corresponds to a different dimension of the stimulus, the y-axis is the mutual information (M) in bits,
the x-axis contains the different populations and the blue line corresponds to the entropy of the
dimension of the specific stimulus set that is considered (amplitude, duration, etc...).
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Neural activity is decorrelated in the central nervous system
compared to the periphery

While in Figure 5 we see, at both single-neuron and population level, an increase
in stimulus information and a narrowing of the distribution of Ml within TC, the
information within single neurons may be highly redundant at the population
level, making single-neuron activity certainly informative but overlapping with
the information that other neurons within the same population transfer. To assess
the overlap between single neurons’ activity, we computed the Pearson correlation
coefficient, which was performed between the firing rate of each neuron within a
population and a stimulus set in which a single feature was varied.

The Pearson correlation calculation reveals that the peripheral layers present a
high degree of redundancy, as single neurons’ activities overlap, the correlation

being maximal within the layers up to TG (Figure 6). In BS already, we see a drop
of correlation across neurons, which remain the same along the entire ascending
pathway. This profile holds for every tested stimulus feature set.

We can conclude that while information transfer at the single neuron level is
maximized in the thalamus, the Pearson correlation coefficient within this structure
demonstrates that single thalamic neurons’s responses are rather decorrelated,
thus not redundant. This makes each neuron within the thalamus carry a unique
representation of the features of a tactile stimulus.

The activity of a single neuron in the Thalamus or Layer 4 of the
cortex is sufficient for a decoder to identify a stimulus

Given the high information content of a single neuron within the central nervous
system and the lack of overlap in activity between pairs within a population, we want to
know if a single neuron’s activity is sufficient to represent a tactile stimulus. Therefore,
we trained a decoder on the activity of the most informative neuron (based on Ml).

Amongst the decoders, this procedure reveals that only the Naive Bayesian decoder
was able to decode the stimulus given the activity of a single neuron from some of
the populations (Figure 7). The populations for which stimulus feature values could
be decoded remain the same across all stimulus dimensions we explored. Indeed,
the most informative neurons from the thalamus, Layer 4, and Layer 3 are the most
reliable neurons for the decoders to determine the feature value of the applied
stimulus, while Layer 2's most informative neuron could be used only to decode
direction. The peripheral neurons’activity was not able to provide the decoders any
information about the stimulus; the same was true for the inhibitory populations.
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Figure 6 - Correlations between neuron's activities. Pairwise Pearson correlation between the firing
rates of each neuron within a population in response to a shift in deflection amplitude, direction,
speed of deflection, distance to basis, and frequency. Each radar plot corresponds to the correlation
across neurons’ firing rates within a population in response to shifts in one of the considered
dimensions of the tactile stimulus (amplitude, direction, etc)

To summarize, while we see that in the periphery, single neurons are more
specialized, making it impossible for the decoders to use a single neuron to
determine the stimulus, individual neurons in the CNS appear to have more
broadly tuned activities (e.i. Their responses change for every feature of a tactile
stimulus), thus allowing a decoder to read a stimulus feature value from the
activity of a single neuron. Put together with the MI and correlation calculations
of the previous sections, we see that single neurons in the periphery show widely
distributed stimulus Ml values and a high pairwise correlation. When entering the
central nervous system, the overlap in activity decreases (Figure 6), and information
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transferred by a single neuron is maximized (Figure 5), thus allowing an overarching
view of the stimulus range.
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Figure 7 - Decoding performances of decoders on the firing rate of the single most informative
neuron within a population in response to a shift in deflection amplitude, direction, speed of
deflection, distance to basis, and frequency. Similar to figure 4, but the decoders were trained on the
activity of a single neuron, activity as opposed to the firing rate vector per neuron of the entire
population. Each radar plot represents the decoding accuracy per population, ranging from 0 to 1
(perfect accuracy). Each row corresponds to one of three types of decoders trained (linear, Bayesian, and
MLP). Each column corresponds to one dimension of the tactile stimulus (amplitude, direction, etc).

Discussion

In this paper, we presented a model of the lemniscal pathway receiving input
from 3 populations of mechanoreceptors triggered by the forces at the base of
a virtual whisker pushed by a pole. We modelled different paradigms, where the
speed of the pole, the amplitude of the pole movement, the direction of the pole
movement, the position on the whisker against which the pole was pressed and the
frequency of vibration of the pole against the whisker tip were changed (Figure 2).
This allowed us to cover the parameter space of a tactile stimuli and assess their
respective representations or effects on the activities of the different neural
populations. We applied decoders, quantified the information transfer and the
Pearson correlation to assess the coding strategies used by the layers paving the
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ascending somatosensory pathway. In this section, we will put the results together
and conclude.

The model responds to whisker deflection

Our model builds upon communication between the Whisklt model [14] and a
neural network. A deflection of the virtual whisker results in activity in the input
populations and propagates up to the cortex, showing that the model of the
ascending somatosensory pathway encodes whisker information. Contrary to
previous studies focusing on specific nodes of the whisker system [26, 27], our
model replicates the entire lemniscal pathway from the periphery to the cortex.
Additionally, the neurons used in the thalamocortical layer are conductance based
models (Hudgkin-Huxley), allowing for bursting behaviour and a more accurate
description of cortical neuron behaviour than the reduced approach of Pinto et al.,
(1996) [28]. Similarly, Sharp et al., (2014) [27] decided to focus on the cortex using
a larger number of neurons that we did, but described as leaky integrate-and-fire
neurons. Here, we chose to focus on the entire pathway, using fewer neurons, but
relying on a more accurate model. This allows us to study the stimulus propagation
from the periphery to the cortex. The model relies on the same structure as in Rault
et al., [29]. As a result the same pattern of activity as shown in Furuta et al., [9]
can be witnessed in the mechanoreceptors and the SA1, SA2 and RA populations.
The SAs and RAs TG subunits show a precisely timed activation at the onset of a
stimulus. The RAs systematically spike at the offset, however not as precisely as in
the previous work [29] due to the oscillation of the modelled whisker. A different
pattern of activity appears from SAs (responding for the entire stimulus duration)
and RAs (which respond only to the transient part of the stimulus [30]). The overall
population demonstrates the distinct response of TG and the brainstem to a ramp-
and-hold stimulus in the whisker system with a surge of activity at the onset, a
lower response at the offset of the stimulus and a plateau of activity during the hold
phase [31, 32]. This pattern of activity is preserved throughout the thalamus and the
cortex, where the response of the inhibitory neurons appears to be more sensitive
to the transient part of the stimulus than their excitatory counterpart, as was also
observed in Pinto et al., (2003) [26]. Importantly, the cortical damping effect [32, 26]
is reproduced: inhibitory neurons in layer 4 exhibit a stronger responsiveness than
excitatory neurons, resulting in an overall attenuation of cortical firing relative to
thalamic input. This transformation results from the high synchrony of thalamic
activity during the transient phase of stimulation (Figures 1 and 3), which briefly
drives excitatory neurons but rapidly recruits inhibition that suppresses sustained
responses. We thus provide a model that can be used to study the effect of whisker
deflections on neural activity. While in this study, we focus on passive perception
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relying on ramp-and-hold stimuli, Whisklt is capable of producing whisking
behavior, and the expansion of the neural network to include nodes from the motor
pathway would allow to communicate protraction and retraction instructions to
the virtual whisker. We also focus here on a model of one whisker, while Whisklt
implements the whole whisker array on both sides of the snout. As an extension of
this work, several whiskers can be included, thus implementing the inter-whisker
communication within the neural network that is known to exist [33, 34].

Every population is informative, given they are active

As stated previously, the activity resulting from the virtual whisker deflection is able
to propagate through the entire network and a change in a stimulus feature results
in a change of the activity of the neurons in the different populations, except for
the SA1 receptors whose responses are not affected by change in the speed of
deflection, and the SA2 receptors, which don't spike at all during the frequency
paradigm. This shows that every structure along the ascending somatosensory
pathway is capable of providing information about the stimulus and encoding it to
the extent that the trained decoders were able to reach almost 100% accuracy for
every tested tactile stimulus. This framework thus provides a solid basis to explore
more naturalistic tactile stimuli that could be used to compare modelled neural
responses to neural recordings during tasks (for instance, gap crossing experiments).

Notably, our analyses reveal a new finding: among all structures in the ascending
pathway, the thalamus and layer 4 of the cortex yield the highest decoding
accuracy, allowing decoders to reach near-perfect performance. This identifies
these two stages as key bottlenecks for optimal tactile representation, highlighting
their unique role in transforming peripheral inputs into maximally decodable
neural codes at the single whisker level.

Mutual information peaks in the thalamus

The calculated MI might appear surprisingly high as compared to previous work [30].
This is due to the deterministic nature of the model and the lack of intrinsic noise
within the neurons. In the absence of such components, for a given stimulus, the
model’s output will always remain the same. However, the same output can result
from different stimuli as explained in the method section. Thus, the MI calculated
here can be seen as an evaluation of the compression that the stimulus undergoes
within the system, due to its architecture and basic components.

When considering the decoding accuracy, it is unsurprising that the mutual
information at the population level is close to the stimulus entropy, showing that
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the population firing rate transmits almost as much information as there is available
in the stimulus. Yet, when taking a closer look, we see not only that the periphery is
specialized, as SAT and SA2 do not respond to all features of tactile stimulus as the
following layers, but also that the stimulus information drops in the cortex when
it reaches layer 3. When diving into the details and considering the information
provided by single neurons within a population, we see that the variation in
information distribution over neurons in the periphery up to the brainstem is
huge, showing some neurons carrying a lot of information while some do not
carry any. When the activity reaches the thalamus, we see a consistent shift toward
a narrower distribution, with all neurons carrying a similar amount of stimulus
information which is almost equal to the entropy, showing that each neuron in TC
is informative. This high information content is kept in layer 4 of our model before
dropping in layer 3, similar to the information carried by the population firing
rate. We demonstrate that, when considering a single whisker, information about
the stimulus peaks in the thalamus and layer 4, then slightly decays in the more
superficial layers. At a first glance, this might appear to contradict the findings of
Simons and Carvell (1989) [35], who reported higher information content in cortical
neurons relative to their thalamic inputs. However, this difference may be explained
by their focus on multiwhisker integration in the barrel cortex, where our analysis
is restricted to a single whisker. In the cortex, a strong center-surround inhibition
suppresses responses to adjacent whiskers more than in the thalamus, thereby
reducing redundancy across barrels and improving spatial contrast. In other words,
while the thalamus conveys detailed information about the stimulus applied to a
specific whisker, the cortex emphasizes the identity of the whisker being stimulated
by integrating across multiple inputs and suppressing neighboring activity. Such a
transformation enhances discrimination at the level of the vibrissal array, allowing
the animal to localize which whisker was deflected—a computation not accessible
in our single-whisker model. Extending the model to include multiple vibrissae
will therefore be a necessary next step to capture this integrative function of the
barrel cortex.

Neural activity is decorrelated in the CNS

To check whether the increase in the information carried by single neurons in TC
did not result in an increase in redundancy, we computed the Pearson correlation
coefficient between the firing rates of single neurons within a population. This
revealed a high degree of correlation in the periphery up to the trigeminal
ganglion, which drops consistently across stimulus features as soon as it enters the
brainstem. This reveals that while the Ml increases in single neurons, especially in
the thalamus, the neural activity does not become redundant. While this doesn’t
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prove that the information carried by a neuron is not repeated, it shows that the
overlap of activity between neurons is lower in the thalamocortical areas compared
to the periphery. Nonetheless, it remains possible that several neurons encode the
same information, but at least it is guaranteed that it is not encoded in the same
way. This form of coding could increase the certainty about the stimulus, providing
different points of view on the same information, or increase robustness, as the loss
of an encoding pathway can be compensated by other pathways.

Single-neuron activity in L4 and the thalamus is sufficient to decode
a stimulus

Given the changes in the MI and Pearson correlation profiles across layers, it
appears that a single neuron is to give enough information to a decoder to
determine the applied stimulus, given its activity. We thus trained the decoders not

on the activity of all the neurons within a population but only on the activity of
the most informative neuron from a structure, i.e,. the neurons with the highest
stimulus information. The decoders' performance showed that the stimulus could
be retrieved consistently from a single neuron in the thalamus, Layer 4 and 3 of the
somatosensory cortex, whereas the activity of the single most informative neuron
in other layers did not provide enough information for the decoders to estimate
the stimulus feature values. From this observation, we can conclude that there exist
neurons in these structures (L4 and L3) that react differently to all changes of the
stimulus, thus providing an overarching/global view of the tactile stimulus. While
there is no guarantee that the stimulus can be reconstructed based on these single
most informative neurons, their activity is sufficient to determine the stimulus that
has been applied to the system.

Limitations

Downscale of periphery offers poor coverage

To model the entire pathway and keep it computationally efficient, we downscaled
the size of the thalamocortical layers compared to biology, as they are composed
of the most complex neuron models within our network. As a result, we needed
to downscale the size of the periphery as well so that the size of the brainstem
matched the size of the thalamus. This had repercussions on the size of TG and
the receptor population. As a result, while respecting the proportions of types of
receptors from [36], the model relies on a really small population of SA1 (24) and
SA2 (10) neurons. Thus, the entire shaft of the virtual whisker was not populated
equally by these populations. As a result, the populations' activities and their



210 | Chapter 5

significance for stimulus decoding and information transfer were most probably
reduced due to the scaling of the whole neural population.

Different types of neuron models were used

We relied on different types of neurons along the pathway. While the thalamocortical
neurons were based on a conductance-based model, the neuron models for the
periphery relied on a more simple model with far fewer parameters, such as AdeX
and Elif neurons. This is due principally to the lack of recent accurate recordings
of peripheral neurons, leaving us without the possibility to fit the kinematics of
the ion channels (in particular Piezo2) to develop a conductance-based model.
On the other hand, models and recordings of cortical neurons in the whisker
system are numerous, and thalamic neurons’ behavior requires a more complex
model to fit their activity. As a result, our model is a patchwork of different types
of neuronal models explained by the heterogeneous availability of data, in which
thalamocortical neurons have an internal dynamic while peripheral neurons react
instantaneously to shifts in the input. This lack of internal dynamic, through the
modeling of the ion channels’ kinematics might lead to an over estimation of the
information transferred in the periphery.

Responsiveness of SA1 and SA2

In this model, SA1 and SA2 receptors lack responsiveness. This is due partially to the
size of the populations, as explained before, but also to the tuning of their response
to whisker deflections. When looking at the traces of the forces at the basis of the
whisker, we see a lot of oscillations (Figure 3 and supplemental Figure (1-4)). In the
case of RA, which responds to differences in amplitude of deflection (Figure 1),
it increases its activity. For SA2 receptors, which take more time to activate, the
stimulus duration is not long enough to trigger activity, thus making SA2 receptors
silent. Since SA2 receptors integrate deflection duration and amplitude [29], to
produce activity, a short stimulus needs a high deflection amplitude, whereas a
stimulus with a low amplitude needs a long duration. In the frequency paradigm,
SA2 neurons are not receiving forces for a long enough duration high enough
amplitude for activation. SA1 receptors are highly sensitive to the pole movement
direction, and the sparsity of this population (24 SA1 receptors) around the whisker
shaft make the receptive fields of these receptors very narrow, so that the activity
of these touch cells remains very low unless the whisker is bent directly toward
the receptor's favourite direction. As a consequence, the MI value and decoding
capacity of SA1 and SA2 receptors might be underestimated, whereas that of RA
receptors might be overestimated.
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No synaptic dynamics

The different types of neuron models we rely on and the different timescales they
operate at made us rely on non-dynamic synapses, in the sense that they only
increase the value of a postsynaptic neuron by a fixed value upon a presynaptic
spike. As a result, no EPSPs nor IPSPs were reproduced in our model. However, the
exponential decay typically present in naturalistic synapses plays a big role in the
timing of each spike, as it modifies the weight of each incoming spike depending
on how close in time they are to one another. This bring another source of
variability of the neural response into the picture, as the pattern of the input spike
train will play a role in the excitability of the post-synaptic neuron. In our model,
this dimension completely collapses due to the lack of synaptic dynamics, while it
could be informative for a decoder or even the somatosensory system itself.

In summary, our comprehensive computational model of the whisker-to-cortex
ascending somatosensory pathway reveals a significant transformation of tactile
information prior to extensive cortical processing. We demonstrated that while
peripheral receptors show specialization and high redundancy, the thalamus
acts as a critical hub where single-neuron information about the stimulus peaks,
accompanied by a notable decorrelation of activity. This efficient representation
allows single neurons in the thalamus and cortical layer 4 to sufficiently inform
decoders about stimulus identity, despite an overall decrease in information
content and decoding capacity observed in subsequent cortical layers compared
to the thalamus. The take-home message is that substantial signal integration and
efficient, decorrelated encoding occur subcortically, culminating in the thalamus.
This suggests the ascending pathway optimizes information for cortical entry,
potentially prioritizing features relevant for further cortical computation rather
than solely maximizing the fidelity of the raw sensory input.
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Supplemental materials

Supplemental Table 1 - Parameter values of the Adex model [17] for SA1, SA2, and RA receptors as
well as parameters for the elif neurons model for TG and BS.

Parameters SA1 SA2 RA TG and BS
a 20.24nS  4611nS  59.1nS
b 69.65pA  321pA  86.53pA

T 44.09ms  1882.05ms 1890.10 ms

Eleak —-50 mV

Vin —30my

Vyeset —45my

Cm —0.1nF

Yreak 10nS

A 5mV

Supplemental Table 2 - Parameter values for sodium (Na), delayed-rectifier potassium (KDR), slow
non-inactivating potassium (M), and leak (L) channels used to model cortical E and | neurons. Values
in brackets are default values from [19], which we changed to the outside-bracket values to adjust the
neuron frequency-current behaviour (method section).

Parameter E values I values

Ina 0.086 [0.056] S/cm? 0.078 [0.058] S/cm?
Eye 50 mV 50 mvV

Ixor 0.006 S/cm? 0.0039 S/cm?

Eyeon -90 mv -90 mV

I 18 [7.5] x 10°S/cm? 5[7.871x 10°S/cm?
Tnax 808 [608] ms 602 [502] ms

Yiear 0.85[2.05] X 10°S/cm? 3.8x10°S/cm?
B -69[-70.3]mV -70.4 mV

vy -64 [-56.2] mV -58 [-57.9] mV
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Supplemental Table 3 - Parameter values used for simulating VPM neurons.

Parameter Ching et al. (2010) Pattern-generating Background
9y 0.001 mS/cm? 0.01 0.005 mS/cm?
N 10 45 24

I 0.05 mS/cm? 0.5 0.75 mS/cm?
r 12 Hz 9 5Hz

P 0.5 0.3 0.1

o 10 14 25

T 0.5 ms 0.5 0.5 ms

T 2ms 2 2ms

Supplemental Table 4 - Synapse-specific weights and connectivity patterns or connection
probabilities used in the model. Note that BS neurons send lateral inhibitory connections within BS
and excitatory connections to VPM, this structure doesn’t contain inhibitory neurons per se.

Pre-post population

Pre-post neuron type Weight (mV)

Probability to connect
or connectivity pattern

L2-12
L3-L2
L3-L2
L3-L3

L4-L3

La-L4

VPM-L4

BS-VPM
BS-BS
TG-BS
RA-TG
SA2-TG
SA1-TG

E-E
E-l
I-E
I-l

E-E
E-l
I-E

E-E
E-l
I-E
I-l

E-E
E-l

2.8
8.1

-17
-15

24
5.7
-14

33
79
-16
-14

7
9

10
-50
25
25
25
25

5.6%
5.1%
5.9%
5.1%

5.8%
0.33%
1.7%

7.6%
4.2%
6.3%
6.2%

4.3%
5%

30%

1%
one-to-one
one-to-one
one-to-one

one-to-one
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Supplemental Table 5 - Set of parameters used for whisker deflection simulation. For each set
of stimuli, the same set of initial parameters was used: The pole was positioned at 10 mm from the
targeted whisker and moved at a speed of 0.3 m/s, with an angle of 0° around the x-axis (along the
whisker). The amplitude of the stimulus was 1 mm, and it was held against the whisker for 100 ms at
the 10th link of the whisker (middle). Then, only one of these parameters was changed, as shown in
the table above.

Amplitude of Directionof  Position of Velocity of Frequency of
deflection deflection deflection deflection vibration at
along the the tip
whisker
Range of Tmm to 0°to 350° 1stlink-20th ~ 0.25m/s to 2 Hzto 32Hz
simulation: min 22 mm (Tmm)  (10°) link (1) 0.35m/s (2Hz)

to max (step) (0.01m/s)
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Supplemental Figure 1 - Population responses and raster plot to a direction of 0 degrees and
170 degrees.
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Supplemental figure 5 - Learning curve for Linear decoder, MLP and Bayesian when trained to
retrieve stimulus amplitude, on whole population activity.
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Supplemental figure 6 - Learning curve for Linear decoder, MLP and Bayesian when trained to
retrieve stimulus direction, on whole population activity.
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Supplemental figure 7 - Learning curve for Linear decoder, MLP and Bayesian when trained to
retrieve stimulus distance to whisker basis, on whole population activity.
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Supplemental figure 8 - Learning curve for Linear decoder, MLP and Bayesian when trained to
retrieve stimulus frequency, on whole population activity.
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Supplemental figure 9 - Learning curve for Linear decoder, MLP and Bayesian when trained to
retrieve stimulus speed, on whole population activity.
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Supplemental figure 13 - Learning curve for Linear decoder, MLP and Bayesian when trained to
retrieve the stimulus frequency, on the firing rate of the most informative neuron of each population.



228 | Chapter 5

Lmear ‘Gaussian MLP

3
a4 a4
02
o5 g i o %ﬂ—""
3m 13 b4
2 P a4 2

sA)

b50 a8 T
2 s L
ae
| =——=
n o & an ha 30 _gn sh en wan wan wdn amn dn_an mh an w0 in tmn
0.50 s k2
]
ns i
0 ;
ag
g 050 2
ar
535 L=
n P n an PR an_An &n mn ton 1o wan ien J_An Ah am wn oo wan twn

a4 i 50
" 1
©75 nas
az

3 B
Y]
3 o n2
az |
- X P P P e an van s
&7 Bsa
T nso A
g 25
025 as
e — — B30
HME (¥ 5
LFES b
.
2o = P : £i P N PO Y P am 4 PP P
&30 w50
Bﬂ)g ua, ‘ 0as
- on s P P P R a2 o _an aan s
n5a 030
5] e 025
B8 asl B
= - : 2 P/ PP P P A PR P P
o wifa- T
3
03s
man ae _,’__
2l L] [ i Lo B o4 a0 B0 0 120 140 160 2 40 B0 B0 100 1X0 140 160
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Chapter 6

Discussion
Of whiskers, fingertips and prosthetics
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Ah, dear reader, how far have we come together? As much as I'd like to press onward,
diving deeper in my research, spinning yet more yarns to amuse and enlighten, it
is, alas, time for me to wrap up this thesis and for us to part ways. But rejoice, for
it is now that we have to draw conclusions from the past experiments and shine a
beam of light on the future of this project. It is now that we apply the last coat of
varnish and take a step back to contemplate the full picture in its final form. Quite
the perilous act when one has spent the last 4 years obsessively drawing fragments
of the complete piece. Yet, if you'd allow me to distract you for a last couple of
pages, | will, without further ado, tackle this narrative voltige exercise in an attempt
to disentangle the storyline underlying sensory integration in the tactile system.

Throughout its history, the field of neuroscience has provided different approaches
to stimulate the brain to elicit a percept. From the early reports by Otfrid Foerster
in 1929 [1], showing that electrical stimulation of the occipital cortex evoked
phosphene, to the fundamental work of André Djourno and Charles Eyriés, who
demonstrated that auditory nerve stimulation can be a base for cochlear implants [2],
the field has consistently pushed the boundaries of artificial perception. More
recently, the repertoire has expanded to median ulnar nerve stimulation to provide
tactile sensory feedback in upper limb amputees [3]. Sensory stimulation spans a
wide range of applications over the different sensory modalities. However, despite
these developments, two fundamental questions remain: where along the sensory
pathways should one stimulate, and how can we do so in a way that is both
functionally effective and perceptually meaningful? Until now, accessibility has often
been the main driver in choosing stimulation sites—what can be reached is what
gets poked. But as stimulation techniques grow increasingly precise, so too must our
reasoning. It is within this context, and guided by these dual questions of where and
how, that | would now like to situate this final discussion.

In the second chapter of this thesis, we built upon the Allen brain institute dataset
on mouse brain connectivity [4] to draw the connectome of the whisker system.
Based on the previously reported connectivity map reviewed in [5], we defined a
threshold to apply to the two-photon imaging data made available by the Allen
Brain Institute to identify connections between the nodes contributing to the
whisker system of the rodent. We leveraged the more than 120 transgenic lines
used within the 2700 experiments reported in the dataset to further improve the
specification of these connections by identifying the type of presynaptic neuron
for each (either excitatory, inhibitory, or uncategorized). With this updated
connectome, we demonstrated that the whisker system was composed of highly
interconnected nodes, allowing communication between the sensory and motor
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pathways at each stage. We also showed the existence of top-down regulation
not only from the cortex to the thalamus, but also from the cortex directly to the
brainstem, as well as lateral inhibition in the thalamus and brainstem. On top of that
already complex network, we showed that neuromodulator releasing nuclei were
playing a role in whisker related information integration, as they target all nodes of
the whisker system, with structures such as the ventral tegmental area (VTA, core
of dopaminergic neurons) sending connections spanning the entire system, or the
tuberomammillary nucleus (TM, core of histaminergic neurons) targeting lower
structures. Thanks to this analysis, we shed light on the complexity of an often
oversimplified early processing system, pointing out the role of the lower structures
in sensorimotor integration as being more complicated than that of a simple ‘relay
station) repeating the information provided by the periphery. While this chapter
doesn’t offer any insight on how to stimulate the sensory system to produce
artificial perception, it certainly deepens our understanding of its structure and
gives hints on where to stimulate. Indeed, given the high interconnectivity in the
brainstem and the role of neuromodulators, inhibition, and the motor system in this

structure, we see that targeting it is not straightforward. Without the knowledge of
the contribution of each of these connections to sensory representation, too many
unknowns remain in the relationship between the activity of its structure and the
stimulus presented to the system for recommending specific stimulation sites or
procedures. Targeting the brainstem thus appears to require a lot of assumptions
on the contributions of the other structures along the sensorimotor pathway.
Sadly, currently the number of assumptions required for effective stimulation
of the sensory system only increases as we go further along the pathway, as
stimulating the thalamus requires guesses about the activity of the brainstem and
stimulating the cortex requires guesses about the activity of the thalamus, and that
while considering only the ascending somatosensory pathway and ignoring the
connectome of the whisker system in its entirety. As a consequence, if one wants
to stimulate the tactile system, one needs to take one step back and take a look at
the periphery.

In the third chapter, we explored duration integration of a tactile stimulus within
the periphery through the lens of a model and compared it to human behavior.
In order to understand the role of each mechanoreceptor, we built upon the
recorded data by Sonekatsu and Gu [6] and reproduced the ramp-and-hold
paradigm as used by Minnery and Simons [7]. Using this paradigm and dataset,
we fitted a neuron model that includes explicitly an adaptation term (Adex [8]),
as adaptation is the main property that functionally differentiates three types of
mechanoreceptors that exist across systems and species (Slowly Adapting Type 1
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(SA1), Slowly Adapting Type 2 (SA2) and Rapidly Adapting (RA)). We connected
these three groups of receptors to a layer containing leaky integrate and fire
neurons representing the trigeminal ganglion (TG) so that the TG responds by
generating a weighted sum of the underlying mechanoreceptor populations. We
applied tactile stimuli with different durations to the receptors and recorded the
activity of each group of neurons. We then trained decoders on the activity of these
neural populations to determine which of the two stimuli was the longest. This
revealed that every population was informative about the stimulus duration except
for the RA receptors, and that the concatenation of RA activity with that of SAs
within TG impaired the decoder capacity to discriminate between two durations
within TG. The conclusions of our whisker model were compared to the results of a
behavioral task performed by human subjects. They were asked to tell whether or
not a tactile stimulus with varying tactile intensities and durations was presented
at their fingertips. This experiment showed that the duration of the stimulus was
not used by the subjects when the stimulus was longer than 7.8 ms. The model
and human results together demonstrate that discrimination and detection are
segregated in two different pathways within the sensory system. To conclude this
study, we computed the mutual information (MI) and co-information between the
spike times and the stimulus duration in the whisker model. This revealed that only
the timing of the first spike carries unique information about the stimulus duration.
Contrary to the previous chapter, this chapter gives insight into how to stimulate,
for it shows that the diverse receptors divide the stimulus information into different
streams performing different tasks and that, while one type of receptor could be
sufficient to detect and discriminate stimuli, such a homogeneous system would
lose accuracy, making the sensory representation less reliable, as shown by the
activity of isolated mechanoreceptors and the resulting accuracy of the decoders.
Consequently, artificial perception could make use of a heterogeneous system
mimicking neural activity to be input into the system to span the entire diversity of
a sensory stimulus duration. While this has been shown in this chapter for duration,
itis only one of the numerous dimensions of a tactile stimulus.

In the fourth chapter, we leveraged the previously developed model of the tactile
periphery. We connected a 3D model of a whisker (Whisklt [9]) to model a more
natural-like whisker stimulus, as the model mimics the elasticity and damping
parameters of real whiskers and provides the forces at its base as input to the
model. On top of that, we added a model of the brainstem containing leaky
exponential integrate and fire neurons (elif) and lateral inhibition. Using this model,
we modelled a typical whisker stimulation experiment, where a pole was pushed
against the modeled whisker. We varied one of the following dimensions of this
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tactile stimulus: the amplitude of the whisker deflection, the direction of deflection,
the speed of deflection, the position of the pole along the whisker (distance to the
whisker base), and we applied a vibration with different frequencies at the tip of
the whisker. We then recorded the activity of each structure within our model (SA1,
SA2, RA, TG, BS) in response to these stimuli. We trained decoders to determine
the value of one of the dimensions of the applied stimulus (how much the whisker
was deflected, in which direction, at what speed, etc). We computed the mutual
information between the neural activity of each neuron and the stimulus, and we
assessed the correlation across pairs of neurons’firing rates within each population.
Moreover, we trained the decoders on a single most informative neuron (based
on MI) to determine the stimulus value. This protocol revealed that the different
receptor populations were responsible for encoding different parts of the stimulus,
while the BS activity could be used to decode every aspect of the tactile stimulus.
This also showed that neural activity decorrelates in the BS while the amount of Ml
at a single neuron level increased compared to the periphery, to the point that the
activity of a single neuron was sufficient to determine the applied stimulus features

for a decoder. One could interpret that as a single neuron representing the entirety
of the stimulus, whereas we see that the fluctuation of activity in a single neuron is
sufficient to identify the applied stimulus, as the variability in the neuron’s activity
is equivalent to the variability within the stimulus. This does not guarantee the
ability to reconstruct the stimulus from a single neuron's activity. From a network
perspective, to create such a neuron that is informative about the entire range of
stimuli, this neuron should receive input from a wide range of afferent neurons,
making it a hub. The presence of such hubs is what mainly distinguishes the CNS
from the periphery, as the peripheral neurons, receiving input from a limited
number of receptors, appear to respond only to particular features of the stimuli,
thus, they are specific or specialized in their response. While being more specialized,
the activities of peripheral cells demonstrate more overlap with one another than
those of the brainstem cells, as shown by the Pearson correlation coefficient. This
comes from the probabilistic connection scheme between the trigeminal ganglion
and the brainstem, as well as lateral inhibition within the brainstem, which results
in the heterogeneization of each neuron within BS as they receive inputs from
different receptors and probabilistic inhibition. Then, would it be sufficient to
identify the hubs within BS and stimulate them to produce artificial perception?
Well, as discussed above, while the hubs provide relatively the most information
about the identity of the stimulus, there is no guarantee that their activity is
sufficient to reconstruct the stimulus. Although they are informative about the
amplitude of deflection of a whisker, here we collapsed the activity for the duration
of the simulation into a single value, i.e., the firing rate; thus, this could not be
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used to reconstruct the stimulus. Also, which neuron was the most informative in
each population was different for each stimulus dimension (amplitude, direction,
etc). The process to identify the way to stimulate each neuron to produce artificial
perception could thus go as follows: 1) Identify the hubs for each stimulus
dimension, 2) Compute the response curve (number of spikes for a given stimulus)
for each of these hubs. The issue is that, for a tactile stimulus, we don't really know
what information is received by the BS neurons. Thus, we would need to compute
the response for each set of stimuli, but also for the combination of all stimuli
(for one amplitude, given one duration, given one speed, etc). Meanwhile, the
peripheral cells’ activities are a direct result of the stimuli, without processing by
any other neural units. Thus, their response curve as a function of a stimulus will
be a direct transformation from the stimulus, while the BS neurons’ response might
be irregular with several local maxima, making them more complicated to grasp.
Consequently, while considering the production of artificial perception, we are
facing a trade-off. Either we do the heavy lifting computationally, trying to guess
the relationship between the neural activity of a few hubs given a stimulus within
BS, or we leave the heavy lifting in the neural system by focusing on the periphery,
by modeling the whole receptor population and stimulating the first order sensory
neuron with the given receptor activity. While the first proposition, once again,
doesn’t guarantee reconstructability of the stimulus, the latter does.

In the fifth chapter, we extended the peripheral network introduced in chapter 4 by
adding the thalamocortical layers, thus achieving a complete model of the lemniscal
pathway[10, 11].The added layers comprised the thalamus, excitatory and inhibitory
populations in layer 4 of the cortex, excitatory and inhibitory populations in layer 3
of the cortex, and inhibitory and excitatory populations in layer 2 of the cortex.
These neuron populations were made of conductance-based neurons following
the Hodgkin-Huxley formalism. The peripheral network was downscaled compared
to Chapter 4 to ensure computational efficiency. Reproducing the protocol of the
previous chapter, relying on Whisklt [9], we applied the same set of stimuli and
recorded the resulting neural activity from each population, which we later used
to train decoders. The decoders were trained to identify the applied stimulus. We
computed the MI between the neural activity and each stimulus as well as the
Pearson correlation coefficient across neurons’ firing rate within each population.
We ended our analysis by training the decoders on the same task, relying on the
activity of the single most informative neuron, based on the MI calculation. The
downscaling of the network induced changes in the behaviour of our model of
the ascending somatosensory pathway. While decorrelation amongst neurons’
firing rate and an increase of MI between a single neuron’s activity and a stimulus,
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is still present in the network, this process doesn’t happen in BS in the reduced
model, mostly due to the sparse activity of the population of receptors coupled
with a low probability of connection (p=0.01). Rather, we see thalamic neurons and
excitatory neurons from layer 4 of the cortex (L4E) taking this role. In fact, while
the correlation between neurons’firing rates of the same population remains stable
once passed the thalamus, the stimulus information per neuron drops starting from
layer 3 of the somatosensory cortex (L3E (excitatory) and L3I (inhibitory)). While this
didn’t show any impact on the decoders using the entire population activity, the
decoders’ performance relying on the single most informative neuron dropped in
other layers than TC, L4E, and L3E. As we rely on a discretized stimulus, which is
a simplification relative to the nuances of environmental cues the whisker system
would receive in a real-life situation, the drop of information might not appear that
detrimental to the decoders as it would in a realistic setting. In the real system,
the information loss might be even more drastic. Recently, an article by Sotomayor-
Gbémez et al. [12] suggested that the sequence of spikes was the most important for
stimulus representation, rather than the firing rate. While our results show that the
activity of a single neuron is sufficient to identify the stimulus in some layers, there
is, similarly to Chapter 4, no guarantee that a single neuron's activity is sufficient to
reconstruct the stimulus. Instead, the whole sequence of activation from peripheral
neurons to the cortical neurons might be necessary to reconstruct the stimulus.
Based on this, we can assume that the best stimulation area to target for artificial
perception is, once again, the periphery, for identifying a subset of neurons that
are activated in sequence is no easy task, especially with a non-cooperative
connectome. Meanwhile, stimulating a TG cell by modeling receptors’ activity will
send the activity downstream, to the only possible structure in the ascending
somatosensory pathway, that is, BS. Similar to the previous chapter, the heavy
lifting is left not to the computational model, which would have a lot of parameters
to tweak if we stimulated upper structures with higher connectivity, but rather to
the already present nervous system. By stimulating the input node of the network,
the flow will follow its natural course up to the cortex, thus respecting the sequence
of activation, providing an accurate representation of the stimulus.

So, where should we stimulate to produce functionally effective and meaningful
perception? Based on our discussion, we can answer that the periphery seems to be
the most reliable locus to accurately represent a stimulus. While cortical stimulation
has been used, in the visual system, the phosphenes produced by such a technique
are believed to be the result of the activation of an entire cortical column [13].
Further research on stimulus encoding exhibited representational drift within
the cortex [12], making the neural population to target unstable. Building on the
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previous point, Sotomayor-Gémez et al. [12] have demonstrated that the sequence
of the spikes is what matters for stimulus encoding rather than the firing rate of
each neuron, which changes a lot from one trial to another. Furthermore, in their
article, Saal et al. demonstrated that the neural activity of cortical neurons in the
touch system integrates the activity of several subtypes of receptors [14]. This lets
us wonder if the STA, as it is computed for cortical neurons, really has a meaning
in such a deep layer. If one targets the periphery to achieve artificial perception,
then the sequence of activation of neurons is a mere result of the initial stimulation,
since we are stimulating the first node. Stimulating the periphery, such is the idea
of cochlear implants [15], artificial retinas [16], or peripheral nerve stimulation
to produce touch feedback [3], and, given our results, it seems to be the most
straightforward way to achieve artificial perception.

How should we stimulate to produce functionally effective and meaningful
perception? Cochlear implants mainly use block pulses to stimulate the auditory
nerve. While this allows subjects to hear, the resulting auditory percept is perceived
as quite robotic, far from natural [17]. Obviously, the shape of the cochlea is an
obstacle for accurate stimulation, as the array of electrodes needs to be rolled on
itself, which doesn’t allow for a lot of electrodes to be integrated in the implant.
With artificial retinas, resolution is a common problem because of the high density
of ganglion cells present in the retina [18]. For tactile stimuli, peripheral nerve
stimulation has been used lately to investigate the role of different stimulation
patterns on stimulus localisation [19]. It was demonstrated that by stimulating
the nerve at the same place, with a natural-like pattern, one could modify the
position of the perceived stimulus on an artificial limb consistently. This result is
in agreement with the previously mentioned results showing the importance
of the sequence of activation [12], for if one has to respect the relative timing of
spikes, then one has to take into consideration the adaptation rate and reproduce
the activity of peripheral cells. Indeed, adaptation will change the timing of the
next spike as a function of the spiking of the previous spike, thus changing the
timing of each spike within a spike train. Altogether, it seems that the future of
neuroprosthesis lies within the periphery.

Beyond the theoretical achievements of this thesis, we conclude these 4 years with a
set of tools that pave the way for future researchers on sensorimotor integration in the
whisker system. The whisker to cortex model gives the possibility to explore different,
more dynamic stimuli than those we experimented with so far. The neural network
structure connected to it can also be changed to embed more complex neurons,
different connectivity patterns, and more structures. The receptor models designed in
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this thesis could benefit from more accuracy by integrating the mechanosensitive ion
channels or taking more parameters to take into account to determine their position
within the whisker follicle. The whole sensorimotor pathway could be replicated
based on the Hill muscle model [20] to make the whisker movement biologically
accurate. These muscles could be controlled by a model of the facial motor nucleus,
thus providing a complete neuromuscular model [21]. In the end, we are left with
a model that can be easily modified to explore more sensorimotor paradigms [22].
We also leave with a computationally efficient model of receptors that can easily
be integrated in a neuromorphic chip such as Loihi2 [23] and thus used to produce
neuromorphic sensors. Their simplicity makes them versatile, and as we saw in the
previous chapters, these receptors can encode all aspects of tactile stimuli.

We have shown how the theoretical model developed in this thesis contributes to
the understanding of sensory integration and how to build upon our findings to
improve neuroprosthetics. We have been through the tools that we provided for
future research and the elements that could be pushed forward. Yet, there is still

some room for one last discussion point.

Alas, reader, we come to the last part of this thesis, and of them all, not the least,
for we embark in our ultimate cavalcade together, once again, on the never ending
sea of philosophy, for you know, this thesis wouldn't be mine if it didn't end on a
philosophical crescendo. On which journey, you ask? A mere detour, following the
foam of Hume, fencing with Descartes, boarding Marleau-Ponty’s galleon. What for?
Well, for the sole purpose of jousting with the “I". The concept, not me, sheath back
your sword and run, for Hume is already gone. This rascal, he played on us a good
one. As a philosopher, he was supposed to be the lighthouse in the fog, to enlighten
our path. Yet he made us more confused, and we wandered off into the distance, for
he said the “I"is an empty vessel that aims only to host the concept of its user, a mere
fabrication of our mind to unify our flow of ephemeral perception, thus making “I"’s
meaning different for each speaker [24]. But then, who is the speaker? Even more,
what is the speaker? To qualify, the speaker is to encage them at a specific time,
said the existentialist, for the identity of one is not the same at one time and the
following. “I don't have a specific nature, | am a being in the making’, answered
Heidegger [25]. Such an elusive answer to avoid clarity! Look at us now, surrounded
by the fog, lost at sea with no hope for a return! But fear not, for | see a thread of
thought, and if we pull it, | bet we'll find our way. “Cogito ergo sum” is written on
it, a hair from Descartes’ moustache, most likely. Let’s follow it, shall we? “I think,
therefore, | am”, he said. Does it mean that | am my mind? As a dualist, Descartes
might have answered yes, as he described the body as an automaton activated by
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the mind [26]. But this mind of ours has to interact with the surrounding world, isn’t
it? Unless you think that the world is within our mind, as George Berkeley did [27],
for if not perceived, then it does not exist. Well, we would meet at a dead-end, for
are you in my mind or am | in yours, dear reader? Which of us should find his way to
the asylum? No, no, after you, please lead the way. Enough with the nonsense! Now
that this little argument is settled and we know for sure that | am not a figment of
your imagination, nor you of mine, we still haven’t answered the question of what
you are. Here comes the link with this thesis; it took time, but we finally found it.
Let’s assume that you are your brain, and, similar to how Descartes described it,
your body is an automaton controlled by the central nervous system (CNS). Your
CNS still needs to gather information from the outside world, thus, the outside
world will shape the activity of the brain. But what else besides the receptors
shapes the activity of the brain, given the information gathered from the outside?
So, instead of your CNS, are you simply your nervous system, periphery included?
Well, what else but the shape of the cornea will dictate the distribution of light
amongst the photoreceptors? What else than the lens will propagate the light on
the cornea? Similarly, what else but the skin will dampen the intensity of a tactile
stimulus? So, are we our body as a whole? What a disappointing conclusion, isn't it?

ulu

But what if, instead of dissecting the “I” to its minimum, which leads to mistakes as
we've seen, we embraced it as a whole? Does it mean that every single part of our
body is performing cognition? No, but as discussed by Merleau-Ponty [28], every
inch of it influences cognition, for it provides information on a stimulus that will
impact our reaction. Thus, our body is our window toward the world, for we exist in
“I"

the world through it. Without a body, there is no such thing as an “I". As | promised,

a joust with the “I', never have | said that we would fend it ourselves. In fact, every
battle starts with a good identification of the opponent. And now, | believe we are
well prepared. But, dear reader, a battle is more of a moment for actions than for
words, and with this new insight, it is time for us to depart to, through our research,

tackle the “I”. The concept, not me.
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Thesis Summary

Computational Mechanics of Sensory Processing: Modelling and
Computation for Next-Generation Artificial Sensing

The study of neural computation in the tactile system is fundamental to
understanding how the brain interprets and organizes physical interactions with
the external environment. Tactile processing begins when mechanoreceptors in
the skin transduce physical stimuli into electrical signals, which travel through
the peripheral and central nervous systems. Complex neural circuits process these
signals to extract key information such as texture, shape, pressure, and movement.
Investigating these computations sheds light on how sensory inputs are encoded,
integrated, and interpreted in the brain, enhancing our understanding of
perception and behavior. The thesis aims to unveil this process with psychophysical
experiments performed in humans and computational modeling of the ascending
somatosensory system based on available electrophysiological data collected in
rodents. Beyond theoretical implications, such research has a significant impact for
future applications, including the development of neuroprosthetics, advancements
in haptic technology, and treatments for sensory processing disorders. By
unraveling the tactile system's mechanisms, we deepen our understanding of

human experience and pave the way for innovations that enhance sensory function
and quality of life.

The whisker system is an excellent model for studying neural computations in
sensory processing. Its somatotopic organization allows researchers to trace
information conveyed by a single whisker. Each whisker is represented by the
activity of a barrelette in the brainstem, a barreloid in the thalamus, and a barrel
in the somatosensory cortex. Additionally, the vibrissae's positions and shapes
make them easy to manipulate, enabling precise control over stimuli applied to the
tactile system. The whisker system is also a great experimental model for human
haptic sensing, due to the preserved organization of the mechanosensitive cells in
the periphery and the architecture along the ascending central circuits in the brain.

While the neural architecture of the human nervous system is not easily accessible
as an experimental model, the ascending direct path of whisker processing has been
extensively studied, including the distributed representations across most sensory
and motor circuits in the brain. In Chapter 2 of this thesis, we updated the whisker
circuit map (Bosman et al. 2011) using data from the Allen Brain database, which
contains two-photon imaging of the mouse connectome to identify projections of
targeted neurons expressing fluorescent proteins. By analyzing data from different
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transgenic lines to establish cell-type specificity, we first identified the existence
and then the type of connectivity between nuclei in the somatosensory pathway,
motor pathways, and neuromodulator-releasing nuclei. This study revealed a
highly interconnected network with 157 connections across 18 nuclei. Key findings
include the existence of low-level inhibition in the brainstem, direct sensory-motor
connections at multiple stages, and top-down regulation from the cortex to the
thalamus and brainstem. Additionally, neuromodulator-releasing nuclei appear to
play a structural role in the architecture of this system, as their presence reduces the
average nodal shortest path, thus facilitating communication across the different
nodes from the sensorimotor pathway. These results argue that the sense of touch
is a“whole brain computation.”

In Chapter 2, we showed that the connectome suggests that early sensory
processing is more complex than previously thought. To further understand the
early processing in the whisker system, we aimed to develop a model of these early
processing nuclei. The complexity of the whisker system extends even beyond its
connectome, as the mechanoreceptors in the skin already show a large diversity.
To understand the initial encoding of duration in tactile information, we developed
in Chapter 3 a model of mechanoreceptors based on the different experimentally
observed adaptation rates and fitted these to biological recordings (Sonekatsu and
Gu, 2020). This model shows how stimuli are dissected into two distinct streams
at the receptor level in the mammalian skin. Taking advantage of both the ease
of psychophysical quantification of detection and discrimination thresholds in
humans and the availability of electrophysiological data in rodents, we developed a
species-transcending computational model of the early processing of touch. Using
our model, we replicated humans' detection and discrimination performance and
proposed that two distinct pathways are responsible for stimulus detection and
discrimination, suggesting that parallel processing of touch starts already in the
first processing step and hence outside of the central nervous system.

One of the few differences between human and rodent mechanosensation is
that before mechanoreceptors detect force in the whisker system, whiskers
perform “predermal” filtering, potentially impacting the information available to
mechanoreceptors. Thus, in Chapter 4, we integrated Whisklt (Zweifel et al., 2021),
a mechanical model of the whisker, into our model of the first two processing
stages (i.e., mechanoreceptors and brainstem), enabling simulations of forces and
torques as a response to various whisker transformations. We manipulated the
virtual whisker with varying directions, amplitudes, speeds, and tip vibrations to
analyze all tactile stimulus components. Using information-theoretical analyses,
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we quantified how incoming information is transferred and transformed in the
periphery (mechanoreceptors) and the brainstem, showing how lateral inhibition
in the brainstem controls ascending sensory information.

In Chapter 5, we expanded the computational model to include the thalamus
(VPM), as well as the granular and supragranular layers of the somatosensory
cortex. We introduced a conductance-based model of thalamic neurons to simulate
bursting behavior. We incorporated cortical layers 4 and 2/3 of the somatosensory
cortex, quantifying and comparing information transfer and decoding performance
at different processing stages, from mechanoreceptors to the cortex. Our findings
demonstrate that stimulus identity can already be decoded in the early stages of the
ascending pathway. Information quantification revealed the relative contributions
of the subcortical and cortical processing to information flow.

Taken together, the research presented in this thesis highlights the complex
mechanisms by which biological systems interpret tactile stimuli. It elucidates the
role of mechanoreceptor adaptation profiles, the organization of the ascending
somatosensory pathway, and the circuitry responsible for tactile integration. These
insights contribute to our understanding of sensory processing in particular and its

broader applications in neuroscience and technology.
The list of chapters

Chapter 1 - Mechanoreceptors: An Overview of the Information Flow in
the Periphery

Chapter 2 - Where Top-Down Meets Bottom-Up: Cell-Type Specific
Connectivity Map of the Whisker System

Chapter 3 - A Universal Model of Touch: A Bottom-Up Perspective

Chapter 4 - Tactile Integration in the Whisker System: From Whisker
to Brainstem

Chapter 5 - Thalamocortical Integration of Tactile Stimuli

Conclusion - Information Flow in the Ascending Somatosensory System
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Dutch Thesis Summary

Computationele mechanica van sensorische verwerking: Modelling
and Computation for Next-Generation Artificial Sensing

De fundamentele studie van de berekeningen die de hersenen doen voor onze tastzin
vormen het fundament voor het begrip van hoe de hersenen fysieke interacties
met de externe omgeving interpreteren en organiseren. Tactiele verwerking begint
wanneer mechanoreceptoren in de huid fysieke prikkels omzetten in elektrische
signalen, die door het perifere en centrale zenuwstelsel gaan. Complexe neurale
circuits verwerken deze signalen om belangrijke informatie zoals textuur, vorm,
druk en beweging te extraheren. Het onderzoeken van deze berekeningen werpt
licht op hoe zintuiglijke input wordt gecodeerd, geintegreerd en geinterpreteerd in
de hersenen, wat ons begrip van perceptie en gedrag verbetert. In dit proefschrift
wordt dit proces onderzocht aan de hand van psychofysische experimenten bij
mensen en het ontwikkelen van computationele modellen van het opgaande
somatosensorische systeem op basis van beschikbare elektrofysiologische gegevens
verzameld bij knaagdieren. Naast theoretische implicaties heeft dergelijk onderzoek
een significante impact op toekomstige toepassingen, waaronder de ontwikkeling
van neuroprothesen, vooruitgang in haptische technologie en behandelingen voor
sensorische stoornissen. Door de mechanismen achter de tastzin te ontrafelen,
verdiepen we ons begrip van de menselijke ervaring en maken we de weg vrij voor
innovaties die de sensorische functie en levenskwaliteit verbeteren.

Het systeem van de snorharen is een uitstekend model om neurale berekeningen
in sensorische verwerking te bestuderen. De somatotopische organisatie laat het
toe om informatie te traceren die door één enkele snorhaar wordt overgebracht.
Elke snorhaar wordt vertegenwoordigd door de activiteit van een zogenaamde
‘barellette’ in de hersenstam, een ‘barreloid’ in de thalamus en een ‘barrel’ in de
somatosensorische cortex. Bovendien zijn de snorharen door hun positie en vorm
eenvoudig te manipuleren, waardoor precieze controle over de stimuli die op
het tactiele systeem worden toegepast mogelijk is. Dit snorhaar systeem is een
geweldig experimenteel model voor menselijke haptische sensatie, vanwege de
organisatie van de mechanosensitieve cellen in de periferie en de architectuur langs
de opgaande centrale circuits in de hersenen, een systeem dat vergelijkbaar is in
verschillende (zoog)diersoorten.

Hoewel de neurale architectuur van het menselijke zenuwstelsel niet gemakkelijk
toegankelijk is als experimenteel model, is het opgaande directe pad van de
verwerking van de input die via snorharen de hersenen binnenkomt uitgebreid
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bestudeerd, inclusief de gedistribueerde representaties over de meeste sensorische
en motorische circuits in de hersenen. In hoofdstuk 2 van dit proefschrift hebben
we de bestaande snorhaar circuit-kaart (Bosman et al. 2011) bijgewerkt met
behulp van gegevens uit de Allen Brain database, die twee-foton beeldvorming
van het muis connectoom bevat, om projecties van specifieke neuronen die
fluorescerende eiwitten tot expressie brengen te identificeren. Door gegevens van
verschillende transgene lijnen te analyseren om de specificiteit van het celtype vast
te stellen, identificeren we eerst het bestaan en vervolgens het type verbinding met
tussen kernen in de somatosensorische paden, motorische paden en kernen die
neuromodulatoren uitscheiden. Deze studie onthulde een sterk onderling verbonden
netwerk met 157 verbindingen tussen 18 kernen. Belangrijke bevindingen zijn
onder andere het bestaan van inhibitie op een laag niveau in de hersenstam, directe
sensomotorische verbindingen in meerdere kernen en top-down regulatie vanuit
de cortex naar de thalamus en hersenstam. Bovendien lijken neuromodulator-
uitscheidende kernen een structurele rol te spelen in de architectuur van dit systeem,
aangezien hun aanwezigheid de gemiddelde kortste weg van de knooppunten
vermindert en zo de communicatie tussen de verschillende knooppunten van het
sensorimotorische pad vergemakkelijkt. Deze resultaten suggereren dat tastzin een
“whole brain computation”is.

In hoofdstuk 2 hebben we laten zien dat het connectoom suggereert dat de vroege
sensorische verwerking complexer is dan eerder gedacht. Om de vroege verwerking
in het snorhaarsysteem verder te begrijpen, hebben we een model ontwikkeld van
deze vroege verwerkingskernen. De complexiteit van het sonarsysteem gaat zelfs
verder dan het connectoom, aangezien de mechanoreceptoren in de huid al een grote
diversiteit vertonen. Om de initiéle codering van de duur van een tactiele stimulus
te begrijpen, ontwikkelden we in hoofdstuk 3 modellen van mechanoreceptoren
gebaseerd op hun verschillende experimenteel waargenomen adaptatie snelheden
en pasten deze aan door ze te fitten naar op biologische metingen (Sonekatsu en
Gu, 2020). Deze modellen laten zien hoe stimuli op receptorniveau in de huid
van zoogdieren worden ontleed in twee verschillende stromen. Door gebruik te
maken van zowel het gemak van psychofysische kwantificering van detectie- en
discriminatiedrempels bij mensen als de beschikbaarheid van elektrofysiologische
gegevens bij knaagdieren, ontwikkelden we een soort overstijgend computationeel
model van de vroege verwerking van aanraking. Met behulp van ons model
bootsten we de detectie- en discriminatieprestaties van mensen na en stelden we
voor dat twee verschillende paden verantwoordelijk zijn voor stimulusdetectie en
-discriminatie, wat suggereert dat parallelle verwerking van aanraking al in de eerste
verwerkingsstap en dus buiten het centrale zenuwstelsel begint.
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Eén van de weinige verschillen tussen mechano sensatie bij mensen en
knaagdieren, is dat voordat mechanoreceptoren kracht detecteren in het snorharen
stelsel, snorharen “predermale”filtering uitvoeren, wat mogelijk invloed heeft op de
informatie die beschikbaar is voor mechanoreceptoren. Daarom integreerden we in
hoofdstuk 4 Whisklt (Zweifel et al., 2021), een mechanisch model van de snorhaar,
in ons model van de eerste twee verwerkingsstadia (d.w.z. mechanoreceptoren
en hersenstam), waardoor simulaties van krachten en koppels als reactie op
verschillende manipulaties van de snorhaar mogelijk werden. We bewogen de
virtuele snorhaar in verschillende richtingen en met verschillende amplitudes,
snelheden en tip trillingen om alle tactiele stimuli componenten te analyseren.
Met behulp van informatietheoretische analyses hebben we gekwantificeerd hoe
inkomende informatie wordt overgedragen en getransformeerd in de periferie
(mechanoreceptoren) en de hersenstam, waarbij we hebben laten zien hoe laterale
inhibitie in de hersenstam opgaande sensorische informatie bestuurt.

In hoofdstuk 5 hebben we het computationele model van hoofdstuk 4 uitgebreid
met de thalamus (VPM) en de granulaire en supra granulaire lagen van de
somatosensorische cortex. We introduceerden een conductantie-gebaseerd
model van thalamus neuronen om bursting gedrag te simuleren. We voegden
ook modellen van corticale lagen 4 en 2/3 van de somatosensorische cortex toe
en kwantificeren en vergeleken informatieoverdracht en decodering prestaties in
verschillende verwerkingsstadia, van mechanoreceptoren naar de cortex. Onze
bevindingen tonen aan dat de stimulus identiteit al in de vroege stadia van het
stijgende pad kan worden gedecodeerd. Kwantificering van informatieoverdracht
onthulde de relatieve bijdragen van de subcorticale en corticale verwerking aan
de informatiestroom.

Alles bij elkaar benadrukt het onderzoek in dit proefschrift de complexe
mechanismen waarmee biologische systemen tactiele stimuli interpreteren. Het
verduidelijkt de rol van mechanoreceptoradaptatieprofielen, de organisatie van het
opgaande somatosensorische pas en het circuit dat verantwoordelijk is voor tactiele
integratie. Deze inzichten dragen bij aan ons begrip van sensorische verwerking
in het bijzonder en de bredere toepassingen ervan in de neurowetenschappen
en technologie.



Appendix | 253

Lijst van de hoofdstukken

Hoofdstuk 1 - Mechanoreceptoren: een overzicht van de informatiestroom
in de periferie

Hoofdstuk 2 - Waar top-down en bottom-up elkaar ontmoeten: Celtype-
specifieke connectiviteit kaart van het Whisker-systeem

Hoofdstuk 3 - Een universeel model van aanraking: Een Bottom-Up Perspectief

Hoofdstuk 4 - Tactiele Integratie in het Afluistersysteem: Van Whisker
tot Hersenstam

Hoofdstuk 5 - Thalamocorticale integratie van tactiele stimuli

Conclusie - Informatiestroom in het stijgende somatosensorische systeem
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Research Data Management

All research presented in this thesis is based solely on computational modeling and
analysis. No human or animal subjects were involved in data collection. Simulated
data were generated using validated models and processed following reproducible,
transparent methods. Ethical considerations focused on data integrity, proper
attribution, and open access principles. All code and data are archived following FAIR
(Findable, Accessible, Interoperable, Reusable) guidelines.

Findable Accessible

All code developed for this thesis is openly available in a public repository or
will be publicly available after publication. It is documented, version-controlled,
and includes instructions for use. The repository is indexed on GitHub to ensure
findability. Access does not require authentication or special permissions. This
ensures transparency, reproducibility, and long-term availability.

Chapter Data/Code availability

Chapter 2 Data: https://connectivity.brain-map.org/

Chapter 3 Code: https://github.com/Nrault/Universal_model_of_touch
Chapter 4 Code: https://github.com/Nrault/EarlyWhiskerSystem

Chapter 5 Code: https://github.com/Nrault/StimulusRepInAscendingPathway

Interoperable, Reusable
All code relies on Python and is given with its corresponding environment,
containing all libraries required to run it, thus making it interoperable and reusable.

Privacy

This thesis involves no collection or processing of personal or sensitive data. All data
used are either simulated or publicly available, with no risk to individual privacy.
No identifiable information is stored, shared, or analyzed at any stage. Privacy
principles were respected in full compliance with data protection standards. The
work poses no ethical or legal concerns related to privacy.
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Activity

Study Program

Literature Review Supervision
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Donders Graduate School

For a successful research Institute, it is vital to train the next generation of
scientists. To achieve this goal, the Donders Institute for Brain, Cognition and
Behaviour established the Donders Graduate School in 2009. The mission of the
Donders Graduate School is to guide our graduates to become skilled academics
who are equipped for a wide range of professions. To achieve this, we do our
utmost to ensure that our PhD candidates receive support and supervision of the
highest quality.

Since 2009, the Donders Graduate School has grown into a vibrant community
of highly talented national and international PhD candidates, with over 500 PhD
candidates enrolled. Their backgrounds cover a wide range of disciplines, from
physics to psychology, medicine to psycholinguistics, and biology to artificial
intelligence. Similarly, their interdisciplinary research covers genetic, molecular,
and cellular processes at one end and computational, system-level neuroscience
with cognitive and behavioural analysis at the other end. We ask all PhD candidates
within the Donders Graduate School to publish their PhD thesisin the Donders Thesis
Series. This series currently includes over 600 PhD theses from our PhD graduates
and thereby provides a comprehensive overview of the diverse types of research
performed at the Donders Institute. A complete overview of the Donders Thesis
Series can be found on our website: https://www.ru.nl/donders/donders-series

The Donders Graduate School tracks the careers of our PhD graduates carefully. In
general, the PhD graduates end up at high-quality positions in different sectors,
for a complete overview see https://www.ru.nl/donders/destination-our-former-
phd. A large proportion of our PhD alumni continue in academia (>50%). Most of
them first work as a postdoc before growing into more senior research positions.
They work at top institutes worldwide, such as University of Oxford, University of
Cambridge, Stanford University, Princeton University, UCL London, MPI Leipzig,
Karolinska Institute, UC Berkeley, EPFL Lausanne, and many others. In addition, a
large group of PhD graduates continue in clinical positions, sometimes combining
it with academic research. Clinical positions can be divided into medical doctors,
for instance, in genetics, geriatrics, psychiatry, or neurology, and in psychologists,
for instance as healthcare psychologist, clinical neuropsychologist, or clinical
psychologist. Furthermore, there are PhD graduates who continue to work
as researchers outside academia, for instance at non-profit or government
organizations, or in pharmaceutical companies. There are also PhD graduates
who work in education, such as teachers in high school, or as lecturers in higher
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education. Others continue in a wide range of positions, such as policy advisors,
project managers, consultants, data scientists, web- or software developers,
business owners, regulatory affairs specialists, engineers, managers, or IT architects.
As such, the career paths of Donders PhD graduates span a broad range of sectors

and professions, but the common factor is that they almost all have become
successful professionals.

For more information on the Donders Graduate School, as well as past and
upcoming defences please visit: http://www.ru.nl/donders/graduate-school/phd/




This thesis explores how the brain interprets touch by tracing the transformation of physical stimuli into neural
representations. From mechanoreceptors in the skin to cortical networks, it combines psychophysical experiments in
humans with computational modeling of the rodent whisker system to uncover how tactile information is encoded, trans-
mitted, and decoded. Updating the connectome of the whisker pathway reveals a dense network of sensory, motor, and
modulatory nuclei—supporting the view that touch is a “whole-brain computation.” Biophysical models of mechanore-
ceptors show that tactile signals divide into parallel detection and discrimination streams even before reaching the central
nervous system. Integrating mechanical and neural models, the work quantifies how information flows from the periphery
through brainstem, thalamus, and cortes, highlighting the roles of inhibition and top-down regulation. By linking human
perception to detailed neural mechanisms, this research deepens our understanding of sensory computation and lays foun-
dations for advances in neuroprosthetics, haptic technologies, and sensory-disorder treatments while providing insight
into our perception of the world.
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