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Decoding neural mechanisms using in silico and animal models for
restoring somatosensory feedback with neuroprostheses

Abstract

Limb amputation is a tragic event that significantly alters patient’s quality of life. Although
somatosensory feedback is a crucial for motor control and coordination, currently available
prostheses are lacking information about the ground interaction or limb position. Because
of that, amputees are prone to falls and asymmetrical walking, causing higher fatigue and
big cardiovascular problems. Efforts are made to develop a neuroprosthetic device that is
able to restore missing sensations. Previous studies demonstrated the ability to restore touch
sensation with electrical stimulation, but the naturalness of resulting sensation was limited
and often described as unpleasant paresthesia. Restoring the proprioception, sense about
the position of the limb, still remains as a big challenge.

This thesis aims to define the proper language to communicate with our nervous system, in
order to restore close-to-natural sensory feedback. A computational model of foot sole
afferents neural responses was developed and biomimetic paradigms mimicking the natural
features of touch designed on its output. Animal models were used for studying the effects
of nerve stimulation with different patterns on resulting neural responses along the
somatosensory axes, and understanding transmission of artificially induced information
from peripheral to the central nervous system. Translational framework for creating new
biomimetic strategies is a final outcome of the study. Results imply that the new patterns
design should be model-driven, developed approach tested in animals as a proof of concept,
and finally validated in the clinical human experiments. Our evidences highlight the
remarkable impact of biomimicry, while also holding immense promise in revolutionizing
neuroprosthetics.

Key words: neuroprosthetics, bionic prostheses, somatosensory feedback,
neuromodulation, biomimetic paradigms, computational modeling, proprioception,
translational framework, spinal cord, somatosensory cortex

Scientific field: technical sciences, electrical engineering
Scientific subfield: biomedical engineering
UDK number: 621.3



Hexonupame Heypa/IHMX MexaHM3aMa nomohy ,in silico” mMonesna n
eKcIlepMMeHaTa Ha >)KMBOTHMEbaMa ca [InsbeM 00HaB/barba
COMaTOCeH30pHOT ocehaja mpoMeHOM HeypompoTesa

Caxkerak

AmMryTalja eKcTpeMuTeTa cMaTpa ce TparMuHMM gorabajeM Kojui 3HadajHO yTude Ha
3[ApaBJbe M KBaJIMTEeT XMBOTa ocobe. Vlako je comaTroceH30pHM ocehaj 13y3eTHO BakaH 3a
KOOPJMHAIMjy IIOKpeTa, KOMepIIMjaJIHO IOCTyIIHe IIpOoTe3e He IIpeHoce MallijeHTy
nH@OpMalMjy O MHTepaKIUju ca IIO[IOroM, WM IIO3MLIMjU yAa y HOpocTopy. Yoien
HelocTaTKa ocehaja 13 cronasa, Op3uMHa xofja ce cMambyje, jaB/ba ce HecMMeTpuYaH XoOfi,
3aMOp ce IIOCJIIEIMYHO IoBehaBa, M TO 4YeCTO JIOBOIM 0 BeJIMKMX Kap[MoBacKyJIapHMX
rpobsieMa. 360T HaBeJIeHOT, ITYHO ce yjlaXKe y pa3Boj Hey pOIIPOCTeTUYKMX CHCTeMa Koju Ou
omoryhmwim mnanujentrma na ocehajy onrosapajyhe censaruje ca nepudpepwuje. Panuje
CTyuje IoKasaJle Cy 7ia je eJIeKTpMYHOM CTuMYJIarjoM Moryhe obHoBuTI 0ocehaj noampa,
aim je mpupoaHocT ocehaja Omla Masia M CJIMYHaA HellpujaTHO] apecTte3uju. Kao gomaran
13a30B jaBJba ce HeMoryhnocT pobycHor oOHaBsbara ocehaja mpomnpuoLeniyje.

OsBa Te3a MMa 3a Wb Ja JeduHMUIIE OfroBapajyhm jesuk 3a KOMyHMKaIMjy ca HallliM
HepBHVM CHCTeMOM Kako Ou ce nmospatno ocehaj mrro 6mvoku npuponHoM. PassujeH je ,in
silico” Mopies1 Koju ortoHaIa paji MexaHopellelITopa Ha CTOIaJly KOjy MexXaHWUIKM CTUMYJTyC
Ipec/IiMKaBa ce y crienudndaH oJIr0OBOP HepBHMX BjlaKaHa ¥ CIYKM Kao I10jIa3Ha Tadka 3a
HeduHMCcakbe OMOMMMETMUYKMX THUIIOBa cTuMyslanyje. EdexTn HepsHe cTuMYyIIaimyje
pasIMYUTM IapagurMaMa y KWYMeHOj MOXOMHM ¥ KOPTeKCy, Kao ¥ HVMXOB HauuH
IpeHoca of1 IlepudepHOr OO0 IIeHTpaJIHOI HepPBHOI CHCTeMa, IIpoydaBaHU Cy TOKOM
eKcIlepyMeHaTa Ha XuBoTumaMma. Kpajimbu mcxop cTyauje je KOHIIENT 3a Kpeuparbe
OroMMMeTHMUKMX TUIIOBA CTHUMYyJIallyje: HOoBe MapaaurMe Tpeba OasupaTyt Ha ITpeVKIINji
Mofella, OpUMapHO TeCcTUpaTy HPUCTYIl Ha >XMBOTMEbAMa ¥ KOHAYHO HOTBPIAUTHU
nepdopMaHce y KIVMHUYKMM CTyAMjaMa Ha JbyauMma. IlpefcrapbeHn pesysrati MCTUYY
BaXKHOCT OMoMMMUKpHUje M oMoryhasajy IlpeBaswiIaXkelbe HeJocCTaTaka M Halpelak Y
Ppa3Bojy HEYpOIIPOTETUYKMX CHCTeMa.

KspyuHe peun: HeypolpocTeTVKa, OMOHMYKa IIpoTe3a, coMaroceH30pHM ocehaj,
HeypoMozyJIalyja, OGuoMmMeTIUKe rapajurme, padyHapcKo MoJleIpare,
IpoIIpyoLieniIija, KMIMeHa MOX/IVHA, COMaTOCeH30PHM KOPTeKC

Hayuna 00s1acT: TEXHMUKe HayKe, eJIEKTPOTeXHMKa
V>ka Hay4uHa 00/1acT: OMMOMeIMIMHCKO MH)XEHepPCTBO

YAK 6poj: 621.3
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Chapter 1

General introduction

“Science is magic that works.”
Kurt Vonnengut



1.1 Context

Limb amputation is a deeply impactful event that significantly alters patients' well-being
and diminishes their overall quality of life. Approximately 87 thousand patients per year in
European Union (The Global Lower Extremity Amputation Study Group and Unwin 2002;
Moxey et al. 2011), and 150 thousand in the United States (Dillingham, Pezzin, and Shore
2005) undergo a lower extremity amputation.

1.2 Limitations of neuroprosthetic devices that do not provide sensory
feedback

Somatosensory feedback from the periphery to the brain is a crucial aspect of motor control
and coordination. Currently available prostheses in the market are passive devices that lack
sensory feedback, depriving users of the ability to explore their environment and perceive
sensations from the periphery. This limitation leads to reduced confidence in prostheses,
hindering walking pace, and contributing to the development of standing and walking
asymmetry (Nolan et al. 2003). These issues are also associated with increased metabolic
cost during daily activities (Robert L. Waters and Mulroy 1999), leading to elevated physical
and mental fatigue. Furthermore, these conditions are connected to a higher risk of heart
failure (R. L. Waters et al. 1976). Due to the inability to detect obstacles with their prostheses,
amputees are more prone to falls (W. C. Miller, Speechley, and Deathe 2001). The absence
of sensory feedback results in altered integration of prostheses in body perception (Horgan
and MacLachlan 2004), leading to a diminished sense of embodiment, mental exhaustion
(Heller, Datta, and Howitt 2000), and ultimately, low acceptance of the prostheses (Makin,
De Vignemont, and Faisal 2017). Additionally, the lack of physiological feedback from the
limb can contribute to phantom limb pain, experienced by approximately 60% of lower limb
amputees (Limakatso et al. 2020; Flor, Nikolajsen, and Staehelin Jensen 2006).

Considering the mentioned factors, the implementation of artificial somatosensory feedback
in a prosthetic leg holds the potential to enhance prosthesis functionality and alleviate
phantom limb pain and emerges as a crucial and unresolved clinical requirement.

1.3 Somatosensory feedback

Somatosensory feedback is a remarkable aspect of our sensory system, allowing us to
experience the world through touch and proprioception. It enhances our physical
interactions, contributes to our emotional well-being, and forms a crucial part of our overall
perception of self and the environment. It encompasses the complex network of receptors,
nerves, and brain pathways that allow us to perceive and interpret tactile information,
enabling us to interact with the world in a meaningful way. It plays a vital role in our daily
lives. It allows us to perceive and manipulate objects with precision, providing essential
feedback about their properties such as texture, temperature, and shape. It also contributes
to our awareness of our body's position and movement, facilitating coordination and
balance.

Optimally, neuroprosthetic device would possess the capability to evoke authentic tactile
or proprioceptive sensations by transmitting intricate signals to the nervous system,
mimicking the signals generated by receptors in the skin, muscles, and joints.



1.3.1 Natural sensors detecting and transmitting somatosensory feedback

1.3.1.1 Touch sensation

Touch sensation, also known as tactile perception, is the ability to perceive and interpret
physical contact and pressure on the skin.

Stimulus detection starts with the specific natural sensors called mechanoreceptors. They
are sensitive to mechanical stimuli, such as pressure, vibration, stretching, and deformation.
There are four types of mechanoreceptors located in the glabrous skin of the hand palm
(Knibestol and Vallbo 1970) and foot sole (Kennedy and Inglis 2002), each one specialized
for detecting specific aspects of tactile stimuli (Figure 1.1) (K. Johnson 2001; Iggo 1977). One
type of mechanoreceptor is the Merkel cell, also known as a Merkel disc. Merkel cells
respond to light touch and are responsible for detecting fine details and textures. Another
type is the Meissner's corpuscle, particularly sensitive to gentle touch and low-frequency
vibrations. They are detecting the initial contact with an object and provide us with
information about its shape, movement, and texture. Pacinian corpuscles are
mechanoreceptors located in the deep layers of the skin. They respond to rapid changes in
pressure and vibrations. Pacinian corpuscles are responsible for detecting strong or sudden
pressure. Ruffini endings are another type of sensors that detects stretching and sustained
pressure. They are located in the deeper layers of the skin and respond to prolonged contact
or continuous pressure. Ruffini endings play a role in perceiving the skin's deformation and
contribute to our sense of skin tension and shape (K. Johnson 2001).

Receptor Meissner Pacinian Merkel cell- Ruffini

subtype corpuscle corpuscle neurite complex corpuscle
Skin Dynamic Vibration Indentation Stretch
stimulus  deformation depth ﬁ
g@ =
v l
Epidermis
Dermis
& -2 e
Adiwrent | RAET RA.LT SA.LT SA.LT

T O b B B

Receptive
field (o)o¥e) C D
Perceptual Skin motion; Vibratory cues Fine tactile Skin stretch;
functions detectingslipping transmitted by discrimination; direction of object
objects body contact when form and texture motion, hand shape
grasping an object perception and finger position

Figure 1.1, Cutaneous afferents. From top to bottom: Receptor types, typical functions of specific afferent
types and their position in glabrous skin tissue, specific afferent responses to the stimuli, stimulus used for
classification of sensory afferents (ramp-and-hold stimuli), size of receptive fields and number and position of
their hotspots, perceptual functions listed. Adapted from (Delmas, Hao, and Rodat-Despoix 2011) with
permission.



Sensory unit refers to the combination of sensory nerve and mechanoreceptor ending.
Cutaneous afferents are classified (Figure 1.1) based on their ability to respond to sustained
tactile stimuli (fast adapting or slowly adapting) as well as their receptive field
characteristics (type I or type II) (Knibestol and Vallbo 1970; Macefield 2005). Fast/rapidly
adapting (FA/RA) afferents are sensitive to the change of response and when stimulated
with ramp-and-hold stimuli, will respond during on and off phases (Knibestol 1973; Iggo
1977). Therefore, they are detecting and transmitting vibrations and other dynamic
deformations from the periphery (Fig 1.1). On contrary, slow adapting fibers (SA) will fire
during the hold part of the stimuli (sustained stimulus) and react to skin stretching (Figure
1.1) (Iggo 1977).

Furthermore, cutaneous afferents are classified as type 1 or type 2 based on the characteristic
of their receptive fields (Vallbo and Johansson 1984; R S Johansson 1978). Receptive field
refers to the area of the body surface or the specific muscle or joint that, when stimulated,
activates the corresponding sensory neuron. Based on the size of the receptive field and the
number and position of their most sensitive areas, named hotspots, afferents are clustered
in two types. Type 1 afferents have smaller receptive fields, with multiple hotspots
(Maissner corpuscle - FA1 and Merkel cell - SA1) (Roland S. Johansson and Vallbo 1983;
Kennedy and Inglis 2002). In contrary, type 2 afferent innervate one bigger area (Pacinian
corpuscle - FA2 and Ruffici corpuscle - SA2) (Kennedy and Inglis 2002).

A B

Figure 1.2, Distribution of specific afferent types (FAI, FAII, SAII, SAII). A) hand palm B) foot sole. Taken
from (Corniani and Saal 2020) with permission.

The cutaneous afferents convey both temporal and spatial characteristics of tactile stimuli
(K. O. Johnson and Hsiao 1992). Distribution of mechanoreceptors on the skin surface
influences ability to detect small changes in stimulus strength and distinguish spatially
distributed points on the skin. Regions of the skin with a higher concentration of afferent
fibers, are more likely to detect multiple stimuli through different receptive field areas and
activate the units with very low perceptual threshold. Microneurography has been used as
a technique to record afferent responses and understand their distribution across the hand
palm or sole of the foot. The microelectrodes were inserted into median (for the hand
innervation) (R.S. Johansson and Vallbo 1980) or the tibial nerve (for the foot innervation)
(Kennedy and Inglis 2002) and the responses on mechanical stimuli of single units were
recorded. While in the hand whole afferents are distributed following the same way -
number of mechanoreceptors increase from the hand palm to the finger tips (Figure 1.2a),
the distribution of afferent in the foot sole is slightly different and innervation densities also
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are much lower on the foot than on the hand (Corniani and Saal 2020). The foot displays
medial-lateral increase in the density of afferents (Figure 1.2 b), with the FA1 units being
the most prevalent (Strzalkowski et al. 2018). More details about the distribution and the
role of afferents in the foot sole are given in the Chapter 2.

1.3.1.2 Proprioception

Proprioception is the sense that allows us to perceive the position, movement, and
orientation of our body parts in space (Tuthill and Azim 2018). It is essential for coordinating
and controlling our movements, maintaining balance, and interacting with our
environment. Proprioceptors are natural sensory receptors that provide information
necessary for creating sense of proprioception. They are located in our muscles, tendons,
joints, and inner ear. Proprioception is the sense that allows us to perceive the relative
positions of our body parts and the effort required to move them. It plays a crucial role in
coordinating and controlling movements (Ziaul Hasan 1992; Z. Hasan and Stuart 1988).
Major proprioceptors important for the motor control are muscle spindles and Golgi tendon
organs (Figure 1.3), connected to three main types of proprioceptive fibers. Muscle spindles
are specialized sensory receptors located within the muscle fibers. They are sensitive to
changes in muscle length (type la fibres and type II fibres) and the rate of change (type la
fibres), which helps in detecting muscle stretch and initiating reflexes to maintain muscle
tone and control movement. Golgi tendon organs (Type Ib fibres) are found at the junction
of muscles and tendons. They are sensitive to changes in muscle tension or force. When the
tension in a muscle exceeds a certain threshold, Golgi tendon organs send signals to the
central nervous system to inhibit muscle contraction, preventing excessive force and

potential injury.
’SPHSOT)’ neurons

Muscle
Muscle spindle

Golgi tendon organ

)

Figure 1.3, Major proprioceptors. Muscle spindles and Golgi tendon organs are most important
proprioceptors for motor control transmitted by three types of sensory afferents. Adapted from (“Postural
Control Part 1 - Proprioception,” n.d.) with permission.

1.3.1.3 Neural pathways: from detecting stimulus on the periphery to perceiving sensation

The process of transmitting stimuli from the periphery to the somatosensory cortex involves
several stages (Abraira and Ginty 2013). Specialized sensory receptors located in the skin,
muscles, tendons, and joints, described in previous sections, detect various sensory
information. When these receptors are stimulated, they generate electrical signals called
action potentials. These signals are transmitted by the afferent fibers. These signals travel
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along afferent nerve fibers, which enter the spinal cord. These fibers are pseudo-unipolar,
there somas are located in dorsal root ganglion (DRG), one end is connected to the receptors
on the periphery and the other end enters the dorsal horn of spinal cord where they interact

with interneurons (Figure 1.4).

C fibers

Ap fibers

Aj fibers

Dorsal root
ganglion

Spinal cord

Figure 1.4, Afferent fibers projecting from the periphery to the spinal cord. Somas of pseudo unipolar
afferent fibers are located in dorsal root ganglion. One end of the fibers is connected to the receptors on the
periphery, while the other end projects to the laminas in dorsal horn of spinal cord gray matter. Taken from
(Comitato and Bardoni 2021) with permission.
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Figure 1.5, Touch and proprioception pathways. First- order neurons transmit the information from the
periphery to the spinal cord and through the ascending pathways to the dorsal column nuclei. Second-order
neuron carries the information to the thalamus where the information is transmitted to the third-order neuron
that brings the sensory signal to the somatosensory cortex. Taken from (“The Sense of Touch,” n.d.) with
permission.

From the spinal cord, an ascending pathway carries the information to the dorsal column
nuclei, which refers to cuneate nucleus and gracile nucleus where the information from the
upper and lower extremities arrives, respectively (Figure 1.5). From there, the second-order
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neuron sends the information to the thalamus, which acts as a relay station. The thalamus
then sends the processed sensory information to the primary somatosensory cortex in the
parietal lobe through the third-order neuron (Figure 1.5). In the primary somatosensory
cortex, the sensory information is further processed, integrated with other sensory inputs,
and interpreted, allowing for the perception of touch, pressure, temperature, and
proprioception. The somatosensory cortex also plays a crucial role in generating appropriate
motor responses and integrating sensory information with higher-order cognitive
processes.

1.4 Neurostimulation technologies for restoring somatosensory feedback

Segments of this chapter are taken and adapted from: Katic, Natalija, Giacomo Valle, and Stanisa
Raspopovic. 2022. “Modeling of the Peripheral Nerve to Investigate Advanced Neural Stimulation
(Sensory Neural Prosthesis).” In Handbook of Neuroengineering, edited by Nitish V. Thakor, 1-30.
Singapore: Springer Singapore. https:/doi.org/10.1007/978-981-15-2848-4 _100-1

Neuroprosthetics are implantable devices designed to replace or improve the function of a
disabled part of the nervous system (Borton et al. 2013). This technology is relatively recent,
as the first neuroprosthetic device successfully implanted was a cochlear implant in 1957
(Eisen 2003). Since then, such approach has been expanded to many different applications,
among which sensorimotor prosthetics (S. Raspopovic et al. 2014; S. N. Flesher et al. 2016;
Francesco Maria Petrini, Valle, et al. 2019), motor prosthetics (Brand et al. 2012; Collinger
et al. 2013) and cognitive prosthetics (Andersen, Hwang, and Mulliken 2010).

Restoring sensory feedback to the prosthesis of amputees, is of a paramount importance for
future improvements. An ideal device should be able to elicit natural sensations of touch
and proprioception that are naturally perceived by the intact limb, by delivering to the
nervous system the complex signals closely resembling the information produced by
natural sensors, that would be properly interpreted in somatosensory cortex.

1.4.1 Neuromodulation devices

Different approaches have been developed to restore sensory feedback both in upper and
lower limb amputees (Figure 1.6). Novel surgery techniques (Kuiken et al. 2007; Marasco et
al. 2011; Hebert et al. 2014; Clites et al. 2018) and non-invasive methods (Rusaw et al. 2012;
Crea et al. 2017; D’ Anna et al. 2017; 2019; Dietrich et al. 2018; Osborn et al. 2018; Marasco et
al. 2018) were extensively tested. In the last decades, neuroprosthetics for the peripheral
nerve have also been developed to a very mature stage, close to the clinical translation.
Indeed, several research groups have shown the potential of direct nerve stimulation to
restore somatotopic sensations referred to the phantom hand after upper limb amputation
by means of implantable electrodes (Navarro et al. 2005) being directly connected to afferent
tibers of peripheral nerves (Rossini et al. 2010; Horch et al. 2011; S. Raspopovic et al. 2014;
M. Ortiz-Catalan, Hakansson, and Branemark 2014; Daniel W. Tan et al. 2014; Oddo et al.
2016; Davis et al. 2016; E. L. Graczyk et al. 2016; G. Valle et al. 2018; Francesco M. Petrini et
al. 2019; Giacomo Valle et al. 2018b). Restoring sensory feedback using somatosensory
neuroprostheses (Figure 1.6) improved prosthesis control (Daniel W. Tan et al. 2014;
Francesco M. Petrini et al. 2019; Francesco Clemente et al. 2019; Giacomo Valle et al. 2018b),
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prosthesis embodiment (Rognini et al. 2018; Page et al. 2018; Giacomo Valle et al. 2018b),
prosthesis time use (Emily L. Graczyk et al. 2018), visuo-haptic integration (Risso et al. 2019),
reduction of phantom limb abnormal representations (Rognini et al. 2018; Emily L. Graczyk
et al. 2018; Giacomo Valle et al. 2018b) and phantom limb pain (Page et al. 2018; Granata et
al. 2018; Francesco M. Petrini et al. 2019) even in long-term applications (Daniel W. Tan et
al. 2014; Francesco M. Petrini et al. 2019). Similar approach held the promise to help also in
the case of the lower limb amputation. In humans different types TIME (Francesco Maria
Petrini, Bumbasirevic, et al. 2019; Francesco Maria Petrini, Valle, et al. 2019) and FINE
(Charkhkar et al. 2018) electrodes were successfully tested for restoring sensations from
phantom leg and foot.

The use of neural sensory feedback in lower-limb amputees resulted in spatially selective
and distinct sensations of touch, pressure, and vibration. It enabled users the recognition of
prostheses movement and avoidance of the obstacles. Moreover, patients were able to walk
and climb the stairs faster and experience the reduced cognitive effort needed for daily tasks
(Francesco Maria Petrini, Bumbasirevic, et al. 2019). That lead to overall strong health
benefits, higher confidence in prostheses and therefore increased acceptance of the device.

Upper-limb

CUFF FINE WIRE LIFE

TF-LIFE TIME

5
g
FINE TIME

Figure 1.6 Somatosensory Neuroprostheses. The different approaches for targeting the peripheral nervous

system in order to create a connection between the prosthesis and the sensory system are presented. Both the
most effective approaches for upper and lower-limb amputees tested in humans are shown. Adapted from
(Katic, Valle, and Raspopovic 2022) with permission.

1.4.2 Encoding strategies: Lack of natural, physiologically plausible touch

The process of restoring sensory perception through electrical stimulation involves
inducing action potentials in the existing axonal membranes using external electrical
stimuli. It is crucial to design the stimulation in a manner that the brain perceives it as
originating from a genuine sensory receptor, aligning with the response characteristics
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observed in natural receptors mentioned earlier. Research efforts were firstly oriented to
study the biocompatibility and basic functionality (Navarro et al. 2005; Wurth et al. 2017) of
the proposed devices, however, the need for an exhaustive understanding of the interaction
between implanted electrodes and the response of the neural tissue became evident
(McIntyre and Grill 2001). This is due to the fact that neuroprostheses can stimulate by a
range of different values for frequency, pulse width and amplitude, delivered through
multiple active sites (ASs), located in various positions within the nervous system (Merrill,
Bikson, and Jetferys 2005) (Figure 1.7). The proper selection of all these parameters
contributes to a success of a neuroprosthetic device, and this high-dimensional problem is
difficult to address by using empirical, experiment-based knowledge. Instead,
computational models, being founded on precise physical knowledge of the problem, are
better candidates to address the aforementioned questions.
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Figure 1.7 Different sensory encoding strategies. The neural stimulation can be modulated in different ways
in order to encode as many information as possible to patient. In particular, the modulation of charge and
frequency were presented in the past as the most promising approaches to encode sensory information. More
recently more sophisticated algorithms (as the biomimetic stimulation strategies) have been presented. Taken
from (Katic, Valle, and Raspopovic 2022) with permission.

Indeed, in the recent past, a major effort has been dedicated to optimizing the strategies
adopted to convey sensory information from the prostheses to amputees. Different
encoding strategies have been used to translate the readout of sensors embedded or added
into the prosthesis into stimulation parameters (the amplitude, the pulse-width, the
frequency and duration of pulse trains) (Figure 1.8).

The linear modulation of the injected charge (S. Raspopovic et al. 2014; M. Ortiz-Catalan,
Hakansson, and Branemark 2014; Daniel W. Tan et al. 2014; Daniel W Tan et al. 2015; E. L.
Graczyk et al. 2016; Francesco M. Petrini et al. 2019) or pulse frequency (G.S. Dhillon and
Horch 2005; Horch et al. 2011; Clark et al. 2014; Davis et al. 2016; E. L. Graczyk et al. 2016)
have been adopted to translate sensor information into neural modulation. Graczyk and
collaborators showed that both the direct neural modulation of charge (i.e., the amplitude
or the pulse duration) and of frequency similarly controlled the intensity of the evoked
sensations reported by the subjects (E. L. Graczyk et al. 2016; G. Valle et al. 2018). This
outcome is in accordance with the physiology of afferent fibers (according to the population
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model (Muniak et al. 2007; Stanisa Raspopovic et al. 2017), which deliver information about
the intensity of a sensation to the brain through population recruitment (i.e., more spiking
fibers) or changes in firing activity (Poulos et al. 1984; Muniak et al. 2007; Pasluosta, Kiele,
and Stieglitz 2018). Recruitment and firing activity are controlled by the modulation of the
amplitude and frequency of stimulation, respectively.

L Finger sensor re

(T ) Robotichand | Exiraneural Intraneural

[ M| prosthesis
; —

Sensory encoding

algorithms Wearable sensor recordings Neural interfaces
o v B
103
Neurostimulator
Amplitude Frequency Biomimetic driving
modulation modulation modulation

Trains of pulses of INHM ‘ ‘
variable amplitude

and/or frequency Neural stimulation trains

Figure 1.8 Contact with an object produces temporal patterns of pressure on a sensor at the fingertip of the
prosthesis. The sensor output is used as input to the sensory encoding algorithms. These functions indicate
how to modulate frequency and/or amplitude to produce a certain pattern of stimulation. Stimulation trains
are sent in real-time to a neurostimulator and are injected into the nerve by means of a neural interface. The
outcome is that the prosthetic user can perceive sensation referred on the phantom limb in real-time. Taken
from (Katic, Valle, and Raspopovic 2022) with permission.

The natural touch coding and the relationship between natural sensors and neural activity
is more complex than those presently used in sensory neuroprosthetics. Indeed, the quality
of the evoked percepts during peripheral nerve stimulation is not very natural (Daniel W.
Tan et al. 2014; Giacomo Valle et al. 2018b). All the mechanoreceptors fire differently
according to the stimulus features encoding different tactile information (Roland S.
Johansson and Flanagan 2009). Ideally, neural stimulation should be able to provide sensory
feedback that is functionally effective and highly natural, as the naturalness of the feedback
plays a pivotal role in prostheses acceptance (Saal and Bensmaia 2015).

In the recent past, studies presented more complex stimulation approaches (Daniel W. Tan
et al. 2014; Pasluosta, Kiele, and Stieglitz 2018) to encode tactile information using neural
stimulation. In particular, the strategies that resemble the natural tactile coding are called
‘biomimetic’ (Saal and Bensmaia 2015; Okorokova, He, and Bensmaia 2018). Saal et al.
developed a model (TouchSim) able to reproduce nerve activation patterns of the
multifaceted mechanics of the skin and mechano-transduction (Saal et al. 2017). This model
was implemented in a bidirectional hand prosthetics and test in a transradial amputees
(Giacomo Valle et al. 2018b). In particular, the model was used to simulate the response of
a peripheral nerve given a mechanical stimulus applied on the hand, and then this
information was used for stimulating the nerve to restore a natural sensory feedback. The
results showed that biomimetic stimulation was able to elicit more natural sensation than
previous presented strategies. Moreover, this approach improved the gross manual
dexterity of the subjects during functional task (F. Clemente et al. 2016) while maintaining
high levels of manual accuracy and also improved prosthesis embodiment, reducing
abnormal phantom limb perceptions (““telescoping effect (Rognini et al. 2018)”).
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These outcomes show that sophisticated and biomimetic encoding approaches need to be
used to restore more natural and useful sensory feedback and open up new opportunities

for the extensive use of models for the neuroprosthetic technologies with disabled people
(Table 1.1).

Table 1.1 Results with different sensory encoding approaches. Taken from (Katic, Valle, and Raspopovic
2022) with permission.

NEURAL STIMULATION SENSATION FUNCTIONAL COGNITIVE
APPROACH NATURALNESS BENEFITS BENEFITS

SENSITIVITY

Linear Amplitude

Modulation (LAM) row lnLels] HIGH HIGH
Linear Frequency
Modulation (LFM) Low HIGH HIGH LOW
Sinusoidal Pulse-Width
Modulation (SPM) HIGH HIGH MEDIUM HIGH
Biomimetic Neuro

HIGH HIGH HIGH MEDIUM

Modulation (BNM)

Our understanding of tactile encoding mechanisms is limited due to the constraints of
electrophysiological recordings, which can only detect responses from a small number of
units at a time. As a result, we lack information about how the entire population of fibers
on the surface reacts to specific stimuli. Moreover, techniques like microneurography
require the subject to remain still, making it impractical to study neural responses in daily
living situations. This hinders our ability to fully comprehend the role of different afferent
classes and resolve the ongoing debate in the literature.

Previously, it was believed that each afferent class carries information about different
stimuli (K. Johnson 2001), and the perception quality depended on the type of
mechanoreceptor. However, recent experimental evidence has shown that many natural
stimuli simultaneously excite multiple sensory types (Saal and Bensmaia 2014) and that the
information carried by different unit classes is merged in the cortex. Computational
modeling also supports these findings (Saal, Harvey, and Bensmaia 2015) and demonstrates
that a population coding is crucial for the information processing of tactile sensation
(Corniani et al. 2022).

Improvement in restoring somatosensory feedback lies in developing biomimetic
stimulation strategies. Progress rely on a computational understanding of the transduction
from forces acting on the foot sole to realistic neural responses. As a future step we believe
that there is a need for developing a model that would define the stimulation biomimetic
strategy based on the responses of multiple afferents from the foot sole and make this kind
of models much more usable. Moreover, efforts need to be made for exploring the
algorithms that translate the simulated activation of populations of sensory units into
biomimetic patterns (Okorokova, He, and Bensmaia 2018) suitable for integration into
bionic prostheses.

1.4.3 Touch, but not the proprioception.

Accurate proprioceptive information is critical to achieve precise control of robotic
prosthetics. Following the first works (Navarro et al. 2005) in animals, multiple independent
clinical studies showed that electrical stimulation of peripheral sensory afferents through
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epineural(D. W. Tan et al. 2014) and intraneural(S. Raspopovic et al. 2014; Davis et al. 2016;
Francesco Maria Petrini, Bumbasirevic, et al. 2019; Francesco Maria Petrini, Valle, et al. 2019;
Giacomo Valle, Saliji, et al. 2021) nerve stimulation, non-invasive transcutaneous
stimulation (D’Anna et al. 2017), and even dorsal root stimulation (Chandrasekaran et al.
2019) could elicit localized and graded somato-sensations on the missing limb of people
with amputations. In contrast, reports on the ability to elicit graded and controllable
proprioception have been remarkably rare (Table 1.2). So, why is it that after decades of
research in multiple independent clinical trials, reports of controlled proprioceptive
sensations have been so scarce?

Table 1.2, Review of the reported sensations in examined studies with electrical stimulation. Peripheral
nerve stimulation of upper-limb amputees using CUFF(Max Ortiz-Catalan et al. 2020; Zollo et al. 2019),
FINE(D. W. Tan et al. 2014; Emily L Graczyk et al. 2018), TIME(Strauss et al. 2019; Francesco M. Petrini et al.
2019), Wire LIFE(Gurpreet S. Dhillon et al. 2004; Horch et al. 2011; Saal and Bensmaia 2015), tf - LIFE(Zollo et
al. 2019; Overstreet, Cheng, and Keefer 2019) and USEA(Davis et al. 2016; George et al. 2019; Wendelken et al.
2017; Saal and Bensmaia 2015) electrodes. Peripheral nerve stimulation with lower-limb amputees using
FINE(Charkhkar et al. 2018) and TIME(Francesco Maria Petrini, Bumbasirevic, et al. 2019; Francesco Maria
Petrini, Valle, et al. 2019) electrodes

Included Common= majority of responding Graded= Sensation
subjects = 35 contacts proportional to
Rare= <10% of responding contacts charge/frequency

Type of percepts Reported in Number of contacts Properties
Touch/pressure 35/35 Common Graded/Controllable
Tingling/paresthesia 22/35 Common Graded/Controllable
Proprioception 27/35 Rare Episodic-not quantified
Temperature 4/35 Rare Episodic-not quantified
Pain 3/35 Rare Episodic-not quantified

This overwhelming body of experimental evidence (Table 2) comes in stark contrast with
intuitive understanding of electrophysiology. Indeed, large-diameter proprioceptive
afferents should have the lowest threshold for electrical stimulation of the peripheral nerves.
Therefore, they should be the easiest sensory afferents to recruit with neural
interfaces(Rattay 1986; Capogrosso et al. 2013; M. A. Schiefer, Triolo, and Tyler 2008;
McNeal 1976; Stanisa Raspopovic, Capogrosso, and Micera 2011) before eliciting any
cutaneous percept. In fact, every pulse of electrical stimulation recruits myelinated axons
with an efficiency that is inversely proportional to the distance from the electrode and
directly proportional to the fiber diameter(McNeal 1976). In consequence, since fibers of
different diameters are densely packed within nerve fascicles, practical implementation of
electrical neurostimulation systems would always result, at least partially, in the
recruitment of mixed diameter fiber distributions, hence, different sensory
modalities(Capogrosso et al. 2013; Greiner et al. 2021; Stanisa Raspopovic et al. 2012).
Therefore, cutaneous receptors are recruited concurrently to larger diameter afferents such
as golgi (Ib) and spindle (Ia) afferents (Kibleur et al. 2020). These fibers converge to
interneurons in the spinal cord where they undergo the first layer of sensory processing,
and project to the gracilis (lower limb) or cuneate (upper limb) nuclei in the medulla
oblungata, thalamus and then cortex(Kandel, E., Schwartz, J. & Jessel, T., n.d.). Given the
discrepancy between experimental findings and theoretical considerations, we can
hypothesize that there exist neurophysiological constraints that prevent the generation of
functional proprioceptive percepts.
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1.4.3.1 Understanding information processing along the somatosensory axes using populational
analysis

The inability to properly restore proprioception raises questions about the non-specific
recruitment of multiple sensory modalities commonly produced by neuroprosthetic
systems. This indiscriminate recruitment may trigger neurophysiological constraints within
the network targeted by artificially recruited afferents, which could hinder the neural
processing of proprioceptive percepts.

While looking at the single-unit changes can unveil which interneurons are affected, and be
the base for setting the hypotheses behind the underlying mechanisms, how different senses
will be perceived depend on the complete, integrated processing of the whole neural
population. Neurons within a network often work together to generate complex patterns of
activity, and understanding these dynamics is crucial for unraveling the underlying
mechanisms of information processing, sensory integration, and motor control. Studying
the population activity in the spinal cord provides insights into the coordinated dynamics
and interactions between different neurons. Moreover, neural activity is subject to
variability, noise, and trial-to-trial variability. Single unit analysis may be influenced by the
idiosyncrasies of individual neurons, making it harder to generalize the conclusion.
Population analysis helps mitigate this issue by considering the collective activity of
multiple neurons, which provides a more reliable and robust representation of the
underlying neural processes.

Dimensionality reduction can help to capture the variance of high-dimensional neural
activity representing the dynamics of an entire population and extract the information of
interest while removing the background neural activity. Neural population analysis via
neural manifold have been employed to unmask latent cortex dynamics in the context of
learning(Perich et al. 2020; Sadtler et al. 2014; Gallego et al. 2017; 2020). Furthermore, this
approach was used for understanding and controlling the movement (Gallego et al. 2017;
2018).

These advantages of the neural manifold analysis contribute to a deeper understanding of
the functioning of the neural systems and facilitate the development of clinical interventions
and neurotechnological applications.

1.5 Translational framework for novel sensory encoding strategies

While the advancements are made in artificial communication with the brain through
peripheral nerve stimulation, efforts are still needed for providing a truly natural sensory
experience. This limitation has prompted the exploration of new avenues for converting
sensory information into neural stimulation patterns, with the ultimate goal of enabling
intuitive and authentic sensations. For going one step closer towards it, we need a novel
neurostimulation framework for faster, easier and more robust developments. Biomimetic
stimulation patterns can involve a range of different values for frequency, pulse width and
amplitude. Creating stimulating patterns starting from the modeling output simulating the
neural features neural response explaining a specific natural sensation, can be a potential
way to slightly lower the complexity of the problem. Moreover, it is anticipated that this
form of stimulation would more faithfully replicate the natural behavior. Studies were
conducted for coding the touch sensation in somatosensory cortex (Callier, Suresh, and
Bensmaia 2019b). However, currently there are no results on testing how the artificially
induced stimulation propagates and translates from peripheral through central nervous
system. Additionally, it is not known how these stimulation paradigms are processed
within the first layers of somatosensory neuroaxis. Lastly, in order to prove a fully beneficial
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aspect of biomimetic stimulation, it needs to be validated in humans, testing not only if the
perception is more pleasant and natural, but also that the performance during the daily
living tasks is improved.

1.6 Thesis objectives

Despite that peripheral nerve stimulation have shown promising potential for individuals
with sensorimotor deficits, the efforts are still needed to define the proper language to
artificially communicate with our nervous system.

The presented research is based on the following hypotheses:

H1: Restoring natural sensation from the periphery holds tremendous potential for
the application and improved performance of neural prostheses.

H2: Defining a proper complex, biomimetic patterns of stimulation is necessary for
restoring close-to-natural sensory feedback.

H3: Starting from the microneurography recordings of the sensory afferents, it is
possible to develop in silico model of foot sole mechanoreceptors that would be able
to translate the applied mechanical stimulus into the neural afferent responses.

H4: The reasons for certain limitations of neuroprostheses lie in insufficient
understanding of the processing of artificially reconstructed sensations.

Hb5: Similarity between natural sensations and sensory information elicited by
biomimetic nerve stimulation can be found in analyzing the neural signals in the
spinal cord and other segments of the somatosensory system.

The doctoral research fulfilled the expected scientific contributions:

R/
A X4

Construction of a realistic model of mechanoreceptors on the foot that would
adequately imitate the natural activation of nerve fibers depending on the
mechanical stimulus applied to the surface of the foot.

Defining complex, biomimetic types of stimulation, starting from the outcomes of
computational model, that would enable restoring close to natural sensation from the
periphery.

Analyzing the results of experiments on animals that revealed the reasons for major
problems in restoring the sense of proprioception.

Analysis of signals from the spinal cord of animals and other structures of the
somatosensory system in order to set the hypotheses for possible mechanisms of
processing the sensation of touch and proprioception. The results of the study will
establish a scientific basis for defining new types of interfaces and methods of
stimulation.

The analysis of the experimental results in animals that showed that the processing
of neural response in the spinal cord and other structures of the sensory system
caused by nerve stimulation with some of the biomimetic types of stimulation is more
similar to the processing of information caused by natural touch, which confirmed
the reasons why the biomimetic type of stimulation causes a feeling closer to natural
one.

Defining guidelines for the development of new paradigms of stimulation and
further improvement of neuroprosthetic design and neuromodulation approaches.

The main results of this theses are published in the following papers and book chapter:
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1.7 Structure of the thesis
This dissertation is divided into five chapters.

The first chapter (Chapter 1) represents the general introduction of the thesis. It covers the
motivation for the study, current state-of-the art, scientific and technological gaps and sets
the main hypotheses and aims of the study.

This doctoral thesis was defined through studies covering three main aims and answering
novel research questions, whose findings are presented in the next chapters (chapter 2-4):

% AIM 1: Developing in silico model of touch (Chapter 2)
a) Does the model enable the decoding of afferent activation in dynamic natural
situations?
b) Can we use the model to define new biomimetic stimulation paradigms?

% AIM 2: Are there any limiting consequences of invasive neural encoding? (Chapter
3)

% AIM 3: Developing a novel, translational, multifaced framework for creating and
testing biomimetic stimulation paradigms (Chapter 4)

a) How are these paradigms encoded in neural response in animals?

b) If we integrate these biomimetic paradigms into the neuromodulation device,
will it be beneficial for the human usage?

c) Will the approach starting from computational modeling of specific behavior,
followed with the animal testing and finalized by the human experiments give
both scientific and neurotechnological beneficial outcomes?

The last chapter (Chapter 5) underlines the main findings of the theses while putting them
in the broader context. Moreover, the limitations of the thesis and its future opportunities
are listed as the final conclusive note.
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Chapter 2

In silico modeling of foot afferents

“All models are wrong, but some are useful”.
George Box

Adapted from: Modeling foot sole cutaneous afferents: FootSim

Katic, Natalija, Rodrigo Kazu Siqueira, Luke Cleland, Nicholas Strzalkowski, Leah Bent, Stanisa
Raspopovic, and Hannes Saal. 2023. “Modeling Foot Sole Cutaneous Afferents: FootSim.” IScience
26 (1): 105874. https.//doi.org/10.1016/].isci.2022.105874

While walking and maintaining balance, humans rely on cutaneous feedback from the foot
sole. Electrophysiological recordings reveal how this tactile feedback is represented in
neural afferent populations, but obtaining them is difficult and limited to stationary
conditions. We developed the FootSim model, a realistic replication of mechanoreceptor
activation in the lower limb. The model simulates neural spiking responses to arbitrary
mechanical stimuli from the combined population of all four types of mechanoreceptors
innervating the foot sole. It considers specific mechanics of the foot sole skin tissue, and
model internal parameters are fitted using human microneurography recording dataset.
FootSim can be exploited for neuroscientific insights, to understand the overall afferent
activation in dynamic conditions, and for overcoming the limitation of currently available
recording techniques. Furthermore, neuroengineers can use the model as a robust in silico
tool for neuroprosthetic applications and for designing biomimetic stimulation patterns
starting from the simulated afferent neural responses.
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2.1 Introduction

Complex sensorimotor integration of foot sole cutaneous feedback is crucial for gait and
posture control (Takakusaki 2013; Pearcey and Zehr 2019). If somatosensory feedback is
disrupted, postural stability is impaired, as demonstrated by an increase in sway and
reduced gait stability in conditions of reduced feedback, such as under local anesthesia
(McDonnell and Warden-Flood 2000) or cooling (Bent and Lowrey 2013). Neuropathic
conditions such as amputation or severe diabetic neuropathy also result in compromised
sensory feedback and motor control (Stanisa Raspopovic 2021). Conversely, gait can be
stabilized and sway reduced by the use of balance-enhancing insoles with ridged surrounds
if some sensitivity remains (Priplata et al. 2006; S. D. Perry et al. 2008; Christovao et al. 2013)
or with neural implants where nerves have been damaged or severed (Stanisa Raspopovic,
Valle, and Petrini 2021). Tactile sensibility on the foot sole relies on four classes of
myelinated cutaneous afferents that provide information about touch and pressure
(Kennedy and Inglis 2002; Strzalkowski et al. 2018). These sensory units carry information
to circuits in the spinal cord and further towards the somatosensory cortex. Afferents are
classified by the speed with which they adapt to constant stimulation, fast (FA) or slow (SA),
and the size of their receptive fields, type 1 (small, with receptors close to the skin surface)
and type 2 (large, with receptors embedded deeper in the skin).

Our understanding of how these afferents respond under natural conditions, such as
standing and walking, is limited due to technical challenges related to in-vivo
electrophysiological recordings from afferent fibers. Microneurography, a technique for
recording electrophysiological responses from single fibers in human nerves, is difficult to
implement, time-consuming and very unstable (and therefore not practicable in dynamic
conditions such as walking and running). Experiments also require participants to remain
motionless, so as not to dislocate the recording electrode from the single fiber of interest.
Furthermore, the majority of such studies have focused on the glabrous skin of the hand
and it is unclear how well these findings would apply to the different mechanical
environment of the foot sole. Even though the palmar skin of the hand and the foot sole are
innervated by the same classes of receptors, neural coding likely differs between them for a
number of reasons. First, the usage of hands and feet differ greatly; while the hand
experiences many small and delicate stimuli, such as during precision grips, the foot is
usually exposed to a large spatial extent. Such usage differences will affect the nature of the
signal being sent to the brain. Innervation densities also vary several-fold and are much
lower on the foot than on the hand (Corniani and Saal 2020). The foot also displays an
apparent medial-lateral increase in the density of afferents, with the FA1 units being the
most prevalent (Strzalkowski et al. 2018), which is not evident on the hand (R S Johansson
and Vallbo 1979). Finally, the hardness of the skin differs from the hand and varies
considerably by region of the foot sole (Strzalkowski et al. 2015), which affects the
propagation of mechanical stimuli and therefore the neural responses.

To address the need for a detailed understanding of foot afferent responses during standing
and walking, which is impossible to access via existing recording techniques, we
constructed a realistic in-silico model of their behavior. The model is based on
experimentally recorded spiking responses from cutaneous afferents on the foot sole to
arbitrary indentations of the skin. It is inspired by a previously constructed model
replicating tactile responses from the hand for three classes of cutaneous afferents (Saal et
al. 2017), but adapted to fit the mechanical environment and afferent response properties of
the foot. We divided the foot sole into separate regions based on the mechanical properties
of the skin and the estimated densities of different afferent classes. In a first step, the model
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determines the stresses within the displaced skin arising from contact with an object and
how these displacements propagate across it. In a second step, it generates the spiking
responses of individual afferents, which are modeled by a set of 11 parameters each that are
fit based on single-fiber recordings obtained from the human tibial nerve (Strzalkowski, Ali,
and Bent 2017). We validate the obtained results by comparing modeled estimates for firing
rates, thresholds and receptive field sizes with the ones recorded experimentally and
afferent responses to ramp-and-hold stimuli reported in the literature. Finally, we estimate
the population response originating from the foot sole during walking and demonstrate that
the model can be used for understanding the activation of sensory units during dynamic
conditions, overcoming a considerable limitation of available recording techniques.

2.2 Methods

2.2.1 FootSim model overview

We developed a model of an entire population of cutaneous afferents in the foot sole that is

able to simulate their neural responses to different types of mechanical stimuli.
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Figure 2.1. Overview of the FootSim model mimicking the mechanotransduction process. We divided the
foot sole into 13 regions with different mechanical properties and tactile innervation: toes 1-5,
lateral/middle/medial metatarsal/arch, and lateral/medial heel (box 1, from the left). We incorporated
different densities of specific afferent types (fast adapting and slowly adapting type 1 and 2 - FA1, FA2, SA1,
SAZ2) across regions of the foot sole based on empirically established innervation densities (Strzalkowski, Ali
and Bent 2017). Stimuli are represented as spatiotemporal indentation profiles on the foot sole (box 3), creating
an input to the mechanical model (box 4), where it is converted into quasistatic and dynamic stresses within
the plantar skin at the locations of individual receptors (Saal et al., 2017). Quasistatic stress is associated with
local vertical stress while dynamic component represents the pressure component propagated through the
skin. Both stress components are passed through firing models (box 5) that simulate single afferent behavior.
11 parameters (1: low pass, 2:7: wi-ws, 8: saturation, 9: time constant, 10,11: post spike inhibition parameters -
slow and fast component) are fitted to replicate characteristics of individual afferent classes. As output, the
FootSim model creates time-varying firing patterns for the desired afferent population (box 6). Taken from
(Katic et al. 2023) with permission.

Taking into account mechanical (Strzalkowski, Mildren, and Bent 2015; Strzalkowski et al.
2015) and innervation properties (Strzalkowski et al. 2018), we divided the foot sole into
separate regions (Figure 2.1, box 1 from the left) and included respective densities of
different classes of mechanoreceptor afferents (Figure 2.1, box 2). To achieve a higher
modularity which would enable easy and fast simulation of different realistic situations, we
divided the foot sole into 13 regions which are differentially populated. The depth at which
afferents terminate within the skin is set for each mechanoreceptor type and is constant
across the foot sole. Tactile stimulation of the foot sole is modelled using a group of circular
pins that indent the skin orthogonal to its surface. That is similar to monofilament testing
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which is used to determine afferent firing thresholds and map the receptive fields.
Mechanical stimuli that a user can apply on the place of interest on the foot sole can be
defined in any shape. The indentation of every pin is set independently, such that arbitrary
spatiotemporal patterns of indentation can be simulated (Figure 2.1, box 3) and given as
input to the FootSim model. The FootSim model consists of two parts that jointly capture
the complexity of mechanotransduction. The first part corresponds to a mechanical model
that computes the deformation of the skin by the applied tactile stimulus (Figure 2.1, box
4): the calculated quasistatic stress reflects the perpendicular indentation of the skin, while
the dynamic stress component simulates the stimulus propagation across the sole of the foot
at higher frequencies. The second part consists of firing models that generate spiking output
for individual fibers of different afferent classes based on the time-varying mechanical
inputs (Figure 2.1, box 5).- Each firing model contains 11 unique parameters. A low-pass
tilter (parameter 1) reflects the fact that afferents become unresponsive to stimulation above
a certain frequency of stimulation, dependent on the afferent class. To provide an
acceleration signal we differentiated the dynamic skin response. Three mechanical signals
(quasi-static, dynamic, and dynamic derivative) are then split into positive and negative
signal contributions and rectified, resulting in six time-varying signals that are multiplied
by six weight parameters (parameters 2-7) and summed. Since afferents” neural responses
can saturate as a reaction to large skin deflections (Wheat, Salo, and Goodwin 2010), the
resulting signal trace is passed through a saturating non-linear function (parameter 8). The
resulting time-varying trace represents the input to the component that simulates the
generation of the action potential. Its membrane potential decays to its resting value
according to a time constant (parameter 9) and a post-spike inhibitory kernel is added to
model the refractory period. Post-spike inhibition consists of a fast component (parameter
10), which decays after 4 ms, and a slow component, which peaks after 8 ms and decays
completely after 36 ms (parameter 11), inspired by a previous model (Dong et al. 2013). As
its final output, the model simulates neural responses of all afferent types innervating the
foot sole (Figure 2.1, box 6), giving the user information about the type, position and firing
pattern of each activated afferent.

Mechanical properties of the glabrous skin of the foot differ compared to the hand, and also
vary considerably across regions of the foot sole. These differences influence the
propagation of the stimuli through the skin and consequently the mechanotransduction
properties of the hand and foot. The FootSim model incorporates a physically plausible
mechanism of dynamic stress propagation (Manfredi et al. 2012), which is similarly used in
a previously published model for the hand. Yet there are important changes we
implemented, to properly fit the specific properties of the foot sole. Poisson’s ratio, a
measure that describes the expansion of material in directions perpendicular to the direction
of compression, is set as constant for all foot sites, based on previous measurements
(Nakamura, Crowninshield, and Cooper 1981). Skin hardness represents how resistant the
skin is to material deformation due to the constant compression load. It influences the
stiffness, skin resistance to elastic elongation, characterized by Young’'s modulus of the skin,
a mechanical property that defines the relationship between stress (o) and strain (¢) in the
skin. We used experimentally obtained hardness measurements in arbitrary units recorded
by a handheld durometer (Rx-1600-OO, with a 2 mm diameter, column-shaped indenter).
For every single position of the recorded afferent, a hardness measurement was obtained.
We averaged all values from the same foot region (regions defined as in Figure 2.1) and
included them in the FootSim model. (Figure 2.2a, upper part). Based on a transformation
appropriate for the type of durometer (Mitchell et al. 2011) we defined realistic values of
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Young’s modulus (Figure 2.2a, lower part). Skin hardness values affect both quasi-static and
dynamic stress components, thereby influencing both the local vertical stress based on a
quasi-static elastic model of the skin and the mechanical stimulus propagation on the
surface of the foot sole. Figure 2.2b shows an example for how these two stress components
propagate through the skin when stimuli are applied on regions with different hardness
values. The foot representation on the right shows how the dynamic stress component is
propagating spatially through the skin when stimuli are applied to the region with the
highest hardness value (heel) and with the lowest one (medial arch).
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Figure 2.2 Mechanical model of FootSim simulates skin changes caused by the applied stimuli and its
propagation through the sole of the foot. a) Typical hardness of the skin in different regions of the foot sole
(arbitrary units) as experimentally measured and incorporated into the model (upper part). We defined the
Young’s modulus, describing the stiffness of the skin, as a function of skin hardness (down part). b) We
calculated the deflection produced by the applied stimuli. Quasistatic (solid line) and dynamic (dashed line)
stress components as a result of sinusoidal stimulation with a circular probe (radius: 3 mm) at 10 Hz and
amplitude of 0.25 mm. Different shades of turquoise indicate skin hardness values in different foot regions.
Units on the vertical axis are arbitrary. Foot representation on the right indicates the values of dynamic
component of stress showing how stress is propagating over the skin depending on the region where stimuli
is applied. We used the same stimuli values reported above, but using circular probe of 15mm. Taken from
(Katic et al. 2023) with permission.

In the Figure 2.3 we show the differences in the firing rates spatially presented, and in form
of PSTH, which are resulting from the use of different hardness values. It is a
straightforward demonstration of the differences induced in the neural responses due to the
variability of the hardness values, rather than maintaining them (Saal et al. 2017). We can
observe big changes in PSTH of afferent responses, reflecting the influence of the hardness
values used.
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Figure 2.3, Response of afferents innervating the great toe with different incorporated skin hardness
values. We populated the great toe with the afferents and applied sinusoidal stimuli at the middle point of
this area. We show the responses of all afferents within that area when hardness was set to its original value
(it is hard- maximum hardness). (left upper part) stimuli applied on the middle of the great toe. (left down
part) populated great toe with all types of afferents. (right upper part) afferent responses on the applied stimuli
with the high value of hardness - original one reported for the great toe. (right lower part) afferent responses
on the applied stimuli with the low value of hardness. The responses are plotted spatially, where the area of
each afferent dot corresponds to the firing rate of that afferent, as well as in the form of peristimulus time
histogram of activity (PSTH), with a time bin of 10ms. Taken from (Katic et al. 2023) with permission.

2.2.2 Fitting model parameters

For fitting the parameter values of individual afferent models, we used the neural activity
obtained in a previously published microneurography experiment (Strzalkowski et al.,
2017), which we only briefly describe here for the sake of clarity. In short, afferent responses
were recorded using 200um tungsten microelectrodes at the level of the popliteal fossa
(Figure 2.4b, left). During the experiments, sinusoidal mechanical stimuli of varying
amplitudes and frequencies were applied to the skin of the foot sole using a 6 mm diameter
probe (Figure 2.4a, left). In total, 52 tactile afferents terminating in different locations on the
foot sole (Figure 2.4a, middle) were stimulated using frequency/amplitude combinations
that were changing depending on the afferent type (Figure 2.4a, right). The obtained dataset
used for tuning of parameters contained neural responses from 52 single afferents
stimulated by sinusoidal mechanical stimuli. Firing models were fitted to replicate the
spiking responses of a single recorded afferent on the applied mechanical stimuli. Each
firing model was governed by a set of 11 parameters (Saal et al. 2017). We searched for the
best combination of these parameter values by using metaheuristic search algorithm (Abdel-
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Basset, Abdel-Fatah, and Sangaiah 2018) that would result with the realistic simulation of
afferent neural responses. We excluded from the dataset all afferents that were stimulated
experimentally with less than 3 different frequencies (9 of them were discarded).
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Figure 2.4. Microneurography recordings in human tibial nerve. (Strzalkowski, Ali, and Bent 2017) are used
for fitting the model. a) Applied mechanical stimuli: using a 6 mm diameter probe (left side of the panel, taken
and adapted from (Strzalkowski 2015) sinusoidal stimuli were with varying frequency and amplitude to excite
afferents in different regions of the foot sole. Approximate positions of excited afferents are given on the foot
sole representation (middle of the panel), color-coded (blue - FA1, orange - FA2, green - SA1, grey - SA2). 19
FAL 9 FAII, 14 SAI and 10 SAII afferents were stimulated. Ranges of amplitude and frequency values of
sinusoidal mechanical stimuli vary depending on the afferent type (representation on right). b) Illustration of
the microneurography technique, recording from the tibial nerve at the level of the popliteal fossa. Two
electrodes are inserted through the skin, one serves as a reference electrode, and the other is inserted into the
nerve to record single afferents. Firing thresholds and firing rates [spikes/s] of single afferents were recorded.
Here we present the average firing rate of responses that were stimulated with a specific frequency-amplitude
combination. Taken from (Katic et al. 2023) with permission.

Our goal was to find a realistic replication of every afferent recorded during the
microneurography experiment. That would ensure the enough variety of simulated afferent
neural responses that is observed in different experiments. We applied a differential
evolution algorithm (Storn and Price 1997), implemented in Python, for finding the sets of
11 parameter values that represent single afferents. The procedure follows several steps:
within the FootSim environment, we place an afferent within the corresponding region
where it was recorded during the experiment, ensuring that the mechanical parameters of
this patch of skin matched those commonly observed for this region. Then we start the
searching process by initializing the population of 11 parameters randomly. We generate
the set of sinusoidal stimuli with all frequency-amplitude combination pairs applied
experimentally and excite the afferent model. The cost function is defined as a sum of: i)
errors between the simulated and recorded firing rate for each stimulus and ii) error in the
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simulated and recorded threshold value. The differential evolution algorithm was then used
to tune the parameters of the afferent models while minimizing this cost function. Initial
parameters (starting values of the 11 parameter set) were changed based on the best set of
values obtained in the previous optimization run and the procedure was repeated until the
cost function did not decrease further over several consecutive runs. An individual
optimization run was stopped when it approached the maximum number of iterations (500)
or when the difference between the two populations of 11 parameters was less than 1%. For
every recorded afferent, a separate model was fit. Models that failed a minimum
performance threshold (set as a correlation between predicted and recorded firing rates less
than 0.7) were excluded from the final model set. In total, we fit 5 SA1, 6 SA2, 15 FA1 and 5
FA2 individual afferent models that are the best-modeled replication of realistic afferents
recorded during experimental procedure.

We achieved high accuracy of the fitting procedure for several models of each afferent type.
Different models partially reflect the natural response variability of different afferents,
which is observed in the empirical data. We did not observe strong trends in clustering the
parameter values across the different afferent types (Figure 2.5). As they do not occupy the
same parameter space, we ran a more extensive analysis of the parameter robustness as
explained in a later section.
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Figure 2.5, Parameter values for individual models of afferents (1) low-pass filter coefficients; (2-3) positive
and negative values of quasi-static coefficients; (4-5) positive and negative values of dynamic coefficients; (6-
7) positive and negative values of dynamic derivative coefficients; (8) saturation coefficient; (9) time constant;
(10-11) fast and slow component coefficient of postspike inhibitory kernel. Taken from (Katic et al. 2023) with
permission.

2.2.3 Fitting accuracy testing and model validation

In order to investigate the behavior of the fitted afferents, a Python toolbox was developed
to perform validation of the model. We chose key metrics to investigate such as firing rate
responses, absolute thresholds, response to ramp-and-hold stimuli and receptive field areas.
In all tests, afferents generated with FootSim were placed on the foot sole following
previously published afferent densities for each of the foot sole regions that have different
mechanical properties and tactile innervation (Strzalkowski et al. 2018). A detailed
description of the validation assessment will follow.
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2.2.3.1 Firing rate responses

To analyze the responses of the fitted models to a given set of stimuli, we subjected the
afferent models to an equivalent experiment to the one that generated our in vivo dataset
(Strzalkowski, Ali, and Bent 2017). An initial challenge to reproducing such experiments
was that not all afferents in the in vivo dataset received the whole range of stimuli. In turn,
an individualized stimulus set was required for each fitted model.

The modelled firing rates were compared with the experimentally recorded ones for the
same frequency and amplitude of stimulation received by the empirical counterpart.
Sinusoidal waves of stimulation were modelled in Footsim indentation of a circular probe
with 3 mm radius, which was indented and vibrated for two seconds. Firing rates were
computed for each frequency-amplitude pair and compared with the empirical ones.

2.2.3.2 Afferent firing thresholds

Afferent firing thresholds (AFTs) were also compared with their empirical counterparts, a
set of stimuli emulating the empirically given ones was applied to each of the fitted afferent
models. In an effort to closely reproduce response thresholds, the minimum amplitude

necessary to elicit a firing rate response of 1 Hz was classed as the model’s afferent firing
threshold.

2.2.3.3 Receptive Fields

Receptive field sizes were calculated analogous to the procedure established in (Saal et al.
2017). In short, we found the largest distance from the contact point of a simulated small
probe (of one milimeter radius) at which an afferent model still responded to a short
vibratory stimulus with an amplitude of several times the absolute threshold. This
procedure was intended to mimic experimental determination of receptive fields.
Empirically, afferent receptive fields were measured with monofilaments that applied a
force 4-5 times greater than the absolute threshold.

2.2.3.4 Ramp-and-hold responses

Each afferent class exhibits well-known stereotypical responses to ramp-and-hold
indentations. Aiming to interrogate these responses in our model we subjected each of the
titted models to a ramp-and-hold stimulus of 1 mm amplitude and one second of duration.
The onset and offset of the stimulation lasted 0.2 seconds.

2.2.4 Simulation of neural responses during walking

TekScan™ F-Scan™ (TekScan Inc., South Boston, MA, USA) Sport Insoles were worn by a
single healthy participant (female, 19yrs, shoe size UK 5) during a period of four 6 m
walking bouts at a self-selected speed. The insoles were cut to the size of the participant’s
foot, inserted into the shoe, and calibrated to the participant’s mass. The insoles consist of
equally spaced pressure sensors with an area of 0.26 cm2, spaced 0.51 cm apart on a grid.
During the trial, a total of 446 pressure sensors were active, sampling the pressure signal at
100Hz. We extracted 16 steps (average length: 817ms, SD: 7.76) from straight line walking.
The jogging step is representative of the other steps in that trial (average length=56.16ms,
standard deviations=14.97 ms). All steps are normalized to 100 time points. Pressure data
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for the left foot from all steps taken was averaged to create the spatiotemporal pressure
profile of an average step. Recorded pressure is mapped into the FootSim by taking into
consideration Poisson’s ratio of the skin, Young’s modulus of the skin and the radius of the
flat-ended cylindrical indentor (radius equaling that of the pressure sensors). Instances of
the participant turning were removed so that only full steps in a forward direction were
processed. Each sensor input was represented by a separate simulated probe in the model,
whose indentation trace was calculated from the measured average pressure profile, by
considering the stiffness of each skin region as set in the model.

2.2.5 Quantification and statistical analysis

All statistical analyses were performed using Python, and specific statistical tests used for
each experiment are described in the figure legends. Differences were considered significant
if p <0.05.

2.3 Results

2.3.1 FootSim model replicates experimental afferent neural responses

2.3.1.1 Firing rates

We compared experimental and simulated firing rate responses to vibrotactile stimuli of
different frequencies and amplitudes (skin indentation levels), covering a substantial range
of the stimuli that the foot might be expected to encounter during natural behavior.

We found a close match between the experimental firing rates and the ones simulated by
the model (Figure 2.6a), both across different afferent classes as well as for individual
afferents. We show the rate-intensity functions of two examples of fitted models for each
afferent type (Figure 2.6b). The model reproduced canonical response properties of
different afferent classes. We observed an overall higher responsivity of FA afferents
compared to SA afferents for vibrotactile stimuli. In addition, the frequencies eliciting the
highest rates are higher for FA afferents than for either SA class (Muniak et al. 2007).
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Figure 2.6. FootSim accurately simulates afferent firing rates. a) Scatter plots showing experimental versus
modelled firing rates. Individual panels show comparisons for different afferent classes. Each dot corresponds
to a tested frequency-amplitude pair, colored by frequency. Data from all afferents within a class is overlaid.
Boxplots are showing the accuracy of the fitted models in predicting the firing rate of the afferents (FA1:
median 0.94, min 0.87, max 0.98); FA2: median 0.96, min: 0.92, max: 0.98; SA1: median 0.85, min: 0.71, max:
0.98; SA2: median 0.91, min: 0.88, max: 0.99) b) Examples of two fitted models for each afferent class showing
experimental and modelled rate-intensity functions. Solid semi-transparent lines denote experimental data,
while dashed lines show the model results. Color scheme as in panel a. Taken from (Katic et al. 2023) with
permission.

2.3.1.2 Response thresholds

As the frequency sensitivity profile of afferents is one of their main features and helps
distinguish between different afferent types, we investigated afferents’ absolute firing
thresholds. These were defined as the minimum stimulation amplitude necessary to apply
at each frequency to elicit afferent firing rates of at least 1 Hz. We compared the frequency
profile simulated by FootSim with the empirical behavior of afferents. Within the
boundaries of the range of frequencies evaluated, the model behavior closely matched
experimentally derived counterparts (Figure 2.7).

We observe that FA afferents decrease their threshold at higher frequencies. Specifically, the
FA2 afferent type displays very high responsiveness on frequencies higher than 90 Hz. On
the other hand, SA1 afferents have high thresholds across all frequencies. Modelled SA2
afferents show slightly lower thresholds than the empirically recorded ones, especially on
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the higher frequencies. This result matches the behavior of SA2 shown in Figure 2.6a, where
we observe a higher firing rate on high frequencies compared to the experimentally
measured ones. SA2 afferents were stimulated up to 100 Hz (Figure 2.4a) during the
microneurography recording. Therefore, lack of the neural response data on higher
frequencies limits the parameter fitting procedure and the accuracy of simulated responses.
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Figure 2.7. FootSim demonstrates realistic absolute firing threshold values. Top row: Empirically measured
absolute firing thresholds for afferents from all four classes over a range of different frequencies, obtained
using a circular probe with 3 mm diameter. Each line with different color shade represents a different recorded
afferent. Bottom row: Modeled absolute firing thresholds of the afferents using identical stimulation
parameters as in experimental setup. Absolute threshold is defined as the minimal applied stimulation
indentation level with specific frequency that results with the afferent firing rate of 1Hz. Each line represents
a different model fit. Experimentally recorded afferent and its modelled replication in FootSim are presented
with the same color on the top and bottom panel. Taken from (Katic et al. 2023) with permission.

2.3.2 Model validation

We evaluated the performance of the model on a number of standard physiological metrics
that are commonly used in the literature to characterize the response behavior of tactile
afferents.

2.3.2.1 Receptive fields

Tactile afferents differ in the size of their receptive fields (RFs) (Kennedy and Inglis 2002).
This effect is most prominent across class, with type 1 fibers characterized by small receptive
fields, while type 2 fibers possess much larger receptive fields that might also vary
considerably between afferents of the same class. Receptive fields predicted by the model
emerge “naturally” out of the interaction between skin mechanics and the fitted response

27



behavior of the different afferent models. We tested whether modeled receptive fields were
comparable to experimentally recorded ones. We simulated the responses of all individual
models to supra-threshold stimuli at fixed distances to determine the maximal distance at
which a tactile stimulus would still elicit a response from the afferent. As our model of the
skin is isotropic, modelled receptive fields will always be circular, while empirically
measured receptive fields are often elliptical, likely caused by the structure of the skin and
possibly properties of the receptors themselves. Nevertheless, when comparing RF sizes
(expressed as the radius of a circular field of a given area), we found relatively good
agreement between the modelled and empirical fields (Figure 2.8a).
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Figure 2.8. FootStim can produce realistic receptive field sizes and afferent responses to ramp and hold
stimuli, replicating the natural behaviour of specific afferent types. a) Receptive field sizes measured
experimentally (stars) and simulated with FootSim (circles) for different afferent classes. Kruskal-Wallis test
didn’t show statistical difference (p>0.05) of modelled and experimentally measured receptive field sizes,
except for SA2 (0.01<p<0.05). b) Responses of different classes to the ramp and hold stimuli. Average
population responses of the four different afferent classes (coloured lines) to a ramp-and-hold stimulus
(indentation trace shown as black line). The model reproduces canonical response properties of the four
afferent classes, as have been widely reported in the literature (Kaas 2004). Taken from (Katic et al. 2023) with
permission.

SA1 and FA1 receptive fields were small and matched well though the measured fields
showed higher size variability than the modelled ones. FA2 fields were large, but highly
variable in size, and could cover a considerable portion of the foot sole. Modelled SA2
receptive fields, on the other hand, were smaller than those of real afferents. We ran a
Kruskal-Wallis test to check whether the modelled and experimental values are statistically
different. A significant difference was found only for SA2 afferents. Experimentally, SA2s
are pretty insensitive to indentation so they have high monofilament thresholds. For that
reason, very large monofilaments are used to map the receptive fields, which are required
to induce skin stretch to evoke SA2 firing. Therefore, it is likely that the simple skin model
we implemented, which reproduces stresses to normal indentation only, is not sufficient to
capture the response profile of SA2 afferents accurately enough.
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2.3.2.2 Afferent responses on ramp-and-hold stimuli

Different afferent classes are characterized by their stereotypical, canonical response
profiles to ramp-and-hold stimuli: SA afferents respond during stimulus onset, but
importantly also during sustained, constant indentation with a continued and graded
dynamic response with SA2s having more uniform interspike intervals than SAls. FA
afferents only respond to dynamic phases during stimulus onset and offset (Kaas 2004). In
order to test whether the model reproduced these stereotypical responses reported in the
literature we simulated simple indentation traces with 2 mm depth and computed the firing
responses of all afferent models in every region of the foot sole (Figure 2.8b). Stimulation
was given in a one second window. In agreement with empirical expectations, SA1 afferents
responded during the ramp onset and, less vigorously, during the plateau phase.
Additionally, SA2 afferents responded weakly but consistently throughout the stimulus
presentation. In contrast, both FA1 and FA2 afferents responded only during the onset and
offset. We also tested the model with a slightly changed shape of ramp-and-hold stimuli,
making the ramp phase steeper, reaching the plateau amplitude value in the short time
period. In this scenario, FA afferents increased their firing rate, showing that the modeled
afferent representatives are able to code the velocity. Thus, the model reproduces afferent
behavior during ramp-and-hold stimuli as expected based on previous findings.

2.3.3 Robustness of model parameters

The tiring model employed by FootSim is composed of eleven parameters (Figure 2.1) that
form a non-linear dependence between the stress profile given as an input and the neural
response as an output of the simulation. We ran several simulation experiments in order to
explore the parameter space that is occupied by different neuron classes, validate the
robustness of the fitted parameter values, and demonstrate the importance of both the
absolute values and the relationships between parameters.

First, we sampled new models by “mixing and matching” different models of the same
afferent type. We selected each parameter value of the new model by sampling it with
replacement from the set of originally fitted values for that afferent type (Figure 2.5). This
change highly reduced the accuracy in predicting the firing rates compared to the fitted
models. As fitted parameters are not clustered based on the afferent type (Figure 2.5) this
result was expected and additionally emphasizes that specific parameters are not
independent of each other.

To address whether the relationship between values is a key feature of accurate and realistic
behavior of afferent models, we substantially changed the absolute values of the model
parameters, while keeping their relationship constant - increasing or decreasing all values
five times (Figure 2.9b and Figure 2.9¢c, respectively). These changes mostly surpassed the
behavior of mix-and-match models, however, accuracy was highly decreased.

Finally, we examined whether slight changes of each parameter in the model would result
in unexpected responses or whether the models are robust enough with respect to
moderately small parameter jittering. We changed the value of each parameter by randomly
jittering them between 5 and 30% of their value (Figure 2.10). The accuracy of the predicted
tiring rates was slightly decreased, as expected, but overall these models performed
reasonably well. Estimated receptive field sizes remained very similar to the originally fitted
models and responses on ramp and hold stimuli were very similar to the ones presented in
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Figure 2.8. In summary, results show that slight jittering of parameters does not change

significantly the neural responses.
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Figure 2.9, Exploring the individual models parameter space. We changed afferent model parameters in 3
different ways and check their behavior. Scatter plots on the left side of the panels show empirical versus
modelled firing rates. Individual panels show comparisons for different afferent classes. Each dot corresponds
to a tested frequency-amplitude pair, colored by frequency. Boxplots are showing the accuracy of the f models
in predicting the firing rate of the afferents. a) Changing the existing models of each afferent type by choosing
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Taken from (Katic et al. 2023) with permission.
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Figure 2.10, Footstim is robust to modifications of parameters values but also to changes of relationships
between parameters. We changed parameter (11 parameters from the Figure 2.1) values by increasing or
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versus modelled firing rates. Individual panels show comparisons for different afferent classes. Each dot
corresponds to a tested frequency-amplitude pair, colored by frequency. Boxplots are showing the accuracy
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for each afferent type. Taken from (Katic et al. 2023) with permission.

Based on the investigated variations of model parameters, we can conclude that both
absolute values and the relationships between different values are important for realistic
and accurate prediction of neural responses. Additionally, slight changes in these features
will not cause a significant change in behavior, demonstrating the robustness of the fitted
models.

2.3.3 Neural afferent responses during walking cycle

Tactile responses during dynamic behavior are technically challenging to record as the
microneurography technique requires the subject to be still. One of the benefits of the
FootSim computational model is that it can be used to simulate neural responses to natural
spatiotemporal pressure distributions during dynamic activities, such as walking, and
thereby yield novel insights into neural population responses in behaviorally relevant
scenarios. As a proof-of-concept for this application, we used pressure data from a healthy
participant during walking, collected with a pressure-sensitive shoe insole. We averaged
the spatiotemporal pressure profiles from multiple steps to create an average step profile
and used this as an input to the model.

We present example frames of the input and the FootSim response in three different phases
of the step - heel strike, mid-step and toe push-off - in Figure 2.11a. The simulated neural
responses are color-coded depending on the afferent fiber type, and the size of the marker
is correlated with the simulated firing rate. As the heel region has the highest skin hardness,
propagation of stimuli is strong at the heel and it provokes the response of even some
afferents in the metatarsal area or toes. In line with previous research (Bonnefoy and
Armand 2015; Wiik et al. 2017), we noted that pressure increases rapidly during initial
contact when the heel strikes the ground, then decreases and plateaus while the foot is flat
on the ground and finally increases again, mostly around the metatarsal area, during push-
off, before decaying as the foot lifts off (Figure 2.11b, black line). FootSim simulation
responses for each afferent class were averaged across all afferents of that class that occur
in the foot sole, with a time bin of 25 ms, and they are color-coded for different afferent types
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(Figure 2.11b). Across the four afferent populations, the largest responses were observed
during heel strike, with smaller responses during push-off, while the mid-stance elicited the
smallest responses. This result mirrors similar findings on the hand, where the population
response is strongest during transient events and small during sustained forces (Callier,
Suresh, and Bensmaia 2019b). Averaged firing rate curves (Figure 2.11b) show differences
in the response profiles for the different afferent types during the walking cycle, implying
potentially varied and specific roles during different moments of the gait cycle. Differences
in the overall activity levels of the different afferent types partly reflect differences in local
innervation densities, but might also be a consequence of the extrapolation from the
relatively small probe used in data acquisition to the much larger contact areas simulated
here. Future validation with experimental data is needed to validate such differences in

responsiveness.
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Figure 2.11, FootSim can reveal dynamics of activation during the walking cycle. a) The spatial indentation
profile and the population response. Each afferent’s marker is scaled by its firing rates during heel strike (pink
box), mid-step (light blue box) and toe push-off (light green box). b) Total pressure during an average step as
a function of time (black line). Shaded areas denote the three time periods depicted in panel b. We simulated
average population responses divided by afferent class. Average firing rates for each class were divided by
the number of fibers of the corresponding type that exist in the foot sole. Since FA1 and SA2 afferent have
lower responses compared to the other afferents, we zoomed the view for better understanding of changes in
activation of specific afferent type during walking cycle. Taken from (Katic et al. 2023) with permission.

Tactile feedback during walking is likely also employed in determining which part of the
foot is in contact with the ground at any given moment. Indeed, afferent populations
innervating different regions on the foot sole responded with different intensities and
temporal profiles to the step (see responses for the heel, lateral arch, middle metatarsal, and
great toe in Figure 2.12), signaling local time-varying pressure at different skin sites. Finally,
neural responses also varied across different types of steps. The FootSim model responded
consistently to similar pressure profiles (Figure 2.12 a, b and c), while producing markedly
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Figure 2.12, The spatial indentation profile and the population responses during different type of steps,
analyzed by the location on the foot sole. a), b) walking step c) walking step when person is turning d) jogging
step. Top of all panels: the spatial indentation profile and the population response. Each afferent’s marker is
scaled by its firing rates during heel strike (pink box), mid-step (light blue box) and toe push-off (light green
box). i) whole foot area ii) great toe area iii) middle metatarsal area iv) lateral arch area v) heel area of the foot
sole. Total pressure during an average step as a function of time (black line). Shaded areas denote the three
time periods depicted in the top of all panels. The firing rate of the afferents is averaged and normalized by
afferent class over time (25ms window). Taken from (Katic et al. 2023) with permission.
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Specifically, responses from different regions of the foot during walking and jogging were
notably different. Afferents from the heel responded more during walking than in jogging,
reflecting the differences in the pressure profile of the two activities, and specifically the
decreased use of heel strikes during jogging. Conversely, afferents on the metatarsal
location showed higher levels of activity in the jogging scenario, as this region is involved
much more than while walking. Unlike when the person is walking, there is no second peak
in SA1 activity, since SA1 are activated mostly during the slow change from the lateral to
the metatarsal area of the foot.

2.4 Discussion

We assembled an in-silico model of the foot sole, that reconstructs the neural responses of
individual tactile afferents innervating the foot sole in humans. It uses a mechanical part of
the model to convert indentations into stress patterns, followed by firing models that
reproduce the response properties of individual afferents. The model is fitted on a dataset
of tactile afferents exposed to a wide range of vibrotactile stimuli at different frequencies
and amplitudes, recorded in humans using microneurography. We showed that the model
can reproduce the response properties of these neurons accurately, as determined by firing
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rates, firing thresholds, and receptive field sizes. Characteristic response behaviors of
different afferent types to ramp-and-hold stimuli are commonly taken as their specific
feature. We confirmed that FootSim can replicate these features even though the models
were not fit this type of stimuli, proving that model can generalize to novel stimuli. Finally,
we showed how the model can be used to reconstruct approximate population activity
during natural dynamic conditions, such as walking, which is difficult to measure
experimentally (e.g. through microneurography). The model has direct possible
neuroscientific and neuroprosthetic applicability.

2.4.1 FootSim emulates and reveals the role of specific tactile afferents for
balance and ¢ait

For bipeds, such as humans, the soles of the feet are the only interface with the ground.
Forces acting at this interface are sensed through the foot sole skin and this feedback is then
used to aid in the control of body orientation and to manipulate the body center of mass
(COM) (Kavounoudias, Roll, and Roll 1998; Oddsson, De Luca, and Meyer 2004).
Consequently, a reduction of plantar cutaneous information results in an increase in
postural sway (Orma 1957; Yun Wang, Watanabe, and Chen 2016) and compensatory
stepping reactions to postural perturbations (Stephen D Perry, Mcllroy, and Maki 2000). The
importance of cutaneous feedback from the foot sole is also highlighted in patients with
peripheral neuropathy, which causes a loss or degradation of tactile feedback, leading to
concomitant decreased balance, distorted gait and even falls. Conversely, increasing
cutaneous feedback from the foot sole border has been shown to increase gait stability in
older adults (S. D. Perry et al. 2008).

Mechanoreceptors in the skin of the foot sole contribute to the representation of the COM
with respect to the base of support (Kavounoudias, Roll, and Roll 1998) and are able to
initiate postural reflexes that result in increased standing stability (Do, Bussel, and Breniere
1990). The toes, the heel, and the lateral border of the sole represent the physical limits of
the base of support. Receptor densities in the toes are higher than in the rest of the foot sole,
suggesting the significance of feedback from the toes in maintaining balance (Strzalkowski
et al. 2018). FootSim simulation of activation during the walking cycle reveals an important
increase of afferent activation in the heel and toes (Figure 2.11 and Figure 2.12). The density
of mechanoreceptors on the lateral side of the foot is also larger than that on the medial, and
again this might afford fast and reliable feedback to react to balance loss. Specifically, if the
COM moves beyond the base of support in the lateral direction, there is a need for a stepping
reaction to prevent a fall (Maki and Mcllroy 1996), while the medial movement of the COM
can be compensated with the other leg and is, therefore, less critical. In addition, the medial
region of the foot sole is arched upwards and it is therefore less often in contact with the
ground compared to the lateral part, which provides an additional possible explanation for
the low density of afferents in this region and their lower activity during walking.
Furthermore, activation of specific skin regions on the sole of the foot through electrical
stimulation has been shown to modulate the muscles of the lower limb to facilitate gait (Zehr
et al. 2014). This very direct evidence, and direct measures of afferent coupling (Fallon et al.
2005) support the notion that feedback from specific mechanoreceptive sub-populations
plays a significant role in spinal reflexes to control the magnitude of muscle activation for
successful ambulation.

Apart from the location where an afferent terminates, its class also influences
responsiveness to different types of stimuli and FootSim can help us understand the
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dynamics of afferent activation (Figures 2.8, Figure 2.11 and Figure 2.12). Fast-adapting
afferents are especially important in assisting balance control during human locomotion.
They are likely responsive to the unevenness of the ground and unexpected slips and will
serve as a feedback mechanism for balance maintenance and/or recovery. They are
considered motion and velocity detectors, which explains their increased activity during
transient events, such as foot-off and foot-contact. Since FA2 afferents are the most sensitive
to perpendicular light touch, and have the biggest receptive fields which can cover up to the
entire foot sole (Strzalkowski et al. 2018), it is expected that activity of these afferents is
present during the whole gait cycle and especially high during the initial gait stance (Fig.
2.12). Merkel cells and Ruffini endings, corresponding to slow-adapting tactile afferent units
type 1 and 2 participate in postural regulation, which generally involves movements and
forces at frequencies below 5 Hz (Stephen D Perry, Mcllroy, and Maki 2000). SA1 afferents
are mostly associated with the maintained contact of the foot on support and they show
high activity during the end of mid-stance when the metatarsal part of the foot is mostly on
the ground and terminal gait stance when the subject is leaning on his toes. FA1 afferents
and their connected Meissner corpuscles are associated with information related to foot
contact (Kennedy and Inglis 2002) and their density is the highest in the toes (Strzalkowski
et al. 2018), which explains their increased firing during the terminal, toe off phase of the
gait. FA1 afferents are also strongly coupled to motor neurons in the lower (Fallon et al.
2005) and upper (Bent and Lowrey 2013) limbs highlighting their reflexive role in standing
balance. As shear was not experimentally tested nor modelled, FA1 show lower activation
as they respond a great deal to tangential forces along the skin. Low activity of SA2 is
expected as they are stretch receptors and have a high threshold to orthogonal load and are
characteristically the least sensitive type.

2.4.2 Importance of specific FootSim features

Differences in skin hardness across the foot sole produce non-linear changes in skin stiffness
and, consequently, stress calculation and propagation are highly non-linear. Even though
this variability does not correlate highly with single afferent firing rates(Strzalkowski et al.
2015), it influences the number of recruited fibers due to the differential spread of the
mechanical stimuli through the skin of the foot sole. If stimuli with equal indentation
amplitude are applied to a region of the skin with increased hardness, stress values will be
higher and the dynamic component will propagate further on the skin of the foot sole,
activating more afferents than when stimuli are applied to the region with low hardness
values (Figure 2.2b, Figure 2.11a, and Figure 2.3). This effect is of importance for
understanding the dynamics of afferent activation and translation of observed results for
defining the biomimetic stimulating patterns for neuroprosthetic application. Additionally,
the ability to implement modular values of skin hardness in FootSim is necessary when
adapting the model for different groups of patients. For example, patients with diabetic
neuropathy, as one of the conditions, develop increased skin hardness (Piaggesi et al. 1999).
In addition, afferent units from the foot sole lose their ability to transmit tactile information.
In the FootSim model, the number of afferents can easily be easily modified. Therefore, we
believe that the FootSim model design is suitable to be adapted for different groups of
patients. The robustness of model parameters is very important as it is validating the
strength of the designed model and its fitted values. Slight changes of parameter values in
FootSim afferent models will not significantly change the neural response, therefore
indicating that FootSim can be used as a unique, robust tool for simulating the neural
responses of foot sole afferents.

35



The number of constructed afferents is restricted by the relatively small amount of
experimentally recorded data. Hence, the FootSim model has a limited number of afferent
replications and limited diversity of afferent responses. This variability, which is one of the
natural features important for a realistic representation of foot sole afferent responses, could
be accomplished by changing the fitted model parameter values on a small scale. Newly
created models will not completely replicate the recorded afferent, but could conceivably
portray information from different regions of the foot.

2.4.3 FootSim model application in neuroprosthetics

Lower-limb amputees are dealing with the loss of natural information about the interaction
with the ground and currently available prostheses are not able to restore missing
sensations (Stanisa Raspopovic 2020). This leads to reduced mobility, asymmetrical
walking, lower embodiment, higher risk of falls and numerous consequent health issues
(Francesco Maria Petrini, Bumbasirevic, et al. 2019). Electrical nerve stimulation shows
promising results in restoring sensory feedback and improving amputees’ condition
(Francesco Maria Petrini, Bumbasirevic, et al. 2019; Francesco Maria Petrini, Valle, et al.
2019; Giacomo Valle, Saliji, et al. 2021). Multiple research groups are working on finding the
best way to stimulate the nerve (Stanisa Raspopovic, Valle, and Petrini 2021) and have
achieved distinct and spatially selective sensations that significantly improved motor tasks
as well as the way the subject is perceiving the prostheses (Francesco Maria Petrini, Valle,
et al. 2019; Preatoni et al. 2021). Most often, artificial encoding of linear stimulation has been
tested, which has resulted in a range of perceived sensations: from undesirable paraesthesia,
tingling or prickling, to more pleasant like touch and pressure, with limited reported
perceived naturalness (Stanisa Raspopovic, Valle, and Petrini 2021). Since naturalness is
among the features of the highest importance for prosthesis acceptance (Emily L. Graczyk
et al. 2016), generating close-to-natural information for the nervous system (Saal and
Bensmaia 2015), represents a critical clinical need. While hybrid modelling (Katic, Valle, and
Raspopovic 2022) can help tackle the design of an optimal device to implant (Zelechowski,
Valle, and Raspopovic 2020), we envisage the use of the FootSim model for defining the
“biomimetic language”: stimulation patterns to mimic the natural signals from the
periphery. Indeed, the model has been designed to be effortlessly included in closed loop
neuroprosthetics (Figure 2.13). Such a system is comprised of a sensorized insole that is able
to record the pressure under the artificial foot sole, sending a reconstructed pressure profile
as an input to the FootSim model, which simulates the neural responses of the fiber
population. For an engineer, constructing the neuromodulation system, FootSim can be
considered as a “plug & play” tool, able to reconstruct the afferent activity, and does not
require any specific expertise for use. As an output, the model is producing the quasi-
continuous dynamics of afferent activation during any activity (e.g. walking or running) of
the subject, which can be used as a trigger for biomimetic stimulation policies. To do so, the
function of transformation from the computed units’ activities to the neurostimulator
commands has to be assumed. We hypothesize a plausible option for such a transformation
(Figure 2.13): the frequency of stimulation is defined directly from the summation of spike
trains of all activated afferents, while the charge profile is coded in the number of recruited
fibers (Giacomo Valle et al. 2018b). A direct translation of FootSim to biomimetic policy
creation needs to be investigated further in light of the limitations of available
neurostimulating technologies. Finally, developed stimulating paradigms could be
transmitted to the neurostimulator through an appropriate transfer function. Potentially,
such a biomimetic code encoded to nerves, through the neural implant, would be
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transmitted to the spinal cord and somatosensory cortex, enabling the transfer of the
information about contact with the ground. In this manner, we could potentially restore to
a disabled subject close-to-natural sensation coming from the artificial foot. Yet, this use of
FootSim to needs to be investigated, and validated in eventual future experiments.
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Figure 2.13. FootSim possible contribution to biomimetic stimulation patterns for tactile feedback
restoration in future neuroprosthetics. In a possible scenario, the user will be fitted with a leg prosthesis
collecting real-time spatiotemporal pressure data via a sensorized insole (bottom left). This data will be
provided as an input to the FootSim model. The model would convert the artificial pressure profiles into
realistic neural response patterns (top, blue shaded box). FootSim output could be potentially used for
generating biomimetic stimulation policies (bottom right). Neurostimulator would generate these paradigms
and this type of stimulation could be used to transmit to the subject the information recorded with the insole
in a future possible scenario. Taken from (Katic et al. 2023) with permission.

2.4.4 Limitations of the study

The importance of spike timing is well-known in tactile coding (Roland S Johansson and
Birznieks 2004; Mackevicius et al. 2012). However, due to limitations in how precisely spike
trains could be aligned with the precise stimulation profile, the fitting of the FootSim model
relied on average firing rates, limiting the accuracy of predicting precise timings of
generated action potentials. Still, when precise alignment of spike trains with skin
oscillations is not required (and it is not clear whether precise spike timing at such fine
temporal resolutions is behaviorally relevant on the foot), the model should reproduce time-
varying firing rates on the order of around 100 ms with relatively high accuracy.

Second, we are simulating the stress propagation as quasi-continuous, without
incorporating lateral sliding and shear forces. This is, together with the lack of
experimentally recorded neural activity, one of the biggest reasons for the limited accuracy
of SA2 responses. Yet, this simplification is not expected to significantly impact model
accuracy, since a high correlation between tangential and normal forces is typically
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observed during sliding (Yoshioka et al. 2007). Still, future models should incorporate more
complex skin mechanics. In a related issue, we are approximating the skin as a two-
dimensional surface, since 3D modelling of the involved tissues would drastically increase
the complexity of the model, as well as limit the possibility of FootSim use in real-time.
Lastly, and importantly, our experimental dataset is obtained by applying passive
vibrotactile sinusoidal stimuli through a single relatively small probe over the receptive
field of individual mechanoreceptor endings. For the simulation of neural responses during
walking, we are predicting afferent responses in a dynamically loaded condition, where
large parts of the foot are in contact with the ground and forces are high. Therefore, the
model may be limited in its ability to accurately predict firing under high loads and with
large contact areas, as well as when tangential forces are applied. Future experimental work
should test and validate these predictions, within the limits of current technical capabilities,
to improve future iterations of the model.
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Chapter 3

Animal models can reveal novel insights about artificial
somatosensory feedback

“No amount of experimentation can ever prove me right; a single
experiment can prove me wrong.”
Albert Einstein

Adapted from: Neural population dynamics reveals disruption of spinal sensorimotor
computations during electrical stimulation of sensory afferents

Katic Secerovic, Natalija, Josep-Maria Balaguer, Oleg Gorskii, Natalia Pavlova, Lucy Liang,
Jonathan Ho, Erinn Grigsby, et al. 2021. “Neural Population Dynamics Reveals Disruption of Spinal
Sensorimotor Computations during Electrical Stimulation of Sensory Afferents.” Preprint.
Neuroscience. https.//doi.org/10.1101/2021.11.19.469209.

While neurostimulation technologies are rapidly approaching clinical applications for
sensorimotor disorders, the impact of electrical stimulation on network dynamics is still
unknown. Given the high degree of shared processing in neural structures, it is critical to
understand if neurostimulation affects functions that are related to, but not targeted by the
intervention. Here we approached this question by studying the effects of electrical
stimulation of cutaneous afferents on unrelated processing of proprioceptive inputs. We
recorded intra-spinal neural activity in four monkeys while generating proprioceptive
inputs from the radial nerve. We then applied continuous stimulation to the radial nerve
cutaneous branch and quantified the impact of the stimulation on spinal processing of
proprioceptive inputs via neural population dynamics. Proprioceptive pulses consistently
produced neural trajectories that were disrupted by concurrent cutaneous stimulation. This
disruption propagated to the somatosensory cortex, suggesting that electrical stimulation
can perturb natural information processing across the neural axis.
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3.1 Introduction

Decades of animal and human studies have shown that neurostimulation technologies can
restore some level of neurological function in patients with sensorimotor deficits (Stanisa
Raspopovic, Valle, and Petrini 2021; Edwards et al. 2017; Gill et al. 2018; Angeli et al. 2018;
Formento et al. 2018; Greiner et al. 2021; Stanisa Raspopovic 2021; Kuiken 2009; Seafiez and
Capogrosso 2021; Powell et al. 2023). These novel technologies produce immediate assistive
effects, achieving a controlled restoration of multifaceted behavioral processes (Giacomo
Valle, Saliji, et al. 2021). For instance, in humans peripheral neuroprostheses successfully
restore touch sensations (S. Raspopovic et al. 2014; D. W. Tan et al. 2014; Francesco M. Petrini
et al. 2019; Zollo et al. 2019; Francesco Maria Petrini, Valle, et al. 2019; Francesco Maria
Petrini, Bumbasirevic, et al. 2019; Oddo et al. 2016; Francesco Clemente et al. 2019; M.
Schiefer et al. 2016), and spinal cord stimulation enables the recovery of voluntary motor
control (Gill et al. 2018, Wagner, Mignardot, Le Goff-Mignardot, et al. 2018; Angeli et al.
2018). While these remarkable results are fueling the translation of these technologies in
clinical settings, the understanding of the short- and long-term effects of injecting electrical
current into existing neural dynamics is still entirely unknown. In fact, virtually all these
interventions suffer from a latent, yet critical caveat: the input delivered to the neural
circuits is artificially generated, being widely different from naturally-generated neural
activity.

Indeed, electrical stimulation produces synchronized volleys of neural activity in all
recruited axons (or cells), rather than the asynchronous bursts of inputs that govern natural
neural activity (Formento et al. 2020; Balaguer and Capogrosso 2021). What is the
consequence of this stark difference with respect to neural function? Recently, some studies
demonstrated that electrical stimulation actually triggers side effects at the neural level,
which were initially unnoticed. For example, new data from epidural spinal cord
stimulation for spinal cord injury showed that continuous stimulation of recruited sensory
afferents produces a disruption of proprioceptive percepts at stimulation parameters
commonly employed in clinical trials (Formento et al. 2018). Similarly, the inability to elicit
robust proprioceptive percepts (Cimolato et al. 2023) is striking in the application of
electrical stimulation of the peripheral nerves for the restoration of somato-sensations.

In fact, large-diameter proprioceptive afferents should have the lowest threshold for
electrical stimulation. Therefore, these afferents should be the easiest sensory afferents to
recruit with neural interfaces (Rattay 1986; Capogrosso et al. 2013; M. A. Schiefer, Triolo,
and Tyler 2008; McNeal 1976). However, because of anatomical and geometrical constraints,
in practice electrical neurostimulation leads to the activation of mixed diameter fiber
distributions and, consequently, different sensory modalities (Capogrosso et al. 2013;
Stanisa Raspopovic et al. 2012; Greiner et al. 2021). Therefore, cutaneous afferents are
recruited concurrently, along with larger diameter afferents (Kibleur et al. 2020). These
fibers converge on interneurons in the spinal cord where they undergo the first layer of
sensory processing, representing a highly shared sensory network node.

It is conceivable that artificially-generated patterns of mixed neural activity hinder some of
the computations of these shared network nodes, thus impairing natural circuit processing,
hence, perception (Figure 3.1). In order to demonstrate this conjecture, we need tools that
allow us to visualize and identify a direct measure of neural computation processes (Barack
and Krakauer 2021). Analysis of population neural dynamics using neural manifolds is
commonly employed to study computational objects that process information in the cortex
(Sadtler et al. 2014; Churchland et al. 2012; Gallego et al. 2017; 2018) and, more recently, in
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the spinal cord. Indeed, one study showed that intraspinal population responses contain
simple structures that enable the examination of complex processes such as walking (Lindén
et al. 2022).
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Figure 3.1, Electrical stimulation disrupts computations of ongoing network processes. Neural networks
(cyan, magenta shaded areas) produce a desired neural function (Function A, B, respectively) within a highly
shared neural architecture. These networks may share processing layers (or nodes) to process input
information. Top, naturally-generated neural activity of unrelated neural functions successfully processes
ongoing information input throughout the shared neural architecture. Bottom, artificially-generated neural
activity targeted to restore Function B (magenta) artificially processes information input, while impairing
information processing from an unrelated neural function (Function A, cyan). Specifically, artificially-induced
processing in the shared processing nodes concurrently hinders computations of unrelated ongoing
processing of Function B, which may also be unselectively recruited by the electrical stimulation. Taken from
(Katic Secerovic et al. 2021) with permission.

Therefore, here we employed neural population analysis of intraspinal neural dynamics to
1) visualize neural computations underlying the processing of brief proprioceptive percepts
elicited by single short pulses of electrical stimulation and 2) study how these computations
were altered when concurrent electrical stimulation was delivered to sensory afferents from
a different nerve. This experimental design offered a simplified version of the more general
problem of the stimulation effects on unrelated neural functions, thus allowing us to execute
casual manipulation and quantification of neural variables.

Therefore, we designed a series of electrophysiology experiments in anesthetized monkeys,
who share distinguishable projections with the human nervous system distinct from all
other animals (Lemon 2008; Sinopoulou et al. 2022). We recorded and analyzed artificially
evoked proprioceptive neural signals both in the cervical spinal cord and somatosensory
cortex. Specifically, we induced proprioceptive input in the hand and forearm by cuff
electrode stimulation of the muscle branch of the radial nerve, which does not contain
cutaneous afferents (Rudomin and Schmidt 1999; Confais et al. 2017). Then, we studied how
concurrent stimulation of somatosensory afferents in the cutaneous branch of the radial
nerve impacted the spinal and cortical proprioceptive responses. Using neural population
analysis, we examined dorso-ventral intra-spinal spiking activity in response to muscle
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nerve stimulation pulses and performed dimensionality reduction to observe the spinal
neural trajectories. Concurrent stimulation of the cutaneous afferents disrupted these neural
trajectories, suggesting a significant degradation of proprioceptive information processing
in the spinal cord. Changes in proprioceptive information appeared as reduced cortical
responses in the somatosensory cortex. Our results show that intraspinal neural population
dynamics can capture the processing of sensorimotor information in spinal networks and
its disruption of this information processing during artificial electrical stimulation.

3.2 Methods

3.2.1 Animals

The study was conducted according to the guidelines of the Declaration of Helsinki, and
approved by the local (Research Institute of Medical Primatology) Institutional Ethics
Committee (protocol Ne 38/1, October 31, 2019) and by the University of Pittsburgh Animal
Research Protections and IACUC (ISOO0O17081).

Three adult Macaca Fascicularis and one Macaca Mulatta monkeys were involved in the
study (MK1 - MK 42286, male, 4 years old, 3.5 kg, MK2 - MK 42588, male, 4 years old, 3.35
kg, MK4 - MK 42328, male, 4 years old, 3.48 kg; MK3 - 219-21, male, 7 years old, 11.5 kg).
Data for all Macaca Fascicularis monkeys were acquired in the National Research Centre
“Kurchatov Institute”, Research Institute of Medical Primatology, Sochi, Russia. Data for
Macaca Mulatta monkey was acquired in the University of Pittsburgh, PA, US.

3.2.2 Surgical procedures

All the surgical procedures were performed under full anesthesia induced with ketamine
(10 mg/kg, i.m.) and maintained under continuous intravenous infusion of propofol (1%
solution in 20 ml Propofol/20 ml Ringer 1.8 to 6 ml/kg/h), in addition to fentanyl (6-42
mcg/kg/hour) for the Macaca Mulatta, using standard techniques. Throughout the
procedures, the veterinary team continuously monitored the animal’s heart rate, respiratory
rate, oxygen saturation level and temperature. Surgical implantations were performed
during a single operation lasting approximately 8 hours. We fixed monkeys” heads in a
stereotaxic frame securing the cervical spine in a prone and flat position. First, we implanted
two silicon cuff electrodes (Microprobes for Life Science, Gaithersburg, MD 20879, U.S.A.
and Micro-Leads, Somerville, MA 02144, U.S.A.) on the distal ends of the superficial branch
and deep branch of radial nerve that we determined via anatomical landmarks. We then
inserted EMG electrodes in the Extensor Digit. Communis, the Flexor Carpi Radialis and
the Flexor Digit. Superficialis. We stimulated electrically two branches of the radial nerve
and looked at the EMG response to verify which branch was the muscle branch and which
one was the cutaneous branch. Second, we implanted the brain array using a pneumatic
insertion system (Blackrock Microsystem). We performed a craniotomy and we incised the
dura in order to get clear access to the central sulcus. We identified motor and sensory brain
areas through anatomical landmarks and intra-surgical micro-stimulation. Specifically, we
verified that electrical stimulation of the motor cortex induced motor responses in the hand
muscles. We then determined the position of the somatosensory area Sl in relation to this
spot and implanted the UTAH array electrode (Blackrock Microsystems, Salt Lake City, UT,
U.S.A)) across Areas 1 and 2 (and Areas 3 and 4 for the Mulatta monkey), 1.2 mm lateral to
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midline and 3.1 mm deep using a pneumatic inserter (Blackrock Microsystems, Salt Lake
City, UT, US.A)).

Finally, we performed a laminectomy from C3 to T1 and then directly exposed the cervical
spinal cord. We implanted a 32-channel linear probe (linear Probe with Omnetics Connector
32 pins - A1x32-15mm-50-177-CM32; NeuroNexus, Ann Arbor, MI, U.S.A.) and a 64-channel
linear probe (double linear Probe with Omnetics Connector 64 pins - A2x32-15mm-100-200-
177; NeuroNexus, Ann Arbor, MI, U.S.A.) in the gray matter at the C5 spinal segment. To
implant the probe, we opened the dura mater and created a small hole in the pia using a
surgical needle through which penetration of the probe with micromanipulators was
possible. We implanted the arrays using MM-3 micromanipulators (Narishige, Tokyo,
Japan; David Koff Instruments for the Mulatta monkey). Experiments in all four monkeys
were terminal. At the end the animals were euthanized with a single injection of
penthobarbital (60 mg/kg) and perfused with PFA for further tissue processing.

3.2.3 Electrophysiology in sedated monkeys

Monkeys were sedated with a continuous intravenous infusion of propofol that minimizes
effects on spinal cord stimulation (Toossi et al. 2019).

3.2.4 Data analysis

We applied all data analysis techniques offline.

3.2.4.1 Pre-processing

We filtered raw signals recorded with 32 - electrode array implanted in the spinal cord, as
well as signals documented with UTAH array in somatosensory cortex with comb filter to
remove artefacts on 50 Hz/60 Hz (depending on the country where the experiments have
been done) and its harmonics. We designed a digital infinite impulse response filter as a
group of notch filters that are evenly spaced at exactly 50 Hz/60 Hz.

We detected single pulses of the deep branch of the radial nerve and extracted 430 ms of the
inta-spinal and intra-cortical signal post stimulation.

3.2.4.2 Identification of sensory volleys resulting from muscle nerve stimulation

We were able to detect afferent volleys and the resulting gray matter response field evoked
with muscle nerve stimulation in the spinal cord. We applied a 3rd order Butterworth digital
filter and extracted the signal from 10 - 1000 Hz. Afferent volley is defined as a first volley
after the stimulation pulse, occurring 3 - 4 ms after the stimulation (unique physiology of a
single animal causes these variations) and followed with gray matter response field. We
quantified the amount of processed proprioceptive information by neural network by
measuring peak-to-peak amplitude values of the gray matter response field.

We applied a similar procedure to extract the muscle nerve evoked potentials recorded in
the somatosensory cortex.
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3.2.4.3 Characterization and quantification of neural spiking activity

We extracted neural spiking activity by applying a 3rd order Butterworth digital filter to the
raw signal, separating the signal in frequency range from 800 Hz to 5000 Hz. We detected
the spikes using thresholding algorithm (Quiroga, Nadasdy, and Ben-Shaul 2004). We
determined the threshold value separately for each recording channel. To detect the
accurate threshold value, we concatenated all data sets that we aim to analyze in a single
file. All analyzed data sets were concatenated in a single file in order to detect proper
threshold values. The same procedure was applied to intra-spinal and intra-cortical
recordings.

Multiunit activity is presented in form of rasterplot and quantified with peri-stimulus time
histogram (PSTH). Each dot in rasterplot represents a single detected spike. Every rasteplot
row corresponds to the intra-spinal or intra-cortical activity perturbed with a single muscle
nerve stimulus pulse. PSTH is quantified with mean event rate, defined as the average
number of spikes across all single pulses of muscle nerve stimulation, within defined time
frame.

3.2.4.4 Neural manifold and trajectory length

To project the trajectories in the neural manifold, we previously computed multiunit spiking
activity for each condition. We calculated the spiking activity for every 100 ms with a sliding
window of 10 ms over 430 ms around each muscle stimulation pulse. We zero-padded the
first repetition for 90 ms and then overlapped 90ms from the previous repetition for the rest
of repetitions. The final step to smooth the spiking activity was the application of a Gaussian
kernel (s.d. 20 ms) to the binned square-root-transformed firings (10 ms bin size) of each
recorded multiunit. For each condition, this resulted in a matrix of dimensions C x T, where
C is the number of channels in the dorso-ventral linear probe and T is the number of 10 ms
windows in a repetition concatenated for all the repetitions within a condition.
Subsequently, we proceed to eliminate noisy repetitions. We discarded those repetitions
within each condition whose s.d. was greater than twice the total s.d. across all repetitions
plus the total mean of the s.d. across all repetitions for that condition. For cortical data, we
previously converted the distribution of s.d. to a lognormal distribution to apply this outlier
cleaning rule.

To calculate the latent dynamics for each monkey, we z-scored each condition’s spiking
activity before applying dimensionality reduction principal component analysis (PCA) to
the concatenated spike counts. We selected the first 3 principal components that explained
most of the variance (~65% for all 3 monkeys, 54% for one monkey) as neural modes to
define the neural manifold. Convergence points were reached at the first 3 to 5 dimensions
according to the eigenspectrum of each monkey. In this low dimensionality space, we
proceeded by eliminating repetitions as a function of the distance to the median trajectory.
In particular, we computed the median trajectory for each 10 ms window for each condition.
For each window, we calculated the distance between the median trajectory and the
trajectory elicited by each repetition within a condition. 25th and 75th percentiles of the
obtained distances allowed to discard trajectories whose distance was greater than the 75th
percentile plus 1.5 times the interquartile range of the averaged trajectory for that repetition
across all 10 ms windows. The same criterion was applied for the lower range. Finally, we
quantified the trajectory length for the remaining repetitions for each condition and
calculated the average trajectory length across all 10 ms windows.
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3.2.5 Statistical Analysis

Multi-group significance comparison of data obtained from the neural manifold for each
condition in all four monkeys was tested using Kruskal-Wallis test. The level of significance
was set at ***p<0.005.

Significance of suppressed peak-to-peak amplitude values of afferent volleys was analyzed
with one-way analysis of variance revealed (ANOVA). Each point represents the peak-to-
peak amplitude as a response to a single stimulus pulse. Boxplots show: the central mark
indicates the median, and the bottom and top edges of the box indicate the 25th and 75th
percentiles, respectively. The whiskers extend to the most extreme data points not
considered outliers, and the outliers are plotted individually using the 'o' symbol. The level
of significance was set at ***p<0.001, **p<0.01 and *p<0.05.

3.3 Results

3.3.1 Simultaneous brain and spinal neural recordings during electrical nerve
stimulation of multiple sensory modalities

We designed a unique experimental setup in non-human primates as a proxy to understand
how artificial inputs can influence neural network function in a controlled fashion.
Specifically, we examined how stimulation of cutaneous afferents affects spinal network
processing of proprioceptive pulses. The radial nerve, carrying sensory signals from the
dorsal part of the forearm and hand, splits in proximity of the elbow into a pure-muscle and
a pure-cutaneous branch (i.e., the deep and superficial branches of the radial nerve (Confais
et al. 2017), respectively) offering the opportunity to provide modality-selective sensory
stimuli. We implanted cuff electrodes on these two branches to elicit either proprioceptive
or cutaneous inputs via electrical stimulation (Figure 3.2a). We artificially provided brief
proprioceptive pulses by stimulating the muscle branch of the radial nerve with single
electrical pulses (~2 Hz) below motor threshold. To assess the influence of artificial
cutaneous input on the induced proprioceptive input, we provided cutaneous stimulation
as continuous ~50 Hz pulses, a typical stimulation frequency used in human studies.
Threshold (Thr) was defined as an amplitude that clearly evoked potentials in the spinal
cord in response to low-frequency stimulation. We tested two conditions: stimulating the
nerve at a low (0.9 x Thr) or high amplitude (1.1 x Thr). Stimulation amplitude corresponds
to the amount of artificially recruited fibers. To study the transmission of artificially induced
proprioceptive percepts from the periphery to the cerebral cortex, we recorded the Macaque
monkeys’ intra-spinal neural signals from a dorso-ventral 32-channel linear probe
implanted in the gray matter of the spinal cord C5 segment (Figure 3.2b). Furthermore, we
extracted intra-cortical neural signals (Figure 3.2c) using a 32-channel UTAH array placed
in the somatosensory cortex (Area S1/S2, Figure 3.3).
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Figure 3.2, Experimental setup: Schematic illustration of experiments. a) Stimulation: we implanted two
nerve cuffs for stimulation on the superficial branch (cutaneous nerve) and the deep branch (muscle nerve) of
the radial nerve. We stimulated the muscle nerve at ~2 Hz, exclusively, or concurrently with ~50 Hz
stimulation of the cutaneous nerve branch. b) We recorded neural activity with a 32-channel dorso-ventral
linear probe implanted in the gray matter of the spinal segment C5. Typical intra-spinal neural responses
induced by stimulation of the muscle nerve. Zoom insets show examples of detected spike waveforms, e.g.,
single unit responses to proprioceptive pulses. ¢) We recorded neural activity with a 32-channel multi-
electrode array in the somatosensory cortex and provided intra-cortical neural responses, similar as in b. Taken
from (Katic Secerovic et al. 2021) with permission.

In summary, we recorded neural signals in the spinal cord and the somatosensory cortex of
three anesthetized Macaca Fascicularis (MK1, MK2, MK4) and one Macaca Mulatta (MK3)
monkey while stimulating only proprioceptive, or concurrently proprioceptive and
cutaneous afferents.

UTAH Array- 32Ch - Intra-cortical recording
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Figure 3.3, Experimental procedure and electrophysiology details. a) Representative picture showing the
position of the UTAH array in relation to brain areas. We identified specific brain areas through anatomical
landmarks and micro-stimulation of the cortex. We verified that a single pulse of stimulation delivered
induced clear responses in the hand muscles. We determined the somatosensory area Sl in relation to the
identified M1 anatomically and implanted the UTAH array electrode (Blackrock Microsystems) across Areas
1 and 2. Taken from (Katic Secerovic et al. 2021) with permission.
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3.3.2 Proprioceptive inputs elicit robust trajectories in the spinal neural

manifold

We explored the effect of brief pulses of artificially-generated proprioceptive inputs on the
intraspinal neural population dynamics.
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Figure 3.4, Intra-spinal neural population analysis. a) Latent dynamics and neural modes obtained from the
multiunit recorded per channel. Left, a sketch of the dorso-ventral linear probe that recorded the activity of
the spinal multiunit neural networks (each circle represents a recorded unit). Each color represents the neural
activity recorded by each channel. Right, dimensionality reduction technique identifies the neural modes that
define the low-dimensional spaces. In these subspaces, the neural activity followed precise dynamics. We
hypothesized that b) a muscle nerve stimulation pulse elicits neural trajectories and that c) these neural
trajectories shrink as a function of the stimulation amplitude. d) Top, averaged multiunit spike counts across
all 32 channels, sorted by the highest spiking activity after the muscle nerve stimulation, for MK1. Bottom,
resultant 10-trial averaged neural trajectories elicited by muscle nerve stimulation for MK1. This is plotted
both at a high and low stimulation amplitude to appreciate the phenomenon of trajectory shrinking. e)
Statistical quantification of the trajectory length for all monkeys for high and low stimulation amplitude of the
muscle nerve (***p<0.001; **p<0.01; *p<0.05; Kruskal-Wallis test with 380 and 231 points for high and low
amplitude, respectively, for MK1; 353 and 351 points for high and low amplitude, respectively, for MK2; 353
and 343 points, respectively, for MK3; 391 and 394 points, respectively, for MK4). Violin plots: each dot
corresponds to the computed trajectory length for a trial, forming a Gaussian distribution of trajectory lengths.
The central mark represented as a white dot indicates the median, and the gray line indicates the 25th and
75th percentiles. The whiskers extend to the most extreme data points not considered outliers. Trial
corresponds to a stimulation pulse. Taken from (Katic Secerovic et al. 2021) with permission.

Because proprioceptive signals enter the spinal cord from the dorsal aspect and project

towards medial and ventral laminae (Kandel, E., Schwartz, J. & Jessel, T., n.d.), we

performed neural population analysis of the multiunit spiking data from all the channels of
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our linear probe (Figure 3.4a) in response to 2 Hz muscle nerve stimulation. Specifically, we
applied dimensionality reduction to unveil the latent properties of the spinal neural
processing via principal component analysis (PCA). PCA identified three neural modes that
sufficed to explain 54-65% of the variance of the spikes counts of multiunit threshold
crossings recorded by the spinal probe for ~350 ms following each proprioceptive stimulus
pulse. We then sought whether the neural manifold defined by these neural modes
contained simple computational objects (e.g., clear neural trajectories that captured the
changes of time-varying spikes, Figure 3.4b, c).

In the spinal manifold, the multiunit spike counts elicited very consistent dynamics after
each stimulation pulse in the form of closed trajectories that were qualitatively similar in all
monkeys (Figure 3.4d). Because averaged spiking responses initiated and terminated with
baseline activity (i.e., no stimulation), the neural dynamics were represented by closed
neural trajectories. Given the robustness and reproducibility of these trajectories, we
hypothesized that estimated trajectory lengths could be used as a proxy to measure the
amount of proprioceptive information processed within the recorded site. The logical
consequence of this interpretation is that the length of the trajectories could be proportional
to the amount of proprioceptive input processed.

Since the stimulation amplitude controls the number of recruited afferents, we tested this
assumption by computing the neural trajectories induced by proprioceptive inputs both at
high and low stimulation amplitudes (i.e., more or less recruited afferents, respectively). As
expected, we found that muscle nerve stimulation at a higher amplitude elicited longer
trajectories and vice versa (Figure 3.4d). This observation was consistent in MK1 (relative
mean difference, +14.17%), MK2 (+24.05%) and MK3 (+44.21%, Figure 3.4e), but not in MK4
(-33.76%), probably due to the higher variability in the overall trajectories for this monkey.

In summary, we showed that population analysis of a dorso-ventral linear probe in the
spinal cord shows highly robust and reproducible trajectories in the neural manifold in
response to artificial proprioceptive pulses. We proposed to quantify the length of this
trajectory as a means to assess the amount of proprioceptive information processed in the
spinal cord.

3.3.3 Continuous electrical stimulation of the cutaneous nerve disrupts intra-
spinal proprioceptive neural trajectories

We next evaluated the impact of concurrent artificial cutaneous input on proprioceptive
information processing. We projected on the neural manifold neural trajectories elicited by
the stimulation of the proprioceptive branch. All four monkeys exhibited robust trajectories
in response to proprioceptive inputs and, in all four monkeys, concurrent stimulation of
cutaneous afferents significantly reduced the trajectory lengths (Figure 3.5a) or even
completely disrupted their dynamics (Figure 3.6), albeit with different effect sizes. MK1
(relative mean difference, -66.03%), MK3 (-27.47 %) and MK4 (-44.91%) exhibited the largest
disruption, while MK2 (-5.89%) was significantly disrupted but to a lower effect size. To
validate this result, we repeated the same experiment using lower amplitudes for the
stimulation of the cutaneous afferents. Cutaneous stimulation at a low amplitude yielded
less disruption (i.e., longer proprioceptive trajectory lengths) than at a high stimulation
amplitude (Figure 3.5c), suggesting that the amount of neural computation disrupted is
inversely proportional to stimulation intensity of cutaneous afferents.
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Figure 3.5, Neural trajectory lengths. a) Comparison of the neural trajectories induced by muscle nerve
stimulation and concurrent cutaneous stimulation across PC2-PC3 vs PC1-PC2. Gray dashed lines indicate
average trajectory for muscle and cutaneous nerves stimulation at a low amplitude. b) Averaged spike counts
across all trials and all channels for each stimulation condition for MK1. c) Statistical analysis of the trajectory
lengths for each stimulation condition. Violin plots: each dot corresponds to the computed trajectory length
for a trial, forming a Gaussian distribution of trajectory lengths. The central mark represented as a white dot
indicates the median, and the gray line indicates the 25th and 75th percentiles. The whiskers extend to the
most extreme data points not considered outliers. Trial corresponds to a stimulation pulse. (***p<0.001;
**p<0.01; *p<0.05; Kruskal-Wallis test with 381, 470 and 453 points for muscle nerve stimulation, concurrent
cutaneous stimulation at high amplitude and low amplitude, respectively, for MK1; 369, 410 and 411 points,
respectively, for MK2; 353, 376 and 397 points, respectively, for MK3; 392, 380 and 371 points, respectively, for
MK4). Taken from (Katic Secerovic et al. 2021) with permission.

This observed trajectory disruption is particularly interesting considering that, during
concurrent proprioceptive and cutaneous stimulation, the spinal cord received significantly
more artificial input. Indeed, concurrent stimulation of the cutaneous afferents significantly
increased overall spike counts in the recorded spinal circuitries (+5191.68% for MKI1,
+234.71% for MK2, +68.37 % for MK3, +754.94% for MK4, Figure 3.5b, Figure 3.7). However,
this increase was not captured by the neural trajectories, which strengthens the case that
those trajectory lengths mainly represent proprioceptive information processing. -
Additionally, we found that the disruption of information processing was captured in
principal component (PC) 2 and PC3, where neural trajectories shrunk as a function of
stimulation intensity. Moreover, PC1 depicted the displacement of these neural trajectories
caused by the amount of concurrent cutaneous input (Figure 3.5a, Figure 3.7). In other
words, when the spinal cord received inputs induced by concurrent muscle and cutaneous
nerves stimulation, the neural trajectories were displaced across PC1, away from the
proprioceptive neural trajectories. This displacement was proportional to the stimulation
intensity and, in turn, to the computed spiking activity in the spinal cord (Figure 3.7). In
particular, MK1 (+94.52%) and MK2 (+45.99%) produced longer proprioceptive trajectory
lengths than MK3 (+3.49%) and MK4 (+5.22%) during concurrent cutaneous stimulation at
a low amplitude. Indeed, the overall spike counts were very similar in MK3 and MK4 both
at low and high stimulation amplitudes (Figure 3.7) (relative mean difference from
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concurrent high to low amplitude, -84.44% for MK1, -59.82% for MK2, -1.69% for MKS3, -
8.40% for MK4), thereby eliciting similar neural trajectory lengths. These results infer that
the main PCs clearly captured the amount of proprioceptive processed information as a
function of concurrent stimulation amplitude. Indeed, neural trajectories that were further
displaced across PC1 resulted in shorter neural trajectory lengths in PC2-PC3 (during
concurrent high stimulation amplitude), whereas those that remained closer to the
proprioceptive neural trajectories in PC1 were less disrupted in PC2-PC3 (during concurrent
low stimulation amplitude, Figure 3.5a).
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Figure 3.6, Intraspinal neural trajectories. a) Comparison of the neural trajectories induced by muscle nerve
stimulation and concurrent cutaneous stimulation in all monkeys. Gray dashed lines indicate average
trajectory for muscle and cutaneous nerves stimulation at a subthreshold amplitude. b) Visualization of the
displacement of the neural trajectories across PC1 in all monkeys. The displacement is proportional to the
spiking activity induced by each stimulation condition (i.e. the distance between neural trajectories induced
by muscle nerve stimulation and concurrent cutaneous nerve at a low amplitude is lower than the distance
between the neural trajectories induced by concurrent stimulation of the cutaneous nerve at a high amplitude).
Taken from (Katic Secerovic et al. 2021) with permission.

In summary, we showed that concurrent stimulation of the cutaneous nerve significantly
suppressed proprioceptive neural trajectory lengths, suggesting that concurrent artificial
recruitment of cutaneous afferents hinders the processing of proprioceptive inputs in the
spinal cord.
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Figure 3.7, Spinal spiking activity induced by concurrent cutaneous nerve stimulation. a) Averaged spiking
activity for each channel. Spike counts were averaged across all trials for each stimulation condition for four
monkeys. Averaged multiunit spike counts across all 32 channels, sorted by the highest spiking activity after
the muscle nerve stimulation. b) Averaged spiking activity. Spike counts were averaged across all trials and
all channels for each stimulation condition for four monkeys. c) Statistical analysis of the spiking activity for
each stimulation condition (***p<0.001; **p<0.01; *p<0.05; Kruskal-Wallis test with 387, 477 and 461 points for
muscle nerve stimulation, concurrent cutaneous stimulation at high amplitude and low amplitude,
respectively, for MK1; 374, 410 and 412 points, respectively, for MK2; 353, 400 and 399 points, respectively, for
MKS3; 401, 388 and 376 points, respectively, for MK4). Violin plots: each dot corresponds to the computed
trajectory length for a trial, forming a Gaussian distribution of trajectory lengths. The central mark represented
as a white dot indicates the median, and the gray line indicates the 25th and 75th percentiles. The whiskers
extend to the most extreme data points not considered outliers. Trial corresponds to a stimulation pulse. Taken
from (Katic Secerovic et al. 2021) with permission.

3.3.4 Cutaneous electrical stimulation reduced proprioceptive afferent volleys,
spinal cord grey matter field potentials and multiunit responses

To validate our findings, we looked for correlates using classical electrophysiology
measures. We first inspected stimulation triggered average field potentials from the grey
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matter of the spinal cord, defined as the mean neural response across each single muscle
nerve branch stimulation pulse (Figure 3.9a). Afferent volleys were detected at a latency
between 3-4 ms after each proprioceptive pulse (Figure 3.8 and Figure 3.9a).
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Figure 3.8, Proprioceptive afferent volley peak-to-peak amplitude suppression. a) Definition of the afferent
volley. Triggered-average signal showed stimulation artifacts in the signal (zoomed insight) around the time
of muscle nerve stimulation (pulse width: 0.5 ms) while the afferent volley appeared 3-4 ms after the
stimulation (depending on the monkey). b) Afferent volleys in four monkeys. Afferent volleys as a response
to proprioceptive nerve stimulation (cyan), with concurrent cutaneous nerve stimulation (magenta; high
stimulation amplitude - solid color; low stimulation amplitude - semi-transparent). Volleys are given as an
example of a single dorsal channel and are averaged across all muscle nerve stimulation pulses. We compared
peak-to-peak amplitude values of afferent volleys over 2 conditions with one-way ANOVA with 300 points,
where each point represents the peak-to-peak amplitude as a response to a single stimulus pulse. Boxplots:
The central mark indicates the median, and the bottom and top edges of the box indicate the 25th and 75th
percentiles, respectively. The whiskers extend to the most extreme data points not considered outliers, and the
outliers are plotted individually using the 'o' symbol. Asterisks: ***p<0.001; **p<0.01. Taken from (Katic
Secerovic et al. 2021) with permission.

Continuous electrical stimulation of the cutaneous nerve reduced the peak-to-peak
amplitude of these proprioceptive volleys in all four monkeys (Figure 3.8) and the reduction
was proportional to stimulation intensity (muscle nerve stimulation vs muscle & cutaneous
nerve stimulation high amplitude, mean values difference: MK1: -9%, MK2: -47%, MK3: -
25%, MK4: -14%; muscle nerve stimulation vs muscle & cutaneous nerve stimulation low
amplitude: MK1: -8%, MK2: -40%, MK3: -22%, MK4: -1%). Since volleys represent sensory
inputs, these results suggest that part of the disruption that we observed in the neural
trajectories may be a consequence of reduced proprioceptive inputs in the spinal cord.
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Additionally, grey matter response fields following each proprioceptive volley were also
substantially suppressed during electrical stimulation. Peak-to-peak amplitude values of
the fields were significantly reduced to a much larger extent than the volleys. Again, the
suppression correlated to stimulation intensity: high amplitude of cutaneous stimulation
resulted in greater suppression of afferent volleys and grey matter response fields peak to
peak values than at a low stimulation amplitude (muscle nerve stimulation vs muscle &
cutaneous nerve stimulation high amplitude, mean values difference: MK1: -83%, MK2: -
18%, MK3: -46%, MK4: -56%; muscle nerve stimulation vs muscle & cutaneous nerve
stimulation low amplitude: MK1: -48%, MK2: -15%, MK3: -42%, MK4: -43%, Figure 3.9b).
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Figure 3.9, Peak-to-peak amplitude suppression of spinal cord grey matter response fields.a) MK1
triggered-average signal showing afferent volley, and grey matter response fields resulting from muscle nerve
stimulation (cyan), with concurrent cutaneous nerve stimulation (magenta; high stimulation amplitude - solid
color; low stimulation amplitude - semi-transparent). b) Peak-to-peak amplitude of grey matter response field
in four monkeys, dorsal channels examples. Color coding the same as in a. We compared peak-to-peak
amplitude values over two conditions with one-way ANOVA with 300 points, where each point represents
the peak-to-peak amplitude as a response to a single stimulus pulse. Boxplots: The central mark indicates the
median, and the bottom and top edges of the box indicate the 25th and 75th percentiles, respectively. The
whiskers extend to the most extreme data points not considered outliers, and the outliers are plotted

individually using the 'o' symbol. Asterisks: ***p<0.001. Taken from (Katic Secerovic et al. 2021) with
permission.

The same trend was found in all 4 monkeys, suggesting that a significant component of the
trajectory disruption may be related to reduced grey matter responses to proprioceptive
volleys and not only to a simple reduction of proprioceptive inputs.
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Figure 3.10, Multiunit activity. a) We filtered the signal to extract the spiking component and detected the
neural action potentials using the thresholding algorithm (see methods). b) Examples of multiunit activity in
two different channels (one in dorsal, one in ventral region) for each of the four monkeys. Single muscle nerve
stimulation (cyan, left) and concurrent muscle and cutaneous nerve stimulation at a high amplitude (magenta,
right). Dashed cyan line represents the muscle nerve stimulation pulse. Neural activity is presented and
quantified with raster plots and peri-stimulus time histograms (PSTHs). Each row of the raster plots represents
the response to a single muscle nerve stimulation pulse, while each dot corresponds to an action potential.
Mean event rate is defined as an average number of spikes within a time frame of one bin (0.2 ms) across all
single pulses of muscle nerve stimulation. Black lines highlight the PSTH bins that are reduced. Black arrows
indicate the decreased mean event rate values of PSTH and their lengths correspond to the amount of
reduction. Diagonal lines correspond to the units whose frequency is in line with frequency of stimulation.
Taken from (Katic Secerovic et al. 2021) with permission.

Finally, we investigated whether changes in the population neural dynamics and grey
matter field potentials could be reflected in changes of single neuron spiking activity. We
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utilized multiunit threshold crossing analysis (Figure 3.10a) and identified channels in
which a clear response to proprioceptive pulses was visible. In this multiunit analysis, the
peak of neural activity after proprioceptive stimuli occurred at approximately 3 - 4 ms after
each proprioceptive stimulation pulse. We present the neural responses of units that were
activated by proprioceptive inputs. When continuous stimulation of the cutaneous nerve
was overlapped with muscle nerve stimulation, we observed a reduction in these responses
in all four monkeys, both in the dorsal and ventral horn of the spinal cord (Figure 3.10b).

In summary, we found that concurrent cutaneous nerve stimulation reduced peak-to-peak
amplitude of afferent volleys, grey matter response fields and multiunit responses to
proprioceptive stimuli. These results suggest that proprioceptive information processing
may be disrupted by reducing both sensory input in the spinal cord as well as grey matter
network computations.

3.3.5 Reduction of proprioceptive processing impacts somatosensory cortex

We showed that concurrent stimulation of cutaneous afferents suppresses proprioception
information processing in the spinal cord and correlates to classic electrophysiology
measures. We then hypothesized that this suppression in the spinal cord limits the amount
of information transmitted upstream to the brain, which could impact conscious perception
of proprioception.

To test this hypothesis, we analyzed intra-cortical neural signals extracted from area 2 of the
somatosensory cortex in all four monkeys. We found cortical evoked potentials with a
latency of around 22-25 ms, which is consistent with the longer distance between the cortex
and the peripheral nerves and it has also been reported in similar experiments (Perich et al.
2020). Peak-to-peak analysis of the signal amplitude indicated similar results as in the spinal
cord. We observed a reduction of proprioceptive evoked potentials during concurrent high
amplitude stimulation of the cutaneous nerve in all monkeys (Figure 3.11a).

Observed suppression was detected in most of the channels in the array. Moreover, when
we stimulated the cutaneous nerve at a low amplitude, peak-to-peak values of the signal
increased (muscle nerve stimulation vs muscle & cutaneous nerve stimulation high
amplitude, mean values difference: MK1: -8%, MK2: -19%, MK3: -30%, MK4: -29% ; muscle
nerve stimulation vs muscle & cutaneous nerve stimulation low amplitude: MK1: +2%,
MK2: -18%, MK3: +3%, MK4: -26%).

Surprisingly, when we inspected the spiking activity extracted from multiunits in the cortex,
the spike counts induced by concurrent cutaneous nerve stimulation at a low amplitude
were similar, or even greater, than those obtained at a high amplitude (relative mean
difference from concurrent high to low amplitude, +53.69% for MK1, -7.65% for MK2,
+3.14% for MK3, -6.40% for MK4, Figure 3.11b,c). This is markedly different from what we
observed in the spinal cord (Figure 3.6, Figure 3.7). Indeed, we expected greater spiking
activity consistently associated with higher stimulation amplitudes and not the opposite. In
fact, this discrepancy seemed to reflect the spinal proprioceptive information processing,
where concurrent cutaneous stimulation at a low amplitude yielded longer neural trajectory
lengths.
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Figure 3.11, Somatosensory cortex evoked potentials and cortical spiking activity. a) Somatosensory cortex
evoked potentials in four monkeys. Examples of signals recorded as a response to muscle nerve stimulation,
with concurrent cutaneous nerve stimulation (magenta; high stimulation amplitude - solid color; low
stimulation amplitude - semi-transparent) or without it (cyan). Evoked potentials appeared with a latency
between 22-25 ms. Signals are given as an example of a single channel in the somatosensory cortex and are
averaged across all muscle nerve stimulation pulses. We compared peak-to-peak amplitude values of the
signal over two conditions with one-way ANOVA with 300 points, where each point represents the peak-to-
peak amplitude as a response to a single stimulus pulse. b) Spike counts were averaged across all trials and
all channels for each stimulation condition for all monkeys. c) Statistical analysis of the spiking activity for
each stimulation condition (Kruskal-Wallis test with 392, 474 and 460 points for muscle nerve stimulation,
concurrent cutaneous stimulation at high amplitude and low amplitude, respectively, for MK1; 360, 389 and
392 points, respectively, for MK2; 335, 386 and 390 points, respectively, for MK3; 391, 383 and 375 points,
respectively, for MK3). Each dot corresponds to the computed trajectory length for a trial, forming a Gaussian
distribution of trajectory lengths. Trial corresponds to a stimulation pulse. Taken from (Katic Secerovic et al.
2021) with permission.

Boxplots and violin plots: The central mark indicates the median, and the bottom and top edges of the box
indicate the 25th and 75th percentiles, respectively. The whiskers extend to the most extreme data points not
considered outliers, and the outliers are plotted individually using the 'o' symbol. Asterisks: ***p<0.001;
**p<0.01; *p<0.05.
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In summary, we observed a reduction of proprioceptive information during concurrent
continuous stimulation of the cutaneous nerve also in the somatosensory cortex. This
finding suggests that the effects that we observed in the spinal cord propagate through the
higher layers of sensorimotor processing.

3.4 Discussion

In this experimental study in four monkeys, we combined analysis of neural population
dynamics with classical electrophysiology measures to analyze the impact of continuous
electrical stimulation of the cutaneous afferents on the processing of proprioceptive
information in the spinal cord. We found that the spinal sensorimotor computations of
proprioceptive inputs were substantially disrupted when cutaneous afferents were
concurrently stimulated and that this interference propagated to the brain. While limited to
the stimulation of the cutaneous afferents, our findings suggest that artificially-generated
neural input may disrupt ongoing neural processes that may be unrelated to the stimulation.
More specifically, because of the highly shared neural architecture, even highly selective
targeting of neural elements, like in our case the cutaneous afferents, can significantly
undermine neural processing of seemingly unrelated neural functions, like proprioceptive
percepts. Similar phenomena may occur in other regions of the nervous system and should
therefore be studied. Hence, these results imply that efforts towards the development of
naturalistic or biomimetic stimulation inputs should likely be employed in
neurostimulation.

3.4.1 Povulation analysis as a tool to explain network-level effects of
electrical stimulation

Electrical stimulation of the nervous system is widely applied in clinical practice and in
clinical research trials in order to influence neural activity and ameliorate functions in a
variety of disorders (Stanisa Raspopovic, Valle, and Petrini 2021; Edwards et al. 2017;
Wagner, Mignardot, Le Goff-Mignardot, et al. 2018, Formento et al. 2018; Stanisa
Raspopovic 2021). The most overt applications are sensorimotor neuroprostheses where a
clear relationship can be found between stimulation parameters and strength of elicited
movements (Gill et al. 2018; Wagner, Mignardot, Le Goff-Mignardot, et al. 2018; Formento
et al. 2018; Powell et al. 2023) or evoked sensations (Stanisa Raspopovic, Valle, and Petrini
2021; Giacomo Valle et al. 2022; 2018b; Wendelken et al. 2017; Charkhkar et al. 2018). For
example, epidural spinal cord stimulation has been applied for both motor recovery as well
as, more recently, for restoration of sensory feedback. We know that spinal cord stimulation
recruits sensory afferents. In motor applications, the recruitment of large proprioceptive
afferents leads to an increased excitability of spinal motoneurons, thereby promoting
movement. Instead, in sensory applications, the recruitment of the same afferents should in
principle produce controllable conscious sensory experiences, similar to those elicited by
stimulation of the peripheral nerve. However, beyond this simplistic vision, there is a
fundamental lack of knowledge into what happens to neural networks that receive inputs
from these afferents. In fact, the highly shared neural infrastructures involve neural sub-
networks that are meant to produce the desired function (Kandel, E., Schwartz, ]J. & Jessel,
T., n.d.; Koch, Acton, and Goulding 2018; Gordon et al. 2023). For instance, the motor
network produces movement, but other networks may be involved in other unrelated
processes such as perception, error estimation during movement execution and autonomic
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function (Squair et al. 2021), among others (Gordon et al. 2023). These additional sub-
networks may also share inputs from the same afferents and would thus be perturbed by
stimulation.

In our work, we constructed a toy model to study this specific problem in a controlled
fashion as a proxy to understand, more generally, how artificial inputs can influence neural
network function. We focused on the spinal network effects caused by stimulation of the
cutaneous afferents on the neural processing of a proprioceptive pulse. This toy model
exemplifies that an ongoing neural process (proprioceptive input processing) is perturbed
when seemingly unrelated electrical stimuli application (inducing touch percepts) is applied
with typical stimulation pattern (fixed 50Hz square pulses). To explore network effects, we
used modern population analysis tools that enable the quantification of information
processing in the spinal circuits via analysis of neural trajectories in the neural space
(Churchland et al. 2012). Specifically, we established a measure of proprioceptive
information processing by quantifying neural trajectory lengths in spinal neural manifolds
using intra-spinal population analysis (Lindén et al. 2022). Through the quantification of the
trajectory length, we assessed the effect of concurrent cutaneous stimulation on the spinal
proprioceptive information. We showed the collapse of proprioceptive neural trajectories
during concurrent stimulation of cutaneous afferents, in other words, a suppression of
proprioceptive information processed in the spinal cord, according to our interpretation.
Importantly, simple analysis of total spike counts showed that the results of our trajectory
length quantification were not trivial. Indeed, averaged multiunit spiking activity in
response to proprioceptive stimuli were expectedly the highest during concurrent
stimulation of the cutaneous afferents. This is an obvious result as general spinal activity is
increased by the 50 Hz artificial cutaneous inputs. Thus, the actual total neural activity in
the spinal cord is higher during cutaneous stimulation. Yet, the population analysis allows
to extract only activity that explains the variance generated by proprioceptive inputs
processes, enabling to infer the proprioceptive components of the neural dynamics against
the background of cutaneous activity. Hence, the use of neural manifolds for population
activity enabled the quantification of the stimulation effects on these computations.

We validated results obtained with neural manifold analysis with classical
electrophysiology inspecting peak-to-peak amplitude of afferent volleys, spinal cord grey
matter response fields and multiunit activity. These measures indicated a reduction in
proprioceptive information during concurrent cutaneous stimulation.

3.4.2 Potential underlying neural mechanisms

While successful in visualizing network effects, population analysis cannot offer an
explanatory value on the specific neural mechanisms responsible for this suppression. Pre-
synaptic inhibition is a likely candidate (Stein 1995). It is a well-known mechanism of
sensory input gating that prevents transmission of excitatory post-synaptic potentials to
neurons targeted by primary afferents (Rudomin and Schmidt 1999; Confais et al. 2017). In
our experiments, the stimulation amplitude of the muscle nerve was the same across all
conditions (i.e., fixed number of recruited afferents). Therefore, the reduction of unit
responses to proprioceptive inputs during concurrent cutaneous afferent stimulation could
be consistent with a reduction in synaptic inputs to these target units.

Nevertheless, the observed afferent volley reduction was not strong enough to explain
complete diminishment of proprioceptive perception, which means that the disruption of
neural trajectories was not caused only by reduced inputs, but also by affected processing.
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We refer to this other potential mechanism as the “busy line” effect. Continuous, non-
natural stimulation of the cutaneous afferents may produce highly synchronized activity in
spinal circuits, which may receive both proprioceptive and cutaneous inputs. However,
when artificially synchronized cutaneous inputs reach the spinal cord, they may saturate
these circuits and reduce their capacity to respond to additional inputs (G. A. Miller 1956).
When these neurons cannot be employed to process proprioceptive information, the neural
network achieves a saturated state where no further processing can be carried out. This may
explain why neural trajectories during cutaneous stimulation were displaced in the
manifold space in a way that resembled a rigid geometric translation. Coincidentally, the
modulated component of the neural dynamics was shorter or almost completely disrupted,
suggesting that some of the neurons involved in performing the geometrical translation
were not available to produce the modulated components of neural dynamics.

3.4.3 Effects within the brain

We performed a large part of our analysis in the spinal cord, which is the first important
layer of sensory processing, particularly, in regard to proprioception. However, conscious
perception is processed at various layers above the spinal cord. Indeed, peak-to-peak
amplitudes of cortex potentials evoked with muscle nerve stimulation were suppressed
when overlapped with cutaneous input also in the sensory cortex area 2, which is known to
integrate cutaneous and proprioceptive inputs (Gordon et al. 2023; London and Miller 2013).
Moreover, if cortical signals were independent from spinal and brainstem processes, when
looking at the global cortical spike counts we would have expected higher spike counts
during high-amplitude stimulation of the cutaneous nerve and lower spiking activity
during low amplitude stimulation of the cutaneous nerve. Instead, we found higher or
similar spiking activity when we used low-amplitude stimulation of the cutaneous nerve.
This may be indicative of the fact that high amplitude stimulation may convey more
cutaneous input but less proprioceptive input to the cortex because of sub-cortical
cancellation (Rudomin and Schmidt 1999). In contrast, cutaneous stimulation at a lower
amplitude may mean less cutaneous input but more proprioceptive input to the cortex as a
consequence of less cancellation occurring in sub-cortical structures. Nevertheless, these
mechanistic conjunctures are strongly contingent on our experimental design. Future
directions ought to design alternative experimental paradigms (i.e., including histological
analysis) that uncover the spinal interneuron circuitry involved in the processing of
proprioceptive information in response to concurrent input.

These overall results support the conclusion that conscious perception of proprioception
may be also altered by sub-cortical interference. While this hypothesis cannot be tested in
subjects with amputation because of their limb loss, recent data in humans with sensory
incomplete spinal cord injury shows that spinal cord stimulation, which also recruits
sensory afferents (Chandrasekaran et al. 2019), reduces proprioception acuity during supra-
threshold stimulation (Formento et al. 2018). This result in humans further supports our
hypothesis and we believe that it demands further investigation.

3.4.4 Conclusions and relevance for other brain circuits

Our results showed that electrical stimulation of sensory afferents can alter the processing
of proprioceptive information within spinal circuits. Similar phenomena may occur in brain
networks during deep brain stimulation, where similar continuous electrical pulses are
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delivered to thalamocortical projections and other large brain networks. In the brain, these
effects, which in the spinal cord indicate the impossibility to appropriately process
proprioception, could potentially alter cognitive processes unrelated to the stimulation
goals within the cortex. A potential approach to minimize the interference of stimulation
with ongoing neural processes is the use of “bio-mimetic” and model-based stimulation
patterns (Cimolato et al. 2023; Giacomo Valle et al. 2018b; Bensmaia 2015; Katic et al. 2023;
George et al. 2019). Instead of delivering unstructured and synchronized neural activity,
they could produce more naturalistic patterns, thereby potentially avoiding these side
effects. In conclusion, future stimulation strategies designs should consider the use of neural
population analysis in order to analyze the effects of particular stimulation patterns on
apparently unrelated neural network processes.
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Chapter 4

From in silico modeling towards sophisticated application
in humans

“The science of today is the technology of tomorrow.”
Edvard Teller

Adapted from: Biomimetic computer-to-brain communication restores naturalistic touch
sensations via peripheral nerve stimulation

Giacomo Valle*, Natalija Katic Secerovic*, Dominic Eggemann, Oleg Gorskii, Natalia Pavlova,
Thomas Stieglitz, Pavel Musienko, Marko Bumbasirevic and Stanisa Raspopovic — BioRxiv

*equal contribution

Artificial communication with the brain through peripheral nerve stimulation recently
showed promising results in people with sensorimotor deficits. However, these efforts fall
short in delivering close-to-natural rich sensory experience, resulting in the necessity to
propose novel venues for converting sensory information into neural stimulation patterns,
which would possibly enable intuitive and natural sensations. To this aim, we designed and
tested biomimetic neurostimulation framework inspired by nature, able “to write”
physiologically plausible information back into the residual healthy nervous system.
Starting from in-silico model of mechanoreceptors, we designed biomimetic policies of
stimulation, emulating activity of different afferent units. Then, we experimentally assessed
these novel paradigms, alongside with mechanical touch and commonly used, linear
neuromodulations. We explored the somatosensory neuroaxis by stimulating the nerve
while recording the neural responses at the dorsal root ganglion and spinal cord of
decerebrated cats. Biomimetic stimulation resulted in a neural activity that travels
consistently along the neuroaxis, producing the spatio-temporal neural dynamic more like
the naturally evoked one. Finally, we then implemented these paradigms within bionic
device and tested it with patients. Biomimetic neurostimulations resulted in higher mobility
and decreased mental effort compared to traditional approaches. Results of this
neuroscience-driven technology inspired by the human body could be a model for
development novel assistive neurotechnologies.
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4.1 Introduction

Loss of the communication between the brain and the rest of the body due to an injury or a
neurological disease severely impact sensorimotor abilities of disabled individuals. Often,
they also experience the inability to sense their own body. The resulting low mobility and
accompanying loss of independence cause a severe health problem and decline in quality of
life with consequent necessary around-the-clock care. Recently developed
neurotechnologies exploit direct electrical stimulation of the residual healthy peripheral or
central nervous system to restore some of the lost sensorimotor functions(Edwards et al.
2017; Stanisa Raspopovic 2020; Stanisa Raspopovic, Valle, and Petrini 2021). Indeed, brain-
computer interfaces (BCls) exploiting implantable neural devices could potentially restore
the bidirectional flow of information from and to the brain (Bensmaia, Tyler, and Micera
2020; Sharlene N. Flesher et al. 2021; Stanisa Raspopovic, Valle, and Petrini 2021). The
implant of bio-compatible electrodes in the residual neural structures (Yang Wang et al.
2023), still functional after the injury, allows to create a direct communication channel.
Indeed, neural stimulation of the peripheral somatic nerves (PNS) (Francesco Maria Petrini,
Bumbasirevic, et al. 2019; Francesco M. Petrini et al. 2019; Max Ortiz-Catalan et al. 2020;
Daniel W. Tan et al. 2014), spinal cord (Nanivadekar et al. 2022; Chandrasekaran et al. 2020;
Wagner, Mignardot, Goff-Mignardot, et al. 2018; Angeli et al. 2018; Gill et al. 2018) or
somatosensory cortex (S1) (Tabot et al. 2013; Salas et al. 2018; S. N. Flesher et al. 2016)
showed the ability to restore missing sensations, resulting in closed-loop neuroprostheses
able to establish a bidirectional link between human and machines. Sensory feedback
restoration improved patients” ability to use bionic limbs and increased its acceptance rate
(Francesco Clemente et al. 2019; Mastinu et al. 2020; Giacomo Valle, D’ Anna, et al. 2020;
Sharlene N. Flesher et al. 2021; M. Schiefer et al. 2016). However, the resulting dexterity of
bionic hands is still far from that of natural hands in able-bodied individuals (Roland S.
Johansson and Flanagan 2009), while mobility and endurance with bionic legs are to be
improved (Stanisa Raspopovic 2021). This is most probably due to the multiple facts, among
which that neurotechnologies are falling short regarding the naturalness of induced
sensations (Stanisa Raspopovic, Valle, and Petrini 2021), often resulting in unpleasant
paresthesia. Indeed, common neuromodulation devices do not stimulate neurons based on
the human natural touch coding or using modelistic approach (Giacomo Valle, Strauss, et
al. 2020; G. Valle et al. 2018; Cimolato et al. 2023), but rather with predefined constant
stimulation frequency. With these stimulation patterns, all elicited neurons are
simultaneously activated, contrary to what happens with neural activity during in-vivo
natural touch (Saal and Bensmaia 2015). In fact, the natural asynchronous activation is
driven in a part by the probabilistic nature of action potential generation in sensory organs,
such as muscle spindles (Prochazka 2011) or retinal cells (Pillow 2005), and in second part
by the stochastic nature of synaptic transmission(Abbott and Regehr 2004). The
synchronization, which generates an unnatural aggregate activity within the neural tissue,
could be among the main reasons of perceived paresthesia percepts (Francesco M. Petrini et
al. 2019; G. Valle et al. 2018; Francesco Maria Petrini, Valle, et al. 2019). In fact, paresthetic
sensations are likely to arise from this unnatural fibers activation (Formento et al. 2020), and
can be due to over-excitation of afferents or a cross-talk between them(Torebjork and Ochoa
1980). When caused by neuropathies, paresthesia is often chronic and do not improve over
time, which might reflect an inability of central nervous system to learn how to interpret
such aberrant neural responses (Saal and Bensmaia 2015). These percepts are unnatural and
sometimes even uncomfortable, making the use of electrical stimulation challenging.
Moreover, it can interfere with the individual's ability to sense and respond to other types
of sensory information, such as touch or temperature. This can make it difficult to perform
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certain tasks or activities that require the use of multiple senses, or to interact with objects
in the environment.

As a possible answer to this problem, the electrical stimulation built by mimicking the
natural tactile signal (so called biomimetic sensory feedback (Saal and Bensmaia 2015;
Okorokova, He, and Bensmaia 2018)) has shown to evoke more intuitive and natural
sensations that better support interactions with objects, compared to non-biomimetic
stimulation paradigms (George et al. 2019; Greenspon, Valle, Hobbs, Verbaarschot, Callier,
Shelchkova, Sobinov, Jordan, Weiss, Fitzgerald, Prasad, Van Driesche, et al. 2023; Giacomo
Valle et al. 2018b). These biomimetic approaches might have the ability to electrically evoke
aggregate population response similar to the natural one (Callier, Suresh, and Bensmaia
2019a; Roland S. Johansson and Flanagan 2009). Previous studies on natural touch suggests
that somatosensory information about most tactile features is encoded synergistically by all
afferent classes in the nerve (Saal and Bensmaia 2014). Importantly, somatosensory cortex
(Carter et al. 2014, 201; Pei et al. 2009) (or even in cuneate nucleus (Suresh et al. 2021)) are
the earlies stages where signals coming from multiple fiber types converge and integrate
with each other. It is allowing for the possibility that mimicking realistic neural responses
of small mixed-type afferent populations will result in naturalistic patterns of cortical
activation (Callier, Suresh, and Bensmaia 2019a), culminating in quasi-natural tactile
percepts. However, despite the initial success of biomimetic approach in hand amputees,
that is outperforming classical non-biomimetic stimulation patterns, this approach was
never tested in lower-limb amputees. Moreover, it was evaluated while performing tasks of
daily living, or in more complex scenario than a single user with a single-channel
stimulation. Furthermore, we are still lacking the understanding how these patterns are
transmitted and interpreted in the first layers of information processing along the
somatosensory neuroaxis.

To this aim, we develop a neuroprosthetic framework constituted by realistic in-silico
modeling, pre-clinical animal validation and clinical testing in human patients with
intraneural devices (Figure 4.1). Using this unique multifaceted approach, we are aiming to
test if the architecture established on the development of validated model-based
neurotechnology can be effective for human applications. We designed biomimetic
neurostimulation strategies for restoring somatosensory feedback by exploiting a realistic
in-silico model of human touch (FootSim) (Katic et al. 2023). This computational model is
able to emulate the neural activity of the sensory afferents, innervating the plantar area of
the human foot, in response to any spatio-temporal skin deformation. FootSim allowed
designing neurostimulation patterns that mimic some relevant temporal features of the
natural touch coding. Together with developing new stimulation paradigms, we assessed
the major challenge: how specific artificial stimulation patterns translate into a neural signal
and in which form they travel towards the somatosensory neuroaxis. With this goal, we
stimulated with cuff electrodes the tibial nerves of decerebrated cats, while simultaneously
recording neural activity (in Dorsal Root Ganglion (DRG) with a 32-channels Utah array
and in spinal cord (L6) a 32-channel shaft electrode). This setup allowed us to record and
compare the electrically-induced activity (in response to biomimetic and non-biomimetic
patterns of nerve stimulation) with the response of neurons to mechanical touch. We
completed this multifaceted approach by implanting the electrodes in tibial nerve of three
transfemoral amputees. Firstly, we tested the naturalness of the artificial sensation evoked
using biomimetic and non-biomimetic encodings. Finally, we implemented the biomimetic
neurostimulation in a real-time, closed-loop neuroprosthetic leg, comparing its performance
with respect to previously-adopted neurostimulation strategies (linear and discrete
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neuromodulations). The patients performance were assessed in ecological motor tasks (i.e.
a stairs walking task (Giacomo Valle, Saliji, et al. 2021) and a double motor task (Preatoni et
al. 2021)).
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Figure 4.1. Neuroscience-driven development of a biomimetic neuroprosthetic device. The success
development of a somatosensory neuroprosthesis is based on three main pillars: 1) In-silico models of the
biological sensory processing have to be exploited for emulating the natural neural activation of the nervous
system to external tactile stimuli; 2) proof of concept in animal models allows for an experimental validation
of the mechanisms behind the use of specific neurostimulation strategies; 3) A rigorous clinical validation of
the biomimetic technology in humans. The clinical assessment of invasive stimulation has to be performed in
order to assess the functional outcomes in real-life scenarios. The results from the clinal trials will then allow
to collect relevant data exploitable for improving computational modelling and deepening the understanding
about the behavior.

Both the animal and human experiments indicate that time-variant, biomimetic paradigm
could become the fundamental feature for designing the next generation of neuroprosheses,
able to directly communicate with the brain while successfully encoding natural sensory
information using artificial electrical stimulation.

4.2 Methods
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4.2.1 Modeling of all tactile afferents innervating the ¢labrous skin of the foot
(FootSim)

In this study, we used FootSim (Katic et al. 2023), in-silico model of the afferents innervating
the foot sole that simulates the neural responses on arbitrary mechanical stimuli. It is
composed of the two parts i) mechanical part, calculating the deformation of the skin by
applied stimulus and converting it into the skin stress ii) firing models that generate spiking
output for individual fibers of different afferent classes. Each firing model contains 11
unique parameters. The model is fitted on a dataset of tactile afferents exposed to a wide
range of vibrotactile stimuli at different frequencies and amplitudes, recorded in humans
using microneurography. We fitted several models for each afferent type, reflecting
partially the natural response variability of different afferents observed in the empirical
data.

4.2.2 Design biomimetic neural stimulations using FootSim

We designed 5 types of biomimetic patterns, based on the cumulative responses of specific
afferent types. In FootSim model, we populated the foot sole with only one type of afferents
(FA1/FA2/SA1/SA2) or with a complete population of afferents (FULL biomimetic),
following their realistic distribution. We applied 2s stimuli covering the whole area of the
foot. We combined ramp-and-hold stimuli (0.15s on phase, 0.3s off phase) with low-
amplitude environmental noise (up to 0.5% of maximum amplitude of ramp-and-hold
stimuli). FootSim model estimated the response of each single afferent placed on the sole of
the foot. We aggregated the spiking activity of all units, smoothed the obtained function
over time and used it as a modulated frequency of stimulation for each biomimetic pattern.
Amplitude and pulsewidth of stimulation were constant and were chosen during the
experimental procedure.

4.2.3 Electrophysiology in decerebrated cats

Through the electrode contact of cuff electrodes we delivered single pulses of cathodic,
charge balanced, symmetric square pulses (with pulse width of 0.5 ms). We provided the
stimulation using AM stimulators Model 2100 (A-M Systems, Sequim, WA, USA).
Electromyographic and neural signals were acquired using the RHS recording system with
96-channel headstages (Intan Technologies, Los Angeles, CA, U.S.A.) and at a sampling
frequency of 30 kHz. We tuned the stimulation amplitude by observing the emergence of
clear sensory volleys in the dorsal spinal cord in response to low-frequency stimulation.

We applied 5 types of biomimetic stimulation paradigms, repeating every pattern 90 times.
Natural touch condition was applied by rubbing the cat’s leg with cotton swab and was
repeated 5 times.

4.2.4 Analysis of the animal neural data

We applied all data analysis techniques offline.
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4.2.4.1 Pre-processing

We filtered raw signals recorded with 32 - electrode array implanted in the spinal cord, as

well as signals documented with 32-channel Utah array in dorsal root ganglion with comb
tilter to remove artefacts on 50 Hz and its harmonics. We designed a digital infinite impulse
response filter as a group of notch filters that are evenly spaced at exactly 50 Hz. We
removed signal drift with a high-pass 34 order Butterworth filter with a 30Hz cutoff
frequency. High amplitude artifacts were detected when the signal crossed a threshold
equal to 150, where we estimated background noise standard deviation(Quian Quiroga and
Panzeri 2009) as 0 = median |x| 0.6745. Detected artifacts were zero-padded for 10 ms
before and after the threshold crossing. We extracted neural signal of 2s recorded during
stimulation with every defined paradigm. Natural touch condition produced response of 1s
and the signal where neural activity was observable was extracted.

4.2.4.2 Identification of local field potential

We isolated local field potentials by band passing the neural signal between 30Hz-300Hz
and averaged the signal over multiple stimuli pattern repetitions.

4.2.4.3 Characterization and quantification of neural spiking activity

We extracted neural spiking activity by applying a 3rd order Butterworth digital filter to the
raw signal, separating the signal in frequency range from 800 Hz to 5000 Hz. We detected
the spikes using unsupervised algorithm(Quiroga, Nadasdy, and Ben-Shaul 2004). We
determined the threshold value separately for each recording channel. To detect the
accurate threshold value, we concatenated all data sets recorded in one place (spinal
cord/DRG) that we aim to analyze in a sing]le file. All analyzed data sets were concatenated
in a single file in order to detect proper threshold values. Threshold for detection of action
potentials was set to negative 30 for signals recorded in the spinal cord and 4o for signals
recorded in the DRG, where 0 = median |x| 0.6745 which represents an estimation of the
background standard deviation.

Multiunit activity is presented in form of rasterplot and quantified with peri-stimulus time
histrogram (PSTH). Each dot in rasterplot represents a single detected spike. Every rasteplot
row corresponds to the intra-spinal or intra-cortical activity perturbed with a single muscle
nerve stimulus pulse. PSTH is quantified with mean event rate, defined as the average
number of spikes across all single pulses of muscle nerve stimulation, within defined time
frame.

4.2.5 Patient recruitment and surgical procedure in humans

Three unilateral transfemoral amputees were included in the study. All of them were active
users of passive prosthetic devices (Ottobock 3R80) (Table 4.1). Ethical approval was
obtained from the institutional ethics committees of the Clinical Center of Serbia, Belgrade,
Serbia, where the surgery was performed (ClinicalTrials.gov identifier NCT03350061). All
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the subjects read and signed the informed consent. During the entire duration of our study,
all experiments were conducted in accordance with relevant EU guidelines and regulations.

Four TIMEs(Boretius et al. 2010) (14 ASs each) were obliquely implanted in the tibial branch
of the sciatic nerve of each subject. The surgical approach used to implant TIMEs has been
extensively reported elsewhere(Francesco Maria Petrini, Bumbasirevic, et al. 2019). Briefly,
under general anesthesia, through a skin incision over the sulcus between the biceps femoris
and semitendinosus muscles, the tibial nerve was exposed to implant 4 TIMEs. A segment
of the microelectrodes cables was drawn through 4 small skin incisions 3 to 5 cm higher
than the pelvis ilium. The cable segments were externalized (and secured with sutures) to
be available for the transcutaneous connection with a neural stimulator. After 90 days, the
microelectrodes were removed under an operating microscope in accordance with the
protocol and the obtained permissions.

Table 4.1. Participants” demographics.

Cause of Level and Amputation Phantom Own Frequency
. . Side of Time Limb Pain Prosthesis of Use
Patient Amputation A . ge Gender
mputation
Distal two- Passive
thirds of . prosthesis .
S1 Trauma right hiigh 49 2 Medium M (3R80- Daily
Ottobock)
Distal two- Passive
thirds of . prosthesis .
S2 Trauma right thigh 35 12 Medium M (3R80- Daily
Ottobock)
Distal two- Passive
thirds of left prosthesis .
S3 Trauma thigh 53 7 Low M (3R80- Daily
Ottobock)

This study was performed within a larger set of experimental protocols aiming at assessing
the impact of the restoration of sensory feedback via neural implants in leg amputees during
a 3-month clinical trial(Francesco Maria Petrini, Bumbasirevic, et al. 2019; Francesco Maria
Petrini, Valle, et al. 2019; Preatoni et al. 2021; Petrusic et al. 2022; Giacomo Valle, Saliji, et al.
2021). The data reported in this manuscript was obtained in multiple days during the 3-
months trial in three leg amputees.

4.2.6 Intraneural stimulation for evoking artificial sensations

Each of the TIMEs (latest generation TIME-4H) implanted in the three amputees was
constituted by 14 active sites and two ground-electrodes. Details concerning design and
fabrication can be found in (Paul Cvancara et al. 2020; P. Cvancara et al. 2019). For each
subject, 56 electrode channels were then accessible for stimulation on the tibial nerve.
During the characterization procedure the stimulation parameters (i.e. amplitude and
pulse-width of the stimulation train), for each electrode and AS, were recorded. The

electrodes were connected to an external multichannel controllable neurostimulator, the
STIMEP (Axonic, and University of Montpellier) (Guiho et al. 2016). The scope of this
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procedure was to determine the relationships between stimulation parameters and the
quality, location, and intensity of the electrically-evoked sensation, as described by Petrini
et al. (Francesco Maria Petrini, Valle, et al. 2019). In brief, the injected charge was linearly
increased at a fixed frequency (50 Hz (Francesco Maria Petrini, Valle, et al. 2019)) and pulse-
width by modulating the amplitude of the stimulation for each electrode channel. In case
the stimulation range was too small for the chosen pulse-width and the maximum injectable
current, the pulse-width was increased, and the same procedure was repeated. When the
subject reported to perceive any electrically-evoked sensation, the minimum charge (i.e.
perceptual threshold) was registered. The maximum charge was collected in order to avoid
that the sensation became painful or uncomfortable for the subject. This was repeated five
times per channel and then averaged. Perceptual threshold and maximum charge were
obtained for every electrode channel and have been used to choose the stimulation range.
For each AS, the maximum injected charge was always below the TIME chemical safety
limit of 120 nC (D’ Anna et al. 2019). All the data were collected using a purposely-designed
psychometric platform for neuroprosthetic applications. It indeed allows to collect data
using standardized assessment questionnaires and scales, and to perform measurements
over time. The psychometric platform is user-friendly and provides clinicians with all the
information needed to assess the sensory feedback (Giacomo Valle, Iberite, et al. 2021).

4.2.6 Assessment of sensation naturalness

We first characterized the subjects’ rating of the perceived naturalness of the stimulation
delivered through TIMEs in S1, S and S3. We injected biphasic trains of current pulses
lasting 2 s with an increasing phase (0.5 s), a static phase (1 s) and a decreasing phase (0.5 s)
via TIMEs (Fig.5¢c) using Linear amplitude neuromodulation(G. Valle et al. 2018; Giacomo
Valle et al. 2018a), Sinusoidal pulse-width neuromodulation(Daniel W. Tan et al. 2014; Max
Ortiz-Catalan et al. 2019), Poissonian frequency neuromodulation (i.e. 50Hz stimulation
with a poissonian spiking noise, consisting in a non-biomimetic, frequency-variant
stimulation) and Biomimetic neurostimulation patterns constructed using FootSim (SAI-
like, SAIl-like, FAl-like, FAIl-like and FULL Biomimetic).

The stimulation was delivered from 3 ASs for S1 and S2 eliciting sensation in the Frontal
met, 3 ASs for S1 and S2 eliciting sensation in the Central met, 3 ASs for S1 and 2 ASs S2
eliciting sensation in the Lateral met and 5 ASs for S1 and 2 ASs S2 eliciting sensation in the
Heel. For S3, only one AS per the four areas were tested (Fig.S3). The subjects were asked
to report the location (i.e., Projected Field) and naturalness, rated on a scale from 0 to 5(G.
Valle et al. 2018; Giacomo Valle et al. 2018a; Lenz et al. 1993). Each condition was
randomized, and each stimulation trial was repeated three times. The injected charge
(amplitude and pulse-width) was specific for each channel and set to the related threshold
charge(Francesco Maria Petrini, Valle, et al. 2019). Moreover, intensity ratings were also
collected during each stimulation to exclude relevant intensity difference among the
encoding strategies (intensity bias). For the typical time scales involved in our experiments
(trials lasting on the order of minutes), neither of our participants reported relevant changes
in sensation intensity, which would indicate the presence of adaptation. The specific quality
descriptors of the electrically-evoked sensations reported by the subjects were electrode-
dependent, including a multitude of sensation types (natural and unnatural)(Giacomo Valle
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et al. 2022; Francesco Maria Petrini, Valle, et al. 2019). The subjects were blinded to the
sensory encodings used in each trial.

4.2.7 Real-time biomimetic neurostimulation in a neuro-robotic leg

The neuroprosthetic system included a robotic leg with a sensorized insole with embedded
pressure sensors, along with a microcontroller and a neural stimulator(Guiho et al. 2016),
implementing the encoding strategies and providing sensory feedback in real time by means
of implanted TIMEs(Francesco Maria Petrini, Valle, et al. 2019). We implemented and tested:
(i) no feedback (NF): the prosthesis did not provide any sensory feedback; (ii) linear
amplitude neuromodulation (LIN): the prosthesis provided a linear feedback from three
channels of the sensorized insole (heel, lateral or medial and frontal; more details in Petrini
et al.(Francesco Maria Petrini, Valle, et al. 2019)); iii) time-discrete neuromodulation
feedback (DISC): the prosthesis delivered short trains of stimulation (0.5s) when a specific
sensor was activated (heel, lateral or central and frontal) and again (0.5s) when the load was
released from that sensor (neurostimulation delivered only at the transients); iv) biomimetic
neuromodulation feedback (BIOM): the neuroprosthetic device provided the biomimetic
stimulation, reported as the one eliciting more natural sensation, from three channels of the
sensorized insole (heel, lateral or central and frontal). For the model-based biomimetic
approach (BIOM), the corresponding frequency trains were computed previously offline by
the model to reach the appropriate speed during the real-time implementation. The
amplitude of the stimulation was modulated linearly with the pressure sensor output, as
proposed in Valle et al., (HNM-1)(Giacomo Valle et al. 2018a). In LIN and DISC, the
stimulation frequency was fixed (tonic stimulation) to 50 Hz(Francesco Maria Petrini,
Bumbasirevic, et al. 2019). During the functional experiments reported in this work, three
tactile channels (those eliciting sensation on the heel, lateral or medial and frontal met areas)
were used for sensory feedback in all the conditions. The delivered charge was similarly
modulated on the three stimulating channels, but in a different range. In fact, each channel
was modulated between its threshold and maximum charge values identified in the last
mapping session. The biomimetic stimulation patterns adopted on the three channels were
selected according to the naturalness perceived per foot area (Fig.S3) in each implanted
subject. In particular, FAI Biomimetic for frontal, lateral and heel for both S1 and S2, while
FULL Biomimetic neurostimulation for lateral met in both S1 and S2.

4.2.8 Stairs Task

During the stairs test (ST), S1 and S2 were asked to go through a course of stairs in sessions
of 30s per 10 times per condition. The setup was configured as an angular staircase endowed
with six steps with a height of 10 cm and a depth of 28 cm on one side and with four steps
with a height of 15 cm and a depth of 27.5 cm on the other. Subjects were asked to walk
clockwise climbing up the six steps and going down the four steps. Walking sessions were
performed in four distinct conditions: (i) no feedback (NF); (ii) linear neuromodulation
feedback (LIN); iii) time-discrete neuromodulation feedback (DISC); iv) biomimetic
neuromodulation feedback (BIOM). All the stimulation conditions were randomly
presented to the volunteers. The gait speed for this task was reported in terms of number of
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laps, as previously performed(Francesco Maria Petrini, Valle, et al. 2019; Giacomo Valle,
Saliji, et al. 2021). A lap is intended as going up and down the stairs and reaching the starting
position again. A higher number of completed laps is indicative of a higher speed and vice
versa. S1 and S2 performed this task.

4.2.9 Cognitive double task

In the cognitive double task (CDT), first S1 and S2 were instructed to walk forward for 5 m
while timing them for 10 times per 4 conditions (BIOM, LIN, DISC and NF) performed in a
random order. Subsequently, they were asked to walk for the same distance while
performing a dual task (CDT). In particular, they had to spell backward in their mother-
tongue language (Serbian) a five-letter word, which had not been previously presented.
Also this task was performed 10 times per 4 conditions (BIOM, LIN, DISC and NF)
performed in a random order. While the subjects were performing the CDT, both the
walking speed (m/s) and the accuracy of the spelling (% of correct letters) were recorded.
S1 and S2 performed this task.

4.2.10 Self-revorted confidence

At the end of each session of ST, participants were asked to assess their self-confidence while
performing the motor task, using a visual analog scale (from 0 to 10). The data were acquired
in BIOM, LIN, DISC and NF conditions in S1 and S2.

4.2.11 Statistics

All data were exported and processed offline in Python (3.7.3, the Python Software
Foundation) and MATLAB (R2020a, The MathWorks, Natick, USA). All data were reported
as mean values + SD (unless elsewise indicated). The normality of data distributions was
verified. In case of Gaussian distribution, two-tailed analysis of variance (ANOVA) test was
applied. Elsewise, we performed the Wilcoxon rank-sum test. Post-hoc correction was
executed in case of multiple groups of data. Significance levels were 0.05 unless differently
reported in the figures’ captions. In the captions of the figures, we reported the used
statistical tests for each analysis and its result, along with the number of repetitions (n) and
p values for each experiment.

4.3 Results

We exploited a trifold framework including modeling, animal and human experimentation
(Figure 4.1) in order to design a neural stimulation strategy, based on a bio-inspired
computation, effective for restoring somatosensation.
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4.3.1 Biomimetic neurostimulation paradigms are designed by exploiting a
realistic in-silico model of foot sole afferents (FootSim).

We used the computational model of foot sole cutaneous afferents (FootSim) (Katic et al.
2023) to recreate the natural coding of touch, and design new biomimetic stimulation
strategies. FootSim is able to emulate the spatio-temporal dynamics of the natural touch
code considering all tactile afferents innervating the plantar area of the foot. This model is
a plug-and-play tool, fitted on the human microneurography data, which models external
environment, defines a mechanical input, and gives on the output corresponding neural
afferent activity (Figure 4.2a). While setting up the environment, user is populating the foot
sole with desired distribution of all, or specific type of afferent, depending on the case and
envisioned usage. Different mechanical stimuli could be applied. We can simulate single
pressure stimuli on specific position of the plantar side of the foot, or, by extracting pressure
distribution across the whole foot sole in different time steps, a scenario of a person walking
or going through the obstacles (Figure 4.2a left). The FootSim output can be structured in
several forms. We can extract spike train of a single afferent, of summed population activity,
or spatially represent the activity of the afferents placed in the foot sole by coding their firing
rates with the area of the circle (Figure 4.2a right).

When designing the biomimetic patterns, we also followed the aim to unveil if the
naturalness can be coded in the neural responses specific to afferent type. We created 5
different scenarios by populating the foot sole with different types of afferents (Figure 4.2b:
FAI/FAIl/SAI/SAII only), or with a complete population realistically existing in the human
foot (Figure 4.2b: FULL population). We applied a ramp-and-hold stimulus covering the
whole foot sole with adding the environmental noise to mimic imperfection of the realistic
pressure stimuli (Figure 4.2b black line). We calculated the peristimulus time histogram
(PSTH) merging all afferent responses based on the scenario (Figure 4.2b colored lines) and
used that as frequency patterns for creating biomimetic neurostimulation paradigms, while
keeping the amplitude constant (Figure 4.2b: FAI/FAII/SAI/SAIl/FULL biomimetic).
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Figure 4.2. Biomimetic neurostimulation patterns designed using a realistic in-silico model of foot sole
afferents (FootSim). (a) A schematic representation of practical use of FootSim plug-and-play model.
Environment is modeled as a single, or continuous mechanical stimuli. The user can apply different types of
stimulus, or simulate the walking scenario and the stimuli is given as an input to the model in form of pressure
distribution across the foot sole. The output is afferent neural response that can be presented in several ways:
as a single spike train, spatially represented on the foot sole by matching afferent firing rate with the area of
the circle placed on the position of afferent, or as a populational response with peristimulus time histogram
(PSTH). (b) Foot sole is populated with single type of afferent or with the whole realistic population
(FAI/FAII/SAI/SAIl/FULL population). We set the stimuli as a ramp-and-hold stimulus combined with the
environmental noise and apply it on the whole foot area (black line). Neural responses of the whole applied
population are given in the form of PSTH (colored lines). This was used as a function for the changes in
frequency for defining biomimetic stimulating patterns. Amplitude remained constant in all biomimetic
paradigms. All population distributions, afferent responses and respective biomimetic stimulation patterns
are color coded: FAI: blue; FAII: orange; SAI: green; SAII: gray; FULL: purple.
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4.3.2 The neurostimulation dynamics is transferred through somatosensory
neuroaxis

We recorded intra-spinal neural response signals and activity in dorsal root ganglion (DRG)
in two cats to be able to compare bio- and non-bioinspired stimulation patterns and study
their transmission through somatosensory axes. Cats were decerebrated for enabling the
analysis of only reflex responses, avoiding the signal interference with voluntary
movements(Whelan 1996). Also, this procedure allows the testing without the use of
anesthesia, that could potentially alter the neural responses. We implanted cuff electrode on
tibial nerve for electrical stimulation and tuned the stimulation amplitude to be slightly
above threshold. As multielectrode arrays showed to be the powerful tool for investigating
the spinal cord processes (Greenspon et al. 2019), we extracted neural signals from a dorso-
ventral 32-channel linear probe implanted within the L6 spinal segment. Additionally, with
UTAH array with 32 channels (Figure 4.3a) we recorded neural signal in DRG at the L6
level.
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Figure 4.3. Purposely designed experiments to study neural dynamics through neurostimulation. (a)
Decerebrated cat experimental setup. We stimulated tibial nerve with cuff electrode and recorded neural
response on the spinal level; upper part: exposed L6 vertebrae and dorsal root ganglion (DRG) with examples
of recorded neural spikes from spinal linear electrode probe and DRG UTAH array. (b) Obtaining a multiunit
neural activity. We filtered the signal to extract the spiking component and detect the neural action potentials
using the thresholding algorithm. (c) Example of biomimetic stimulation paradigm and recorded response
signal in one channel of spinal cord and DRG electrodes. Neural activity is presented and quantified with
raster plot (black dots) and peri-stimulus time histogram (PSTH, yellow). Each row of the raster plot represents
the response to a single biomimetic pattern (2s), while each dot corresponds to an action potential. Mean event
rate (spikes/s) is defined as an average number of spikes within time frame of one bin (0.1 ms) across all single
pulses of muscle nerve stimulation.

Stimulating tibial nerve with biomimetic paradigms and with constant stimulation of 50Hz
that is commonly used in neuroprosthetics applications, allowed us to test the differences
in resulting neural dynamics. We performed multi-unit threshold crossing analysis to
identify the neural spiking activity (Figure 4.3b), presented the results in form of rasterplot,
and quantified them using peri-stimulus time histogram (PSTH) (see Methods).

The temporal dynamics of the neural activation pattern was highly correlated to the
frequency of the neurostimulation train (Figure 4.3c). In other words, by looking at the
PSTH of single electrode channels, we can observe that multiple peripheral afferents
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responses followed the biomimetic pattern and thus encoded the artificial tactile
information. Biomimetic pattern of activation was transmitted to the DRG maintaining the
same spatio-temporal neural dynamics (R=0.83, p<0.05) and then also to the spinal cord
(R=0.89, p<0.05). This evidence proved how much the electrical neural stimulation could be
used as an efficient tool to artificially generate patterns of neural activations able to be
communicated to the upper parts of somatosensory system. Indeed, biomimetic patterns of
neurostimulation, induced at the peripheral nerve level, showed to evoke a very similar
spatio-temporal neural dynamics in the spinal cord (R=0.84, p<0.05).

4.3.3 Neural response evoked by biomimetic stimulation is more similar to the
mechanically-induced activity than the one produced by tonic electrical
stimulation

We base our hypotheses of evoking close to natural perception with biomimetic stimulation
on the ability to code and replicate natural neural response. We recorded and compared the
neural responses in DRG and spinal cord resulting from different types of electrical
stimulation with the naturally induced neural activity, produced by touching the cat’s leg
with the cotton bud.

Comparing the characteristics of the electrically-evoked neural dynamics with biomimetic,
non-biomimetic and natural stimulation confirmed previous theories (Giacomo Valle et al.
2018a; Okorokova, He, and Bensmaia 2018; Saal and Bensmaia 2015). Indeed, the temporal
pattern of the evoked-response exploiting biomimetic neurostimulation encoding was more
similar to the one generated by mechanical stimulation of the skin of the animal, than the
one induced with tonic stimulation. We represented multi-unit spiking activity with PSTH
(Figure 4.4a). We calculated mean neural activity produced during the period of electrical
or natural stimuli for estimating the overall amount of information occupying the spinal
cord and DRG. Tonic stimulation showed much higher activity compared to the natural
touch and biomimetic stimulation that have similar values, both in spinal cord and DRG
recordings (Figure 4.4a, left). Shape of PSTH and its envelope gave an insight how neural
activity is changing during the period of stimulation (natural, tonic or biomimetic).
Biomimetic stimulation produces more similar activity as the natural touch compared to
tonic stimulation (Figure 4.4a, right). Presented neural dynamics of activation codes the
transmitted message and reveals that the information produced with biomimetic
stimulation is matching better the natural touch neural coding then the commonly used
tonic stimulation paradigm.

Local filed potential (LFP) reflects summed activity of small population of neurons
represented by their extracellular potentials (Destexhe and Goldberg 2015) and it captures
the network dynamics (N. Maling and McIntyre 2016; Nicholas Maling and McIntyre 2016).
We performed the analysis of the trigger averaged LFP signal for different stimulating
conditions. We extracted the DRG most active channels and investigated their amplitude
variations. More in detail, we compared the amplitude distribution of recorded LFP (Figure
4.4Db).
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Figure 4.4 Neural response on biomimetic stimulation is more similar to the response to natural touch then
to tonic stimulation. (a) Comparing multiunit neural activity as a response to natural touch, biomimetic or
tonic (50 Hz) stimulation. We compared the signal recorded in DRG and spinal cord. Overall amount of neural
activity during each condition is summed, normalized and presented with bars for comparison (left).
Examples of spiking activity over time during each condition is presented using peri-stimulus time histogram
(PSTH) (right) with the time bin of 50 ms. Brown lines represent the envelope of neural activity. (b) Comparing
local field potential (LFP) recorded in DRG resulting from natural touch, biomimetic or tonic stimulation.
Another natural touch response, recorded in cat 2, was added to analysis. We compared the distribution of
specific signal amplitude values (*p<0.01; ***p<0.001). (c) Comparing current source density (CSD) calculated
from LFP recorded in spinal cord resulting from natural touch, biomimetic or tonic stimulation. CSD is
normalized for each condition and presented along the length of the electrode with 100 ms bin. (d) Left:
correlation of CSD between biomimetic/tonic and natural touch condition, channel by channel, color coded.
Right: Histogram and cumulative distribution function (cdf) of the correlation coefficient values resulting from
comparing biomimetic/tonic stimulation and natural touch condition (top/bottom). Blue line represents the
cdf when the recording channels are matched and compared. Red line corresponds to cdf when channels are
randomly shuffled and compared.
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Stimulation of tonic response showed statistically different amplitude distribution
compared to naturally evoked response as well as the neural response to biomimetic
stimulation (p<0.001). Response on biomimetic stimulation was more similar to the natural
condition (p>0.05). As an addition, we tested natural touch condition in one more cat to
investigate the cross-subject similarities of neural dynamics. The distributions of LFP
amplitude were similar (p>0.05), showing that the naturally evoked response follows a
specific, potentially generalizable trend, rather than being completely individual. Current
source density (CSD) is a technique for analyzing the extracellular current flow generated
by the activity of neurons within a population of neurons. As it can estimate the location
and magnitude of current sources and sinks that contribute to the measured electrical
signals, we used it for comparing the spatial distribution of neural activity within a
population of neurons in different conditions. We present the CSD estimated using local
field potentials induced with biomimetic, tonic electrical stimulation, or natural touch
(Figure 4.4.c). By looking at the spatial distribution of sinks and sources along the spinal
axes, and comparing the overall resulting CSD, naturally induced touch response was more
similar to the neural signal resulting from biomimetic stimulation (correlation coefficient
0.112) than to the one produced with constant, 50 Hz electrical stimulation (correlation
coefficient 0.008). Additionally, we presented color coded channel-by-channel comparison
of the resulting CSDs along the spinal electrode (Figure 4.4d left), and quantified the results
with histogram and resulting cumulative distribution function (cdf) (Figure 4.4d right). CDF
describes the probability that a random variable takes on a value less than or equal to a
specified number. We used to compare distributions reflecting the comparison between
CSD in different conditions. Tonic stimulation and natural touch produce neural responses
with correlation coefficient very close to 0 in most of the channels, while that coefficient is
higher for comparison between natural touch and biomimetic stimulation. In order to verify
that this similarity is not produced by chance, we randomized the order of the channels in
biomimetic and tonic electrical stimulation conditions and compared the recordings with
the response of natural touch. It produced the correlation close to 0 for every electrode
channel, confirming the validity of the used analyses.

Furthermore, we analyzed the similarity of neural signal along the transversal spinal axes.
We compared the correlation between the LFP in the first channel of intraspinal array and
all the other channels (Figure 4.5).

In the natural touch condition, similarity between the neural activity is high in the first few
channels and it is diminished when looking at more ventral recordings, in both animals.
When nerve was electrically stimulated, similarity between neural activity recorded with
the different channels through spinal array is high. The biomimetic neurostimulation
elicited a less similarity along the spinal axes than tonic stimulation. Full population
biomimetic pattern showed to be the more promising one compared to the paradigms
created by mimicking response of specific afferent types. Despite being significant different
from the natural touch, biomimetic stimulation based on aggregate population of afferent
responses shares a striking similarity with it, setting it significantly apart from the tonic, 50
Hz stimulation.
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Figure 4.5. Synchronization of the neural activity evoked in the spinal cord. We compared and presented
the correlation between the neural local field potential recording in the first electrode channel with all the
other channel recordings. Upper part: Correlation values are color coded and presented along the spinal array
electrode axes. Bottom part: We compared absolute values of correlation coefficient of natural with every
biomimetic condition as well as 50 Hz stimulation with FULL biomimetic and natural touch condition with
one-way ANOVA. Boxplots: The central mark indicates the median, and the bottom and top edges of the box
indicate the 25th and 75th percentiles, respectively. The whiskers extend to the most extreme data points not
considered outliers, and the outliers are plotted individually using the red '+' symbol. p values are indicated

In summary, cumulative neural dynamics resulting from naturally induced touch is more
similar to those produced by biomimetic stimulation than tonic electrical stimulation.

4.3.4 Biomimetic neurostimulation evokes more natural sensations than non-
biomimetic neurostimulation paradigms.

To test the functional implication of using biomimetic neurostimulations, we implemented
and tested them in a human clinical trial. The scope was to firstly validate the biomimetic
neurostimulation encoding assessing the quality of the evoked-sensations. Then, a real-time
neuro-robotic device exploring biomimetic encoding strategies has to be compared to
devices with previously-adopted encoding approaches in terms of functional performances.
To this aim, three patients suffering from a transfemoral amputation (Table 4.1) were
implanted with TIME electrodes in the tibial branch of the sciatic nerve (Figure 4.6a).
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Figure 4.6 Biomimetic neurostimulations evoke more natural perceptions in implanted humans than non-
biomimetic approaches. (a) Individuals with lower-limb amputation were implanted with TIME in their tibial
nerves. The multichannel electrodes were used to directly stimulate the peripheral nerves evoking sensation
directly referred to the phantom foot. (b) Projective fields maps of two implanted subjects (1 & 2) related to
the active sites adopted to electrically stimulate the nerves. Different colors show the 4 main regions of the
phantom foot (Frontal, Lateral and Central Metatarsus, and Heel). (c) Biomimetic and non-biomimetic
neurostimulation strategies adopted for encoding a mechanical indentation of the foot sole. Linear
neurostimulation is taken from (Francesco Maria Petrini, Valle, et al. 2019) and Sinusoidal neurostimulation
by (Daniel W. Tan et al. 2014) (d) Naturalness ratings (VAS scale 0-5) of the perceived sensation elicited
exploiting different stimulation strategies in two subjects. Insets: Group comparison between linear vs

biomimetic stimulations.

After a phase, called sensation characterization procedure, where all the 56 electrode active
sites have been tested(Francesco Maria Petrini, Valle, et al. 2019), a subgroup of electrode
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channels were selected for this evaluation. Active sites eliciting sensations located in the
frontal, central, lateral metatarsus and heel were identified (Figure 4.6b and Figure 4.7). In
this way, the selected channels were electrically activating different groups of mixed
afferents with projecting fields in different areas of the phantom foot (so with different
distribution of innervating fibers). Then, multiple strategies, encoding a mechanical skin
indentation, have been adopted to deliver neurostimulation trains through each selected
channel of the intraneural implants (Figure 4.6¢c). The participants were asked to report the
perceived sensation naturalness using a visual analogue scale (VAS) between 0 (totally non-
natural sensation) and 5 (totally natural sensation - skin indentation) (Giacomo Valle et al.
2018a; Lenz et al. 1993).

In all the three implanted subjects and considering all the active sites tested (with different
projected fields), the biomimetic neurostimulation patterns elicited sensations more natural
than the linear neurostimulation encoding (3+0.18 with Biomimetic compared to 1+0.35 in
Linear for S1, 2+0.16 with Biomimetic compared to 0.5+0.17 in linear for S2, and 2+0.36 with
Biomimetic compared to 1+0.18 in linear for S3 across all electrode tested, p<0.01) (Figure
4.6d and Figure 4.7) that was previously adopted in multiple neuroprosthetic
applications(Francesco M. Petrini et al. 2019; G. Valle et al. 2018; Francesco Maria Petrini,
Valle, et al. 2019). Moreover, biomimicry-based encodings often resulted in more natural
perceived sensations compared to both sinusoidal (pulse width-variant) and poissonian
(frequency-variant) neurostimulation strategies (p<0.05), indicating the importance of
inducing a neural activation dynamic mimicking the natural biological code.
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Figure 4.7 Biomimetic neurostimulation elicits more natural sensations than non-biomimetic approaches
in Subject 3. Projective fields map of Subject 3 related to the active sites adopted to electrically stimulate the
tibial nerve. Different colors show the 4 main regions of the phantom foot (Frontal, Lateral and Central
Metatarsus, and Heel). Naturalness ratings (VAS scale 0-5) of the perceived sensation elicited exploiting
different stimulation strategies. Insets: Group comparison between linear vs biomimetic stimulations.

Notably, although multiple biomimetic-like paradigms have been tested (SAI-, SAII-, FAI-,

FAll-like and Full biomimetic), none of them proved to be better. Although biomimetic

stimulation was always eliciting more natural sensations than traditionally-adopted
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encoding, analyzing the results per location in both subjects (Figure 4.8) did not show any
clear evidence of an optimal biomimetic encoding schema. This was probably caused by the
different composition of the fibers activated by the electrode channels in the different foot
regions (Strzalkowski et al. 2018). In fact, the perceived areas were different according to the
active site selected to stimulate, indicating a different group of mixed afferents recruited by
the neurostimulation. We hypothesized that not only the proportion of SA and FA fibers is
relevant, but also their role in encoding touch information in that specific region.

SENSATION NATURALNESS PER LOCATION
Frontal Met.

p<0.01

oo Subject 1 Frontal Met. g biact 2

p<0.05

Central Met.
p<0.01
p<0.01 p<0.01 <005 Central Met.

> n

—;

VAS scale (0-5)

-
VAS scale (0-! 5)

VAS scale (0-5)
VAS scale (0-5)

N AL LR
%‘VQ@\Y\‘@‘@QQQ

N
SO
& @\ SO @» & &« !
SEES S 1 S¢ "\Qé"\ 0@‘}%?;\ é\‘} @‘}é@
% \
0 Ny *‘é\v %\Q%\x@é\b@\x
» & SIEON
Lateral Met. § 50\050‘3@“%%‘ §§§v 5 Q\s @0‘*\ N N \s\ N
p<0.05 \\p{’ LOL P Q@ ¢ \*\\y\“ \\ V
EOS
¢ Lateral Met.
p<0.01 Heel p<0.01 Heel
s p<0.01 p<0.05
p<0.01 p<0.01
P ,7 5 p<oos
S p<0.01 p<0.01
23 5 a* &
g é F 2
<, 4 23 33
— :
1 23 $2 $a
0 g ) 1 1
{'
\i@@ H&@\g‘%@‘@ s § 1 0
\
RN K @\g’\ v\\% \% \\\% 9‘\\‘* § \‘%\\éx § &%0\0 &@S@‘L\é{“
& FF S \HQMM\@@
¢ & & <z° &\ \\% \‘b & ,$ & O

0
Y
OO s%%s\@ &EY
§ \&\&@%
\*0@
§ \\k‘*w\\&

‘b
& &

Figure 4.8 Electrically-evoked sensation naturalness related to different projected fields location. Projective
tields maps of two implanted subjects (1 & 2) related to the active sites adopted to electrically stimulate the
nerves. Different colors show the 4 main regions of the phantom foot (Frontal, Lateral and Central Metatarsus,

and Heel). Naturalness ratings (VAS scale 0-5) of the perceived sensations breakdown per location of the
projected fields.

These findings highlighted how biomimicry is a fundamental feature of the electrical neural
stimulation for successfully restoring more natural somatosensory information.

4.3.5 Biomimetic neurostimulation on a neuro-robotic device allows for a
higher mobility and a reduced metal workload

Aiming to develop a neuroprosthetic device able to replace the sensory-motor functions of
anatural limb as much as possible, this biomimetic neurostimulation was then implemented
in a real-time robotic system. This wearable system was composed by: i) a sensorized insole
with multiple pressure sensors; ii) a microprocessor-based prosthetic knee with a compliant
foot (Ossur, Iceland); iii) a portable microcontroller programmed with the biomimetic
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sensory encoding algorithms; iv) a multichannel neurostimulator; v) intraneural electrodes
implanted in the peripheral nerves (TIMEs).

A STAIRS TASK (ST)

Ascending phase

Descending phase

— Ankle Trajectory
SPEED SELF-REPORTED CONFIDENCE
Subject 1 Subject 2 Subject 1 Subject 2
p<0.0S p<0.05 pe0®
- : | —
> 48 ,—% <005
10 p<005 ; — P
1 <005
5 —E—
—I— p<005
44 8 6 (—
C 48 p<0.05 _'_ _|_
kel P00 = + 5
9 P05 p<0s 56
0 46 4 | — ° 4
N o
& 2 4 3
44 %)
5 <
36 2
42 2
1
NF LIN DISC BIOM 32 0
NF LN DISC BIOM NF LN DISC BIOM NF LN DISC BIOM
B COGNITIVE DUAL TASK (CDT)
Subject 1 Subject 2
Motor perfomance Mental Accuracy Motor perfomance Mental Accuracy
p<0.05 p<0.05 p<0.05
0.8 p<0.05 100 p<0.05 14 -
: 1001 L 005
1
12f
HH o
0.6} —
= ‘I‘ g =t h g
£ > £ =
IS = : IS
§ é 60 S osl § 60
Foaf £ & =2
2 2 2 o6l 2
= = 40 = = 40
= % < [
= & = &
0.4}
0.2}
20 20
0.2}

NF LN DISC BIOM

NF LIN DISC BIOM

NF LN DISC BIOM NF LN DISC BIOM

Figure 4.9 Real-time biomimetic neural feedback allows for higher speed and lower cognitive workload
while walking. (a) In the Stairs Task (ST), the subjects (1 & 2) were asked to walk over stairs in both ascending
and descending directions. (b) Speed (Laps/session) and self-reported confidence (VAS Scale 0-10) were
measured in ST. (c) Motor performance (Walking Speed - m/s) and Mental Accuracy (Spelling Accuracy - %)
of Subject 1 & 2 in the Cognitive Dual Task (CDT). In both tasks, conditions are NF (No Feedback), LIN (Linear
Neurostimulation), DISC (Discrete Neurostimulation) and BIOM (Biomimetic Neurostimulation).

The neuroprosthetic device was working in real-time being able to record pressure
information from the wearable sensors, while the patient was walking, and converting them
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in patterns of biomimetic neurostimulation delivered through the TIMEs (see Method for
implementation details). In this way, the users were able to perceive natural somatotopic
sensations coming directly from the prosthetic leg without any perceivable delay.

After the implementation, we assessed the effects of exploiting the biomimetic encoding
(BIOM) in a neuro-robotic device compared to a linear (LIM) or a time-discrete (DISC)
neurostimulation strategy. In the LIN, the sensors’” readouts were converted in
neurostimulation trains following a linear relationship between applied pressure and
injected charge(G. Valle et al. 2018; Francesco Maria Petrini, Valle, et al. 2019). In case of
DISC, short-lasting, low-intensity electrical stimulation trains were delivered
synchronously with gait-phase transitions (Crea et al. 2017; F. Clemente et al. 2016). Also
the condition without the use of any neural feedback (NF) was included in the motor
paradigms as a control condition.

The neuroprosthetic users were thus asked to perform two ecological motor tasks: Stairs
Task (ST)(Giacomo Valle, Saliji, et al. 2021; Francesco Maria Petrini, Valle, et al. 2019) and
Cognitive Double Task (CDT)(Preatoni et al. 2021).

COGNITIVE DUAL TASK (CDT)
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Figure 4.10 Walking speed baseline in the Cognitive Dual Task (CDT). Motor performance (Walking Speed
- m/s) of Subject 1 & 2 in the Cognitive Dual Task (CDT) at baseline (no mental task). The tested conditions
are NF (No Feedback), LIN (Linear Neurostimulation), DISC (Discrete Neurostimulation) and BIOM
(Biomimetic Neurostimulation).

In ST, results indicated that, when exploiting biomimetic neurostimulation in a neuro-
robotic leg, both users improved their walking speed (4.9+0.1 for S1 and 4.3+0.4 for S2
laps/session) compared to LIN (4.5+0.1, p<0.05 for S1 and3.8+0.1, p<0.05 for S2
laps/session), DISC (4.6£0.1, p<0.05 for S1 and 3.6£0.1, p<0.05 for S2 laps/session) and NF
(4.3£0.1, p<0.05 for S1 and 3.5+0.1, p<0.05 for S2 laps/session) conditions (Figure 4.9a).
Interestingly, also the self-reported confidence (VAS scale 0-10) in walking on stairs was
increased, when the participants were exploiting the neuroprosthetic device with
biomimetic neurofeedback (9.75+0.26 for S1 and 6+0.3 for S2) compared to LIN (8.75+0.62,
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p<0.05 for S1 and 5.37+0.23, p<0.05 for S2), DISC (7.83+0.39, p<0.05 for S1 and 5.17+0.25,
p<0.05 for S2) and NF (6.67+0.49, p<0.05 for S1 and 3.83+0.25, p<0.05 for S2) conditions
(Figure 4.9a).

In the CDT, both participants showed a higher mental accuracy in BIOM compared to the
other conditions (p<0.05 in both subjects), while maintaining the same walking speed. In
particular, the mental accuracy of S1 was 76+16% in BIOM, 584+20%in LIN, 58+11% in DISC
and 52+17% in NF while in S2 94+9.6% in BIOM, 72+17% in LIN, 50£37% in DISC and
48+14% in NF. Notably, the walking speed was always higher in the feedback conditions
compared to NF for S2 (p<0.05) and in BIOM and in LIN for S1 (p<0.05). As expected,
without adding a secondary task, no difference was observed in the walking speed among
the conditions in both subjects (p>0.1, Figure 4.10). These findings indicated a higher
decrease in mental workload, while the users were performing two tasks simultaneously
(one motor and one cognitive) in the moment that a more bio-inspired neural stimulation
was exploited in a neuro-robotic device.

4.4 Discussion

4.4.1 Multi-level approach for designing new stimulation strategies that
would minimize paresthesia sensations

In this study, we designed, developed and tested a neuro-robotic device exploiting model-
based biomimetic neurostimulations in people with limb amputation. Due to a multilevel
framework, it was possible to design and test effective bio-inspired neurostimulation
paradigms to elicit more natural feelings and better understand the reasoning behind the
use of biomimetic approaches in the neuroprosthetic field. Indeed, thanks to realistic in-
silico modeling of the foot touch coding, precise neural stimulation patterns were defined
that could accurately emulate the firing of the cutaneous mechanoreceptors. Single-fiber
(SAI, SAII, FAI FAIIl) and mixed-fibers (FULL) type patterns have been implemented to
encode a mechanical skin indentation into a neural stimulator. We modulated the
stimulation frequency based on the fiber dynamics of activation since it showed to be
beneficial for sculpting the artificial touch for bionic limbs(Emily L. Graczyk et al. 2022).

4.4.2 Comparing neural responses induced with natural touch and electrical
nerve stimulation

The purposely-designed animal experiments allowed us to compare the neural dynamics as
a response to natural touch, biomimetic or tonic electrical stimulation. The recordings in
decerebrated cats via multiple neural interfaces along their somatosensory neuroaxis
(somatic nerve, DRG and spinal cord) showed that biomimetic neurostimulations evoked
spatio-temporal characteristics of the afferents’ response more similar to the naturally
induced one than tonic stimulation. These biomimetic patterns are going towards avoiding
highly synchronized activity in spinal circuits that could saturate the circuits and limit the
possibility to perceive touch sensations restored with electrical stimulation(G. A. Miller
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1956). This is clear evidence of the effect of bio-inspired stimulation dynamics on the neural
afferents activation, showing the possibility to artificially encode natural sensory messages
into the nervous system. Indeed, previous researches have hypothesized the adoption of
complex spatiotemporal patterns mimicking natural peripheral afferents activity(Saal and
Bensmaia 2015; Okorokova, He, and Bensmaia 2018). This approach was also proposed for
activity cortical activity using intracortical microstimulation (ICMS) to convey feedback of
touch(Greenspon, Valle, Hobbs, Verbaarschot, Callier, Shelchkova, Sobinov, Jordan, Weiss,
Fitzgerald, Prasad, van Driesche, et al. 2023) or of the entire movement trajectory (natural
proprioceptive sensation)(Tomlinson and Miller 2016). Likewise, they also assumed that
exploiting an ICMS interface that mimics natural sensations would be faster, and ultimately
more effective than learning arbitrary associations with unnatural sensations or arbitrarily
modulated ICMS(Bensmaia and Miller 2014). Our study validates these hypotheses on the
use of biomimicry in PNS neuroprostheses. However, our experimental setup was focused
to understanding the first layer of processing information coming from the periphery. We
believe future experimental work should extend these findings investigating neural
processes caused by electrical stimulation in gracilis (or cuneate for the upper limb) nucleus,
thalamus or in somatosensory cortex.

4.4.3 Biomimetic stimulation in neuromodulation devices is beneficial both for
the perceived sensation and its functionality

These biomimetic neurostimulation strategies were tested in three human subjects
implanted in their peripheral leg nerves with intraneural electrodes. All the participants
reported to feel more natural sensations, when stimulated with biomimetic encodings with
respect to standard neuromodulation patterns from every stimulation channel on the
electrodes. Neural stimulation gradually recruit all the sensory afferents within the
tascicle(S. Raspopovic et al. 2017; Zelechowski, Valle, and Raspopovic 2020) depending on
both distance from the electrode (threshold proportional to square of distance) and their
diameter (threshold proportional to 1/square root of fiber diameter). Therefore, each
stimulation pulse delivered through the active site is likely to recruit a mix of sensory
afferents types, even if clustered(Jabaley, Wallace, and Heckler 1980). For this reason, how
many and what tactile afferents will be stimulated by a given stimulation pattern through a
specific electrode is unknown a priori. This might be the reason why different types of
biomimetic encoding were reported as more natural by the participants according to the
perceived foot location (Fig.S3) and, therefore, to the clusters of recruited afferents. This
phenomenon can also explain the typology of sensation reported, while specific types of
afferents were activated by neurostimulation(Torebjork and Ochoa 1980; Ochoa and
Torebjork 1983) (flutter, vibration, touch). Likewise, why with simpler encoding (at the
threshold level) the electrically-evoked sensation can be sometimes reported as
naturalistic(Francesco M. Petrini et al. 2019; Daniel W. Tan et al. 2014; Francesco Maria
Petrini, Valle, et al. 2019; Wendelken et al. 2017). Indeed, hypothesizing to recruit a cluster
of only SAl-like afferents with intraneural electrical stimulation, the related evoked
sensations could be sustained pressure(Ochoa and Torebjork 1983). Nevertheless, in our
study, biomimicry showed to be a fundamental feature for restoring more natural
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sensations via neurostimulation in neuroprosthetic applications, regardless the groups of
recruited afferents.

Finally, we implemented these algorithms in robotic prosthetic devices in a real-time fashion
comparing their functional performance with previously-proposed technologies.
Biomimetic neuroprosthetic legs allowed for a faster stair walking and a decreased mental
workload in a double task paradigm in both subjects. These findings demonstrated that
biomimicry is relevant also for device functionality and thus to enhance the beneficial effect
of this intervention. In particular, a significant boost in mobility, on a difficult everyday life
task as the stairs, is very relevant for people with lower-limb amputation. This improvement
is likely connected to reported higher confidence in the prosthetic leg with biomimetic
sensory feedback(Giacomo Valle, Saliji, et al. 2021) . The amputee is able to instantly sense
the position of his leg with regard to the ground more naturally, which allows him to
transition faster from heel strike to loading his prosthetic leg(Raja, Neptune, and Kautz
2012). Confidence and mobility have been previously proposed to be among the clearest
and simplest parameters showing the impact of sensory feedback on gait(Giacomo Valle,
Saliji, et al. 2021). Regarding the CDT, it represented a real-life scenario of multiple
simultaneous tasks. It allowed us to obtain an objective measure of the better cognitive
integration of the prosthesis with biomimetic neurostimulation(Giacomo Valle, D’ Anna, et
al. 2020; Preatoni et al. 2021), since both amputees improved their mental accuracy. In
addition to our results, previous studies have also preliminarily shown these improvements
in manual dexterity and object recognition in upper-limb amputees exploiting robotic hand
prostheses(George et al. 2019; Giacomo Valle et al. 2018b).

4.4.3 Future biomimetic neurostimulation devices

This neuromodulation approach and framework based on biomimicry could also be very
relevant for other sensory and motor neuroprostheses (e.g., Deep Brain Stimulation(de
Hemptinne et al. 2015), epidural stimulation(Wagner, Mignardot, Goff-Mignardot, et al.
2018), ICMS(Sharlene N. Flesher et al. 2021; S. N. Flesher et al. 2016)) and for bioelectronic
medicine applications (e.g. vagus stimulation(Marsal et al. 2021), stimulation of the
autonomic nervous system(Donega et al. 2021)) where there is the same necessity to evoke
a natural pattern of activation in a certain nervous district using artificial electrical
stimulation. Indeed, the biomimetic approach has been proven to be effective for improving
functional performance in other type of neural prostheses (e.g., enhanced speech
intelligibility for cochlear implants(Fumero et al. 2021); improved restoration of gaze
stability in vestibular prostheses(Wiboonsaksakul et al. 2022)). Considering future
biomimetic neuro-robotic devices restoring fully-natural sensations, spatial patterning can
be achieved by stimulating different electrodes with spatially displaced projection fields,
while temporal patterns can be elicited by temporally modulating the stimulation
parameters delivered through each electrode, as proposed in our study. However, the extent
to which artificially evoked neural activity must mimic that of the natural afferent inputs in
order to be fully-exploitable also for more complex tactile features(Giacomo Valle, Strauss,
et al. 2020; Mazzoni et al. 2020) (textures, object stiffness, shape, etc.) or proprioception
remains a critical question.
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Here we evaluated multiple types of biomimetic patterns that were developed using the
distinct response characteristics of individual afferent types. When we stimulated the entire
nerve during animal experiments, the biomimetic pattern based on the aggregate afferent
response (FULL biomimetic) showed to be the most promising one compared to its natural
counterpart. Notably, when these paradigms were delivered using TIME electrode in
humans, smaller clusters of mixed afferents have been selectively activated by the different
channels. Interestingly, the naturalness of the sensation, for the same encoding strategies,
changed accordingly to specific areas of the foot sole. It suggests that the imposition of the
aggregate dynamics for inducing natural sensations is not optimal for every fiber cluster
recruited. It seems to depend on the distribution of activated afferents (mechanoreceptors)
and their specific role in the sensory processing. We believe that neurostimulation strategies
should be informed by computational modelling emulating realistic dynamic conditions.

In conclusion, our collected evidence not only amplifies the remarkable impact of
biomimicry from a scientific perspective, but it also holds immense promise in heralding
the advent of the next generation of neuroprosthetic devices. New technologies, inspired by
nature, have a potential to fully emulate natural neural functions lost after a disease or an
injury. The possibility to naturally communicate with the brain will open new doors for
science in multiple fields.
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Chapter 5

Conclusion

“Everything is hard before its easy.”
Goethe |.WV.
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5.1 In silico modeling of touch - scientific and engineering tool

Human gait and posture control heavily rely on the essential role of cutaneous feedback
from the foot sole (Takakusaki 2013; Pearcey and Zehr 2019). Our knowledge about the
coding the tactile feedback into the neural afferent responses is based on the
electrophysiological recordings. Microneurography is the most commonly applied method
for capturing electrophysiological responses from individual fibers in human nerves (Mano,
Iwase, and Toma 2006). It uses the microelectrodes to directly record the neural traffic of
myelinated and unmyelinated fibers (Ackerley and Watkins 2018). However, our ability to
comprehend the responses of these afferents in realistic scenarios remains restricted because
of technical obstacles (e.g. person has to be very still while needles are inserted deep until
nerves) associated with conducting the microneurography procedure in vivo. It proves to
be challenging, time-consuming, and highly unstable, rendering it impractical in dynamic
conditions such as walking and running. Moreover, conducting experiments using this
technique implies for participants to remain motionless to prevent displacement of the
recording electrode from the targeted single fiber. Previous studies were mostly based on
analyzing the responses of mechanoreceptors innervating the hand (Roland S. Johansson
and Flanagan 2009). However, even though the hand and foot share the same afferent
classes in their glabrous skin, their mechanical behavior is different, as well as distribution
of specific afferent types, which is expected due to their completely different usage. While
the hand often encounters numerous small and intricate stimuli, particularly during
precision grips, the foot, on the other hand, is typically subjected to stimuli covering a
broader spatial range. In order to tackle the challenge of comprehensively studying the
responses of foot afferents during standing and walking, which cannot be accessed using
current recording techniques, a sophisticated computational model was created. The
FootSim (presented in Chapter 2) in silico model replicates the neural spiking reactions to
diverse mechanical stimuli originating from the collective population of all four types of
mechanoreceptors that innervate the foot sole, therefore confirming the Hypothesis 3.
FootSim has a twofold impact: it is a tool suggested for both neuroprosthetic and
neuroscientific use (Figure 5.1).

From the neuroscientific point of view, FootSim is able to simulate the activation foot sole
afferents during dynamic conditions, like jogging, walking, or while maintaining balance,
overcoming the limitations of present recording techniques. It can also reveal the specific
role of afferent fiber types during daily situations. On the other side, accumulated
knowledge about the cutaneous afferents' function is essential for designing effective
interventions and therapies related to sensory deficits or disorders. Conditions that affect
cutaneous afferents, such as neuropathies or sensory impairments, can significantly impact
an individual's daily life, motor skills, and overall well-being. Understanding their role
allows researchers and healthcare professionals to develop targeted approaches for
rehabilitation and treatment. Since FootSim has parameters of skin features, as well as
number and positioning of the fiber types, that are easily modulable by the user, the model
can be adapted to the person with a specific condition. For example, diabetic patients often
have higher hardness of the skin as well as they are dealing with the neuropathy which can
cause the inability of some afferents to transmit the information from the periphery,
therefore they do not feel when a rock is within a shoe, causing damage.
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Figure 5.1. FootSim possible contribution to biomimetic stimulation patterns for tactile feedback
restoration in future neuroprosthetics. In a possible scenario, the user will be fitted with a leg prosthesis
collecting real-time spatiotemporal pressure data via a sensorized insole (bottom left). This data will be
provided as an input to the FootSim model. The model would convert the artificial pressure profiles into
realistic neural response patterns (top, blue shaded box). FootSim output could be potentially used for
generating biomimetic stimulation policies (bottom right). Neurostimulator would generate these paradigms
and this type of stimulation could be used to transmit to the subject the information recorded with the insole
in a future possible scenario. Taken from (Katic et al. 2023) with permission.

Thinking about the neuroprosthetic perspective, the use of the FootSim model is envisaged
for defining the biomimetic stimulation patterns mimicing the natural neural signals coming
from the periphery.

Previously, similar type of model was developed for replicating the mechanoreceptor
activation in the hand (Saal et al. 2017). It is a tool that enables the simulation of the
responses of afferent innervating the glabrous skin of the hand, based on the data from
monkeys. However it was limited (due to the constrains in fitting dataset) by replicating
three out of four afferent classes that exist in the human hand, it caused a great response
from the scientific audience. Moreover, the same group developed graphical user interface
to generate a model that computes the firing rate and area of afferent activation from a
dynamic stimulus applied to a specific skin area (Okorokova, He, and Bensmaia 2018). They
envisioned the use of these model parameters for creating a biomimetic stimulation
protocols restoring real-time tactile feedback in the hand. Yet, alongside with a missing class
of afferents that was not implemented, they had a non-realistic mechanics of hand skin, and
in my work regarding foot I addressed both of these limitations.

Also, finding a proper way to translate from the model outputs to the biomimetic paradigm
able to be properly processed and restore close to natural sensation, is still a big open
question(Cimolato, Katic, and Raspopovic 2021). The algorithm for creating this
transformation can be based on the modeling approach, as previously done for stimulating
the hand (Okorokova, He, and Bensmaia 2018). Yet, also simpler solutions as coding the
frequency of stimulation directly from the summation of spike trains of all activated
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afferents, while keeping the charge profile correlated with the number of recruited fibers,
can be suitable for constructing predefined biomimetic paradigms (as showed in Chapter
4).

From the technological aspect, the final use of the Foot Sim model is in its real time
application within neuroprosthetic systems (as suggested in Figure 2.13). For an engineer
that is working on design of such a neuromodulation system, it can be considered as a “plug
& play” tool, able to reconstruct the afferent activity, and does not require any specific
expertise for use. FootSim is developed fully in Python and therefore can have a convenient
processing speed, also for the large population sizes. For achieving this, the improvement
needs to go in line with the advancements in the neurostimulation field regarding the novel
interfaces and their materials (Giacomo Valle et al. 2022) while meticulously considering
also limitations of the developed devices..

5.2 Understanding neural responses along the somatosensory axes

5.2.1 Unveiling hindered processing limitations with population analysis

Modelling efforts(Cimolato et al. 2023) indicate that neuromodulation would elicit first, in
easiest way the higher diameter fibers, as proprioceptive ones. However, multiple clinical
evidences showingthe inability of proprioceptive feedback restoration with
neuromodulation techniques were the inspiration for the scientific study (presented in
Chapter 3) aiming at investigation of the underlying mechanisms . Moreover, spinal cord
stimulation in spinal cord injured patients showed that continuous stimulation of sensory
afferents with commonly wused stimulation paradigms produces a disruption of
proprioceptive percepts at stimulation parameters commonly employed in clinical trials
(Formento et al. 2018).

Given this discrepancy between experimental findings and theoretical considerations about
expected outcomes of neurostimulation, we hypothesized that some neurophysiological
constraints may exist, preventing the generation of functional proprioceptive percepts.

The processing of artificially induced proprioceptive information elicited with peripheral
nerve stimulation is explored with purposely designed experiments in non-human
primates. We analyzed spinal neural population dynamics using manifolds approach to
estimate the impact of continuous electrical stimulation of the cutaneous afferents on the
processing of proprioceptive information in the spinal cord. We confirmed and expanded
the analysis with classical electrophysiology measures in both spinal cord and
somatosensory cortex. Neural processing of proprioceptive inputs was disrupted during
concurrent continuous stimulation of cutaneous afferents in both areas along the neural
axes.

Neural population analysis with neural manifold techniques has been largely employed to
study cortical processes (Gallego et al. 2018; 2020; Perich et al. 2020; Sadtler et al. 2014;
Churchland et al. 2012). Recently, the manifold analysis was applied on the spinal cord
neural data. Starting from the fact that generation of movements in the nervous system is
not fully understood, they found that the neural population performs a continuous low-
dimensional "rotation" in neural space during rhythmic behavior (Lindén et al. 2022).
However, no study used manifold approach to analyze the sensory modalities integration
among spinal neural circuits.
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In this study, the use of neural manifolds for population activity analysis was crucial to
assess phenomena of sensory interference. The population analysis allows to extract only
activity that explains the variance generated by proprioceptive inputs. This enables us to
understand the proprioceptive components of the neural dynamics against the background
cutaneous activity. We established a measure of proprioceptive neural information
processing by quantifying proprioceptive neural trajectories in spinal neural manifolds
space.

While manifold based approach is beneficial for understanding the overall behavior of the
neural circuits, the role and details of single unit processing remains unclear. Neural
mechanisms causing this disruption are still unknown and should be investigated further.
Potential reasons could be triggering of natural, but unwanted behavior (such as
presynaptic inhibition of primary afferents), or could be caused by the inability of common
neural resources to process two distinct artificial information streams when simultaneously
activated.

Similar phenomena of the sensory interference might arise in different areas of the nervous
system, for instance during deep brain stimulation. In the brain, these effects, which mirror
the inability to adequately process proprioception in the spinal cord, have the potential to
modify cognitive processes unrelated to the intended stimulation objectives within the
cortex. It is necessary to conduct further investigation regarding these unwanted events.

Our findings show that fiber class selectivity is more important than what was intuitively
thought because the failure to stimulate specific classes of afferents may lead to the
triggering of natural sensory gating mechanisms that generates sensory interference
(Rudomin and Schmidt 1999). In fact, one could say that the problem of selectivity has been
underestimated, and that lack of selectivity not only limits the localization and extent of
percept, but it affects their nature even by disrupting some of the information. In a way this
reasoning is consistent with the interpretations arguing for “bio-mimetic” stimulation
(Bensmaia 2015), but offering a new insight. Not only a truly “bio-mimetic” stimulation
protocol would produce more natural sensations, but it may avoid the interference
phenomena we observed, thus enabling perception. In support to our conjectures, human
data show that the only device that reliably reported controllable proprioceptive percept is
the penetrating, slanted UTAH array (Wendelken et al. 2017; Page et al. 2021). Indeed, the
ability to recruit only few afferents near the electrode tips may be key to avoid sensory
interference.

Although the motivation of this work was to understand if the cause of inability to restore
proprioception lies in the neurophysiological constraints (and therefore confirming the
Hypothesis 4, our study serves as a proxy to understand, more generally, how artificial inputs
can influence neural network function (as pointed out in Chapter 3).

Future stimulation strategies and device designs ought to incorporate neural population
analysis to assess the impact of specific stimulation patterns on seemingly unrelated neural
network processes. Coupled with that, it should account for sensory interference in both
electrode design and stimulation protocols to ensure the attainment of resilient, robust and
reliable proprioceptive feedback.
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5.2.2 Neural responses to artificial and natural stimuli

While previous studies were focused on testing the functionality of various stimulation
strategies and the perception of sensation by individuals, limited knowledge exists
regarding the stimuli transmission and the form in which it enters the central nervous
system.

Commonly used neuromodulation devices employ predefined (fixed) frequency
stimulation paradigms (S. Raspopovic et al. 2014; Francesco Maria Petrini, Valle, et al. 2019;
M. Ortiz-Catalan, Hakansson, and Branemark 2014), where all elicited neurons are
simultaneously activated, in contrast to the neural activity during in-vivo natural touch
(Saal and Bensmaia 2015). This synchronized and unnatural neural activity (Formento et al.
2020) could be one of the potential reasons for perceived paresthetic sensations (Francesco
M. Petrini et al. 2019; G. Valle et al. 2018). In our animal experiments, we aimed to investigate
whether biomimetic strategies, which replicate relevant temporal features of natural coding,
elicit different neural responses compared to commonly used paradigms. Thus, we tested
the afferent activation induced by applying different artificial but biomimetic stimuli and
compared it with naturally induced touch and constant frequency stimulation patterns
(presented in Chapter 4).

First, by analyzing the neural signal in the dorsal root ganglion, we showed that we are able
to "write" the code into our nervous system, proving that the information traveled from
periphery unaltered. While this finding may seem trivial, such evidence has not been
previously presented. The information, in its original form, enters the spinal cord where it
is processed by interneurons in the gray matter and transmitted to the upper parts of the
somatosensory system. Furthermore, biomimetic stimulation elicited more similar neural
response to the naturally induced one, than the constant frequency stimulation commonly
applied in neuromodulation devices. This similarity was observed in both dorsal root
ganglion and the spinal cord gray matter, confirming the Hypothesis 5. However, despite the
demonstrated similarity, biomimetic strategies still exhibit distinct characteristics of
artificially induced stimuli, and further efforts are required to create stimuli that fully
replicate natural touch.

Our study provides compelling evidence regarding the impact of bio-inspired stimulation
dynamics on the activation of neural afferents, demonstrating the potential to artificially
encode natural sensory information into the nervous system. The presented findings
validate the hypotheses regarding the use of biomimicry in neuromodulation devices.
However, further testing is necessary, exploring new paradigms and investigating neural
processing in upper parts of the nervous system, such as the thalamus or somatosensory
cortex.

5.3 Multifaceted framework for creating novel stimulating patterns

With the final goal of creating new more efficient stimulation paradigms, the workflow
started by developing a computational knowledge about how the information is encoded
on the periphery, converting the mechanical stimulus detected on the skin surface.
Following that, we investigated in animal experiments how the information from the
periphery is integrated and interpreted in the central nervous system.

As a final step, starting from our theoretical and modelistic findings, the new
methodological approach of how to develop and test innovative neurotech is created.
Framework represents novel strategy for designing biomimetic patterns that would elicit
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close-to-natural sensation. Future studies should begin with computational modeling of the
coding mechanism for the sensation we would like to restore. Biomimetic stimulation
should be constructed based on such a model output. Applying the designed stimulation
pattern in animal experiments can help us in understanding if there are some unexpected
effects of the stimulation, and assure the overall safety of the stimuli paradigm. If possible,
the testing should be finished with the human experiments, evaluating both the perceived
quality of sensations and performance while doing daily tasks.

Chapter 4 is presenting suggested framework, accompanied with the results of its
application. The biomimetic patterns we applied enhanced the evoked naturalness of
sensation. More importantly, during ecological tasks testing (walking, climbing stairs)
patients demonstrated much better results compared to the condition when traditional
stimulating patterns were used. Therefore, our conceptually new multifaceted framework
was experimentally demonstrated, validating the defined Hypothesis 1 and Hypothesis 2.

5.4 General outlook: Towards the development of novel neuroprosthetic
approaches

Together with the pioneering results showing effectiveness of biomimetic stimulation for
restoring sensory feedback in the lower limb, we proved with unique multifaceted approach
that architecture established on the development of validated model-based
neurotechnology can be effective for human applications.

The philosophy of embracing the "circle of improvement" can extend its applicability to
broader contexts and purposes. Understanding the underlying mechanism behind some
behavior, modeling it and testing the proposed approach for achieving a goal, are closely
related and inseparable three pillars. We should create models based on the scientific
knowledge about the process, and it can also help us to even better understand the behavior
we are modeling. It provides the insight about the novel solutions, and help us set the new
hypotheses that should be evaluated. Moreover, model outputs are used as a guideline for
designing optimal experimental setup which leads towards minimizing the amount of
necessary testing. Both animal and human testing results have multifold usages. Validation
of the model is a crucial step in developing a reliable structure, and more attention is needed
to be directed towards that aspect. Experimental results are necessary to correct and
improve the model and they gave us a new insight about the accumulated knowledge. All
pillars are mutually changing and improving.

Findings of this thesis can help us in the development of the proper artificial, electrical
language to speak with our nervous system. Our collected evidences not only highlight the
remarkable impact of biomimicry from a scientific perspective, but also holds immense
promise in revolutionizing the field of neuroprosthetics. Inspired by nature, these
innovative technologies enabling direct communication with the brain and employing
artificial electrical stimulation have the potential to fully emulate and restore natural neural
functions that may be lost due to diseases or injuries. This breakthrough opens up new
frontiers in scientific exploration and interdisciplinary collaboration. Both animal and
human experiments consistently support the notion that a time-variant, biomimetic
paradigm will serve as a fundamental feature in the design of future neuroprostheses.

Developing appropriate encoding of the information we would like to restore has to be
followed with the technological advancements. Modeling efforts are already employed for
defining the optimal interface design (Zelechowski, Valle, and Raspopovic 2020; Stanisa
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Raspopovic et al. 2017; Katic, Valle, and Raspopovic 2022), exploring new materials
(Giacomo Valle et al. 2022; Wurth et al. 2017) and their safety of use (Francesco M. Petrini et
al. 2019; Grill, Norman, and Bellamkonda 2009). Connected with that, the future
development should go in line with the possibilities of the neural stimulators. The testing
of new paradigms is limited with the possible complexity of stimulation patterns, as well as
the tolerable delay of information transfer. Moreover, we should always think about
investigating possible natural limitations, challenges in sensory integration process, or side
effects that could possibly occur.

5.5 Limitations of the thesis

The causes of main limitations of the thesis can be structured into three classes: limitations
of dataset available, complexity of experimental setup, constrains of technology used.

Parameters of the FootSim model were fitted using the overall spike rates of single units,
without recoded precise spike trains. While in hand tactile coding, the importance of the
spike timing is known to be very high, it is not clear whether precise spike timing at such
fine temporal resolutions is behaviorally relevant for the foot. Also, the model has limited
accuracy of predicting the SA2 type afferents’ response. This cell type transmits the
information about skin stretch. When converting the stimuli propagation on the skin of the
foot sole, we are not incorporating shear forces or lateral sliding, but stimulating it as a
quasi-continuous stress. The amount of SA2 responses in the provided experimental dataset
we used for fitting was not big enough to completely overcome this barrier.

All the performed experimental setups are technologically extremely challenging. In order
to be able to test only reflexes and avoid usage of the anesthesia that could potentially alter
the neural responses, we did one part of the experiments in decerebrated cats. That made
testing of the information processing in the cortex impossible. On the other hand,
decerebration is not considered ethical while performing experiments in non-human
primates, therefore all the procedures in monkeys have been done in fully anesthetized
animals. Furthermore, we believe additional testing for analyzing the data processed in the
dorsal column nuclei or thalamus would be a necessary step for complementing and
expanding the understanding of the processes explained throughout this thesis. Placing the
recording electrodes in these structures is a complicated procedure that would drastically
increase a complexity and the length of such experiments that were already longer that
twelve hours.

Finally, even though we tested the biomimetic patterns in the closed-loop neuroprosthetic
system, these paradigms were predefined. While we believe that the stimulation strategies
could be defined in the real time as an output of the model, based on the sensory input
insole recordings input, it requires technological improvements. The insole data
transmission, model predictions, system controller algorithm and stimulator should in total
have a maximum delay smaller than around 100 ms. From the technological aspect it is
possible, however engineering efforts are needed to make the complete system fully
functionable in real time.
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5.6 Opportunities

The evidence collected during my thesis not only amplifies the remarkable impact of
biomimicry from a scientific perspective, but it also holds immense promise in heralding
the advent of the next generation of neuroprosthetic devices.

Worldwide, a lot of effort is placed on developing the interfaces to record and stimulate the
nervous system, understanding and predicting the neural output, with the final aim to
restore some missing sensation. This thesis follows the same inspiration. Indeed present
moment in human hystory is a “golden one” for the artificial communicaction with brain,
with several companies aiming to achieve it. Neuralink (“Neuralink,” n.d.), a widely known
company, is working on the development of a brain-machine interface (Fiani et al. 2021) that
could restore both sensory and motor function in individuals with neurological disorders
improving such as spinal cord injuries, neurodegenerative diseases, and neurobiological
shortfalls (Musk and Neuralink 2019). They are developing cutting-edge technology for the
recording of neural signals from the cortex and stimulating it properly. Recently, they have
received the FDA approval for a clinical trial testing brain implants in humans. In addition
to helping patients with paralysis, experts believe that similar system could someday help
treat conditions like blindness and mental illness. Similar idea was previously created by
their opponents, Blackrock Neurotech (“Blackrock Neurotech,” n.d.), that are focused on
developing new recording electrodes that would be used in novel brain-computer interfaces
(BCI) while trying to decrease the invasiveness of the implant. Their commercialized Utah
MEA electrode has already been used in several studies, mostly in restoring object
interactions in patients with tetraplegia (Rastogi et al. 2021; Simeral et al. 2021). Moreover,
the company's precision electrode technology is at the core of many worldwide innovations
in BCI, enabling dozens of early users to MoveAgain, SeeAgain, HearAgain, TalkAgain and
more.

Significant human resources, investments and efforts are dedicated to bridge the gap and
reestablish the sensory experiences that have been lost due to various circumstances. the
restoration of lost. The commitment reflects the recognition of their profound importance in
enhancing the quality of life and facilitating a comprehensive understanding of our
surroundings.

When performing all these tasks, the ethical aspects are to be considered with high scrutiny.
This is especially important because these devices could potentially influence the subjective
sense of the persons, and influence their free will.

As a closing remark, technological advancements in the industry area indicate this is a
historical moment when the results and methods of this thesis can have the direct
application in the translational framework, helping millions of disabled individuals.
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