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Preface

This thesis argues that haptic information is not funnelled as it moves inward. It is re-
expressed. At the skin, and again in the cortex, the representation of a vibrotactile input
becomes richer,more distributed andmoredependent on context than the input itselfwas.
The orderly picture drawnbymuch of the classical literature (frequency channels, labelled
lines, a primary area that extracts features and hands them on) is, I will argue, substantially
a consequence of measuring in a way that discards structure before looking for it.

In the introduction I build the problem from the outside in. I start at the fingertip, with
the skin as a compliant, pre-tensioned, mechanically coupledmedium that transforms the
stimulus before it is transduced into neural signals by themechanoreceptors, andwith the
theoretical questionof how large the space of possible haptic interactions actually is. I note
in passing what the cuneate nucleus and the thalamus are known to do to the signal on its
way through, only so far as that bears on reading the two ends, and I review the accumulat-
ing evidence that tactile information is far more widely distributed across the cortex than
the somatotopic account allows. The last part of the introduction is about measurement:
why the tools conventionally used to look at skinmechanics and at neuronal activity (bulk
impedance, band-pass filtering, response averaging, aggressive dimensionality reduction)
each remove the structure I am trying to see, and why a different class of tool was needed
first.

A methods section then gives an overview of the experimental and analytical approaches
shared across the four papers: the time–frequencymachinery, the haptic display and high-
speed imaging, the acute in vivo recordings, and the single-trial decoding used in place of
response averaging.

The thesis is a study of the two ends of that pathway: the point at which a mechanical
event becomes a sensory signal, and the point at which that signal becomes a cortical rep-
resentation. These are the two places the conventional account makes its strongest claims,
and they can be measured directly, which is why the work is placed there.

The results are presented one paper at a time, in the order in which the work was done,
which also traces the argument. Paper I establisheswhat a cortical neuron population does
with a tactile input when the skin is bypassed altogether: the spontaneous state space is ex-
tremely high-dimensional, tactile processing is modulated by vision, and input-specific
information outlives the input. Paper II derives the hyperlet and its transform, a super-
resolution time–frequency decomposition that re-expresses a signal in a richer basis in-
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stead of filtering information away. Paper III uses that decomposition to image the hu-
man fingertip in contact with a haptic display, and finds that the skin generates harmon-
ics of what it is given, organises them into domains that follow the papillary ridges, and
reconfigures those domains when the stimulus changes. Paper IV then delivers compara-
ble vibrotactile inputs to the rat forepawwith the skin reinstated; fine haptic detail proves
decodable at cortical sites far from the direct thalamocortical input, no neuron is tuned to
frequency over the range tested, and pattern-specific information again outlives the stim-
ulus.

The discussion is organised around the three claims these papers support jointly, not pa-
per by paper: that the skin expands rather than reduces the information it is given, that the
cortex distributes and sustains that information where the conventional account has it lo-
calising and discarding, and that seeing either of them requiresmeasuring the signal before
any step that discards part of it. It considers what the four papers can and cannot establish
together, given that Paper III is human and passive while Papers I and IV are anaesthetised
rat, and it places the findings against the theoretical framework of the plenhaptic function
and of cross-modal invariants developed within this research environment.

11



List of original papers

This thesis is based on the following papers, referred to in the text by their Roman numer-
als.

I. Sofie S. Kristensen,Kaan Kesgin and Henrik Jörntell. High-dimensional corti-
cal signals reveal rich bimodal and working memory-like representations among
S1 neuron populations. Communications Biology, 7(1):1043, 2024.

II. Kaan Kesgin and Henrik Jörntell. Super-resolution time–frequency decompo-
sition with hyperlets for neural spike analysis. Pattern Recognition, 172:112598,
2026.

III. Kaan Kesgin and Henrik Jörntell. Spatially distributed, stimulus-dependent
harmonic generation in the fingertip skin during interaction with a haptic dis-
play. Submitted.

IV. Kaan Kesgin and Henrik Jörntell. Highly resolved representations of dy-
namic haptic inputs in non-primary sensory cortical neuron representations.
Manuscript, under review at Scientific Reports.

Papers I and II are reproduced under the Creative Commons Attribution 4.0 Interna-
tional licence. Papers III and IV are unpublished manuscripts and are reproduced by per-
mission of the authors.

Paper I was also included in the doctoral thesis of Sofie S. Kristensen.

12



Author’s contribution to the papers

Paper I. SSK and HJ planned and designed the study and the main analyses, and SSK
conducted the experiments and the analysis. I contributed to the main analysis and de-
signed the convolutional neural network control analysis. Specifically, I built that net-
work and its training procedure and established how its output was to be interpreted, and
I supervised the principal component analysis and provided input to the interpretation
and control of its results. I contributed to the composition of the manuscript by setting
out what the different analysis methods implied and thereby the order in which the fig-
ures should be arranged, and I wrote the text describing the analysis methods. SSK and
HJ wrote the article; all authors contributed to it and approved the submitted version.

Paper II. Conceptualization, methodology, software, formal analysis, investigation,
data curation, validation, visualization, resources, writing of the original draft, and re-
view and editing. I am solely responsible for the derivation of the hyperlet transform. I
designed all tests and controls, generated all data, performed all analyses, produced all text
and all figures, and authored the interactions with the reviewers.

Paper III. I designed the whole study, including the experiments and the analyses. I
performed all experiments, performed all analyses, designed all figures and wrote all text.

Paper IV. I designed the experiment, performed all experiments and all analyses, and
produced all figures. The text was co-authored with my supervisor, with myself in a main
role, and I played a main role in the manuscript composition and in the interaction with
the reviewers across two separate rounds of revision.

13



Abbreviations

S1 Primary somatosensory cortex
V1 Primary visual cortex
AP Action potential
UP state Depolarised phase of the cortical slow oscillation
PCA Principal component analysis
kNN k-nearest neighbours
CNN Convolutional neural network
F1 Harmonic mean of precision and recall, used here as a per-unit decoding

score
STFT Short-time Fourier transform
CWT Continuous wavelet transform
SLT Superlet transform
FASLT Fractional adaptive superlet transform
HLT Hyperlet transform
MMCE Minimummean cross-entropy

14



Abstract

Touch is conventionally described as a funnel. Mechanoreceptors transduce skin defor-
mation, labelled channels carry frequency and force centrally, and the primary somatosen-
sory cortex extracts the features perception is built from. This thesis measures the two
junctions at which that account places most of the discarding, the mechanics of the skin
and the cortical representation of what the skin sends, and finds that neither behaves as
the account requires.

Paper I recorded populations in primary somatosensory cortex with the skin bypassed, us-
ing reproducible electrotactile and visual patterns. The spontaneous state space proved
extremely high-dimensional, tactile processing was modulated by visual input, and input-
specific activity outlasted the stimulus. Paper II derives the hyperlet, a wavelet integrating
a continuum of scales into a single transform, which localises short bursts better than ex-
isting super-resolution estimators at a fraction of their computational cost; it re-expresses
a signal instead of filtering it. Paper III applies that decomposition pixel by pixel to high-
speed imaging of the human fingertip resting on a vibrating haptic display. The skin gen-
erates harmonics of the drive, organised into domains that follow the papillary ridges, and
the harmonic class expressed at a location reconfigures with the stimulus rather than be-
ing fixed by anatomy. Paper IV delivers comparable vibrotactile patterns to the rat forepaw
with the skin intact. Fine haptic detail proves decodable far from the direct thalamocor-
tical input, no neuron is tuned to frequency over the range tested, and pattern-specific
decoding persists for hundreds of milliseconds past stimulus offset.

Neither end of the pathway performs the reduction attributed to it. The skin adds spectral
structure contingent on the stimulus, which removes the stable frequency variable that
cortical frequency tuning would require; the cortex then distributes the result and holds
it beyond the input instead of compressing it into local, labelled representations. The
apparent simplicity of touch is in part a property of measurement: of bulk mechanical
recording, band-pass filtering, response averaging and dimensionality reduction, each of
which discards the structure reported here.
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Introduction

The textbook account of touch is a chain of conversions. Contact deforms the skin;
mechanoreceptors embedded in the tissue transduce that deformation into trains of ac-
tion potentials; channels defined by receptor class carry those signals through the dorsal
column nuclei and the thalamus; and the primary somatosensory cortex assembles, from
what arrives, a representation of the object that was touched. It is a serviceable account,
and it has organised a great deal of productive work. Its defining property is that every
stage is a reduction. The mechanical event at the fingertip has more structure than the
afferent volley, the afferent volley has more structure than what survives central process-
ing, and the cortical representation is understood as the distilled residue: the features that
mattered, separated from everything that did not.

This thesis takes that account seriously enough to ask where the reduction actually occurs.
It is a question that can be put empirically, because the account localises the discarding
at two junctions in particular. The first is the skin, which is treated as the point where
a continuous mechanical field becomes a finite set of receptor activations. The second is
the primary sensory cortex, which is treated as the point where those activations become
labelled features. Both junctions are examined here, and neither is found to behave as the
account requires.

There is a straightforward reason this has been easy to miss. Each of the phenomena de-
scribed in this thesis lies below the resolution, or outside the scope, of the measurement
conventionally used to look for it. Bulkmechanical measurements of the fingertip average
over the contact area, so a transformation organised into spatial domains reads as a single
averaged transformation. Band-pass filtering of an extracellular recording removes signal
content in order to make spike detection tractable, so structure carried in the discarded
bands is not available to be found. Averaging responses across repetitions of a stimulus
removes the trial-to-trial variation in which state-dependence lives. Reducing a neuron
population to a few principal components removes the higher dimensions in which the
population may be doing most of its work. In each case the method is reasonable and the
loss is deliberate; the difficulty is that the losses are correlatedwithpreciselywhat this thesis
set out to see. The introduction therefore ends where the work began, with the problem
of measuring without first simplifying.
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The skin transforms before it transduces
Whatever the central nervous system eventually extracts about a contacted object has first
been filtered through the mechanics of the tissue in which the mechanoreceptors are em-
bedded (Johansson and Flanagan, 2009). The fingertip is not a rigid probe but a layered,
viscoelastic and pre-stressed structurewhose deformation is far from a linear reproduction
of its input (Wiertlewski andHayward, 2012). This is not a caveat to be noted and set aside.
If the tissue transforms the stimulus before any receptor responds to it, then the transfor-
mation is part of the sensory pathway, and any account of what the afferents encode is
incomplete without it.

Compliance, shear and travelling waves
Because biological tissues are dynamically compliant, yielding under load and springing
back, a mechanical event at one point does not stay at that point. Vibrations elicited at a
contact propagate across the skin and decay at frequency-dependent rates (Rongala et al.,
2024), and the extent of that propagation shapes which afferents are recruited and how
strongly (Manfredi et al., 2012; Shao et al., 2016). A localised dynamic input hence be-
comes a distributed, dispersive event in the tissue, with different frequency components
attenuated to different degrees as they travel.

The consequence is that mechanoreceptors are not point samplers of a local stimulus.
They sit inside a medium that is carrying superimposed travelling waves from the contact,
and they respond to the local differential deformations, or shear forces, that those waves
produce (Ramasamy and Jörntell, 2026). The same reasoning extends beyond the skin:
because the body is mechanically coupled throughout, muscle spindles and joint capsule
afferents also report changes in contact state, and the classical division between extero-
ceptors and proprioceptors becomes correspondingly harder to sustain (Ramasamy and
Jörntell, 2026).

This distributedmechanical behaviour is not merely a source of blur. In a networkmodel
of a cortical-like recurrent circuit receiving input through a simulated compliant skin, the
dependencies thatmechanical coupling creates among sensors turnedout tobewhatmade
autonomous learning work: the network acquired representations that generalised to pre-
viously unseen inputs, and remained able to separate them after substantial loss of sensors
or of internal connections (Rongala and Jörntell, 2026). Training the same network on
inputs stripped of those dependencies degraded its performance instead. On that account
the mechanics of the tissue are not noise imposed on the signal but part of the structure
that makes the signal learnable.
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Nonlinearity at the contact
The interaction between a finger and a surface is, in addition, genuinely nonlinear. When
a finger slides over a periodic grating, the interaction force contains not only the funda-
mental imposed by the grating period but a series of harmonics of it, and the amplitudes
of those harmonics decaywith a non-integer power law, which is a signature of strong non-
linearity in the contact (Wiertlewski et al., 2011a,b). Related measurements of the lateral
mechanical impedance of the fingertip across the frequencies and displacements relevant
to touch show the same departure from a simple linear response (Wiertlewski and Hay-
ward, 2012).

What these measurements do not settle, however, is where in the contact the nonlinearity
resides. Bulk impedancemeasurements and single-point recordings integrate over the con-
tact area, so they cannot distinguish a transformation that is uniform across the skin from
one organised into distinct spatial domains, and they cannot say whether the behaviour
at a given location is a fixed property of the local tissue or something that changes with
the stimulus. A spatially resolved account has been missing, and it is the gap Paper III
addresses.

Papillary ridges as mechanical architecture
The glabrous skin of the fingertip is not a smooth sheet. Its surface is organised into papil-
lary ridges, and in contact with a flat surface those ridges determinewhere the skin actually
touches and where it does not. The ridges are usually discussed in terms of friction and of
the spatial sampling of surface features, but they are also mechanical architecture. They
set the geometry of the contact band that is loadedwhen the surfacemoves, andwith it the
geometry over which shear is distributed. They also mean that the amount of tissue be-
neath a given point varies with its position relative to the ridge crest, so the local resonant
properties should differ across the contact as well. If the contact is ridged, the deforma-
tion under a tangential drive will not in general be spatially uniform, and any nonlinearity
in that deformation should be organised by the same geometry. This expectation is what
Paper III sets out to test directly, by resolving the movement of the skin across the contact
rather than integrating over it.

The mechanoreceptive afferents
The afferents that transduce this movement are conventionally divided by adaptation
properties into slowly adapting and rapidly adapting classes, with the Pacinian channel
responding to the highest frequencies. The division is real and useful, but it is coarser as
a description of coding than it is often taken to be: the individual sensors have different
preferred tunings across vibratory frequencies, yet each covers a wide frequency range
and none of them is confined to a narrow band (Johansson et al., 1982; Ramasamy and
Jörntell, 2026). Recordings from awake, freely moving animals make the same point
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from the other direction: Pacinian afferents prove diverse in both tuning and sensitivity,
and are driven as readily by the animal’s own movement as by low-amplitude vibration
reaching it from the environment (Turecek and Ginty, 2024). The vibrations produced
during contact carry information about fine texture that can be read out through the
rapidly adapting and Pacinian channels (Bensmaïa and Hollins, 2003; Weber et al., 2013),
and both spatial and temporal codes contribute to the perception of natural textures
(Weber et al., 2013).

Two features of this arrangement matter for what follows. First, a given mechanical event
will generally recruit several classes at once, not one labelled line. Second, because each
afferent samples the local movement of a medium that is itself transforming the stimulus,
the signal available to a given afferent depends both on where it sits and on what the stim-
ulus is. Whatever tuning is measured at the afferent is a property of the receptor and of
the tissue around it, and those two contributions are not separable by recording from the
afferent alone.

How large is the space of possible touches?
Behind the question of where information is reduced sits a prior one: how much there is
to reduce. Vision has a clean answer to it. The plenoptic function returns the intensity
of every light ray that could be registered at any position, from any direction, at any wave-
length and any moment, and specifying one such ray takes seven numbers (Adelson and
Bergen, 1991). No eye samples more than a thin projection of it, but the function itself is
seven-dimensional, and that number describes the world and not the eye.

The same question was put to touch, and the answer that came back was awkward (Hay-
ward, 2011). A contact is an interaction between two bodies of which at least one deforms,
so describing it means relating the trajectories of the points of the one to the trajectories
of the points of the other. Both are continua, and a map between continua needs in-
finitely many coordinates unless simplifying assumptions are imposed on the mechanics
first. There is no seven for touch.

A finite count does become available if the question is asked at the skin instead of at the
interaction (Ramasamy and Jörntell, 2026). An evolving contact drives differential move-
ments of skin tissue compartments, those movements travel through the tissue as disper-
sivewaves, and thewave field at a point canbe decomposed at each instant into frequencies
with an amplitude at each. Read this way the biologically relevant plenhaptic function
takes six coordinates: frequency, amplitude, time, and three of ordinary physical space,
locating a point inside the three-dimensional volume of the skin.

Two clarifications matter here, because the word dimension is doingmore than one job in
this thesis.
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The first is that those six coordinates are a domain and not an inventory. They fix how
many numbers are needed to say where and what one component of a mechanical sig-
nal is; they say nothing about how many are needed to specify a touch. A touch is an
entire field over that domain, frequencies and amplitudes distributed through the tissue
and changing from moment to moment, so the set of possible touches stays unbounded
exactly as Hayward’s argument requires. What the six coordinates buy is not a smaller an-
swer but an addressable one, which is what allows a measurement to be aimed at part of
it. Its constituents are then not static features but kinematic invariants, time-evolving ac-
tivation patterns that recur consistently enough across contexts to be worth representing
(Jörntell et al., 2026).

The second is that three of those six are physical space in the everyday sense, depth into the
tissue and two coordinates across it. Wherever the plenhaptic function comes up again
in this thesis those three are meant literally. Everywhere else, dimensionality refers to a
state space with one axis per recorded neuron, and a count there is a claim about how
many independent patterns a population expresses. The two quantities share a word and
nothing else.

Thedistinction also settleswhat itwould take for a stage to reduce anything. Position alone
cannot answer that, since sampling a continuous mechanical field with a finite receptor
population can only lose spatial resolution; a purely spatial account has its conclusion
built in before anymeasurement ismade. Frequency and time arewhatmake the question
empirical. A stage returning energy at frequencies its input did not contain, at places its
input did not reach, has enlarged the region of the domain the signal occupies, and a stage
discarding them has shrunk it, and which of the two happens can be measured instead of
assumed.

Something must nonetheless perform the reduction, and it is important to know which
stage does. Four of the six coordinates, frequency and amplitude as functions of time and
of position across the contact, are what high-speed imaging of themoving skin can deliver.
Hence Paper III is an attempt to sample that object at the first stage, not to assume its
shape.

What happens in between
Between the skin and the cortex lie the cuneate nucleus and the thalamus. Neither is stud-
ied in this thesis and neither is surveyed here. What follows is theminimumneeded to read
the two ends: enough to establish what has already been done to the afferent signal before
it reaches the cortex, and hence what can and cannot be attributed to the cortex itself.

20



The cuneate nucleus
Tactile afferent signals from the forelimb are first processed in the cuneate nucleus of the
brainstem, and the processing there is not relay-like. Individual cuneate neurons integrate
sensory quanta from multiple afferents (Bengtsson et al., 2013), and spatiotemporal skin
strain distributions evoke spike responses in themwith strikingly low trial-to-trial variabil-
ity (Hayward et al., 2014). More pointedly for the framework used here, cuneate neurons
were found to decompose tactile input into subsets of what are now called haptic kine-
matic invariants (Jörntell et al., 2014); that observation is where the idea originates (Jörn-
tell et al., 2026; Ramasamy and Jörntell, 2026). It is direct evidence that reduction of the
plenhaptic function begins before the thalamus and has a basis in the physics of contact.
Intracellular dynamics in these neurons appear well suited to acquiring such representa-
tions by a self-stabilising learning process (Rongala et al., 2018).

The recombination at this stage is extensive. Tonic and phasic afferent signals are fused,
not kept apart, whichmeans that the receptor-class distinctions drawn at the periphery are
already partly dissolved one synapse into the central nervous system (Jörntell et al., 2014;
Hayward et al., 2014). The spinothalamic pathways provide a parallel route, but a more
indirect one: it is relayed through neurons of the spinal cord, where the signal is mixed
with input from several sensor types and shaped by intrinsic spinal network processing,
and it tends to carry less precise tactile information (Craig, 2003; Dum et al., 2009).

Thalamic relays
The thalamus continues this process instead of reversing it. Individual thalamic neurons
represent input from both rapidly and slowly adapting low-threshold mechanoreceptors,
so that cortical responses to touch reflect subcortical integration, not the preservation of
separate labelled channels (Emanuel et al., 2021). Tactile input patterns, moreover, are
decodable widely among thalamic neurons, not only within a restricted somatosensory
subset (Wahlbom et al., 2021). By the time afferent activity reaches the cortex it has passed
through at least two stages at which nonlinear integration occurred, and relatively little of
the structure of the original afferent signal should be expected to survive intact.

The cortical end of the pathway

Somatosensory cortex and its supposed boundaries
The conventional picture of primary somatosensory cortex is somatotopic and modality-
specific: a map of the body surface, processing touch. A substantial body of work is dif-
ficult to reconcile with it. Using an electrotactile interface capable of delivering precisely
reproducible, complex spatiotemporal patterns to the primary afferents of the skin (Oddo
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et al., 2017), it has been shown that neocortical neurons decode tactile input patterns ubiq-
uitously (Enander et al., 2019), and that somatosensory cortical neurons decode both pat-
tern and location from digits on either side of the body (Enander and Jörntell, 2019). Re-
sponses to a given modality are not confined to its nominal primary area (Ghazanfar and
Schroeder, 2006; Olcese et al., 2013; de Lafuente and Romo, 2006), and focal cortical le-
sions impair information processing in neurons at a distance from the lesion (Wahlbom
et al., 2019).

The anatomical substrate for such spread is better documented than it once was. Individ-
ual corticocortical axons arborise farmore widely than traditionally assumed, as data from
theMouseLight database show (Szeier et al., 2025), and cortico-thalamo-cortical loops pro-
vide a further route by which activity evoked in one area can reach many others.

A competing interpretation must be taken seriously. Where responses to one modality
appear in another modality’s primary area, they may reflect behavioural responses that
the stimulus triggered, and not the stimulus itself; this has been argued for sound-evoked
activity in mouse visual cortex (Bimbard et al., 2023), and movement accounts for a great
deal of the variance in single-trial cortical activity (Musall et al., 2019; Stringer et al., 2019).
The argument does not dispose of the phenomenon, since responses that differ according
to which stimulus was presented imply that the behaviour was itself stimulus-specific, but
it doesmean that experiments intending to characterise the passive propagation of sensory
information through the cortical network have a reason to suppress behavioural reactions.
That is one motivation for the lightly anaesthetised preparation used in Papers I and IV.

Cortical state and the malleability of a response
Evenwithin a single area, the response of a cortical neuron to a fixed input is not fixed. Re-
sponses to identical tactile input patterns vary with the internal state of the network (Nor-
rlid et al., 2021), remote cortical perturbation changes the network solutions that given tac-
tile inputs elicit (Etemadi et al., 2022), and hippocampal output profoundly affects how
tactile input patterns are interpreted in S1 (Etemadi et al., 2023). Adjacent neocortical neu-
rons do not show repetitive correlation patterns with one another (Mogensen et al., 2019),
which is to say that the population is not composed of redundant copies. Spontaneous
activity, correspondingly, is neither low-dimensional nor idle (Stringer et al., 2019, 2021),
and simultaneously recorded spikes and field potentials can convey partly independent
information about the same input (Belitski et al., 2008). Comparable state-dependence
has been described for colour processing in visual cortex (Kristensen and Jörntell, 2023).
Where the fluctuations themselves originate is a further question. Channel current fluc-
tuations account for them in cerebellar Purkinje cells (Nilsson and Jörntell, 2021), and
modelling of closed-loop cortical and spinal networks indicates that the continual move-
ment of the population state observed in vivo requires either dynamic sensory input or ac-
tivity generated independently within the neurons themselves (Szeier and Jörntell, 2026).
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Where sensory drive is absent, as in the spontaneous activity considered here, only the
latter remains.

This variability is often treated as noise to be averaged away. The alternative reading, which
this thesis adopts, is that it is the signature of a network whose internal state carries infor-
mation of its own, and that a sensory input is interpreted in the context of whatever state
it happens to arrive in. On that reading the correct experimental response is not to aver-
age over states but to characterise the state space and treat the input as a perturbation of it,
which is the approach taken in Paper I. It alsomotivates analysing individual trials in place
ofmean responses, since averaging is the operation that removes the effect of interest. The
point is not new: ensembles of cortical neurons were shown a quarter of a century ago to
support prediction on single trials, with no averaging at all (Wessberg et al., 2000).

The functional argument forwhy a cortex should behave thisway has been set out in terms
of cross-modal invariants (Ramasamy and Jörntell, 2026). Unimodal invariants have a
ground truth in physics and can be acquired pre-cortically; invariants that link modali-
ties do not, and must be learned individually, retained over time, and applied only when
relevant. Retention of that kind requires a network with recursive loops long enough to
hold information in the absence of the input that produced it, which points to the tha-
lamocortical system. If such invariants suffuse the cortical network and do not reside in
identifiable convergence zones, then cross-modal structure andworking-memory-like per-
sistence should be detectable in ordinary sensory cortical populations. Papers I and IV test
both expectations.

The measurement problem
Each of the claims above is invisible to at least one of the measurements conventionally
used to investigate it. This was the practical obstacle that had to be cleared before the
rest of the work could proceed, and it recurs in the same form at the periphery and at the
cortex.

Bulk mechanics cannot see spatial structure
Ameasurement that integrates over the contact area returns one number where the ques-
tion requires a map. If harmonic generation in the skin were organised into domains,
an impedance measurement would report their average; if the organisation changed with
the stimulus, the average might barely move. The same limitation applies to single-point
recordings, which sample one location and cannot report whether it is representative. Re-
solving the question requires measuring themovement of the skin at many points at once,
at a temporal resolution sufficient to recover the frequency content at each of them.
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Filtering removes what decomposition preserves
For extracellular recordings the corresponding obstacle is band-pass filtering. Filtering is a
destructive operation: it alters the information content of the signal so that spikes can be
detected, and what is removed is not recoverable. A time–frequency decomposition does
something different in kind. It re-expresses the same signal in another vocabulary, one in
which events that overlap in time may be separable by their spectral signature, and it does
so without discarding the content of the original.

The difficulty is that decomposition is subject to the uncertainty principle: resolution
gained in time is paid for in frequency (Cohen, 1966). The short-time Fourier transform
must choose a window length, and the choice is wrong for some part of any signal span-
ning a wide frequency range; the multiresolution Fourier transform was an early attempt
to escape that single choice (Wilson et al., 1992). The continuous wavelet transform scales
thewindowwith frequency and so addresses themultiresolutionproblemdirectly (Morlet
et al., 1982; Addison, 2018), but remains bound by the same constraint.

Two lines of work have pushed against it. One reshapes the distribution itself, as in the
exponential kernels used to suppress cross-terms in multicomponent signals (Choi and
Williams, 1989). The other combines several decompositions: taking the geometric mean
of spectra computed at different window lengths yields a more localised positive time–
frequency function, and that combination is optimal in the sense ofminimising themean
cross-entropy to the underlying energy distribution (Loughlin et al., 1994). Applying the
same idea to wavelets gives the superlet transform (Moca et al., 2021) and its fractional
adaptive variant. The remaining problems are practical: the ensemble is computationally
expensive, and if the scales are spaced too widely a feature can be suppressed whenever any
single scale returns a near-zero response. Paper II closes that gap.

The reach of these methods is worth noting, because it bears on how widely the result
should be expected to matter. Time–frequency decomposition underpins work as var-
ied as fingerprint enhancement (Chikkerur et al., 2007), seismic segmentation (Hashemi,
2012), speech and music classification (Bhattacharjee et al., 2020), long-horizon forecast-
ing (Luo et al., 2025; Zhao et al., 2025), and clinical signal analysis (Wu et al., 2021; He
et al., 2022); super-resolution variants have since been applied to seizure detection, cardiac
arrhythmia classification, phonon dynamics and radio-frequency fingerprinting (Tripathi
et al., 2023, 2022; Gentry et al., 2022; Baldini and Dimc, 2025).

Why this matters for the biology is that low-impedance multichannel probes now record
many neurons at once (Buzsáki, 2004; Jun et al., 2017; Steinmetz et al., 2021; Chung et al.,
2019), and the recorded signal is amixture of the characteristic waveforms ofmany sources.
The problem is formally the cocktail party problem, and it is soluble to the extent that the
sources have separable time–frequency signatures. Any loss of fidelity in the representa-
tion propagates: it affects which spikes are detected, which are assigned towhich unit, and
hence which population is analysed at all.
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Averaging and reduction remove what single trials preserve
The third obstacle is analytical rather than instrumental. Averaging responses across repe-
titions is the standard way of establishing that a neuron responds to a stimulus, and it dis-
cards exactly the trial-to-trial variation that cortical state-dependence produces (Norrlid
et al., 2021; Etemadi et al., 2022). A measure that operates on individual trials, and asks
whether responses to different inputs form separable clusters, addresses a different and ar-
guably more relevant question: not whether the mean response differs, but whether the
identity of the input can be recovered from a single presentation.

Dimensionality reduction poses a related problem one level up. Embedding a population
recording in a small number of dimensions makes it tractable and usually makes it look
orderly, but every embedding carries an implicit assumption about the computational ar-
chitecture of the circuit, and that many different embeddings all return workable answers
shows that none of them has been established as the right one (Ramasamy and Jörntell,
2026; Spanne and Jörntell, 2015). Give a recording enough independent degrees of free-
dom and some projection of it will track some external variable, so a demonstrated cor-
relation is only worth as much as the constraints placed on the embedding beforehand
(Kristensen et al., 2024;Roland, 2023). The argument here is not against reduction, which
this thesis uses throughout, but against treating the number of retained dimensions as a
presentational convenience when it is a scientific claim.

mechanical
event at
contact

skin
ridged,

nonlinear

mechano‑
receptive
afferents
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nucleus thalamus neocortex
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adds harmonics;
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nonlinear
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outlives the input

Papers II, III Papers I, IVestablished background

Figure 1. From skin mechanics to cortical representation. The conventional account treats each arrow as a reduction. This
thesis examines the two stages shown in red and finds that neither reduces: the skin adds spectral structure that depends on
the stimulus, and the cortical representation is high‑dimensional, distributed and persists beyond the input. The relay stages
between them are not studied here; they are drawn in because what they are known to do to the signal constrains what can be
attributed to the cortex.

Taken together, these three obstacles describe a single situation. The conventional tools
for looking at touch each simplify the signal before examining it, and they simplify it in
ways that would conceal spatially organised mechanical structure at the periphery and
high-dimensional, state-dependent, persistent structure at the cortex. The four papers of
this thesis were an attempt to look without simplifying first, and to find out what is there
when one does.
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Aims

The overall aim of this thesis is to establish where, along the path from amechanical event
at the fingertip to a cortical population response, haptic information is actually reduced,
and to show that at the two junctions where reduction is conventionally assumed, it does
not occur.

Reaching that aim required a measurement problem to be solved first, and the specific
aims follow from that dependency:

• Paper I. To characterise the dimensionality of the spontaneous state space of primary
somatosensory cortical neuron populations, and to test whether tactile representations
in that state space are modulated by another modality and whether they outlast the in-
put, all with mechanotransduction bypassed.

• Paper II. To derive a time–frequency decomposition capable of separating short, over-
lapping, similar bursts, and to establish that it re-expresses a signal in a form more ac-
cessible to a classifier than the band-pass filtered voltage from which information has
already been removed.

• Paper III. To determine, with spatial resolution across the contact area, how the fin-
gertip skin transforms a controlled vibrotactile input before transduction: specifically,
whether that transformation is uniform across the skin, whether it is linear, andwhether
it is a fixed property of the tissue or contingent on the stimulus.

• Paper IV.To testwhether finenuances of dynamic vibrotactile input, delivered through
the intact mechanotransduction step, are represented at cortical sites remote from the
direct sensory thalamocortical input, and whether cortical neurons encode such input
in terms of frequency.
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Methods

This section gives an overview of the experimental and analytical methods used in the four
papers; the full detail is in the papers themselves. Three choices recur throughout and are
worth stating once. Inputs were made highly reproducible, so that variability in the re-
sponse could be attributed to the systemunder study, not to variation inwhat it was given.
Inputs were made dynamic and long-lasting instead of brief and monotonous, because a
static stimulus tests howmuch of the afferent signal is preserved, which is a different ques-
tion from how the network transforms it. And measurements were taken at the highest
resolution the method allowed, because the structure reported in this thesis exists above
the resolution at which the conventional analysis operates.

Experimental

Ethical considerations
All animal experiments were approved in advance by theMalmö/Lund animal ethics com-
mittee, and all procedures were performed in accordance with the relevant guidelines and
regulations. Paper I was performed under ethical permit M13193-2017. The work in Pa-
per IV is reported in accordance with the ARRIVE guidelines. Animals were maintained
in the Lund University animal facilities on a 12 h light/dark cycle, housed two or three to
a cage and habituated before the experiments, with free access to food and water.

All recordings were acute and terminal, and the animals were killed with an overdose of
pentobarbital at the end of the experiment without regaining consciousness. The acute
anaesthetised preparationwas chosenbecause the question askedhere concerns the passive
propagation of sensory information through the cortical network, which in an awake ani-
mal is confounded by behavioural reactions to the stimulus (Bimbard et al., 2023; Musall
et al., 2019). Animal numbers were kept to those needed to establish the effects reported:
five animals in Paper I and eight in Paper IV, one insertion per animal in the latter.

The human imaging in Paper III was performed on one healthy adult volunteer who gave
written informed consent. The measurement was non-invasive throughout: the finger
rested passively on the surface of the stimulator and was imaged optically.

27



The haptic display
Papers III and IV used the same class of vibrotactile stimulator, a custom haptic display
built around a wide-band electrodynamic actuator (Actronika SAS) coupled to a rigid
plexiglass plate. The actuator combines a Halbach magnet array, generating regions of
quasi-uniform magnetic field, with a pair of counter-oriented flat coils, so that actuation
arises from the mutual Laplace force between the two modules. A unidirectional four-
leaf-spring suspension, whose bidirectional stiffness was tuned through the thickness and
width of the leaves, was used to keep the frequency response flat and repeatable across the
working band and to prevent distortion under load. The design target was a flat response
between 50 and 500 Hz at peak-to-peak displacements up to 100 µm.

In Paper III the plate was driven tangentially, in the plane of the contact, so that the finger-
tip was loaded by lateral shear, not by normal compression. Drive waveforms were synthe-
sised digitally at 30 kHz. An accelerometer mounted on the plate and sampled at 100 kHz
was used to pre-compensate the drive: the measured acceleration yielded an amplitude-
correction factor that flattened the surface acceleration spectrum, and the corrected wave-
form was the one delivered.

That accelerometer signal carries the weight of the central claim in Paper III. Measuring
the rigid plate alone, it showed no harmonics of the driving frequency. It hence serves as a
harmonic-free reference for the input, and any harmonic content subsequently found in
the movement of the skin cannot have originated in the stimulus or the stimulator.

Stimulus design

Tone bursts and chirps (Paper III)
Two stimulus families were used. Tone bursts were Morlet-windowed, with centre fre-
quencies stepped from75 to 475Hz in 25Hz increments, each burst approximately 300ms
long with about 500 ms between bursts; the number of cycles was chosen to fill the burst
duration. The harmonic analysis concentrates on three representative centre frequencies,
75, 100 and 126 Hz. Chirps were linear frequency sweeps from 80 to 480 Hz with total
durations of 1, 3, 6 and 10 s, presented singly and as overlaid combinations of two or three
sweeps of different rates, and were used for the filtering analysis. Each sequence was re-
peated three times, and stimulus onsets were marked with digital triggers so that the opti-
cal recording could be aligned to the stimulus timeline.

Vibrotactile tunes (Paper IV)
Eight waveform sequences, referred to as tunes, were designed for the haptic stimulation
and sampled at 30 kHz to match the recording. Each tune comprised seven tones of vary-
ing pitch and length; each tone was a sinusoid multiplied by a Gaussian window whose
width was set by a per-tone scale factor. Tune 1, for example, used the frequencies 112, 100,
134, 142, 100, 89 and 84 Hz with scale factors 1.5, 0.5, 1.0, 1.75, 1.25, 0.75 and 0.25; Tune 2
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used frequencies at double those values with the same scale factors, and Tune 3 a fixed
randomised reordering of the frequencies of Tune 1.

The designmatters for the interpretation. Consecutive toneswithin a tune always differ in
frequency, and the frequency content overlaps substantially between tunes, so the tunes
cannot be told apart by their spectra alone. Their peak-to-peak amplitude was held con-
stant while pulse durations and intervals varied, so what distinguishes them is temporal
structure. Patterns were presented in random order with a random relaxation period of
0.9–1.1 s between presentations.

Electrotactile and visual patterns (Paper I)
Paper I bypassed mechanotransduction in order to deliver patterns of maximal repro-
ducibility at the level of afferent activation (Oddo et al., 2017). Tactile stimulation was
delivered through four pairs of intracutaneous needle electrodes inserted into the volar
side of the second digit of the forepaw, 2–3 mm between pairs and 1 mm or less within
a pair, as pulses of 0.5 mA and 0.14 ms duration. The four patterns mimic hypothetical
afferent activation patterns for four types of mechanical skin-object interaction, lasted
between 200 and 340 ms, and were delivered in pre-defined random order at intervals of
about 1.8 s, each repeated 200 times.

Visual stimulation used four adjacent 7000 mcd light-emitting diodes in red, blue, green
and yellow, positioned at 30° from the midline of the animal and 4–5 cm from the left eye.
Four patterns were built as multicolour pulse trains containing two pulses of each colour,
each pulse 5 ms long at 1 mWwith 25ms to the onset of the next, giving a total duration of
215ms; eachwas repeated 200 times. In the visuo-tactile experiments the visual component
was a non-patterned train of five pulses in which all four colours were activated together,
beginning simultaneously with the tactile pattern.

High-speed imaging of the fingertip
The skin in contact with the plate was imaged from above, through the transparent plate,
with a high-speed camera at 1000 frames/s. Frameswere stored as 512×512 grayscale images,
and a 300×300 pixel patch covering the contact region was used for the burst analysis; the
field of view spanned the fingertip–plate contact, of the order of severalmillimetres across.
For each pixel the frame-to-frame brightness defined a time-continuous movement signal
sampled at 1000 Hz, and this signal was the input to the time–frequency analysis.

What that brightness physically reports matters for the interpretation of the results, be-
cause it is contact intensity and not displacement. Each pixel images the ridged contact
band being sheared beneath it, which is what allows the parity of the harmonics at a pixel
to be read as a signature of its position on the contact geometry.
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Animals, anaesthesia and surgery
Papers I and IV used adult male Sprague-Dawley rats, weighing 320–430 g and 300–350 g
respectively. Animals were sedated with isoflurane in air at 3%, for one to two minutes in
Paper I and two minutes in Paper IV, and general anaesthesia was then induced with an
intraperitoneal mixture of ketamine and xylazine. The induction doses differed between
the two studies; the maintenance regime did not. Anaesthesia was maintained through
a catheter in the femoral vein delivering Ringer acetate and glucose mixed with ketamine
and xylazine in a 20:1 ratio, at approximately 5 mg/kg/h ketamine.

A craniotomy was made over the right somatosensory cortex, 2×2 mm over the forepaw
area in Paper I and 4×4mmspanningAP−2.0 to+2.0 andML 1.5–5.0 relative to bregma
in Paper IV, and a grounding electrode was placed in themuscle of the neck or back. After
probe insertion the exposed cortex was covered with agarose, at 1% in Paper I and 0.5% in
Paper IV, to prevent dehydration and reduce tissue movement.

Depth of anaesthesia was monitored throughout in two ways: by regularly confirming
the absence of withdrawal reflexes to noxious pinch of the hind paw, and by continuously
observing the irregular alternation of sleep spindleswithmore desynchronised epochs that
characterises sleep (Niedermeyer and Lopes da Silva, 2005). The intention was a light but
sufficient anaesthetic depth.

Neuropixels recordings
Extracellular recordings were made with Neuropixels silicon probes (Jun et al., 2017): ver-
sion 2.0 in Paper I and 1.0 acquisition hardware in Paper IV, in the latter case with a PXIe-
1071 chassis and PXI-6133 I/O (National Instruments) and export through SpikeGLX. Sig-
nals were sampled at 30 kHz per channel. In Paper IV the amplifier gain was 500 and the
deepest 384 recording sites were used. Recordings were time-synchronised to the stimula-
tor through the trigger input of the I/Omodule.

In Paper I the probe was inserted in the forepaw region of S1, at coordinates −1.0 to
1.0 mm relative to bregma. Of its 384 channels only the upper 180 were analysed, these
being the ones within cortex, which in the rat is approximately 1.8 mm deep. Paper IV
made eight vertically oriented insertions, one per animal and approximately one hour of
recording each, targeted predominantly at regions outside the paw representation of S1,
with one insertion at paw-S1 for comparison.

Anatomical assignment in Paper IV requires a caveat that is made explicitly in the paper.
Insertion sites were referenced to bregma and assigned by overlaying the coordinates onto
a cortical atlas (Enander and Jörntell, 2019); post-hoc histological reconstruction of the
electrode tracks was not performed. The anatomical labels should be read as targeted re-
gions, corroborated functionally by the latency and F1 distributions, not as histologically
verified ones.
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Analysis

Time–frequency decomposition
The transform derived in Paper II is used as the analytical engine of Paper III. Its con-
struction begins from the observation that combining continuous wavelet transforms at
several scales through a geometricmean yields amore localised time–frequency representa-
tion, and that this geometric mean is the estimator minimising the mean cross-entropy to
the underlying energy distribution. Paper II takes the scale increment to zero, so that the
product over discrete scales becomes a geometric product integral, and solves that integral
analytically. The result is a single wavelet, the hyperlet, which delivers the super-resolution
of an ensemble in one transform.

The decomposition re-expresses the signal rather than removing content from it, which
is what makes it an alternative to band-pass filtering and not a refinement of it. It is also
cheap: because it replaces an ensemble of convolutions with one, it is fast enough to be
applied densely, which is what made a decomposition at every pixel of an imaging record
tractable in Paper III. Both properties are relied on throughout.

Against them stands a trade-off. Thehyperlet confines energy to a compact central patch at
the price of a faint peripheral halo, and that halo inflates the classical Heisenberg-areamet-
ric even as the central lobe becomes cleaner and more information-dense. The transform
is hence well suited to isolating short bursts from dense backgrounds and correspondingly
less suited to confining long cyclical events within a narrow window.

In Paper III the per-pixel decomposition was evaluated on a 1–425 Hz grid in 1 Hz steps.
For the chirp analyses, where the requirement is to follow a slow sweep instead of resolv-
ing a short transient, a conventional adaptive Morlet continuous wavelet transform was
sufficient and was used instead.

Quantifying the resolution of a transform
Paper II evaluates the hyperlet against the short-time Fourier transform, the continuous
wavelet transform and the fractional adaptive superlet transformon seven complementary
metrics computed on the kernels and transforms: Heisenberg area, integrated side-lobe
level, jointRényi entropy of order 2, Gini sparsity index,mutual information,Wasserstein-
2 distance to a centred isotropic Gaussian, and box-counting fractal dimension.

Because these metrics are abstract, an operational test was added: two identical superim-
posed signal bursts were gradually separated in time and in frequency, and the separation
at which eachmethod could resolve them as two events was recorded. This is the property
the application actually needs.
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Synthetic signals with known components were used to probe resolution across the spec-
trum, and signals with unknown, rapidly changing components were used to test whether
the higher resolving power improves the description of events that were not designed to
be found. Runtime was benchmarked on CPU with multithreaded convolutions, taking
the median of eight trials per point.

Per-pixel harmonic analysis
For each pixel in Paper III, the fundamental and its low-order harmonics, from f through
5f , were recovered from the response to a burst of about 300ms. Pixels were then assigned
to one of four classes according to which harmonics carried substantial energy: all, only
odd, only even, or none. Two further quantitieswere derived across the contact: the rate at
which harmonic energy decays across harmonic orders, and whether a pixel changes class
between stimuli of different driving frequency.

This classification is a coarse, threshold-based summaryof a continuousphenomenon, and
is treated as such in the interpretation. Its purpose is to make a spatial pattern visible, not
to assert that the four classes are natural kinds.

Spike sorting
Recordings were sorted with Kilosort (Pachitariu et al., 2024), version 2.5 in Paper I and
version 4 in Paper IV. Sorted units were then curatedmanually in Phy on the basis of spike
waveform shape, firing pattern and inter-spike interval violations. In Paper I units firing
below 0.8 Hz, units confounded with stimulation artefacts, and units with more than 1%
of their inter-spike intervals shorter than 2 ms were removed. In Paper IV the manual
curation was applied to the units that had already passed the decoding criterion described
below.

The hyperlet was not used as the spike-sorting front end, although that was the intention
when Paper II was written. It demonstrates that the decomposition improves the separa-
bility of spike waveforms for a generic classifier, but a sorter is more than a representation
with a classifier attached: automated unsupervised clustering, drift correction and an in-
terface for error correction would all have to be built before it could replace an established
one. The hyperlet is one part of such a system, not a substitute for it, which is why the
recordings here were sorted conventionally.

Single-trial decoding
Papers I and IV both classify individual trials instead of comparing averaged responses.
The reason is set out in the introduction: averaging removes the trial-to-trial variation in
which cortical state-dependence lives, and the question of interest is not whether a mean
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response differs but whether the identity of the input can be recovered from a single pre-
sentation.

The procedure is the same in outline. The discrete spike times of a unit are converted to
a time-continuous signal by convolution with a Gaussian kernel; the resulting represen-
tations are reduced by principal component analysis; and a k-nearest-neighbour classifier,
operating on Euclidean distances between data points, is asked which stimulus produced
each trial. Performance is reported as a macro-F1 score against the chance level set by the
number of classes, which in Paper IV is 12.5% for the eight tunes.

Paper IV specifies two hyperparameters explicitly. The Gaussian convolution width was
selected per unit from a fixed grid of six biologically motivated values, 3, 5, 10, 15, 20 and
30 ms, by maximum mean cross-validated F1 across 100 train/test shuffles, so that each
neuron’s preferred temporal scale is reflected in the analysis. The number of neighbours
k was tuned within each individual shuffle by a small grid search on the training fold only,
never on the test fold. A unit was retained if its mean macro-F1 across the 100 stratified
shuffles exceeded chance atp < 0.05, with thep-value computed as the fraction of shuffles
at or below chance.

State-space characterisation
Paper I treats the population, and not the unit, as the object of analysis. Principal compo-
nent analysis was applied to the activity distributions across the recorded population dur-
ing the 300ms window preceding stimulus onset, to define the state space of spontaneous
activity. Sensory inputs were then treated as perturbations of that space, and the question
asked was whether an input displaced the population state detectably, and whether differ-
ent inputs produced different displacements. Decoding within that space used the same
k-nearest-neighbour approach.

The number of retained components is a substantive choice, not a presentational one. In-
stead of reducing to a small fixed number, the analysis retained the components required
to account for 95% of the variance of the spontaneous data, which in the five experiments
meant between 27 and 55 components. A convolutional neural network was trained on
the same data as an independent control, on the reasoning that a fundamentally different
analysis converging on the same conclusion is stronger evidence than either alone.

Alternatives considered
The faculty asks that a thesis discuss the methods critically and weigh the alternatives that
were not taken. Five choices in this work had defensible alternatives, and each was a trade.
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Anaesthetised rather than awake recording
Awake recording is the obvious alternative andwould remove the concern that anaesthesia
distorts cortical dynamics. It was not chosen because the question here is whether sensory
information propagates through the cortical network, and in an awake animal a sensory
input can produce cortical activity indirectly, by triggering a behavioural response that
itself drives the cortex (Bimbard et al., 2023;Musall et al., 2019; Stringer et al., 2019). Under
light anaesthesiawith low-intensity inputs, that route is largely closed, andwhat remains is
closer to the passive propagation the thesis is about. The cost is real: ketamine and xylazine
suppress cortical excitability and intracortical communication, so the persistence reported
in Papers I and IV is likely to underestimate what an awake animal would show. The
direction of that bias is at least known, which is why the finding is reported as conservative,
not as anaesthesia-dependent.

Electrophysiology rather than calcium imaging
Calcium imaging can record from an order of magnitude more neurons than a Neuropix-
els probe, and would have strengthened any claim about population dimensionality by
sheer sample size. It was not used because the temporal resolution of the indicator is far
below that of spiking, and the estimate of complexity in Paper I depends on richness across
time scales: the same paper shows themeasured dimensionality collapsing when temporal
resolution is degraded. Imaging would hence have traded away the variable being mea-
sured. Electrical recording keeps millisecond resolution at the cost of sampling a few tens
of neurons per experiment.

Atlas targeting rather than histological reconstruction
Insertion sites in Paper IV were assigned by referencing coordinates to bregma and over-
laying them on a cortical atlas, without reconstructing the electrode tracks histologically.
Histology would have given anatomically verified labels and is the strongermethod. What
the present design offers instead is functional corroboration: response latencies and F1
distributions separate the insertion targeted at paw-S1 from the others in the direction the
targeting predicts. The claims in Paper IV are correspondingly framed in terms of physi-
ological distance from the direct thalamocortical input and not in terms of named areas,
which is what the evidence supports.

Kilosort rather than a hyperlet-based front end
Papers I and IV were sorted with established versions of Kilosort (Pachitariu et al., 2024),
although a hyperlet-based front endwas the intended routewhenPaper IIwaswritten and
is the reason the spike application appears in that paper at all. What the work established
is that the gap between a better representation and a working sorter is wider than it looks:
drift correction, unsupervised clustering and an interface for error correction would all
have to be built first, each a research problem of its own, and doing so was a larger under-
taking than these studies could carry. Using a widely adopted sorter also makes the unit
yield comparable with other work. Re-sorting the Paper IV recordings with a hyperlet
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front end is the natural test of whether the improvement demonstrated on hybrid data
transfers to real recordings.

Linear reduction rather than nonlinear embedding
Principal component analysis is a linear method, and a range of nonlinear embeddings
would produce lower-dimensional and often more visually orderly descriptions of the
same population data. The argument for staying linear is set out in Paper I and is not
that nonlinear methods fail. It is that they succeed too easily: many different embeddings
work, they disagree, and each encodes an unverified assumption about the computational
architecture of the circuit (Kristensen et al., 2024; Ramasamy and Jörntell, 2026; Spanne
and Jörntell, 2015; Roland, 2023). A linear method retaining enough components to ac-
count for 95% of the variance makes fewer such assumptions and is less likely to discard
structure because it does not fit a low-dimensional picture. The cost is that the resulting
description is harder to visualise and less compact.

Use of generative AI
Generative AI (Claude, Anthropic) was used to draft and revise parts of the framework
narrative and to prepare its typesetting. It was not used to generate, analyse or interpret
experimental data, and no figures were produced with it. The script that generates the
cover artwork was also written with its assistance; the artwork is a synthetic illustration
and contains no data. All text has been reviewed and revised by the author.
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Results

The papers are numbered as they are on the notification for the thesis defence, which is
roughly the order in which the work was done. That order also happens to trace the ar-
gument. Paper I establishes the cortical phenomenon with the skin taken out of the loop.
Paper II derives the analytical instrument. Paper III turns that instrument on the skin it-
self, where it is the analysis engine of every principal result. Paper IV then returns to the
cortex with the skin reinstated, and its central result is only interpretable in the light of
Paper III.

The instrument was meant to reach further than it did. The intention behind Paper II
was that a hyperlet front endwould replace band-pass filtering in the spike-sortingpipeline,
and so serve the cortical recordings of Paper IV aswell as the imaging of Paper III.Working
the problem through showed that a spike sorter is a substantially larger undertaking than
a better time–frequency representation, and that the hyperlet is one component of such
a system and not a substitute for it. Paper IV was therefore sorted with an established
sorter. That is a result of the work rather than an omission from it, and it is taken up in
the discussion.

Paper I: High-dimensional cortical signals reveal rich bi-
modal and working memory-like representations among S1
neuron populations
The first paper asks how complex the signals of a cortical neuron population actually are.
Tactile input was delivered as highly reproducible electrotactile spatiotemporal patterns
through intracutaneous needle electrodes (Oddo et al., 2017), visual input as multicolour
LED pulse trains, and in a subset of experiments the two were combined. Populations
of neurons in primary somatosensory cortex were recorded with Neuropixels probes at
millisecond resolution. The analysis first mapped the state space of spontaneous activity
using principal components of the prestimulus window, then treated the sensory inputs
as perturbations of that space and asked whether, and how specifically, they displaced it.

The spontaneous state space proved extremely high-dimensional: accounting for 95% of
its variance required a large fraction of the components available, and that dimensional-
ity collapsed when the temporal resolution of the recording was reduced. Tactile inputs
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displaced the state reliably, but so did visual inputs, and the population separated fine nu-
ances between individual visual patterns, in a cortical area conventionally treated as uni-
modal. When visual and tactile inputs were combined, the same tactile patterns produced
different population covariance patterns than they did alone. Finally, input-specific dis-
placements of the state persisted well after the stimulation had terminated, leaving infor-
mation about which input had just occurred resident in the ongoing activity.

The analysis drew on five experiments with 36 to 70 simultaneously isolated S1 neurons
each, 274 neurons in total. Accounting for 95% of the variance of the spontaneous ac-
tivity required 50, 27, 55, 42 and 28 components in the five experiments, which is 68, 81,
79, 62 and 78% of the number needed to account for all of it. The state space is hence
high-dimensional relative to the size of the population recorded, and that dimensionality
collapsed when the temporal resolution of the data was reduced.

In the illustrated experiment, decoding separated evoked from spontaneous activity with
an F1 score of 93% for tactile input and 81% for visual input, against a chance level of 50%;
shuffling the labels collapsed performance to a narrowdistribution around chance. Across
the three visuo-tactile experiments and four tactile patterns, F1 scores for separating the
same tactile patternwith andwithout accompanying visual input averaged 0.73 (SD0.027)
against 0.50 for shuffled data. A convolutional network trained on the same data as an in-
dependent control confirmed that evoked and spontaneous distributions differed, though
at a lower level than the full set of components achieved with the nearest-neighbour ap-
proach.

Information about which tactile pattern had been delivered remained decodable through-
out the 1000 ms window tested. F1 scores in successive post-stimulus windows stayed sig-
nificantly above the pre-stimulus level, at 0.363 (SD0.054) in the 201–400mswindow and
still 0.329 (SD 0.028) at 601–800 ms.

What this contributes to the argument
Because the electrotactile interface bypasses mechanotransduction, none of the complex-
ity seen here can have been introduced by the skin. Paper I fixes a baseline: the cortical
representation of a tactile input is high-dimensional, is not confined to its nominal modal-
ity, and outlives its stimulus, all without any peripheral mechanics in the loop. Everything
that follows is an attempt to find out what the skin adds to that, and what survives when
it is put back.

Paper II: Super-resolution time–frequency decomposition
with hyperlets for neural spike analysis
Answering that question required an instrument. Time–frequency decomposition is the
standard way to unmix signals frommultiple sources with distinct characteristics, but ex-
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tactile input). This indicates that the information in the recorded neuron
population, which was after all a highly limited set of neurons with max-
imum 70 neurons per experiment, is high-dimensional, i.e., the number of
activity distributions that the population can display is extremely high
relative to its size. This is a powerful asset in a network, as itmeans that it has
high representational capacity. We also directly tested to what extent the

temporal resolution of the neural recording data impacted these results.
Figure 1F illustrates that the dimensionality of the neural data degraded
exponentiallywith lower temporal resolution.Thenumber ofPCsneeded to
explain 95% of the variance as a function of the temporal resolution of the
neural recording data is also reported as numbers, alongside the number of
neurons, across all experiments in Supplementary Table 1.

https://doi.org/10.1038/s42003-024-06743-z Article

Communications Biology |          (2024) 7:1043 3

Figure 2. Summary of results from Paper I. Principal component analysis of the S1 neuron population, showing the dimension‑
ality of the spontaneous state space and the separation of evoked from spontaneous activity. Reproduced from Paper I.
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isting tools localise short, overlapping bursts poorly. The problem is acute in extracellular
recordings from low-impedance multi-electrode arrays, where each neuron contributes
a characteristic waveform mixed with the signals of hundreds of other sources. Existing
super-resolution approaches, notably the superlet transform and its fractional adaptive
variant, combine several continuous wavelet transforms at different scales through a geo-
metricmean. Thisworks, but it is computationally expensive, and it can suppress a feature
whenever any one scale returns a near-zero response, a real risk when the scales are widely
spaced.

Paper II removes the discretisation. By taking the scale increment to zero, the geometric
mean over a set of wavelets becomes a geometric product integral, which can be solved an-
alytically into a single wavelet: the hyperlet. The resulting transform retains theminimum
mean cross-entropy optimality of the discrete construction while collapsing an ensemble
of convolutions into one.

The transform was evaluated against the short-time Fourier transform, the continuous
wavelet transform and the fractional adaptive superlet transform on sevenmetrics, and on
an operational test in which two identical superimposed bursts were gradually separated
in time and in frequency, down to separations of 2ms and 2Hz. The hyperlet resolved the
pair at smaller separations than the alternatives while requiring roughly a twentieth of the
operations of the fractional adaptive superlet transform.

The trade-off is visible in the metrics themselves and is worth stating plainly. The hyper-
let confines energy to a compact central patch at the cost of a faint peripheral halo, and
that halo inflates the classical Heisenberg area even as the central lobe becomes cleaner
and more information-dense. The transform is hence suited to isolating discrete events
from dense backgrounds, and correspondingly less suited to confining long cyclical events
within a narrow window.

Table 1. Kernel and transform quality metrics, reproduced from Table 3 of Paper II. Heisenberg area (HA), integrated side‑lobe
level (ISL), joint Rényi entropyH2, Gini sparsity index, mutual information I(T ;F ), Wasserstein‑2 distanceW2 to a centred
unit Gaussian, and box‑count fractal dimension (FD). Lower is better except for ISL, I and Gini. The three best values in each
column are in bold. HA and ISL are undefined for FASLT.

Method Parameters HA ISL H2 Gini I(T ;F ) W2 FD

STFT W = 0.032 1.026 26.64 8.73 0.998964 2.21e–3 1.231 1.664
STFT W = 0.128 1.026 32.66 9.78 0.997119 2.91e–5 1.254 1.655
STFT W = 0.512 1.026 38.69 11.14 0.988750 −1.71e–7 1.228 1.659
CWT c = 5 1.000 27.79 8.80 0.998887 9.08e–3 1.239 1.710
CWT c = 16 1.000 32.84 9.64 0.997432 1.44e–2 1.258 1.676
CWT c = 64 1.000 38.86 10.99 0.990066 1.53e–2 1.235 1.676
HLT ζ = 1.0,n = 0.99 299 11.77 8.85 0.998794 7.37e–3 1.026 1.840
HLT ζ = 5.0,n = 0.99 144 19.82 8.78 0.998779 1.83e–2 1.063 1.829
HLT ζ = 0.35,n = 0.5 1.59e4 39.18 8.73 0.998069 3.44e–2 1.149 1.717
FASLT c1 = 3, o = [1, 22] – – 9.25 0.998300 2.63e–3 1.254 1.659
FASLT c1 = 5, o = [1, 30] – – 9.73 0.997276 7.25e–3 1.254 1.658
FASLT c1 = 1, o = [5, 40] – – 8.94 0.998760 1.04e–3 1.250 1.656
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The hyperlet takes the best value on four of the seven metrics (Table 1): the highest inte-
grated side-lobe level, the highest mutual information, the lowest Wasserstein-2 distance
to a centredGaussian, and the equal-lowest joint Rényi entropy, where it ties with the nar-
rowest short-time Fourier window. Read together these say that almost all the energy sits
in one tight ridge whose shape is near-Gaussian and therefore close to optimally compact,
with little ambiguity between when an event occurred and at what frequency.

The onemetric it loses on is, however, the revealing one. ItsHeisenberg area is two to four
orders of magnitude worse than the classical transforms, and the reason is the spectral-
sharpening kernel: it produces a narrow main ridge but pushes a very low-level skirt far
into the periphery. That skirt carries almost no energy, so it barely affects entropy or
sparsity, but it inflates both σt and σf , and since the Heisenberg area is their product
it explodes. The classical metric penalises a halo heavily even when the core is pin-sharp.
Which of these matters depends on the task. Where discrete events must be isolated from
dense backgrounds, algorithms look at peak energy cells and their immediate neighbours,
the halo is irrelevant, and clean narrow peaks with low side lobes improve detection di-
rectly.

Two applications follow. For the neural case, ten synthetic spike clusters with known
ground truth were inserted into real extracellular cortical recordings across eight channels,
and twenty occurrences of each were classified twice: once from the band-pass filtered
voltage, once from the hyperlet decomposition. Six principal components accounted for
about 80% of the variance of the decomposed data against 60% for the filtered voltage, and
the filtered data needed 17 components to reach the level the decomposition reached with
six. Nearest-neighbour classification on six components was 45% more accurate, in rela-
tive terms, on the decomposition. Note that six components is the number the current
version of Kilosort uses, so the comparison is made at the operating point of an existing
sorter.

The likely reason is that band-pass filtering distorts a waveform according to what else is
present: superimposing an oscillation below the filter cut-off changes the filtered result,
so the same spike can fail to be recognised as the same spike depending on whether a field
potential happened to coincide with it. A decomposition does not have that property
because it removes nothing.

The second application is acoustic, decomposing an orchestral recording, where the hy-
perlet again gave sharper temporal localisation and greater frequency separation than the
alternatives. Given that human frequency and time discrimination operate in the range of
2–10 Hz and 2–10 ms, the improvement is of a size that matters for auditory work.

This is a demonstration of what the representation affords, not a spike sorting pipeline;
the distinction is returned to in the discussion.
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K. Kesgin and H. Jörntell

Fig. 3. Decomposition of a series of signal events, each occupying widely separated frequency ranges. (A) The signal with the three Gaussian burst pairs indicated, 
superimposed with 4 sinusoidal background oscillations. (B) The decomposition achieved by each comparative method (rows). The decompositions at various 
parameter tunings, as indicated, for the respective method are shown in columns. Each spectrogram has the same duration as the input signal. W=time window 
length for the STFT; c=number of cycles in the Morlet wavelet (CWT and FASLT); o=order, i.e. the scaling factor for the number of cycles in the Morlet wavelet 
depending on frequency (FASLT); 𝜁 and 𝑛 for HLT are defined in Eq. (4).

Fig. 5A illustrates the performance for a more complex, synthetic 
signal (signal properties described with details in Section 4.2). By sum-
ming all the frequency components across each time point, i.e. getting 
the stationary frequency-power spectrum similar to applying a Fourier 
Transform, it can be observed that the frequency landscape was most 
precisely represented by the HLT as shown in the right hand panels in 
Fig. 5A. The zoomed-in graphs in Fig. 5B illustrate that HLT also pro-
vided the highest joint temporal and frequency resolution. Note the left 
hand graphs, highlighting that the HLT was the only method that could 
resolve the complex signal structure. This was because the highlighted 
cycles (Fig. 5B) combined high power cycles in the higher frequency 
with additional specific cycles a lower frequency component is present. 
This requires a joint time-frequency resolution capability that is beyond 
both the classical methods like STFT and CWT and the computation-
ally expensive super-resolution method FASLT. Fig. 5C,D illustrates that 
these indicated higher resolution events are no artefacts and in fact do 

represent the information content of the original synthetic signal, as 
demonstrated with the cosine similarity between the power of the orig-
inal signal in time and the summed time-power representation of each 
spectrum in Fig. 5C. Similar operation is then performed to assess the 
similarity in the frequency domain in Fig. 5D where the cosine similarity 
between the power of the Fourier Transform of the original signal and 
summed frequency-power representation of each spectrum is reported. 
Again, jointly in time and frequency, HLT provided a more faithful cap-
ture of the original signal, in addition to visibly demonstrating a joint 
higher resolution as illustrated in Fig. 5B,C. Note that the optimal pa-
rameter tunings for each respective method were found to be slightly 
different in Fig. 5 compared to Fig. 3. Other parameter tunings obtained 
worse results, as shown in the Supplementary Figure A.2. Across these 
decompositions, the fact that the hyperlet combines multiple observa-
tions into one operation in addition provides the HLT with a major edge 
with respect to computational load compared to FASLT (Fig. 4).

Pattern Recognition 172 (2026) 112598 

4 

Figure 3. Summary of results from Paper II. Decomposition of a series of signal events by STFT, CWT, FASLT and the hyperlet
transform at matched parameters. Reproduced from Paper II.
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What this contributes to the argument
Band-pass filtering removes information; it alters the content of the signal in order tomake
it tractable. A time–frequency decomposition does something categorically different: it
expresses the same information in another vocabulary, one adownstreamclassifier can read
more easily. Paper II establishes that the secondoption is computationally affordable at the
scale of real recordings and that it measurably improves what can be recovered. Paper III
rests on it directly: without a decomposition cheap enough to run at every pixel of an
imaging record, the spatialmap of harmonic content could not have beenmade at all. The
intended second application, a spike-sorting front end for the cortical recordings, is where
the same paper establishes the limit ofwhat a transform alone can do. Beyond both, and as
the discussion will argue, re-expressing instead of discarding is also a description of what
the biological system itself does at each stage.

Paper III: Spatially distributed, stimulus-dependent har-
monic generation in the fingertip skin during interaction
with a haptic display
Themechanical compliance of the fingertip shapes vibrotactile information before any re-
ceptor transduces it, but how that transformation is organised across the contact area was
unknown. Bulk impedance measurements and single-point recordings average over the
contact and cannot say whether the transformation is uniform, nor whether what hap-
pens at a given location is a fixed property of the local tissue or depends on the stimulus.

A fingertip rested passively on the plexiglass surface of a custom haptic display delivering
tangential vibratory tone bursts. The drive was pre-compensated using a co-located ac-
celerometer. Critically, that accelerometer, measuring the rigid plate alone, showed no
harmonics of the driving frequency. Any harmonic content in the skin response hence
cannot originate in the stimulus or the stimulator. The moving skin was imaged from
above at 1000 frames per second, resolving the papillary ridges, and the brightness signal
of every pixel was decomposed with the transform of Paper II.

Four results follow. First, the skin generates harmonics: localmovement carries substantial
energy at integer multiples of a frequency that was not present in the input. Second, that
harmonic content is spatially organised into coherent domains aligned with the papillary
ridges, in which the movement is dominated by all, only odd, only even, or no harmonics.
Third, the harmonic class at a given location is not an anatomical property: many locations
switch between odd-dominant and even-dominant behaviourwhen the driving frequency
changes, and the rate atwhich harmonic energy decays across orders variesmarkedly across
the surface. Fourth, the skin low-pass filters the input, and the attenuation applied to any
one frequency depends on which other frequencies are simultaneously present.
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The harmonic analysis concentrates on three representative burst frequencies, 75, 100 and
126Hz, drawn from a series stepped between 75 and 475Hz. Pixels a fraction of a millime-
tre apart behave qualitatively differently: onemay be dominated by the fundamental with
an orderly decaying harmonic series while its neighbour expresses harmonics that exceed
the fundamental.

The parity switching between stimuli is not scattered. Locations that were odd-dominant
under the 75 Hz stimulus became even-dominant under the 100 Hz stimulus, and sepa-
rately locations thatwere even-dominant became odd-dominant, and both switching pop-
ulations form spatially coherent bands along the ridges, not isolated pixels. Coherence of
that kind is the argument against classification noise. Decay of harmonic energy across
orders was summarised by fitting an exponential and taking the decay coefficient; the re-
sulting maps were again spatially structured, with the most rapidly decaying behaviour
concentrated along particular ridge domains, and they differed between stimuli.

The filtering result is quantitative. Presenting two chirps of different sweep rates simul-
taneously, the slowly swept component was attenuated approximately 20% less than the
rapidly swept component over the 100–225 Hz range, so the attenuation applied to a fre-
quency depends on the context in which it arrives.

Classification used the relative power in ±20 Hz bands around the fundamental and its
second and third harmonics. A pixel was labelled as expressing all harmonics when the
series decayed in order, with the fundamental above the second above the third; odd har-
monics when the fundamental exceeded the third and the third exceeded the second; even
harmonicswhen the second dominated; and no harmonics otherwise. The resultingmaps
were highly structured, not random. The classes formed coherent elongated domains run-
ning parallel to the papillary ridges, with bands of odd-dominant, even-dominant and
full-harmonic behaviour interleaved, and the same banded organisation appeared at every
stimulus frequency tested. The pattern was not, however, identical across stimuli: both
the relative areas occupied by each class and the precise placement of the bands shifted
with the driving frequency (Figure 4).

These observations admit a direct mechanical reading. Because brightness reports the in-
tensity of skin–plate contact, each pixel images the ridged contact band being sheared be-
neath it: a pixel over a contactmaximum sits at a turning point of thatmotion and returns
even harmonics, one on a contact slope returns odd harmonics, and the balance between
them shifts as the shear amplitude changes with frequency. The parity map is therefore
a signature of the sheared ridge contact geometry and not a map of distinct mechanical
regimes. The harmonic content itself, however, is real, and it is the skin that introduces it.

What this contributes to the argument
This is the first of the two junctions at which touch is supposed to be simplified, and it
is not a simplification. The skin adds spectral components that were not in the stimulus,
distributes themnon-uniformly across the contact according to its ownmicroarchitecture,
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Stimulation pattern 1  (75 Hz) Stimulation pattern 2  (100 Hz)

All harmonics Odd only Even only None

Spatial distribution of skin harmonics across the fingertip

Fig. 3 Spatial distribution of skin harmonics across the fingertip. Each panel maps, pixel by
pixel, the dominant harmonic behaviour of the skin movement for one stimulation pattern (patterns
1 and 2: 75 and 100 Hz). Colours denote pixels dominated by all harmonics (orderly decaying series),
odd harmonics only, even harmonics only, or none. The harmonic classes form coherent bands aligned
with the papillary ridges, and their distribution changes with the driving frequency.

2.4 The even and odd domains are a geometric readout of the
sheared ridge contact

What produces two interleaved harmonic parities that reconfigure with frequency? The
imaging itself gives a direct, geometric answer. Because brightness reports the inten-
sity of skin–plate contact, each pixel records the ridge contact band sliding beneath
it as the plate shears the skin back and forth (Fig. 5a). A pixel sitting over a contact
maximum—the crest of a papillary ridge—is at a turning point of that band: displac-
ing the contact in either direction moves the maximum off the pixel, so its brightness
rises and falls twice per drive cycle, at 2f (Fig. 5b). A pixel on a contact slope, where
intensity varies roughly linearly with position, instead tracks the drive frequency f .
The even/odd classification therefore sorts pixels by where they sit on the ridge con-
tact profile—not by two distinct force laws—and the banded map of Fig. 3 follows
the papillary-ridge geometry.

Two features of the data bear this out. First, even-class pixels carry little power
at the fundamental itself—the signature of a turning point, where the linear coupling
between displacement and brightness vanishes and 2f dominates. Second, the map
reconfigures with frequency because the shear amplitude does: the skin movement falls
steeply with frequency (the low-pass characterised next), so higher-frequency stimuli

6

Figure 4. Summary of results fromPaper III. Spatial distribution of harmonic classes across the fingertip contact for two driving
frequencies, showing the ridge‑aligned domains and their reorganisation with the stimulus. Reproduced from Paper III.

and rearranges that distributionwhen the stimulus changes. Whatever amechanoreceptor
receives is hence a locally and contingently transformed version of the event, not a scaled
copy of it. Frequency does not survive the interface as an independent variable, which is
what makes the central result of Paper IV intelligible. And part of what has been read as
neural computation is, to some degree, already performed by tissue mechanics.

Paper IV: Highly resolved representations of dynamic haptic
inputs in non-primary sensory cortical neuron representa-
tions
Earlierwork from this environment showed that neurons far fromprimary somatosensory
cortex, even in V1, can separate fine nuances of tactile input patterns (Enander and Jörn-
tell, 2019; Enander et al., 2019). Those studies, like Paper I, used an electrotactile interface,
which delivers highly reproducible patterns directly to the afferents but bypasses mechan-
otransduction entirely. Paper IV asks whether the same holds when the skin is left in the
loop.
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A vibratory plate was placed in contact with four digits of the rat forepaw and delivered
eight stimulation patterns, or “tunes”, each a series of Gaussian pulses at specific frequen-
cies, with consecutive pulses differing in frequency and with large partial overlaps in the
frequencies used across tunes. Peak-to-peak amplitude was held constant while pulse du-
rations and intervals varied between patterns, so the tunes differed in their temporal struc-
ture, not in their spectral content alone. Neuropixels insertions were made in separate
animals under light anaesthesia, targeted predominantly at regions outside the paw rep-
resentation of S1, with one insertion at paw-S1 for comparison. Instead of averaging re-
sponses, each trial was represented as a Gaussian-convolved spike train and classified with
a PCA–kNN decoder, with per-unit macro-F1 tested against the 12.5% chance level set by
the eight balanced classes.

Three findings stand out. Large numbers of neurons separated the tunes regardless of
recording location, including at sites whose response latencies place them at substantial
physiological distance from the direct sensory thalamocortical input. Noneuron showed a
frequency-specific response over the range tested, roughly 80 to 300Hz; what the neurons
tracked insteadwas the accelerationof the inputmagnitude, and the same tuneplayedback
at different speedswas encoded asmoreor less disjunct insteadof as a scaled versionof itself.
Finally, the combined activity of small populations of neighbouring neurons supported
time-resolved decoding of which pattern was currently playing, and that pattern-specific
decoding persisted for hundreds of milliseconds past stimulus offset, most markedly in
populations recorded closer to the direct thalamocortical input.

Across the eight experiments, 410 units passed the per-unit significance criterion. Because
different neuronsmay carry decodable information on different temporal scales, theGaus-
sian convolution width was selected per unit from a six-point grid committed in advance;
the median preferred width was 12 ms, consistent with the 12–40 ms range previously re-
ported for S1 cortical neurons responding to electrotactile patterns (Oddo et al., 2017).
The preferred width was uncorrelated with F1, which argues against the selection inflating
scores by fitting noise.

The experiment targeted at paw-S1 behaved as its position predicts. It showed the shortest
response latencies, 35–50 ms, the largest number of units passing the inclusion criterion,
and the largest number of units with high F1 scores. Among units scoring 0.3 and above
there was an overall inverse relationship between response latency and F1; below that level
no clear relationship was apparent. This is the functional evidence standing in for histo-
logical verification of how directly a recording site receives thalamocortical input.

Time-resolved decoding was computed in 50 ms steps within populations of ten neurons.
Pattern-specific information persisted past stimulus offset for different durations at dif-
ferent sites: throughout the roughly 750 ms post-offset window displayed in the paw-S1
experiment, above the+2 SD baseline band until approximately 250 ms past offset in an-
other, and above the+1 SD band until approximately 550 ms past offset in a third. The
gradient follows proximity to the direct thalamocortical input.
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neuron populations that were remotely located to the direct sensory thalamocortical input Each time 283 

bin in Fig. 5 represents a cross-validated PCA–kNN decoding of the combined population activity of 284 

10 neurons, yielding a time-evolving F1 score. The shaded ±1 SD and ±2 SD envelopes are descriptive 285 

references from the pre-stimulus baseline and do not correspond to per-bin hypothesis tests. By this 286 

criterion, 4/7 experiments located outside the direct sensory thalamocortical input crossed the +2 SD 287 

baseline envelope (Figure 5, bottom traces). Notably, the F1 score remains above the pre-stimulus 288 

baseline band for a substantial period past stimulus offset in each of the three displayed 289 

experiments: throughout the displayed post-offset window (approximately 750 ms past offset) in 290 

experiment #5, the one targeted at paw-S1; above the +2 SD band until approximately 250 ms past 291 

offset and above the +1 SD band to the end of the displayed window in experiment #4; and above 292 

the +1 SD band until approximately 550 ms past offset in experiment #7. The combined cortical 293 

population activity therefore retains pattern-specific information from the just-ended input for 294 

several hundred milliseconds, most strongly closer to the direct sensory thalamocortical input. In 295 

descriptive terms this is a short-term cortical memory of which stimulus has just been presented. 296 

 297 

Figure 5: Decoding at each time step within populations of 10 neurons. Top, F1 score per each time 298 

step of 50 ms for separating the four long-lasting stimuli (pattern #1-#4, see Figure 1) for a combined 299 

neuron population of 10 neurons. Below, combined population decoding for two other experiments, 300 

located away from any short latency input to the cortex. In each panel, grey shadings indicate +/- 1 301 

s.d. and +/- 2 s.d., respectively, of the baseline data (0.9 s before the onset of the stimulation 302 

patterns). 303 

Discussion 304 

We found that vibrotactile inputs to the fingertips were widely represented across the cortical 305 

network and that large populations of neurons that were highly indirectly receiving thalamocortical 306 

input from the digits were capable of separating the fine-nuanced stimulation patterns (Figures 1,2) 307 

and moreover could encode each given input pattern in unique ways (Figures 4,5). 308 

Figure 5. Summary of results from Paper IV. Time‑resolved decoding within small populations, showing pattern‑specific infor‑
mation persisting beyond stimulus offset. Reproduced from Paper IV.
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What this contributes to the argument
The absence of frequency tuning is the result that most needs explaining, and Paper III
explains it. If the skin redistributes energy across harmonics in a way that is spatially het-
erogeneous and contingent on the stimulus, then no stable frequency variable survives the
interface for a cortical neuron to be tuned to. The absence is not a failure of the cortex to
extract frequency; it is a property of what the cortex is given. Paper IV also closes the loop
on Paper I: the high-dimensional, distributed, persistent representation seenwith the skin
bypassed is, however, still there when the skin is reinstated, so the periphery is not the
source of that complexity; it is an additional, structured contribution to it.

47



Discussion

The conventional account of touch is one of progressive reduction. Skin deformation
is transduced, labelled channels carry frequency and force centrally, and the primary so-
matosensory cortex extracts the features from which perception is assembled. Each stage
is assumed to discard what is not needed. The four papers in this thesis examine the two
junctions at which most of that discarding is supposed to happen, the mechanics of the
skin and the cortical representation of what the skin sends, and neither behaves as the ac-
count requires. What follows is organised around the three claims this supports: that the
skin expands rather than reduces, in the spatiotemporal sense set out below, that the cortex
distributes and sustains where the account has it localising and discarding, and that seeing
either of these requires measuring the signal before any step that discards part of it.

The skin expands rather than reduces

Harmonic generation as an expansion
The fingertip in Paper III returns spectral content that the stimulus did not contain. Be-
cause the accelerometer measuring the driven plate showed no harmonics of the drive, the
harmonics observed in themovement of the skin can only have been introduced by the tis-
sue itself. That the finger–surface interaction is nonlinear is not new: the interaction force
during sliding contact carries harmonics of the fundamental imposed by a grating, with
amplitudes decaying at a non-integer rate (Wiertlewski et al., 2011a,b), and the lateral me-
chanical impedance of the fingertip departs from a linear response across the frequencies
relevant to touch (Wiertlewski and Hayward, 2012).

What Paper III adds is a spatial account. Bulk impedance measurements and single-point
recordings return one number where the question requires a map, and an averaged trans-
formation is compatible with a greatmany underlying arrangements. Resolving themove-
ment at every pixel of the contact shows that the arrangement is not uniform: harmonic
content is organised into coherent domains that follow the papillary ridges, within which
movement is dominated by all, only odd, only even, or no harmonics of the drive.

The sense in which this counts as an expansion needs stating exactly, because in one sense
it cannot be one. Spatially the tissue can only lose, since a continuous mechanical field
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sampled by a finite receptor population has fewer places to be read than to exist. The ex-
pansion is in frequency and in time. The plate was driven within a narrow band; what
the tissue presents to the receptors covers a wider one, covers it differently from one place
on the contact to the next, and differs again from moment to moment. Put in the terms
of Chapter 1, the coordinates of the plenhaptic domain are fixed at six, but the region of
that domain the signal occupies is larger downstream of the tissue than upstream of it.
Hence the features that survive to the receptors are kinematic invariants, activation pat-
terns evolving in time, not static ones (Jörntell et al., 2026). Note that no information has
been created here; a nonlinear process has redistributed energy that was already present.
But describing what arrives at the receptor sheet takes more than describing what was de-
livered to the plate, and that is the reverse of what the funnel account predicts of this stage.

Stimulus-dependence and the loss of frequency as a variable
The consequence that carries furthest is not the harmonics themselves but their contin-
gency. A location returning even harmonics at one driving frequency returns odd har-
monics at another, and the attenuation the skin applies to any one frequency depends on
which other frequencies accompany it. Neither observation is available to a measurement
that presents one frequency at a time and averages over the contact.

Frequency is hence not conserved across the interface as an independent variable. What
reaches a receptor is jointly determined by the input spectrum, the local contact geometry
and the shear amplitude, and those contributions cannot be separated by recording from
the afferent alone. This has a direct implication for how afferent tuning should be read. A
tuning curve measured at a mechanoreceptor is a property of the receptor together with
the tissue around it, and since the tissue’s contribution is itself stimulus-dependent, the
tuning need not be stable across the stimuli an animal actually encounters.

What Imeasured is optically resolvedmovement at the surface of the skin, not strain at the
depth where the receptors sit, and pixel brightness reports contact intensity, not displace-
ment. The paritymap is read here as a signature of the sheared ridge contact geometry, not
as a map of distinct mechanical regimes. What is established is that the tissue transforms
the input nonlinearly and non-uniformly; what is inferred, and remains to be shown di-
rectly, is that the afferent population inherits that transformation.

Mechanics as part of the computation
If the tissue performs a transformation that is nonlinear, spatially structured and contin-
gent on the stimulus, the boundary usually drawn between mechanics and computation
becomes hard to defend. This aligns with the argument that skin tissue dynamics are in-
tegral to tactile sensing and not a nuisance preceding it (Rongala et al., 2024), and with
evidence that vibrations propagating across the hand shape the afferent population that is
recruited (Manfredi et al., 2012; Shao et al., 2016).
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It also supplies an empirical counterpart to amodelling result. A cortical-like recurrentnet-
work learning autonomously throughHebbian rules acquired representations that gener-
alised to unseen inputs, and retained that ability after substantial loss of sensors or inter-
nal connections, only when its input carried the dependencies that mechanical coupling
produces; training on inputs stripped of those dependencies degraded it (Rongala and
Jörntell, 2026). Note that Paper III establishes dependencies of the required kind as real,
measurable and richer than themodel assumed, since they are reorganised by the stimulus,
not fixed by the tissue.

There is a design implication that follows without any neuroscience. If the fidelity of a
haptic percept depends on amedium that redistributes energy across frequency and space
in a manner contingent on the whole stimulus, then actuator density and precision are
not the only limits on a display, and compensating for the actuator while ignoring the
skin corrects the smaller of the two transformations.

The cortex distributes and sustains rather than localises

Fine haptic detail far from the primary area
Paper IV finds large populations of neurons separating fine-nuanced vibrotactile patterns
at sites whose response latencies place them well away from the direct thalamocortical in-
put. This extends to genuinely haptic stimulation what had previously been shown with
electrotactile patterns delivered directly to the afferents (Enander and Jörntell, 2019; Enan-
der et al., 2019; Oddo et al., 2017;Wahlbom et al., 2021), and it does so withmechanotrans-
duction intact, which was the one step those earlier studies bypassed.

The finding belongs to a broader revision of cortical parcellation (Wallace et al., 2004;
Ghazanfar and Schroeder, 2006; Olcese et al., 2013). Responses attributable to a given
modality are recorded well outside its nominal primary area (de Lafuente and Romo,
2006), focal lesions impair processing in neurons at a distance from the lesion (Wahlbom
et al., 2019), and the anatomical substrate is better documented than it was: individual
corticocortical axons arborise far more widely than the textbook picture allows (Szeier
et al., 2025), and cortico-thalamo-cortical loops provide a second route.

The strongest objection, however, is that distant responses reflect behaviour instead of sen-
sation. Sound-evoked activity in mouse visual cortex has been argued to originate in the
behavioural response the sound triggers (Bimbard et al., 2023), and movement accounts
for much of the variance in single-trial cortical activity (Musall et al., 2019; Stringer et al.,
2019). Two things limit the objection here. First, responses that differ according to which
stimuluswaspresented imply thatwhatevermediates them is itself stimulus-specific, so the
objection relocates the specificity instead of removing it. Second, the preparationwas cho-
sen to close that route: light anaesthesia and low-intensity inputs leave little scope for a be-
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havioural reaction to intervene. What is observed is closer to passive propagation through
the network than to a sensorimotor loop.

Why no neuron is tuned to frequency
The negative result of Paper IV is where the peripheral and central halves of this thesis
meet. No neuron showed a frequency-specific response over the range tested, roughly 80
to 300 Hz; what the neurons tracked was the acceleration of input magnitude, and the
same tune played at different speeds was represented as disjunct and not as a scaled version
of itself.

Read alone, this is a puzzle, and one that invites the wrong explanation, that the cortex has
discarded frequency. Read after Paper III it is close to a prediction. If the skin redistributes
energy across harmonics in a manner that varies with location and with the rest of the
stimulus, then no stable frequency variable survives the interface for a neuron to be tuned
to. The absence is a property ofwhat the cortex is given, not a failure of the cortex to extract
what it was given. That the neurons instead tracked the acceleration of input magnitude
is consistent with local shear forces dominating the afferent drive, which is the quantity
Paper III measures.

This bears on the strongest contrary result. Neurons in mouse forelimb somatosensory
cortex have been reported to encode vibration frequency through spike rates tuned to a
preferred value, in a manner explicitly likened to pitch representation in auditory cortex
(Prsa et al., 2019). That finding was obtained with sustained sinusoidal vibration whose
frequency was stepped between conditions, and the disagreement is less about the cortex
than about the stimulus. A long-duration pure tone is a form of skin stimulation an an-
imal will never encounter, and it holds fixed the very thing that varies in natural contact.
An experiment of that design can only return an answer to the question it asks: present a
stationary frequency and a tuning curve is what there is to find. What the relevant affer-
ents actually encounter, recorded in awake and freely moving animals, is the animal’s own
movement and low-amplitude vibration arriving from the environment, across a popu-
lation diverse in tuning and sensitivity (Turecek and Ginty, 2024). The tunes used in
Paper IVwere built the opposite way, with the frequency changing from tone to tone and
the tunes overlapping in spectral content, so that frequency alone could not identify the
stimulus.

Paper III is a human fingertip resting passively and Paper IV is the rat forepaw under a
vibrating plate. The two are linked by using the same class of haptic display, so the me-
chanical input is of the same kind, but Paper III does not measure Paper IV’s periphery,
and the inference is one of mechanism, not of measurement. The absence of frequency
tuning would in any case be overdetermined. Successive nonlinear recombination along
the pathwaywould degrade a frequency label even if the skin were linear: tonic and phasic
afferent signals are fused in the cuneate nucleus, where subsets of haptic kinematic invari-
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ants are segregated (Jörntell et al., 2014; Bengtsson et al., 2013; Hayward et al., 2014), and
individual thalamic neurons already represent input from both rapidly and slowly adapt-
ing mechanoreceptors (Emanuel et al., 2021). Paper III shows that the degradation begins
earlier than any of these stages, not that the later stages are irrelevant.

Persistence and a substrate for working memory
Papers I and IV converge on the same phenomenon from opposite directions. Input-
specific information outlives its stimulus: by hundreds of milliseconds in non-primary
cortex under genuine haptic drive, and on a comparable or longer timescale in S1 under
electrotactile drive. The finding survives a change of preparation, of stimulation route
and of recording site, which suggests it is a property of the cortical network and not of
either protocol.

The behaviour matches standard definitions of working memory closely enough to be
worth naming as such. The classical criterion, that neurons remain active when the infor-
mation they code for is no longer present (Funahashi et al., 1989; Goldman-Rakic, 1996),
is satisfied, and the phenomenon is described in comparable terms across a wide range of
preparations (Haque et al., 2021). It is also what would be expected of a recurrent network
that is not noise-free: a perturbation of a recursive system persists until noise dissipates it
(Faisal et al., 2008), so a finite decay is what the account predicts, not an anomaly. Related
observations point the same way, with sensory input followed by internal replay that grad-
ually alters population responses (Marks andGoard, 2021), andwith stable representations
emerging from episodic activity that is itself variable (Xia et al., 2021).

The theoretical significance is what makes this more than a curiosity. Cross-modal in-
variants have no ground truth in physics and must be learned, retained and applied only
when relevant, which requires a network able to hold information in the absence of the in-
put that produced it; only the thalamocortical system, with recursive loops of in principle
unbounded length, appears to have the necessary infrastructure (Ramasamy and Jörntell,
2026). If such invariants suffuse the cortical network and do not reside in identifiable con-
vergence zones, working-memory-like persistence should be detectable in ordinary sensory
cortical populations, not only in association areas. Papers I and IV report exactly that, in
S1 and in cortex remote from S1 respectively.

Cross-modal structure in a unimodal area
Paper I finds S1 separating fine nuances between individual visual patterns, and finds tac-
tile processing altered when visual input accompanies it. Similar crossmodal associations
have been reported in cortical somatosensory cells (Zhou et al., 2020), and the case for a
neocortex that is multisensory in principle, not by exception has been made from several
directions (Ghazanfar and Schroeder, 2006; Wallace et al., 2004; Olcese et al., 2013).
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Together with the demonstration that a given tactile input is interpreted differently de-
pending on the internal state at the moment it arrives (Norrlid et al., 2021; Etemadi et al.,
2022, 2023), and that cortical processing varies with motivational state (Matteucci et al.,
2022), this is difficult to reconcile with amodality-specific primary area. The position this
thesis takes is that functional localisation is not so much wrong as underdetermined. A
region can have a reliable and privileged input, giving the fastest and strongest responses
to its own modality, while carrying detailed information about much else. What the lo-
calisation account gets wrong is the inference from privileged input to exclusive content.
On this reading the right question is not which area represents touch, but how a network
that represents a great deal at once keeps its representations usable.

What the measurement determines

Re-expression versus reduction
The same methodological choice recurs in all four papers. Paper II replaces band-pass fil-
tering, which removes information, with a decomposition that re-expresses the same infor-
mation in a basis a classifier can read. Paper III replaces bulk and single-point mechanical
measurementwith a per-pixelmap. Papers I and IV replace response averagingwith single-
trial decoding, and Paper I declines to reduce the population data to a few components,
retaining instead the dimensions needed to account for 95% of the variance. In each case
the structure reported here would have been invisible under the conventional alternative.

Stating this as a principle invites an obvious objection: amethod that preservesmore struc-
ture also preserves more noise, and the burden falls on the analysis to show that what sur-
vived is systematic. Each paper discharges that burden differently, and it is worth being
explicit about how. Paper III has the harmonic-free accelerometer, which establishes that
the harmonics cannot have come from the stimulus; the ridge alignment of the domains
is a further constraint, since noise has no reason to organise itself along the skin’s microar-
chitecture. Paper IV tests every unit against a shuffled null across 100 stratified train/test
splits and tunes its hyperparameters on training folds only, so that decoding above chance
cannot be an artefact of fitting. Paper I adds a convolutional network as an independent
control on the principal-component analysis, on the reasoning that two dissimilar analy-
ses agreeing is stronger evidence than either alone. Paper II is benchmarked against estab-
lished transforms on sevenmetrics and, more usefully, on an operational test of when two
superimposed bursts can be told apart.
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The cost of dimensionality reduction
The dominant approach to population recordings is to find an efficient low-dimensional
embedding. The objection developed in Paper I is not that such embeddings fail but that
many of them succeed, return different answers, and each carries an unverified assumption
about the computational architecture of the circuit (Jazayeri andOstojic, 2021;Ramasamy
and Jörntell, 2026; Spanne and Jörntell, 2015). A recording with enough independent de-
grees of freedomwill have some projection that tracks almost any variable one cares to test
it against, which is why the constraints imposed on the embedding matter more than the
fit it achieves (Kristensen et al., 2024; Roland, 2023).

The argument should be kept narrow, because it is easy to overstate. Dimensionality re-
duction is not a mistake; this thesis uses principal component analysis throughout, and
in some circuits a low-dimensional description can be characterised with real precision
(Chaudhuri et al., 2019; Khona and Fiete, 2022). That precision should not be mistaken
for evidence that the underlying system is low-dimensional. It is a calculated convenience:
a reduction accepted in order to gain some quantitative purchase on a complexity whose
true extent is unknown. The claim is that the number of retained dimensions is a substan-
tive scientific choice, not a display convenience. Paper I shows how easily it is made by
accident: the measured dimensionality of the same data collapses when the temporal reso-
lution of the recording is degraded, so amethodological decision about binning implicitly
determines a priori a conclusion about the complexity of the circuit.

A related point applies to what counts as noise. Trial-to-trial variability in cortical
responses is routinely averaged away, but variability of comparable character appears
throughout behaviour, in movement (Stergiou and Decker, 2011; Cavanaugh et al., 2017;
Wu et al., 2014), in force production (Nagamori et al., 2021) and in speech (Tang et al.,
2022), and it is regulated, not merely tolerated. Treating the neural counterpart as a
nuisance term assumes an answer to a question that has not been asked.

Situating the work: the plenhaptic function
Described as a map between two continua of moving points, a haptic interaction needs
unboundedlymany coordinates, and any organismmust hence be sensitive to a drastically
reduced subset of what could be measured (Hayward, 2011). Asked at the skin instead,
the same function becomes six-coordinate, frequency, amplitude, time and a position in
the three-dimensional tissue, with kinematic invariants as its constituents (Ramasamy and
Jörntell, 2026).

Paper III samples that object empirically: frequency and amplitude as functions of time
and of location across the contact. The sampling is partial, resolving the two-dimensional
surface, not the tissue volume in which the receptors actually sit. What it shows is that the
first reduction step does not reduce. The skin does not hand the receptors a subset of the
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plenhaptic function; it hands them a transformed version of the input, spectrally larger
than what it received and organised by its own microarchitecture.

Where, then, does the reduction occur? The two junctions this thesis measures were
chosen because they are where the conventional account places most of it, and neither
performs it. That leaves the relay stages, and there the existing evidence already points
somewhere specific: subsets of theoretically defined haptic kinematic invariants have been
found segregated in the cuneate nucleus (Jörntell et al., 2014), a reduction with a basis in
the physics of contact and of a kind neither stage measured here performs. Read together
with the results here, the picture that emerges is not a funnel narrowing steadily from skin
to cortex but something more localised: an expansion at the periphery, a selective extrac-
tion of invariants in the brainstem, and a high-dimensional, distributed representation at
the far end.

Methodological considerations

Anaesthesia
Papers I and IV both used ketamine and xylazine. The positive argument has been given:
the question concerns passive propagation of sensory information through the cortical
network, and an awake preparation admits an indirect route in which the stimulus drives
behaviour and the behaviour drives the cortex (Bimbard et al., 2023; Musall et al., 2019;
Stringer et al., 2019). Light anaesthesia with low-intensity inputs largely closes that route.

The choice of agent also matters. The agent was chosen for its property of preserving
patterns of sequential neuronal recruitment across diverse forms of UP state (Luczak and
Barthó, 2012), which is the justification given in Paper I. Depth was monitored continu-
ously by the absence ofwithdrawal reflexes andby the characteristic alternation of spindles
with desynchronised epochs (Niedermeyer and Lopes da Silva, 2005).

The caveat is real and should not be softened. Ketamine and xylazine suppress cortical
excitability and intracortical communication, and cortical dynamics differ between anaes-
thetised and waking states in ways that are directly relevant to sensory processing (Wright
et al., 2021). The persistence reported in Papers I and IV is most likely a conservative esti-
mate of what an awake animal would show, and not an artefact of the anaesthetic. That
the bias runs in a known direction is what makes the finding usable; it is not a substitute
for the awake experiment, which remains the obvious next test.
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Human fingertip and rat forepaw
Paper III is a human fingertip and Papers I and IV are the rat forepaw, and the thesis draws
a mechanistic link across that gap. The link is that Papers III and IV used the same class
of haptic display, so the mechanical input is of the same kind, delivered through glabrous
skin in both cases. What is not claimed is that Paper III measures the mechanics of the rat
forepaw. The ridge architecture, contact area and tissue dimensions all differ, and the par-
ity domains reported in Paper III are specific to the geometry that produced them. The
transferable claim is the general one: that a compliant ridged contact under tangential
drive generates stimulus-dependent harmonic structure, and so that frequency is not con-
served across the interface. Demonstrating this in the rat forepaw directly would remove
the inference, and is a well-defined experiment.

Statistical reach of Paper III
Note that Paper III reports one subject. The findings were internally reproducible, con-
sistent across the three stimulus frequencies analysed and spatially coherent across the
contact, which is what licenses treating them as a mechanism demonstration. The across-
subject distribution of harmonic and filtering behaviour is unestablished, and there are
obvious reasons to expect it to vary: skin hydration, ridge geometry, contact force and
finger size all differ between individuals. A cohort study would need to establish that har-
monic generation occurs in every subject, that the domain organisation follows the ridges
in every subject, and that parity switching with driving frequency is general, not idiosyn-
cratic. The first of those seems likely onmechanical grounds; the third is the one thatmost
needs testing, because it carries the argument about frequency.

What Paper IV cannot test
The single-insertion-per-animal designdemonstrates that finehaptic information is locally
decodable at each recorded site, including at sites remote from the direct thalamocortical
input. It cannot show that those local representations share a common format. Train-
ing a decoder on activity from one cortical site and applying it without retraining to an-
other would test that, and would require simultaneous multi-area recordings in one ani-
mal, which the design does not afford. The distinctionmatters for interpretation: what is
established is that the information is present in many places, not that the cortex uses one
code for it. The stronger claim is frequently assumed in this literature and is not supported
by these data.

Anatomical labels in Paper IV are likewise targeted, not histologically verified, and their
corroboration is functional, resting on response latencies and F1 distributions.
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How far a better time–frequency representation gets you
Paper II was written with a specific destination in mind. If band-pass filtering distorts a
spike waveform according to what else happens to be present, and a decomposition does
not, then replacing the filter at the front of a spike-sorting pipeline should recover units
that current sorters miss, and the cortical recordings of this thesis were the obvious place
to try it. Paper II establishes the first half of that argument: on hybrid data with known
ground truth, six components of the decomposition carry as much variance as seventeen
components of the filtered voltage, and a generic classifier placed on them is substantially
more accurate.

The second half did not follow, and the reason belongs here as a result and not as an omis-
sion. A spike sorter is not a representationwith a classifier attached. It requires automated
unsupervised clustering, drift correction over hours of recording, template matching that
survives waveform change, and an interface for human error correction, and each of these
is a research problem in its own right (Rey et al., 2015; Chung et al., 2017; Rossant et al.,
2016). Building one was a larger undertaking than this thesis could absorb alongside the
experimental work, andwhat Paper II contributes to that problem is a component: a front
end that is demonstrably better than filtering, waiting on the rest of a pipeline. Papers I
and IV were sorted with Kilosort (Pachitariu et al., 2024) accordingly, which has the inci-
dental benefit of keeping unit yields comparable with other work.

The obvious test is to re-sort the Paper IV recordings with a hyperlet front end and ask
whether the improvement demonstrated on hybrid data transfers to real recordings, and
in particular whether it changes the number of units recovered. That question has con-
sequences beyond convenience, since discrepancies between the number of neurons theo-
retically available to a probe and the number actually recovered bear on any claim about
population dimensionality. Cell-type assignment from spike waveform (Trainito et al.,
2019) would also benefit from a representation that has not been distorted by filtering.

That the transformhas been taken up outside thiswork is some evidence that it generalises.
The singular superlet formulation on which it builds has since been applied to seizure de-
tection, cardiac arrhythmia classification, phonon dynamics and radio-frequency finger-
printing (Tripathi et al., 2023, 2022; Gentry et al., 2022; Baldini and Dimc, 2025).

The broader perspective

Implications for haptic engineering
If the skin actively andnonlinearly transformswhat it is given, generating harmonics, redis-
tributing energy in space, andfiltering each frequency in amanner that depends on the rest
of the stimulus, then the fidelity of a haptic display depends on the integrative mechanics
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of the skin as much as on the density and precision of its actuators. Pre-compensating the
actuator, aswas donehere, corrects the smaller transformation and leaves the larger oneun-
touched. A display thatmodelled the skin’s response, or exploited it, might achieve amore
faithful percept than one treating the tissue as a linear medium. The spatial organisation
reported in Paper III suggests this is not merely a matter of equalising a transfer function,
since the transformation differs across the contact and changes with the stimulus.

Implications for how cortical representations are studied
If fine haptic information is broadly distributed and outlives its stimulus, then asking
where touch is represented is less productive than asking how a recursive network holds
and transforms it. That is the question the cross-modal invariant framework poses (Ra-
masamy and Jörntell, 2026), and the demonstration that such representations can emerge
from autonomous learning driven by the dependencies of a compliant body begins to an-
swer it (Rongala and Jörntell, 2026; Rongala et al., 2018). It also connects to accounts in
which the cortex is treated as a prediction-generating system, not a feature detector (Clark,
2013; Bar, 2007; Loeb and Fishel, 2014), and to observations that behavioural decisions
draw on activity distributed brain-wide and not localised to a task-specific area (Mimica
et al., 2023; Khilkevich et al., 2024). The methodological corollary is that experiments de-
signed to find localised, feature-tuned responses will tend to find them, because the analy-
ses thatmake data tractable are the same ones that remove the evidence against localisation.

Future directions
Four experiments follow directly from what is reported here.

The first is to measure the skin mechanics of the rat forepaw under the same display used
in Paper IV, which would replace the cross-species inference at the centre of this thesis
with a direct measurement. The second is to record afferent activity while imaging the
skin, so that the harmonic content available at a location can be compared with what the
afferents at that location actually encode; this is the step that would convert Paper III’s
mechanical claim into a claim about the sensory signal. The third is simultaneous multi-
area cortical recording, which is what a test of representational generalisation across cor-
tical sites requires, and which would settle whether the distributed decodability reported
in Paper IV reflects a shared code. The fourth is to repeat the persistence measurements
in awake animals, where the anaesthetic caveat does not apply and where the prediction,
given that ketamine suppresses cortical communication, is that the effect should be larger,
not smaller.

Two methodological developments would support all four. Building the hyperlet into a
complete spike-sorting pipelinewould test whether better time–frequency representation
recovers units that current sorters miss. And extending the per-pixel imaging approach to
active touch, where the fingermoves instead of resting passively, would bring themeasure-
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ment closer to the condition under which the haptic system actually evolved (Ramasamy
and Jörntell, 2026).
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Concluding remarks

This thesis set out to find where haptic information is reduced on its way from amechani-
cal event at the fingertip to a cortical population response. It examined the two junctions
at which the reduction is conventionally assumed to occur, and found that neither per-
forms it.

Paper I established the baseline with the skin bypassed: recorded through direct electro-
tactile activation, the spontaneous state space of a primary somatosensory population is
extremely high-dimensional, its tactile representations aremodulated by vision, and input-
specific information outlives the input. Paper II derived the hyperlet, a wavelet that inte-
grates a continuum of scales analytically and so achieves super-resolution in a single trans-
form, at a small fraction of the computational cost of the ensemble methods it replaces;
its role here was to make it affordable to re-express a signal instead of filtering it. Paper III
used that decomposition tomap, pixel by pixel, what the fingertip skin does to a controlled
vibratory input, and found that the skin generates harmonics that were not present in the
stimulus, arranges them intodomains that follow thepapillary ridges, and rearranges those
domains when the stimulus changes, so that the attenuation applied to any one frequency
depends on which others accompany it. Paper IV delivered comparable dynamic inputs
to the rat forepaw with the skin reinstated, and found fine haptic detail decodable at cor-
tical sites far from the direct thalamocortical input, no neuron tuned to frequency over
the range tested, and pattern-specific information persisting for hundreds of milliseconds
after the stimulus ended.

Read together these papers show that neither end of the pathway re-expresses less than it
receives. The skin returns frequencies its input never contained and organises them by its
own microarchitecture, which is why frequency does not survive the interface as an inde-
pendent variable and why the cortex has no stable frequency to be tuned to. The cortex
in turn spreads the resulting information widely and holds it past the stimulus instead of
compressing it into local, labelled representations. Neither of the two stages measured
here does the work of reduction that the conventional account assigns to it. Whatever
selection the system performs appears instead to happen between them, in the brainstem
relay where subsets of haptic invariants have been found segregated, instead of distributed
evenly along the pathway as the funnel picture implies.

A methodological claim runs alongside the biological one, and the two are not separable.
Each result reported here required declining a conventional simplification (filtering, spa-
tial averaging, response averaging, dimensionality reduction), and each would have been
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invisible had that simplification been accepted. The orderliness of the classical account of
touch is, to a degree that this thesis argues is substantial, a property of how touch has been
measured.

What I hope the work makes possible is a change of emphasis in two places. For the engi-
neering of haptic displays, it suggests that the medium deserves as much design attention
as the actuator. A display that compensates its own transducer and then treats the skin as
though it simply passed the signal on is correcting the smaller of two transformations, and
the larger one is spatially organised and changes with what is being played. For the study
of cortical representation, it suggests that the productive question is not where touch is
represented but how a recursive network holds and reshapes it, and that answering it will
require being willing to look at data before simplifying them. Neither point is settled by
four papers. Both, I think, are now harder to set aside.
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Populärvetenskaplig sammanfattning

Den här avhandlingen består av fyra vetenskapliga arbeten. Målet är att förstå vad som
händer med känselinformation på vägen från fingertoppen till hjärnbarken. Den vanliga
bilden är en tratt: huden känner av ett tryck, nervsignaler sorteras i separata kanaler på
vägen in, och hjärnbarken plockar till slut ut de egenskaper vi upplever. I varje steg antas
något sorteras bort. Frågan här är var det bortsorterandet faktiskt sker.

En del av svaret har varit svårt att se därför att mätmetoderna själva förenklar. Mäter man
hudens rörelse som ett medelvärde över hela kontaktytan kanman inte se om olika ställen
beter sig olika. Filtrerar man en hjärnsignal för att hitta nervcellernas urladdningar kastar
man samtidigt bort endel av informationen.Tarmanmedelvärdet avmångaupprepningar
försvinner just den variation som kan vara det intressanta.

I arbete I undersökte vi hur sammansatt aktiviteten är hos en grupp nervceller i den del
av hjärnbarken som anses hantera känsel. Vi gav elektriska beröringsmönster direkt till
nerverna i tassen, och ibland samtidigt ljusblixtar, och spelade in från flera tiotal nervceller
på en gång. Tre saker framkom. Aktiviteten var betydligt mer mångfacetterad än väntat.
Nervcellerna reagerade inte bara på beröring utan kunde också skilja olika ljusmönster från
varandra, trots att området anses vara enbart ett känselområde.Och informationenomvad
som just hänt fanns kvar i aktiviteten långt efter att stimuleringen upphört.

Arbete II handlar om verktyget. För att kunna se detaljer i en signal behöver man kunna
beskriva den både i tid och i frekvens samtidigt, och det finns en fysikalisk gräns för hur
bra det går. Vi härledde en ny matematisk metod, kallad hyperlet, som beskriver signalen
på ett rikare sätt i stället för att filtrera bort delar av den, och som är ungefär tjugo gånger
snabbare än den bästa jämförbara metoden. Det gjorde det praktiskt möjligt att analysera
mycket stora datamängder punkt för punkt.

I arbete III använde vi denmetoden på huden.Vi filmade en fingertoppmot en vibrerande
glasplatta med tusen bilder i sekunden och analyserade rörelsen i varje enskild bildpunkt.
Resultatet var oväntat. Huden skickar inte bara vidare den ton den får, utan skapar överto-
ner, alltså nya frekvenser som inte fanns i insignalen. Den gör det dessutom olika på olika
ställen, i band som följer fingeravtryckets åsar, och vilka övertoner ett visst ställe ger ifrån
sig ändras när man byter frekvens på det som spelas upp. Huden förenklar alltså inte sig-
nalen. Den gör den rikare, och på ett sätt som beror på vad som spelas.

I arbete IV följde vi signalen vidare in i hjärnan.Vi gav vibrationsmönster till tassen på sövd
råtta och spelade in från hundratals nervceller, de flesta långt utanför det område som bru-
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kar kallas känselbarken. Även där kunde nervcellerna skilja mycket lika vibrationsmönster
från varandra, vilket betyder att informationen är spridd och inte samlad på ett ställe. Ing-
en enda nervcell var däremot inställd på en bestämd frekvens. Det är svårt att förstå i sig,
men begripligt tillsammansmed resultatet från arbete III: om huden ändrar frekvensinne-
hållet olika på olika ställen finns det ingen stabil frekvens kvar att vara inställd på. Precis
som i arbete I fanns informationen om vad som just spelats kvar i flera tiondels sekunder
efter att stimuleringen upphört.

Sammantaget pekar arbetena åt samma håll. Känselinformation trattas inte ihop på vägen
in, den skrivs om. Huden lägger till struktur, och hjärnbarken sprider ut den och håller
kvar den i stället för att komprimera den. Att detta inte setts tidigare beror till en del på
att de vanligamätmetoderna förenklar innanman tittar. Kunskapen har två praktiska rikt-
ningar. För den sombygger utrustning som ska återge känsel, till exempel i handkontroller
eller skärmar, betyder det att hudens egen mekanik är minst lika viktig som hur exakt själ-
va vibratorn arbetar. För hjärnforskningen betyder det att frågan om var känseln sitter är
mindre användbar än frågan om hur ett nätverk håller kvar och omvandlar information.
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