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Abstract

We use our handsonstantly in oueverydaylives. This seemingly simplability is disrupted in
individuals with cervical spinal cord injurieBy circumventing injured signal pathwaysain-
computeinterfaces (Els) promiseto enable such individuals to control artificial limflos everyday

use Howewer, existing El limb control remains coarse and inflexible, because we do not
understand how the recorded neural activity relates to dexterous movamsamesult, Bl control

in physical settings remains frustratingly difficult for paralyzed usersmpoove dexterous @l
control | studied the neuralodingof individual finger movements in the posterior parietal cortex
and motor cortexf tetraplegic participantS heseregionsare directly involved in dexterous hand
movementsand are candidates foildBrecording implantsFinger coding matched the correlation
structure and dynamics of abddedied usage, reflecting preserved motor circuits even after paralysis.
Individual finger movementsf eachhand were coded in a factorizembrrelated manner that still
allowed decoding. Participants controlled artificial fingers with stétbe-art accuracy. Finally, we
studied theemporal dynamics of neural conttolunderstan¢how existing models afeuralactivity
extend to BCI congl. These findings contribute to the understanding of human hand movements
and advance the developmentlekterous Els.
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Nomenclature

BA: Brodmann Area

BCI: brain-computer interface, also known as a braachire interface (BMI)
calibrate/train : calculatedecod n g a | garameterbased era dataset
closedloop: online

contralateral: side of the body opposite to the implant or condition
crossnobis crossvalidatedsquaredviahalanobigissimilarity

decode predict a variable from recorded neural activity

dynamics temporal structure of neural activity patterns

factorized: explained bymultiple independent factorsvithout their interaction effects
firing rate : frequency of actiopotentials

fMRI : functional magnetic resonance imaging

geometry. organization / distance structurergural representations
ipsilateral: side of the body same as the implant or condition

JJ: one participant in our studies

M1: primary motor cortex

MC: motor cortex

neuroprosthetics prosthetics usingrainsignals

NHP: non-human primate

NS: one participant in our studies

offline: analyzed after the experiment

online: decoded or analyzed in reahe during the experiment, often with visual feedback
opertloop: performed without direct feedback of the neural activity

PC-IP: junction of the postcentral (PC) and intraparietal (IP) sulci

plasticity: ability of the nervous system to change or reorganize

population: a group ofrelatedneuronspften the group being recorded

PPC. posterior parietal cortex

RDM: representational dissimilarity matrix

representation pattern of neural activitgorrelated with given content, and hypothesized to cause
behavior

RSA: representational similarity analysis

SCI: spinal cord injury

SD: standard deviation

SEM: standard error of the mean

spike: action potential

spike sort identify and cluster action potentials into putative single neurons
tetraplegia: paralysis affecting all limbs

tuned: hypothesized to represesyecificinformation

unit: neuron

voxel pixel in a threaedimensional space



1 Introduction

1.1 Neural prosthesego restore movement

Many of us take for granted our ability itteractand move through our physical surroundings.
However, formore tharb million Americans and millions moggeopleglobally, paralysis impairs
this ability (Singh et al., 2014; Armour et al., 2016)any of these casesem from stroke, spinal
cord injury, multiple sclerosis, or cerebral palsy. For maegpleliving with paralysisactivities of
daily living, such ageedingyourselfor getting out of bedare challenging or impossible without
assistanc@Anderson, 2004; Snoek a&it, 2004; Collinger et al., 2013a)

One emerginglass ofmedical devicethat could assigbaralyzed individualsre brain
machine interface(BMI), also known asraincomputer interface(BCI) or neural prosthes.

BMIs record neurahctivity and deode motor intent to actuate an output devsceh asa robotic
arm This technology coul@mprove thequality of life of paralyzed individualby restoring motor
functionandcommunication

Early preclinical studiesvith nonhuman primate subjects hawused BMIs to control
computercursorg(Gilja et al., 2012androbotic limbs(Carmena et al., 2003; Velliste et al., 2008)
Since thenhuman tetraplegic participants in preliminaiiical trialshaveprovided a number of
casestudy applicationsincluding: keyboardtyping (Jarosiewicz et al., 2015; Pandarinath et al.,
2017; Nuyujukian et al., 2018; Willett et al., 2024peech generation for people with anarthria
(Anumanchipalli et al., 2019; Moses et al., 2021; Sarah K Wandelt et al., 2022; Willett et af., 2023)
robotic arm contro{Hochberg et al., 2012; Collinger et al., 2013c; Wodlinger et al., 2@1%)
controlling the ykeeddmbyAjimyeaet d.s201@)Whis widearangd of
applicationsand customizabty will be necessaryto match thediversity of BCl uses 6 mot or
abilities and lifestyles.

Neural prosthesesork with manyunderlying disability causes, in large part because they
work by bypassing injured regions. In tlexampleof spinal cord injuriesyolitional motor
commands from the brain no longer reach the intended effectors. However, motor regions of the
brain remainintact, allowing neural prosthetic systems to record from the brain and output to a
prosthetic limb.This braireffector interfacecreates a distinct signal path, bypassing the injured
spinal cord.Other motor disabilities may requicercumventing different injured areas, such as a
specific brain region for stroke patients

1.2 Components of neual prosthetic systens

A neural prosthetic system consssbf three corecomponents: acquisition afeural activity
(Arecaogrdamglodati ng neur aldecading j)amdithe putput effeatoklyt or i nt
work hasfocusedon neural decodinginderstanding how the brasommarms movementand then
designing algorithms to best separate that signal from the Masé.ofthis dissertation is devoted
to advances in this domain.
For the other two components, recording and output, my experiment tidkigis standard
setups in tis field. Regardingrecording technologyhere,l focus onlyon neuron action potentials
recorded by intracortical microelectrode arraysction potentials and their consequent
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neurotransmitter release are the main form of communication imeheus syste. Action
potentials provide informative, Io¥atency input features and have controlledrtigest impressive

typing and arm BMIs to da(@Vodlinger et al., 2015; Willett et al., 202 With regard to the design

of the output effector, | demonstrate control of a keyboard interface and a disteeteon robot

hand, as well as the@mputer cursor task that has become a de facto standard in th{&figldet

al., 2012; Jarosiewicz et al., 201B)though | do not push the boundaries of recording and output
effector technologies here, | hope that improved decoding can inspire more effective output designs
in the future. These areas pose important challenges and are the work of many promising
interdisciplinary collaborations, as reviewed elsewh@allinger et al., 2013b, 2018; Bockbrader,
2019; Kleinfeldet al., 2019; Luan et al., 2020)

1.3 Barriers to clinical usage

Despite impressivproof-of-conceptdemonstrations, neurptosthesefacea number of barriers to
clinical adoption These issue categories range from scientific or technological to affordability and
ethics.Here, Idescribeexisting limitations and the scientific studies working to overcome them.

One of the core limitations is the relatively short usable devicenéeta few years. This is
a particular issue becautte Utah arraythe most widely available BMI implant with high signal
quality, requiresexpensiveinvasive neurosurgergignal qualitydegrades over time, sacasional
reimplantation surgernywould benecessary to keep recording quality at an operable level for longer
periods Ongoing naterials sciencenhancementsuch adlexible electrodes, may improve the
el ectr odes 6 al$orefiueingithm doseignwbbdy Fesponteat obstructs the recomle
neurons(Luan et al., 2020)In the meantimeneurotech companies are attempting to minimize
surgery risk and cost through precrsboic surgery(Musk and Neuralink, 2019r minimally
invasiveproceduregHo et al., 2022)

A second limitation of existing BMIs is theirelatively burdensome @@ealibration
requirementsNeural prosthetic systems are calibrated by learning a mapping from neural activity to
intended movement. Calibration can takere tharb minutes for 2D pointandclick (Jarosiewicz
et al., 2015)and up to 25 minutes for a prosthetic g@ollinger et al., 2013c; Wodlinger et al.,
2015) Calibration time quickly multiplies if we also want to dissociate confounding factors like
hand position or visual responses from intended movementtyelagidescribed abovigloreover,
the relationship between neural activity to intended movement can change over tbeatenef
hours or days, due telectrodes shifting ochanges in neurons' baseline firing rates and tuning
propertieChestek et al., 2011; Perge et al., 2013; Nuyujukian et al.,.Zlldhange in mapping
from neural activity to intentlegrades the performance of previously calibrated decoders. Without
recalibration, neural prosthetics beaiass usable for patients over tirkwever, recalibration
disrupts usage, limiting BMI usefulnegsluggins et al., 2015)To minimize disruption, its
imperativeto shorten the calibration routine whdigl learning @ accuratelong-termmapping from
neural activity to intended movemeBiMI researchers have proposed methods to extend the time
between recalibrations, includingelf-supervised retrainingdarosiewicz et al., 2015jnanifold
alignment(Degenhart et al., 2020; Dabagia et al., 2022; Karpowicz et al., 2022; Ma et al,, 2022)
and extractindonger-lastingfeaturedrom broadband dai@lint et al., 2013; Haghi et al., 2021)

A final limitation isthelack of control over physical effeots.Despite thd i e ihterastsn
communication(Moses et al., 2021; Willett et al., 2024nd arm reachingHochberg et al., 2012;
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Collinger et al., 2013¢)no studies have developed prosthetic controllers that can interact with
physical objectsobustly enough tassist patientgn their dayto-day activities Restoring hand
function is atop priority for people with tetraplegigdAnderson, 2004; Snoek et al., 2004; Collinger
et al., 2013a)ln particular, dexterous control of individual fingers is essefdiatlaily activities

such as openg doorsfeedingoneselfanddressingHowever control ofBMI handgremains coarse
(Collinger et al., 2013c; Hotson et al., 2016¢cause we do nget understand how the recorded
brain signals relate to intended hand moveméra compare with another movement category,
reaching studies have described how multiple factarsmodulate neural activitfOmrani et al.,
2017) movement directior{Georgopoulos et al., 1982posture(Aflalo and Graziano, 2006)
sensory feedbackScott, 2016) and effector dynamics(Shadmehr et al., 2010; McNamee and
Wolpert, 2019; Kalidindi et al., 202Ihland movements invohifferent neural processésm arm
reaching(Suresh et al., 2020; Sobinov and Bensmaia, 2821)e are just beginning to understand
how the brain integrates the multitude of factors for hand movements. Some work has béen done
understand grasping preclinical nonhuman primate mode{Schaffelhofer and Scherberger, 2016;
Michaels et al., 202@nd even basic human grag@sllivan and Culham, 2015; Klaes et al., 2015;
Sarah K Wandelt et al., 2022Jhesestudies usually narrowed their scope to offline analysis of a
few basic grasp templates, limitinigeir applicability to everyday settingsuture studies should
eventuallyallow flexible control to pick up and manipulate a diverse array of objectsnprove
dexterous decoding, we need to better understand the peacgblesof handmovementsandthis
challengemotivates my dissertation research.

1.4 Dissertation outline

In this dissertation, | study the cortical coding of finger movements and apply these findings to
improve neuroprosthetic control. By understanding the fundamentals of dexterous movements, |
believe that we can advance neural decoding to the poilNiatcan substantially improve quality

of life of tetraplegic individualsThis dissertation is organized as follows:

The remainder o€hapter 1 summarizes the relemaprior research on the neural control of
hand movements.

Chapter 2 examineswhether anchow individual finger movementare encoded in the
posterior parietal coek. The neuratoding principles followed the kinematics of abledied natural
hand use,even years after the participant was paralyzed. These representations are stable after
paralysis and throughout BMI usage, allowing us to tap into thexiséng neral code.

Chapter 3 extendsour study offinger movements to include bothe posterior parietal
cortex and motor cortex. A participant used neural signals in both regions to control finger
movements at a staté-the-art level. | compare the information content of both regions, calculating
what improvements in recording quality would be necessary to contsthptic fingers with high
accuracy Furthermore, | analyzénger movements of both hands atelscribe howtheir neural
codesare correlated and factorizeahich has important implications for bilateral neuroprosthetic
control.

Chapter 4 considerghe temporal dynamics of B@hgermovementsTo better understand
how short, corrective movements might differ from their sustained countedpextended BMI
movemat durationsto dissociate the movemeoinset dynamics from the relatively stationary
movement intent. | found that we could separate BCl movementshagesinitial onset, sustained
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intent, and offset. This worknerges theclassical understanding of w&ment parameter
representations with modeconceptof the brain as a dynamical system.

Chapter 5 concludes with a summary of our results and their broader impatiscuss
promising future directions that could improve the functional utility of BMIs. These directions take
advantage of both our improved neuroscientific understanding and parallel techneldgicales.

1.5 Neural coding ofhand movements
1.5.1 Manualdexterity

The human hand is unigireits dexterity(Sobinov and Bensmaia, 202Humansan learn to solder
microscopic components to a circuit boardexecute hundreds of vidg@ame actions per minute
Even everyday hand movementsquire complex coordination. We make take these skills for
granted, buttte difficulty of everyday actions is clear whea try to teach a robot to handle objects
(Billard and Kragic, 2019)r whenobservinga youngtoddlertrying to pick up a grain of riceDur
dexterity is further highlighted by the fact that humans oawve individual fingers more
independently than other primat@&chieber, 1991; Hagé&toss and Schieber, 2000his feature,
along with our fully opposable thumtzlowsflexible contol over a variety of objects.

Despite this unique flexibility, hand movements do exhibit structure as well. Although the
thumb moves quite independently, the other fingers tend to move in a coordiaateelSchieber,
1991; HageiRoss and Schieber, 2000his in partreflects biomechanical coupling, both passive
and activebetween thetherfingers(Lang and Schieber, 2004ahese biomechanicphtterns can
alsobe reflected in neural patterns, as | discuss furth®eation1.5.2andChapter2.

1.5.2 Neural controlof hand movements

Our impressive hand dexterity requires a coordinated effort across neural sy&igtasal hand
movementsnvolve the motor cortexparietal cortexgcerebellum, basal ganglia, corticospinal tracts,
and peipheral nerves, as well as sensory regibiese,we specificallyreviewthe roles of the motor
cortex and posterior parietal cortex, given ticemtral roles irhand dexterity.

The primary motor cortex (M1) plays a crucial rdle dexterous hand controlas
demonstrated bgeverallines of evidenceMore than20% of M1 generates finger movements in
response to electrical stimulatiogven thougM1 contains representations for the entire body and
the hand onlyweighs 0.6% of body masg§Sobinov and Bensmaia, 202BHunctional magnetic
resonance imaging (fMRI) studies find selective activation of the primary motor cortex and primary
somatosensory cortex (Sh)response to finger movemeijtdlison et al., 2000; Ejaz et al., 2015)
Lesions of M1 or its descending pyramidal tracts disrupt grasping and permaiszoindividual
finger movementéLawrence ad Kuypers, 1968; Lang and Schieber, 2003, 2Q0d@ddition, the
corticomotoneuronal cells, a subpopulation of M1, synapse directly onto spinal motoneurons
innervating upper limb muscles, connecting M1 directly to fine muscle c¢Riatielot and Strick,
2009) This evidence positions M1 asentralnode for dexterous hand control.

M1 is known to be coarsely somatotopwath overlapping regions of MZXontrolling
movemers of specific body parts. In the hand area shmatotopy is even more coarse, with small
cortical areas mixing between different fingers and even control of thg8ctseber and Hibbard,
1993; Schieber, 2001\Neurons in the hand region of M1 code for a contimnaof finger posture
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(Goodman et al., 201@nd velocitysignals(Nason et al., 2021 althoughotherfactorscould also
influence their modulation.

Our understandingf humanM1 largelycomesrom studies of noitnuman primate subjects
and we are stilin the early stages of understanding how these sttrdiesateto human M1. The
commonly cited hand region of human Mlhe precentral gyrus ar&aown as théhand knob o
due to its common Vvi sua(Yousryeamalll1l897Hotvgvertaoecenthe Gr
study found that theand knob codes movements in a manner reonsistenwith the premotor
cortex, arguing that the hand region of khay liedeeper in the sulcu®Villett et al., 2020) An
alternative explanation may be thiae hand knolis more heterogeneouthan originally thought
(Simone et al., 2021yvith certain areas still homologotgssthe non-human primate M1.

Primate nanual dexterity is supported by a distributed set of nervous systems beyond M1,
such as the posterior parietal cortex (PH@g posterior parietal cortex (PPgays a central role
in sensorimotor integratiomyith PPCregionsrepresenting visual stimulus locatioffndersen et
al., 1985) eye movement@ndersen et al., 198 7fask contex{Gail et al., 2009)planned reaches
(Snyder et al., 1997and object graspin@lurata et al., 2000; Schaffelhofer and Scherberger, 2016)
Lesions of different PPGubregionsan lead taliversebehavioral deficits, includingptic ataxia
(inability to grasp objects under visual guidan@dersen et al., 2@1) andloss of awareness of
body partgWhitlock, 2017) ThePPC is also involved in fine finger dexteritye&trical stimulation
of PPCsubregiongan induce individual finger movemeii@ooke et al., 2003; Rathelot et al., 2017,
Baldwin et al., 2018)andsingle neurons respond to tactile stimuliratividual fingers(Seelke et
al., 2012)

The PPCtransformanformation fromthevisual cortex into motoplans Visual processing
is essentidio interacting with the worldp knowwhere and how to mov&he anterior intraparietal
area (AlIP)within PPC has been identified importantor hand dexteritfor nonhuman primates
AIP processes visual information about object shape and position and transforms that information
into grip type(Schaffelhofer and Scherberger, 20t63end itto the ventral premotor cortex (PMv)
and onto M1 (Figure 1.1). Reaching is processdtirough a separate pathwdkie parietal reach
region (PRR)then to thalorsal premotor cortefPMd), andthento M1. Consequently, when AIP
is inactivated, subjects can still rearmally, but they fail to preshape gra¢psllese et al., 1994)
Recent work has found thedme AlPcorticospinal neurons synapsnto spinal interneuronbat
connect directly tohand motor neurons(Rathelot et al.,, 2017) Furthermore, electrical
microstimulation of AlPelicits wrist and fingemovementgRathelot et al., 2017; Baldwin et al.,
2018) indicatingthat AIP supportsfine manualcontrol. Functional magnetic resonance imaging
(fMRI) studies have identified a potential hdogin humans in the anterior intraparietal sulcus
(alPS)(Gallivan and Culham, 2015Human electrophysiology studies, including my ousyally
recordonly the gyri around alPS hesestudiedind slightly differentcoding schemefsom AIP and
find that the usual anatomical markers (intersection between postcentral and intragpécietadre
abbreviatedPGIP) can vary by subjeciTherefore,it remains unclear exactly how NHP studies
inform the coding principles dhe area arounkduman alPS.



Figure 1.1 Cortical control of visually guided hand movements.

The anterior intraparietal area (AIP) transforms object information from the visual cortex (V1) into the appropriate
grasp type to send on to the ventral premotor area (PMv) andahlea primary motor cortex (M1). The parietal
reach region (PRR) transfas object location into a reach plan to send on to the dorsal premotor area (PMd) and then
to M1. These regions have been studied ntlostoughlyin nonhuman primates, but their putative homologs are
highlighted on this human brain.

Adapted from Frank Glard, Radiopaedia.orgusedunderCC BY-NC-SA.

1.5.3 Somatosensorigedback fopbjectmanipulation

Precise objecmanipulationrelies on sensoryeedbackLoss of proprioceptignwhich tracks our
own posture and movemenispairsmulti-joint movements like reaching, especially whenovis
is obstructedGhez et al., 1995; Sainburg et al., 19%%)ss of touchwhich de&cribes the objects
we interact with,impairs fine manipulationsuch asstriking a match(Johansson and Flanagan,
2009) Here, we revievsomatosensorfeedlack and how it relates to hand dexterity and BMIs
Tactile sensation igeneratedy four sets of mechanoreceptors in the palm of the hand,
responding to skin vibrations, texture, pressarel stretch. Proprioception mainly emerges from
thousands of muselspindles that convey posture and Golgi tendon organs that convey force
(Sobinov and Bensmaia, 202These signals are sent via nerve fibers to cunealeusuin the
brainstem, on to the veatrposterolateral nucleus of the thalamus, and then to the primary
somatosensory cortex.
The primary somatosensory cortex (S1) is located on the postcentral gyrus, just posterior to
M1 and just anterior to PPGS1 is somatotopic forming a defined map of body parts each
subpopulation responds take in M1, the hand areaf S1takes up a largarea20%) of the primary
somatosensory cortefSobinov and Bensmaia, 2021)nderscoringthe utility of rich tactile
feedback for manual dexterityithin S1'shand region, finger representations separateo allow
distinct percepts per fingéPons et al., 1985)hese tactilesignals are tightly coupled with M1
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circuits with strong tactile connections to thand area of M1, while the armegion receives
stronger proprioceptive signdEriel et &, 2005)

Tactile feedback is essentifdr manual dexterityluring dl phases of object manipulation
(Johansson ahFlanagan, 2009; Sobinov and Bensmaia, 202it3t, when reaching to grasp an
object,initial contact starts the transition from reaching to grasg@egond, when liftintheobject,
information onmass andriction enabls us to apply the appropreagrip force This force margin
allows usto hold the object securely without crushingBillard and Kragic, 2019)Third, tactile
signals provide quick informatioan perturbations and how to accommodate them, such as an
accidental bump into the table when feeding. Fourth, semmgauyinforms our predictive model of
object dynamics, so that we can lift the object more precisely nexflimselpport manual dexterity,
tactile processing is enhanced during active objeatipukation, when compared to passive
perceptionPruszynski et al., 2018)

For individuals with spinal cord injuries, sensory signals from the hand do not reach the
cortex. Most existing BMI systems cannot provide somatosensory input, so BMI users must rely on
visual feedback. While vision providesme utility, itdoes noteplace the richnesdspeed of
tactile and proprioceptive feedba¢khez et al., 1995 his is clear when observing individuals with
intact motor control yet disrupted sensory pathways, whoraele to perform margimpleactions
(Miall et al., 2019) Additionally, touch provides far more robust information about contact timing,
texture, mass, and vibration than vision does

To overcome this barrigbidirectional BMI systems aim to restore both motor control and
somatosensory inpugCollinger et al., 2018) The most promising dictions currentlyuse
intracortical microstimulatiofICMS) in S1 to elicitisolatedsensations in the arm, hama fingers
(Flesher et al., 2016; Armenta Salas et al., 200f8) localized sensory input improves grasping by
signaling object conta¢Flesher et al., 2021However, multiplexing touch input amgeventing
interference with motor decoding have been difficlittese challenges remain for future studies to
tackle,and theymay alsoinspire alternative paradigms of overcoming the lack of somatosensory
feedback

Sometimes, th lack of sensory feedback can actuaipéfitbasic neuroscience studiese
can decouple motor control and sensory feedback, allowing us to dissociate these prooasses
experimentgGolub et al., 2016)in Chapter4, | use this paradigno study howmotor control
change®ver the time course of a movemeémMe can use these paradigms to better understand the
motor and sensory systenisning these paranes in a way not possible with aldedied subjects,
to advance design of neuroprosthetic systems.



2 Stability of motor representationsafter paralysis

2.1 Summary

Neural plasticity allows us to learn skills and incorporate new experiences. What happens when our
lived experiences fundamentally change, such as after a severe injury? To address this question, we
analyzed intracortical population activity in the posterior parietal cortex (PPC) of a tetraplegic adult
as she controlled a virtual hand through a beamputer interface (BCI). By attempting to move

her fingers, she could accurately drive the corresponding virtual fingers. Neural activity during finger
movements exhibited robust representational structure similar to fMRI recordings -bbéldd

individual s® motor cortex, w h-bodidd udage pditerns.wiime finger r e f |

representational structure was consistent throughout multiple sessions, even though the structure
contributed to BCI decoding errors. Within individual BCl movements gheesentational structure

was dynamic, first resembling muscle activation patterns and then resembling the anticipated sensory
consequences. Our results reveal that motor representations in PPC reflectiEglanotor usage
patterns even after paralysand BCIs can rengage these representations to restore lost motor
functions.

2.2 Introduction

A central question in neuroscience is how experience affects the nervous system. Studies of this
phenomenon, plasticity, were pioneered by Hubel and Wiesel, wimdl fithat temporary visual
occlusion in kittens can induce lifelong reorganization of the visual dditéoel and Wiesel, 1970)

Their results demonstrated that the developing brain, rather than being genetically preprogrammed,
is surprisingly malleable texternal inputs.

Subsequent studies showed that other brain regions are also plastic during early development,
but it is unclear how plastic the nervous system remains into adulthood. Visual occlusion in adult
cats does not reorganize the visual corte,lasion studies of the adult visual cortex have arrived
at competing conclusions of reorganization and stalpifitfpert and Wiesel, 1992; Smirnakis et al.,

2005; Keck et al., 2008; Baseler et al., 20B13imilar discussion continues regarding the primary
somatosensory cortex (S1). Classical studies posited that amputation and spinal cord injury modify
the topography of body parts in S1, with intact body parts taking over cortical areas originally
dedicatedo the amputated paiMerzenich et al., 1984; Pons et al., 1991; Qi et al., 2000; Jain et al.,
2008) However, recent human neuroimaging studakin and Eensmaia, 2017; Kikkert et al.,
2021)and sensory BCI studi¢Blesher et al., 2016; Armenta Salas et al., 2828¢ challenged the

extent of this remapping, arguing that sensory topographies largely persist even after complete
sensory loss. Thus, the level of plasticity in thelanervous system is still an ongoing investigation.

Understanding plasticity is necessary to develop hramputer interfaces (BCIs) that can
restore sensorimotor function to paralyzed individ¢@lsborn et al., 2014First, paralysis disrupts
movement and blocks somatosensory inputs to motor areas, which could cause neural reorganization
(Pons et al., 1991, Jain et al., 2008; Kambi et al., 2@&jond, BCls bypass supporting cortical,
subcortical and spinal circuits, fundamentally altering how the cortex affects movement. Do these
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changes require paralyzed BCI users to learn fundamentally new moto(Siltier et al., 2014)

or do paralyzed participants use a preservedjnjuey motor repertoirgHwang et al., 2013)

Several paralyzed participants have been able to control BCI cursors by attempting arm or hand
movementgHochberg et al., 2006, 2012; Collinger et al., 2013c; Gilja et al., 2015; Bouton et al.,
2016; Ajiboye et al., 2017; Brandman et al., 20b@)ting that motor representations could remain
stable afterparl ysi s. However, the ner vouyPonsetals198imbés c a
Jain et al., 2008; Kambi et al., 2014; Kikkert et al., 2Gill)leaves many BCI studies sp#ating
whether their findings in tetraplegic individuals also generalize tolaiaesd individualgFlesher

et al., 2016; Armenta Salas et al., 2018; Stavisky et al., 2019; Willett et al., 2020; Fifer et al., 2021)
A direct comparison, between BCI control and disdied neural control of movement, would help
address questions about generalization.

Temporal dynamics provide another lens to investigate neural organization and its changes
after paralysis. Temporal signatures can improve BCI classifioptdiett et al., 2021 )pr provide
a baseline for motor adaptation studiBtavisky et al., 2017a; Vyas et al., 2018ptably, motor
cortex activity ekibits quasioscillatory dynamics during arm reachi(@hurchland et al., 2012)

More generally, the temporal structure can depend on the moveme(Btypsh et al., 202@nd

the recorded brain regig¢B8chaffelhofer and Scherberger, 2Q16}this studywe recorded from the
posterior parietal cortex (PPC), which is thought to compute an internal forward model for
sensorimotor contrgWolpert et al., 1998; Desmurget and Grafton, 200djiken et al., 2008a; Li

et al., 2022)A forward model overcomes inherent sensory delays to enable fast control by predicting
the upcoming states. If PPC activity resembles a forward model even after paralysis, this would
suggest that even the temaladletails of movement are preserved after injury.

Here, we investigate the neural representational structure of BCI finger movements in a
tetraplegic participant. In ableodied individuals, the cortical representational structure of finger
movements fobws the natural statistics of movemefhidlicr ap and Scott, 2013; Ejaz et al., 2015)

In a BClI task, the experimenter can instruct movement patterns unrelated to biomechanics-or before
injury motifs. In this study, we tested whether the neural representational structure of BCI finger
movements by getraplegic individual matches that of abledied individuals performing similar,

overt movement s, or whether the structure fol
(Bonnassésahot and Nadal, 2008)f the BCI finger organization matches that of attelied

movement, participants likely activatgreinjury motor representations, indicating that motor
representations were preserved after paralysis.

We report that the neural representational structure of BCI finger movements in a tetraplegic
individual matches that of ablodied individuals. This match was stable across sessions, even
though the measured representational structure contributed e iartbe BCI task. Furthermore,
the neural representational dynamics matched the temporal profile expected of a forward model in
ablebodied individuals, first resembling muscle activation patterns and then resembling expected
sensory outcomes. Our resufiuggest that adult motor representations in PPC remain even after
years without use.
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2.3 Results
2.3.1 Intracortical recordings during finger flexion

We recorded single and muiteuron activity (95.8 +5.d.6.7 neurons per session over 10 sessions)
from partidpant NSwhile she attempted to move individual fingers of the right hand. We recorded
from a microelectrode array implanted in the left (contralateral) posterior parietal cortex (PPC) at
the junction of the postcentral amtraparietal sulciPGIP, Supplementaryigure2.1). Thisregion
is thought to specialize in the planniagd monitoringpf grasping movemen{®rban and Caruana,
2014; Gallivan and Culham, 2015; Klaes et al., 2015; Andersen et al., 2019)

Each recording session started with an initial calibration t8spdlementary Figurg.2,
Methodg. On each trial, we used a computer screen to present a text cu@l (efgy. thumb), and
the participant immediately attempted to flex the corresponding finger, as though pressing a key on
a keyboard. Because participant NS previously suffered-&4C8pinal cord injury resulting in
tetraplegia (AlISA), her movement attemptsdonot generate overt motion. Instead, participant NS
attempted to move her fingers as though she was not paralyzed.

These attempted movements resulted in distinct neural activity patterns across the electrode
array. To enable BCI control, we trained ahn classifier§lethods to identify finger movements
from neural firing rates. The participant subsequently performed several rounds of a similar finger
flexion task, except théd) the trained classifier now provided text feedback of its predicted finger
and 2) the task randomized the visual cue locatigufe 2.1a andMethodg. We repeated this
online-control finger flexion task over multiple sessions (408std. 40.8 trials/session over 10
sessions) and used this data for our offline analyses. Participantd\@&Hisrmed a control task,
identical in structure except that she attended to cues without performing the instructed movements.

2.3.2 Accurately decoding fingers from PPC singkeuron activity

High classification accuracy during online control (86%sid. 4%over 10 sessions; chance = 17%)
(Figure2.1b) and offline crossalidated classification (92%-4.d. 2% Supplementary Figui23a)
demonstrated that the finger representations were reliable and linearly separable. During the
calibration task, crosgalidated classification was similarly robust (accuracy = 96%s.4. 3%;
Supplementary Figur23b).

At the singleneuron level, most (89%) neurons were significantly tuned to individual finger
press movements (significance threshold: P < 0.05, FDR correStgaf)lémentary Figui24). The
example neurons iRigure2.1c-f show that nerons could be tuned to one or more fingers and that
tuning profiles could change in time.

To confirm that the observed neural responses could not be explained by visual confounds,
we verified that we could not discriminate between fingers during theottek Supplementary
Figure2.5). Furthermore, we could not decode the gaze location during the finger classification time
window in the standard onlirmontrol task(Supplementary Figur@.5). Thus, reliable finger

representations emerged from the participant 6s



11

Display

Cue Feedback
03055 M I 155
Action Saccade Press Px Relax

to cue finger

b 100% cj" eﬁso
T EEEA 0% 0% 0% 3% 2 =
S &\ S
m© N 8 © 60
I CPLA 2% 1% 1% 3% S A 5
a (] (] (] (] (] g \,\\‘ 2
i iC 40
DM| 0% 3% 12% 0% 2% - !
= -50% d f
O RI0% 0% 8% 1% ~ 3
= ¥ ¥
Pl1% 1% 1% 9% g %20
X|3% 3% 10% 2% 1% £ £
T I M R P X ’
. . 0.3
Predicted finger ’

Figure 2.1 Robust brain-computer interface (BCI) control of individual fingers.
(a) Main finger flexion task. When a letter was cued by the red crosshair, the participked atthe cue and

immediatelyattempted to flex the correspaing digit of the right (contralateral) hand. We included a null condition

"X," during which the participaniboked atthe target but did not move her finge¥dsual feedback indicated the
decoded finger 1.5 seconds after cue presentaimnandomizehie saccade location, cuesre located on a grid (3
rows, 4 columnsjn a pseudorandom orddérhe red crosshair was jittered to minimize visual occlusion.

(b) Confusion matrixshowing robusin-session BCI finger contrg86% overall accuracy016 trialsaggregated over
10 sessions Each entryi( j) in the matrix corresponds to the ratio of movemietitals that were classified as
movemeni.

(c-f) Mean firing rates for 4 example neurons, caloded by attempted finger movement. Shaded areas indi%te 9
confidence intervals (acrossals of onesession). Gaussian smoothing kernehf& SD).
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2.3.3 Finger representational structure matches the structure oflabtked individuals

Having discovered that RI® neurons modulate selectively for fingetovements, we next
investigated how these neural representations were functionally organized and how this structure
related to prenjury movements. Here, we turned to the framework of representational similarity
analysis (RSA)Kriegeskorte et al., 2008a; Diedrichsen and ¢eskorte, 2017)RSA quantifies

neural representational structure by the pairwise distances between each finger's neural activity
patterns Figure 2.2a). These pairige distances form the representational dissimilarity matrix
(RDM), a summary of the representational structure. Importantly, these distances are independent of
the original feature types (for example, electrode or voxel measurements), allowing us teecompa
finger organizations across subjects and across recording modKliteggeskorte et al., 2008b)

We used RSA to test three hypotheses: 1) the BCI finger representational structure could
match thatof ablebodied individuals(Ejaz et al., 2015; Kieliba et al., 202(Figure 2.2b and
Supplementary gure2.6), which would imply that motor representations did not reorganize after
paralysis. This ypothesis would be consistent with recent fMRI studies of amputees, which showed
that sensorimotor cortex representations of phantom limb finger movements match the same
organization found in ableodied individualgKikkert etal., 2016; Wesselink et al., 2019Ye note
that our ablébodied model was recorded from human-IPCusing fMRI, which measures
fundamentally different features (millimetscale blood oxygenation) than microelectrode arrays
measurgsparse samplingafi ngl e neurons) . Anot her po-ssi bil
injury motor representations had-sieecialized after paralysis, such that finger activity patterns are
unstructured and pairwisedependent Kigure 2.2c). However, this hypothesis would be
inconsistent with results from {(Kiderietad 2006,i es of
Wesselink et al., 2019 astly,3) the finger movement representational structure might optimize for
the statistics of the tagkillicrap and Scott, 2013; Clancy et al., 201@ur BCI task, as well as
previous experiments with participant NS, involved no correlation between individual fingers, so the
optimal structure would represent each finger independently to minimize confusion between fingers.
In other words, the tas$tatistics hypothesis (3) would predict that, with BCI usage, the
representational structure would converge towards theofatgkal, unstructured representational
structure Figure2.2c).

Does the finger representational structure in a tetraplegic individual match that-of able
bodied individuals? We quantified the finger representational structure by measuring the cross
validated Mahalanobidistance lethods betweereach finger pair, using the firing rates from the
same time window used for BCI control. The resulting RDMs are showigure2.2d (average
across sessions) aBdipplementary Figur27 (all sessions)-or visual intuition, we also projected
the representational structure to two dimensionBigure 2.2e, which shows that the thumb is
distinct, while the middle, ringnd pinky are close in neural space. We then compared the measured
RDMs against the ableodied fMRI and unstructured models, using the whitened unbiased RDM
cosine similarity (WUC]Diedrichsen et al., 2021)he measured representational structure matched
the ablebodied representational structure significantly over the unstructured model (P = 527 x 10
two-tailed ttest) Eigure 2.2f), ruling out the despecialization hypothesis (2). Our findings were
robust to different choices of distance and maitgilarity metrics(Supplementary Figur28).

We note that we constructed the abtelied fMRI model from the mean of HE fMRI
RDMs across multiple ableodied participants (N=29)aPr t i ci pant -NPRDMwaaver ag¢
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also statistically typical among the RDM distribution of individual dimdied participants
(permutation shuffle test, P = 0.55), in part becausdPPfMRI RDMs were relatively variable
across participantSQpplementary Figur29).

We also compared the A BCI RDM with ablebodied fMRI motor cortex (MC) RDMs,
which have been previously shown to match the patterns of natochlbgEjaz et al., 2015)The
ablebodied MC and P@P fMRI finger organizations are similar in that they represent the thumb
distinctly from the other fingers, bGP represents each of the Atnumb fingers similarly while
MC distinguishes between all five fingelSupplementary Bure 2.6). Interestingly, PGP BCI
finger representations matched the abtelied fMRI finger representational structure in the motor
cortex (MC) even better than that of abledied PCGIP (Supplementary Figur2.10). The WUC
similarity with the MC RDM was close to the noise ceiliMpthod9, indicating that the MC RDM
mat ches participant NSO0s daseebiscisga)t er t han

al mc
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Figure 2.2. Represenational structure during BCI finger control matches the structure of

able-bodied individuals.

(a) To construct the representational dissimilarity matrix (RDM), a vector of firing rates was constructed for each trial.
Repetitions were collected for eachnddion. Then, pairwise distances were estimated between conditions using a
crossvalidated dissimilarity metric. This process was repeated to generate an RDM for each session. We drop the No
Go condition (X) here to match previous finger studigjaz et al., 2015; Kikkert et al., 2016)

(b) Representational structure hypothesized by the preseepedsentation hypothesis: averd@|P RDM for a
finger-press task using fMRI iB86 ablebodied ndividuals(Ejaz et al., 2015; Kieliba et al., 202Max-scaled to [0,

1].
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(c) Representational structure hypothesizethieydespecialization and taséptimal hypotheses: pairwissguidistant
RDM. Max-scaled to [0, 1].

(d) Finger epresentational structure measuredeinaplegic participant NSrossvalidated Mahalanobidistances
(Method$3 between neural activity patterns, averaged across 10 recording sessiofssalédalxto [0, 1].

(e) Intuitive visualization of the distances in (d) using multidimensional scaliigS). Ellipses show mean-$.d.
(10 sessions) after Generalized Procrustes alignment (without scaling) across sessions.

(f) Measured RDMs (d) match the aliledied PGIP fMRI RDM (b) better than they match the tagitimal,
unstructured model (c), as nsemed by the whitened unbiased cosine similgiitiedrichsen et al., 202XWUC)
(Methods). Mean differences were significant (albdelied & unstructured, P = 5.7 x "®0two-tailed ttest, 1000
bootstrap samples over 10 sessions). Violin plot: solid horizontal lines indicate the median WUC over bootstrap
samples, and dotted lines indicate the first and third quartiles. Noise cgiliygegion estimates the best possible
model fit (Methodg. For convenience, a similar figure using a correlabased similarity metric is shown in
Supplementary Figur28.

2.3.4 Representational structure did not trend towards task optimum

Next, we investigated whether the BCI finger representational structure matched thabobadide

individuals consistently or whether the representational structure changed over time to improve BCI
performance. The taghptimal structure hypothesis (3gglicted that the BCl RDMs would trend to

optimize for the task statistics (unstructured mdeglire2.2c) as the participant gained experience

with the BCI task. However, we did not find conclusive evidence for a trend from thbcaiel

model towards the unstructured model (lineerdel sessio model interactiont(6) = 0.50, one

tailed ttest P = 0.32Bayes factor (BF) = 0.66F{gure23a) . | ndeed, participant
were largely consistent across different recording sessions (averagisgaorrelation, excluding

the diagonal: r = 0.90 +5.d. 0.04, min 0.83. max 0.99)

We considered whether learning, across sessions or within sessions, could have caused
smallerscale changes in the representational structure. The observed reporsdnsticture,
where middlering and ringpinky pairs had relatively small distances, was detrimental to
classification performance. The majority (70%) of the online classification errors were-nngdle
or ring-pinky confusionsKigure2.1b). Due to these systematic errors, one might reasonably predict
that plasticity mechanisms would improve control by increasing thefingar distances between
the confused fingr pairs. Contrary to this prediction, the middieg and ringpinky distances did
not increase over the course of the experiment (across se§8pn$4.5, onetailed ttest P > 0.99,

BF = 0.03; across runs within sessions: t(82P45, ondailedt-test P = 0.67, BF = 0.12Figure
2.3b). When analyzing all finger pairs together, the Hiteger distances also did not increase (across
sessionst(8) =14.0, onetailed ttest P = 0.98, BF = 0.01; across runs within sessions: t(i72)i+
onetailed ttest P = 0.99, BF = 0.02), as visualized by the similarity between the averagaadfarly
RDM and the average latalf RDM (Figure 2.3c). These analyses demonstrate that the
representational structure did not trend towards the task optifRigré 2.2c) with experience,
ruling out the tasistatistics hypothesis (3).
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Figure 2.3. Hand representation changed minimally after weeks of BCI control

(a) Slope comparison shows that the model fit did not trend towards the unstructured model over sessions (P = 0.32).
(b) The distance between higiror finger pairs (middkeing and ringpinky) did not increase across sessions or runs
(within sessions)as shown by partial regression plots. Distance metric: -¢@gtated Mahalanobis, averaged across

runs (for the session plot) or averaged across sessions (for the run plot). The black line indicates linear regression. The
gray shaded region indicates %98 confidence interval. Each run consisted of 8 presses per finger.

(c) Minimal change in representational structure between early and late sessions or between early and late runs. Mean
RDM, when grouped by sessions (top row) or individual runs (bottorh Bmuped into early half (left column) or

late half (center column). MDS visualization (right column) of early (opaque) and late (translucent) representational
structures after Generalized Procrustes alignment (without scaling, to allow distance comsparis

2.3.5 Finger representational structure is motilike and thersomatoto

PPC is hypothesized to overcome inherent sensory delays by computing an internal forward model
for rapid sensorimotor contr@WVolpert et al., 1998; Desmurget a@dafton, 2000; Mulliken et al.,
2008a) The forward model integrates an efference copy of motor signals and delayed sensory
feedback to dynamically predict the state of the bdtig. hypothesized forwanahodel rolewould
predictthat the representatidregtructure changes over the time course of @aahementwith an
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early motorcommandike component during movement initiatiolo investigate this temporal
evolution, we modeled the representational structure of digit movements at each time pant as a n
negative linear combinatigiKietzmann et al., 2019)f potentially predictive model$-igure2.4a).

We considered three moddlgjaz et al., 2015}hat could account for representational
structure: hand usage, muscle \atibn, andsomatotofc. The haneusage modelRigure 2.4b)
predicts that the neural representational structure should follow the correlation pattern of finger
kinematcs during natural hand use. The muscle activation médglirg 2.4c) predicts that the
representational structure should follow the coactivation patterns of musaly dating individual
finger movements. Theomatotofr model Figure2.4d) predicts that the representational structure
should maintain the spatial relationship betwfingers, with neighboring fingers represented
similarly to each othefEjaz et al., 2015; Schellekens et al., 2018)the neurapopulation level,
thesomatotor model is analogous to Gaussian receptive fildbellekens et al., 2018)

Because the hand usage model is nearly multicollinear with the musciomatibopic
models (variance inflation factor: Vige oLs= VIFusage,nnLs= 20.9,Method3, we first reduced the
number of component models. Through a model selection procédetteods, we found that the
handusagesomatotopyand musclesomatotopymodel combinations matched the data best
(Supplementary Figurg.12), with the musclesomatotopymodel matching the data marginally
better. Thusin the main text, we present our temporal analysis using the muscéo@adotopy
component models.

Figure2.4e shows the decomposition of the representational steuictio the muscle and
somatotofc component models. The results show a dynamic structure, with the muscle model
emerging 170ms earlier than teematotoc model (P = 0.002, tweided Wilcoxon signedank
test). This timing difference was consistent aglioglividual sessionsSUpplementary Figurg13)
and task contexts, such as the calibration t3sipiflenentary Figure.14). Indeed, the transition
from the muscle modeF{gure 2.4c) to thesomatotofr model Figure2.4d) is visually apparent
when comparing the average RDMs at 600ms (musoketlike) and 1200ms (somatqii)
(Figure2.4e).

These temporal dynamics were robust to our feature selection procedure, demonstrating a
similar timing difference for the hangsagesomatotog model combination Supplenentary
Figure2.14).
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Figure 2.4. Representational dynamics analysis (RDAJlissaiates neural processes over
time.

(a) RDA performs representational similarity analysis (RSA) in a sliding window across time. Here, we model the
measured representational structure as a nonnegative linear combination of component model RDMs.

(b-d) Hypothesized explanatory component RDMs: usage, muscle, and somafBjapiet al., 2015)Max-scaled

to [0, 1].

(e) RDA of the measured RDM over time shows anyefirlto the muscle model and a late fit to the somatotopic
model. Confidence intervals indicate- &.e.m. bootstrapped across 10 sessions. Gray shaded region indicates the
approximate onset time of the saccade to cue (interquartile range acros®iffal®nce in model statime (170ms,
Methodg was significant (P = 0.002, tweided Wilcoxon signedank test). RDM snapshots (bottom, each reeaied

to [0, 1]) intuitively visualize the change in representational structure over time from rtikede somatotopic.
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2.4 Discussion
2.4.1 Neural prosthetic control of individual fingers using recordings fromIPC

We found that participant NS could robustly control the moveraemtdividual fingers using a
neural prosthetic in a variety of contextgure2.1 andSupplementary Figur23), even after years

of paralysis. Her brailcomputer interface (BCI) control accuracy exceeded the previous best of
other fivefinger, online BCI control studig$lotson et al., 2016; Jorge et al., 20ZIMese results
establish PGP as a candidate implant region for dexterous neural prostheses.

2.4.2 Connecting braircomputer interface studies to basic neuroscience

Although previous studies hagbown that the anterior intraparietal area (AIP) of PPC is involved
in wholehand graspingMurata et al., 2000; Klaes et al., 2015; Schaffelhofer and Scherberger,
2016) our workis the first to show individual finger representations in PR@plementary Figure
2.4). Likewise, many other BCI studies with tetraplegic participants have contributed novel
discoveries to basic neuroscience, deepening aerstanding of the human cort@hang et al
2017; Rutishauser et al., 2018; Stavisky et al., 2019; Aflalo et al., 2020; Willett et al., 2020;
Chivukula et al., 2021)A frequent(Flesher et al., 2016; Armental8s et al., 2018; Stavisky et al.,
2019; Willett et al., 2020; Chivukula et al., 2021; Fifer et al., 2021; Andersen and Aflalo, 2022)
discussion question is: how well do these findings generalize to the brains diodiadd
individuals? Specificallydo the observed phenomena result from partial reorganiZdlesdone et
al., 2013; Kambi et al., 2014fter spinal cord injury, or do they reflect intact motor cisui
preserved from before injuMakin and Bensmaia, 2017)

Early human BCI studie@iochberg et al2006; Collinger et al., 2013c¢corded from the
motor cortex and found that singteuron directional tuning is qualitatively similar to that of able
bodied norhuman primates (NHPgGeorgopoulos et al., 1982; Hochberg et al., 200&ny
subsequent human BCI studiesve also successfully replicated results from other classical NHP
neurophysiology studig#iochberg et al., 2012; Collinger et al., 2013c; Aflalo et al., 2015; Gilja et
al., 2015; Bouton et al., 2016; Ajiboye et al., 2017; Brandman et al.,,28aé)jng to the general
heuristic that the sensorimotor cortex retains its major properties after spinal cordAnjdeysen
and Aflalo, 2022) This heuristic further suggests that BCI studies of tetraplegic individuals should
generalize to ablbodied individuals. However, this generalization hypothesis has so far lacked
direct, quantitative coparisons between tetraplegic and dielied individuals. Thus, as human
BCI studies expand beyond replicating results and begin to challenge conventional wisdom,
neuroscientists have questioned whether cortical reorganization could influence these novel
phenomena (see Discussions(Blesher et al., 2016; Armenta Salas et al., 2018; Stavisky et al.,
2019; Willett et al., 2020; Chivukula et al., 2021; Fifer et al., 2021 efs®h and Aflalo, 2022)As
an example of a novel discovery, a recent BCI study found that the hand knob of tetraplegic
individuals is directionally tuned to movements of the entire fddifett et al., 2020)challenging
the traditional notion that primary somatosensory and motor subregions respond selectively to
individual body part¢Penfield and Boldrey, 1937) Gi ven t he brainbés capac
(Jain et al., 2008; Kambi et al.0P4) could these BCI results be specific to cortical remapping?
Detailed comparisons with abtedied individuals, as shown here, may help shed light on this
question.
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2.4.3 Matching finger organization between tetraplegic and dimdied participants

We askk d whet her participant NS6s BCI fbodiedy e r re
individuals or whether her finger representations had reorganized after paralysisn8imgle
recordings of PAP during individuated finger movements are not availableither ablebodied

human participants or ndmuman primates. However, many fMRI studies have characterized finger
representationgYousry et al., 1997; Ejaz et al., 2015; Kikkert et al.,, 2016, 202hp
representational similarity analysis (RSA) has previously shown RDM correspondence between
fMRI and singleneuron recordings of another cortical region (inferior temporal cortex)
(Kriegeskorte et al., 2008byhis match was surprising because simglaron and fMRI recordings

differ fundamentally; singk@euon recordings sparsely samplée h@urons in a small region, while

fMRI samples 16i 1P neurons/voxelKriegeskorte and Diedrichsen, 2016; Guest and Love, 2017)
The correspondence suggested that RSA might identify modalityiant neural organizations
(Kriegeskorte et al., 2008b30 here we used fMRI recordings of humanrlP@s an abkodied

model.

We foundthat participant NS exhibited a consistent finger representational structure across
sessions, and this representational structure matched thieodide fMRI model better than the
taskoptimal, unstructured model. When compared with individual -bbtked participants,
participant NSO0s finger organization was al so
PGP fMRI representational structure across diwdied participants.

The motor cortex (MC) fMRI finger representation is watlidied ad has been shown to
reflect the patterns of natural hand (E@z et al., 2015; Kikkert et al., 2016; Wesselink et al., 2019)
so we also considered a model construtttad MC fMRI recordings. Compared to the fiCfMRI
finger representation, MC represents the -ttmimb fingers more distinctly from each other
(Supplementary gure26) . I nt erestingly, participant NSO6s
ablebodied MC fMRI model, reaching similarities close to the theoretical maximum
(Supplementary Figure2.8 and Supplementary Figure2.10). This result does obscure a
straightforward interpretation of the RSA resaltwhy does our recording area match MC better
than the corresponding implant location? Several factors might contribute, including differing
neurovascular sensitivity to the early and late phases of the neural respanse Z.4e),
heterogeneous neural organizations across the sieglen and voxel spatial scalggiegeskorte
and Diedrichsen, 2016; Guest andrep2017; Arbuckle et al., 202@r mismatches in functional
anatomy between participant NS and standard at(&selehoff et al., 2018)Furthermore, MRI
BOLD contrast is thought to reflect cortical inputs and intracortical proce@soggthetis et al.,

2001) Thus, the match between R spiking output and MC fMRI signals could also suggest that
PGP sends signals to MC, thereby drivilg observed MC fMRI structure.

Even so, it is striking that participant NS
use patternsHigure 2.4b andSupplementary Figur2.12) of ablebodied individuals. Despite the
lack of overt movement or biomechanical constrafhtsng and Schieber, 2004dhe measured
finger representation still reflected these usad@ed patterns. This result matches recent
sensorimotor cortex studies of tetraplegic individuals, where MC degediorgJorge et al., 2020)
and S1 finger somatotofidikkert et al., 2021appeared to reflect ableodied usage patterns. Taken
together with our dynamics analyses (see below Discussion), the evidence supports the interpretation
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that motor representations are preserved after paralysis. Comparisons witheimglerecordings
from ablebodied participants would validate this interpretation but may be difficult to acquire.

2.4.4 Ablebodiedlike finger representation is not explained by learning

Hand use patterns shape neural finger organizgjea et al., 2015; Kikkert et al., 2016; Wesselink
etal.,2019) so we considered t he plodesdlikdreptesentafional hat p
structure also emerged from BCI usage patterns aftelyper. Contrary to this hypothesis, her BCI

finger representational structure changed minimally over wedagsiré 2.3). Furthermore, even

t hough par t iesentatianal strudiuE @antributedpa BCI er(@igure 2.1b) and she

was anecdotally cognizant of which fingers would get confused, she did not increase the neural
distance between fingers with experiendéis relative stability suggests that the amered
representational structure has been stable after paralysis, rather than emergent from BCI learning.

The stability of finger representations here suggests that BCls can benefit from-the pre
existing, natural repertoir@iwang et al., 2013pnlthough learning can play an important role under
different experimental constraints. In our study, the participant received onlgyedletliscrete
feedback signal after classificatioRidure 2.1a). Because we were interested in understanding
participant NSO&s nat uroadrtificfall peguebrthe B& mpappmng.&8Vhenat i o n
given continuous feedback, however, participants in previous BCI studies could learn to adapt to
within-manifold perturbations to the BCI mappif@anguly and Carmena, 2009; Sadtler et al.,
2014; Vyas et al., 2018; Sakellaridi et al., 2081 users can even slowly learn to generate off
manifold neural activity patterns when the BCI decoder perturbations were increl@ngadt al.,

2019) Notably, learnig was inconsistent when perturbations were sudden, indicating that learning
is sensitive to specific training procedures.

So far, most BCl learning studies have focused ordiweensional cursor control. To further
understand how much finger representatioan be actively modified, future studies could benefit
from perturbationgOby et al., 2019; Kieliba et al., 20219ontinuous lowatency neurofeedback
(Ganguy and Carmena, 2009; Vyas et al., 2018; Oby et al., 2am@)additional participants. Time
variant BCI decoding algorithms, such as recurrent neural net¢®uksillo et al., 2012; Willett et
al., 2021) could also help facilitate learning specific to different time windows of finger movement.

2.4.5 Representational dynamics are consistent with PPC as a forward model

In ablebodied individuals, PPCsithought to maintain a forward estimate of movement state
(Wolpert et al., 1998; Desmurget and Grafton, 2000; Mulliken et al., 2008a; Aflalo et al., 2015;
McNamee and Wolpert, 201 As such, PPC receives delayed multimodal sensory feedback and is
hypothesized to receive efference copies of motor command gigndkrsen et al., 1997; Mulliken
etal., 2008a) This hypothesized role predicts that PPC houses multiple functional representations,
each engaged at different time points of motor production.

To dissociate these neural processes, we performed aresolged version of
representationaimilarity analysis Figure2.4). We considered three component models: muscle,
usage, andomatotof (Ejaz et al., 2015)0ur tempoal analysis showed a consistent ordering: early
emergence of the muscle model followed bydhmatotopr model.

This ordering was consistent when exchanging the muscle andukage component
models Figure2.4 andSupplenentary Figure.14), as handisage and muscle activation patterns
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are strongly correlated for individual fingepmementgOverduin et al., 2012Yherefore, we group
these two models under the single concept of motor production. In the future, more comptex multi
finger movementéEjaz et al., 2015)ould helpdistinguish between muscle and harshge models.

The somatoto model predicts that neighboring fingers will have similar cortical activity
patterngEjaz et al., 208). We note that prior fMRI studies described this representational structure
as Asomatotopico and captured the spatial rel
receptive fieldqEjaz et al., 2015; Schellekens et al., 201Bjussian receptive fields have been
useful tools for understanding digit topographies within the sensorimotor d@teellekens et al.,

2018, 2021)In another study with participant NS, we found that the sami®PGpulation encodes

actual touci{Chivukula et al., 2021)ith Gaussiarike receptive fields. Based on these results, the
somatotofr model can be thought of as a sensmgsequence model. However, because participant

NS has no sensation belowrehoulders, we interpret treomatotoc model as the preserved
prediction of the sensory consequences of a finger movement. These sensory outcome signals could
be the consequence of internal computations within the PPC or could come from other structures
important for bodystate estimation, such as the cerebellMfoNamee and Wolpert, 2019)

The 170ms timing difference we found roughly matches the 60ms + 60ms delay between
feedforward muscle activation and somatosensory atfef8oott, 2016; Sollmann et al., 201i)
ablebodi ed individuals. Given PPCO6s hypothesi zect
motor planning and production signals to predict sensory outcomes at such g\tioipert et al.,

1998; Desmurget and Grafton, 2000; Mullikeh al., 2008a; McNamee and Wolpert, 2019)
Alternatively, because participant NS cannot move overtly, the seososgquences model could
instead reflect the error between the internal
of) sensoryfeedback(Adams et al., 2013)in either scenario, the match in timing between BCI

control and abkbodied individuals provides furthevidence that the recorded motor circuits have
preserved their functional role.

2.4.6 Preserved motor representations infafter paralysis

A persistent question in neuroscience has been how experience shapes the brain, and to what extent
existing neural ccuits can be modified. Early studies by Merzenich, Kaas, and colleagues showed
that the primary somatosensory cortex reorganized after amputation, with intact body parts invading
the deprived cortefMerzenich et al., 1984; Pons et al., 1991, Qi et al., 200&)ever, the authors

also recogrred that the amputated body part might persist in latent somatosensory maps. Since then,
preserved, latent somatosensory representations have been demonstrated in studies of amputation
(Kikkert et al., 2016; Bruurmijn et al., 2017; Makin and Bensmaia, 2017; Wesselink et al.ag019)

even paralysi¢Flesher et al., 2016; Armenta Salas et al., 2018; Fifer et al., 2021; Kikkert et al.,
2021) Overall, deafferentation appears to expand the rengaiegions slightly, even while the pre

injury structure persists in the deafferented coffiéakin and Bensmaia, 201 Hewer studies have
investigated sensorimotor plasticity beyond the primary somatosensory and motor cortex, but our
results in PAP indicate that association areas can also remain stable after paralysis.

The topic of corticateorganization has long been significant to the development of BCIs,
particularly when deciding where to implant recording electrodes. If, as previously thought, sensory
deprivation drives cortical reorganization and any group of neurons can learn tb @@masthetic
(Fetz, 1969; Moritz and Fetz, 2011he specific implant location would not affect BCI performance.
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However, our results and othé€Bmirnakis et al., 2005; Hwang et al., 2013; Kikkert et al., 2016,
2021; Bruurmijn et al., 2017; Makin and Bensma&@17; Wesselink et al., 2019)ggest that the
pre-iinjury properties of brain regions do affect BCI performance. Even though experience shapes
neural organizatio(Merzenich et al1984; Ejaz et al., 2015; Wesselink et al., 20d&)resentations
may be remarkably persistent once forri@sselink et al., 2019; Kikkert et al., 202Thus, even
though BCls bypass limbs and their biomechanical constr@iatgy and Schiedy, 2004a) BCls
may still benefit from tapping into the preserved, nat{ialang et al., 2013nhovement repertoire
of mota areas.

As BCls enable more complex motor skiisich as handwritingVillett et al., 202), future
studies could investigaighetherthese complexskills alsoretain theirpre-injury representational
structureFor exampl e, does a tetraplegic participan
injury handwriting? These results wilave important implications for the design of future neural
prosthetics.

2.5 Methods
2.5.1 Data collection
2.5.1.1 Study participant

The study participant NS has an MSspinal cord injury at cervical level @34 that she sustained
approximately ten years before tbtady. Participant NS cannot move or feel her hands. As part of

a BCI clinical study (ClinicalTrials.gov identifier: NCT01958086), participant NS was implanted
with two 96channel Neuroport Utah electrode arrays (Blackrock Microsystems model numbers
4382 and 4383). She consented to the surgical procedure as well as to the subsequent clinical studies
after understanding their nature, objectives, and potential risks. All procedures were approved by the
California Institute of Technology, Casa Colina Hospdatl Centers for Healthcare, and the
University of California, Los Angeles Institutional Review Boards.

2.5.1.2 Multielectrode array implant location

The recording array was implanted over the hand/limb region of the left PPC at the junction of the
intraparietal sleus (IPS) with the postcentral sulcus (PCS)plementaryigure 2.1; Talairach
coordinates [136 | ateral, 4@flalpetali28l5;iKlaasetals 3 s ur
2015; Zhang et al., 2017@ferred to this brainraa as the anterior intraparietal area (AlIP), a region
functionally defined in noimuman primates (NHPs). Here we describe the implanted area
anatomically, denoting it the postcentratraparietal area (R€?). More details regarding the
methodology fordinctional localization and implantation can be foun(iiialo et al., 2015)

2.5.1.3 Neural data preprocessing

Using the NeuroPort syste (Blackrock Microsystems), neural signals were recorded from the
electrode array, amplified, analog bandgédssred (0.3 Hz to 7.5 kHz), and digitized (30 kHz, 250
nV resolution). A digital higkpass filter (250 Hz) was then applied to each electrode.

Threshold crossings were detected at a threshdl®.6fx RMS (rootmeansquare of an
el ect r od ¢indeseries)o Thteshgldecrossings were used as features-fmssmon BCI
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control. For all other analyses, we useth&doids clustering on each dlece to spikesort the
threshold crossing waveforms. The figst ¢hoft principal components were used as input
features to kmedoids, wheré was selected for each electrode to account for 95% of waveform
variance. The gap criter@@ibshirani et al., 2001yas used to determine the number of waveform
clusters for each ettrode.

2.5.2 Experimental setup
2.5.2.1 Recording sessions

Experiments were conducted 2n3-hourrecording sessions at Casa Colina Hospital and Centers
for Healthcare. All tasks were performed with participant NS seated in her motorized wheelchair
with her hands réimg prone on the armrests. Participant NS viewed text cues oAanalRLCD

monitor that occupied approximately 40 degrees of visual angle. Cues were presented using the
psychophysics toolbofBrainard, 1997jor MATLAB (Mathworks).

The data were collected on 9 days over 6 weeks. Almost all experiment days were treated as
individual sessions (i .-sorted togethar). Theasgcoral expegimeatr d i n
day (201809-17) was an exception, with data being recordeadnmorning period and an afternoon
period with a sizable rest in between. To reduce the effects of recording drift, we treated the two
periods as separate sessions (i.e., spokeed each separately) for a total of 10 sessions. Each session
can thus be cadered a different resampling of a larger underlying neural population, with both
unigue and shared neurons each session. We did-nat the calibration task for the afternoon
session, resulting in 9 sessions of the calibration taskupplementary Figur23b.

Each session consisted of a seriesidd 2 mi nut e, uninterrupted ft
participant rested for a few minutes between runs as needed.

2.5.2.2 Calibration task

At the beginning of each recording session, the participant performed a ré@actidimger flexion

task Supplementary Figurz2; denotedicalibration tas&in theResult3 to train a finger classifier

for subsequent runs of the primary task. On each #ilgtter appeared on the screen (&Xpfor

thumb). The participant was instructed to immediately flex the corresponding finger on the right
hand (contralateral to the implant), as though pressing a key on a keyboard. The condition order was
block-ranrdomized, such that each condition appeared once before repetition. The classifier was then
calibrated according to tiienger Classificatiosection.

2.5.2.3 Finger flexion grid task

In the primary task, movement cues were arranged in a 3 x 4 grid of letters on the Sgueen (
2.1a). Each screen consisted of two repetitions each of T (thumijek), M (middle), R (ring), P
(pinky/little), and X (NeGo) arranged randomly on the grid. Each trial lasted three seconds. At the
beginning of each trial, a new cue was randomly selected with a crosshairs indicator, which jittered
randomly to prevent legr occlusion. Each cue was selected once (for a total of 12 trials) before the
screen was updated to a new arrangement. Each run consistddsofeens.

On each trial, the participant was instructed to immediately 1) saccade to the cued target, 2)
fixate, and 3) attempt to press the corresponding finger. During both movement-@ul thals,
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the participant was instructed to fixate on the target at least until the visual classification feedback
was shown. The cue location randomization was used totigateswhether cue location would
affect movement representations.

On each trial, 1.5 seconds after cue presentation, the classifier decoded the finger movement
and presented its prediction via text feedback overlaid on the cue.

2.5.2.4 No-movement control task

The control task walkke the primary task, except that the subject was instructed to saccade to each
cued letter and fixate without attempting any finger movements. No classification feedback was
shown.

2.5.3 Statistical analysis
2.5.3.1 Unit selection

Singleunit neuros were identified using the-kedoids clustering method, as described in the
Neural Data Preprocessisgction. Analyses in the main text used all identified units, regardless o
sort quality. With spikesorting, there is always the possibility that a single waveform cluster
corresponds to activity from multiple neurons. To confirm that potential-omittclustering did not
bias our results, we repeated our analyses usingvegllyisolated units $upplementary Figure
2.15).

Well-isolated single units were identified using theatio metric(SchmitzefTorbert et al.,
2005) The newons corresponding to the lowest third ofdtio values (across all sessions) were
selected aswell-isolatedd This corresponded to a threshold wf p 1 8 dividing welk
isolated single units ambtential multiunits Supplementary Figur215).

2.5.3.2 Singleunit tuning to finger flexion

We calculated the firing rate for each neuron in the window [0.5, 1.5] seconds after cue presentation.
To calculate significarefor each neurorS(pplementary Figur2.4), we used a twailed ttest
comparing each movemeiGb dirmg rdtea. Aineugpn was tomsideted t he
significantly tuned to a movement if P < 0.05 (after FDR correction). We also computed the mean
firing rate change between each movement and thk€&oondition. If a neuron was significantly
tuned to at | east one f i ngesthesigndicamnt tngeowitetde t he |
largest effect size (mean firing rate change). For each neuron and finger, we also calculated the
discriminability index (d', RMS standard deviation) between the baselin&éring rate and the
firing rate during fingr movement.

In Supplementary Figur24, neurons were pooled across all 10 sessions. Neurons with mean
firing rates less than 0.1 Hz were excluded to minimize $étysto discrete spikeounting.

2.5.3.3 Finger classification

To classify finger movements from firing rate vectors, we used linear discriminant analysis (LDA)
with diagonal covariance matric3udoit et al., 2002ja form of regularization); diagonal LDA is

also equivalent to Gaussian Naive Bayes (GNB) when GNB assumes that all classes share a
covaiance matrix.
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We used data from the calibration task to fit the BCI classifier. Input features (firing rate
vectors) were calculated by counting the number of threshold crossings on each electrode during a
lsecond ti me window wiexetution phasa.dhe exaat thmantlod syasmo v e me
a hyperparameter for each session and was chosen to maximize thaldassd accuracy on the
calibration dataset. Electrodes with mean firing rates less than 1 Hz were excluded to prevent low
firing rate discetization effects. This classifier was then used in subsequent online BCI control for
the main task (finger flexion grid).

During online control of the finger flexion grid task, input features were similarly constructed
by counting the threshold crossinfjem each electrode in askcond time window. This time
window was fixed to [0.5, 1.5] seconds after cue presentation. The windowns&awwas chosen
based on the estimated saccade latency in the first experimental session. The saccade latency was
estimated by taking the median latency for the subject to look > 80% of the distance between targets.
The analysis window was a priori determined to be 1 second; this choice was suppottted pgst
a sliding window analysis (not shown), which confirmed timageér movements could be accurately
classified up to 1.6 seconds after cue. The online classifier was occasionally retrained using data
from this main task, usually every 4 rblocks.

Offline classification accuracys(pplementary Figurg3) was computed using leaome
out crossvalidation (within each session). We used features from the same time window as the
online control task. However, offline analyses uBedg rates after spiksorting, instead of raw
threshold crossings.

In theResultssection reported classification accuracies aggregate trials over all sessions (as
opposedtio averaging the accuracies across sessions with different numbers of trials). Reported
standard deviations indicate variability across sessions, weighted by the number of trials in each
session. To visualize confusion matrices, trials were pooled agssisns. Confusionatrixcounts
were normalized by row sum (true labeldisplayconfusion percentages
In the first session (201@9-10), the NeGo condition (X) was not cued in the calibration task, so
the classifier did not output NGo predictionsluring that session. However, XBo conditions were
cued in the main task; these 84-[So trials were thus excluded from the online control accuracy
metrics Figure 2.1b), but they were included in the offline cresdidated confusion matrix
(Supplementary Figur23).

2.5.3.4 Crossvalidated neural distance

We quantified the dissimilayi between the neural activity patterns of each finger (iR, using
the crossvalidated (squared) Mahalanobis distaiddi et al., 2014; Schiitt et al., 2019)

Q O ® O © 7O

Equation2.1

where 0 and 6 denote independent partitions of the tridisare the partitiorspecific noise
covariance matricesg hw  are the trial measurements of firing rate vectors for conditiéig,

and( normalizes for the number of neuroeunits of Q are®T EON B O 1
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The crossy al i dated Mahal anobis distance, al so 1
(Schitt et al.,, 2019)measures the separability of multivariate patterns, analogouDA
classification accuracNili et al., 2014) To generate independent partitiomsand 6 for each
session we stratifiedsplit the trialsinto 5 non-ovelapping subsets We then calculated the
crossnobis distance fal combinatiors of subsets6fd  andaveragedhe results. Crosgalidation
ensures that the (squared) distance estimate is unbi&s€d; 1 when the underlying

distributions are identicdWalther et al., 2016)'he noise covariandewas regularize{Ledoit and
Wolf, 2003)to guarante@verttibility .

Similar results were also obtained when estimating neural distances with theaticeted
Poisson symmetrized kdivergencgSchitt et al., 2019BSupplementary Figur28).

2.5.3.5 Representational models

We used representational dissimilarity matrices (RDMs) to describe both the type and format of
information encoded in a recorded population. To maksetiRDMs, we calculated the distances
between each pair of finger movements and organized the 10 uniquingéerdistances into a

€ re -sized representational dissimilarity matrix (RDN)gure2.2d). Conveniently,

the RDM abstracts away the underlying feature types, enabling direct comparison with RDMs across
brain regiongKietzmann et al., 20193ubjects, or recording modaliti@&iegeskorte et al., 2008b)

We also used RDMs to quantify hypotheses about how the brain might represent different
actions. InFigure 2.2b, we generated an adtedied model RDM using fMRI datadim two
independent studiegieliba et al., 2021§N = 29, preintervention, right hand, 3T scans) digjhaz
et al., 2015XN = 7, no intervention, right hand, 7T scans). The fN®RRII was selected to match
participant NSOs an alP)oSpecitcally, a4dmmmeodesid disttroecasotind o n (
vertex 7123 s initially drawn in fs_LR_32k space, then resampled onto fsaverage. The RDM for
each subject was then calculated using the cag$ated (squared) Mahalanobis distance between
fMRI activity patterns. Based on a permutation shuffle test, RDMs werasimilb et ween t he
groups of participants, so we aggregated the RDMs into a single dataset here. The MC RDMs
(Supplementary Bure2.6) used data from the sameans(Ejaz et al., 2015; Kieliba et al., 2021)
with ROIs covering Brodmann area 4 near the hand knob of the precential gyr

In Figure2.4 and its supplemental figures, we decomposed the data RDMs into model RDMs
borrowed from(Ejaz et al., 2015)The hand usage model was constructed using the velocity time
series of each finger's MCP joint during everyday tékigram et al., 2008)The muscle activity
model was constructed using EMG activity during singled multifinger tasks. Theomatotoc
model is based on a cortical sheet analogy and assumes that finger activation patterns are linearly
space Gaussian kernels across the cortical shéetsomatotopic model is based on a cortical sheet
analogy and assumes that finger activation patterns are linearly spaced Gaussian kernels across the
cortical sheetFurther modeling details are availablehie thethods section (Ejaz et al., 2015)

2.5.3.6 Comparing representational structures

We used thesatoolboxPython library(Schitt et al., 2019p calculate data RDMs and compare
them with model RDMs (representational similarity analfisreegeskorte et al., 2008eRSA).



28

To quantify model fit, we used the whitened unbiased RDM cosine similarity (WUC) metric
(Diedrichsen et al., 2021yhich (Diedrichsen et al., 202TXpcommend for models that predict
continuous real values. We used WUC instead of Peamoglation for two reasor{®iedrichsen
et al., 2021)First, cosine similarity metrics like WUC properly expldie informative zero point;
we used an unbiased distance estimat®, so mindicates that the distribution¥IQ are identical.

Second, Pearson correlation assumes that observations are independent, but the elements of each

RDM covary(Diedrichsen et al., 202Dbecause the underlying dataset is shared. For example, the
(thumb, middlejpairwise dissimilarity usethe same thumb data as the (thumb, rpeyjwise
dissimilarity.

Like correlation similarities, a larger WUC indicates a better match, and the maximum WUC
value is 1. However, cosine similarities like WUC are often larger than the corresponding correlation
values or are even close to(RRiedrichsen et al., 2021)hus, while correlation values can be
compared against auth hypothesis of @orrelation, WUC values should be interpreted by
comparing against a baseline. The baseline is ugiizifigrichsen et al., 202thosen to be a null
model where all conditions are pairwisquidistant (and would thus correspond-tm@relation). In
this study, this happens to correspond to the unstructured model. For more details about interpreting
the WUC metric, se@iedrichsen et al., 2021)

To demonstrate that our model comparisons were robust to the spboite of RDM
similarity metric, we also show model fits using whitened Pearson correlati®apiplementary
Figure2.8. Whitened Pearson correlation is a common atara to WUC(Diedrichsen et al., 2021)

2.5.3.7 Noise ceiling for model fits

Measurement noise and behavioratiability cause data RDMs to vary across repetitions, so even

a perfect model RDM would not achieve a WUC similarity of 1. To estimate the noise (diling

et al., 2014)the maximum similarity possible given the observed variability between data RDMSs),
we assume that the unknown, perfect model resembles the average RDM. Specifically, we calculated
the average siitarity of each individuakession RDM Supplementary Figur2.7) with the mean

RDM across all other sessions (i.e., excluding that session):

% | QT i [

Equation2.2

RDM from an individual session,andi s otwer dl noi se ceiling. This
to leaveoneout-crossvalidation. If a model achieves the noise ceiling, the model fits the data well
(Nili et al., 2014)

I
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2.5.3.8 Measuring changes in the representational structure

To assess the effect of BCI task experience on thefing@r distances, we performed a linear
regression analysigigure2.3b andSupplementary Figui21l) . We f i rst subdi vi de
dataset into individual runs and calculated separate RDMs for each (session, run) index. We then
used | inear regressi on t-bngg disecesdram tre aession iRIBXM6 s (
run index, and finger pair:

Q 1 T
Equation2.3

wherel is the average intdinger distance, is the coefficient for fingepair "@Q, i is the
session index, and is the run index$ s Tttwould suggest that RDMs are dependent on
experience across sessiafis. s 1twould suggest that RDMs depend on experience across runs
within a session. Fortests, we conservatively estimated the degoédseedom as the number of
RDMs, because thendividual elements of each RDM covary and thus are not independent
(Diedrichsen et al., 2021} he effect sizes fohe sessioindex predictor and the reindex predictor
were quanti f i'®@(@€ohenslO88 gompairty @agaidss the fingpair-only model as
a baseline.

For ttests without significant differences, we also calculated Bayes factors (BF) to determine
the likelihood of the null hypothesis, using the common threshold that Bayes factor < 1/3
substantially supports the null hypothd§i#enes, 2014)Bayes factors were computed using the R
package BayesFact{Wlorey et al., 2015)vith default priors. Taalculate Bayes factors for cne
sided ttests (for examplé, ), we sampled (N = Ppfrom the posterior of the corresponding
two-sided ttest § s 1), calculated the proportion of samples that satisfied thesioee

inequality, and divided by the prior odelsss— - (Morey and Wagenmakers, 2014)

2.5.3.9 Linear conbinations of models

We modeled the finger RDM (in vector form) as a zetercept, nomegative linear combination
(Jozwik et al., 20169f potentially predictive mod&DMs: usage, muscle, asdmatotop (Figure
2.4).

First, we used the variance inflation factor (VIF) to assess multicollinearity between the
hypothesized models. Feach model (e.g., usage), we calculated the standard, ordinary least squares
(OLS)based VIF (Vlksage,0L3, and we also calculated a modified VIF (\dge,nneg based on non
negative least squares (NNLS).

Equation2.4

where’Y ¢ isthe’Y from an OLS regression predicting RDM from all other RDMs)
VIFoLs values above a threshold indicate that multicollinearity is a problem; VIF>5 or VIF>10 are
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common thresholdgames et al., 2013)lere, we constrained the linear combination coefficients to
be nonnegative, which can sometimes mitigate multicollinearity. Thus, we also calculated &/I1F
which follows the same equation above, except that we use NNLS to preéhiom O

Because multicollinearity was a problem here, we next determined theubsst of model
RDMs to use. We used NNLS to predict the data RDM from the model RDMs. We estimated the
model fits using leavenesessiorout crossvalidation. To estimate modét uncertainty, we
bootstrapped RDMs (sessions) over the ewadislation procedurg(Schiitt et al., 2019We then
used theflonestandard errar rule (James et al.,, 2013p select the d&st parsimonious model,
choosing the simplest model within one standard error of the best model fit.

2.5.3.10Representational dynamics analysis

To investigate how the finger movement representational structure unfolds over time, we used a
time-resolved version of representational similarity analfisistzmann et al., 2019Jigure2.4a).
At each timepoint within a trial, we computed the insaeous firing rates by binning the spikes in
a 200ms time window centered at that point. These firing rates were used to calculatalictates]
Mahalanobis distances between each pair of fingers and generate an RDM. Sniajgsite4e)
show singletimepoint RDMs averaged across sessions.

The temporal sequence of RDMs constitutes an RDM movie (size
€ 43 43 ) that visualizes the represatnal trajectory across the trial
duration. RDM movies were computed separately for each recording ségganh time point, we
linearly decomposed the data RDM into the component models using atwedgast squares.
Because the component models were multicollinear, component models were limited to the subsets
chosen in the previous model reduction step. Each component RDM was normalized by its vector
| e n gatndrm) pedore decomposition to allomemparison between coefficient magnitudes. We
used bootstrapped sampling of RDMs across sessions and decomposed the-buedstRPM to
generate confidence intervals on the coefficients.

We computed the statitne of each model component as the timetativthe corresponding
mixture coefficient exceeded 0.2 (about 25% of the median-gmetkicient across models and
sessions).

2.5.4 Data availability

Data is available on tHBRAIN Initiative DANDI Archive at
https://dandiarchive.org/dandiset/000147

2.5.5 Code availability

Analysis code is availablen GitHubat
https://github.com/AndersenLabaltech/fingers_is
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2.7 Supplementary Material

fMRI localization tasks
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Supplementary Figure 2.1. Multielectrode array implant loc ation. Figure and legend text

have been reproduced from Figure S1 dfAflalo et al., 2020)(CC BY-NC 4.0

We used fMRI to identify cortical regions involved in imagined reaching and grasping actions. The participant
performed two complemematasks to ensure activation was robust across paradigms.

(a) Eventrelated task design. Following an intertrial interval, the subject was cued to perform a specific imagined
movement (precision grasp, power grasp, or reach without hand shaping). Fglibevtue, a cylindrical object was
displayed. If the object was intact, the subject imagined performing the cued movement. If the object was broken, the
subject withheld movement.

(b) Block task design. Eight blocks were presented for 30 seconds p&umimg the first 15 seconds of each block,
common objects were presented every three seconds in varying spatial locations. Before each run, the subject was
instructed to either imagine pointing at, imagine reaching and grasping, or look naturally §¢heDalring the last

15 seconds of each block, scrambled images wergentedand the subject was instructed to guess the identity of

the object.

(o Statistical parametric map showing vox-&Sogpwiol,h signi
FDR-corrected), based on task (a). Array location and cortical landmarks are depicted in the legend.

(d) Statistical parametric map showing voxels with significant activation (P < 0.01;cBBBcted) for grasping

versus looking, based dask (b).
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Rest Go
1.5-2.25s Reaction Time

Supplementary Figure2.2. Calibration task.

Task structure, single trial. Each trial consisted of an intertrial intervalghid)a reactiotime Go phase. During the

Go phase, green text specified which digit to flex. All letters were overlaid in gray to minimize visual differences
between ITI and Go phases.

(Legend) T = thumb, | = index, M = middle, R = ring, P = pinky, X =nmavement
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Supplementary Figure 2.3. Robust crossvalidated finger classification during main and
calibration tasks.

(a) Confusion matrix of offline finger classification, cresalidated wihin single sessions. 4080 trials of the main
task aggregated over 10 sessions.

(b) Confusion matrix of offline finger classification, cregalidated within single sessions. 530 trials of the calibration
task aggregated over 9 sessions.

(Legend) T = thumbl, = index, M = middle, R = ring, P = pinky, X = no movement. Each entfy in the matrix
corresponds to the ratio of movemetrials that were classified as movemgnt
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Supplementary Figure2.4. Single-neuron encoding of individualfingers.

All five fingers of the right (contralateral) hand were encoded within the population during movement execution.

(a) Percentage of the population tuned significantly (P < 0.05,-E@Fected) to flexan of each digit. Positive
percentages indicate neurons that increased firing rate during digit movement and negative percentages bar indicate
neurons that decreased firing rate. Error bars indicate a 95% bootstrap confidence interval.
(b) Percentage of thpopulation tuned best to each digit.

(0 Cumul ative distribution functvalees. of t he
(d) Histogram of d' (discriminability index) values across neurons.

(a-d) Neurons were pooled across sessions.

popul ati onos
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Supplementary Figure 2.5. Gaze location did not affect finger decoding during the

attempted-movement period.

(a) Linear regression could not decode target location [x, y] coordinates fromutteg aetivity during the attempted
movement period. Violin plot shows that cressidated regressiort values are close to 0 across sessions, with each
circle marking a single session.

(b) A linear classifier (diagonal LDA) could not classify the gaamtimn from neural activity during the attempted
movement period. Confusion matrix depicts creakdated classifications of cue location.

(c) Crossvalidated classification accuracy for main and control tasks: a linear classifier (diagonal LDA) cbuld no
classify finger movements from neural activity during passive observation (orange) of the digit flexion task. Sliding
bin width: 200ms. The shaded region indicatess#.m. (6 sessions passive viewing, 10 sessions attempted flexion).
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Supplementary Figure 2.6. fMRI representational structure for finger movements, from

(Kieliba et al., 2021)

fMRI representational dissimilarity matrices (RDMs) for 3 individual subjects and the group mean (N = 29). Intuitive
visualization of distances using multidimensional scaling (MDS) and Generalized Procrustes alignment (without
scaling); ellipses show meati- s.d. across subjects. Regions of interest (ROIs): motor cortex (MC, top row) and
junction of the postcentral amdtraparietal sulc{PCGIP, bottom row).
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Supplementary Figure 2.7. Individual representational dissimilarity matrices for each

session.
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Supplementary Figure 2.8. Representational structure during BCI finger control matches

the structure of able-bodied individuals when using alternative analysis parameters.

(a) RDMs calculated with an alternative dissimilarity metric: creaidated Poisson Kidivergenceg(Schiitt et al.,
2019) Units: nats / neuron. RelatedSopplementary Figurg 7a andFigure2.2d.

(b) Fit between measured RDMs and medtdact BOLD data using alternative metrics. Distance metric: €ross
validated Poisson Kddivergence. Similarity metric: whitened RDM Pearson correlatizindrichsen et al., 2021)
Similar toFigure2.2f.

(c) Representational dynamics calculated with an alternative dissimilarity metric:vedatsed Poisson KL
divergence. Similar t&igure2.4e.
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Supplementary Figure 2.9. fMRI finger RDMs are more consistent across abkbdodied
participants in MC than in PC-IP

GardnerAltman estimation plofHo et al., 2019pf the WUC similarity between saniOl pairs of RDMs (N = 630

pairs between 36 subjects). Each circle on the swarm plot (left) marks the similarity for faspdijeots. Horizontal

black lines mark the mean pairwise similarity within each ROI. The curve (right) indicates the resampled (N = 5000)

di stribution of the effect size bet wdRmnuRMOi2.1 (958s measu
Cl: [12.22,i 1.99)).



41

k%%
a _TEr b
*kk
1.07 *xk
0.9
S
0.8 1
0
- ©
= T ®
<. 0.7 1 25
15 09r = © <
- © as
S = ($)
= E
2 0.6
S
£
w
5 0.5
B
= 0.8t
0.4 i : :
MC PC-IP PC-IP
minus
MC
0.7 g
o N <&
N < &
& & Q
N S N
0b 6\ ‘b"’
CH < -
W 3@ @
' i
N3
5N
5

Supplementary Figure2.10. PC-IP finger representational structure of tetraplegic individual

matches fMRI RDMs from MC even better than fMRI RDMs from PC-IP.

(a) Measured RDMs wmtch the abkbodied MC fMRI RDM better than they match the abtalied PGIP fMRI RDM

(P = 1.9 x 1&; two-tailed ttest, 1000 bootstrap samples over 10 sessions), as measured by the whitened unbiased
cosine similarity(Diedrichsen et al., 2021WUC) (Methods). Violin plot: solid horizontal lines indicate the median

WUC over bootstrap samples, and dotted lind&ate the first and third quartiles. Noise ceiligtayregion estimates

the best possible model fiiethods. Similar toFigure2.2f.

(b) Paired GardneAltman estimation plofHo etal., 2019)of the similarity (WUC) between participant NS (average

RDM across sessions) and individual MC andIP@QRDMs fromableb o di ed f MRI participants.
connected points (left) show edPsimi MRt i partwi thppat 66 c(|
finger RDM. Mean difference between®CP and MC similarities (right) presen
samples).
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Supplementary Figure2.11. Inter-finger distancesdid not increase across sessions or within
sessions.

BCI classification errors could have encouraged ifitgyer distances to increase to improve separability, but this did
not occur. Inteffinger distances instead decreased slightlyogs sessions: t(8) .0, two tailed test P = 0.004;
across runs within session82) =1 2.4, twotailed ttest P = 0.019), although the effect size was very small (across

s essi 0onsQ=0008 amwss suns within sessions: = 0.005). Markers indicate average pairwise distance for
each finger pair and session (top) or-within-sessior(bottom).
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Supplementary Figure2.12. Fit between measured RDM and linear combinations of models.

Violin plot of WUC similarity between the measured RDM (N = 1000 bootstrap samples oversithsgand the
corresponding model combination. Violin plot: solid horizontal lines indicate the mean WUC over bootstrap samples,
and dotted lines indicate the first and third quartiles. Horizontal lines (above) indicate significance groups, where the
circle-indicated model is significant over the vertitigk-indicated models (twailed ttest, g < 0.01, FDRorrected

for 28 modelpair comparisons). For example, the musstamatotoy combined model is significant over the
individual muscle, hand usagsgmatotojic, combined muscle+hangsage, and pairwisequidistant/unstructured

(null) models.
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Supplementary Figure 2.13. Temporal delays between component models are consistent

across single sssions.

When linear modeling within single sessions, the muscle model (blue) consistently precesteddtmo model
(orange).Time difference: 170ms +66ms (s.d. across sessions) (P = 0.002;ditted Wilcoxon signedank test).
Line styles indicate session. Relatedrigure?2.4e.
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Supplementary Figure 2.14. Representational dynamics are robust across tasks and model
combination choices.

(a) Representational dynamics analysis shows an early fit to theusaigg model and a lafie to the somatotofc

model. Confidence intervals indicate s/e.m. across sessions. RelateHiture?2.4e.

(b) Representational dynamics analysis shows a consistent delay between models during the calibration task. Note:

the absolute timing differs from the main task because the calibratioddasknot require an initial saccade to read
the cue. Related teigure2.4e.
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Supplementary Figure2.15. Well-isolated single neurons of the tetraplegic participant match

the finger representational structure of ablebodied individuals.

(a) Histogram of Lratio, a spikesorting cluster metric. Threshold for wédblated units: 33% quantile g < 10

1y,

(b) Representational dissimilarity matrices calculated only using-is@hted units, using the cresalidated
Mahalanobis distance. Similar to Figure 2d &ugpplementary Figura7a.

(c) Whitened unbiased similarity (WUC) between measured (b) RDMs (using onkisaigted units) and model
predictions (Figure 2ig), showing that the measured RDMs match the-bbtied fMRI RDM significantly better

than they match the unstructured model (P = 3.1'% Ivo-tailed ttest) and the SPLa fMRI RDM (P = 1.7 x'9)0

Error bars indicate +/s.e.m. Noise ceiling: gray region estimates the best possible model fit (Methods). Gray
downwad semicircleindicates that the noise ceiling is significantly higher (P < 0.001) than the fit of the SPLa fMRI
RDM and the unstructured model. SimilaRigure?2.2f.

(d) Representational dynamics analysis, repeated using onhsetted units, shows an early fit to the muscle model
and a late fit to theomatotojr model. Confidence intervals indicate s/e.m. across sessions. SimilaFigure2.4e.
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3 Decoding and geometry of ten finger movements in human

posterior parietal cortex and motor cortex

3.1 Summary

Objective Enable neural control of individual prosthetic fingers for piaeiats with uppeflimb
paralysis.

Approach Two tetraplegic participants were each implanted with -ah@®nel array in the left
posterior parietal cortex (PPC). One of the participants was additionally implanted withar®e|

array near the hand knalb the left motor cortex (MC). Across tens of sessions, we recorded neural
activity while the participants attempted to move individual fingers of the right hand. Offline, we
classifiedattemptedinger movements from neural firing rates using linear digoant analysis
(LDA) with crossvalidation. The participants then used the neural classifier online to control
individual fingers of a braimachine interface (BMI). Finally, we characterized the neural
representational geometry during individual fingevements of both hands.

Main ResultsThe two participants achieved 86% and 92% online accuracy during BMI control of
the contralateral fingers (chance = 17%). Offline, a linear decoder achieviagendecoding
accuracies of 70% and 663ing respectie PPC recordings and 75% using MC record{ngance

= 10%). In MC and in one PPC array, a factorizeie linked corresponding finger movements of
the contralateral and ipsilateral hands.

Significance This is the first study to decode both contralataral ipsilateral finger movements
from PPC. Online BMI control of contralateral fingers exceeded that of previous finger IBRATS.

and MCsignals can be used to control individual prosthetic fingers, which may contribute to a hand
restoration strategy fgreople with tetraplegia.

3.2 Introduction

Tetraplegic individuals identify hand function as a higipact priority for improving their quality

of life (Anderson, 2004; Snoek et al., 2004; Collinger et al., 20N8Ba)roprosthetics research has
enabled control fobasic grasp shapéklochberg et al., 2012; Collinger et al., 2013c; Klaes et al.,
2015; Wodlinger et al., 2015an important step towards empowering paralyzed individuals to
perform daily activities. However, thepeedefinedgrasp tenplates constrain the rangémotion

and thus limit the usefulness of existing neural prosthetics.

The complexity of human motor behavior is largely enablealibyersatile dextepus hands
(Sobinov and Bensmaia, 202Ihe human hand can weave intricate crafts, sign expressive
languages, and fingerpick guitar solos. Even everyday manual behaviors, like turning a door handle,
require volitional control ovemany degrees of freedo(ivan et al., 2020)Indeed, humans can
moveindividualfingers much more independently than other animals, including mo(geyigber,
1991; HageiRoss and Schieber, 2000p better restore autonomy to people with tetraplegia, neural
prosthetis would benefit from enabling dexterous finger control.

Intracortical brairnmachine interface (BMI) research hiaggely focused on control of
computer cursors and robotic arms, rather than dexterous hand dBuiidihg off foundational
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studies of nofhuman primate$§Wessberg et al., 2000; Serruya et al., 2002; Taylor et al., 2002; Wu
et al., 2004; Mulliken et al., 2008b; Ethier et al., 2012; Gilja et al., 2@&®Eral clinical studies
have implemented continuous decoders foraucentrol(Hochberg et al., 2006; Kim et al., 2008;
Wang et al., 2013; Aflalo et al., 2015; Gilja et al., 2018Vveraging thiswarsor control(Jarosiewicz

et al., 2015; Paratinath et al., 2017; Nuyujukian et al., 2058psequently developed-soreen
keyboard typing interfacder tetraplegic participant§dochberg et al., 2012; Collinger et &013c;
Wodlinger et al., 2015; Ajiboye et al., 201&jtendedcontinuous decoding to arm control, with
(Ajiboye et al., 2017¢ontrolling the user's own muscles. Recent work has also decoded speech from
sensorimotor cortefdnumanchipalli et al., 2019; Moses et al., 2021; Sarah K. Wandelt et al., 2022;
Willett et al., 2023)However, relatively few BMI studies have focused on hand cqjidaalton et

al., 2016; Hotson et al., 2016; Irwin et al., 2017; daal., 2020; Nason et al., 2021; Willett et al.,
2021) and previous studies frequenttypmbine the ring and little fingers or leave them out
altogether Individuated finger control would be useful for applications like keyboard typing or
object marnpulation.

Most motor BMIs record neural activity from the motor cortex (MC), although areas of the
posterior parietal cortex (PPC) have also been used successfully for BMI control of geachin
(Mulliken et al., 2008b; Aflalo et al., 201&hd graspingKlaes et al., 2015¥he PPC plays a central
role in sensorimotor integration, with regions of PPC representing visual stimulus locatiege and
movementgAndersen et al., 1987jask contex{Gail et al., 2009)planned reachdSnyder et al.,
1997) and object graspin(Murata et al., 2000; Schaffelhofer and Scherberger, 20} uses
partially mixed selectivity to simultaneously encode many motor varighlesng et al., 2017)
which can be useful for versatile neural decoding.

Despite PPC's clearly demonstrated rolgrasping Gallese et al., 1994; Schaffelhofer and
Scherberger, 2016; Sobinov and Bensmaia, 202%$ is known about PPC responses during
individual finger movements. With fMRI, lesion, and anatomical evidence situating primary motor
cortex as core to fine finger movements (for review, (Ssbinov and Bensmaia, 2021most
electrophysiological studiesf finger movementfiave focused on the primary motor (M1) and
primary somatosensory cortex (S8chieber and Hibbard, 1993; Schieber and Poliakov, 1998;
Flesher et al., 2016; Hotson et al., 2016; Gomadet al., 2019; Fifer et al., 2021; Nason et al., 2021,
Willsey et al., 2022)Nevertheless, nehuman primate mapping studi€3eelke et al., 2012)nd
stimulation studiegRathelot et al., 2017; Baldwin et al., 20b3)ve identified PPC suiegions that
are likely involved m fine finger movements. These results imply that fine finger movements are
supported by a broad neuronal network, which should be investigated to improve dexterous BMI
control.

Here, we recorded intracortical activity from the PPC of two tetraplegicipartis while
they attempted to press individual fingers. Across task contexts, we could classify individual finger
movements during planning aattempteeexecution periods. We connected this neural decoder to
drive a neural prosthetic hand, with accuga@xceeding recent intracortical BMI studigsrge et
al.,, 2020; Guan et al., 2022bJurthermore, we characterize both the neurainty and
representational geomet(iKriegeskorte and Wei, 202Buring attemptedfinger movements of
either handThe neuwal codefactorized into finger type ardterality componentdeading to finger
representations that were simultaneously discriminable and similar aordsalateral/ipsilateral
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pairs of fingers. These findings contribute to the understanding of hberah movements and
advance the development of hand neuroprosthetics for people with paralysis.

3.3 Methods
3.3.1 Study participants

Experiments were conducted witlio volunteer participants enrolled in a bramachine interface
(BMI) clinical study ClinicalTrials.govildentifier: NCT0195808%. All procedures were approved
by the respective Institutional Review Boards of California Institute of Technology, Casa Colina
Hospital and Centers for Healthcare, and University of California, Los Andedeb. partigpant
consented to this study after understanding the nature, objectives, and potential risks.

Participant NS is a rigitanded, tetraplegic woman. Approximately 10 years before this
study, she sustained an AMSspinal cord injury at cervical level @34.NS can move her deltoids
and above, but she cannot move or feel her hands.

Participant JJ is a rigiitanded, tetraplegic man. Approximately 3 years before this study, he
sustained a spinal cord injury at cervical level@3l He has residual movement is bpper arms,
but he cannot move or feel his hands.

Because both participants could not move or feel their hands, we instructed them, during the
behavioral tasks, to attempt finger movements as if their fingers were not paralyzed. We often
abbreviatethesei nger movement attempts as #Afinger mov

3.3.2 Tasks
3.3.2.1 Alternatingcues finger press task with delay

Each participant performed an instructiglay finger movement taskigure3.1). They were seated
in front of a computer monitor display, with their hands prone on a flat surface. Each trial began with
a cue specifying a finger of the right hand. The finger cue then disappeared during a delay period. A
cueinvariant geicon appeared, instructing the participant to attempt to press the cued finger as
though pressing a key on a keyboard. This instrudédaly task format temporally separates the
visual stimulus from the planning and execution epochs.

Supplementary Tablg1 documents the phase durations for each taskSapglementary
Table3.2 lists the date ranges for each task.

Some regions of the posterior parietal cortex (PPC) are modulated {mgatonvariables
like visual stimulus locatiofAndersen et al., 198@nd task contexiGail et al., 2009)To ensure
that the recorded neural signals refleateovement type (rather than, e.g., visual memory), we
varied the cueing method between rukgyre 3.1). In the Spatialue variant, five circles
corresponded to tHeve fingers. In the TexCue variant, the finger cue was a letter abbreviation. A
brief PreCue phase in each trial indicated what cue variant the trial would be.


http://clinicaltrials.gov/
https://clinicaltrials.gov/ct2/show/NCT01958086
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Figure 3.1. Alternating -cues, instructeddelay finger press task

Trial structure. Each rectangle represents the computer monitor display at each phase. Two cue variants, text and
spatial, were trialnterleaved. In the spatial variant, the location of the highlighted circle corresponded todhe cue
finger. Trials without a highlighted circle indicated a-So cue. In the text variant, a highlighted letter (for example,

fiMo for the middle finger) cued each finger. In both variants, the finger cue disappeared before the movement phase
(Go) to separatplanning and execution periods. Phase durations are lisBeghplementary Tablg 1.

3.3.2.2 Finger press task with randomized cue location (reactiom)

Letters, corresponding to each movement type, were arranged in a 3 x 4 grid across the screen. Each
grid consisted of two repetitions each of T (thumb), | (index), M (middle), R (ring), P (pinky), and
X (No-Go). Letters were arranged in a random ordeligsociate eye gaze signals from movement
representations. On each trial, a single letter cue was indicated with a crosshairs symbol, which was
jittered to minimize systematic effects of letter occlusion. Each cue was selected once (for a total of
12 triak) before the screen was updated to a new arrangement. Edbhakioonsisted of 4 screens
for a total of 48 trials.

On each trial, the participant was instructed to immediately saccade to the cued target and
fixate, then attempt to press the correspogdinger of the right hand. A trained classifier decoded
the finger movement from neural signals and displayed the classified finger movement 1.5 seconds
after the start of the trial. The participant pressed the instructed finger and fixated on th#l cue un
the visual classification feedback was shown.

Data from participant NS performing this task was previously analyzé@uan et al.,
2022b) Data from partipant JJ have not been reported previously. During 3 sessions, participant
JJ also performed this task using his left hand.
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Figure 3.2. Reactiontime finger-press task with randomized cue location. Figure @apted
from (Guan et al., 2022bYCC BY-NC 4.0).

Main finger press task. When a letter was cued by the red crosshair, the participant looked at the cue aatdlynmedi

attempted to flex the corresponding digit of the right (contralateral) hand. We inclibe@aconditioniX,dduring

which the participant looked at the target but did not move their fingers. Visual feedback indicated the decoded finger
1.5 seconds after cue presentation. To randomize the saccade location, cues were located on a grid (3 rows, 4 columns)

in a psedorandom order. The red crosshair was jittered to minimize visual occlusion.

3.3.2.3 Tenfinger press task

Each participant also performed an instruadethy finger press task with fingers from both hands.

The task was like the Teftue variant of thélternatingcues finger press task with delaxcept
without a PreCue phase. All ten fingers were interleaved in trials within the saraoak (Figure
3.3). Phase durations are documented in

Supplementaryrable3.1.
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Delay

Figure 3.3. Text-cued finger movement task with instructeddelay.
Trial structure. Text cues indicate the hafR{d or AiLO) and the finger (e.gfimo for middle finger).After a delay
period, a cugnvariant Geicon instructs movement execution.

3.3.3 Implant location

Participant NS was implanted with two-86annel NeuroPort Utah electrode arrays 6 years after

injury (about 4 years before this study). The implant locationg Wetermined using anatomical

priors and preoperative functional magnetic resonance imaging (fi@RBn et al., 2022bOne

array (denoted N®PC) was implantedver the hand/limb region of PPC at the junction of the

intraparietal sulcus (IPS) with the postcentral sulcus (PCS). This region is thought to be involved in

the planning of grasp movemefidaes et al., 2015; Schaffelhofer and Scherberger, 2016; Gavina

Pratesi et al., 2018)n this report, we refer to this brain area asIP{postcentraintraparietal),

although it is sometimes also referred to as the anterior intraparietal sulcus (alPS)Galiiicen

et al., 2013)A second array was in Brodmann's area (BA) 5d. In the weeks following implantation,

it was found that the BA 5d array did not function, sy dhé PCIP array was used in this study.
Participant JJ was implanted with two-8iéannel NeuroPort Utah electrode arrays about 20

months after injury (about 35 months before this study). The first array (dene®RICJJIvas

implanted in the superior patal lobule (SPL) of the left PPC. The second array (denotstCyJ

was implanted near the hand knob of the left motor cortex (B@@lementary Figurgl). PPC

and MC activity were recorded simultaneously.

3.3.4 Neural signal recording and preprocessing

Neural signals were acquired, amplified, bandifittesed (0.3 Hz 7.5 kHz) and digitized (30 kHz,
16-bits/sample) from the electrodes using NeuroPodraleSignal Processors (NSP) (Blackrock
Microsystems Inc.).

Action potentials (spikes) were detected by kigiss filtering (250Hz cutff) the full-
bandwidth signal, then thresholding i®.5 times the roemneansquare (RMS) voltage of the
respective elgrode. Although one or more source neurons may generate threshold crossings, we
used raw threshold crossings for online control and only sorted spikes for offline analyses. Single
neurons were identified using therledoids clustering method. We useddhg criterigTibshirani
et al., 2001}o determine the total number of vediorm clusters. Clustering was performed on the
first nN {2, 3, 4} principal components, where n was selected to account for 95% of waveform
variance.
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3.3.5 Feature Extraction

Except when otherwise specified, we used arblisecond (ms) window of neural @aty to
calculate firing rates (counted spikes divided by the window duration). The firing rate was then used
as the input features to each analysis or classification model.

For crossvalidation classification analyseseuronswith an average firing raton the
training fold < 1Hz werediscarded as noisy features. For singdgeiron analyses, a looser threshold
of < 0.5 Hz, averaged over the entire recording, was used to exclude neurons from significance and
effect size tests.

Behavioral epochs:themawvee nt executi on (AGoo or fAmoveo)
as the 504ms window starting 200 ms after the Go cue. For applicable tasks, the movement planning
(ADel ayo or Aplanodo) anal ynsiwisdowstaniog®00 me afterthd e f i n
Delay screen. The Cue analysis window was defined as thenSG@indow starting 200 ms after
the Cue screen. The intertrial interval (ITI) analysis window was defined as the last 500 ms of the
ITI phase.

3.3.6 Singleneuron selectivity for finger movements

Inthes e c t Singleneufon modulation to individual finger presse® usee a ongvay ANOVA

to determine whether neurons distinguished firing rates betattampted finger movementA
neuron was considered discriminative if p < 0.05 after false discovery rate (FDR) correction for
multiple comparisons using the Benjaniidochberg procedureve also denotetthis FDRadjusted
p-value as q. We corrected fom=N comparisons, where N is the number of neurons for each
participant. Following Cohen's rules of thuif@®ohen, 1988)we denoted the ANOVA effect size
asflargedi f2> @.14. As the ANOVA post hoc testewused Dunnett's multiple comparison test
(Dunnett, 1964)o determine which fingers had significantly different firing rates than th&blo
baseline.

To quantify the effect size of firingate changes against the-8o baselineKigure3.4a),
we used Hedgesg, which issimilar to Cohen'sl but biascorrected for small sample sizé§e
calculated and visualizeHedges'g valuesusing the Data Analysis using Bootst@pupled
Estimation Python librargHo et al., 2019)

For visual simplicitywe pooledneuronsacross sessionghen calculating and visualizing
singleneurommetrics (percentage selective, number of fingexsidisnable from NeGo, empirical
cumulative distribution functions).

To visualize firing rates, spike rasters were smoothed with a Gaussian kerma$ (50
standaredeviation [S.D.]), then averaged across trials to create a peristimulus time histogram
(PSTH)

3.3.7 Offline classification with crosgalidation

We trained a separate linear classifier for each session to @teptedinger movements from
the neural features. We used diager@lariance linear discriminant analysis (diagonal LDA)
(Dudoit et al., 2002)Diagonal LDA is equivalent to Gaussian Naive Bayes (GNB) when GNB
shares a single gariance matrix across classes.



54

For offline classification and parameter sweepsestanated the generalization error using
stratified K-Folds crossvalidation (with K = 8)within each sessionReported classification
accuracies indicate the number ofrect trials (summed across sessions) divided by the total number
of trials (summed across sessiogy.osssession standard deviations of classification accuracy are
weighted by the number of trials in each session.

Learning curvesHigure3.5b) were generated by using subsets of the trainindusetg each
Stratified K-Fold split. Window duration sweep&igure 3.5d) varied the size of the firingate
estimation window while fixing the start time at 200ms after the Go cue. Neural decodetirses
(Figure3.5e) used 500ms bins centered at different times of the trial.

To visualize euronrdropping curvesKigure 3.5¢c, Supplementary Figur8.11), we first
aggregatedieurons across session® a pseudgopulation. Specifically, & combined trials from
different sessions based on their witliimger orderFor exampl e, eac-thumbessi or
trial was combined into a single trial for the psepdpulation FortheAlternatingcues finger press
task withdelay Participant Jperformed 96 trials in 1 session and 120 trials in 2 sessions, so we
used only the first 96 trials from each session. Finally, we randomly sampled (without replacement)
anM-neuron subpopulatidnom the pseudgopulation. We calculated the cresalidated accuracy
when decoding from this subpopulation. We valiétb create a neuredropping curve, and we
repeated the subpopulation sampling 40 times for Keithgenerate confidence intervals.

3.3.8 Online brainrmachine interface (BMI) discrete control

Each BMI control session started with a run of the dpep calibrationtask. For participant NS,
this was thé\lternaing-cues finger press tagkodifiedto not have a delay. For participant JJ, this
was thdinger press task with randomized cue locatinndified to not povideclassifieroutput

The neural activity and fingeanovement cuefom the calibration task served as training
data for the online BMI classification model. Neural features were composed of the threshold
crossing rates of each electrode duringse®nd windowfor each trial The window staftime, 0,
was a hyperparameter chosen to maximthe crossvalidated classification accuracy on the
calibration task.The online BMI classifier was then fit to the calibration task without eross
validation. Ldels consisted of the finger movement cues, and features consisted of the firing rates
during each ofpr ioa. [Elécgodes with dheawfiring ratesl Hz were excluded to
minimize sensitivity to discretization.

During online control of ta finger grid task, the classifier predicted a single finger movement
for each trial. Input neural features consisted of the threshold crossing rates from each electrode in
the time window [0.5, 1.5] seconds after cue presentaiiba.BMI classifier was acasionally
recalibrated between run blocks using data from this task.

3.3.9 Neural distance between fingers

We quantified the neural activity differences between finger movements using thealides®d
(squared) Mahalanobis distan@g®alther et al., 2016)The Mahalanobis distance is a continuous,
nonsaturating analogue of LDA classificatiaccuracyNili et al., 2014) Crossvalidation removes
the positive bias of standard distance metrics, suclfCiifat  1Twhen two activity patterns are

statistically identical.
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To calculate population distances, we used the representational similarity analysis Python
toolbox (Schitt et al., 2019) The toolbox slightly modifies the cresalidated Mahalanobis
equation, incorporating the noise covariances of both folds to improve robustness:

Q O ® ® @ 70

Equation3.1

whered andd indicate independent partitions of the tri4ls the noise covariance matrix foo
are the firing rate vectors finger movements@Q stacked across trials, aidnormalizes for the
number of narons. The units d are®1 E O RA@D@1 1

3.3.10 Shared representations across hands

To quantify whether finger representations were similar across hands, we compared the pairwise
distances between matching finger pairs and the pairwise distances bebtmeeatching finger

pairs Figure3.8b). We denoted éinger pairasmatchingif the hands differedndthe fingertypes

were the same ([Lt, Rt], [Li, Ri], [Lm, Rm], [Lr, Rr], [Lp, Rp]yWe denoted &inger pairasnon
matching f the hands differed and the fingigpes also differed ([Lt, Ri], [Lt, Rm], [Lt, Rr], [Lt,

Rp], [Li, Rt], [Li, Rm], etc.). We described a neural population as sharing representations across
hands if the average distarfoetween matching finger pawgas snaller than the averaghstance
between nomatching finger paits

3.3.11 Factorizedfinger representations

Factorizeccoding refers to representations that caddmomposed into simpler explanatory factors
(Kobak et al., 2016; Kim @hMnih, 2018; Bernardi et al., 2020; Frankland and Greene, 2020; Aflalo

et al., 2022)We assessed whether finger representations could be linearly decomposed into the sum
of fingertype and laterality components.

We first visualized the representatibgaometry inFigure3.8d using 2D multidimensional
scaling (MDS). MDS projects tHenger movemenginto a lowdimensional spacghile attempting
to preserve pairwiseeuraldistancesKigure 3.8a). We performed MDS on data from individual
sessions and then used Generalized Procrustes Analysi$ W&RAcaling to normalize and align
MDS projections across sessioits.the NS-PPCMDS plot, ellipses show standard error (S.E.)
across sessionsheJJ}PPC and JMC MDS plots show the mean values without any S.E. elljpses
becausé¢he 2 sessions witbarticipantJJ are not sufficient to estimate S.E.

We used leavenegroupout crossvalidation to determine whether hanand finger
dimensions generalize to lefut movementsJupplementary Figurg8). If finger representations
arefactorized then hand classifiers (left vs. right) should generalize when trained on a subset of
finger types and evaluated on lefit fingertypes Additionally, fingertype classifiers should
generalize when trained on one hand and tested on the otheFltand3.8e). This metric ioften
called crossondition generalization performance (CCGBgrnardi et al.,2020) We pooled
neurons across sessions (NS: 10 sessions; JJ: 2) into a-pseutition. We used a permutation
test to assess whether CCGP was significantly above chance, shuffling the labels repeatedly
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(N=1001) to generate a null distribution. Stardicrossvalidationaccuracy providea bestcase
upper bound on CCGHRReaching this upper bound implies perféattorization. We matched
training dataset sizes when comparing CCGP and wattwlition crossvalidation accuracy.

3.4 Results
3.4.1 Singleneuron mdulation to individual finger presses

We first sought to determine whether PPC single neurons discriminate between individual finger
movements. We quantified singbeuron modulation to attempted finger presses of the right
(contralateral to the implantphd while the participant performed #kernatingcues finger press

task with delay(participant NS: 120 trials per session for 4 sessions; participant JJ: 112 trials per
session [min: 96; max: 120] for 3 sessions). We recorded 118 neurons per session (min: 111; max:
128) over 4 sessions from NPC, 103 neurons per session (min: 92; max: 116) over 3 sessions
from JIPPC, and 93 neurons per session (min: 90; max: 95) J&MC. For each neuron, we
calculated firing rates during the attempted movement period and compared firing ratdgenoss
movementgFigure3.4a, Supplementary Figurg2, Supplementary Figurg3).

Like results from finger studies of the motor cortex hand ¢ehieber and Hibbard, 1993;
Schieber and Poliakov, 1998PC neurons were not anatomically segregated by finger selectivity.
A large portion ofneurons (NSPPC: 54%; JPPC: 30%; JMC: 78%; Figure 3.4c) varied their
firing rates between attempted finger movemefds< 0.05), and selective neurons were often
selective for multiple finger movements (mean number of significant fingerBRCS 2.1; WPPC:

1.9; JIMC: 2.7). Moreover, many neurons discriminated betvweevementsvith large effect sizes
(percent age &% 0.14,eNGRPG:MB8%; HWPPCT: 5% JMC: 64%; Figure 3.4d,
Supplementary Figur&2d, Supplementary Figur&3d).
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Figure 3.4. PPC single neurons discriminate between attempted finger movements.

a)

b)
<)

d)

e)

Singletrial firing rates for an example NBPC neuron duringttemptedmovements of different fingers. (top) Markers
correspond to the firing rate during each trial. Gapped vertical lines to the right of markers indicBte and each gap
indicates thanean firing rate (bottom) Firing rates during thumb (T) and index (I) presses were higher than-the (X
baselire. Vertical bars indicate bootstrap 95% confidence intervals (Cl) of the effect size vergashigeline. Halfiolin
plots indicate bootstrap distributions.

Mean smoothed firing rates for each finger movement for two exampleRCSneurons, whickespectively modulated for
thumb/index movements (left) and fingers versus®o(right). Shaded areas indicate 95% CI.

Percentage of NEPC neurons that discriminated between finger movements in each analysis window (q < 0:05, FDR
corrected for 466 neursh Line (blue) indicates mean across sessions. Markers (gray) indicate individual sessions.
Complementary empirical cumulative distribution function (CECDF) visualizing the proportion -#fA\CSneurons with
ANOVA ef f ey abovethezcerespandingaxis valueLine colors indicate analysis epoc¥ertical lines (gray)
indi cate Coh@ohed, 1988)horre sshroall disl § ¢ 2m@ d 0 & )m, ( &0.1d) effeatsizee. ( d

Overlap of NSPPC neurons that modul at ed si gni f3 0cld)ddrihggymovermgent< O .

preparatior(plan)and movement executigmove)

We also quantified singleeuron modulation during movement preparation. Preparatory

activity discriminated between fingenovementswith reasonable effecsizes (Figure 3.4d).
Consistent with reaching studies of P@Glalo et al., 2015) slightly fewer NSPPC neurons had
strong t uni n% 0.14)during Moveént paepadatiod (percentage of neurons: 24%)
than during movement execution (percentage of neurons: 43¢ré¢ 3.4e). JIPPC neurons
modulated at similar rates during preparatiper¢entage of neurons with ¢ < 0.05 afd> 0.14:

23%) versus during execution (24%upplementary Figurg2e).

05)
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3.4.2 Classifying finger presses from neural activity

Since single neurons were tuned to fingesvement, we evaluated whether attempted finger
movementscould be classified (offlinefrom the population neural activity. Using data from the
same task, we trained linear classifiers and assessed finger classification accuracyoitiials!
usingcrossvalidation Methodg. Classification accuracissibstantially exceedethancedccuracy,
NS-PPC: 86%; JPPC: 64%; JMC: 84%; chance: 17%). The majority (NFC: 75%; JPPC:
42%; JIMC: 67%) of errors misclassified an adjacent findggg\re 3.5a, Supplementary Figure
3.4, Supplementary Figur&5s).

Classification accuracy can depend on the neural sigiaditygand prediction window. To
better understand how finger classification varies over dataset and classifier parameters, we
guantified croswalidated accuracy across different training dataset sizes, neuron counts, and
window durationsKigure3.5b-d, Supplementary Figur@4, Supplementary Figur&5).

Crossvalidated accuracy increased with more training data, reaching 80% accuracy when
training on about 40 trials (2.7 minutes) for RBC. Hgher neuron counts provide more finger
information and thus improved classification accuracy, reaching 80% accuracy at about 70 neurons
for NS-PPC. These results indicate that a single electrode array in PPC provides sufficient
information to control a desete fingetpress prosthetic.

Accuracy also increased when using longer window durations, reaching 80% at durations
above 350ms. Longer window durations average out firing rates and thereby reduce the impact of
measurement noise and behavioral variabdityclassification, but they directly mandate longer
control delays. In some cases, it may be useful to minimize BMI control latency even at the expense
of accuracyShanechi et al., 2017)
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Figure 3.5. Offline classification of finger movement fom population activity.

a)
b)

c)

d)

Crossvalidated confusion matrix for classifyingttemptedfinger movement from N®PC neural activityduring the
movement execution epodB6% accuracy, 480 trials over 4 sessions.

Learning curve showing crosslidated accuracy asfunction of the training dataset size. About 40 trials (less than 7 trials
per finger) are needed to achieve 80% accuracy. Shaded area indicates 95% CI over folds/sessions.

Neurondropping curve (NDC) showing crosalidated accuracy as a function ofeeded neurons. Neurons were aggregated
across sessions. About 70 neurons are needed to achieve 80% a&hadeyl.area indicates 95% interval over subpopulation
resamples.

Hyperparameter sweep showing crusfidated classification accuracy as a funcid decode window size. Input features
were the average firing rates in the window [200ms, 200mmdowsizg after Gocue. Window durations of about 350ms
are necessary to achieve 80% accur8tyded area indicates 95% CI over folds/sessions.

Crossvalidated classification accuracy across the trial duration-§3®8liding window)Shaded area indicates 95% CI over
folds/sessions.

Finger movements could also be decoded from PPC during thangjgmeriod Figure

3.5e)), although clasfcation accuracy was lower (NSPC: 66%; JPPC: 61%; chance: 17%) than
during movement execution.

3.4.3 Brain-machine interface control of finger movements

We next mapped neural activity to finger movements to control an online finger BMI, where

our participats would tap each finger and their attempted movement would be decoded. For this
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section, we replicated a usage scenario where a prosthetic user could decide to move a finger and
immediately execute the movement, without needing a delay period.

We starteceach session with an oplop calibration task where the participant attempted
to press fingers according to visual cu&ethods. Using only a short calibration period (8
repetitions pr finger, totaling about 2.5 minutes), each participant was able to use a classifier to
accurately control individual fingers of the BMI.

The confusion matrix for participant N&igure3.6a) shows that she achieved high online
cortrol accuracies (86%; chance: 17%). These finger representations were robust across contexts
and could be used in a range of environm@atsan et al., 2022b)

Participant JJ achieved even higher accuracies during BMI contal £92.D. 3% over 8
sessionsghance: 17%)Kigure 3.6b). However, we note that participant JJ's BMI decoder used
threshold crossigs from both MC and PPC electrode arrays, thus doubling the number of electrodes
compared to participant NS. While we cannot retrospectively replicate the BMI experiment with an
isolated array, we can approximate the results by training the same cliassiatgorithm on early
runs, using recordings only from a single array; we can then apply this classifier to the subsequent
test trials (accuracy, -RPC: 83%; JMC: 87%; chance: 17%Gupplementary Figur&6).

a NS (PPC), right hand Lo0% b j(Prca+me), right hand

0% 0% 0% 3% TEEX 1%

TEERY 4% 0% 0% 0% 1%

| 2% 1% 1% 3% | 5% 2% 0% 0%
aéwM 0% 3% 12% 0% 2% %M 0% 3% 1% 0% 0%
= 50% L=
LRI 0% 0% 8% 9% 1% YRl 0% 4% 4% 2%
= [=

Pl 1% 1% 1% 9% 1% Pl 0% 3% 0% 8%

X| 3% 3% 10% 2% 1% X 0% 1% 1% 0% 1%

T 1 ™M R P X 0% T 1 M R P X
Predicted finger Predicted finger

Figure 3.6. Online BMI classification of individual finger movements.

a) Confusion matrix for participant NS (PPC), righand fingeipresses. 86% accuratyS.D. 4%over 10 sessions4016 total
trials. Reprinted from(Guan et al., 2022{CC BY-NC 4.0.

b) Confusion matrix for participant JJ (PPC+MC), rigtand finger presses. 92% accuracy.D. 3%over 8 sessiond440 total
trials.

Ona fewseparate runs, participant JJ also performedadtibration and BMI control tasks
with his left hand(ipsilateral to the implant). He achieved high accura@é4%o + S.D. 4% over 3
sessionsghance: 17%at a similar level to righhand finger decodingsUpplementary Figur&?7).

3.4.4 Classifyingindividual finger pressesom both hands

We nextinvestigated whetheall ten finger movements could beassifiedfrom a single array.
Cerebral hemispheres prarily control movement on theppositeside of the body, and we have
only implanted electrode arrays in each participant's left hemisphere. However, the ability to classify
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movements of both sidesould reducethe number of implants necessary for bildté3I
applications.

We examinedsingleneuronactivity during interleaved, attempted finger presses of the
contralateral (right) and ipsilateral (left) hantifethods participant NS: 10@rials / session for 10
sessions; participant JJ: 100 trials / session for 2 sessions). We recorded 111 neurons per session
(min: 102; max: 119) from N®PC, 160 neurons per session (min: 159; max: 160) frapi ]
and 130 neurons per session (min: IAAx: 130) from JMC. Similaly to the contralaterabdnly
results, most neurons (NSPC: 66%; JPPC: 57%; JMC: 78%) discriminated firing rates across
fingers (g < 0.05).

We then evaluated whether these signals could be used for a neural prosthassifyyng
(offline) the attempted finger movement from the population neural activity. A linear classifier
(Methodg was able to discriminate between all ten fingers (evafidated clasification accuracy,
NS-PPC: 70%; JPPC: 66%; JMC: 75%; chance: 10%). The majority (NC: 76%; JPPC:

66%; JIMC: 68%) of classification errors were adjacénger-confusion or matchingcrosshand
confusion Figure3.7c-€).
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Figure 3.7. Offline classification offinger pressesfrom both hands.

a) Mean firing rates for each finger movement for an examplePRS neuron, which increases its firing rate for thumb
movements. Shaded areas indicate 95% confidence intervals (Cl).

b) Same as (a) for a second example™EC neusn, which increases it firing rate for index movements.

c) Crossvalidated confusion matrix for classifying riglend lefthand finger movements from N&PC neural activity. 70%
accuracy, 1000 trials over 10 sessions.

d) Same as (c) using recordings fromRRIC 66% accuracy, 200 trials over 2 sessions.

e) Same as (c) using recordings frordMC. 75% accuracy, 200 trials over 2 sessions.
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3.4.5 Factorizedrepresentation of fingeypeand laterality

To characterize howNS-PPC simultaneously represents contralateral asdateral finger
movements, we calculated the cressidated neural distances between pairattdmptedinger
movemers. Figure3.8a visualizes thee distances in a representational dissimilarity matrix (RDM)
(Kriegeskorte and Wei, 2021hat is row and columrAndexed byfinger. Visual insgction shows
that neural distances are small between right/left pairs of fingersd{agtnal ofFigure 3.8a),
suggesting that movement representations are partially shared across hands. On average, matching
right/left finger pairs were 1.56 distanaaits (95% CI: [1.33, 1.78Jigure 3.8b) closer to each
other than nomatching fingers wereMatching fingersvere also represented more similarly than
nonmatching fingers id3MC (mean difference: 4.30, 95% CI: [2.74, 5,&&)pplementary Figure
3.9b), but this result was not conclusiveJ#PPC (mean difference: 0.27, 95% GIOJ[17, 0.64]
Supplementary Figurg10b).

What representational geometry allows downstream readout of all ten fiRrgrrse.7)
while sharing information across hané#ggre3.8b)? Studies of human motor cori@edrichsen
et al., 2013; Bundy et al., 2018; Downey et al., 2020; Willett et al., 2@2@gnlso found correlated
representations across sides, thllett et al., 2020)inearly decomposing population activity into
simpler factorslaterality, armversusleg, and motion pattern.

Do laterality and fingetype also form dactorizedcode in PPGand MC?In a perfecty
factorized representatioffFigure 3.8c), vectos between neural representatioae simply the
summation of the vectors between their respective components. For exammetahem>Ri can
be decomposed into generic fefight and middle>index vectors. Geometrically, these generic
vectors would form parallelograms between relevant groups of condikans€3.8c) (Fu et al.,
2022) In other words, a factorized code would have a consistent hand subspace and a consistent
fingertype subspace, althgh these subspaces need not be orthogonal.

We used 2D multidimensional scaling to visualize the geometric relationship between NS
PPC finger representationisigure 3.8d), limiting to the index, middle, and ring fingers for visual
clarity. We found that intefinger vectors were similar across hands, with the index finger relatively
distinct from the middle and ring fingers, consistent with previoudiesuof contralateral finger
movementgEjaz et al., 2015; Guan et al., 2022Bjditionally, the left>right vector appeared
identical across all matching left/right finger pairs.

Factorized coding generalizes across the axes of the simpler building blockg)@ndeal
left->right vectors ar@early identicato each other, linear decoders trained tcedéhtiate lefivs-
right on a subset of finger types {4$-Rt; Li-vs-Ri, Lm-vs-Rm, Lr-vs-Rr) should generalize to held
out, hypothetically equivalent vectors @vp-Rp) Supplementary Figur8.8). We aggregated
neurons across different sessions into a pspog@alation Methodg. Consistentvith the factorized
coding hypahesis,crosscondition hanelecodinggeneralizatiorperformancghand CCGPwas
nearly perfect (accuracy using 1111 neurons: 99%, chance 5000001, permutation t@siext,
we applied crossgecoding to the finger dimension, training a classifiedigzriminate between
fingers of the right hand and then testing on the left hand (andeisa). The fingetype dimension
also generalizedell across hands€curacy: 93%, chance = 2065 0.001), anfinger-type CCGP
was close to thetandard crosgalidation accuracy (98%) evaluated using wibamdition cross
validation(Figure3.8e); this within-condition crossvalidation accuracy is a besaise upper bound
on CCGP. The close match between firlype CCGP and crosalidation accuracy indicated that
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the fingertype dimenmn robustly generalized across hanfiss result demonstrates thés-PPC
finger representations can be decompdsedrly into hand and fingetype building blocks.

Comparable resultseld for JIMC recordings, with robugtctorizationof the neural ade
into hand and fingetype componentthand CCGP using 259 neurons: 86%, chance = 50%, p <
0.001; standard hand cregalidation accuracy: 87%) (fingeéype CCGP: 75%, chance = 20%, p <
0.001; standard fingaype crossvalidation accuracy: 89%)Supplementary Figure3.9).
Interestingly, XPPC finger representations were lesgorized.While above chancé < 0.001),
thefingertype CCGR36%, usng 319 neuronsyas much lower than the withoondition cross
validationaccuracy (6%) (Supplementary Figurg.10). Even when accounting for differees in
neural population sizéingertype CCGP for JPPC was lower than fingéype CCGP for NSPPC
and JMC (Supplementary Figurg11).
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Figure 3.8. Representational geometry of contralateral and ipsilateral finger movements.

a) CrossvalidatedsquaredMahalanobis distances between-RBC activity patternduring the contralateral/ipsilateral fiyer
press task. Distances were averaged over the 10 sessions.

Non-matching (different fingetype, different hand) finger pairs have larger distances than matching (sametyfpeger
different hand) finger pairs. Each circle is one element of the dissimitaatrix of an individual session, aggregated across
10 sessions.

Example schematic of perfefactorizationalong hand and fingeype components. Line styles indicate groupgadfllel,
identicalvectors A factorizedcodegeneralizes linearly acrosach component axior example, the Rm population activity
can be constructed from the summation: Li +}afght + index>middle. For visual clarityfigure only showsthree finger
types (index, middle, ring).

Representational geometry of finger mowsits corresponding to NBPC distances (a), visualized irD2 using
multidimensional scaling (MDS). We used Generalized Procrustes analysis (with scaling) to align across 10 sessions. Ellipses
show standard error (S.E.) across sessigoale bars showV.ectors with matching linstylesmatcheach other, suggesting
that the neural code factorized.

Linear decoders generalizeBupplementary Figurg8) across fingetype to classify hand (left) and across hand to classify
finger-type (right) (p < 0.001, permutation test), indicating that movement representatiorfast@rieedacross fingetype

and hand dimensions.

b)

c)

d)

e)
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3.5 Discussion

Human dexterity is chacterized by our ability to quickly rea@mdgrasp, as well as our ability to
move individual fingers volitionallypeyondbasic grasp templatg¥an et al., 2020)Individual

finger movements are generally considered to be the domain of the motor cortex (MC) hand knob,
while the posterior parietal cortex (PPC) complements via highiel computations, such as
transforming object shape to grip tyffechaffelhofer and Scherberger, 201Bhis perception is
supported by a wide range of evideriebinov and Bensmaia, 20219r example, fMRI studies

find topographic finger activation maps in M&llison et al., 2000; Ejaz et al., 201&)t not in PPC
(Ariani et al.,2022) Despite the lack of coarse finger topography in PPC virefeund that neurons

in two grasprelated regions of PP&erediscriminative for attempted finger movemerspulation

tuning was robust enough for human participants to control finkgs B a variety of applications.
These results demonstrate that detailed information about finger movements is more distributed than
is commonly thought.

Our study adds to a growing number of finger BMI demonstrations. Previ@dshgon et
al., 2016)demonstrated the first online neural decoding ofiadl individual finger movements in
human participants, using a higensity ECoG grid over the sensorimotor corteke our study,
(Jorge et al., 2020nplanted intracortical arrays the motor cortex cd tetraplegic participant and
decoded attempted finger movements, achieving an offline accuracy of 67%. Rébasth et
al., 2021; Willsey et al., 20223chieved higiperformance continuous control of flexion and
extension of two finger groups. Our results contribute to prior studies by showing that simultaneous
PPC+MC recordings can improve online fingecading accuracie§igure3.6). Considering that
PPC and MC usually fulfill differerfunctions for abléodied sensorimotor contr@obinov and
Bensmaia, 2021 an interesting future direction will be to understand to what degree PPC and MC
complement each othacross more diverse BMI control paradigms.

Algorithmic advances may further improve finger decodiegformanceFor example,
hierarchical classifiers might be useful for classifying finger direction and finger mové@naatsion
et al., 2016) Additionally, with larger data quantities or with data augmentation strategies, time
varying and nonlinear classifiers like recurrent neural networks can improve neural déicmlieg
et al.,, 2018; Gruenwald et al., 2019; Willett et al., 2021; Willsey et al., 2622jormance
improvements may also come from decoding-traditional variables, such as handwrit{ivgillett
et al., 2021)or goals(Aflalo et al., 2015) Statemachine control (common in other itive
technologies like myoelectric prosthegésugner et al., 2012)r Dwell) and Atassisted hybrid
control(Katyal et al., 2014; Downey et al., 20163y further improve BMI usability. In combination
with somatosensory intracortical microstimulation (ICMS) to generate fingertip seng&testzer
et al., 2016Fifer et al., 2021)such methods could enable a functional hand prosthetic.

After demonstrating BMI control of the contralateral fingers,stuelied representations of
ipsilateral finger movements. We found thatlinear classifier could discriminateetween
movement®f all ten fingersigure3.7). Given that descending corticosgitracts primarily cross
to control the contralateral side, it was interesting to find that ipsilateral decoding was relatively
robust. On some sessions, ipsilateral decoding accuracies were even comparable to contralateral
decoding Supplementary Figur®.7). An importantfollow-up would be to understantdow
individual finger representatiomsix to construct multifinger movementsboth within and across
handsfMRI studies of sensorimotor cortex suggest that shamel movements would be organized
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by their natural usage patterfi§az et al., 2015)while botkhand movements woulekclusively
represent the contralateral fingéBiedrichsen et al., 2013An open question is whether these
patternsalso extend tgingleneuron recordings and RPC.

Even as the ten finger movements were discriminaltevity patterndor NS-PPC andJ
MC weresimilar across corresponding fingpairson opposite hands~gure 3.8a-b). Our results
match other studiethat have also found shargetseparable hand representations in macaque
anterior intraparietal area (AIRMichaels and Scherberger, 2018)d human motor cortex
(Diedrichsen et al., 2013; Willett et al., 202This patterrof crosscondition generalizatiohas
previously ben described as partially mixed selecti{ihang et al., 2017 pbstract ofactorized
representation@Bernardi et al., 2020)r compositional codin{Willett et al., 2020; Aflalo et al.,
2022) Here, the NSPPC and JJC finger codes could be factorized into finggpe and laterality
subspacedgure3.8d-e), resembling the partial compositionality describe@/tylett et al., 2020)
for arm and leg movementSompositional and factorized coding have been speculated to play a
number of different computational functions, from skill transfer to general cog(iiamg et al.,
2017; Downey et al., 2020; Frankland and Greene, 2020; Willett et al., 2020; Aflalo et al., 2022)
For neuroprosthetiapplications, factorized codirgimplifies decodercalibration Becauseneural
coding generalizes across conditiotscoders can train on only the underlying fagt@ather than
every combination.

Surprisingly, JJPPCpopulation activity wasot factorizedto the same extent as NFC
and JMC. The difference between-BPC and N$PC results might stem from neuroanatomical
variability (Scheperjans et al., 2008; Gallivan &wham, 2015pr differences in implant location.
The NSPPC implant was located at the junction of the postcentral and intraparietal sulei){(PC
an area involved in grasping and fine finger movemé@Biskofski et al., 1998; Gallivan and
Culham, 2015; Klaes et al., 201BCGIP receives inputs from neighboring somatosensoriexor
(Scheperjans et al., 2008; Rolls et al., 202aygestig that it may facilitate state estimation of the
hand(Shadmehr and Krakauer, 2008; Tunik et al., 2008; Guan et al., 2022lgpuld not implant
the JIPPC recording array in the center of the PPC grasping area, functionally localizedtieéar PC
(Supplementary Figur&.1), because blood vessels obstructed the cortical surface. Thus, we
implanted he JIPPCarrayin the superior parietal lobule (SPL), medial and grist compared to
the NSPPC implantMedial and posterior areas PPCtend to receive stronger visual inputs
(Scheperjans et al., 2008; Wang et al., 2015; Rolls et al., 20@23re more involved in reaching
than graspindMars et al., 2011)so the recorded -RPC population could be more involved in
calculating visuomotor transforn{8uneo and Andersen, @6; Rolls et al., 2022)or visually
guided reachingScheperjans et al., 2008; Mars et al., 2011y possible that the differende
implant location also contributed to differences in contralateral finger tuning betwe@&PGIS
(Figure3.4) and JIPPC Gupplementary Figurd.2). However, it is difficult to precisely compare
implantlocations because the anatomical location of individual functional areas can vary widely
between participantScheperjans et al., 2008; Gallivan and Culham, 2(ure comparisons
may kenefit from multimodal preoperative neuroimaging to map implant locations onto standard
parcellationgGlasser et al., 2016)

The posterior arietal cortex (PPC) has long been known to be involved in the reaching and
grasping of objects, but less is known about its contribution to individual finger movements. Here,
two tetraplegic participants controlled individual fingers through BMls recgffdam the posterior
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parietal cortexand motor cortex (MC). Ipsilateral finger coding was strong in all three recorded
neural populations, and two of the populations exhibited factorized coding that enabled decoders to
simultaneously generalize across digtriminate between hand3ur resultdiemonstrat¢éhat PPC

and MCcan provide complementary control signals for assistive neuroprosthetics.
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3.7 Supplementary Material

medial
anterior  posterior
lateral _ .

Intraparietal
Array
| (QHand knob

Supplementary Figure3.1. Electrode array implant locations in participant JJ.

Mi croel ectrode array |l ocations overlaid on participant
activationfor grasp>look/pointtaskdescribed in Figure S1b ¢Aflalo et al., 2020). Onearray (denoted JBPC)

was implanted in the superior parietal lobule (SPL) ofl¢ftePPC.Anotherarray (denoted IWIC) was implanted

near the hand knob of the left motor cortex (MC).
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Supplementary Figure 3.2. PPC single neurons discriminate between attempted finger
movements (JJPPC).
Similar toFigure3.4 for JJPPC recordings.

a)

b)

<)

d)

e)

Singletrial firing rates for an example -RPC neuron duringttemptedmovements of diffeent fingers. (top) Markers
correspond to the firing rate during edcial. Gapped vertical lines to the right of markers indieat®.D., and each gap
indicates the meafiring rate (bottom) Firing rates during thumb (T), index (1), and pinky (P) peessge higher than the
No-go (X) baseline. Vertical bars indicate bootstrap 95% confidence intervals (Cl) of the effect size vegsulsaseline.
Half-violin plots indicate bootstrap distributions.

Mean smoothed firing rates for each finger movementviiorexample J®PPC neuronswhich respectively modulated for
thumb/pinky movements (left) and ring movements (rigBlladed areas indicate 95% CI.

Percentage of BPC neurons that discriminated between finger movements in each analysis window (§RR-6&rrected
for 308 reurons). Line (blue) indicates mean across sessions. Markers (gray) indicate individual sessions.
Complementary empirical cumulative distribution function (cECDF) visualizing the proportion-RPQJneurons with
ANOVA effect sizes @?) above the correspondingaxis valueLine colors indicate analysis epoc¥ertical lines (gray)
indicat e Coh@ohed 4988)horre sshroall ddsl § ¢ 2m@ d 0 & )m, ( 40.1d) effeatsizes. (
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Supplementary Figure 3.3. MC single neurons discriminate between attempted finger
movements (JAIMC).
Similar toFigure 3.4 for JJMC recordings.

a)

b)

<)

d)

e)

Singletrial firing rates for an example -MC neuron duringattemptedmovements of different fingers. (top) Markers
correspondo the firing rate during each trial. Gapped vertical lines to the right of markers infliGaf., and each gap
indicates the meafiring rate (bottom) Firing rates during middle (M) and ring (R) presses were higher than e (X0
baseline. Vertidabars indicate bootstrap 95% confidence intervals (CI) of the effect size vergys seline. Halfiolin
plots indicate bootstrap distributions.

Mean smoothed firing rates for each finger movement for two examyeCJdeurons which respectively modated for
middle/ring movements (left) and pinky movements (righbjaded areas indicate 95% CI.

Percentage of NIC neurons that discriminated between finger movements in each analysis window (q < 0@y FofRd
for 278neurons). Line (blue) indicas mean across sessions. Markers (gray) indicate individual sessions.
Complementary empirical cumulative distribution function (cECDF) visualizing the proportion-MCJdeurons with
ANOVA ef f e adbovethezcerespdndingaxis valueLine colors indicate analysis epociertical lines (gray)
indi cat e Co h@ohed, 1988)dr sma sl F=oQlddosl ) , 2m@ d 0 & )m, ( 40.1d) effeatsizes.  (
Overlap of JMC neurons that modul ated signi f?x@&ltduring nfogement
preparatior(plan)and movement executigmove)

0

.05)
































































































