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Abstract

The high dimensionality of the human motor system is at the core of the long-
standing debate on how the central nervous system controls and learns new movements.
Such high dimensionality implies redundancy, i.e., the fact that many combinations of
muscle activations can generate the same movement. These muscular patterns lie in
the muscular null space, whose exploration plays an important role in the learning of
new movements. However, null space activations could be modulated independently
from movement-generating activations and used to control external devices for aug-
mentation. Monitoring the changes in neural activations related to such control, for
which techniques such as functional near-infrared spectroscopy (fNIRS) can be partic-
ularly suited due to their easy applications in complex motor tasks, could lead to new
insights on the processes underlying motor learning and motor recovery after neuro-
logical lesions.
This thesis aims at investigating the effects of exploration and modulation of muscular
null space activations. In addition, it tests fNIRS efficacy in the monitoring of brain
activations during the execution of a motor task during multiple sessions.
Three studies are presented: the adaptation to novel perturbations, that can be com-
patible or incompatible with the existing muscle synergies of an individual, in a virtual
environment across multiple experimental sessions; the simultaneous control of natural
motion degrees of freedom and an additional degree of freedom controlled by modu-
lating activations in the muscular null space; and finally, the monitoring of cerebral
activity in patients affected by Parkinson’s disease while performing a finger tapping
session before and after a thalamotomy performed through magnetic resonance guided
focalised ultrasound surgery (MRgFUS).
In the first study, participants could not compensate the incompatible perturbations
(which requires learning of new synergies and exploration of null space) in the first
experimental session, but they were able to reach high level of performance in the last
session. These results indicate that, with enough practice, it is possible to learn new
null space patterns.
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Abstract

The findings of the second study demonstrated that participants were able to modulate
null space patterns to successfully control one additional degree of freedom simultane-
ously with natural ones, although high variability in performance was present among
them.
Finally, the results of the third study showed that patients’ conditions improved after
the MRgFUS treatment, with a consequent change in brain activations highlighted
through fNIRS, in agreement with the results obtained in literature using other tech-
niques.
The findings of this thesis advance our knowledge on human motor learning mecha-
nisms, and may lead to novel applications, such as personalized neuro-rehabilitation
procedures and efficient augmenting devices.
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1. Introduction

1.1 Human neuro-motor control

The problem of human neuro-motor control, i.e., how the central nervous sys-
tem (CNS), which is composed by the brain and the spinal cord, controls and learns

new movements, has been a long-term source of debate in the neuroscience field,
and it is still unsolved. As it was stated by Bernstein in 1967 [1], such problem rises
because the human body is a high-dimensional system composed by a large

number of degrees of freedom (DoFs), i.e., the possible independent variables the
body can activate, withmany combinations of them (such as neuronal and muscular
activations, as well as and joint torques at a higher kinematic level) that can lead

to the same set of movements. The comprehension of the mechanisms underlying
such process not only would fill a gap in the knowledge of how our body works, but
also would have important consequences in both engineering applications (such
as prostheses for amputees) and medical treatments (such as rehabilitation from
neurological diseases in which a reorganization of motor functions occur).
Many models to describe the neuro-motor control have been developed, with one of
them whose popularity is growing in the scientific community: the synergy model [2,
3]. It suggests that the CNS recruits muscles synchronously in fixed arrays,
the synergies, with each muscle having a specific weight for each synergy. Therefore,
instead of controlling a much larger number of single units (the muscles) independently,
the CNS controls a reduced number of “modules” (the synergies), lowering the amount
of information to be processed for each movement. A schematization of a synergy is
reported in Fig. 1.1.
An advantage of this model is the independence from a minimization function (such
as for model based on optimal control), the form of which cannot be defined with
complete certainty, but can only fitted to experimental data. On the other hand, syn-
ergies can be directly extracted from the electromyographic (EMG) patterns through
dimensionality-reduction methods as the principal component analysis (PCA) or the
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Figure 1.1: Schematic representation of a synergy, highlighted in red, whose acti-
vation generated a specific muscle activation pattern with consequent generation of
movement.

non-negative matrix factorization (NNMF) [4]. Evidence for modularity has been
found in many studies on vertebrate animals [2, 5, 6]. However, a definitive proof
of their validity has not been found yet. A recent work [7] showed differences in the
adaptation rates, in human participants, relative to the exposure to perturbations of
synergies applied through EMG control in a virtual environment. While participants
were able to compensate perturbations that allowed to explore all the task space (com-
patible perturbations), the same did not happen with the ones that did not allow to
do that (incompatible perturbations), which in theory required learning new syn-

ergies, and therefore exploring the muscular (or EMG) null space. This includes
those activation patterns that do not generate movement, but are used, for example,
to control joint impedance, such as when keeping a limb in a fixed position. Up to
date, there are no studies on the learning of such patterns to compensate incompatible
perturbations with prolonged exposure, leading to the learning of new muscle synergies
from the exploration of the muscular null space.
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1.2 Augmentation: exploiting motor redundancy to

surpass human limits

While muscular null space, as it has been said before, plays an important role
in the learning of incompatible synergy perturbations because its exploration could
in principle allow the learning of new synergies, it is less clear whether it can be
independently modulated to control additional movement DoFs external to the
human body, but related to an augmenting device. Humans has always been attracted
by the possibility of surpassing their body limitations through technology, and the
beginning of the development of sophisticated human-computer interfaces made finally
doable what some decades ago was a simple utopia. EMG exoskeletons able to increase
human capabilities exist [8]. Devices such as additional fingers controlled through other
body parts [9, 10] have been successfully tested (see Fig. 1.2), as well as additional
arms controlled through brain-machine interface [11].

Figure 1.2: Examples of augmenting devices: the "Third Thumb" by the London
Plasticity Lab (on the left) [9], and the "Sixth Finger" by the Siena Robotics Systems
Lab (on the right) [10].

A recent study demonstrated that cocontraction of two antagonistic muscles can be
used to control one movement direction of a 2D cursor [12]. Nonetheless, the possibility
of controlling extra DoFs by using muscular null space extrated from many muscles
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directly involved in the principal task has not been tested yet. If this could be possible,
myoelectric control could also be used to increase movement DoFs, by controlling
devices that can help humans to perform complex tasks that otherwise cannot be
performed alone, without the help of another person. In fact, EMGs, apart from taking
the direct signal of muscle activations, can be used to measure null space activations
in real time, constituting an alternative to control external augmenting devices.

1.3 Motor impairments and neurological disorders:

when the body does not move the way it should

EMG signals, being directly related to the motor commands that originate muscle
activations, are indeed useful to understand mechanisms underlying brain functional-
ities relative to motion generation and learning. However, to investigate how brain

structures changes as a consequence of such processes, it is necessary to directly
observe brain activations. Diagnostic techniques such as computed tomography (CT),
positron emission tomography (PET), functional ultrasound imaging (fUS) and func-
tional magnetic resonance imaging (fMRI) are widely used in neuroscience to study
brain properties in both healthy individuals and patients affected by neuromotor disor-
ders such as Alzheimer’s disease, Parkinson’s disease (PD), epilepsy or essential tremor
(ET). In neuroimaging, fMRI has covered a predominant role in the last decades, es-
tablishing itself as the most used technique in this field because of its high spatial
resolution and accuracy [13]. However, fMRI, as well the other previously mentioned
techniques, present a lot of challenges when aiming to measure cerebral activations
during complex motor tasks, as limited motion freedom and motion artifacts could
make difficult to perform such measuresements. Moreover, not many devices can be
introduced inside magnetic fields without compromising their functions. For this rea-
son, other techniques such as the functional near-infrared spectroscopy (fNIRS)
are employed in those researches for which other metodologies are unsuitable, espe-
cially when dealing with movement tasks [14] (see Fig. 1.3).
Such technique allows measuring the changes in concentration of chromophores such as
the oxygenated and deoxygenated hemoglobin, through the absorption of near-infrared
radiation. Although it presents lower spatial resolution with respect to fMRI, it has
better temporal resolution and is less sensible to movement artefacts. Moreover, light
sources and detectors can be easily put on the head of an individual, and many wireless
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Figure 1.3: Examples of fNIRS measurement performed during a pursuit rotor task
from [15].

systems are nowadays present on the market, allowing high motion freedom. All these
factors, plus the low costs of implementation, helped fNIRS to become a popular tech-
nique for neuro-motor research. Its suitability for medical applications is also being
highly tested, as it could become a tool for monitoring cerebral activations during the
recover from brain surgical interventions in patients affected by neurological disorders,
such as essential tremor or Parkinson’s disease.

1.4 Outline of the thesis

The aim of this thesis is that of investigating motor learning and properties through
myoelectric control, with the study of the exploration (synergy perturbation) and mod-
ulation (muscular null space control) of motor patterns do not used for the generation
of movements. Furthermore, fNIRS has been tested as a monitoring tool for brain
activation changes related to corrupted motor patterns due to pathological conditions
and after a treatment aimed at the recovery of the original activation profiles. The
structure of the following chapters will be as follows:

• In the second chapter, myoelectric control and functional near-infrared

spectroscopy will be described in detail, with particular focus on their historical
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evolution, scientific basis and the most common applications. Furthermore, the
setups used in the researches presented in the following chapters and involving
these techniques will be described.

• The third chapter will present a study about learning of virtual perturba-

tions, compatible or incompatible with synergies, in multi-day experimental

sessions, with the aim to further investigate learning of new synergies in longer
exposure periods.

• The fourth chapter will describe a novel method to control an additional

degree of freedom through EMG null space control while simultaneously
performing an isometric force control task.

• In the fifth chapter, a novel combined approach employing magnetic reso-

nance-guided focused ultrasounds and fNIRS for treatment and monitoring
of patients affected by essential tremor or Parkinson’s disease will be described.

• The sixth chapter will be dedicated to conclusions and future perspectives.
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2. Methodologies

2.1 Myoelectric control

2.1.1 Background

Myoelectric control consists in the acquisition, processing and application of EMG
signals from many different muscles to command specific devices of different nature,
such as prostheses of missing limbs, exoskeletons for rehabilitation or assistance and
end-effectors in virtual reality. Myoelectric control is also a powerful instrument to
investigate the properties of the human motor system, as learning of new movements
or adaptation to motion perturbations.
The first applications of myoelectric control date back after the end of World War
II, when the first gripers, whose opening and closing velocities were controlled using
EMG signals of residual muscles, were developed [16]. Since then, myoelectric control
has been highly refined, and nowadays a wide range of EMG controlled devices, in
particular prostheses, is available even for consumers.
Two methods for controlling myoelectric prostheses (and more in general all myoelec-
tric devices) are currently employed: the on-off control and the proportional control.
On-off control is the simpler of the two: an output quantity of the prosthesis, which
can be its velocity in a fixed direction or around an axis, is turned on when the input
signal is higher than a defined threshold [17]. In the proportional control, the output
quantity of the prosthesis is instead proportional, linearly or non-linearly, and within a
finite, useful and continuous interval, to the input signal, within a corresponding con-
tinuous range [18]. An example of proportional control is the one from Morita et al.,
who developed a direct torque control method for prosthetic hands that uses a neural
network based on feedback learning [19]. While on-off control is still popular due to
its simplicity of application, proportional control underwent a high success because
human neuro-motor system exhibits properties typical of such a control policy, and
it has been demonstrated that it is preferable in some situations. In [20] the authors
showed that proportional control allows varying with higher precision grip force of a
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prosthesis with respect to on-off control. For this reason, many proportional control
based prostheses are now available in commerce, such as the ones by Ottobock or
Touch Bionics. Furthermore, constant improvements in prosthesis functionalities are
still going on, with the most sophisticated allowing for the rotation of the thumb or
the individual control of all the fingers while keeping light weights and high grip forces.
Myoelectric control of prostheses helped neuroscientists and physicians to improve the
quality of life of amputee people, giving them the opportunity to overcome (at least
partially) their disability. This was possible thanks to the development of EMG pat-
tern recognition algorithms: these allow associating movement degrees of freedom of
joints and limbs to the muscle activation patterns that generate them. Sang-Hui Park
and Seok-Pil Lee developed an EMG pattern recognition method based on artificial
intelligence [21]. Englehart and Hugkins developed a method that allows continu-
ous identification of signal classes, without the need of segmenting EMG signals [22].
Muceli et al. developed a method which uses sEMG signals to estimate wrist kine-
matics for proportional and simultaneous control of multiple DoFs, and which is based
on one multilayer perceptron neural network for each DoF [23], while Young et al.
developed another algorithm based on Bayesian theory [24].
EMG activation signals are also being used for the control of robotic devices such as
exoskeletons. The main difference between prostheses and exoskeletons is that the for-
mer are designed for non-able-bodied people to substitute a missing body part, while
the latter can be used by both able and non-able-bodied people.
The first researches on exoskeletons are dated back to the 1970s, when Vukobratovic
and his collaborators started working on biped locomotion to develop constructions for
disabled people [25]. Since then, many researchers dedicated their studies to exoskele-
tons, which indeed have a wider spectrum of applications with respect to prostheses.
Exoskeletons can be used to assist able-bodied people, for example increasing their
strength, such as in the case of the Berkeley lower extremity exoskeleton (BLEEX),
a military exoskeleton designed to help militaries to carry heavy loads [26], or of the
Technische Universitat Berlin Powered Lower Extremity Exoskeleton (TUPLEE) de-
veloped by Fleisher and Hommel [8]. Another important application of exoskeletons
is rehabilitation of people who are affected by neural disorders or have been injured.
Colombo et al. developed a lower-limb robotic exoskeleton to be used with treadmills
for the rehabilitation of incomplete spinal cord-injured subjects, avoiding the need of
a physiotherapist whose variability in experience could affect training [27]. Ambrosini
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et al. developed a passive upper-limb exoskeleton for both assistive and rehabilitative
purposes, successfully testing it on both healthy subjects and spinal cord-injured sub-
jects [28]. Stein et al. developed and successfully tested an upper-limb exoskeleton for
rehabilitation of patients with chronic hemiparesis after stroke [29]. Finally, as said
before, myoelectric control can be used to investigate basic principles of human motor
system [7, 30, 31]. In fact, EMG signals allow altering the mapping between motor
commands and the motion of virtual end-effectors in a way that could not be done
with real ones without invasive intervention, to study how the central nervous system
adapts to such perturbations. In [7], a linear mapping of EMG signals onto isometric
end-point forces applied to a simulated mass was altered (“virtual surgery”) such that
new muscle synergies are required to compensate the perturbation. In addition to
linear mappings, also non-linear mappings [32] and musculoskeletal models [33] have
been used.

2.1.2 Experimental setup

The setup we used for our researches is composed by the experimental structure in
which participants performed the task, and three computational units devoted to spe-
cific roles: the experiment controller, which was used for starting/stopping an experi-
ment, for monitoring its status and performing calculations; the xPC, which was used
for the acquisition of the data; and the graphical renderer, which was used to render
the graphical scene.
The experimental structure presents a gaming chair that can be regulated in height,
rotation and inclination, with belts to keep participants’ torso sustained without stiff-
ening of the participant itself. The chair can also be fixed at a specific position using a
blocking system mounted on two rails (Figure 2.1). In front of the chair, a participant
finds a desktop with an orthosis positioned in order to keep arm and forearm at an
angle of 90°, and rigidly connected to a force transducer (Delta F/T Sensor, ATI In-
dustrial Automation, Apex, NC, USA)(Figure 2.1 and 2.2). This one can measure a
force up to 500 N in three directions and torques around the respective axes, and was
connected to the acquisition board of the xPC. Participants inserted their hand in the
orthosis, and the chair was regulated in height in order to have the hand at the level
of the solar plexus. Over the orthosis, a mirror was placed to occlude the vision of
the real arm, while a monitor, connected to graphical renderer and positioned above
the mirror, projected specularly the 3D experimental scene. This presented, apart
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Figure 2.1: Photo of the experimental structure of the Modulimb setup, in which it
is possible to see the gaming chair where participants seat, the orthosis with the force
transducer and the desktop with mirror and monitor.

for the cursor and targets, the dimensions and shapes of which can be regulated to
satisfy experimental demands, a texture of the same type of the desktop’s one, to bet-
ter simulate the real environment. Participants were able to visualize stereoscopically
this scene through 3D shutter glasses (NVIDIA GeForce 3D Vision), with the lenses
operating at a 60 Hz frequency each one, alternating to create a 3D image at 120 Hz.
They also communicate with the graphical renderer through wireless IR protocol.
Electromyographic activations were acquired using active wireless bipolar surface elec-
trodes (Trigno System, Delsys Inc., Natick, MA, USA) (Figure 2.2), with a sample
rate of 1000 Hz. EMG signals were bandpass filtered (20-450 Hz), amplified (gain:
1000), and sent to the EMG base station connected to the acquisition board of the
xPC.
The muscles from we recorded the activity were fifteen, all acting on the shoulder
and elbow: brachioradialis (BracRad), biceps brachii long heads (BicLong) and short
head (BicShort), pectoralis major (PectMaj), anterior deltoid (DeltA), middle deltoid

12



Figure 2.2: Photo of the experimental structure while a participant was performing
a 3D isometric task. Electromyographic signals were recorded in real-time through the
wireless Delsysi Trigno EMG electrodes, and the 3D force through the force transducer
connected to the orthosis.

(DeltM), posterior deltoid (DeltP), triceps brachii lateral head (TriLat) and long head
(TriLong), infraspinatus (InfraSp), teres major (TerMaj), latissimus dorsi (LatDorsi),
lower trapezius (TrapLow), middle trapezius (TrapMid), and upper trapezius (Trap-
Sup). Both the skin over the muscle position and the electrodes (made in silver) were
cleaned with sterile gauze soaked with alcohol.
To place the electrodes on the different muscles, we followed the recommendations
from SENIAM [34]: sEMG sensors were put on the muscle belly, following the orien-
tation of the fibres.
During experiments, all the data measured through both force transducer and surface
EMGs were transmitted to the xPC, and then saved by the experimental controller in
the experiment file. The software used in these two computers was MATLAB, while
the graphical renderer used Java and communicated with the other computers through
a protocol in the Eclipse development environment.

13



This setup has been used to perform the studies we will discuss in the next two chap-
ters: the adaptation to virtual surgeries compatible and incompatible with existing
synergies during three-day experimental sessions, and the simultaneous control of an
extra degree of freedom through EMG null space during an isometric force control
reaching task.

2.2 Functional near-infrared Spectroscopy

2.2.1 Background

Functional near-infrared spectroscopy (fNIRS, called also optical tophography or near-
infrared imaging), is a non-invasive brain imaging technique that uses low intensity
levels of non-ionizing near-infrared (NIR) light to detect changes in cerebral blood
flow in the brain, by measuring the absorption of the NIR light through optical sen-
sors placed on the surface of the scalp.
The first application of NIR light in medicine goes back to the 1977 in the form of
NIR spectroscopy (NIRS), when Jöbsis proved that NIR light can be used to perform
non-invasive cerebral blood flow measurements [35]. After this study, the interest in
NIRS started to grow esponentially. In 1985, Ferrari and collaborators started to use
NIRS prototype instruments to measure changes in brain oxygenation in human adults
[36], while in 1986, Wyatt and collaborators published a study in which they used NIR
spectrophotometry to quantify indices of cerebral oxygenation and haemodynamics
in sick newborn infants [37]. In the nineties, many companies (such as Somanetics
Corporation, Hamamatsu Photonics, Hitachi, Shimadzu and Artinis) developed pro-
totypes of NIRS instrumentations and released on the market their own commercial
single-channel devices [38].
The first uses of NIRS for functional neuroimaging on human adults purposes date back
to 1992. Hoshi and Tamura observed, using a two single-channel CW-instruments from
Shimadzu, bilateral prefrontal cortex oxygenation changes (increase in oxygenated
haemoglobin (HbO) and decrease in deoxygenated haemoglobin (HbR)) in fourteen
volunteers during a mental task [39], while Okada and collaborators highlighted gender-
and handedness-related differences of prefrontal cortex oxygenation in 72 volunteers
[40]. Multi-site fNIRS has been successfully tested in 1993 by Hoshi and Tamura
[41]. These researchers detected region-specific changes in HbO and HbT (the total
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haemoglobin, defined by the formula: HbT = HbO + HbR) concentrations, during
different mental tasks and as a response to visual and auditory stimulations.
The first clinical study using fNIRS by Okada and collaborators focused on patients
affected by schizophrenia and succeeded in finding anomalies in brain oxygenation dur-
ing a mirror drawing task in such patients with respect to a control group of healthy
subjects [42]. One year later, the first study demonstrating that fNIRS can be used
for tomographic maps of human brain activity was published [43].
Since then, fNIRS underwent a significant evolution process not only from a techno-
logical perspective, with many multichannel, wireless fNIRS systems now available,
but also in terms of applications, with fNIRS now often employed in clinical studies
even simultaneously with other techniques, such as fMRI and PET, as the combina-
tion of different imaging methods allows a description of human brain activity with a
combination of spatial and temporal resolutions that cannot be achieved using only a
single technique.
fNIRS is based on the property of tissues such as the skin and the skull bones to be
not particularly sensitive to NIR light (in the ∼700-900 nm wavelength range), while
pigmented compounds, or chromophores, like the HbO and HbR, are strong absorbers
of NIR light (see Fig. 2.3). fNIRS measurements are anyway possible because NIR

Figure 2.3: Molar extinction coefficient of both HbO and HbR as a function of the
wavelength of incident radiation. Both chromophores are strongly absorbers of light
in the range ∼700-900 nm
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light can penetrate human tissues, as scattering phenomena are the most probable
events in this case, 100 times more probable than absorption. This means that the
fraction of absorbed light is relatively smaller than the scattered radiation, which can
be measured and confronted to the incident one to calculate how much NIR light has
been absorbed by chromophores. However, it is worth noting that, from a general
point of view, blood vessels with diameter higher than 1 mm completely absord NIR
radiation, therefore information about haemoglobin concentrations can be obtained
only for small vessels of the microcirculation [38]. Furthermore, only 30% of the blood
volume fraction in the human brain is related to arterial blood [44], with the venous
blood being the principal subject of fNIRS measurements.
There are three types of NIRS/fNIRS instrumentation currently used, based on dif-
ferent methods of illuminations:

• the continuous-wave (CW) method, which is based on constant illumination
of tissues and allows measuring light attenuation through the head;

• the frequency-domain (FD) method, which is based on intensity-modulated
irradation that allows measuring both light attenuation and phase delays;

• the time-domain (TD) method, which is based on irradiation with short light
pulses, and allows detecting the shape of the pulse after the propagation through
the different tissues.

The most common instrumentations are based on the CW method, and as said before,
they allow only measures of oxygenation changes of HbO and HbR (expressed in
µmolar·cm or mmolar·mm), with respect to an arbitrary initial value. Furthermore,
if compared to the others, CW-based systems present lower costs and are easier to
transport. However, only the FD and TD methods allow to absolutely characterize
optical properties of tissues, such as absorption and reduced scattering coefficients,
with the possibility to calculate absolute HbO and HbR concentrations.

2.2.2 Experimental setup

Changes in oxygenated and deoxygenated haemoglobin concentrations in the brain
were measured using a Hitachi ETG-4100 NIRS system (Fig. 2.4), with two near-
infrared light beams of wavelengths 695 nm and 830 nm, respectively, and a sampling
rate of 10 Hz.
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Figure 2.4: The Hitachi ETH 4100 NIRS System used for the acquisition of light
absorption related to haemoglobyn changes.

The used optodes configuration matrix was composed by 3 x 5 optodes, 8 sources and
7 detectors that allow using 22 acquisition channels, whose schematization can be seen
in Fig. 2.5. On average 13 ± 1 channels were positioned on the right hemisphere and
9 ± 1 channels on the left hemisphere.
The matrix was positioned above the forehead, to acquire signal changes mostly from
the prefrontal, motor and parietal cortices. For this reason, subjects’ hair was cut
before each session. This reduced the amount of noise generated by hair presence.
Nevertheless, other sources of noise still remained, as the scalp depth and the confor-
mation of the head.
To register the positions of the optodes, which were saved in MNI (Montreal Neuro-
logical Institute) coordinates, four references were used: the nasion (Nz), the inion
(Iz), the left preauricular point (AL), and the right preauricular point (AR).
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Figure 2.5: Schematization of the configuration matrix of the optodes used, together
with the four reference positions (nasion (Nz), inion (Iz), left preauricular point (AL),
and right preauricular point (AR)). In panel (A), the red circles indicates the light
sources, the blue circles the light detectors, and the squares the channels. Panel (B)
shows the order in which optodes positions are registered by the 3D digitalizer included
in the dedicated software "NIRS-SPM".
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3. Adaptation to compatible and incompat-

ible virtual surgeries across multiple experi-

mental sessions

3.1 Background

The problem of how the central nervous system (CNS) controls body movements and
acquires new motor skills is one of the most challenging in the field of motor neuro-
science. Such problem arises for one key reason: the human musculoskeletal system is
composed by a large number of degrees of freedom (DoFs), i.e., joint angles. There-
fore, many combination of control signals (muscle activations, neural activations, joint
torques) can generate the same set of movements [1]. As an example, just moving the
hand in three-dimensional space involves the activation of more than 20 muscles be-
tween arm and shoulder. Even considering two single levels of activation (an "on-off"
situation), which is a high simplification of the problem, the possible solutions to the
system of three equations in 20-3 variables are 220−3 = 217 = 131072. While human
brain possess a high computational capability, it is unreasonable that for executing
such simple movements it calculates all the possible solutions every time and just se-
lects one of it randomly. For these reasons, many models have been developed and
tested to understand how motor control is performed. Such models can be divided
in two general classes: descriptive models and complete models [45, 46]. To the first
belong all those models that try to predict spatial and/or velocity trajectories with-
out considering the underlying neurobiological aspects. The second in turn is divided
in dynamic models, which include body dynamics and biophysical properties in their
formulation, as for example joints kinematics and muscle activations, and stochastic
models, which, besides using dynamic quantities of the body, relay on the assumption
that noise in CNS plays an important role in motion control [46]. Many models from
both categories are based on the concept of optimal control, in which a cost function
is chosen to estimate the motor plan (and eventual corrections due to feedback) rela-
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tive to a specific task goal [45]. Generally, the cost function is defined as the integral of
an instantaneous cost in the time interval of interest, with the aim of minimizing the
function itself: this means that, among all the possible solutions/movements, only the
one with the lowest cost is chosen. One of the most important and consistent optimal
control models, belonging to the category of descriptive models, is the bell shaped
velocity profile (or minimum jerk) model [47]. Assuming that the main objective in
motor control is the smoothness of movement, the authors developed a cost function
based on the derivative of the acceleration (the jerk J), which for planar movements
have a magnitude equal to:

J =

√(
d3x

dt3

)2

+

(
d3y

dt3

)2

.

The cost function C is just the integral of the square of this quantity over time:

C = 1/2

∫ t′

0

J2dt.

Its simplicity and its capacity to predict general features of reaching movement
and correct velocity profiles made this model quite prominent. Many revisions of such
model have been proposed to be applied in different contexts, such as the constrained
minimum jerk model proposed to be applied only to velocity profiles [48].
When considering dynamic models, the minimum torque change model is one of the
first and most popular [49]. Criticizing kinematic models (as the minimum jerk one)
for their lack of consideration for dynamical aspects of the human body, the authors
chose a cost function based on torque τ , which gave the best fit with the observed
data in their work:

C = 1/2

∫ t′

0

∑
i

(
dτi
dt

)2

dt,

where the sum is performed on all the considered joints. The cost function was
minimized under the constraints of a two-joint robot dynamics representing muscu-
loskeletal dynamics. However, models as the minimum torque change failed to predict
adaptation to visual or force field perturbations (contrary to kinematic models), be-
cause trajectories depend only on initial and final positions.
This is why models integrating both kinematics and dynamics of the arm were pro-
posed, as the TOPS (Task Optimization in the Presence of Signal-Dependent Noise)
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model by [50], which can be considered the first stochastic model and had the relevant
contribution of introducing the concept of noise in motor control. This model takes
the endpoint (i.e., the final point of the trajectory) variance as the quantity to be
minimized, because experimental observation showed that different repetitions of the
same task are never the same, being motor control corrupted by noise that causes
this variation. Furthermore, noise is assumed to be linearly proportional to the input
signal magnitude, which means that dynamical aspects must be taken into account.
Optimal control is widely considered one of the best strategies to mimic the biological
processes underlying human motor control. In fact, optimization could reproduce im-
portant biological processes, such as motor learning, that enhance behaviour similarly
as an optimization process could do [46, 51]. However, there are two limitations of
optimal control that must be taken into account: the first is that the cost function
does not have a clearly defined dependence on physiological quantities, which is why
many different models with different cost functions have been proposed. The second is
that some studies demonstrated that motor control is not strictly optimal, but rather
sub-optimal, with motor coordination patterns being particularly robust to alterations
of limb biomechanics, such that activation patterns that are consistent with the ha-
bitual ones and “good enough” to accomplish a task are used [31].
To overcome such issue, other approaches to solve motor redundancy were proposed,
such as the muscle synergy theory. A synergy (from the Greek συνεργία, which
means “working together”) is defined as a group of muscles that are recruited in a co-
ordinated pattern, in which each muscle has its own invariant weighting of a common
time-varying activation (spatial synergies), or all muscles share the same invariant
activation waveform (temporal synergies), or each muscle has its specific invariant ac-
tivation waveform (spatiotemporal or time-varying synergy). Different synergies can
be combined to generate a variety of movements. Recalling the example of the wrist
movement in three-dimensional space with two-level muscle activations, if we divide
20 muscles in 6 spatial synergies, we obtain 26−3 = 23 = 8, which is a drastic reduction
in the number of possible solutions.
From an historical point of view, Babinski (1857-1932) was the first to introduce the
concept of “asynergia”, which he defined as an atypical pattern of activation of muscle
groups in pathological conditions. Similarly, Brunnstrom (1898-1988) observed abnor-
mal, stereotypical movements after corticospinal system damage. The definition of
synergy as it is known nowadays was first formulated by Bernstein (1896-1966), who
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referred to synergies as muscle groups working together in a coordinated, task-specific
manner [1]. Evidence for a modular organization of spinal cord circuitry was found in
many studies on vertebrate animals, as frogs [5], rats [2] and cats [6]. Using microstim-
ulation on the spinal cord, it was possible to generate different force fields at the limb
endpoints of the animals depending on the stimulated spinal module. The simultane-
ous stimulation of two spinal modules resulted in the generation of force fields that
were the linear combination of the force fields corresponding to each module. These
results were in support of the hypothesis that force patterns are generated by groups
of muscles acting as individual units, i.e., muscle synergies [3].
In addition to microstimulation, decomposition of EMG signals recorded in different
motor tasks and in a variety of conditions have supported synergy existence. The
estimation of muscle synergies from EMG signals can be considered a blind source
separation problem [52]. For this reason, many matrix factorization algorithms have
been applied for the extraction of synergies from activations recorded from multiple
muscles [53, 54]. The most common factorization approaches are principal component
analysis (PCA) [55], independent component analysis (ICA) [56], maximum likelihood
factor analysis (FA) [57], and non-negative matrix factorization (NNMF) [4]. Using
these factorization approaches, muscle patterns have been successfully reconstructed
starting from few muscle synergies not only in animals, such as in the case of frog
kicking [58], but also in humans, e.g., in postural and balance control [59, 60], in lo-
comotion [61, 62], and in point-to-point reaching tasks using upper limbs [63].
However, despite all the previous cited results, no definitive proof of the validity of
the synergy theory has been found. While microstimulation allows to directly probe
the neural pathways involved in the organization of muscle synergies, the evoked neu-
ral activation patterns may deviate from those observed in physiological conditions.
Moreover, evidence from decomposition is based on the description of regularities in
the motor output, which is compatible with a neural organization of muscle synergies
but it provides only indirect evidence, as a low dimensional motor output might also
arise because of task and biomechanical constraints [64, 65]. A recent study has intro-
duced a novel approach to provide direct evidence for muscle synergies by considering
the synergy model as causal rather than only descriptive, i.e., testing a prediction of
the effect of a manipulation of the mapping between muscle activity and its effect in
the task space. Such study introduced the concept of "virtual surgery" [7].
From a mathematical perspective, in isometric conditions, approximating the gener-
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ated force as a linear function of muscle activations:

f = Hm,

where f is the tridimensional force vector, m is the muscle activation vector, and H is
the EMG-to-force matrix that maps muscles activations onto force (see Figure 3.1A),
it is possible to define the muscle activations themselves as a function of the synergy
activations:

m = Wc + ε,

where W is the synergy matrix, each column of which identifies a time-invariant
synergy (i.e., a vector specifying the relative muscle activation levels), c is the synergy
activation coefficient, which describes the activation of each synergy in time, and ε is
the residual due to physiological noise (see Figure 3.1B and C). Thus, the W matrix
has a number of rows equal to the number of muscles and a number of columns equal
to number of synergies.
Starting from the previous relation, if a modular control scheme is actually employed
by the CNS, alteration of the linear mapping between force and EMG signals through
a rotation of synergy vectors (the virtual surgeries) which allow to span all the force
space (see Figure 3.1D and E) does not require learning of new synergies and should
be compensated with a fast learning rate [7] (see Section 3.2.5 for more details). On
the contrary, rotations that reduce the dimensionality of the force space (see Figure
3.1F and G) require the learning of new synergies and therefore are characterized by
a slow learning rate [7]. The first rotations are called compatible virtual surgeries,
while the seconds are called incompatible virtual surgeries. In [7] was found that,
while compatible perturbations were compensated in a one-day experimental session,
incompatible perturbations were not, as predicted by a synergistic organization of the
controller. However, as learning of new motor skill may require new muscle synergies
through a slow adaptive process, we wondered whether incompatible perturbations
could be compensated with more practice.
In this chapter, we will present work in which we used the virtual surgery approach
developed in [7] to test whether, with enough practice, it is also possible to learn
new muscle synergies. We tested the performance of individuals during a three-days
exposure to compatible or incompatible perturbations in a 3D isometric reaching task,
highlighting the differences between the two groups in terms of learning rates. We
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Figure 3.1: Examples of H matrix, synergies, and virtual surgeries adapted from [7].
(A)H matrix estimated during the generation of planar isometric forces. Each column
of H represents the force vector generated by one of 13 muscles. (B) Muscle synergies
(W matrix) identified by NNMF from the EMG data. Each column of W represents
a vector whose coefficients determine a pattern of relative muscle activation levels,
illustrated by color-coded horizontal bars. (C) Forces associated with each muscle
synergy (i.e., columns of the H ·W matrix), which span the entire force space. (D)
Forces generated by muscles after the application of a compatible virtual surgery, a
recombination of the original force vectors after a virtual rearrangement of the muscle
tendons. (E) Synergy forces after the compatible surgery still span all the force space.
(F) Muscle forces after an incompatible surgery applied through a rotation matrix
mapping a vector in the column space of W into a vector in the null space of H.
(G) Such rotation aligns the force vectors associated with all synergies in the same
direction; therefore, synergy forces after the incompatible surgery do not span all the
force space.
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Figure 3.2: The error rate (fraction of unsuccessful trials in which the cursor did not
reach and hold on the target), main index of performance in [7]. Significant differences
between performance of participants exposed to compatible and incompatible were
found at the end of the exposure phase (Surgery Block 12).

hypothesized that, after an incompatible perturbation that requires mapping a target
onto a muscle pattern originally in the null space, with longer practice and exploration,
participants would be able to improve their performance and achieve an error rate
comparable with that observed after a compatible perturbation.

3.2 Methods

3.2.1 Subjects

Eighteen right-handed subjects (mean ± SD age: 27.2 ± 6.5 years, age range: 19–43,
5 females) participated in the experiments after giving written informed consent. All
participants had normal or corrected to normal vision and had no known neural dis-
eases or right upper limb injuries. All procedures were conducted in conformance with
the Declaration of Helsinki and were approved by the ethics committee IRCCS Sicilia
- Sezione Neurolesi "Bonino-Pulejo" (Prot. n. 02/18).
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3.2.2 Experimental protocol

The experiment was composed of 3 sessions, performed in 3 consecutive days (see Fig.
3.3A for the protocol schematization). After an initial familiarization, performed at
the beginning of the first session, participants performed two blocks of trials in which
they received feedback about the force recorded by the transducer as the displacement
of a cursor (force control). Then, for the rest of the experiment (i.e., the rest of the
first session and the whole second and third sessions), the cursor displacement was
proportional to the force estimated from the recorded EMG signal (EMG control).
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Figure 3.3: A) Experimental protocol. 66 blocks were performed during three ses-
sions in consecutive days. After two initial blocks, in which the cursor displacement
was proportional to the force collected by the force sensor (Force control blocks, lighter
gray background), for the rest of the experiment the cursor displacement was propor-
tional to the force estimated as the product of an EMG-to-force matrix (unperturbed
or perturbed) and the recorded EMG signal vector (EMG control blocks, darker gray
background). Blocks with visual feedback were interspersed with blocks in which no
feedback was given to the subject (Hidden). EMG control blocks could be either per-
turbed (the estimated EMG-to-force matrix was multiplied by a perturbation matrix,
see Methods) or unperturbed (EMG baseline, performed before the perturbation, and
washout, performed after the perturbation). B) Scene displayed during a trial (the
blue cursor moves from the home position towards the target in the direction of the
arrow).

In the first force control block, participants were asked to generate maximum voluntary
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force (MVF) along one direction on the horizontal plane (-y, towards their chest). With
an analysis performed on data previously collected with a similar protocol [66], it has
been checked that such estimation of the MVF was highly positively correlated to the
average maximum force across multiple directions on the x-y plane. During this block,
participants were encouraged to exert the maximum force with verbal reinforcements
like ‘go’, or ‘more’ [67].
Participants were then asked to accurately and quickly move the cursor from a rest
position to a target, displaced in one of twenty spatial directions, by applying isometric
forces on the orthosis (Force Baseline Block, FC). At the beginning of each trial (rest
phase), participants had to relax their right arm muscles to maintain the cursor inside
a transparent sphere at the center of the scene for 1 s. Successively, a transparent
sphere appeared in one of the twenty target positions (target go event), placed on the
vertices of a dodecahedron inscribed into a sphere, centered in the rest position, with
a radius corresponding to 15% or 25% of the MVF. Participants were instructed to
reach the target and stay within the target sphere, whose radius was 2% of the MVF,
for 0.2 s (static phase). A representation of the experimental scene can be observed in
Fig. 3.3B. Each target appeared 3 times in random order, for a total of 20 targets x 2
radius x 3 repetitions = 120 trials. EMG and force data collected during the dynamic
phase (i.e. the phase from the target go event until the first time the cursor get inside
the target) were elaborated to estimate the matrix that maps the EMG activation onto
the isometric force generated by the participant (EMG-to-force matrix), the synergy
matrix, and the perturbation matrix (see below). The maximum of each EMG signal
collected during the execution phase (i.e., the phase from the target go event to the end
of the static phase), or during the dynamic phase if the static phase was not defined,
was used to normalize that EMG signal during the rest of the experiment. After this
Force Baseline Block, there was a 5 min pause to process the recorded data and to
construct the myoelectric controller and the virtual surgeries. All subsequent EMG
control blocks consisted of 24 trials with targets at 20% MVF in random order within
cycles of eight directions equally spaced along the horizontal plane (45° steps).
During the first EMG control block no feedback of the cursor position was provided to
participants (EMG Hidden block, block 3). Since without visual feedback participants
could not correct for any inaccuracy in the EMG-to-force matrix, hidden blocks allowed
to assess the quality of the reconstruction of the end-point force from the recorded
EMG signals.
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The following series of 21 blocks was repeated in the same order during all the three
sessions. Each series consisted of: 3 baseline blocks (EMG baseline), 1 baseline block
without feedback (EMG Hidden), 12 virtual surgery blocks (Perturbation), 1 virtual
surgery block without feedback (Perturbation Hidden), 3 washout blocks (Washout),
and 1 washout block without feedback (Washout Hidden).
At the end of the first and second sessions, the positions of the electrodes were marked
with a dermographic pen. Electrode positioning at the beginning of the second and
third sessions was conducted based on their relative position with respect to Repere’s
marker points and skin markers, recorded at the beginning of the first session, on the
pictures taken at the beginning of the first session, and on the markers made with the
dermographic pen during the previous session. The correct electrodes placement of
the second and third sessions was even tested checking the cursor movement during
the first EMG control block of the session (i.e., blocks 25 and 46).

3.2.3 EMG-to-force mapping

As it has been specified in Section 3.1, isometric generation of submaximal force al-
lowed to use a linear approximation of the relation between the shoulder and elbow
muscles activations and the force exterted at the hand:

f = Hm,

where f is the tridimensional force column vector, m is the M -dimesional muscle ac-
tivation column vector (in this case M = 15), and H is the EMG-to-force matrix
(of dimensions 3×M) that maps muscles activations onto force. The matrix H was
estimated using multiple linear regressions of each force component, low-pass filtered
(second-order Butterworth; 1 Hz cutoff), with EMG signals recorded during the dy-
namic phase of the first force control block, low-pass filtered (as the force) and nor-
malized to the maximum EMG activity recorded during the force control block targets
at 25% of the MVF distance.
TheH matrix extracted during the force baseline block of the first day was used during
all three experimental sessions, as it was demonstrated in a previous study that the
accuracy of this matrix is preserved across multiple days [66].
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3.2.4 Muscle synergies

Muscle synergies were identified by non-negative matrix factorization [4] from the
EMG patterns recorded during the dynamic phase of the force baseline block, starting
from the expression introduced in Section 3.1:

m = Wc + ε,

wherem is the column vector of EMG signals at a given time, W is the synergy matrix
(of dimension M ×N , with N number of identified synergies), c is the N -dimensional
synergy activation coefficient column vector at the same time, and ε is the residual
due to physiological noise.
The non-negative matrix factorization algorithm was applied to the EMG signals af-
ter mean value subtraction, rectification, low-pass filtering (second-order Butterworth
filter; 1 Hz cutoff frequency), baseline noise level subtraction, and normalization to
the maximum EMG activity of each muscle recorded during the generation of 25%
the MVF during the force baseline blocks. The baseline noise was estimated during
the rest phase at the beginning of the experiment and periodically throughout the
experiment.
The algorithm for the synergy extraction was repeated 10 times for a number of syner-
gies ranging from 1 to 15 (i.e., the number of recorded muscles) and, for each number,
the repetition with the best reconstruction (i.e., the one with the highest R2) was
retained. The minimum number of synergies that explained at least 90% of the data
variation was selected as the number of synergies used for the calculation of the virtual
surgeries.
The synergy matrix extracted during the force baseline block, performed during the
first day, was used during all the three sessions of the experiment [66].

3.2.5 Virtual surgeries

Virtual surgeries simulated a rearrangement of the tendons of the shoulder-elbow sys-
tem, providing the participant with the visual feedback of the effect that such a surgery
would have had on the force generated at the hand. Virtual surgeries were performed
by altering the EMG-to-force mapping as a rotation in the muscle space (H′ = H ·T,
where T is a rotation matrix). Two types of virtual surgeries (compatible and incom-
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patible [7]) were calculated according to the individual EMG-to-force mapping and
synergies of each participant.
Participants were randomly assigned to one of the two type of surgeries and practiced
it for the whole three sessions. Ten subjects practiced the incompatible surgery and
eight subjects practiced the compatible surgery. Both surgery types allowed the gen-
eration of any force along the 3D space with a different muscle pattern, but only the
compatible surgeries allowed the generation of force along all directions by recombi-
nation of the existing synergies. In fact, incompatible surgeries were constructed such
that the muscle activation, obtained by combinations of synergies, could only generate
forces along a single direction on the horizontal plane. Therefore, if force generation
relies on synergy combinations, participants who practiced the incompatible surgery
would be required not only to adapt the synergy coefficients, as for participants who
practiced the compatible surgery, but to learn new synergy vectors. Therefore, while
participants who practiced the compatible surgery were able to quickly adapt to the
surgery, participants who practiced the incompatible surgery adapted more slowly, or
even did not adapt at all, to the perturbation [7]. Virtual surgeries were constructed
with specific muscle space rotations. Compatible rotations (Tc) were chosen as ro-
tations in the subspace spanned by the synergies and incompatible rotations (Ti)
rotated a vector of the same synergy subspace into the null space of H. Differently
from Berger and collaborators [7], in which participants had a visual feedback only
of the force generated in the horizontal plane, in this study a feedback of the force
along the vertical direction was also provided to participants. However, the surgeries
were designed such to perturb only the horizontal components of the force generated
by the synergies, without affecting their vertical components. The algorithm is briefly
described below.
The singular value decomposition of the matrix WT

o · N = U · S · VT , where Wo

is an orthonormal basis of the range of W, with N synergies, N is an orthonormal
basis of the null space of the EMG-to-force matrix of D dimensions (i.e., D = 2),
identified the S matrix, which has N −D non-zero singular values. Therefore, we can
identify two orthonormal bases of the common subspace between synergies and null
space: Wc = Wo(u1, . . . , u(N−D)) and Nc = N(v1, . . . , v(N−D)), an orthonormal basis
of the subspace of synergy vectors not in the null spaceWnc = Wo(u(N−D+1), . . . , uN),
and an orthonormal basis of null space vectors not generated by synergy combinations
Nnc = N(u(N−D+1), . . . , v(M−D)), where M is the muscle activation dimensionality
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(i.e., the number of recorded muscles). The incompatible surgery Ti was calculated
rotating a vector wi

nc, in the span of Wnc, onto a vector njnc, in the span of Nnc.
Therefore, the muscle patterns generated by synergy combinations along wi

nc do not
produce any force after the surgery, and synergy combinations can generate forces only
in one dimension. On the contrary, the compatible surgery Tc was calculated rotating
a vector wi

nc, in the span of Wnc, onto another vector wj
nc. In this way, the forces

associated with the synergies are altered, but all force directions can be generated by
recombining the same synergies. The rotation matrices used in both perturbations Ti

and Tc, were identified such to make the changes in the muscle patterns, required to
compensate the surgery, similar for each subject. Therefore, the rotation angle was
chosen such that a difficulty index, defined as the average change across muscles and
force targets in muscle activity required to perform the task after the surgery [7], was
similar across all subjects performing both surgeries.

3.2.6 Data analysis

Data collected during all trials performed by all participants were visually inspected
and those trials in which EMG artefacts were detected were discarded. Inactive trials,
i.e. those trials in which the participant did not even attempt to reach the target,
were also excluded to avoid performance drop not due to participant behavior. The
discarded trials were 90 (39) (median and inter quartile range over subjects) over the
1657 trials of the whole experiment.
One participant in the incompatible surgery group had a poor force reconstruction
(R2 < 0.6) and was excluded from the analysis. Therefore, the analysis was performed
on the remaining seventeen subjects (9 who practiced the incompatible surgery and 8
who practiced the compatible surgery).

Task performance. Task performance was quantified by the error rate, i.e., the
fraction of trials in which the cursor did not reach the target (unsuccessful trials).

Statistical analysis. We used MATLAB to perform a linear mixed model analysis of
the relation between a dependent variable (in this case, the error rate) and independent
variables or fixed effects (e.g., the type of surgery, i.e., incompatible or compatible,
the session index, i.e. from 1 to 3, the perturbed block index of each session, i.e. from
1 to 12, or the target direction, each investigated as a separate dummy variable) tak-
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ing into account the participant as a random effect. Similarly, we used a generalized
linear mixed model analysis to investigate the relation of a binary random variable
representing success/unsuccess in each trial with the fixed and random (participant)
effects.
Models were compared through likelihood ratio test. In particular, presence of an
effect in the model was determined by likelihood ratio test statistics. P-values were
obtained by likelihood ratio tests comparing the full model with the effect to be tested
against the model without the effect. A threshold of 0.05 was selected to determine
whether the tested effect was statistically significant to determine the variable (p <

0.05) or not (p > 0.05).
Linear mixed models, and generalized linear mixed models were fitted with data col-
lected during each trial.

3.3 Results

All subjects (see Table 3.1) were able to control the cursor and reach the target in 81.4
% ± 11.0 % (mean ± SD over subjects) of the trials during the force control block and
in 76.8 % ± 9.9 % of the selected trials during the EMG baseline blocks (i.e., blocks
4 to 6, 25 to 27, and 46 to 48).
The R2 of the reconstruction of the tri-dimensional force, collected during the force
control block, was 0.86 ± 0.04. The reconstruction of the force exerted along the
horizontal plane during the EMG baseline blocks was 0.84 ± 0.05. Therefore, we can
conclude that the placement of EMG electrodes, at least on those muscles that mostly
contributes to the unperturbed movement through the targets, was consistent across
sessions [66].
Consistently with previous studies [68], the number of synergies identified during the
generation of an isometric submaximal tri-dimensional force with the hand was 6.1 ±
0.8 (mean ± SD over subjects). The R2 value of the synergy reconstruction of the of
the EMG pattern collected during the force control was 0.92 ± 0.01 (see Table 3.1)
and 0.81 ± 0.07 during EMG control baseline blocks.
During the unperturbed EMG control blocks at the beginning of each session (EMG
baseline blocks), subjects displaced the cursor from a central start location to one of
eight targets arranged on a circle along approximately straight paths. Immediately
after the virtual surgery was introduced, regardless of its type, cursor movements were
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Surgery Subject Force R2 Number of Synergy R2 Difficulty
type (FC) synergies (FC) index
I 1 0.86 6 0.92 1.66
I 2 0.80 8 0.92 1.56
I 3 0.91 6 0.91 1.62
I 4 0.85 6 0.92 1.55
I 5 0.85 6 0.91 1.65
I 6 0.83 6 0.92 1.48
I 7 0.81 6 0.92 1.60
I 8 0.94 6 0.91 1.70
I 9 0.90 7 0.92 1.71

Mean I 0.86 ± 0.05 6.3 ± 0.7 0.92 ± 0.01 1.61 ± 0.08
C 10 0.80 7 0.91 1.68
C 11 0.92 7 0.92 1.63
C 12 0.88 6 0.91 1.66
C 13 0.81 4 0.92 1.42
C 14 0.82 6 0.93 1.60
C 15 0.87 6 0.91 1.63
C 16 0.88 5 0.91 1.61
C 17 0.86 6 0.93 1.60

Mean C 0.86 ± 0.04 5.9 ± 1.0 0.92 ± 0.01 1.60 ± 0.08
Mean All 0.86 ± 0.04 6.1 ± 0.8 0.92 ± 0.01 1.61 ± 0.08

Table 3.1: Force R2 (Force control): fraction of the end-point force data, collected
during the Force control block, explained by the product of the H matrix by the
EMG data. Force R2 (EMG control of each session): fraction of the end-point force
data, collected during the EMG baseline blocks, explained by the product of the H
matrix by the EMG data. Number of synergies: number of synergies estimated from
EMG patterns during the force control block. Synergies R2 (Force control): fraction of
EMG data variation, calculated during the Force control block, explained by synergies.
Synergies R2 (EMG control of each session): fraction of EMG data variation, calculated
during the EMG baseline blocks, explained by synergies. Difficulty index, average
change across muscles and force targets in muscle activity required to perform the
task after the surgery.

poorly controlled and the cursor often moved in the wrong direction (Fig. 3.4, Per-
turbation 1st movement of Session 1). With practice, some participants were able to
change their muscle pattern such to, at least partially, compensate the perturbation
(Fig. 3.4, see Perturbation last movement of Session 3), while other participants moved
the cursor basically without compensating the perturbation, or with slight modifica-
tions.
No significant differences, according to an unpaired t-test (see Table 3.1), were identi-
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Figure 3.4: Example of the trajectories of the cursor on the horizontal plane during
individual trials. (Top) a participant who practiced the incompatible surgery (sub-
ject 3). (Bottom) a participant who practiced the compatible surgery (subject 11).
Different targets and associated cursor trajectories are color coded.

fied between participants who practiced the compatible and the incompatible surgery
in terms of R2 values for the reconstruction of force by EMG during force control (p
= 0.78), number of synergies (p = 0.29), R2 values for the reconstruction of EMG by
synergies during force control block (p = 0.81), and difficulty index (p = 0.78).

3.3.1 Error rate

A trial was defined unsuccessful (an "error") if the cursor failed to reach the target
at all. As it can be observed in Fig. 3.5, during the first experimental session results
comparable to ones obtained in [7] were obtained, with an average error rate visibly
lower for participants exposed to compatible perturbations. Such difference in perfor-
mance is still visible in the second session: here, both groups further decreased their
error rates at the end of the exposure. But it is only in the third session that the
separation between the mean error rates reaches its smallest gap, with participants
exposed to incompatible perturbations showing performance very close to the one of
the other group.
Whether differences between the error rates were related to the type of surgery was
tested with two generalized linear mixed model (GLMM) analyses (MATLAB func-
tion "fitglme") performed on data collected from all subjects during all three sessions.
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The two models had the participant as a random effect and block index, calculated
during each day (from 1 to 12), session index (from 1 to 3), target (defined by 7 dif-
ferent dummy variables) as fixed effects. Moreover, one of the two models had the
perturbation type as fixed effect, while the other did not. An ANOVA compared
the two models and the perturbation type was identified as a significant effect (p =
0.021*). Therefore, an overall difference among the behaviors between participants
who practiced the incompatible or the compatible perturbation was identified, and,
in particular, participants who practiced the compatible perturbation showed a lower
error rate.
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Figure 3.5: Error rate in a single block (hidden blocks were not displayed) of partici-
pants who practiced the incompatible surgery (red) or the compatible surgery (green)
(mean ± standard error among participans).

However, we also investigated differences of the error rate between participants who
practiced different surgeries, investigating data collected during different sessions sep-
arately. Two generalized linear mixed model (GLMM) were constructed from data
collected during each session separately, using subjects as random effects and the block
index and the targets as fixed effects. The two models differed for the perturbation
type as fixed effect, considered in one model but not in the other. ANOVA compared
the two models and the perturbation type was identified as a significant effect in the
first session (p = 0.013*), in line with the study performed by Berger and collaborators
[7], and second (p = 0.002**) session, but not in the third (p = 0.19). So, a long expo-
sure to the incompatible surgery led the error rate to be statistically indistinguishable
from the one of the participants who practiced the compatible surgery. In other words,
a long exposure led participants to compensate the incompatible surgery as well as
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participants who practiced the compatible surgery.

3.3.2 Inter-individual variability

Surprisingly, a considerable variability among participants exposed to both incom-
patible and compatible perturbations was present in the time-cours of the error rate
(Figure 3.6).
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Figure 3.6: Error rate in a single block (hidden blocks were not displayed) of partici-
pants who practiced the incompatible surgery (red) or the compatible surgery (green).
(Top) Error rate of each participant who practiced the incompatible surgery (color
code indicated the drop in the number of unsuccessful trials from yellow, higher drop,
to dark red, lower drop). (Bottom) Error rate of each participant who practiced the
compatible surgery (color code indicated the drop in the number of unsuccessful trials
from light green, higher drop, to dark green, lower drop).

Such variability is a consequence of the fact that, while the difficulty indices were
similar, each perturbation was unique for the participant and their ability in finding
the right patterns to compensate the rotation could vary due to their baseline abilities
in the myoelectric control task. For incompatible perturbations, exploring the mus-
cular null space and finding the direction rotated in the task space requires different
amounts of time depending on the regions first explored by participants (for exam-
ple, co-contracting a pair of muscles with respect to others), which can be arbitrarily
chosen, due to the relatively high dimensionality of the null space itself.
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3.4 Discussion

To solve the problem of the human neuro-motor control, i.e., how the CNS gener-
ates and controls movements [1], many models have been developed based on both
kinematic and dynamic properties of the human body. While optimal control models
allow to predict movement trajectories in many motor tasks, they rely on assumptions
that have not been justified yet, such as the formulation of the cost function on which
they are based. For this reason, other possible theoretical approaches have been de-
veloped to explain control strategies not based on optimal control, such as the idea
that CNS recruits muscles in coordinated groups - muscle synergies. While evidences
for synergies have been found in many studies using microstimulation [2, 3, 5, 6] and
EMG decomposition [58–63], no definitive proof of the existence of synergies has been
found. The study by Berger et al. [7] investigated the adaptation to perturbations of
the mapping between muscle activation and force, simulated in a virtual environment
using myoelectric control (virtual surgeries) during an isometric reaching task in a
one-day experimental session. It was found that, while participants could compen-
sate perturbations that were compatible with the existing synergies, they could not
compensate incompatible perturbations, which require learning of new control pat-
terns outside the synergy space. In our study, we used the virtual surget approach
to investigate adaptation to compatible and incompatible perturbations across three
experimental sessions in three different days. While for the first sessions similar results
to [7] were found, with participants able to compensate the compatible perturbations
but not the incompatible ones, during the third session participants exposed to incom-
patible perturbations achieved error rates statistically indistinguishable from the ones
of participants exposed to compatible ones Furthermore, a striking inter-individual
variability was found both among participants performing the task with the incom-
patible perturbation and among participants performing the task with the compatible
one. While for this last group the different baseline individual motor capabilities,
which also affect unperturbed myoelectric control, can be assumed to be the principal
reason of such variability, for incompatible perturbation the fact that the exploration
of muscular null space cannot lead in the same amount of time to discover the correct
null space directions may be due to its high dimensionality.
The learning and retention of new control patterns by the CNS in multiple experimen-
tal sessions has been widely discussed in the literature. Shadmehr and Brashers-Krug
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[69] investigated the ability of human subjects to learn a reaching task while inter-
acting with one of two conflicting mechanical environments applied through a robotic
manipulandum in different sessions. Fu and co-workers [70] investigated learning of
new task-specific cortical networks in mice using transcranial two-photon microscopy
during the practice of novel forelimb skills in multiple days. More recently, Oby and
collaborators [71] conducted a study in which two monkeys performed a reaching task
over multiple sessions in which they had to move a computer cursor by voluntary
modulation of the activities of about 90 neural units recorded through multielectrode
array implanted in the arm region of the primary motor cortex. Each experiment
began with a session of natural control achieved with a mapping that relates neural
activities to cursor velocities which did not require the animals to learn new neural
activity patterns. After this session they were exposed to a perturbation that required
the learning of activities outside the natural manifold. They found that monkeys can
learn such neural activation patterns that were not used when no perturbation was
applied.
With respect to the previous literature, our study represents the first attempt of in-
vestigating through myoelectric control the learning of novel synergies in multiple
experimental sessions. The hypothesis that two different mechanisms operate in a
modular controller, which has been proposed in [7], can also explain the results of this
study and it is actually reinforced by them. The first mechanism, which it has been
suggested to be implemented in the cerebellum [72–74], presents a fast learning rate,
and is responsible for the correction of the synergy activation coefficients to reduce
the error between the target force and the real generated force, like in adaptation to
visuomotor perturbations [75]. The second process presents a slow learning rate, and
is related to the learning of new control patterns (i.e., new synergies, possibly stored
in the motor cortex [76]) when it is not possible to compensate the error by simply
adjusting the activation coefficients of the existing synergies.
The results of this study raise the possibility of implementing protocols based on my-
oelectric control for the rehabilitation of individuals after neurological damages or
patients affected by neuropathologies, when the existing synergies of the individual
have been altered by the pathological condition and could be restored (partially or
completely) using such an approach. Possible integration of feedback mechanisms can
be elaborated to improve re-learning of the synergies, as the positive role of feedback in
learning has been proved in literature [77–79]. Furthermore, understanding of motion
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generation and learning in a modular controller could help improving existing robotic
interfaces not only for rehabilitation, but also for augmentation, with the possibil-
ity of using synergy null space to control additional external devices, in similar ways
currently in progress based on kinetic, neural or muscular null space.
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4. Simultaneous control of natural and extra

degrees of freedom by isometric force and elec-

tromyographic activity in the muscular null

space

4.1 Background

In the second chapter, we have discussed about the high versality of myoelectric control,
which can be employed for applications such as prosthesis replacing missing limbs,
exoskeletons for rehabilitation and assistance, and for studies in virtual environment
in which a cursor can be controlled through EMG signals, such as the one described in
the previous chapter. Indeed, one other interesting application of myoelectric control
is augmentation: this is the application of robotic technologies, generally resembling
human limbs, integrated with the users’ physical abilities to enhance them. This
enhancement can be referred both to enforce present abilities, such as strength [80,
81], and to the addition of new abilities in term of external movement DoFs controlled
simultaneously to the natural ones, such as a hypothetic third arm [11, 82]. In this
last case, signals that are not involved in motion generation and that can be voluntary
modulated should be used to avoid interference with natural movements.
This could be theoretically achieved using the “motor task null space”. To perform
the same task, due to the redundancy of both the musculoskeletal and neural systems,
i.e., the presence of many more active units (muscles and neurons) than the end-effector
DoFs involved, an individual could use different combinations of joint angles, muscle
patterns and neural signals [83]. If two combinations of signals are equivalent, the
variations between the two do not affect task performance, i.e., they do not generate
task-relevant movements or forces. The signals corresponding to such variations lie in
the null space.
Three different kinds of null space could be applied for augmentation:
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• the kinematic null space, referred to kinematic variables such as joint angles;

• the muscular null space, referred to muscle activation patterns;

• the neural null space, referred to neural signals.

While kinematic null space is, among the three, the one with the theoretical lowest di-
mensionality (and therefore the lowest possible number of additional DoFs that could
be controlled), it indeed is barely affected by noise, is non-invasive and requires a lower
cost apparatus. Neural null space, due to the theoretical possibility of modulating the
activity of a single neural pool or even of one neuron, present the highest dimen-
sionality, but it is invasive when implanted electrode are used, and if non-invasive
electroencephalography (EEG) is used, neural signals are also quite noisy and some-
times difficult to decompose in real time from biological signals used to control natural
limbs. Muscular null space can be seen as a trade-off between kinematic and neural
null spaces: while its dimensionality is not as high as the neural one, it is higher than
the kinematic null space and EMG signals are less noisy than neural signals.
Many tests to use null spaces for augmentation have been recently performed. For
what concern kinematic null space applications, it has been shown that manipulation
of a third hand in a virtual environment is possible using the motion of a foot to
control a third hand [82]. Similarly, a third robotic thumb controlled with a toe [9]
and a sixth finger controlled through kinematic null space of upper limbs [10, 84] have
been developed and successfully tested.
When talking about muscular null space, a recent research showed that facial muscle
activations can be used to control a supernumerary robotic finger [85], while another
focused on the use of torso muscles to control an extra robotic leg [86].
Finally, neural null space has been used in brain-machine interfaces (BMIs), as in [11]
where a third arm has been tested, although difficulties in EEG signal decomposition
can bring to low performance.
As it can be noticed from the examples previously showed, especially for what concern
kinematic and muscular null spaces, signals used to control the additional DoFs have
been recorded from body parts that were not directly involved in the task performed
concurrently with the natural DoFs. Such null space signals belong to the "extrinsic"
subspace. The main limitation of these approaches is that, while performance could
be very good, in many real-life situations the controlled devices could interfere with
secondary task, for example walking when using a leg to control an external DoF.
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In this context, we propose a new, different approach that makes use of the muscular
null space and in particular of its "intrinsic" subspace that, as opposed to the extrinsic
one, is formed by those activation patterns belonging to body parts directly involved
in the performed task. In the case of muscular null space, such patterns includes the
co-contraction of two antagonistic muscles, whose activations counterbalance the re-
spective pulling vectors, during movements of the limb to which they belong (such as
when moving an object with an arm and stiffening the arm itself).
Muscular null space has been successfully applied for modulating an end-effector
impedance, especially in presence of unstable interactions with the environment [87–
89]. It also has been employed for the so-called "tele-impedance", which is the control
of a robotic device impendance using the human one [90, 91]. In a recent work, it
has been shown that voluntary muscular null space modulation can be used to con-
trol the impedance of a virtual end-effector during an isometric force reaching task
[92]. Another work tested the possibility of using EMG beta band decomposed in
real time from the activation of tibialis anterior muscle to move a cursor in a 2D
environment [93]. Moreover, Takagi and collaborators [12] showed that is it feasibile
to use co-contraction of two antagonistic muscles to control the vertical displacement
of a cursor in a 2D scenario, while controlling its horizontal displacement with the
reciprocal activations of the two muscles. Nonetheless, no research to date focused
on the feasibility of using intrinsic muscular null space extracted from many muscles
to directly control extra DoFs, in a 3D environment, concurrently with natural limb
movements for augmenting purposes.
In this chapter, we will focus on our test conducted to assess the validity of task-
intrinsic muscular null space control as a possible application for augmentation, with
the analysis of a 3D isometric force task in which participants controlled both natural
and extra DoFs at the same time.
To quantify participants’ performance and to understand how to optimize an even-
tual device based on such a control method, we performed an analysis based on the
Fitts’ law for reaching tasks. Fitts’ law is widely used to evaluate human performance
during a task with or without a device. In its original paper [94], Fitts took the Shan-
non’s theorem 17 as basis to develop his law: such theorem states that the capacity
of a noisy, continuous channel is proportional to the difference between the entropy
(a measure of "information") of the transmitted signal and the noise. Considering
a reaching task as an information transfer process, the movement time MT can be
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assumed to be proportional to an index of difficulty ID, which is the logarithm of the
target distance D and the target width W . In the Shannon-MacKenzie formulation,
Fitts’ law is equal to:

MT = a · ID + b = a ·
[
log

(
D

W

)
+ 1

]
+ b, (4.1)

where a and b are the slope and the intercept that can be calculated from experimental
data.
While Fitts’ law general validity has been often questioned [95], recent researches
demonstrated that it is possible to derive it through an information-theoretic model
that assumes the human motor system to be a noisy channel, and the ID can be
derived as the expression of both a source entropy and a zero-error channel capacity
with an eventual correction due to erasures [96]. Up to date, many studies in human
motor control have used Fitts’ approach to quantify performance in tasks of different
nature that could be assimilated to reaching tasks [97–99]. However, the application
of Fitts’ law to "temporal targets", where these targets are time intervals beginning
after a specific time lapse from the task start, has been rarely investigated in literature.
Here, we will propose a model based on a combined ID, formed by a spatial part and
a temporal part, for the performance evaluation of participants during the null space
control task.

4.2 Methods

4.2.1 Subjects

Eight naive right-handed participants (mean ± SD age: 27.5 ± 7.8 years, age range:
20-45, 2 females) participated in the experiments after giving written informed consent.
All procedures have been conducted in accordance with the principles embodied in the
Declaration of Helsinki, comply with national regulations, and have been approved by
the ethics committee IRCCS Sicilia - Sezione Neurolesi "Bonino-Pulejo" (Prot. n.
02/18). All participants had normal or corrected to normal vision and did not report
any known neurological disorder or upper right limb injuries.
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4.2.2 Experimental protocol

First of all, participants performed an initial familiarization phase with the setup and
the force control task that will be described below. After this phase, the real experi-
ment started, composed by 18 blocks with different task conditions.
The first block ("maximum voluntary force" (MVF) estimation) was performed by
participants to calculate the highest force that they can exert along the -y direction,
where y is directed along the anteroposterior axis away from the chest. The norm of
this force would be used, in the next blocks, to normalize the distance of target as a
fraction of this force.
In the second block ("force control" (FC) block , Fig. 4.1A), participants had to dis-
place a spherical cursor, applying isometric forces on the orthoses, from a central rest
position to a target, that could be located in one of twenty spatial positions arranged
on the vertices of a dodecahedron inscribed into two spheres with radius 15% or 25%
the MVF, respectively. Each trial was divided into different phases: at the beginning
(rest phase) participants relaxed their right arm muscles to keep the cursor within a
sphere in the centre of the 3D scene (the central rest position) for 1 s. Then, an-
other sphere appeared in one of the twenty target positions (target go event), and the
participant had to reach the target, whose radius was 2% the MVF higher than the
cursor one, and keep the position for 0.5 s (holding phase). Each target was presented
three times, such that each participant performed a total of 120 trials (20 targets × 2
radii x × repetitions). EMG and force data collected from the target go event until
the first time the cursor entered the target (dynamic phase) were used to estimate
a subject-specific matrix that approximates the mapping of EMG activations onto
isometric force (see below EMG-to-force matrix) and its null space. The maximum
amplitude of each EMG signal (low-pass filtered with second-order Butterworth; 1 Hz
cutoff) collected during the same phase was used to normalize EMGs during the rest
of the experiment. After this block, there was a 5 min pause to process the data.
In the third block (null space modulation, NSM), participants performed a cursor sta-
bilization task that required using voluntarily co-contraction. The EMG data collected
in this condition was used to estimate the null space patterns that each participant
generated more naturally. Participants had to maintain the cursor inside a target
placed in the rest position, whose radius exceeded that of the cursor by 6% of the
MVF, for 1 s while a simulated sinusoidal force perturbed the motion of the cursor
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Figure 4.1: (A) Trial scene during force control block (blue cursor moves from home
position towards the target in the direction of the arrow). (B) Trial scene during
null space control block (the dashed line represent the rotation axis). (C) Target
pattern (with home position at the center). (D) Experimental protocol scheme (MVF
= maximum voluntary force, FC = force control, NSM = null space modulation, EFC
= ellipsoidal force control, NSC = null space control).

[92]. To reduce this oscillation, participants were instructed to co-contract their right
arm and shoulder muscles. The time limit for trial completion was 15 s, with 5 s of
pause between trials. EMG data collected during the holding phase were used to cal-
culate the null space directions to be used for the control the extra degree of freedom
(see “Extra degree of freedom control” section).
In the fourth block (isometric reaching with ellipsoidal force control, EFC), partici-
pants performed an isometric reaching task with ellipsoidal cursor and targets. There
were eight targets (3 repetitions), placed on the x-y plane at 20% of MVF from the
origin, with a tolerance of 2% of MVF, and equally distributed with a 45° angular
distance one from the other (0° = +x direction, with x mediolateral axis pointing to
the right). Moreover, the cursor and targets were ellipsoidal rather than spherical.
This block provided a baseline reference for the following 12 blocks.
In blocks 5th to 16th (null space control, NSC, Fig. 4.1B), participants had to both
translate and rotate the ellipsoidal cursor (around the intermediate axis parallel to the
forearm axis) to match the position and orientation of the target (see Fig. 4.2 for the
schematic of the trial).
Translation was achieved by exerting force and rotation by generating muscle patterns
with projections onto the null space directions selected according to the procedure
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Figure 4.2: Temporal evolution of the different phases in a single trial for the null
space control task. Particular focus is given to the two principal movement phases,
the reaching phase (i.e., reach the target) and the holding phase (i.e., keep the cursor
within the target).

described below (section “Extra Degree of Freedom control”) using the data collected
in the NSM block. There were nine targets (Fig. 4.1C), in different x-y positions –
the same eight as in the EFC block plus one in the rest position – and with the same
orientation achieved with a rotation from the rest orientation of 60° (corresponding to
20% of the maximum norm of the null space activation during NSM block, which we
call “maximum voluntary co-contraction”, MVCC) and a tolerance of 7.2° (4% of 180°).
The translation tolerance was also of 4% of MVF. Participants were required to hold
the cursor at the target for 1 s. The nine targets were presented in a pseudo-random
sequence (cycle). At the end of each cycle, the score for that cycle was visualized.
Finally, the 17th block was a null space control block without visual feedback (hidden
null space control) and the 18th block an additional EFC block. A schematic of the
experimental protocol is presented in Fig. 4.1D.

4.2.3 EMG-to-force mapping

In isometric conditions, i.e., when muscles generate force without reducing or increas-
ing their length, as in our experimental protocol, and when the force exerted is sub-
maximal, the relationship between muscle activation and force exterted at the hand
can be approximated by a linear mapping:

f = Hm,
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where f is the tridimensional force vector, m is the 15-dimesional muscle activation
vector, and H is the EMG-to-force matrix that maps muscles activations onto force.
The matrixH was estimated using multiple linear regressions of each force component,
low-pass filtered (second-order Butterworth; 1 Hz cutoff), with EMG signals recorded
during the dynamic phase of the first force control block, low-pass filtered (as the force)
and normalized to the maximum EMG activity recorded during the force control block
targets at 25% of the MVF distance. We verified that the H matrix estimated using
holding phase data was similar to the one extracted using dynamic phase. In fact,
the cosine of the angle between the force vectors of the dynamic phase H matrix and
the holding phase H matrix for the same muscle was 0.92 ± 0.26 (median value ±
interquartile range across muscles and participants).
The matrix H was also used to compute the null space matrix N, i.e., an orthonormal
basis spanning the subspace of vectors n that are mapped by the H matrix onto the
null force vector:

0 = Hn.

4.2.4 Selection of the extra degree of freedom control variable

To characterize the subject-specific directions in the EMG null space to be used for
the control of the extra DoF, each participant performed a NSM block. This pro-
cedure allowed us to identify the directions that each participant could control more
naturally and the dimensionality of this subspace. We could then select the directions
in the null space with the largest amplitude modulation and use the projection of the
instantaneous muscle activity vector onto those directions as the signal(s) to control
the extra DoF.
The ideal control variable for null space control should be as small as possible during
generation of pure force and have the largest range during voluntary modulation of
co-contraction. We investigated three different null space control variables that could
be suitable for our task. We tested them on the data previously collected in a task in
which participants had to stabilize a cursor by null space activation [92]. Data were
collected from eight participants performing five blocks: a force control block (base-
line) and four additional blocks. Of these four blocks, the first was a NSM block similar
to the one described above, while the other three blocks (force control with null space
perturbation, that here we define “perturbation blocks”) required the participant to
reach targets using force control in addition to reducing the oscillation of the cursor by
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null space activation. Furthermore, the intensity of the sinusoidal perturbation (and
therefore of the magintude of null space activation required to maintain the cursor
within the target) increased from the first to the third block.

We tested the following the null space control variables (labelled fDoF ):

• the norm of the projection of the null space activation vector n = NTm, onto
the first nc principal components that explain 80% of data variation in the NSM
block (after subtraction, due to PCA rotation, of the mean vector of null space
activation in that block n̄cc):

fDoF = ||Vcc(:, nc)
′[n̄− n̄cc]||,

where represents the transposed of the first nc columns of the matrix of the
principal components of the null space activation vectors collected in the NSM
block;

• the norm of the projection of the null space activation vector n onto the first nc
principal components that explain 80% of variance of NSM block (after subtrac-
tion, due to PCA rotation, of the mean vector of null space activation in baseline
FC block n̄bl, taken as a reference of residual, involuntary null space activation):

fDoF = ||Vcc(:, nc)
′[n̄− n̄bl]||;

• the norm of the projection of the null space activation vector n onto the mean
null space activation vector in NSM block:

fDoF = ||n̄′ccn̄||.

A schermatic illustration of the application of the three different methods to data
simulated with a simple toy model is shown in Fig. 4.3.
After calculating all the projection matrices required for computing the three control
variables, we assessed the mean value of each variable across the force control block
and all the three perturbation blocks for each subject. The different control variables
were compared using one-way ANOVA (see “Statistical analysis” for details). Also the
difference between the mean value of each variable across all the three perturbation
blocks and the force control mean value was performed and the resulting data compared
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Figure 4.3: Schematic representation of the three methods used for computing a null
space control variable. The methods are illustrated using simulated data generated
through a toy model of a planar 2-DOF arm with 8 muscles pulling in randomly selected
directions. Force and stiffness are a linear function of muscle activation. Baseline
data correspond to minimum-norm nonnegative muscle activations generating force
in 8 different directions. Pure co-contraction data are muscle activations with zero
force and increased stiffness. Cocontraction data are muscle patterns with forces in
8 directions and three different levels of increased stiffness. All muscle patterns are
represented as projected onto the direction of first three principal components of the
baseline data (n1, n2 and n3). The dashed gray lines represent the projections of the
average data from each condiation onto the three vectors used to compute the control
variable in each method.

through ANOVA to find the method with the widest significant activation range.
In the NSM block, the perturbation was generated as a sinusoidal force (with different
frequencies along different axes) acting on a mass attached to a position (controlled
by force) through a spring with an elastic constant that was adjusted in real time
according to the norm of the null space activation vector through a logistic function
[92]:

k(n) = kmax/(e
(−rk(||n||−||n0||)) + 1),

where ||n|| is the norm of the null space activation vector, kmax = 9500 N/m2 is the
spring constant, rk is a variation rate parameter, and ||n0|| is the value of the null
space norm such that k(n) = kmax/2. The value of ||n0|| was set equal to 2.5 times the
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minimum norm (||nmin||) of the mean null space activation during the static phases of
FC block, while rk was calculated using the formula:

rk = −log
(
kmax/y0 − 1

x0 − 1

)
Mean-subtracted holding phase data were used for computing the principal com-

ponents. We obtained a Vcc matrix of dimensions 12 × 12 whose columns were the
principal components of the data. The null space was 12-dimensional because the
muscle space was 15-dimensional and the task space 3-dimensional. Then, we selected
the first nc components that explain 80% of the total variation of the data (mean value
of components ± SD among participants: 2.1 ± 0.8, range 1-3).

4.2.5 Null space control law

Once a control variable was selected in the preliminary study (see “Selection of the
extra degree of freedom control variable” above) and the data collected in the NSM
block were used to identify the null space control directions for each participants, a
mapping of the null space control variable onto cursor rotation was used during NSC
blocks. To map the null space control variable onto the control signal for the extra
DoF we chose a logistic function, as the one used in the null space modulation block,
because it is always positive defined, and, to return to the rest position, participants
had only to relax their muscles. Moreover, it has a smooth and continue derivative,
so that there is no need to put a threshold activation, as it would be for example for
a linear relation.
Therefore, the control law that mapped null space activation onto cursor rotation angle
was defined as:

θ(fDoF ) = θmax/(e
(−rθ(fDoF−fDoF,0) + 1),

where θ is the angle of rotation, θmax is the maximum angle of rotation, set to 145, r is
the variation rate, fDoF is the control variable and f(DoF,θ) is the value of the control
value for which θ(fDoF ) = θmax/2.
The value of fDoF,0 was computed using ||n|| equal to 25% of the MVCC. The rθ value
was calculated using the formula:

rθ = −log
(
θmax/y0 − 1

x0 − 1

)
,
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where (xθ, yθ) = (fDoF (nmin), 0.1).

4.2.6 Data analysis

Data collected during all trials performed by all participants were visually inspected
and trials in which EMG artefacts were detected were discarded. The discarded tri-
als were 13.1 ± 7.6 (mean ± SD over participants) over the 536 trials of the whole
experimental session performed by each participant.

Task performance. Task performance was evaluated both as the fraction of trial
per block in which participants reached the target (reaching success rate), and as the
fraction of trial per block in which participants held the cursor in the target for the
required time (holding success rate).
Mean holding time and mean angular error per block were also calculated. In each
trial, holding time was defined as the longest time interval in which the cursor remained
inside the target (maximum value 1 s, the required holding time). The angular error
was defined as the mean difference of the cursor rotation angle and the target rotation
angle over the interval in which the cursor positional error in space was under the
threshold of 6 % of MVF.

Velocity peaks and movement strategies. Two different velocities of the cursor
were calculated: the tangential velocity of the cursor spatial trajectory (therefore
related to the force), and the angular velocity of the cursor rotation angle around the
axis parallel to the forearm (therefore related to the muscle null space activation).
The two velocities were computed numerically for each trial, after applying a 2nd order
Butterworth filter (3 Hz low-pass cutoff frequency) to the cursor position (measured
as a fraction of MVF, while the angle in radiants was rescaled to have the same units).
The movement onset was defined as the first sample after the end of the rest phase (i.e.,
when the target appeared on the screen) at which the cursor velocity was higher than
a threshold of three times the mean velocity, recorded in the 0.5 s before the ‘target
go’ event. The peak velocity was defined as the first maximum after the movement
onset.
Movement onset and velocity peaks were analyzed to assess if different participants
used different movement strategies. For example, if a participant displaced the cursor
first and then rotated it (using muscle null space activation), or vice versa, or if they
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moved and rotated the cursor simultaneously, or if there was no specific correlation
between the two movement components.

Performance analysis. In addition to success rates, we used information theory to
assess individual control ability. We considered the information about the instructed
target that is transmitted by each participants when performing a reaching and holding
movement. To generalize the assessment of individual ability beyond the performance
achieved by each participant with the specific parameters of the experimental protocol
(e.g., the target size or the required holding time) we estimated, through a simula-
tion, the information that would have been transmitted with different target sizes and
holding times.
The information transmitted accomplishing a reaching task may be quantified by an
index of difficulty, as introduced by Fitts [94]. The Fitts’ law states that movement
time MT in a reaching task is linearly related to an index of difficulty ID:

MT = a · ID + b.

The Fitts’ ID, for a target of width W and distance D from the origin, in the Shannon-
MacKenzie formulation [100], is equal to:

ID = log2(D/W + 1).

While Fitts’ law validity has been questioned because of its unclear theoretical foun-
dations [95, 101], Gori and collaborators [96] derived this law with a simple model of
the human performance, during an aiming task, as a communication process. In this
model, the source of the message is the target the individual intends to reach (“aiming
is choosing”). In the original formulation of Fitts, aiming at a target of width W at
distance D is equivalent to selecting one of n linearly arranged targets of width W

such that D = nW (Fig. 4.4A).
If the targets can be selected with the same probability, the entropy of the target dis-
tribution, i.e., the entropy of the source, is equal to the ID. The message is then sent
through a noisy channel, representing the execution of the reaching movement with
physiological noise in the neural and the musculoskeletal systems. If the noise results
in a distribution of the arrival position with an amplitude less thanW/2, aiming at the
center of the target allows to always hit the selected target and thus trasmitting the
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Figure 4.4: Schematization of target pattern for the three IDs used for performance
quantification: (A) displacement ID, (B) rotational ID and (C) temporal ID.

message without error. Then, the ID quantifies the information that can be trasns-
mitted in an aiming task with negligible error rate, equal to the source entropy for
errorless transmission.
Apart from its theoretical framework, Fitts’ law has been shown to be a robust empir-
ical relation between movement time and the spatial parameters of a task as long as
no temporal constraints are set, or if these constraints are relaxed in such a way that
they do not influence too much the task itself [102–104].
Since in our task subjects were required to reach the spatial location (xyz coordi-
nates) of the target and to align the cursor to the target orientation, we can define
two distinct indices of difficulty for each one of the two components of the reaching
movements (translation and rotation). For the 3D displacement of the cursor position,
considering that the tolerance is always the same for the three axis, a displacement ID
can be defined as:

IDxyz = log2

(
D

Wxyz

+ 1

)
= log2

(
D

2R
+ 1

)
,

where D is the target distance in % of MVF, and R is the target radius also in % of
MVF. Recent research has shown a dependence of the movement time on the target
angle for 2D and 3D tasks [105, 106]. According to our data, the dependence resembles
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a linear combination of a sine term and a cosine term. Therefore, a better definition
of the ID is:

IDxyz = log2

(
D

2R
+ 1

)
+ c · sin(α) + d · cos(α),

where α is the direction angle of the target on the x-y plane. The two coefficient c
and d were calculated by fitting movement times vs IDxyz in the two EFC control.
For the cursor rotation, a rotation ID can be defined as:

IDθ = log2

(
D

Wθ

+ 1

)
= log2

(
D

2∆θ
+ 1

)
,

where θ is the rotation angle and ∆θ is the rotation angle tolerance (Fig. 4.4B).
The total spatial ID can then be defined as the sum of the displacement and rotation
indices:

IDS = IDxyz + IDθ.

However, the application of this ID formulation to our experimental protocol raises
three issues. First, Fitts’ law has been formulated for an aiming task in which the
participant is not required to hold the end-effector at the target location for a specific
time interval, but rather to simply hit the target. However, when considering the abil-
ity of controlling an end-effector with myoelectic signal, it may be necessary to provide
also a temporal command in addition to a spatial one. Being myoelectric control typi-
cally noisier than the natural limb control, it would be then useful to quantify also the
target holding performance. Second, the Fitts’ law does not consider the actual error
rate in the reaching task, assuming that it is low enough to be neglected. This second
issue has been addressed by estimating an effective target width for which the error
rate is below a given small (but arbitrary) threshold [98, 107, 108]. However, individ-
ual ability in aiming at a target can be rigorously quantified using a communication
model with transmission errors [96]. Third, to properly assess the individual ability
to control the position and orientation of the cursor, we should have used targets of
different size and different holding time requirements. Indeed, speed-accuracy trade-
off functions derived by systematically varying the required accuracy have been used
to assess individual skill in manual tasks [109, 110]. However, an additional factor
in our experimental design would have required a large number of trials making the
assessment too long to perform. We therefore opted for an approximate but faster
assessment of the dependence of the individual cursor control ability on the specific
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task parameters by simulating off-line the performance that would have been achieved
with different parameters.
Concerning the first issue, we followed the model of a communication system to derive
also a temporal ID. Making a parallel with the spatial case, in which we have n targets
of width W in a length D, we can consider a time interval of duration T, which can
be divided in n consecutive temporal targets of duration ∆t. In this way, in addition
to selecting a spatial target by reaching it, it is possible to select one of the temporal
targets by holding at the spatial target until the specific time is elapsed. In addition
to considering that “aiming is choosing” (Fig. 4.4A and B) [96], which means that
an individual can choose one target from a set of many by aiming at it, we consider
that “waiting is choosing” (Fig. 4.4C), which means that an individual can choose
a “temporal target” from a set of many by waiting for a given time interval before
moving. Following this reasoning, an expression for a temporal index of difficulty can
be derived as:

IDT = log2

(
T

∆t
+ 1

)
,

where T is the duration of the considered time interval, while ∆t is the duration of
the time sub-intervals, defining the required temporal accuracy.
Concerning the second issue, it is possible to calculate the effective size of the target
that would satisfy the assumption of negligible error rate [107, 108]. Assuming the trial
endpoint distribution to be normal, its entropy is equal to log2σ

√
2πe. The quantity

√
2πe is equal to about 4.133, which means ∼ ±2σ, that is the 96% of the area of

the distribution. Therefore, if success rate is equal to 96%, the effective width We of
a target and its experimental width coincide. Otherwise, if the standard deviation of
the endpoint distribution σe is known, the effective width can be calculated using the
formula:

We = 4.133σe,

while if it is not known, the formula using the error rate ε can be applied:

We =

W 2.066
z(1−ε/2) , if ε > 0.0049%

W · 0.5089, otherwise

where z is the standard score of a distribution with mean = 0 and SD = 1.
Nevertheless, this approach has been criticized because it is based on questionable
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assumptions as the normal distribution of the endpoints and the coincidence that,
with 4% of error rate, the information of a rectangular distribution of width We is
equal to the one of a normal distribution [96].
Therefore, Gori and collaborators have proposed a new index of difficulty that takes
into account the error rate [96]. It can be derived using a compound channel with two
states (a good state and a bad state), as the Shannon-MacKenzie ID multiplied by the
success rate (1− ε):

ID(ε) = (1− ε) · log2
(
D

W
+ 1

)
.

In our case, we considered the reaching error rate εr (or the complementary success
rate 1 − εr) related to the identification of the target in space, i.e., to the spatial
ID, while the holding error rate εh (or the complementary success rate 1− εh) to the
identification of the time interval, i.e., to the temporal ID. Therefore, the corrected ID
can be defined as:

ID(εr, εh) = (1− εr) · IDS + (1− εh) · IDT .

Concerning the third issue, in our experimental protocol we used only one target size
(corresponding to a cursor translation accuracy of 4% MVF), one cursor rotation tol-
erance (corresponding to 4% of the MVCC). Moreover, the temporal accuracy required
for the holding time (the ∆t parameter) was not explicitly defined: partipants were
required to keep cursor in position inside targets for a time T = 1 s. However, because
we wanted to assess the individual ability in displacing and orienting the cursor and
in holding the target regardless of specific task parameters, we used the data collected
in one condition to simulate the performance that participants would have achieved
in different conditions. Thus, we computed the reaching performance with targets of
different sizes (6% to 3% of MVF and corresponding % of MVCC, with a step of 0.5%),
and the performance for holding the target for the required time with differenent tem-
poral tolerances (1 s ± 0.1 s to 1 s ± 0.9 s with a step of 0.1 s, and 1 s ± 0.999 s, this
last being equivalent to just spatial reaching).
As a first step, we estimated the mean reaching movement time MTR (defined as the
time interval between the “target go” event and the first time the cursor entered the
target) and the mean execution movement time MTE (defined as the time interval
between the “target go” event and the end of the holding phase) from simulations with
different target size and holding time (for MTE only) tolerances for each participant.
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The simulation was performed by measuring if a target of a specific size would be hit
by a participant with the real trajectories recorded during task execution, and how
much time a participant kept the cursor inside the specified space region according to
the real trajectories. Then, we linearly fitted reaching movement times vs reaching
IDs (in the form: MTR = aS · IDS + b, where aS and b are the fitted parameters) to
verify that our data follow Fitts’ law, and execution movement times versus total IDs
(in the form: MTE = aS′ · IDS + aT · IDT + b′, where aS′ , aT and b′ are the fitted
parameters) to verify that a linear relation still holds when the temporal ID is added.
Finally, an additional measure of performance that can be obtained from the Fitts’
law is the throughput, defined as the ratio between the ID and the movement time.
The average movement times for each block and target were taken, and the mean
across targets was computed. We then estimated the throughput considering only the
reaching phase, because the holding phase has a fixed information rate. Whenever a
target was not reached in a block, we set the throughput for that target to zero.

Statistical analysis. Statistical analysis was performed using MATLAB. Anderson-
Darling test (function "adtest") was used to check the normality of the distribution of
datasets from the simulation of the different extra DoF control laws. One-way ANOVA
test (with multiple comparison with Tukey’s honest significant difference criterion as
post-hoc, functions "anova1" and "multcompare") between datasets composed by the
same control methods from all the participants was performed to investigate differences
between control methods. Similarly, Kruskal-Wallis one-way ANOVA, after Anderson-
Darling test, was used to compare reaching and holding success rates, and the R2 of
reconstruction of the three force control blocks (one FC and two EFC blocks).
For the NSC blocks, the dependence of reaching and holding success on block and
target was assessed by fitting a generalized linear mixed model (function "fitglme"),
with the block and target as fixed effects and participant as random effect. Similarly,
the dependence of angular deviation and holding time, on block and target was assessed
by fitting a linear mixed model (function "fitlme"). Additionally, a generalized linear
model (function "fitglm") and a linear model (function "fitlm") was fitted to the
response variables for each participant separately.
Pearson correlation coefficient between force and extra DoF peak velocity times was
calculated to assess the correlation between the two velocity peak times across blocks,
and Kruskal-Wallis one-way ANOVA, after Anderson-Darling test, was used to find
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eventual significant differences between the dataset distributions.

4.3 Results

4.3.1 Null space control validation

We performed a simulation on data collected during combined force and muscular null
space activity generation [92] to select the variable to be used for the control of an
extra DoF. We calculated the mean values for three candidate control variables, which
differed for the null space components of the projection of the muscle patterns selected
and for the mean muscle pattern used for subtraction. The mean values were calcu-
lated during four blocks in which participants generated only force (Force Control, Fig.
4.5) or force combined with increasing levels of co-contraction (Perturbation Blocks
1-3).
After verifying the normality of the distribution of the values of each control variable
(p > 0.05, Anderson-Darling test), we performed a one-way ANOVA on the value of
the control variable in each block with the method used to compute the control variable
as factor. For pure force control, the first method, using the projection onto the null
space principal components explaining 80% of NSM block data variance after subtract-
ing the mean NSM block activation vector, presented significantly higher involuntary
activation with respect to the other ones (p < 0.001 for both comparisons), making it
unsuitable for our task. For combined force and co-contraction control with the lowest
level of required co-contraction (Perturbation 1), there were no significant differences
between the methods (p = 0.33). However, with higher levels of co-contraction (Per-
turbation 2 and 3) the second method had a higher level of the control variable with
respect to the first (p = 0.03 and 0.02, respectively) but not with respect to the third
(p = 0.29 and 0.19, respectively). Nonetheless, the one-way ANOVA performed on
the activation differences between perturbation blocks and force control block, with
control variable as factor, showed a significant higher activation range for the second
method. According to these results, the second method, using the projection onto the
principal components extracted during NSM block after subtracting the baseline mean
null space activation vector, was selected as the best choice to control the extra DoF.

58



Figure 4.5: Bar plot with the mean simulated null space activations for each of three
methods described in Section 4.2.6. The first control variable, in dark green, uses
the norm of the projection of the null space activation vector onto the first principal
components explaining 80% of data variation in the NSM block (after subtraction of
the mean vector of null space activation in that block); the second, in light green, is
based on the norm of the projection of the null space activation vector onto the first
principal components that explain 80% of variance of NSM block (after subtraction
of the mean vector of null space activation in baseline FC block, taken as a reference
of residual, involuntary null space activation); finally, the third, in yellow, uses the
norm of the projection of the null space activation vector onto the mean null space
activation vector in baseline FC block. Error bars represent the standard deviation
across participants.The second method clearly shows the lower involuntary activation
during force control and the widest activation range.

4.3.2 Force control performance

After selecting the method to compute the null space control variable, we recruited
eight participants to assess their ability to control simultaneously natural and extra
DoF. We first assessed baseline performance in FC. During this block, participants
displaced the cursor toward the targets along approximately straight paths, reached
the target successfully in 92 ± 6 % (mean ± SD across participants) of the trials,
and remained in the target for the required time in 63 ± 19 % of the trials (see Ta-
ble 1 for individual data). Thus, while reaching the target was easily accomplished
by our participants, holding was more challenging. Moreover, holding performance
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varied considerably across participants, as indicated by its large standard deviation.
Similar performances were observed during the initial EFC block, for which the suc-
cess rates for reaching and holding were, respectively, 88 ± 25 % and 67 ± 31 %.
No significant differences were found between FC and EFC blocks for both reaching
and holding performance (p = 0.24 and 0.56, respectively, Kruskal-Wallis one-way
ANOVA). Therefore, the shape (spherical or ellipsoidal) of cursor and targets did not
affect force control performance.
The mean R2 across participants of the three-dimensional force reconstruction during
the FC block, was 0.76 ± 0.11 (see Table 4.1 for individual data). During the initial

ID Reaching SR Holding SR Force R2

1 0.92 0.59 0.85
2 0.88 0.42 0.52
3 0.96 0.51 0.74
4 0.96 0.78 0.75
5 0.89 0.46 0.79
6 0.97 0.72 0.84
7 0.83 0.56 0.70
8 0.99 0.98 0.89

Table 4.1: Individual performance, for each participant, and force reconstruction
quality for the linear relation fit between forces and EMG activations.

EFC block, the mean horizontal (rather than three-dimensional, as targets were all
planar in this block) force reconstruction R2 was 0.78 ± 0.13, and no significant dif-
ferences were found with respect to the initial FC (p = 0.46, Kruskal-Wallis one-way
ANOVA). These results support the robustness of the EMG-to-force mapping, which
was used for calculating the EMG null space and therefore the variable used to control
the extra DoF.

4.3.3 Null space control performance

In NSC blocks, participants performed trials with eight ellipsoidal targets, positioned
at a distance and with an orientation corresponding to 20% of MVF and 20% of MVCC
respectively.
Differently from FC and EFC blocks, especially in the initial NSC blocks, cursor tra-
jectories were more variable over repetitions because of the interference between the
natural and extra DoFs and the lack of coordination among them. Although partici-
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pants directed the cursor quite accurately toward the targets, they were less accurate
with the cursor rotation (i.e., the extra DoF), which was controlled by null space acti-
vation, and the rotation angle often overshoot the target angle and oscillated around
it. This is clearly visible in both panels of Fig. 4.6, where the trajectories of first
blocks for the extra DoF often exceed the upper target threshold (dashed line).
Interference sometimes also led to an oscillation in the spatial position of the cursor,
highlighting the difficulty in simultaneous control of the different DoFs, as it is visible
in panel A of Fig. 4.6 With practice, however, all participants showed improvements
in their control of the extra DoF. For example, for all three participants illustrated
in Fig. 4.6B initially (Block 5, darkest lines) the first peak velocity of cursor rotation
(vertical lines, top) occurred often much later than the peak velocity of the cursor
translation (vertical lines, bottom), but it then occurred progressively earlier with
practice (Blocks 8-16, lighter lines).
Mean success rate across participants in target reaching and holding increased during
the 12 NSC blocks. Reaching success rate progressed from 72 ± 26 % to 93 ± 11 %
in the last block. Holding success rate was initially low, 12 ± 12 % in the first block,
and achieved a maximum value of 43 ± 31 % (Fig. 4.7A and B).
The mean movement time for reaching phase only across participants decreased among
blocks, with a starting value of 2.79 ± 0.54 s and an ending value of 2.02 ± 0.54 s.
Similar considerations can be done for the movement time including holding phase,
with a value of 3.34 ± 0.25 s in the first block and a value of 2.78 ± 0.50 s in the
last (close to the value of movement time for reaching in the first block). The mean
holding time across participants increased, achieving the highest mean value of 0.70 ±
0.29 s, while the mean angular error decreased below the required target threshold of
7.2° (6.69 ± 2.18° for the last block, minimum mean value achieved) (Fig. 4.7C and
D).
A generalized linear mixed model analysis, with block and target as fixed effects and
participant as random effect, showed a significant dependence of both reaching and
holding success rate on block (p < 0.001 for both variables, with a slope of 0.047 and
0.041, respectively), indicating a significant increase in average performance with prac-
tice. The effect of target was also significant for both reaching and holding (p = 0.001
and 0.041, respectively), which means performances were not equal across targets. In
fact, both target 4, 5 and 8 showed lower mean reaching success rate with respect to
target 1, taken as reference (p = 0.006, 0.002 and 0.004 respectively), while target 6
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Figure 4.6: Examples of task performance during NSC blocks. (A) Example of cursor
trajectories to different targets (1, 3 and 5) for participant 6: for each target (column)
the plot on top shows the trajectory in Fx-Fy plane (being the target distance expressed
in % of the MVF), the middle plot shows the evolution in time of the normalized null
space control variable, and the plot on bottom the normalized force. To illustrate the
temporal evolution of trajectories, the color changes with block number: trajectories
became straighter over blocks. Vertical lines show the time of first velocity peak. (B)
Example of trajectories in the x-y plane (top row) and time evolution of null space
control variable (middle row) and force (bottom row) to one target (8), for participants
2, 4, and 6 (columns). Trajectories in the x-y plane during EFC are also shown for
comparison (dashed lines, top row). The dashed black lines indicate target tolerance.
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Figure 4.7: Simultaneous force and null space control performance. The mean values
across participants (left column panels) show that reaching success rate (A), holding
success rate (B) and holding time (C) increased with practice, while angular error (D)
decreased. Right column panels show the curves for each participant separately and
make visible the variability in performance among them. Shaded areas represent mean
± SD, and the gray dashed line in panels (D) and (H) represents target tolerance for
angular error.

presented higher holding success rate (p = 0.022).
Remarkably, there was substantial inter-individual variability in performance, espe-
cially for target holding, as indicated by the large standard deviation (Fig. 4.7A, B, C
and D). For this reason, we also analyzed the data of individual participants separately,
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fitting them with a subject-specific generalized linear model with block and target as
fixed effects. For reaching success rate, we found a significant effect of block only in
participant 2, 3 and 6 (Table 4.2). This is because all the other participants, except
participant 1, had high reaching success rate from the beginning of the experiment.
Participant 1 was instead rather erratic, with a large variability in success rate from
block to block, and always below 80%. For holding success rate, we found a significant
effect of block for participants 2, 5, 6, 7 and 8 (Table 4.2). A significant target effect
on reaching performance was found for participants 1, 2, 3 and 4 and on holding per-
formance for participants 4, 5, 6, 7 and 8 (Table 4.3). These results indicate that with
practice, participants improved their control skill, but learning capability was not the
same for all participants, and it was not uniform across the different directions. As an
example, participant 1 had lower reaching success rate for target 5 with respect to the
reference target 1 (p = 0.028), but higher reaching success rate for targets 6 and 7 (p
= 0.027 and 0.008, respectively), as well as participant 5 had higher holding success
rates for the same targets (p = 0.012 and 0.040, respectively). Individual performances
are plotted in Fig. 4.7E and F.
Concerning holding time and angular error, the linear mixed models, with block and
target as fixed effects and subjects as random effect, showed a significant dependence
on block (p < 0.001 for both variables, slope 0.009 and -0.12, respectively). Target ef-
fect was not significant for holding time (p = 0.088), while it was significant for angular
error (p < 0.001). The linear model fitted separately to individual participants’ data
showed a significant block effect on holding time for all participants except participant
4, while for the angular error a significant block effect was found for all participants
except participant 4 and 7 (Table 4.2). Both these participants had values close to
their best values since the beginning of the experiment. Target effect on holding time
was significant for all participants (while it was not the case when considering them
together) and on angular error for all participants except participants 6 and 7 (Table
4.3). In sum, this analysis highlighted that, even when success rate does not increase
significantly, learning can be anyway seen in continuous parameters such as holding
time and angular error. Individual values are plotted in Fig. 4.7G and H.
We then investigated the force control and the null space control performances sep-
arately, i.e., the success rate for reaching and holding considering only either the
position or the rotation of the cursor. The separate performances were better than
the combined performance, which was provided as feedback to the participants during
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ID Reaching SR Holding SR Holding time Angular error
1 0.26 0.17 < 0.001* < 0.001*
2 < 0.001* 0.002* < 0.001* < 0.001*
3 < 0.001* 0.94 < 0.001* < 0.001*
4 0.14 0.17 0.20 0.10
5 0.65 < 0.001* < 0.001* < 0.001*
6 0.005* < 0.001* < 0.001* < 0.001*
7 0.61 0.02* < 0.001* 0.09
8 0.33 0.003* < 0.001* < 0.001*

Table 4.2: p-values for the block effect of the generalized linear models and the
linear models, for all subjects for success rate (reaching and holding), holding time
and angular error. The asterisk indicates values of p < 0.05.

ID Reaching SR Holding SR Holding time Angular error
1 < 0.001* 1 0.048* < 0.001*
2 < 0.001* 0.57 < 0.001* < 0.001*
3 0.013* 1 0.015* 0.029*
4 0.029* 0.007* < 0.001* < 0.001*
5 0.29 < 0.001* < 0.001* < 0.001*
6 0.99 < 0.001* 0.001* 0.07
7 0.73 0.005* 0.004* 0.38
8 1 < 0.001* < 0.001* < 0.001*

Table 4.3: p-values for the target effect of the generalized linear models and the linear
models, for all subjects for successful trials fraction (reaching and holding), holding
time and angular error. The asterisk indicates values of p < 0.05.

the experiment, as the color of the target changed when both position and orienta-
tion of the cursor were within the target tolerance. All participants achieved a 100%
reaching success rate in at least one block for both force control and null space con-
trol separately (maximum mean ± SD across participants: 100 ± 1 % and 99 ± 2
%, respectively). Holding success rate raised to 89 ± 12 % for force control, with 4
participants achieving 100%, and 60 ± 32 % for null space control. It was therefore
the lack of coordination in displacing and rotating the cursor that significantly affected
the global performance (Fig. 4.8).
A generalized linear mixed model analysis highlighted a significant dependence on
block for both reaching and holding of both force and null space control performance
(p < 0.001 for all cases, slope of 0.093, 0.051, 0.051 and 0.040 for force reaching, force
holding, null space reaching and null space holding respectively). Target effect was
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Figure 4.8: Separate force control and null space control performance. Reaching and
holding success rates for force control (first row) and null space control (second row)
are shown separately. The black dashed lines represent mean across participants.

significant only for null space reaching (p < 0.001), while it was not for force reaching
(p = 0.134), force holding (p = 0.149) and null space holding (p = 0.58).
The analysis of the performances of each participant separately revealed different indi-
vidual strategies, which were not evident when considering success rate for combined
force and null space control. For example, participant 1 showed a significant block
effect in all success rates except null space reaching, showing an improvement not visi-
ble with simultaneous control success rate. This participant, together with participant
2, was the only one with a significant improvement in force reaching, while in force
holding participants 3, 6 and 7 also showed a significant improvement together with 1
and 2. In null space reaching only participants 2 and 3 had a significant block effect;
nonetheless, all participants except participant 4 had significant block effect in null
space holding. It is worth noting that participant 4 increased their performance in null
space holding, but after nine blocks, performance started to decrease probably due to
fatigue and/or reduced attention.
For the final EFC block, after the NFC blocks, mean success rates across participants
for reaching and holding were respectively 95 ± 12 and 77 ± 24 %. No significant
differences were found between initial and final EFC blocks, for both reaching and
holding (p = 0.19 and 0.48, respectively, Kruskal-Wallis one-way ANOVA). This in-
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dicates that practicing simultaneous force and null space control did not affect force
control alone. The mean horizontal force reconstruction R2 across participants during
the final EFC block was 0.67 ± 0.23, and no significant differences were found with
respect to the initial EFC block (p = 0.48, Kruskal-Wallis one-way ANOVA). This
suggests that null space control did not affect standard force control patterns even
after prolonged practice.

4.3.4 Peak velocity times and movement strategies

We analyzed peak velocities to better characterize the different strategies of individual
participants. Each participant showed a specific timing of the peak velocity for cursor
displacement and for cursor rotation. Some participants first rotated the cursor and
then displaced it, others first displaced the cursor and then rotated it, and others per-
formed both movements simultaneously. Furthermore, peak velocity times were not
constant over blocks, and they decreased or increased depending on the participant
and on the specific target. As can be seen in Fig. 4.9, the high SD values of the peak
velocity times in individual blocks indicate a large variability across targets.

Figure 4.9: Individual movement strategies. Mean peak velocity times across targets,
over null space control blocks, for both force and null space control variables. Shaded
area represents standard deviation across targets.

Translation and rotation peak velocity times showed a strong positive correlation across
blocks for participants 2 and 5 (Pearson correlation coefficient r = 0.872 and 0.827,
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respectively) considering all targets directions together, with both mean times de-
creasing over time (blocks). Moderate positive correlation was found for participants
1 and 6 (r = 0.682 and 0.524, respectively), with both mean times also decreasing over
time. Moderate negative correlation was instead found for participant 3 (r = -0.422),
with both mean times decreasing up to block 10, after which the rotation peak time
increased. Weak negative correlation was found for participant 4 (r = -0.233), while
no significant correlation was found for participant 8 (r = 0.095), with a constant
displacement peak velocity time and a decreasing rotation peak velocity time.
Kruskal-Wallis ANOVA was performed to compare translation and rotation peak ve-
locity times of each participant. This revealed a significant difference between the
translation and rotation peak velocity times for all participants (p < 0.001 for all ex-
cept subject 4, for which p = 0.002) except 2 and 6 (p = 0.817 and 0.419 respectively),
although subject 6 had a high variability in rotation peak velocity times across tar-
gets. It is also worth noting that, among the participants with significant differences
between the two times, only participant 4 had significantly earlier rotation velocity
peak than displacement velocity peak.

4.3.5 Individual null space control abilities

Because of the high variability among the participants in the performance metrics that
we analyzed, such as success rate and holding time, which depend on task conditions
such as target and time tolerances, we wondered if it was possible to generalize the
assessment of individual ability in the simultaneous control of natural and extra DoF.
To this aim, we used an information theory approach inspired by Fitts’ law, with an
ID comprising a spatial term for the reaching phase and a temporal term for the hold-
ing phase. We estimated the performance with different target sizes and holding time
tolerance with a simulation.
For the reaching phase only, due to the variability in movement time for the different
directions, the linear fit of the movement time itself as a function of the Shannon-
MacKenzie ID resulted in a R2 of 0.26 ± 0.17 (mean ± SD among participants). The
linear fit was significant for seven participants (p < 0.001 for participant 2 to 8, while
p = 0.40 for participant 1), which supports the validity of the Fitts’ model for reach-
ing. The plot of the corrected ID as a function of the target size (Fig. 4.10A) shows
that the smallest target is not always the one that allows maximizing the transmitted
information.
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Figure 4.10: Assessment of individual control ability. (A) The corrected spatial ID
(mean among the last three NSC blocks, estimated through a simulation) is shown
as a function of target tolerance, showing the optimal target size for reaching of each
participant. (B) Throughput as a function of block number. The dashed black line
corresponds to the mean value among participants. (C) Example of corrected total ID
(mean among the last three NSC blocks) as a function of target and time tolerances for
participant 6. The red dot indicates the maximum value of transmitted information
achieved by the participant among all the simulated conditions; the temporal evolution
of its value is reported in orange curve of panel (D). It is worth noting that other
maxima could be present outside the space covered by the simulation, and that the
curve for ∆t = 0.999 s (reaching condition) is equivalent to the one present in the
panel (A). (D) Temporal evolution of the maximum information transmitted (among
all the simulated conditions, i.e., the maximum of the surfaces such as that shown in
panel (C)) for each block and participant. The dashed black line corresponds to the
mean value among participants.

While simulated performances appear to be similar for what concerns the largest possi-
ble target, decreasing target size does not always lead to an increase in the transmitted
information, because the increase in the total available information is overcome by a
decrease in success rate. This means that a specific target size can maximize informa-
tion transmitted through reaching, and it is strictly dependent on participants’ ability.
On average, the throughput, calculated as the ID divided by the movement time for
reaching, increased during NSC blocks (Fig. 4.10B). This is expected, as the movement
time for reaching also decreased among blocks. Such results mean that participants
could move faster while keeping good accuracy.
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When considering both the reaching and the holding phase, the linear fit of the sim-
ulated movement time as a function of combined ID resulted in a mean R2 of 0.56 ±
0.18, and all fits were significant (p < 0.001 for all participants). This means that a
linear relation still holds when the ID also includes a temporal term.
Introducing the additional temporal ID generally affects the ideal target size at which
a participant can transmit the maximum information, as can be seen in the example
of participant 8 illustrated in Fig. 4.10C. While for the reaching ID the best target
size was 3.5% of MVF/MVCC, for holding the best target size was 4%, with a time
tolerance of 0.1 s. Moreover, not all participants had their maximum information
transmitted for the same time tolerance, indicating that also this quantity depends on
participants’ ability in holding the cursor in a fixed position.
Looking at the maximum information transmitted (considered as the maximum value
of information among all the simulated conditions) (Fig. 4.10D), it is possible to see
that it also increases with practice. This means that, not only participants could
achieve a higher transmission rate (throughput increased), but they were also able to
increase their spatial and temporal precision.

4.4 Discussion

The control of an extra limb or end-effector while simultaneously performing move-
ments with the natural limbs requires using signals that do not interfere with limb
motion [83, 111]. As a first step towards the ambitious goal of augmenting human
motor capabilities, we tested whether simultaneous control of natural and extra DoFs
through isometric force and intrinsic muscular null space signals is feasible. We devel-
oped a control interface in a virtual environment using isometric force generated at the
hand to control the translation of an ellipsoidal cursor and, concurrently, muscle-to-
force null space activations, i.e., patterns of muscular activations that do not generate
force, to control the rotation of the cursor around one axis. We assessed how well
8 participants controlled the end-effector with such interface in a reaching task that
required translating and rotating the cursor to match the position and orientation of
8 ellipsoidal targets, thus testing spatial control, and maintaining the cursor in the
target for a 1 s, thus also testing temporal control. The results indicate that such an
application of muscular null space is feasible, as after a moderate amount of practice
average reaching performance was close to 100%. Furthermore, all the participants
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showed improvements in different performance parameters with practice, such as an
increase in reaching and holding success rate, a reduction of angular error, and an
increase of holding time. However, we found remarkable inter-individual differences in
task performance, learning capabilities, and strategies to coordinate natural and extra
DoFs.
There are three kinds of null spaces that can be defined for the human motor system:
kinematic, muscular, and neural [83]. Moreover, when considering null space signals
to be used for controlling extra DoF during the performance of a task, we can define
as task-extrinsic those null space signals generated by body parts, muscles, or neural
circuits not directly involved in the task, and task-intrinsic those signals directly in-
volved. Here we considered task-intrinsic muscular null space signals for extra DoFs
control. Muscular null space may be a convenient choice for augmentation since it
represents a trade-off between the low noise and non-invasiveness but low dimension-
ality of the kinematic null space and the high dimensionality but invasiveness of the
neural one. A larger dimensionality of the null space allows for more flexibility in
the selection of the dimensions to be used for control. Additionally, using intrinsic
muscular task null space may avoid interfering with additional tasks. For example,
using null space signal from arm muscles to control extra DoFs participating to the
main task performed by the arms (e.g., an extra robotic limb positioning an object
being manipulated by hands) may allow to perform secondary tasks such as standing
or walking.
Our approach is novel because it is the first time that an intrinsic muscular null space
signal extracted from multiple arm muscles is used to control an extra DoF. Many
applications of extrinsic [9, 82, 112, 113] or intrinsic [114] kinematic null space, as well
as extrinsic muscular null space [85, 86, 115] and neural null space [11, 116, 117] has
been proposed in the past. However, the possibility of using intrinsic muscular null
space for augmentation has received less attention. A recent study has shown that
the muscle projection in the beta-band of spiking activity of motor neurons identified
from high-density EMGs electrode from a single muscle could be suitable to control
additional DoFs concurrently with natural limb motion [93], but possible interference
with other muscles was not directly monitored. Another recent study [12] has demon-
strated the possibility of controlling the vertical displacement of a cursor in a 2D
environment through cocontraction of two antagonistic muscles (pectoralis major and
posterior deltoid) while controlling the horizontal displacement through the reciprocal
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activity of the two muscles. With respect to these recent studies, our interface allowed
to directly test the feasibility of simultaneous control in a scenario closer to real-life,
i.e., in a 3D virtual environment, of 3 natural DoFs (cursor translation) and an extra
DoF (cursor rotation), for a total of 4 DoFs controlled simultaneously. Moreover, our
task-intrinsic muscular null space signal was extracted from many muscles involved in
the reaching/holding task. We could assess the interference between the different DoFs
and the relative muscle activations, showing that participants could learn to reduce
such interference with practice. In principle, our approach could also be extended to
the control of multiple extra DoFs by selecting different components in the intrinsic
muscular null space. However, further investigation is needed to assess how perfor-
mance and learning rate depends on the number of extra DoFs.
Because of the high inter-individual variability among our participants, we developed
an analysis framework based on information theory inspired by Fitts’ law to assess
individual control ability independently from the performance observed with specific
task parameters. In fact, performance quantities such as success rates are strictly de-
pendent on the task configuration and do not give direct knowledge on how much an
individual is able to explore the task space (i.e., how much they are able to discern
a point in the space from another). Evaluating performances in terms of transmitted
information allows instead to generalize an individual’s performance and extrapolate
it from the specific context, also allowing to understand how many regions of the task
space an individual can reach. Since its original formulation [94], Fitts’ law has been
widely employed to evaluate human performance during tracking [118], myoelectric
control [119], prostheses control [120], and human-computer interaction (HCI) [98,
121, 122]. Fitts’ law captures the speed-accuracy tradeoff typically observed in hu-
man aimed movements by relating movement duration to an ID defined according to
target distance and size. Thus, since the ability to accurately control an end effector
depends on the speed of movement, motor control ability should be assessed according
to a speed-accuracy trade-off function rather than by accuracy alone [109]. However,
the ID itself, corrected through the success rate of a participant, could be taken as a
parameter for performance evaluation in terms of average transmitted information [96]
related to spatial accuracy and exploration. In fact, while various formulation of Fitts’
law have been developed to adapt to different tasks or to correct the index of difficulty
to account for target misses [96, 108, 123], Fitts’ law has always been considered in the
spatial domain, with time taken into account only in the form of temporal constraints
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influencing task execution [102, 103]. However, sometimes it could be necessary to
evaluate the performance in temporal domain, such as to evaluate whether an indi-
vidual is able to perform an action at the right time or for the required time lapse.
To account for the effects of temporal targeting, i.e., a task in which spatial distance
is minimal and for this reason movement time constant, a recent study applied Fitts’
law to a temporal pointing task, in which the user has to decide exclusively when to
perform an action (in this case, pressing a button when the cursor is inside targets)
[124]. The authors stated that such a task is based on a two-stage process (plus an-
other one relative to computer processing), with an internal time-keeping stage and
a response-execution stage. Assuming a Gaussian response distribution for the end-
points, the error rate could be expressed as a function of an ID equal to the logarithm
of a temporal target distance divided by a temporal target width. Similarly, to take
into account the holding phase in our task, which can be considered a temporal task,
we hypothesize that the total information transmitted performing the task is equal to
the sum of two IDs, a spatial ID resembling the classical Fitts’ index, and a temporal
ID similar to the one proposed in [124]. As the Fitts’ ID can be derived from an “aim-
ing is choosing” rationale [96], we simply derived the temporal ID from a “waiting is
choosing” rationale, which allows a generalization of the temporal ID to any compat-
ible temporal task without relying on any assumption on the response function. We
also corrected those ID multiplying them for the respective success rate (reaching or
holding) [96]. Such ID therefore allows to consider not only reaching movements, but
also holding movements, and could be hypothetically extended to more complex task
composed by more reaching and holding phases to evaluate an invidual performance
based on the average information transmitted for each phase. Through this framework,
we found that, when considering only the reaching phase, the smallest target size is
not always the one providing the highest information transmitted because the gain
in source information associated with smaller targets may be overcome by the loss in
transmission performance corresponding to a decrease in reaching success rate. When
considering both reaching and holding phases, we found that spatial and temporal
requirements affect each other, generally reducing a participants’ optimal target size
with respect to the reaching phase only, with the maximum information transmitted
resulting for a specific, individual combination of spatial and temporal parameters.
Such an approach could allow to hypothetically optimize an interface (not necessarily
based on myoelectric control) depending on the user’s capabilities, updating parame-
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ters as they learn to control the device.
The prolonged exposition to the control of both prostheses and augmenting devices
may have effects at the neural level. Amputation causes reorganization in the primary
somatosensory cortex [125]. A recent study has showed that, in BCI control of inde-
pendent DoFs, it is possible to dissociate neural gamma activity correlated to muscle
activations [116]. Another study has shown that users of a third thumb controlled
through a toe presented, after 5 days, a different representation of their hand in the
sensorimotor cortex [126]. Considering the findings of such studies, we expect that
even the intrinsic muscular null space control of an external device could bring some
modifications in neural motor circuits. The exploitation of musculoskeletal redundance
to control a device is actually a new motor skill that requires learning, as it has been
shown by the success rate curves from our study, and it is something different from the
natural modulation of limb impedance [92] and even from the tele-impedance, which is
based on the use of muscular null space to control the impedance of robots, providing
them with a task-related elastic profile in addition to position trajectories [90], while
no actual additional DoF is controlled. We hypothesize that, in this context, train-
ing could make a user able to learn some sort of “muscular null space synergies” that
could justify the increase in performance and therefore would bring modifications in
cerebral or cerebellar cortices, but further investigation on inter-individual differences
at a neural level is needed to confirm such a hypothesis.
Another important finding that has been illustrated in literature is that, as it is known
for skill learning [77–79], feedback mechanisms integrated in an interface could help
users improving their performance faster and to a higher level. It has been demon-
strated that somatosensory feedback facilitates to learn controlling both prostheses
[127] and augmenting devices [128]. For this reason, we think that integrating some
form of feedback in a device based on intrinsic muscular null space control would be
helpful and could also partially smooth out inter-individual variability.
In conclusion, we demonstrated the feasibility of a novel approach to control extra
DoFs using muscular null space signals from a relatively high number of muscles di-
rectly involved in task being performed concurrently. Participants in our experiment
were able to reach targets and their performances improved with practice. Such an
approach could be applied to control more sophisticated assistive or augmentative
robotic devices (as extra limbs) in everyday life situations, for both able-bodied and
disable-bodied people. Such approach is substantially different from the myoelectric
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control of exoskeletons, as they do not add additional DoFs [8, 129, 130]. We also
developed a Fitts-like framework, with two indices of difficulty, which could be useful
to quantify a participant’s ability in reaching and holding a position independently
from specific task parameters. Further work is needed to understand the neural ori-
gin and mechanisms underlying learning of null space control. These results can be
taken as a starting point for the investigation of muscular null space control for aug-
mentation, and our information theory approach can provide a novel tool to assess
the ability of individual participants to control a device through noisy signals such as
EMG, considering not only spatial precision, but also temporal precision.
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5. Combined use of Magnetic Resonance-guided

Focalized Ultrasound Surgery and functional

near-infrared Spectroscopy for treatment and

monitoring of neuro-motor disorders

5.1 Background

Investigating the changes in neural activities following the learning of new motor

skills is fundamental to gain new knowledge on how the human motor system works.
For this purpose, different techniques have been employed, such as functional mag-
netic resonance imaging (fMRI) or positron emission tomography (PET). However,
these techniques can be used only to analyse the effects of learning at the end of the
exposure, in a rest phase, or in case of tasks with limited movements, because they
do not allow a high freedom of motion and are often not compatible with additional
electronical instrumentation such as EMG. For all these reasons, new techniques are
emerging to provide the possibility of analysing motor learning during motor complex
task. One of these emerging techniques is functional near-infrared spetroscopy

(fNIRS): it is based on the absorption process of optical light, generally in the ∼700-
900 nm wavelength range, from chromophores such as oxy- and deoxy-haemoglobin
(HbO and HbR, respectively), whose changes in concentration are strictly correlated
to the blood-oxygen-level-dependent (BOLD) signal changes induced by neural activ-
ity. In fact, due to brain activations, arteriolar dilatation in the interested regions,
with increased capillary filling, occurs in order to allow more oxygenated blood flow
to satisfy brain’s immediate metabolic needs [131].
With respect to the previous illustrated techniques, and in particular to fMRI, which
is the most used technique in neurosciences, fNIRS offers several advantages such
as higher temporal resolution, higher portability, lower costs, reduction of electrical
noise, and, most importantly, the possibility for subjects to perform complex motor
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tasks during data acquisition. For example, Ikegami and Taga [132] assessed brain
activation changes during the learning of a multi-joint discrete motor task, i.e., the
kendama task. In particular, participants had to toss a ball connected by a string to
the kendama stick and catch it in the cup attached to the stick itself. In this work,
they found significant positive correlations between the decrease in the magnitude of
the event-related HbO responses and the decrease in the magnitude of the integrated
upper limb muscle torques during learning. Hatakenaka and co-workers [15] assessed
changes in cortical activations during a pursuit rotor task, in which participants had
to keep the tip of a metal stylus rotating at constant speed on a disk. Through fNIRS
measurements, they observed a shift in the task-related increase of HbO concentration
from the presupplementary motor area to the supplementary motor area, underlying
the role of the first one in early learning phase and of the second one in the late learn-
ing phase.
The assessment of activation changes during motor task is important not only to
study learning in healthy people, but also to understand the mechanisms behind neu-

ropathological conditions, such as essential tremor (ET), Parkinson’s disease (PD),
Alzheimer or stroke, and to see how such conditions can affect motor neural networks.
Many investigations have been performed using fMRI during cognitive tasks, due to
the limited freedom of movement allowed by such technique. This was the case of stud-
ies such as the one from Cerasa and collaborators [133], that measured the cerebral
activation of ET patients during a Stroop task, in which they have to name the color
of words in presence of a mismatch between the name color (the word) and the color
of the font, or the work from Passamonti and collegues [134], in which ET patients
executed a verbal working memory task. Eventually, simple motor tasks can also be
employed. Haslinger and collegues [135] studied BOLD signal changes using fMRI on
PD patients performing paced single joystick movements before and after levodopa
therapy, finding an improvement in impaired motor iniziation in the supplementary
motor area and a decrease in hyperactivation in lateral and primary motor cortices
after the treatment. More recently, Buijink and co-workers [136] conducted a study in
which thirty-one ET patients performed finger tapping sessions alternated with rest
periods, while their cerebral and cerebellar activities were monitored through fMRI.
They found that tremor is related to dysfunctions in the cerebellum, as a significant
positive correlation between tremor severity and dentate nucleus activation, while re-
duction of activation in other cerebellar and cerebral cortical regions was found. Such
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results are compatible with the ones found in other studies based on resting-state fMRI
[137].
While there are standard pharmacological treatments for many neurological diseases,
such as those based on pharmacological agents targeting dopaminergic neurotrans-
mission [138], surgical approches are being studied as an alternative bringing several
advantages in terms of efficacy and reduction of side effects. In this context, deep brain
stimulation (DBS) [139, 140] has been often applied in the last decades for its adapt-
ability, reversebility, and also for the possibility to perform bilateral interventions [141].
Nonetheless, DBS is an expensive technique that could introduce new challenges, such
as intracranial hemorrhages and infections [142]. Alternative techniques have been de-
veloped to avoid such complications, such as magnetic resonance-guided focused

ultrasound surgery (MRgFUS) [143]. This is an innovative, non-invasive surgical
procedure for performing thalamotomies by combining magnetic resonance imaging to
target the ablation spot and monitor the surgery progress, and focalised ultrasounds to
ablate cerebral tissues. Such a technique has been already applied to treat, among the
many, ET [144, 145] and obsessive-compulsive disorders [146, 147], and it is currently
being tested for other neurological diseases such as PD [148, 149] and pathologies of
different nature such as cancer [150–152].
In this chapter, a study is presented where fNIRS was used in order to investigate the
changes of cortical activation patterns in subjects affected by bilateral Parkinson’s dis-
ease, compared to healthy ones, before MRgFUS treatment, and at different intervals
of time after the treatment, by execution of unimanual left and right finger-tapping
tasks.
The results here presented can be helpful for brain rehabilitation, to examine the corti-
cal activation during the assessment and to monitor treatment progress, especially for
critical care patients for which frequent ambulatory assessments after brain injury are
necessary, and for infant and children to which usual neuroimaging techniques cannot
be applied.
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ID Neurological disorder Treated hemisphere Age Sex
1 PD R 76 m
2 PD R 75 m
3 PD R 79 f
4 PD R 62 m
5 PD R 67 f
C1 None None 66 m
C2 None None 68 f
C3 None None 71 m

Table 5.1: Demographic data for Parkinson’s disease patients and control subjects.
In "Treated hemisphere", R = Right and L = Left.

5.2 Methods

5.2.1 Subjects

In this study, 5 patients from IRCCS Centro Neurolesi "Bonino-Pulejo" of Messina
(Italy), affected by Parkinson’s disease (age range 62-79, 2 female), participated in the
experiment (demographic data are reported in Table 5.1).
Therapeutic improvements were evaluated through the Clinical Rating Scale for Tremor
(CRST) A + B [153], the treated hand tremor subscore of the CRST, administered im-
mediately before treatment, and at 1 week and 1 month post-treatment. This tremor
subscore with a maximum of 32 points was calculated by summing the observed and
the performance-based scores from parts A and B for the treated hand [154, 155].
All patients were treated on the right hemisphere. Furthermore, three subjects with
no neurological diseases (mean ± SD age: 68.3 ± 2.5 years, age range: 66-71, 1 female)
participated in the experiment as control subjects (subject identification code C1, C2
and C3; see Table 5.1).
The study protocol was approved by the Local Ethics Committee of IRCCS Centro
Neurolesi "Bonino-Pulejo".

5.2.2 Experimental protocol

The experiment consisted in three sessions, the first one performed one day before
the MRgFUS treatment (S0), the second one week after the MRgFUS treatment (S1),
and the third one month after the MRgFUS treatment (S2). In all sessions, subjects
performed two tasks, consisting in right and left finger tapping (RFT and LFT, respec-
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tively). At the beginning of each finger tapping session, an interval of 10 s was spent
to allow signal assessment. After that, an interval of 25 s of activation, alternated with
an interval of 15 s of rest, was applied for six times. The total duration of each finger
tapping task was 250 s (see Fig. 5.1).

Finger tapping

15 s

Signal

stabiliza on

phase

Rest

25 s

10 s

25 s

15 s

25 s 25 s 25 s 25 s

15 s 15 s 15 s 15 s

6 repe ons

Figure 5.1: Experimental protocol for both LFT and RFT tasks. The total duration
of each session was 250 s. The blue lines specify when finger tapping was executed.

Control subjects took part in a single session, and the collected data were used for
comparison with those coming from all sessions of subjects with neurological disease.
The analysis on the acquired data was performed using the NIRS-SPM (statisti-
cal parametric mapping) software (version 4, revision 1) [156–160], developed for
MATLAB© R2009a (MathWorks Inc., Natick, MA).

5.2.3 Measurement model

According to the Modified Beer-Lambert Law (MBLL) [161], in the framework of a
well-established model already successfully applied in literature [156–160], assuming
that the involved chromophores are oxy- and deoxy-haemoglobin (HbO and HbR,
respectively), the change in the optical density ρ(λ, r, t) can be accounted by the
formula:

∆ρ(λ, r, t) = −ln
(
I(λ, r, t)

I0(λ, r)

)
= d(r)l(r)[aHbO(λ)∆cHbO(r, t) + aHbR(λ)∆cHbR(r, t)],

being λ the wavelength of the incident radiation, r the cerebral cortex position in
(x,y,z) space and t the time. In the above equation, I0(λ, r) is the initial radiation
intensity, I(λ, r, t) the radiation intensity at time t, aHbX(λ) the extinction coefficient
of the HbX chromophore (X = O or R), ∆cHbX(r, t) the concentration change of the
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HbX chromophore, d(r) the differential path length factor (DPF), and l(r) the source-
detector distance (assuming the detector at position r).
Optical density measurements at two different wavelengths allow estimating HbO and
HbR concentration changes. For two wavelengths λ1 and λ2, assuming d(r) indepen-
dent from λ, the following matrix formulation can be used:[

∆ρ(λ1, r, t)

∆ρ(λ2, r, t)

]
= d(r)l(r)

[
aHbO(λ1) aHbR(λ1)

aHbO(λ2) aHbR(λ2)

][
∆cHbO(r, t)

∆cHbR(r, t)

]
+

[
w(λ1, r, t)

w(λ2, r, t)

]
,

where w(λi, r, t) is the additive noise relative to the i-th wavelength (i = 1, 2).
The signal SHbX(r, t) for the haemoglobins can be obtained by multiplying the inverse
matrix of the extinction coefficients to the previous equation:[

SHbO(r, t)

SHbR(r, t)

]
= d(r)l(r)

[
∆cHbO(r, t)

∆cHbR(r, t)

]
+

[
εHbO(r, t)

εHbR(r, t)

]
,

where εHbX(r, t) is the additive zero mean Gaussian noises for the HbX chromophore.
The DPF parameter d(r) could be in principle obtained, in time-domain or frequency-
domain systems, by calculating the temporal point spread function [162]. Furthermore,
many other conditions, such as the aforementioned scalp depth and the conformation of
the head, can negatively affect fNIRS measurements, with consequent scattering effects
that are subject-dependent. For all the aforementioned reasons, analyzing fNIRS data
using the magnitude of chromophore concentration changes can be difficult, and a
generalized linear model is widely used in order to overcome these problems.

5.2.4 Data analysis

Clinical outcome assessment statistics. Kruskal-Wallis one-way ANOVA (MAT-
LAB function "kruskalwallis") has been performed to find significant differences among
clinical scores depending on the session. As a post-hoc comparison, Tukey’s honest
significance test (MATLAB function "multcompare") has been performed.

fNIRS data pre-processing. Before any further processing, fNIRS HbO and HbR
data were low-pass filtered with the canonical hemodynamic response function (HRF)
filter to remove high-frequency noise and temporal correlations (which means that
the residual signal at the specific time is correlated with its temporal neighbors).
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This was done according to the precoloring method, which has been shown to be more
effective, with respect to the prewhitening method, in calculating activation maps [156,
157]. Finally, baseline correction was performed again, subtracting the new value of
concentration change at initial time.

Generalized linear model (GLM) and wavelet minimum description length

(wavelet-MDL) detrending. Generalized Linear Model (GLM) is nowadays a stan-
dard analysis method used for fMRI, as well as for fNIRS [156]. It describes a mea-
sured quantity in terms of a linear combination of N explanatory variables, plus an
error term. In a matrix form, it can be written as:

S = Xβ + ε,

where S is the M-dimensional vector of the hemodynamic signal SHbX(r, ti), ε is the
M-dimensional vector of noise εHbX(r, ti), β is an L-dimensional vector of unknown
strength responses, and X is the model design matrix, which serves as a predictor for
the signal and must be specified first.
The signal can be approximated as the convolution of a stimulus function and a hemo-
dynamic response function (HRF). For the model specification, the canonical HRF
composed by two gamma functions was employed [156–160]. To take into account the
global drift which affects fNIRS signals, we implemented the wavelet minimum de-
scription length (wavelet-MDL) algorithm described in [157]. In this case, the matrix
formula for S becomes:

S = Xβ + θ + ε,

where θ is the additional vector of global drift. A t-statistics coefficient can be calcu-
lated for this model, as described in [157], to test the null hypothesis of no significant
activation for a specific channel with respect to a reference phase (in this work, the
rest phase). In our case, this analysis was applied to both HbO and HbR signals,
for each patient separately, using the procedure available on the NIRS-SPM software
[156–160]. For the group analysis, the method of global alignment of interpolated maps
of the patients present in the NIRS-SPM software was used. For the calculation of the
p-value, expected Euler characteristics approach was used, with a p-value threshold of
0.05 [156, 157].
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Evaluation of HbT task-related increments. To better understand the effects of
MRgFUS on each hemisphere across the different sessions, we calculated the average
difference in concentration changes for the total haemoglobin (HbT = HbO + HbR)
between right and left hemispheres (laterality) of the task-related increments. Such
an analysis was performed according to the following steps:

• the channel configuration of each subject was separated into left hemisphere
(LH) and right hemisphere (RH) sub-groups;

• for each channel, the difference in mean HbT concentration changes between task
and rest phases, normalized to the maximum absolute value during task phase,
was calculated;

• for both LH and RH sub-groups, the mean values among the corresponding
channels were estimated;

• for both LH and RH sub-groups, the mean values among subjects were calcu-
lated;

• for LFT, mean LH sub-group values were subtracted to mean RH sub-group
values.

Furthermore, Pearson correlation coefficient between HbT task-related increments and
clinical scores was calculated (MATLAB function "corrcoef").

5.3 Results

5.3.1 Clinical outcomes

A significant clinical improvement in patients’ conditions, across the three experimen-
tal sessions, has been found through Kruskal-Wallis one-way ANOVA analysis (p <
0.001). Post-hoc comparison showed a significant difference only between S0 and S2
(p < 0.001). The plot of the patients’ clinical scores as a function of the session can
be found in Fig. 5.2.

5.3.2 fNIRS analysis

Using the GLM described before, data collected from each participant were analysed
separately. Due to the different initial neurophysiological conditions and to the dif-
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Figure 5.2: Examples of HbO (blue line) and HbR (red line) concentration changes
during session S0, taken from subjects ID 2 and ID 3, during the execution of LFT
(on the left) and RFT (on the right), as obtained from channel N = 21 for LFT and
N = 15 for RFT.

ferent efficacy of MRgFUS treatment on each patient, a moderate inter-individual
variability among the activation maps of different patients was found for both HbO
and HbR during LFT and RFT tasks, as it can be seen from their concentration
changes over time reported in Fig. 5.3, for ID 2 and ID 3 patients, obtained from
channel N = 21 (in the right hemisphere) for LFT and N = 15 (in the left hemisphere)
for RFT, as example.
Moreover, other variables such as physiological baseline properties, task performance,
attention and/or motivation could have contributed to this variability [163].
For what concerns the temporal evolution of the density change curves, phase differ-
ences among all sessions were generally observed for both HbO and HbR, during both
LFT and RFT tasks. Worth of note, a similar trend was observed for sessions S2 and
S0, consisting in a more oscillating signal with respect to that revealed for session S1,
as can be seen in the examples shown in Fig. 5.4. Interindividual differences were
present in all three sessions, and were accounted through the analysis at group level.
HbO group-averaged activation maps are shown in Fig. 5.5.
In the case of session S0, group analysis presented significant enhancements in the left
hemisphere during LFT task. As far as session S1 is concerned, a significant increase
for HbO concentration was found in the left hemisphere during RFT task. Finally,
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Figure 5.3: Examples of HbO (blue line) and HbR (red line) concentration changes
during session S0, taken from subjects ID 2 and ID 3, during the execution of LFT
(on the left) and RFT (on the right), as obtained from channel N = 21 for LFT and
N = 15 for RFT.
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Figure 5.4: Examples of HbO (blue line) and HbR (red line) changes during session
S0, S1 and S2, taken from subjects ID 3, during the execution of LFT (on the left)
and RFT (on the right), as obtained from channel N = 21 for LFT and N = 15 for
RFT. S0, S1 and S2 are indicated by progressively lighter colors.
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Figure 5.5: Group-average activation maps of HbO, during the three sessions (S0, S1,
S2) of both LFT and RFT tasks. For comparison, the control group-average activation
maps of HbO during LFT and RFT are shown on the respective sides. The regions
with significant activations are enclosed in a green line. See text for details.

for session S2, significant changes in HbO concentration were found in the right hemi-
sphere for LFT, and in both hemispheres for RFT.
Fig. 5.6 reports the group-averaged activation maps of HbR.

Figure 5.6: Group-average activation maps of HbR, during the three sessions (S0, S1,
S2) of both LFT and RFT tasks. For comparison, the control group-average activation
maps of HbR during LFT and RFT are shown on the respective sides. The regions
with significant activations are enclosed in a green line. See text for details.

In the case of session S0, no significant changes are detected in HbR concentrations, for
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both LFT and RFT. For what concerns session S1, a significant decrease for HbR con-
centration is revealed in the right hemisphere during LFT, and in the left hemisphere
during RFT. Finally, during session S2, no significant changes in HbR concentration
were observed.
To verify the efficacy of the MRgFUS treatment, we also report the time course of the
HbT task-related increment laterality (Figure 5.7), obtained as described in Materials
and Methods section. Only the LFT case is reported, being patients treated on the
right hemisphere.
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Figure 5.7: Average HbT task-related increment laterality, obtained as described in
paragraph 2.6. The "C" column represents control group average.

Task-related increment laterality during LFT is observed to increase passing from S0
session, in which a higher change in HbT is present in the left hemisphere, to S1 ses-
sion, where a higher change in HbT can be seen in the right hemisphere. Therefore,
an evolution trend towards the control situation is observed, with a strong negative
correlation (P = -0.91) with the clinical scores previously reported.

5.4 Discussion

The results of the analysis on the recruited PD patients evidenced the efficacy of MRg-
FUS treatment with respect to pre-treatment phase, at least in the observed follow-up
time. An improvement in the patients’ status can be observed immediately after the
treatment, followed by a slight worsening one month later, and this scenario appears in
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agreement with the reported results in literature about the effects of unilateral thala-
motomy with MRgFUS in patients with tremor other than essential tremor [148, 149].
Therefore, such results highlight the validity of fNIRS as a monitoring tool of neural
activations in PD patients. This could be important when traditional techniques, such
as fMRI, cannot be used, and when it is necessary to observe cortical activations dur-
ing specific, complex motor tasks.
In conclusion, we found that, after MRgFUS treatment, significant changes in HbO
and HbR concentrations, resembling those in control group activation patterns, were
predominantly observed in the S1 session, whereas in the case of S2 session, probably
due to the neurodegenerative factor of the PD, conditions more similar to the pre-
MRgFUS situation (S0 session) appeared. Nonetheless, they seemed to be improved,
with respect to the pre-treatment phase, even one month later. Furthermore, the ob-
served changes turned out to be principally related to LFT task, being the treatment
performed on the right hemisphere.
These results, although preliminary and based on a low number of patients, which could
not guarantee a generalization of the proposed approach, gave nevertheless evidence
of the potentiality of fNIRS as a neuroimaging technique for monitoring the remodel-
ing of neural connectivities, promoted by MRgFUS, in association with symptomatic
improvements. In principle, this combined procedure could be employed within the
clinical assessment of the human motor function, especially in patient populations and
clinical settings where traditional neuroimaging methods are not suitable.
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6. Conclusions and future perspectives

This thesis presented two related aims, both particularly important for the compre-
hension of the motor control and learning problems. The first aim was to investigate
the exploration of muscular null space to learn new motor patterns, i.e., new muscle
synergies, and to investigate the capability of modulating muscular null space to con-
trol an additional DoF concurrently with natural DoFs for augmenting purposes. The
second aim was to validate the use of fNIRS to assess the changes in neural activations
of patients affected by neurological disorders while performing a motor task before and
after a MRgFUS treatment.
The results of the first study presented in this thesis showed that with enough practice
it is possible to compensate perturbations that require new null space patterns, with
participants exposed to such perturbations being able to reach performance compara-
ble to that of participants exposed to compatible perturbations.
The second study showed the feasibility of the simultaneous control of natural DoFs,
expressed by the isometric force used to move a cursor in a virtual environment, and
of additional DoFs, expressed by the muscular null space activation used to rotate the
same cursor along a specified axis.
Finally, the third study presented here demonstrated the usability of fNIRS as a mon-
itoring tool of cerebral activity during a motor task in patients affected by Parkinson’s
disease, showing changes in haemoglobin concentrations after the MRgFUS treatment.
This work could lead to many future applications. As the exploration of null space
underlies the learning of new motor skills, adding new ways of interacting with the
environment, it is possible to think that the reverse process could occur in people
affected by neuropathologies, who might generate activaties in the null space as a
consequence of their conditions. Then, neurorehabilition processes based on synergy
perturbations applied through myoelectric control and virtual reality could be used to
develop specific treatments helping patients to discover new functional muscle patterns
outside of the null space. These treatments would be based on the patient’s muscu-
loskeletal properties, easy to use and portable, or even for domestic use. Moreover, it
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may be possible to develop new augmenting devices based on muscular null space, to
help workers performing difficult tasks without the help of other individuals, such as
lifting multiple weights or manipulating simultaneously numerous tools in building a
structure, or surgeons performing surgeries with greater autonomy, without the risk
of misunderstandings, being all under their control. As mentioned before, many pros-
theses and exoskeletons based on myoelectric control exist, and muscular null space
could also provide a new way to enhance such devices, maybe combined with other
forms of null space, such as kinematic and neural null spaces. Finally, the neural
mechanisms underlying both the learning of new motor synergies through exploration
of null space and the direct modulation of all forms of null spaces could be unveiled
using fNIRS, allowing to better adapt the aforementioned protocols and devices to
an individual, who could be healthy or unhealthy. Such technique has the significant
advantage, with respect to other imaging techniques currently used in neuroscience,
of being highly portable and adaptable to different situations, allowing a direct eval-
uation “in the field”, i.e., while performing complex real-life motor skills, surely more
effective than measurements made in specific, ideal context such as in laboratory with
simpler tasks and less realistic conditions.
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