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DEDICATION

But whatever things were gain to me, those things I have counted as loss for the
sake of Christ. More than that, I count all things to be loss in view of the
surpassing value of knowing Christ Jesus my Lord, for whom I have suﬀered the
loss of all things, and count them but rubbish in order that I may gain Christ, and
may be found in Him, not having a righteousness of my own derived from the Law,
but that which is through faith in Christ, the righteousness which comes from God
on the basis of faith, that I may know Him, and the power of His resurrection and
the fellowship of His suﬀerings, being conformed to His death; in order that I may
attain to the resurrection from the dead. Not that I have already obtained it, or
have already become perfect, but I press on in order that I may lay hold of that for
which also I was laid hold of by Christ Jesus. Brothers, I do not regard myself as
having laid hold of it yet; but one thing I do: forgetting what lies behaind and
reaching forward to what lies ahead, I press on toward the goal for the prize of the
upward call of God in Christ Jesus. Philippians 3:7-14
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ABSTRACT

Electrical potentials are the fundamental currency of communication in the nervous
system. The advanced executive functions of the prefrontal cortex and the motor
commands delivered to the neuromuscular junction, though involved with very different aspects of behavior, both rely on time-varying electrical signals. It is possible
to “listen to” the internal communications of the nervous system by measuring the
electrical potentials in the extra-cellular space. However, this is only meaningful if
there is some way to interpret these signals, which are incredibly complicated and
information rich. This dissertation represents an attempt to decode some of these
signals in order to reveal their signiﬁcance for behavior and function.
The ﬁrst study is an investigation of the relationship between diﬀerent elements
of the local ﬁeld potential in the prefrontal cortex and memory consolidation. It
is shown that certain electrographic signatures of non-rapid eye movement sleep,
namely K-complexes and low-voltage spindles, are correlated with neuronal replay
of recent experiences. It is also shown that the global ﬂuctuations of activity in the
population of cells, known as up/down states, is correlated with neuronal replay.
Finally, it is shown that high-voltage spindles are not correlated with memory replay,
and are therefore functionally diﬀerent from low-voltage spindles.
The second study focuses on the relationship between movements of the upper limb and the coordinated neural control, as measured by the electromyogram (EMG), of the muscles generating that movement. We show that diﬀerent
probability-based models can be used to predict what the pattern of EMG in the
diﬀerent muscles will be for any given kinematic state of the hand.
In the third study it is demonstrated that the kinematic output associated with
a particular pattern of EMG can be reproduced with electrical stimulation. Thus,
it is not only possible to understand the commands issued by the nervous system, it

9

is also possible to issue commands by interfacing with the nervous system directly.
Finally, the design for an experiment that would combine EMG prediction with
translation of EMG into electrical stimulus patterns is presented. The objective of
this study would be to use these methods to fully control the upper limb in a way
that would be useful for a functional electrical stimulation-based neuroprosthetic for
spinal cord injured patients.
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CHAPTER 1
Introduction

This dissertation is a compilation of two diﬀerent projects, each of which falls under
the category of biomedical engineering in neuroscience. Both projects are concerned with how the nervous system uses electrical signals to encode information
and generate behavioral outcomes. One project addresses the development of motor
neuroprosthetics for patients who have sustained spinal cord injury; the other examines the manifestation learning and memory in the prefrontal cortex during sleep.
Although these topics are not intimately connected to each other, they both involve
the application of computational techniques as a way to understand fundamental
principles of the nervous system.
1.1 Project I
Sleep is not a homogenous event but rather a collection of diﬀerent brain states
marked by a lack of consciousness and unresponsiveness to sensory stimuli (Hobson, 1990). Sleep can be broadly subdivided into two categories: rapid eye movement (REM) and non-rapid eye movement (NREM). REM sleep, sometimes called
paradoxical sleep, is recognizable by low muscle tone and, appropriately, rapid eye
movements. During REM, local ﬁeld potentials (LFP) in the neocortex have low
amplitude and high frequency content. The LFP traces are, at least superﬁcially,
reminiscent of the waking state. NREM sleep, on the other hand, is characterized
by high amplitude, low frequency oscillations in the neocortical LFP and involuntary muscle tone (Hobson, 1990). Several distinct types of oscillations, all of which
arise from thalamocortical interactions, intermittently occur as electrographic events
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(Steriade, 2003). In humans and felines these events are used to further subdivide
NREM into additional sleep states (Hobson and Pace-Schott, 2002). In rats, NREM
is not generally divided into sub-stages, but these events are still evident in the LFP
and presumably have similar implications for brain state.
In recent years NREM has received increasing attention with respect to its role
in learning and memory. In particular, declarative memory (episodic or semantic) is
augmented by NREM sleep and impaired by NREM deprivation (Born et al., 2006).
Furthermore, evidence suggests that several of the oscillatory LFP events are not
only indicative of learning, but actually instrumental in the learning process. In
particular, two types of cortical events measured in the LFP, K-complexes and
spindles, are of interest with respect to memory consolidation.
K-complexes are high amplitude, biphasic events whose major frequency component is approximately 4 Hz and which recur at a frequency of approximately 1
Hz (Amzica and Steriade, 1998). They are the reﬂection of global transitions from
periods of quiescence to periods of relatively high activity in the underlying population of individual neurons (Amzica and Steriade, 1997, 1998). When measured at
the level of individual cells or populations of cells, this event is referred to as the
down-state to up-state transition (Steriade et al., 1993a, 1993b, 1993c). The low
frequency ﬂuctuation between down states and up states can also be detected in the
very low (1 Hz or less) frequency band of the LFP. When it is measured in this way,
it is called the slow oscillation (Steriade et al., 1993a). Thus, K-complexes, down/up
states, and the slow oscillation are diﬀerent manifestations of the same neural population event (Amzica and Steriade, 1997, 1998). Trans-cranial stimulation of the
slow oscillation has been shown to boost memory consolidation, and by extension
K-complexes and up/down states are also implicated (Marshall et al., 2006).
Cortical sleep spindles are bursts of 7-14 Hz oscillations in the LFP that occur early in NREM sleep (Contreras and Steriade, 1996). Two diﬀerent kinds of
sleep spindles have been identiﬁed (Contreras and Steriade, 1996). They frequently
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have overlapping frequency spectra, but can nevertheless be diﬀerentiated based
on waveform shape, duration, depth of modulation, and amplitude (Kandel and
Buzsaki, 1997). Because the amplitude diﬀerence is striking, they are referred to as
low-voltage spindles and high-voltage spindles. Recent studies have correlated spindling activity with learning and memory (Clemens et al., 2005; Gais et al., 2002;
Eschenko et al., 2006), but unfortunately the two kinds of spindles are frequently
confounded in the literature. The distinction between these two spindle types is
important as there have been some reports of memory deﬁcits associated with high
rates of high-voltage spindling (Aldinio et al., 1985; Radek et al., 1994).
NREM sleep is also the time during which reactivation occurs (Kudrimoti et al.,
1999). Reactivation is the coordinated replay of neuronal ﬁring patterns that were
instantiated during a waking experience. This replay is hypothesized to allow for a
gradual rearrangement of neocortical connections that results in the memory of the
experience becoming integrated into the brain’s general memory store (Marr, 1971;
McClelland et al., 1995; Buzski, 1998). Reactivation of stored memory traces has
been observed in multiple brain regions and in a variety of diﬀerent species (Kudrimoti et al., 1999; Pavlides and Winson, 1989; Wilson and McNaughton, 1994; Dave
and Margoliash, 2000; Hoﬀman and McNaughton, 2002; Peigneux et al., 2004), but
the postulated link between reactivation and memory has not been experimentally
conﬁrmed.
Reactivation strength is assessed by applying statistical methods to ensembles
of recorded neurons (Kudrimoti et al., 1999; Louie and Wilson, 2001; Tatsuno et al.,
2006). This kind of data is usually collected in animals, whereas learning is usually
correlated with EEG or LFP features, often in humans. As part of this dissertation,
the relationship between reactivation strength in the neocortex and some of the
notable features of the LFP was investigated. The purpose of this eﬀort was to
ﬁnd a way to link reactivation strength as measured in the recorded population
of single cells, and the features of the LFP that have been tied to learning. A
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secondary goal was to sharpen the distinction between low-voltage spindles and
high-voltage spindles so that their relevance to reactivation, learning and memory
could be independently evaluated.
1.2 Project II
The spinal cord facilitates all communication between the brain and the rest of the
body. Consequently, an injury to the spinal cord can have dramatic and devastating
aﬀects including paralysis, sensory loss, loss of bladder and bowel control and sexual
dysfunction (Ragnarsson, 2007). Serious medical complications often develop secondary to this loss of function and patients with spinal cord injury may experience
a wide range of problems such as muscle spasticity, pressure ulcers, respiratory insuﬃciency, osteoporosis, neuropathic pain, diabetes, heart disease, and depression
(Noreau et al., 2000). Advances in medical and rehabilitative interventions have
reduced the morbidity and mortality associated with SCI; the life expectancy for
SCI patients has increased every year since the 1940’s while the length of hospital
stays has been shortened and the number of rehospitalizations has dropped (Ragnarsson, 2007). However, while the quality of life for SCI patients has certainly been
improved, there is still little that can be done to reverse the neurological damage
incurred in an SCI. Thus, the primary consequences of the injury, at present, remain
incurable and SCI continues to be a debilitating condition that signiﬁcantly impairs
patient mobility, the ability to perform the activities of daily living (ADL), overall
independence, and quality of life.
The objective of the work contained in the second part of this dissertation is to
improve the quality of life for SCI patients by contributing to the development of a
motor prosthesis; speciﬁcally, a functional electrical stimulation (FES) based upper
arm prosthesis. The goal is to restore natural, volitional control of the patient’s
own arm by electrically animating the existing musculature. Patients suﬀering from
quadriplegia ranked recovery of arm and hand function as the most important factor
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in improving their quality of life (Anderson, 2004). Thus, this work may provide a
signiﬁcant beneﬁt to this patient population.
1.2.1 Spinal cord injury
In normal, healthy subjects the brain sends motor commands to the periphery via
the corticospinal tracts. Axons projecting from the cortex and brainstem terminate
in the ventral horn of the spinal cord where they connect (directly or indirectly)
to the motor neurons. The spinal motor neurons then shuttle the command signal to the target muscles. When an action potential arrives at the neuromuscular
junction acetylcholine is released, causing the muscle to contract. Spinal cord injury disrupts the normal ﬂow of information by destroying the infrastructure that
facilitates communication (Thuret et al., 2006).
Damage to the spinal cord as a result of contusion, compression, laceration, or
other insult causes tissue damage leading to the death of neurons and supporting
cells (Thuret et al., 2006). Following the initial injury, additional damage may be incurred as the result of apoptosis, demyelination, inﬂammation, and scarring (Thuret
et al., 2006). Thus, SCI is a broad diagnosis and the treatment and prognosis vary
widely between individuals. The location and severity of the injury are the prime
determinants of the extent of functional loss. Injuries in the cervical region of the
spinal cord result in quadriplegia; injuries in the thoracic and lumbar regions result
in paraplegia. An injury may be complete or incomplete with diﬀerent degrees of
sensory and motor function preserved depending on the extent of the injury (Thuret
et al., 2006). Following SCI, spontaneous repair may occur as a result of plasticity
in the cortex, brainstem and spinal cord. However, this kind of recovery is severely
limited and SCI is generally considered a permanent, non-healing condition (Thuret
et al., 2006).
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1.2.2 Therapies
Treatment of SCI has been an area of active biomedical research for many years
and various types of therapies have been developed. These diﬀerent therapies can
be broadly grouped as cellular, molecular, surgical and rehabilitative. Cellular approaches seek to replace dead cells through transplantation. The transplanted cells
may be autologous, such as a peripheral nerve, Schwann cell, or adult progenitor
cell, or allogenic such as olfactory nervous system cells or embryonic CNS tissue or
progenitor cells. Experiments in animals and humans have produced mixed results
with some clinical trials underway (Thuret et al., 2006).
Molecular therapies are designed to prevent secondary cell death, to promote
axonal growth, and to enhance conduction (Thuret et al., 2006). For example,
antibodies and steroids have been investigated as ways to protect surviving cells,
potassium channel blockers are being tested for their ability to enhance conduction, administration of neurotrophic growth factors, cAMP or GTPases have been
proposed as ways to induce axonal sprouting, and extracellular matrix modiﬁers
have been used to promote axon regeneration. Again, the experimental and clinical
results have been mixed (Thuret et al., 2006).
Surgical interventions can restore some upper extremity functions such as elbow
extension, wrist extension and grasp, in tetraplegics (Strauss and James, 2008). In
tendon transfer surgery a proximal muscle over which the patient retains volitional
control is used to control a distal joint which is paralyzed. This is a powerful
technique that can dramatically change the level of independence of the patient.
However, the usefulness of the technique is limited to patients with C5-C7 level
injuries (Strauss and James, 2008) and the functional recovery is incomplete.
Rehabilitative exercise and training has been shown to improve locomotor function after SCI, even in complete injury, but especially in incomplete injury. Physical
exercise, whether voluntary or forced, increases the secretion of neurotrophins, promoting neuron survival, regeneration and growth (Dunlop, 2008). Exercise also im-
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proves cardiovascular performance and mental health, and reduces spasticity, bone
loss, and bladder and bowel complications (Thuret et al., 2006). Although historically overlooked, the beneﬁts of exercise for SCI patients are multiplying. Unfortunately, exercise in SCI patients is complicated by the risks of injury, fracture, and
hyperthermia. It also requires special equipment and trained therapists, to which
patients may not have access (Thuret et al., 2006).
1.2.3 Functional electrical stimulation
In functional electrical stimulation (FES) an electrical current is used to excite biological tissue for the purpose of replacing or augmenting function (Peckham and
Knutson, 2005). FES is considered a rehabilitative therapy and can be used in conjunction with the other therapies discussed above. The term FES may be broadly
used to refer to sensory, motor or cognitive applications. In this work the term will
be used exclusively in reference to muscular stimulation. Muscle tissue is itself electrically excitable and can be stimulated to contract by the application of an external
current. In most applications, however, muscle contraction is evoked by stimulating
the peripheral nerve. This is because the current needed to directly activate the
muscle is too high to be delivered repeatedly without causing damage. Thus, functional and therapeutic applications of electrical stimulation require preservation of
the spinal motor neurons and damage to the peripheral nerve is a contraindication
for FES (Ragnarsson, 2007).
Stimulation can be delivered through the skin (transcutaneous), directly to the
nerve (nerve cuﬀ), or into the muscle (intramuscular). Intramuscular electrodes
are best for accessing small, deep muscles such as those of the forearm (Ragnarsson,
2007). Two electrodes are required, an active electrode and a return electrode (Peckham and Knutson, 2005). In a monopolar conﬁguration the return electrode is placed
relatively far from the active electrode in unexcitable tissue whereas in a biopolar
conﬁguration the return electrode is placed very close to the active electrode. The
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advantage of a monopolar conﬁguration is that multiple active electrodes can be
referenced to a single return electrode, cutting down on the number of required
channels. However, a bipolar conﬁguration provides greater speciﬁcity of muscle
activation. In both cases, the active electrode needs to be placed close to the target
nerve (Peckham and Knutson, 2005). Electrical pulses delivered by the stimulating
electrode depolarize nearby motor axons. If an axon reaches its threshold potential,
it generates an action potential that propagates to the neuromuscular junction, provoking the release of neurotransmitter that causes the muscle ﬁbers contract. The
stimulus waveform can be either monophasic or biphasic. The biphasic proﬁle is
preferable for chronic applications because the second (inverted) pulse reverses the
electrochemical processes that can lead to damage at the electrode-tissue interface
(Peckham and Knutson, 2005).
The strength of the evoked contraction is dependent on the pulse frequency,
the amplitude, and the duration of the stimulus (Peckham and Knutson, 2005).
Modulation of the contraction strength is achieved by varying these parameters.
The amplitude and duration of the pulse jointly determine the amount of charge
that is injected, which determines the number of nerve ﬁbers that contribute to
the contraction. The pulse frequency increases the contractile strength through
temporal summation of twitches; the stimulation frequency at which twitches begin
to exhibit temporal summation is typically 12-15 Hz (Peckham and Knutson, 2005).
In most FES applications the frequency and amplitude of the stimulus are held
constant and the pulse width is used to modulate the contraction (Peckham and
Knutson, 2005). The output force varies non-linearly with each of these stimulation
parameters and is variable over time as the muscle fatigues (Sheﬄer and Chae,
2007).
Large diameter axons and axons close to the electrode are recruited with less
current than smaller diameter axons and those further from the electrode. The
recruitment of large axons before small axons is the opposite of the physiological
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recruitment order. Because large axons innervate large, rapidly fatiguing motor
units, electrical stimulation causes much more rapid fatigue than natural contractions (Peckham and Knutson, 2005). Disuse is associated with a conversion to a
high proportion of fatiguable muscle ﬁbers and with general atrophy of the muscle
ﬁbers. Thus, SCI patients have relatively weaker and more rapidly fatiguing muscle.
However, exercise can reverse this to some extent (Sheﬄer and Chae, 2007).
Prosthetic applications aside, neuromuscular electrical stimulation can be used
therapeutically to increase muscle bulk, improve cardiovascular health, prevent pressure ulcers, osteoporosis, and joint contractures, to control spasticity and to improve overall mental health (Ragnarsson, 2007). FES based devices have been devised to enable standing, stepping, grasping, reaching, breathing, coughing, bladder
and bowel evacuation, penile erection and ejaculation (Ragnarsson, 2007). In this
work we are concerned with FES devices that restore some upper limb function to
quadriplegic patients.
1.2.4 Existing FES upper limb motor prostheses
Several devices have been developed to provide reaching and grasping for patients
that have C4-C6 injuries and preserved spinal motor neurons and musculature below
the level of injury. The NESS H200 (formerly Handmaster, NESS Ltd., Ra’anana
Israel) is a commercially available device that uses surface electrodes mounted on
an adjustable wrist-hand orthosis. Preprogrammed lateral and palmar grasp/release
functions are enabled through stimulation of the ﬁnger and thumb extensors and
ﬂexors and controlled by an external unit equipped with push buttons. The device,
which is approved by the Food and Drug Administration (FDA), has been shown to
be useful for patients with C5/C6 tetraplegia, allowing them to perform tasks they
could not otherwise perform (Snoek et al., 2000).
The FESMate (NEC Medical Systems, Tokyo, Japan) is an upper limb device
that is commercially available in Japan and useful for patients with C4-C6 level
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injury. The system delivers a set of stimulation patterns for a range of diﬀerent
upper extremity activities using 30 percutaneous intramuscular electrodes. The
patterns are based on EMG templates that were recorded in able-bodied individuals
and customized for each patient. A variety of options exist for controlling the device,
including head switches, voice commands, sip and puﬀ, and shoulder motion (Handa
et al., 1992; Handa and Hoshimiya, 1987).
The Freehand FES system (Smith et al., 1987) is a surgically implanted device
that was developed at Case Western Reserve and approved by the FDA in 1997.
It was commercially available until 2001 when the manufacturer withdrew from
the market. The device was designed to enable lateral and palmar grasp/release in
patients with C5/C6 level injuries. Eight intramuscular or epimysial electrodes were
implanted in hand and forearm muscles. The stimulator/receiver was implanted in
the anterior chest wall with a radio-frequency transmitter attached to the skin on
the outside of the chest. Preprogrammed signals were provided by an external
control unit and proportional movement of the contralateral shoulder was used to
control the opening and closing of the hand. The Freehand was implanted in more
than 250 patients worldwide. A multicenter clinical trial concluded that the device
increased pinch force, facilitated grasping and releasing, and increased independence.
High user satisfaction was also reported with very few complications (Peckham and
Knutson, 2005). A second generation of the Freehand (Kilgore et al., 2008) has been
designed to improve performance outcomes through additional stimulation channels
and alternatived methods of control. The newer iteration of the device is controlled
using either an implantable joint transducer to detect proportional wrist movements
or EMG signals recorded from muscles still under volitional control. Several patients
have received these devices; one subject has received a bilateral implant. Clinical
results have been positive from both functionality and user satisfaction perspectives
(Peckham and Knutson, 2005). The second generation Freehand system represents
the current state of the art in FES based motor prostheses for SCI.
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1.2.5 Broadening the repertoire of possible behaviors
One of the major limitations of all of these upper limb systems is that they provide
only a few preprogrammed movements. This is largely because it is diﬃcult to
identify the patterns of muscle activity that are associated with speciﬁc movements.
The arm is a complicated and high dimensional machine and even simple movements
require the coordination of multiple muscles across multiple joints (Schieber, 1995;
Valero-Cuevas, 2000). In addition there is an inherent ambiguity introduced by
the fact that multiple sets of non-identical patterns of muscle activity may produce
identical kinematic states.
Existing systems use two basic approaches to produce speciﬁc movements. The
ﬁrst is to deﬁne the desired behavioral outcome and then tune the stimulation
parameters to produce that result. The second is to try to mimic the natural activity
and interaction of the muscles. The ﬁrst approach, which is used by the Freehand
system (Kilgore et al., 2008, 1989), has the advantage of being customized to the
individual patient. This can be extremely important given the diversity of function
and co-morbidity that is associated with SCI. The second approach is used by the
FESMate (Hoshimiya et al., 1989). In that system the activity of a group of muscles
is recorded in able-bodied subjects as they perform desired behaviors. The pattern
of activity is used as a template for stimulation in paralyzed subjects. This method
is particularly useful when a large number of muscles need to be controlled, as is
the case for high level SCI. In addition, the co-activation of antagonists, synergists,
and stabilizers contributes to a smooth and stable movement (Handa et al., 1992).
Both of these methods, however, are strictly limited to a small set of pre-speciﬁed
movements.
Ideally, a motor prosthetic would allow any natural behavior to be achieved. To
build such a device it is necessary to predict the activity of every muscle controlling
the limb for any given movement. However, just predicting the activity is not
suﬃcient for device implementation. A method for evoking the predicted activity
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with electrical stimulation is also necessary in order to produce the desired behavior.
The challenge to ﬂexible control of the upper limb is, therefore, two-fold. Addressing
these two problems is the focus of the second part of this dissertation.
1.2.6 Prior research in muscle activity prediction
Attempts to predict muscle activity have traditionally involved complicated structural models that use inverse dynamics to predict muscle torques or muscle activity
based on kinematics and physical characteristics of the limb. Blana et al. (Blana et
al., 2008) developed a 3-dimensional musculoskeletal model of the shoulder and elbow including six bones, ﬁve joints, and 29 muscles. They also included the position
of joint centers, inertial parameters for body segments, optimal ﬁber length, origin
and insertion, tendon slack length, physiological cross sectional area, and pennation angle as model parameters. This impressive model generated EMG predictions
based on limb kinematics with an average r2 value of only 0.21.
Probabilistic methods can be used as an alternative to this highly parameterized
approach. Using simultaneously recorded joint kinematics and associated EMG activity, Seifert and Fuglvand (Seifert and Fuglevand, 2002) ﬁrst estimated the joint
probability distribution of the variables, and then employed Bayes’ theorem to predict the patterns of muscle activity associated with a new movement. These experiments, which were performed for a small number of muscles controlling ﬁnger
movement, yielded root mean square errors of 12% on average. Anderson and Fuglevand (Anderson and Fuglevand, 2008) used a maximum likelihood model to predict the activity in a group of 12 muscles associated with complex two-dimensional
movements of the arm. The predictions generated by their model accounted for, on
average, 24% of the variance (r2 = 0.24) in the recorded signal. This modest level
of prediction accuracy suggests that while such probabilistic approaches may ultimately provide a ﬂexible means to control FES systems, enhancement of prediction
accuracy is needed.
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Matheson et al. (Matheson et al., 2006) used an artiﬁcial neural network to
predict the EMG signals produced by 8 shoulder muscles during a set of exercises
(pull-ups, chin-ups and press-ups). Using a fully connected feed forward network
they were able to generate predictions that matched the recorded EMGs with an
average r2 value of 0.66. Although the study only pertained to shoulder movements
and the behavior was highly constrained both in variety and in duration, the results
suggested that neural networks could also be useful for this problem.
Taken together, these results suggest that relating the output (the kinematics)
directly to the input (the EMG) may be more useful than modeling the structure
of the arm. This sort of “black box” approach has the drawback that it does not
provide any information about why the system functions as it does. However, for
the FES applications of present interest, this information is not necessary for a
successful implementation.
1.2.7 Prior research in converting muscle activity to an electrical stimulation pattern
Only a few groups have attempted to convert recorded or predicted EMG patterns into patterns of electrical stimulation. In the FESMate system (Hoshimiya et
al., 1989) recorded EMG signals are ﬁt as a series of trapezoids that are then linearly mapped to an amplitude scale. Seifert and Fuglevand (Seifert and Fuglevand,
2002) converted predicted EMG signals into stimulation patterns by ﬁrst applying
a threshold and then linearly mapping all suprathreshold values into a frequency
scale. Pohlmeyer et al. (Pohlmeyer et al., 2009) predicted EMG values from motor
cortical recordings. The predicted EMG signals were scaled, thresholded, and then
linearly mapped into a pulse-width scale. All of these methods have two things in
common: the stimulated contraction strength is modulated with a single parameter,
and that parameter is assumed to vary linearly with the magnitude of the EMG.
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1.2.8 Control of the device
Patients with high level cervical SCI have few muscles over which they retain volitional control. These patients stand to beneﬁt the most from a motor prosthesis,
and yet they have the fewest options for controlling such a device. Existing systems
use proportional control provided by movement of the contralateral shoulder (Smith
et al., 1987), EMG activity from a volitionally controlled muscle (Kilgore et al.,
2008), head tilt, voice commands, or respiration (Hoshimiya et al., 1989). Although
these methods are feasible, they also limit the number of behavioral outcomes that
are possible.
A promising alternative would be to control an FES based device directly from
ensembles of neurons in the cerebral cortex. The collective activity of populations of
neurons in motor cortex can be decoded to reveal a moment-by-moment representation of the planned trajectory of the limb (Georgopoulos et al., 1994; Schwartz,
1993; Schwartz and Moran, 1999; Moran and Schwartz, 1999). Similar signals can
also be extracted from local ﬁeld potentials (Mehring et al., 2003; Rickert et al.,
2005; Scherberger et al., 2005), electrocortigrams (Leuthardt et al., 2004; Pistohl
et al., 2008), and even surface EEG (Wolpaw and McFarland, 2004; Waldert et al.,
2008). These signals can be used to control external devices and to interact in real
time with the environment (Chapin et al., 1999; Wessberg et al., 2000; Serruya et al.,
2002; Musallam et al., 2004; Velliste et al., 2008). If trajectory information decoded
from the motor cortex could be used to predict the activity of muscles controlling
the upper limb, then, in theory an SCI patient equipped with such a brain interface
and an FES device could control movements of his or her arm simply by forming
the intention to do so. This work is intended to contribute to the development of
such a device.
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1.3 Dissertation Format
My contribution to biomedical engineering in neuroscience is represented by three
scientiﬁc papers. The research constituting my dissertation work is presented in
these papers, which are attached to this document as appendices. An additional
appendix detailing the experimental design for another experiment with an FESbased neuroprosthetic is also attached. This ongoing project is the long term follow
up of the neuroprosthetics aspect of this dissertation and is thus pertinent to this
document. An overview of each of the papers and its importance to the ﬁeld is
provided in Chapter Two, Present Study. Below is description of the role that I
played in each project.
1.3.1 Appendix A: Stored-Trace Reactivation in Rat Prefrontal Cortex Is Correlated with Down-to-Up State Fluctuation Density
This paper was published in the Journal of Neuroscience in February, 2010 (Johnson
et al., 2010). I was responsible for devising an automatic detection system for
K-complexes, low-voltage spindles and high-voltage spindles, for performing the
data analysis (except for the template matching) and statistics, for interpreting
the results and for writing the manuscript. The single unit and local ﬁeld potential
data were collected by David Euston, the template matching analysis was performed
by Masami Tatsuno. Creative input and editing were provided by David Euston,
Masami Tatsuno and Bruce McNaughton.
1.3.2 Appendix B: Evaluation of probabilistic methods to predict muscle activity:
implications for neuroprosthetics
This paper was published in the Journal of Neural Engineering in September of
2009 (Johnson and Fuglevand, 2009). I was responsible for developing the three
models that were evaluated, for performing the data analysis, for interpreting the
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results and writing the manuscript. I also collected the 3-dimensional data with
the help of Andrew Fuglevand. Andrew Fuglevand and Chad Anderson collected
the 2-dimensional data. Andrew Fuglevand also provided the statistical analysis,
creative input and editing.
1.3.3 Appendix C: Mimicking muscle activity with electrical stimulation
This manuscript has been prepared for publication and will be submitted to the
IEEE Transactions on Biomedical Engineering. I was responsible for designing the
experiment, collecting and analyzing the data, performing the analysis and writing the manuscript. Andrew Fuglevand assisted with data collection and provided
creative input and editing.
1.3.4 Appendix D: Control of the upper limb of a monkey with FES
This research is ongoing. I have been responsible for assisting in data collection,
data processing and analysis, interpretation of results, and pending the outcome of
the experiment, writing the manuscript in which the results will be published.
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CHAPTER 2
Present Study

The methods, results, and conclusions of this study are presented in three papers
appended to this dissertation. An additional appendix containing a description of
the design of a long-term follow-up experiment is also attached. The following is a
summary of the most important ﬁndings in this document.
2.1 Appendix A: Stored-Trace Reactivation in Rat Prefrontal Cortex Is Correlated
with Down-to-Up State Fluctuation Density
This ﬁrst attached manuscript explores the relationship between diﬀerent electrographic features of the local ﬁeld potential (LFP) and the reactivation strength
measured in an ensemble of individual neurons. Three rats were chronically implanted with tetrodes (twisted bundles of four electrodes) in the prefrontal cortex.
These tetrodes were used to simultaneously record the single-unit ﬁring and the
LFPs generated by the cortex during interleaved epochs of sleep and active performance of a sequence running task. A group of detection criteria were developed to
identify the number of down states, the number of K-complexes, the amount of lowvoltage spindling (LVSs), and the amount of high-voltage spindling (HVSs) during
periods of sleep. Post-behavioral sleep was divided into 2 min non-overlapping windows and the occurrence of each of these features was quantiﬁed for each window.
Reactivation strength during the same sleep epochs was measured with two statistical techniques, explained variance (Kudrimoti et al., 1999) (EV) and template
matching (Louie and Wilson, 2001; Tatsuno et al., 2006). The ability of each of
the diﬀerent detected features to predict the reactivation strength was subsequently
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evaluated with linear regression analysis
For all three of the rats, the number of down states, the number of K-complexes,
and the amount of LVSs in a time window were signiﬁcantly positively correlated
with the EV value. In contrast, in all three rats, the amount of HVSs was signiﬁcantly, but weakly, inversely correlated with EV. Similar results were found for
template matching. These results indicate that the reactivation of memory traces
occurs preferentially during periods with a high density of down states and associated K-complexes and LVSs. Because K-complexes, down states, and LVSs have
previously been associated with memory consolidation (Clemens et al., 2005; Gais et
al., 2002; Eschenko et al., 2006; Marshall et al., 2006), these results support the postulate that stored-trace reactivation contributes to the establishment of long-term
memory.
Pre-behavioral and post-behavioral sleep were also evaluated to determine if (and
how) the incidence of the diﬀerent sleep features changed following the behavior.
The number of down states, the number of K-complexes and the amount of LVSs
were found to increase following behavior whereas the amount of HVSs was not
signiﬁcantly diﬀerent. This suggests that while down states, K-complexes, and LVSs
are aﬀected by the behavior, HVSs are relatively unaﬀected. Thus, K-complexes and
LVSs, which are associated with reactivation, are much more numerous after a task
known to induce memory replay, but HVSs, which are actually negatively associated
with reactivation, do not increase in frequency.
Another result of this study was to sharpen the distinction between LVSs and
HVSs. We showed that LFP activity in the spindle range (6-20 Hz) has a bimodal
distribution in both frequency and depth of modulation. This clustering shows
that HVSs and LVSs represent two distinct populations of spindles, the functional
implications of which should be evaluated separately.
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2.2 Appendix B: Evaluation of probabilistic methods to predict muscle activity:
implications for neuroprosthetics
In this second paper three diﬀerent probability-based models were tested to determine which was the most eﬀective for predicting arm muscle activity from hand
trajectory information. Human subjects were recruited to participate in the study
which consisted of three experiments. In the ﬁrst experiment, subjects were asked to
make random arm movements in the saggital plane while sitting upright in a chair.
EMG signals from 12 muscles controlling the scapula, shoulder, elbow and wrist
were recorded concurrently with the position of the hand with respect to the shoulder. A Bayesian density estimation model, a polynomial curve ﬁtting model, and
a dynamic neural network were all trained with the same data and used to predict
the EMG signals associated with novel movements recorded in the same subject.
The predictions of all three models matched both the amplitude and the temporal
dynamics of the recorded signals reasonably well, but the neural network performed
signiﬁcantly better than the other two models according to both root mean square
error and coeﬃcient of determination (r2 ) error metrics. The muscles that operate
directly on the shoulder appeared to be the best predicted (in terms of r2 values),
while the most distal muscles were the least well predicted. This diﬀerence in predictability was probably related to the extent to which muscles were used in the
type of movements associated with the task.
To determine if the solutions generated by the probabilistic models were transferable across subjects, a second experiment was performed in which data collected
from one subject was used to make predictions of EMG signals for novel twodimensional movements in other subjects. While the r2 values tended to be smaller
than they were for the for the across-subject predictions compared to the withinsubject prediction, the predicted EMG patterns were often remarkably similar to
the actual signals with r2 values sometimes exceeding 0.70. Furthermore, the pat-
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tern of prediction accuracy across the diﬀerent muscles was similar for within- and
across-subject predictions. These results demonstrate that reasonable prediction of
EMG patterns in one subject can be based on training data obtained from a diﬀerent
subject.
In the third experiment, we used the neural network algorithm to predict EMG
activity associated with unconstrained arm movements, including free wrist movements, in three dimensions. The neural network model predicted, with good ﬁdelity, the patterns of muscle activity based on hand-trajectory information during
these complex movements. Muscles that were well predicted in the two dimensional
tests were not necessarily the same muscles that were well predicted in the threedimensional tests. This diﬀerence can probably be attributed to the additional wrist
movements that were allowed during the three-dimensional movements. Overall, this
experiment demonstrates the general applicability of the model to predicting muscle
activity during complex, unconstrained movements of the upper limb.
2.3 Appendix C: Mimicking muscle activity with electrical stimulation
The objective of these experiments was to develop a transfer function that converts
recorded or predicted EMG signals into electrical stimulation patterns that mimic
the time-varying active state represented by the EMG. Such a transfer function
should then enable the transformation of predicted EMG signals into stimulation
patterns that accurately evoke desired motor behaviors.
For three subjects, the transfer functions between the EMG amplitude and the
stimulus parameters were individually determined. Following placement of electrodes into muscles controlling the distal segment of the thumb, the relationship
between the stimulus parameters and the torque output, as well as the relationship
between the torque output and EMG amplitude, were measured. This process was
performed for each muscle and the results were used to derive the transfer functions for the speciﬁc electrode placements. These transfer functions were then used
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to generate stimulation patterns associated with desired isometric torque proﬁles.
Stimulation produced outputs that matched the desired proﬁles with an average r2
of 0.80.
In many real-world applications, particularly those associated with paralyzed
individuals, it is not possible to characterize the relationship between EMG and
stimulation patterns. Thus, in a second experiment we developed a generalized
transfer function that relies only on the threshold current at which the muscle begins
to twitch and the current at which the maximum torque is elicited. Using this
normalized transfer function torque outputs were evoked that matched the desired
output with an average r2 of 0.78.
In a third experiment, the same generalized transfer functions that were originally created to reproduce isometric torque proﬁles were then used to produce
free movements. The displacement trajectories that were evoked using this method
matched the desired trajectories with an average r2 of 0.78. This result was encouraging because it suggests that it is possible to transition between loaded and
unloaded muscle activity without changing the underlying model.
2.4 Appendix D: Control of the upper limb of a monkey with FES
The objective of this ongoing project is to fully control the upper limb of a temporarily paralyzed rhesus macaque monkey with electrical stimulation. Probabilistic
methods developed as part of this dissertation are used to predict EMG activity associated with free arm movements in 29 muscles controlling the scapula, shoulder,
elbow and wrist. Predicted EMG activity is then converted into a stimulation pattern based on the transfer function derived as part of this dissertation in order to
evoke three-dimensional movements of the upper limb. The long-term objective of
this study is to demonstrate that a wide range of complex movements of the arm
can be realized through FES.
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Behavioral/Systems/Cognitive

Stored-Trace Reactivation in Rat Prefrontal Cortex Is
Correlated with Down-to-Up State Fluctuation Density
Lise A. Johnson,1 David R. Euston,2 Masami Tatsuno,2 and Bruce L. McNaughton2,3
Graduate Program in Biomedical Engineering, University of Arizona, Tucson, Arizona 85721-0093, 2Canadian Centre for Behavioural Neuroscience,
University of Lethbridge, Lethbridge, Alberta T1K 3M4, Canada, and 3Arizona Research Laboratories, Division of Neural Systems, Memory, and Aging,
University of Arizona, Tucson, Arizona 85724-5115

1

Spontaneous reactivation of previously stored patterns of neural activity occurs in hippocampus and neocortex during non-rapid eye
movement (NREM) sleep. Notable features of the neocortical local field potential during NREM sleep are high-amplitude, low-frequency
thalamocortical oscillations including K-complexes, low-voltage spindles, and high-voltage spindles. Using combined neuronal ensemble and local field potential recordings, we show that prefrontal stored-trace reactivation is correlated with the density of down-to-up
state transitions of the population of simultaneously recorded cells, as well as K-complexes and low-voltage spindles in the local field
potential. This result strengthens the connection between reactivation and learning, as these same NREM sleep features have been
correlated with memory. Although memory trace reactivation is correlated with low-voltage spindles, it is not correlated with highvoltage spindles, indicating that despite their similar frequency characteristics, these two oscillations serve different functions.

Introduction
Sleep reactivation of stored neuronal firing patterns expressed
during a recent waking experience is hypothesized to underlie a
gradual rearrangement of neocortical connections that allows
some memories to become integrated into the brain’s general
memory store (Marr, 1971; McClelland et al., 1995; Buzsáki,
1998). This hypothesis has been supported by experimental observations of stored-trace reactivation in multiple brain regions
and in a variety of different species (Pavlides and Winson, 1989;
Wilson and McNaughton, 1994; Kudrimoti et al., 1999; Dave and
Margoliash, 2000; Hoffman and McNaughton, 2002; Peigneux et
al., 2004). The link between memory reactivation and learning,
however, remains experimentally unconfirmed.
Euston et al. (2007) used two statistical techniques to demonstrate reactivation in rat medial prefrontal cortex (mPFC). “Explained variance” (EV) is based on the similarity between the
firing rate correlation matrices in the ensemble of simultaneously
recorded neurons during behavior and subsequent sleep (Kudrimoti
et al., 1999). The other technique, template matching, identifies
multineuronal firing sequences during waking behavior that recur
during postbehavioral sleep (Louie and Wilson, 2001; Tatsuno et al.,
2006). EV is a relatively robust measure, largely independent
of both the temporal order in which neuronal patterns appear
and the speed of playback. Template matching captures the
Received April 3, 2009; revised Oct. 5, 2009; accepted Oct. 13, 2009.
This work was supported by Grant NS020331 from the National Institute of Neurological Disorders and Stroke, by
Grant MH046823 from the National Institute of Mental Health, and by the Alberta Heritage Foundation for Medical
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temporal order of cell-firing sequence replay, but is highly
sensitive to both permutations of event order and fluctuations
in playback timescale.
Reactivation occurs predominantly during non-rapid eye
movement (NREM) sleep (Kudrimoti et al., 1999), which is characterized by high-amplitude, low-frequency oscillations of local
field potentials (LFPs) (Steriade, 2003). Although NREM sleep in
rodents is not generally divided into different stages [but see
Jarosiewicz et al. (2002) and Jarosiewicz and Skaggs (2004)], distinctive electrographic features reflecting different underlying
network dynamics can be identified. K-complexes, down-to-up
state transitions (Steriade et al., 1993a,b), and the slow oscillation
are different manifestations of the same neural population event
(Amzica and Steriade, 1997, 1998) and are identifiable both in the
LFP and in the sum of single spikes (Fig. 1a,b). Additionally,
despite occupying similar and sometimes overlapping frequency
bands, two different kinds of sleep spindles can be differentiated
(Kandel and Buzsáki, 1997). The amplitude of one is three to five
times larger than the other (Buzsáki, 1991), and thus we refer to
them as high-voltage spindles (HVSs: 7– 8 Hz) and low-voltage
spindles (LVSs: 6 –20, primarily 10 –20 Hz).
We investigated how reactivation strength in the mPFC is
related to neural population events observed in the LFP and the
sum of individual neuron activity. The motivation for this effort
was twofold: first, to determine when, during sleep, memory replay occurs and, second, to strengthen the link between memorytrace reactivation and memory consolidation. While reactivation
has not yet been correlated with increased learning, several electrographic features of NREM sleep have been (Gais et al., 2002;
Clemens et al., 2005; Eschenko et al., 2006; Marshall et al., 2006).
A correlation between these same features and stored-trace reactivation strength would support the hypothesized connection between learning and sleep reactivation.
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amplified and filtered between 1 and 475 Hz
with a 1 or 2 kHz sampling rate.
0.8
Surgery and electrode placement. National Institutes of Health guidelines and the University
of Arizona Institutional Animal Care and Use
0.4
Committee-approved protocols were followed
for all surgical and behavioral procedures. Each
0
5
rat was anesthetized with isoflurane (1–2% by
volume in oxygen at a flow rate of 1.5–2.5
-0.4
L/min), placed in a stereotaxic holder, and injected with penicillin G (30,000 U per hindleg,
-0.8
i.m.). The skull was cleared of skin and fascia,
0
and craniotomies were opened for two stimu0
6
8
10
2
4
-0.5
0
0.5
-1
1
time (sec)
interval between down states (sec)
lating electrodes targeting the medial forebrain
bundle (MFB) [rat 1: ⫺3.25 mm anteroposteB
D
rior (AP), 1.65 mm mediolateral (ML) bilaterally, 8.5 mm ventral from dura; rat 2: ⫺2.5 mm
0.9
AP, 1.8 mm ML right, 8.5 mm ventral from
dura and ⫺4.0 mm AP, 1.5 mm ML right, 8.2
0.7
mm ventral from dura; rat 3: ⫺2.5 mm AP, 1.8
mm ML right, 8.5 mm ventral from dura and
0.5
⫺4.0 mm AP, 1.5 mm ML right, 8.2 mm ventral
from dura] and a hyperdrive. Each stimulating
0.3
electrode consisted of two Teflon-coated,
100
stainless-steel wires (coated diameter 0.0045
0.1
inches, A-M Systems) twisted together with
⬃0.5 mm of insulation removed from one tip.
-0.5
0
0.5
0
6
8
10
-1
1
2
4
The tips were separated by ⬃0.5 mm in the
time (sec)
interval between down states (sec)
long axis. In rats 1 and 2, the hyperdrive was
centered over the left mPFC at 3.0 (rat 1) or 2.9
Figure 1. K-complexes and down states. A, B, The LFP (A) and the sum spikes from 135 single neurons (B) from a single
(rat 2) mm AP, 1.3 mm ML, and angled at 9.5°
experimental session are averaged on the down state to up state transitions. Before averaging, the LFP is normalized to the
toward the midline. In rat 3, the hyperdrive
maximum value recorded on that electrode during that recording session. The red dot marks the transition point. Standard
actually consisted of two groups of electrodes,
deviations are in green. In A, one-hundred fifty-five 2 s sections of one normalized LFP trace are centered on the down– up
only half of which went into the frontal cortex.
transitions identified in the sum of spikes. The characteristic shape of the K-complex is clearly revealed in the mean activity. The
The other six electrodes were positioned over
mean of the total activity (50 ms bins) in B is from the same 135 cells from which the down states were identified. C, D, During an
the hippocampus, but the data from these elecepoch marked by up-and-down states (taken from a single session), the down states tend to recur at ⬃1 Hz, as is indicated by the
trodes are not reported here. The six prefrontal
distribution of intervals (C), which peaks at ⬃1 s; however, the distribution of intervals between down states is approximately
tetrodes were centered over the left mPFC at
exponential as shown on a logarithmic scale (D), indicating that down state occurrence is not a true oscillation, but essentially a
3.0 mm AP, 1.3 mm ML, and angled at 9.5°
random process.
toward the midline. It should be noted that the
bundle of cannulae holding the electrodes, and
therefore the electrodes themselves, extended
⬃1.4 –2 mm in the anterior–posterior dimension, so that cells were samMaterials and Methods
pled from a relatively wide region of the medial frontal cortex. Medial–
Subjects. Three male Brown Norway/Fisher 344 hybrid rats (7–9 months
lateral extent varied between 0.5 and 1.4 mm, depending on the geometry
old at the time of surgery, 350 – 400 g) were housed in Plexiglas home
of the cannula bundle. Rats were returned to ad libitum feeding and
cages, maintained on a reversed, 12:12 h light– dark cycle. Training and
allowed to recover for 3– 4 d after surgery. Single units were recorded
recording sessions occurred during the dark portion of this cycle.
with respect to a reference electrode positioned deep in the mPFC. The
Data acquisition. Neural recordings were obtained via a chronically
tetrodes were moved gradually from 2000 to ⬃4000 m from the brain
implanted “hyperdrive” consisting of 12 independently manipulatable
surface, keeping all electrodes at the same depth as nearly as possible. For
tetrodes. Each tetrode consisted of four polyimide-coated, nichrome
rats 1 and 2, a full set of behavior (see below) was obtained at a given
wires (diameter 14 m, Kanthal Palm Coast) twisted together (Mcdepth, and then all of the electrodes were moved down 80 –120 m to
Naughton et al., 1983; Recce and O’Keefe, 1989; Wilson and McNaughton,
ensure a fresh group of cells. After that, tetrodes were moved only as
1994). Hyperdrive construction was as described by Gothard et al. (1996)
necessary to obtain good recordings until the next group turning event.
except that tetrodes were inserted into silica tubing (65 m inner diamThis procedure was repeated until electrodes reached a depth of 4000 m
eter, 125 m outer diameter, Polymicro Technologies) for added rigid(rat 1) or 3200 m (rat 2). In rat 3 the prefrontal electrodes were lowered
ity, and secured with cyanoacrylate glue after insertion into the drive.
to depths between 1800 and 2400 m and held constant throughout the
Approximately 4 –5 mm of wire protruded, ensuring that only the teexperiment except for occasional movements to obtain more cells. All
trodes penetrated the brain and not the silica sheath. During recording
tetrode positioning was done after a given recording session, to allow the
sessions, the hyperdrive was connected to a unity-gain headstage (HS-54,
tetrodes at least 18 h to stabilize before the next recording session.
Neuralynx) that enabled low-noise transmission of neural data to the
After the conclusion of the experiments, a histological analysis was
recording system. The headstage also contained an array of lightperformed to confirm that all electrodes were located in the medial preemitting diodes (LEDs) that could be detected by an overhead camera,
central, anterior cingulate, and prelimbic cortices [nomenclature from
enabling tracking of the position of the rat on the maze and during sleep
Krettek and Price (1977)]. A description of the analysis and pictures of
at 60 frames/s (30 frames/s interleaved) with a pixel resolution of 640 ⫻
the histological sections can be found in the supplemental material (sup480. All data were recorded using a Neuralynx Cheetah recording system
plemental Fig. S1, available at www.jneurosci.org).
running in combination with the computer. Single-unit data from each
Reward. Following stimulation electrode placement, MFB stimulation
tetrode were amplified, filtered between 0.6 and 6 kHz, and digitized at 32
was used as reinforcing reward [for a review and training techniques, see
kHz. Video spatial resolution was ⬃3 pixels/cm. Twelve LFP traces were
Olds and Milner (1954), Olds and Fobes (1981), and Liebman and Cooper
collected, one from a single channel on each tetrode. The LFP traces were
10
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(1989)]. All stimulation used two wires, though not necessarily the two
twisted wires in one stimulating electrode. The choice of electrodes was
determined empirically based on the rat’s response. Despite the bilaterally implanted stimulation electrodes in rat 1, all stimulation was delivered exclusively on right side of the brain, contralateral to the hyperdrive.
A range of stimulation parameters was explored using an operant conditioning chamber equipped to deliver MFB stimulation when the rat performed a nose poke. Stimulus parameters were selected based on the
minimum net current needed to sustain repeated self-stimulation. The
final selected MFB stimulation consisted of a train of 400-s-wide, 70 –
100 A, diphasic current pulses, delivered at 150 Hz for 320 –370 ms.
Behavioral procedures. The behavioral task has been described in detail
previously (Euston and McNaughton, 2006; Euston et al., 2007) but is
briefly described here. All rats were trained to find reward at one of the
eight equally spaced reward zones on the edge of a 1.2 m circular arena.
The correct zone was indicated by a flashing LED. Upon reaching the goal
zone, reward was delivered, and after a brief delay (0.5–1.0 s), the next
zone was cued by a flashing LED. Onset of the LED was also accompanied
by a brief 4 kHz tone. This training continued until each rat made direct
trajectories to reward locations. A training session lasted 50 – 60 min.
Rats were initially trained to run to randomly chosen reward zones,
but were subsequently switched to a specific sequence of zones. After a rat
completed a sequence three times with guidance from LED cues (a
“cued” block of sequences), a 5 s delay was inserted between the nonspatial, audio cue and the illumination of the cue light, providing time for
the rat to move to the next reward location without the aid of the visual
cue. Given the typical running speed of a rat, the vast majority of cuedelay trials in well learned sequences were completed without the LED
and are hence referred to as “noncued” trials. After the rat completed the
noncued sequence three times, audio and visual cues were presented
simultaneously, again, starting another cued block. Blocks of three complete traversals of the sequence alternated between cued and noncued
throughout the duration of the recording session.
Rats were run in one of two different kinds of sequences: one eight
elements long and the other six elements long. The eight element sequence contained two repeated segments in the shape of a “V,” followed
by an alternating choice between two zones. This sequence was the same
as that used by Euston and McNaughton (2006), who gave a thorough
description. The other sequence had six elements with no repeated segments. For each sequence, rats were trained until they reached asymptotic performance. Asymptotic performance was defined in the same way
as in Bower et al. (2005); the animal completed 70% of the cue-delay
trials with sufficient continuity of movement and accuracy. Asymptotic
performance was usually reached within 3 d, using two training sessions
per day. For rats 1 and 2, electrodes were then pushed down to acquire
new cells, and a new sequence was initiated. The new sequence was created by flipping (i.e., a mirror image) and rotating the original sequence
so as to create a sequence novel to the rat. The flip ensured that the order
of turns was reversed, while the rotation ensured that a different configuration of places was rewarded. Rats 1 and 2 were presented with a simple
six-element nonrepeating sequence for 2 d before starting each new
repeat-element sequence. Rat 3 was trained on the same eight-element
“V” sequence for all days reported here. All data presented in the present
paper were gathered on days when the rat had reached asymptotic performance. The rats were run daily for 1– 4 months.
At the start of the experiment, the rat was brought into the recording
room and placed in a towel-lined bowl in the center of the recording
arena. The headstage was attached to the hyperdrive. The signal gain and
threshold for each electrode were manually set on the basis of visual
inspection, data recording was initiated, and the rat was allowed to rest
for 20 – 40 min in the towel-lined bowl (pretask sleep, S1). The exact
duration of the rest period was not systematically controlled. Following
this rest period, the rat was moved from the bowl to the arena. The task
phase (M1) began when the rat was placed on the behavioral platform.
The rat was then returned to the towel-lined bowl and allowed to rest for
another 20 – 40 min (posttask sleep, S2). Rats then ran another task phase
(M2) and were given a final rest period (posttask sleep, S3).
Data preprocessing. Artifact arising from MFB stimulation was removed from the single-unit data by deleting all spikes recorded during
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the stimulation and those occurring within 20 ms of stimulation termination (i.e., the black-out window was stimulus duration ⫹ 20 ms). The
LFP was not analyzed during behavioral epochs. Individual units were
isolated offline (for details, see supplemental material, available at www.
jneurosci.org); the end result was of a collection of timestamps associated
with each detected action potential from a given cell. The LFP traces were
low-pass filtered at 100 Hz and downsampled to 200 Hz.
Determination of motionless periods. Position during each video frame
was extracted by fitting a circle to the ring of LEDs on the headstage in
each video frame. The positions were then smoothed by convolution of
both x and y position data with a normalized Gaussian function with
standard deviation of 120 video frames (⬃1.8 s). After smoothing, the
instantaneous velocity was found by taking the difference in position
between subsequent video frames. An epoch during which the headstage
velocity dropped below 0.78 pixels/s for ⬎2 min was judged to be a
period of motionlessness. This threshold was set based on visual examination of the velocity profiles to exclude frame-by-frame jitter and subtle
readjustments of body position. In practice, each 30 – 40 min sleep epoch
contained several motionless periods with lengths varying between 2 and
⬃30 min (mean ⫽ 18 min, standard deviation ⫽ 8.8 min).
Sleep analysis window. For each “sleep” epoch the periods during
which the animal was motionless for at least 2 min (sleep blocks) were
extracted. For sleep blocks that were longer than 2 min, a sliding window
was established. The 2 min window started at the beginning of the sleep
block and moved forward in 2 min increments so that none of the analysis windows overlapped. At each of these steps, all of the analysis parameters were calculated for that time window. Thus, every increment of the
window has a corresponding data point. Experimental sessions lacking
any sleep blocks were excluded from the analysis. For each data point, the
EV and the number of template matches were also calculated over the
same time period.
Digital filtering. Fourth-order Chebyshev type 1 filters implemented
using the Matlab Signal Processing Toolbox (The MathWorks) were used
for the digital filtering of both the local field potentials and the sum of the
binned spike trains.
Detection of down states. Down states are commonly recognized by the
absence or near absence of spiking in the population of cells (Sirota and
Buzsáki, 2005; Hoffman et al., 2007; Luczak et al., 2007). Consequently,
down states were defined as times when all of the individual cells were
silent for at least 100 ms. To find these times, all of the spike trains from
populations of 50 –150 simultaneously recorded cells within one session
were binned into 50 ms (20 Hz) nonoverlapping bins, and all of the
binned spike trains were summed. The incidences when this summed
signal was zero for two or more consecutive points were counted as down
states.
Detection of HVSs. Although easily distinguished by eye, HVS epochs
are difficult to detect automatically due to the presence of LVSs in the
same frequency band (LVS power is mostly in the 10 –20 Hz range but
can be as low as 6 Hz). During a bout of HVSs, a large number of cells are
progressively recruited and become phase locked to the oscillation.
Because of this powerful oscillatory entrainment, HVS epochs are associated with high-amplitude deflections in the LFP. The depth of modulation in HVSs is greater than the depth of modulation in LVSs (Kandel
and Buzsáki, 1997), and this was used to distinguish the two events. HVS
epochs were identified by locating those periods of time when the dominant power in the LFP was in the spindle range and when the depth of
signal modulation in the spindle range (as measured by the variance) was
high.
Detection was accomplished by implementing the following procedure: (1) Two filtered versions of the LFP were made, one representing
the K-complex frequency (2– 6 Hz) and one representing the entire spindle range (6 –20 Hz). (2) A 250 ms sliding window was used to evaluate
the standard deviation of the spindle-filtered LFP over time. Starting at
the beginning of the sleep block, the window was advanced 1/10 of its full
extent (25 ms) until the end of the window reached the end of the LFP
trace. In each increment of the 250 ms window, the standard deviation of
the LFP filtered in the spindle frequency range was calculated over that
window. The output of this step is referred to as the “standard deviation
signal.” (3) To isolate the incidences of high variance, the points in the
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standard deviation signal that exceeded two times the standard deviation
of that signal were selected. (4) To eliminate false identification of
K-complexes as HVSs, the group of selected points was restricted to those
falling during a time when the power in the spindle band was dominant.
This was insured by averaging the windowed and filtered versions of the
LFP over 500 ms and finding the times during which the magnitude of
the power in the K-complex band was ⬍80% of the magnitude of the
power in the spindle band. (5) This process was performed independently for each of the LFP traces. For each of these, the number of peaks
in a sleep block passing the criteria described above was summed. To
quantify the duration of HVSs in each 2 min sleep block, an “HVS score”
was computed by averaging the number of peaks identified in all of the
LFP traces from all of the recording electrodes during that sleep block.
The HVS score does not indicate the number of continuous bouts of
HVSs, but rather the amount of time in each 2 min window that was
occupied by HVS oscillations.
Other spindle-detection algorithms (Siapas and Wilson, 1998; Schabus et
al., 2004; Clemens et al., 2005; Eschenko et al., 2006) have relied on
bandpass filtering and an amplitude threshold, as we do here. These
algorithms do not, however, distinguish between LVSs and HVSs as was
required for the present analysis. The standard deviation-based method
was introduced as a convenient way to differentiate the two rhythms.
The bin width and power threshold values were subjective. However,
these values were chosen to provide the optimal detection of sleep events
and were therefore not truly arbitrary. Importantly, assignment of these
values was made independently from the reactivation results and consistently applied across sessions and between subjects. A change in filtering
parameters or thresholds would thus be expected to influence the number of HVS (or LVS or K-complex) epochs detected, but should not
directly influence the relationship between sleep parameters and strength
of reactivation, an assessment of which was the primary goal of this paper.
Detection of K-complexes. K-complexes and LVSs both occur during
times when the sum of single-cell activity fluctuates between up states
and down states. As can be seen in Figure 1, K-complexes and downto-up state transitions cooccur and are in fact different reflections of the
same phenomenon (Amzica and Steriade, 1997, 2002). The detection of
K-complexes in the LFP was performed using the same steps that were
used for HVS detection with a few exceptions. First, in step 2 the absolute
change in amplitude of the signal, rather than the standard deviation, was
used to identify an event. This was because the K-complex is a highamplitude, biphasic event, the full extent of which generally fits within
one window. A window with a large peak-to-peak difference, therefore, is
very likely to be centered on a K-complex. In each window, the absolute
difference between the maximum amplitude and minimum amplitude
was calculated, and thus we refer to the output signal as the “difference
signal.” Second, the difference signal was smoothed with a 10-point moving average filter, and a peak-finding algorithm was used to identify the
time points corresponding to local maxima. Those peaks that were
greater than two times the standard deviation of the difference signal and
that also occurred during times of high K-complex power were selected
(the ratio of spindle power to K-complex power was ⬍80%). The number of peaks falling during each sleep block was summed and, again, the
number of peaks averaged over all of the LFPs from all of the recording
electrodes was used as a measure of the number of K-complexes. Unlike
the HVS score, the K-complex score represents the number of events, and
is not a measure of time.
Detection of LVSs. The LVS detection method was the same as the HVS
detection method, with two notable differences. First, in step 2, instead of
the standard deviation, the power in the spindle band was used. Points
exceeding two times the standard deviation of the binned spindle power
were selected. Second, in step 4, the peaks were required to fall during
times when the K-complex frequency was the dominant power in the
signal. This effectively excluded all of the points that had already been designated as HVSs and required that identified incidences of LVSs cooccur with
K-complexes. As before, the number of peaks occurring during each sleep
block was averaged over all of the LFP traces from each of the tetrodes, and
this was used to represent the amount of time occupied by LVSs.
Spindle separation. To confirm that LVSs and HVSs are different populations of events, oscillatory activity in the spindle band of the LFP was
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Figure 2. Examples of LFP and the sum of single-cell activity during periods of motion and
motionlessness. A, During the full sleep epoch, the animal alternated between times of waking
motion and quiet motionlessness. Motionless periods are indicated by a gray background. In the
top panel is one LFP trace, in the middle panel is the absolute value of the total velocity, and the
bottom panel is the sum of single-cell activity (124 cells, 30 ms bins). Wakefulness is marked by
high-frequency, low-amplitude oscillations in the LFP and consistent spiking in the single units
(no bins contain 0 spikes). Motionlessness, on the other hand, is marked by periods of highamplitude, low-frequency oscillations in the LFP and multiple down states (number of spikes
goes to 0 in several bins) in the single-unit activity. B, When a motionless period is examined on
a finer timescale, it is clear that the system is sometimes in a state similar to that seen during
motion. However, that state is punctuated by two additional low-frequency, high-amplitude
“states.” These are HVSs (left arrow) and K-complexes/LVSs (right arrow). Arrows mark the
approximate middle of these events. Bouts of HVSs and K-complexes/LVSs are visible not only in
the LFP (top), but also in the sum of single-cell activity (bottom).

further examined with respect to the dominant frequency and the
depth of modulation, the two most distinguishing characteristics of
LVSs and HVSs. For each rat, a session was selected in which a substantial amount of both LVSs and HVSs was identified. An LFP trace
from one of the recording electrodes (randomly chosen) was binned
(250 ms). The power and variance in the entire spindle band (6 –20
Hz) as well as the power in the HVS (6 –10 Hz) and LVS (10 –20 Hz,
capturing most of the LVS power) bands were calculated for each bin.
The peaks of the spindle band, defined as the bins in which the power
exceeded two times the standard deviation of the power in the 6 –20
Hz band, were selected. The HVS power, the LVS power, and the
variance corresponding to these peaks were used to characterize the
activity in the spindle band.
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Regression analysis. The data points for each
of the measures and for the EV for the two sleep
sessions following behavioral epochs (S2 and
S3) were grouped and expressed as a z-score.
The data points for each measure and for the
EV were then collapsed across recording sessions, and each measure was linearly fit to the
EV using a least-squares method. Fits were
considered significant for a p value ⬍0.05.
Statistical comparison of sleep features before
and after behavior. To determine whether there
was a significant difference in the incidence of
down states, K-complexes, LVSs, and HVSs between the first (S1) and the last (S3) sleep sessions, a two-sample t test was performed to test
the hypothesis that the means were the same.
For each session, the score for each event (i.e.,
the number of down states) in S1 was divided
by the number of 2 min windows in S1. Likewise, the score for each event in S3 was divided
by the number of 2 min windows in S3. These
normalized scores were pooled over all sessions. The equal mean hypothesis was tested at
the 5% level.
Explained variance. For the first sleep epoch,
the behavioral epochs, and each of the sleep
blocks pulled from the second and third sleep
epochs, spike trains were binned into T nonoverlapping intervals of 50 ms (for comments
on bin size, see supplemental material, available
at www.jneurosci.org), producing sequences of
spike counts xi(t). The normalized correlation C
between each pair (ij) of spike trains was computed using the following equation:

HVS
1
0
-1
2

3

4

5

6

7

8

9

10

1

2

3

4

5

6

7

8

9

10

20
10
0

frequency (Hz)

1

1
20
0

0
1

冉冑

共1 ⫺ r

5
6
4
time (seconds)

norm amp
# of spikes
frequency (Hz)

7

8

9

10

KC
LVS

0.5
0
-0.5
1

2

3

4

5

6

7

8

9

10

1

2

3

4

5

6

7

8

9

10

20
10
0
1
20
0

0
1

2

3

5
6
4
time (seconds)

7

8

9

10

Figure 3. Example of HVS epoch and down state/K-complex/LVS epoch. A, HVS epochs occur during periods of low-frequency,
high-amplitude activity in the LFP (top). These oscillations are also identifiable in the total spike activity, which oscillates at the
same frequency as the LFP during HVSs (124 cells, 30 ms bins, middle). The red bars indicate the onset of the HVS epoch. In the
spectrogram of the LFP (bottom, hot colors ⫽ high power), HVSs are marked by a strong peak at 7– 8 Hz and smaller peaks at
several harmonics. B, K-complex/LVS epochs also occur during periods of low-frequency, high-amplitude activity in the LFP (top).
These periods correspond to periods of up state/down state fluctuations in the total spike activity (124 cells, 30 ms bins, middle).
A clear example LVS preceded by a K-complex is marked by the arrow in the top panel. Each K-complex in the LFP is matched by a
network down state in the total spike activity (red bars). In the spectrogram of the LFP (bottom), the K-complexes correspond
to high power in the 2– 6 Hz range, while LVSs correspond to a peak in the 10 –20 Hz range. Although the LVS example
shown here shows power in a frequency range distinct from HVSs, in fact many LVS episodes show power in frequencies
ranging from 6 to 20 Hz, thus largely overlapping with HVSs. Spectrograms were computed over 1 s Hamming windows
with 95% overlap between the windows and evaluated at 2 10 frequency points. Shown here are normalized versions; hot
colors ⫽ high power.
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derived from Pearson’s correlation coefficient,
where  is the mean and  is the standard deviation of x(t). Thus the same population of
cells produced matrices of firing rate correlations, corresponding to the pretask sleep, the
task, and each of the posttask sleep blocks. The
correlation matrix is symmetric, so the lower offdiagonal elements are extracted, producing a vector of all pairwise cell correlations. The separate
correlation matrices are entered into the subsequent EV calculations, described next.
Any measure of reactivation must show that
activity patterns induced during the task reappear during the subsequent
sleep. In addition, activity patterns that existed during the first sleep
epoch should be discounted because these were evidently not induced by
the task experience. The EV measure is the square of the partial correlation of task and posttask sleep cell-pair correlations, partialing out any
preexisting correlations during pretask sleep:
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where T, Sa, and Sb represent task, pretask sleep, and posttask sleep
periods (Kudrimoti et al., 1999). EV reflects the proportion of variability
in the Sb sleep correlations that can be accounted for by task correlations
after accounting for Sa sleep correlations. Any pretask sleep replay of task
activity (e.g., from a previous session) or, indeed, any restriction on the
allowable correlations due to connectivity constraints would tend to reduce the EV measure.
Template matching. Each template was an N ⫻ M matrix representing
the firing rate of N cells (rows) over M time bins (columns). Six or eight

templates were generated, one for each segment of the sequence. A segment was defined as the time between arrival at one reward zone and
arrival at the next reward zone, excluding times during which stimulation
was delivered. Each row of the template comprised the spike counts from
one cell within a series of 100 ms bins covering one segment, averaged
over all repetitions of the sequence. Repetitions were first screened to
eliminate segments that took inordinately long times (i.e., segments during which the rat was off-task). For each segment, any repetitions during
which the traversal time exceeded four times the distance of the quartile
from the median were excluded. For the remaining repetitions, each
segment was scaled so that traversal time equaled the median time. The
spikes from these scaled repetitions were then averaged in 100 ms bins.
Note that median times were different for the different segments, meaning that the number of template bins varied between 13 and 42.
The bin width used in template matching was chosen for both behavioral and analytical reasons. Based on observation, a bin width of 100 ms
effectively captures the rate of change of cellular firing during behavior.
With smaller bins, a given cell’s firing rate may not change significantly
from one bin to the next. With longer bins, temporal sequences across
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The template-matching method seeks to calculate the similarity of these
two matrices (Louie and Wilson, 2001). Based on our previous study on
different measures of template match strength (Tatsuno et al., 2006), we
used the standardized Pearson correlation coefficient measure. In this
measure, each row of the X and Y matrices is standardized to zero-mean
and unit variance by subtracting its row mean, xn and yn , and dividing by
the row standard deviation, x,n and y,n, respectively. xn , yn , x,n, and
y,n are defined as follows:
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This normalization transforms the elements xnm and ynm to z-score variables wnm and znm through the following:
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cells are no longer discernable. Bin width is also constrained by the need
to account for temporal compression of replay. For a 100 ms template bin
width at six times compression (as used in this paper), the target bin was
16.6 ms. In practice, 16 ms is near the lower limit of bin sizes, which yields
strong template correlations for this data. Finally, the 100 ms bin width
has proven effective for detecting reactivation in a previously published
paper (Euston et al., 2007).
Template matching was based on a subset of cells that were active
during all phases of the experiment and that exhibited task-related firing
rate changes. Any cells with ⬍50 spikes in any given period (pretask sleep,
task, or posttask sleep) were excluded. Two additional criteria were applied to determine whether a cell should be included in the templatematching analysis. The first was a firing rate criterion. Cells in which the
average spike count exceeded five spikes during a given template (i.e., the
sum of all spike counts within that cell’s row of the template exceeded
five) were judged to have a sufficient spike count for that template. The
second criterion was that the cell show strong task-related activity. Toward this end, each row of each template was first smoothed using a
five-point (i.e., five 100 ms bins) moving average. This removed highfrequency random fluctuation of firing activity but left task-related slow
modulation. The coefficient of variation (standard deviation divided by
the mean, computed on the 13– 42 values in a given row) was then computed for each cell that exceeded the firing rate criterion. A cell was
judged to have significant task-related firing in a given template if its
coefficient of variation exceeded 0.40. To be included in the templatematching analysis, neurons needed to pass both the firing rate and coefficient of variation criteria on at least half of the templates (three in the case of
six templates and four in the case of eight templates). This requirement
resulted in a significant reduction in the number of cells; typically between
one-third and two-thirds of the original number of cells were included in the
template-matching analysis. In addition, it was also confirmed that the
template-matching analysis was robust to variations of the threshold.
The spike activity of all included cells from a recording session is stored
in an N ⫻ T spike matrix Q (McNaughton, 1998), where rows correspond to N cells and columns to T discrete bins. The bin contents represent the number of spikes each cell fired during each time bin. In the limit
of infinitely small bins, each row becomes a spike raster. As described
above, the template matrix is an averaged firing pattern during each
segment of the sequential task. A single template, X, is an N ⫻ M matrix,
where M corresponds to the number of bins in the template. A target
matrix Y, with the same dimensions as the template, is also selected from
the Q matrix. In matrix form, both template matrix X and target matrix
Y are represented as follows:

8
4
0

6
4
2
0

0

0.1

0.2

0.3

0

4

HVS POW

8

12

16

DEPTH SPIKES

Figure 4. Spindle distributions. For one session from each rat (rows), the LFP trace was
binned (250 ms) and the power and variance of each bin were calculated. Bins where the power
exceeded two times the standard deviation of the power in the 6 –20 Hz band were selected and
further analyzed. In the first column, the 10 –20 Hz power of the selected bins is plotted against
the 7– 8 Hz power of the same bins. The two clusters correspond to HVSs (green) and LVSs (red).
In the second column, the depth of modulation (variance) in the LFP for the same bins is plotted
against the depth of modulation in the sum of individual spikes over the same time period.
Clusters form in both frequency and in depth of modulation, indicating that the two different
types of spindles are drawn from different populations. These results are typical for sleep sessions with both HVSs and LVSs.
By construction, mean firing rate differences among different rows are
fully suppressed with this normalization. Therefore, this measure is sensitive to the firing order relationships among different neurons. The
standardized Pearson measure is then defined using the two-dimensional
Pearson correlation coefficient, COR, for the normalized W and Z
matrices:
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In a previous study (Euston et al., 2007), we determined that sleep replay
occurred approximately six times faster than the speed of firing during
behavior. Therefore, in this study, we modified the bin width of the target
matrix to reflect a compression factor of 6. Examples of the templatematching results can be found in the supplemental material (supplemental Fig. S4, available at www.jneurosci.org).
To assess a template “match,” the z-score for each match was computed using a sampling distribution estimated from shuffled templates.
For this analysis, the column vectors of the template matrix were randomly shuffled, and 100 shuffled templates were generated for each tem-
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For these experiments, three rats were
chronically implanted with 6 or 12 move15
able tetrodes in the prefrontal cortex.
15
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10
These tetrodes were used to record simul5
5
taneously the single-unit firing and the local field potentials generated by the brain
0
5
10
15
5
10
15
# of spikes
# of spikes
during active performance of a sequence
running task. Based on the histologically
reconstructed electrode tracks and the Figure 5. Distribution of population activity states during waking and motionlessness. A, B, Dividing the LFP (A) into periods
depths to which electrodes were lowered, without K-complexes (left of the red bar) and periods with K-complexes (right of the red bar) is equivalent to dividing the total
spike activity (135 cells, 30 ms bins, B) into periods without down states (left of the red bar) and periods of fluctuation between
all electrodes were confirmed to be lodown states and up states (right of the red bar). C, This difference is reflected in the distribution of the total spike activity; the
cated in the most ventral portion of me- distribution (taken from the data shown in B) is unimodal when there are no down states (left) and bimodal during periods of down
dial precentral, anterior cingulate, or state/up state fluctuations (right).
prelimbic cortex.
Each recording session consisted of an
Table 1. Un-normalized parameter means and standard deviations
initial 20 – 40 min sleep epoch (S1), a 50 min behavioral epoch in
Rat EV
DS
KC
LVS (s)
HVS (s)
which the animal ran a trained sequence task (M1), an interme1
0.04 ⫾ 0.04
9.11 ⫾ 8.87
44.51 ⫾ 17.86
5.78 ⫾ 3.64 11.1 ⫾ 6.54
diate 20 – 40 min sleep epoch (S2), another 50 min behavioral
2
0.11 ⫾ 0.04
20.5 ⫾ 13.97 84.08 ⫾ 21.01 11.36 ⫾ 4.60 2.44 ⫾ 2.79
epoch (M2), and a final 20 – 40 min sleep epoch (S3). The
3
0.12 ⫾ 0.08 32.41 ⫾ 21.12 58.11 ⫾ 19.75
7.41 ⫾ 4.27 8.69 ⫾ 5.73
experimental protocol was slightly modified for the third rat;
For each rat (rows), the raw averages of the EV, the number of down state to up state transitions (DS), the amount of
the final sleep epoch was extended to ⬃120 min. Here, howHVSs, the amount of LVSs, and the number of K-complexes (KC) per 2 min window are shown with their standard
ever, we are only using the first 40 min of this extended sleep
deviations. The EV is a unitless measure of the magnitude of trace reactivation during the window. The DS and KC
period to make the results between animals more comparable.
measures are counts of the number of events per window. The LVS and HVS measures represent the amount of time
(in seconds) spent in each of these states per 2 min interval.
The analysis was restricted to times when the rat was either
sleeping or resting motionlessly. Video-tracker data were used
to identify the times in the sleep epochs during which the animal
was not moving. Previous analyses showed that the frequency of
and the presence or absence of down/up states. In Figure 3 the
occurrence of REM sleep during the first 40 min was extremely
activity of a group of cells recorded simultaneously is compared
rare, and so the analyses focused on aspects of NREM sleep.
with the LFP from the same electrodes during HVSs (Fig. 3a) and
K-complexes/LVSs (Fig. 3b). It is easily demonstrated that HVSs
Characterization of sleep features in the LFP and
correspond not only to a distinctive 7– 8 Hz oscillation in the LFP,
single-unit activity
but also to a 7– 8 Hz oscillation in the sum of spikes. Although the
In a plot of the LFP during a sleep session, it is clear that motion
activity frequently reaches zero during the oscillation, down
(wakefulness) is marked by low-amplitude, high-frequstates, as defined above, do not occur during HVSs.
ency activity. During motionlessness, on the other hand, the LFP
The LFP frequencies associated with LVSs tend to be higher
is marked by high-amplitude, low-frequency activity. Likewise,
and more distributed (10 –20 Hz) (Fig. 3b), although we have
motionlessness in the sum of individual spikes is indicated by
observed them to be as slow as 6 Hz. Unlike HVSs, incidences
times when all cells stop firing and the sum of spikes goes to zero
of LVSs are frequently coupled with K-complexes in the LFP
(down states) (Fig. 2a), a phenomenon that is not observed durand down/up states in the sum of spikes. Another important
ing waking. Closer visual examination of the LFP during motiondifference between HVSs and LVSs is that LVS oscillations do
lessness reveals that this state is marked by high-frequency, lownot recruit the entire population of cells such that they can be
amplitude oscillations punctuated by high-amplitude, lowidentified in the single-unit activity (Fig. 3b). The fact that
frequency oscillations (Fig. 2b). Again, these states are not only
HVS oscillations entrain a much larger fraction of the cells
visible in the LFP, they are also apparent in the sum of single-unit
relative to LVSs presumably accounts for the much larger LFP
activity.
peak-to-peak amplitude seen in HVSs. This demonstrates the
The bouts of high-amplitude, low-frequency oscillations can
extent to which the population of cells becomes entrained to
be further differentiated into periods of high-voltage spindling
the HVS oscillation.
and periods marked by K-complexes and low-voltage spindles
The different qualities of HVSs and LVSs are further illus(Figs. 2b, 3). This differentiation is based on frequency charactertrated in Figure 4. Peaks in the spindle range (6 –20 Hz) have a
istics in the LFP, entrainment of spikes in the single-unit activity,
bimodal distribution in both frequency and depth of modula-
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RAT 3

EV

EV

EV

EV

Relationship between sleep
characteristics and memory reactivation
2
2
2
r = 0.46
r = 0.54
r = 0.65
For analysis, the motionless periods were
2
2
2
subdivided into 2 min nonoverlapping
windows, each of which defines a data
0
0
0
point. “Sleep” epochs without any motionless periods were not analyzed. For
-2
-2
-2
each window, four sleep-characterization
parameters were calculated: the number
-2
0
2
-2
0
2
-2
0
2
of down states, the number of K-compDown States
Down States
Down States
lexes, the amount of LVSs, and the
amount of HVSs. The EV (taking into acr2 = 0.45
r2 = 0.14
r2 = 0.39
count S1) over each window was also de2
2
2
termined so that each four-dimensional
data point was matched to an EV value. A
0
0
0
variable number of data points were computed for each session depending on the
-2
-2
-2
amount of time the animal remained motionless during that session. For the first
-2
0
2
-2
0
2
-2
0
2
rat, 29 sessions and 356 data points were
analyzed, for the second rat, 3 sessions and
K-complexes
K-complexes
K-complexes
72 data points were analyzed, and for the
third rat, 10 sessions and 196 data points
r2 = 0.43
r2 =0.22
r2 = 0.42
were analyzed. On average, 98 cells (range:
2
2
2
66 –142), 74 cells (range: 69 –78), and 63
(range: 43–76) cells were recorded per ses0
0
0
sion in rats 1, 2, and 3, respectively. To
compare results across sessions, the EV
-2
-2
-2
measure and each of the four character-2
0
2
-2
0
2
-2
0
2
ization parameters for each session were
expressed as z-scores (means and stanLVS
LVS
LVS
dard deviations of the un-normalized parameters for each of the three rats can be
r2 = 0.08
r2 = 0.09
r2 = 0.07
found in Table 1). These parameters were
2
2
2
subsequently evaluated for their ability to
predict the magnitude of the EV using a
0
0
0
least-squares regression analysis. For the
first two rats, we also used a template-2
-2
-2
matching method as an alternative measure of memory reactivation. The number
-2
0
2
-2
0
2
-2
0
2
of template matches occurring during each
HVS
HVS
HVS
time window was tallied, and a regression
analysis for the characterization parameters
Figure 6. Linear regression plots for EV. In each plot, the data points for all sleep epochs and all recording sessions are compiled.
The z-scores of the explained variance, EV, are on the y-axis; the z-score of the number of down states, the number of K-complex was performed in the same way as for
events, the number of LVS events, and the number of HVS events are on the x-axis. All correlations are significant ( p ⬍ 0.05). The the EV. Because the template-matching
results for rat 1 include data from 33 d and a total of 359 data points. The EV ranged between 0.0 and 0.27. The results for rat 2 method is extremely computationally ininclude data from 3 d and total of 72 data points. The EV value ranged between 0.0 and 0.19. The results for rat 3 include data from tensive and time consuming, the analysis
12 d and 583 data points. The EV value ranged between 0.0 and 0.35. For all three rats, the EV was significantly positively correlated was only run on a subset of the sessions for
with the down states, K-complexes, and LVSs. HVSs are anticorrelated with EV, signifying that the two different kinds of spindles two of the rats.
have different functional implications.
In Figure 6 the linear regression plots
for the individual parameters are shown
for each of the three rats. For all three of
tion. This clustering shows that HVSs and LVSs represent two
the rats, the number of down states, the number of K-complexes,
distinct populations of spindles, the functional implications of
and the amount of LVSs in a time window were significantly
which should be evaluated separately.
positively correlated with the EV value ( p ⬍ 0.05). In contrast, in
K-complexes are strongly associated with down state to up
all three rats, the amount of HVSs was significantly, but weakly,
state transitions (Figs. 1, 3b) and thus, like HVSs, are identifiable
inversely correlated with EV.
in the single-unit activity. During those periods when K-complexes
Figure 7 shows the linear regression plots for each of the charinterspersed with low-voltage spindles are observed in the LFP, the
acterization parameters and the number of template matches in
sum of spikes fluctuates slowly between complete silence and strong
S3 for seven sessions recorded in the first rat (first column), and
activity (down/up states) (Fig. 5). In fact, the distribution of the total
for three sessions recorded in the second rat (second column).
spike activity transitions from unimodal to bimodal at the onset of
These results are consistent with the EV results for all sessions; the
K-complex activity in the LFP.
number of down states and K-complexes and the amount of LVSs
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0

r2 = 0.12

-2
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0
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2
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DS

KC

LVS (s)

HVS (s)

1
2
3

5.23 ⬍ 12.1
3.79 ⬍ 22.69
17.25 ⬍ 38.31

34.56 ⬍ 51.12
69.49 ⫽ 82.34
39.43 ⬍ 62.28

3.57 ⬍ 7.12
5.31 ⬍ 11.25
4.67 ⬍ 8.61

7.74 ⫽ 9.21
4.22 ⫽ 2.54
7.30 ⫽ 7.45

For each rat (rows), a t test was used to test the hypothesis that the means of the event populations were not
different in sleep 1 and sleep 3 (␣ ⫽ 0.05). The means for each sleep session are given for each event; the inequality
(⬍) indicates a significant difference, the equality (⫽) indicates a failure to reject the null hypothesis. For example,
in rat 1, the mean number of down states per 2 min window in sleep 1 was 5.23, and the mean number of down
states per 2 min window in sleep 3 was 12.1, which is a significant increase. The amount of LVS and the amount of
HVS are given in seconds.

r2 = 0.28

-2
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0

2
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0
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0

Down States

0

2

Table 2. Incidence of events in S1 and S3
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2
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0

2

EV

Figure 7. Linear regression plots for template matching. Data for rat 1 are shown in column 1. In
each plot, all data points from the third sleep epoch of seven recording sessions (52 data points) are
compiled. The z-scores of the template matches are plotted on the y-axis; the z-scores of the down
states, K-complexes, LVSs, HVSs, and EV are on the x-axis. The number of template matches ranged
from 8 to 1325. A similar set of plots for rat 2 are shown in column 2. In each plot, all data points from
the third sleep epoch of three recording sessions (41 data points) are compiled. The number of templatematchesrangedfrom41to399.Withtheexceptionofthetemplatematch/HVSrelationshipfor
the first rat (marked with an asterisk), all correlations were significant ( p ⬍ 0.05). The relationships
between the template matching and the various events are similar to the relationships between the
EV and those events, and the EV and template-matching measures are also highly correlated. This
allowsforaconsistentinterpretationofthecorrelations(orlackthereof)betweenthesleepeventsand
memory replay.

are positively correlated with the number of template matches.
The amount of HVSs is weakly inversely correlated with the number of template matches in rat 2 and uncorrelated with the number of template matches in rat 1. Thus, both measures of
reactivation produce similar results. That this should be the case
is not surprising, as the two measures are strongly correlated with
each other (Fig. 7).

Sleep features in prebehavioral and postbehavioral sleep
A t test was used to determine whether the incidence of the different sleep characteristics was different between S1 and S3. As
Table 2 shows, the number of down states, the number of
K-complexes (except in rat 2), and the amount of LVSs were
significantly greater in S3 than in S1. In contrast, the amount of
HVSs was not significantly different between S1 and S3. This
suggests that while down states, K-complexes, and LVSs are affected by the behavior, HVSs are relatively unaffected. Thus,
K-complexes and LVSs, which are associated with reactivation,
are much more numerous after a task known to induce memory
replay, but HVSs, which are actually negatively associated with
reactivation, do not increase in frequency.
Relationship of sleep features to each other
The four characterization parameters are not linearly independent
of each other, as shown in Table 3. As it has been previously suggested that down states and K-complexes are different manifestations of the same event (Amzica and Steriade, 1997, 2002), it is not
surprising that these two measures are strongly correlated with each
other. Because down states and K-complexes were extracted using
completely independent methods (one based on LFP, the other on
the sum of spikes from all cells), this correlation, as well as the analysis shown in Figure 1, stands as confirmation of the observations of
Amzica and Steriade (1997). Our methods may have strengthened
correlations between K-complex activity and LVSs and weakened
those between K-complexes and HVSs because the presence of
K-complex activity was used to discriminate between HVSs and
LVSs. Hence, correlations between characterization parameters are
inconclusive with respect to the relationship between K-complexes,
HVSs, and LVSs. This fact does not detract, however, from our primary findings of a relationship between EV and K-complexes and
LVSs. The similar results for down states, LVSs, and K-complexes
confirm that the methods used to extract these parameters, though
computationally different, are, at least, internally consistent and,
therefore, more likely to be reliable.

Discussion
These results indicate that the reactivation of memory traces occurs preferentially during periods with a high density of down
states and associated K-complexes and low-voltage spindles. This
conclusion is supported by the positive correlation of the EV, a
measure of reactivation strength, with the number of down states,
K-complexes, and time spent in LVSs. These three variables were
also correlated with the number of template matches, an alternative measure of memory reactivation that is computed using
entirely different principles from the correlation-based EV measure. In contrast, the amount of time spent in HVSs was weakly
inversely correlated with the magnitude of EV and the number of
template matches.
In recent years a great deal of interest has been focused on
NREM sleep as more evidence emerges to support its role in
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DS versus KC
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DS versus HVS

KC versus LVS

KC versus HVS

LVS versus HVS

Rat

r2

p

r2

p

r2

p

r2

p

r2

p

r2

p

1
2
3

0.58
0.35
0.49

0
0
0

0.55
0.36
0.61

0
0
0

0.08
0.08
0.02

⬍0.01
0.03
0.02

0.76
0.35
0.69

0
0
0

0.17
0.04
0.10

0
0.24
0

0.14
0.10
0.08

⬍0.01
0.02
0

For each rat (rows), the coefficient of determination (r 2) and the p value (significance: p ⬍ 0.05) for the correlation between each of the measures 关down states (DS), K-complexes (KC), LVSs, and HVSs兴 are shown (p is zero to MATLAB
precision). For all rats, all of the measures are significantly correlated with each other, with the exception of the K-complexes and the high-voltage spindles in rat 2.

learning and memory. Long considered a quiescent state, it has
now been demonstrated that during NREM sleep cortical neurons are actually quite active, although sensory inputs are dramatically diminished. Some of this activity can be attributed to
reactivation of previously stored memory traces (Wilson and McNaughton, 1994; Qin et al., 1997; Hoffman and McNaughton,
2002; Euston et al., 2007; Ji and Wilson, 2007), a process that is
thought to serve memory consolidation (Marr, 1971; McClelland
et al., 1995; Buzsáki, 1998). Large-amplitude, low-frequency corticothalamic oscillations of the LFP are the hallmark of this sleep
state (Steriade, 2003). The oscillations themselves, especially
spindles, have been hypothesized to play an important role in
memory (Steriade and Timofeev, 2003), a theory that is supported by a growing body of evidence (Gais et al., 2002; Eschenko
et al., 2006). Our results reveal a correlation between memories representing recent experience in the prefrontal cortex
and network down states, K-complexes, and low-voltage spindling. Notably, replay is negatively correlated with highvoltage spindling. These results shed light on which brain
states are associated with memory replay and, when combined
with other findings, suggest a correlation between memory
replay and memory consolidation.
One of the important contributions of the present findings is
to sharpen the distinction between what we call high-voltage and
low-voltage spindles. Two distinct types of spindles were described by Contreras and Steriade (1996) and Contreras et al.
(1997), a waxing and waning type and an exclusively waning type;
in our terminology these correspond to HVSs and LVSs, respectively. The authors described that LVSs were grouped by the slow
oscillation and were preceded by a depth-positive EEG wave
(K-complex). HVSs gradually waxed by entraining more neurons
and then desynchronized the same way. The maximum amplitude of the oscillation was dependent on the level of background
activity. The authors reported that, although both types of spindles occur in natural sleep, under ketamine–xylazine anesthesia
only LVSs are observed. Under barbiturate anesthesia, on the
other hand, spontaneous LVSs are not observed, but spontaneous HVSs are. This difference was ascribed to the different levels
of corticothalamic network activity observed under the two drugs
(barbiturate ⫽ low activity, ketamine–xylazine ⫽ high activity).
The conclusion of the authors was that the cortex is very important
in shaping and synchronizing thalamically generated spindles.
Both LVSs and HVSs are thalamically generated oscillations;
damage to the reticular nucleus of the thalamus abolishes both
phenomena (Steriade et al., 1985; Buzsáki et al., 1988). The frequency ranges of HVSs and LVSs are also close together and
sometimes overlap; HVSs predominantly fall within a narrow
7– 8 Hz frequency band with several prominent harmonics,
whereas LVSs cover a wider and higher frequency range, ⬃10 –20
Hz, but may be as low as 6 Hz. The current source density profiles
for HVSs and LVSs are also similar (Kandel and Buzsáki, 1997).
Despite these similarities, however, the two oscillations can be
qualitatively separated based on waveform shape, amplitude, du-

ration, and the extent to which they entrain the population of
cells. Figure 4 demonstrates that LVSs and HVSs can also be
quantitatively separated. This study adds a possible functional
distinction between the two oscillations as well: LVSs are associated with memory trace replay and possibly memory consolidation, while HVSs play some other yet-to-be-determined role.
There are several reasons to believe the cortical spindling plays
an important role in memory. Unfortunately, however, the distinction between HVSs and LVSs is not always clear in the literature. Delineating the two spindle types is quite important, as our
results show that the two oscillations have different implications
concerning reactivation and memory. Therefore, the classification of LVSs and HVSs must be inferred where it is not explicitly
stated.
In humans, increased spindle density in the 12–15 Hz band is
correlated with learning a declarative memory task (Gais et al.,
2002), and also with retention of verbal memories (Clemens et
al., 2005). In rats, a corresponding increase in spindle power was
observed after learning, and after relevant recall of a remote
memory (Eschenko et al., 2006). Also in rats, stimulation of synapses that had been previously potentiated by tetanizing stimulation more reliably evoked 7–14 Hz spindles than stimulation of
unpotentiated synapses (Werk et al., 2005).
Spindles in the neocortex (both 7–14 Hz and 12–18 Hz),
which we have shown to be correlated with neocortical reactivation, have also been temporally correlated with hippocampal
sharp waves (Siapas and Wilson, 1998; Sirota et al., 2003). Hippocampal sharp waves have also been correlated with cortical
transitions from down to up states and with the slow oscillation
(Battaglia et al., 2004). These correlations are interesting not only
because hippocampal reactivation occurs preferentially during
sharp waves (Wilson and McNaughton, 1994; Kudrimoti et al.,
1999), but also because suppression of sharp waves has been
shown to impair spatial memory (Girardeau et al., 2009). These
results, together, reinforce the connection between neocortical
reactivation, hippocampal reactivation, and learning, consistent
with consolidation theories (McClelland et al., 1995). In humans,
induction of the slow oscillation by transcranial stimulation increased the number of sleep spindles (8 –12 Hz) after learning a
paired-associate task (Marshall et al., 2006). Remarkably, stimulation of the slow oscillation also significantly enhanced memory
retention. Thus, it appears that LVSs and the slow oscillation (and
therefore the K-complex) are involved in the neocortical– hippocampal dialogue in a manner that facilitates learning.
Our data are consistent with a growing body of literature suggesting that HVSs may be associated with memory deficits. HVS
activity in rats increases with age (Radek et al., 1994), while memory is known to decline (Burke and Barnes, 2006). In aged rats,
density of HVSs correlates with passive avoidance retention deficits (Aldinio et al., 1985) and spatial memory impairment
(Radek et al., 1994). Alternatively, these results may simply reflect
a decrease in the time spent in LVSs, which, based on the above
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discussion, might also lead to memory deficits. Rates of LVSs
were not reported in these studies.
The results presented here are correlative and cannot be considered a proof; however, they are consistent with the postulate
that stored-trace reactivation contributes to the establishment of
long-term memory. Our data show that LVSs, down-to-up state
transitions, and K-complexes are positively correlated with reactivation. A separate body of literature has shown that these same
sleep features are predictive of learning and memory (Gais et al.,
2002; Clemens et al., 2005; Eschenko et al., 2006; Marshall et al.,
2006). Our findings thus provide possible link between these two
domains.
Approximately 50% of the inter-down state intervals occur
within the 1–2 s range, which is also approximately the range of
LVS duration. Therefore, although further analysis is required, it
appears likely that reactivation actually occurs during the lowvoltage spindle oscillations themselves.
Our results, in addition to the studies cited above, indicate
that the cortical activity state is a determining factor in when
memory replay can occur. This conclusion is in agreement with
the conclusion of Marshall et al. (2006) that the slow oscillation/
K-complexes/network down state is causally involved in memory
replay and consolidation. The reason for this causal link is unknown, but it is reasonable to speculate that the complete silencing of neocortical activity during down states facilitates the
retrieval of weakly biased attractors corresponding to the most
recent memories. According to the idea that the sleeping cortex
passes through complex sequences of states reflecting learned or
innate asymmetries in its weight matrix, this ongoing activity
may prevent the network from converging on recent memory
states. Briefly silencing the activity may therefore enable the network to reset to the strongest attractor states, which would typically be the most recently established ones.
Note added in proof. While this manuscript was under review,
an article with relevant content was published (Peyrache et al.,
2009).
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Supplementary Materials:

Histology:
After all recordings were complete, the tips of the recording electrodes were marked by electrolytic lesions (5 A for
10 s, positive to electrode negative to ground screw). Histological sections confirmed that the electrodes in all rats were in
the medial precentral, anterior cingulate, and prelimbic cortex (Fig. S1). Electrode depths during each recording session
were inferred from the history of the number of turns on each electrode (1 full turn = 317 microns)

Single Unit Separation:
Individual units (cells) were isolated offline using a specialized software package (MClust; David Redish, University
of Minnesota, Minneapolis, MN). Spike sorting was based on the relative action potential amplitudes on the four tetrode
channels as well as additional waveform parameters (McNaughton et al., 1983a; Wilson and McNaughton, 1994). Plotting
the waveform characteristics recorded on one electrode against the characteristics recorded on a different electrode reveals
clusters of points which define single cells (Fig. S2). Once the spikes have been assigned to their respective units, the
associated time stamps are used to reconstruct a time series of activity for each cell.

EV magnitude and binsize:
One of the critical parameter choices in our analyses was the size of the bin used to compute the average spike
counts before computing correlations for the EV measure of reactivation strength. This choice was based largely on a
numerical experiment where we studied the effect of bin size on EV. For this analysis, EV was computed for a 15 min
window starting 5 minutes into the third sleep epoch (S3). EV is computed for the second behavioral epoch factoring out
preexisting correlations from the last 10 min of sleep epoch one (S1). Unlike other analyses in this paper, data were not
screened for periods of motionlessness. A total of 48 sessions were analyzed but, because the purpose of the analysis was
to reveal the effect of binsize on reactivation strength, only those sessions showing strong EV in at least one bin (EV>0.10)
were included in the man (a total of 14 sessions). Results are shown in Fig. S3. Based on these results, a decision was
made to use a binsize of 50 ms for all EV measurements.
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Template Matching
Template matching was used to as an alternative measure of stored-trace reactivation. Fig. S4 shows the examples
of templates and sample matches to illustrate the process. Raster plots are also provided. Details of the template matching
process are as described in the Results section of the main article.

Supplementary Figure 1: Location of Recording Electrodes.
Coronal sections through the frontal cortex of rats 1, 2 & 3. In each photograph, damage to superficial cortex from the
electrode bundle can be seen at the top while the location of some electrode tips, as indicated by electrolytic lesions, are
noted with arrows. In each rat, electrodes traversed the medial wall of the frontal cortex, travelling roughly parallel to the
midline. Electrodes could thus record from medial precentral, anterior cingulate, and prelimbic cortex. Note that depths of
the electrodes shown indicate final positions. Electrodes were moved throughout the experiment and the dorsal-ventral
position of each electrode at the time of a recording session was determined via the number of turns of the positioning
screw. Horizontal bar in bottom right is 1 mm.

Supplementary Figure 2: Single Unit Separation.
A scatter plot of the energies recorded for each spike on two electrodes of the same tetrode. Each different color
corresponds to a different cluster; each cluster corresponds to a single unit. Similar plots can be generated for all of the
combinations of electrodes on a tetrode using not only energy but other waveform characteristics as well. This technique
allows for the separation of multiple unit activity into the time-stamped spiking history of a set of individual cells.

Supplementary Figure 3: EV vs. Binsize.
The plot shows the average reactivation strength (EV) as a function of binsize. Error bars show standard error of the mean.
As can be seen, EV is strongest around 40 ms but is relatively insensitive to changes in binsize over a range of 20 to 60 ms.

Supplementary Figure 4: Template matching Example.
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For both rats (columns 1 and 2), an example raster plot made from one segment of the behavioral sequence is shown (A).
The cells (y-axis) are sorted by time of peak firing (x-axis). Different colors represent different cells. Each tick corresponds
to a single spike. In (B) is a raster plot of the same cells engaged in compressed replay of the sequence of activity in (A)
during post-task sleep. In this example the replay compression rate is 6.
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Abstract
Functional electrical stimulation (FES) involves artiﬁcial activation of muscles with surface or
implanted electrodes to restore motor function in paralyzed individuals. Currently, FES-based
prostheses produce only a limited range of movements due to the difﬁculty associated with
identifying patterns of muscle activity needed to evoke more complex behaviour. Here we test
three probability-based models (Bayesian density estimation, polynomial curve ﬁtting and
dynamic neural network) that use the trajectory of the hand to predict the electromyographic
(EMG) activities of 12 arm muscles during complex two- and three-dimensional movements.
Across most conditions, the neural network model yielded the best predictions of muscle
activity. For three-dimensional movements, the predicted patterns of muscle activity using the
neural network accounted for 40% of the variance in the actual EMG signals and were
associated with an average root-mean-squared error of 6%. These results suggest that such
probabilistic models could be used effectively to predict patterns of muscle stimulation needed
to produce complex movements with an FES-based neuroprosthetic.
(Some ﬁgures in this article are in colour only in the electronic version)

Valero-Cuevas 2000) and such complex systems do not readily
lend themselves to deterministic solutions.
An alternative probability-based approach has been used
previously by Seifert and Fuglevand (2002) to predict patterns
of muscle stimulation needed to produce simple ﬁnger
movements, and by Anderson and Fuglevand (2008) to
predict the activity in muscles associated with complex twodimensional movements of the arm. The reasonable level
of prediction accuracy achieved by these models suggests
that probabilistic approaches may provide a ﬂexible means to
control FES systems. The probabilistic models used in these
previous studies, however, were relatively unsophisticated, and
it is reasonable to assume that more reﬁned models might
generate better results.
In the present study, we evaluated the ability of three
different types of probabilistic models, an unsupervised
Bayesian density estimation, a polynomial curve ﬁtting
algorithm and a dynamic neural network, to predict the

1. Introduction
Functional electrical stimulation (FES) involves the controlled
stimulation of one or more skeletal muscles to produce
movements in otherwise paralyzed limbs. Many of the
substantial difﬁculties associated with chronic deployment of
FES systems have been overcome (Ko et al 1977, Keith et al
1988, Handa et al 1989, Hoshimiya et al 1989, Kilgore et al
1989, Peckham et al 2002) and a growing number of patients
are using FES systems to regain some of the function of their
upper limbs (Triolo et al 1996, Smith et al 1987, Peckham
et al 2001). However, only a few pre-programmed movements
are permitted by these systems. This is primarily because of
the difﬁculty associated with identifying the complex patterns
of muscle activity needed to produce even relatively simple
movements. Most natural movements require coordination
of multiple muscles across multiple joints (Schieber 1995,
3
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simultaneous activity of multiple muscles in the upper limb
during sagittal-plane arm movements. The data used for
testing the different algorithms were those acquired previously
by Anderson and Fuglevand (2008). For each probabilistic
method tested, the inputs to the models were the kinematics
of the hand. The analyses indicated that the neural network
approach yielded slightly better predictions than the other
two methods. We then tested the ability of the neural
network model to predict muscle activity associated with threedimensional movements. The high correspondence between
the muscle activity predicted by the neural network model
and the recorded muscle activity during three-dimensional
movements conﬁrms that this approach may be an effective
tool for identifying the complex patterns of muscle activity
needed to control a wide range of movements using FES.
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2. Methods
2.1. Experimental setup
The data set that served as the ‘test-bed’ to evaluate different
probabilistic methods was that collected and published by
Anderson and Fuglevand (2008) where a detailed description
of the methods can be found.
Here we give only a
brief overview of the experimental procedures. Five male
subjects participated in the study, each of whom gave
informed consent to participate in the study, which was
approved by the institutional human subjects committee. As
described in more detail below, electromyographic (EMG)
and kinematic data from the upper limb were recorded from
each subject while they made a variety of sagittal plane
movements (ﬁgure 1). Subjects sat upright in an armless, lowbacked chair. Recording electrodes were placed in bipolar
conﬁgurations on the surface of the skin over 12 target
muscles controlling movements of the upper limb (latissimus
dorsi, pectoralis major, serratus anterior, teres major, anterior
deltoid, posterior deltoid, triceps brachii, biceps brachii,
brachialis, brachioradialis, extensor carpi radialis and ﬂexor
carpi radialis). Glow-in-the-dark markers were afﬁxed to the
hand (metacarpalphalangeal joint on the ulnar aspect of the
hand) and to the shoulder so that their positions could be
tracked by video recording.
EMG signals from the 12 muscles were differentially
ampliﬁed by a factor of 1000, band-pass ﬁltered between 100
and 1000 Hz, and sampled at 2000 Hz. The lower frequency
limit of the ﬁlter was chosen to minimize movement artefacts
(Anderson and Fuglevand 2008).
The positions of the hand and shoulder markers were
sampled from video recordings at 30 frames per second. The
camera was set up approximately 4 m from the subject and
oriented so that the camera axis was aligned perpendicular to
the sagittal plane of the subject. A ﬂashing LED generated by
the data acquisition system was also recorded by the camera
and served as a datum for synchronizing the EMG signals with
the kinematic data.

EMG

Probabilistic
Algorithm

Figure 1. Experimental setup. Surface EMG signals from 12 arm
muscles and kinematic data from markers placed on the hand and
shoulder were recorded during sagittal-plane random movements.
These data served as inputs to one of three probabilistic algorithms
that characterized the relation between EMG and kinematics. Once
a probabilistic algorithm was trained, a new set of kinematic data
served as inputs to the algorithm in order to predict the associated
patterns of EMG activity across the 12 muscles (Lats: latissimus
dorsi, Pec Maj: pectoralis major, Ter Maj: teres major, Ser Ant:
serratus anterior, Ant Delt: anterior deltoid, Post Delt: posterior
deltoid, Tri: triceps brachii, Bic: biceps brachii, Bra: brachialis, Bra
Rad: brachioradialis, ECR: extensor carpi radialis, FCR: ﬂexor
carpi radialis) (adapted from Anderson and Fuglevand (2008)).

movements in the sagittal plane while keeping the hand
pronated in order to keep the hand marker facing the camera
(ﬁgure 1). Subjects were asked to move through as many
points of the space as possible and to use different speeds.
Subjects were encouraged to take short breaks during which
time the arm hung pendant at the side. No subjects reported
muscle fatigue.
2.3. EMG processing
All off-line processing was performed in Matlab (Mathworks,
Natick, MA). In accordance with conventional processing
methods (Winter 2005), EMG signals were full-wave rectiﬁed
and low-pass ﬁltered at 6 Hz (sixth order, Butterworth, zero
phase). EMG signals were subsequently downsampled to
match the sampling frequency of the kinematic data and
normalized to the maximum amplitude detected in the signal.
A ﬁxed delay of 60 ms was added to the EMG signals
to compensate for the time lag between EMG activity and
kinematics (Manal and Rose 2007).

2.2. Experimental procedures

2.4. Kinematic processing

Recording sessions lasted for approximately 18 min. Subjects
were asked to perform natural, comfortable, random

The sagittal-plane locations of the hand and shoulder markers
were identiﬁed in each frame of the video recordings using
2
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automated digitizing software. These data were then low-pass
ﬁltered at 6 Hz (sixth order, Butterworth, zero phase). Position
data of the hand were expressed in terms of a shoulder-based
coordinate system in which the shoulder marker represented
the origin. The x (horizontal) and z (vertical) components
of the hand marker were scaled by the maximal displacement
of the hand detected over the entire recording session. Single
and double differentiation of the x- and z-components of
the processed hand-position data were performed to obtain
horizontal and vertical velocities and accelerations of the hand.

2.6. Unsupervised Bayesian density estimation
For this model, the joint probability distribution between
the EMG signal and kinematic state for each muscle was
determined from the training data (the characteristics of
the training data sets are described in detail below). This
distribution was then conditioned, according to Bayes’
theorem, on a prior distribution, which took into account
the kinematic state at previous time steps. The prior was
constructed by low-pass ﬁltering the kinematic data with
a 15-sample (0.5 s) linear-ramped window. In this way,
a linearly decreasing amount of information from the past
was represented in the kinematic state at any given time
point. The inclusion of data from multiple time points and
the dimensionality reduction of the input vector by PCA
represent major differences between our Bayesian model and
that used previously by Anderson and Fuglevand (2008). A
joint probability density distribution between the time-shifted
version of the kinematics and the EMG activity was then
determined. Thus, the total probability distribution was

2.5. Probabilistic models
Three model architectures were used to represent different
classes of probabilistic regression:
Bayesian density
estimation, polynomial curve ﬁtting and a neural network.
These categories were selected because they are commonly
used for science and engineering applications. Furthermore,
Bayesian density estimation has been used previously by
Seifert and Fuglevand (2002) and Anderson and Fuglevand
(2008) to predict patterns of muscle activity. Polynomial curve
ﬁtting was included because it is a simple method to establish
a predictive relationship. Finally, we chose to use a neural
network partly because neural networks have been used to ﬁt
the forward problem, namely to predict kinematics from EMG
signals (Au and Kirsch 2000, Cheron et al 1996, Koike and
Kawato 1995), and partly because neural networks have been
extensively used to solve a variety of nonlinear problems.
All of the models that we tested relied on some
dimensionality reduction as a way to mitigate the problem
of inter-dependent input variables while at the same time
reducing the computational burden of the algorithms. To this
end, we applied a principal components analysis (PCA) to
the kinematic input vector. PCA is a linear transformation
that uses the covariance of the variables to ﬁnd the optimal
linear reduction of the data from m dimensions down to n
dimensions. While the principal components are uncorrelated
with each other, they are only linearly independent if all of
the variables have a Gaussian distribution. If the data sources
are normally distributed, then they are completely described
by their second-order statistics, and PCA provides the optimal
separation of the data (Hyvarinen 1999). Dimensionality is
reduced by choosing the ﬁrst n components.
We constructed a six-dimensional vector composed of the
horizontal and vertical positions (x, z), velocities (vx , vz ) and
accelerations (ax , az ) of the hand to represent the kinematic
state of the limb. Depending on the data set, the ﬁrst
principal component accounted for 40–70% of the variance
in the full kinematic vector. Inclusion of additional principal
components (PC) dramatically increased the computational
load, particularly for the Bayesian-based model, without
markedly increasing prediction accuracy. Therefore, the ﬁrst
principal component was used as the input for all of the
algorithms. In some test cases (see section 3), we quantiﬁed
the effect of including higher-order principal components on
the ability of the models to predict EMG.

P (EMGj |Kin) =

P (Kin|EMGj ) · P (EMGj |KinTS )
,
P (Kin)

(1)

where EMGj is the EMG activity of the j th muscle at a
particular instant in time, Kin is the ﬁrst principal component
of the kinematic state, and KinTS is the time-shifted version of
the reduced kinematic state. Predictions of EMG amplitude
for new kinematic inputs were made by ﬁnding the expected
value of P(EMGj |Kin) evaluated at each time point.
2.7. Polynomial curve ﬁtting
For this model, dimensionality of the kinematic data vector
was again reduced to the ﬁrst principal component. For
each muscle, EMG was plotted as a function of the reduced
kinematic parameter, and a third-order polynomial curve was
ﬁt to these points using linear least squares. A third-order
polynomial was used because it captured the dynamics of the
system without over-ﬁtting. Predictions of EMG amplitude
for new kinematic inputs were then made by evaluating the
polynomial at each time point.
2.8. Dynamic neural network
As for the other two models, the kinematic input vector
was reduced to one principal component. The training
data (described below) were mapped to zero mean and unit
amplitude representations. A feed-forward, time-delayed
neural network with four hidden layers was created using the
Matlab Neural Networks Toolbox. The ﬁrst hidden layer had
20 neurons, the second and third layers each had 9 neurons,
and the fourth layer had 20 neurons. The network was built
with two time delays; the kinematic vectors from the two
immediately preceding time points were included as inputs.
The network was fully connected so that in every layer all of
the neurons received all of the outputs from the previous-layer
neurons, or in the case of the input layer, all of the kinematic
inputs. Hyperbolic tangent sigmoidal transfer functions were
used for each of the hidden neuron layers. At the output
3
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the algorithms, were obtained from the same subjects. This
represents a best-case scenario for prediction because subject
differences in the relationship between EMG and kinematics
do not contaminate predictions. For the other form, referred
to as across-subject training, data recorded from each subject,
in turn, were used to train the algorithms, while data obtained
from the other subjects were used to test the predictions of
the algorithm. This form of training provides a more realistic
evaluation of the probabilistic approaches associated with the
development of an FES controller, which by necessity, would
need to be trained on able-bodied subjects and deployed in
paralyzed individuals.
For within-subject training, multiple training and testing
sets were extracted from the ∼18 min (1100 s) time series
by designating different sections of the data as testing and
training data. Each testing set consisted of 100 s of data; the
rest of the data set (excluding the testing data) was used as
the corresponding training data (about 1000 s). In the ﬁrst
‘trial’, the initial 100 s were used as the test data and the
subsequent 1000 s were used as training data; in the second
trial, the second 100 s were used as the test data and the ﬁrst
100 s plus the last 900 s were used as training data; in the
third trial, the third 100 s were used as the test data and the
ﬁrst 200 s plus the last 800 s were used as the training data,
etc. In this way, 11 non-overlapping trials were extracted from
each full data set. For the across-subject training, the full data
set collected from one subject was used as the training data,
and the 11 non-overlapping 100 s partitions of data from each
of the other subjects were used as the test data. In repeated
runs, each subject in turn provided the data that served as the
training set.
Two performance metrics were used to quantify the
quality of the predictions made by each model; the squared
correlation coefﬁcients (r2 ) and the root-mean-squared (RMS)
error. The r2 value, or the coefﬁcient of determination,
indicates the amount of variance in the recorded EMG signal
that is explained by the predicted EMG signal. This measure
is not sensitive to the absolute amplitudes of the signals, but
rather it indicates how closely the activity patterns are matched.
This was our primary performance measure. The secondary
metric, RMS error, represents the average difference in the
amplitudes of the two signals at every time point. RMS
error values are expressed in terms of normalized EMG units,
namely, as a percentage of the peak EMG detected during the
18 min recording. A highly accurate prediction will have an r2
value approaching one and an RMS-error value approaching
zero. These two performance indicators were calculated for
each muscle over each trial, where a trial indicates a 100 s
segment of test data. The r2 and RMS error values were then
averaged across the 11 trials for each muscle and subject.
Repeated measures ANOVA was performed on r2 values
and on RMS-error values, using algorithm or muscle as
factors. This was done separately for predictions based
on within-subject training and for predictions derived from
across-subject training. The main goal of this analysis was
to determine if certain algorithms were more effective at
predicting EMG from kinematics than others. A secondary
goal was to ascertain whether EMG signals were better

layer, the 20 neurons were fully connected to the 12 muscle
outputs with a linear transfer function. The network was
initialized with random weights and biases and trained for 100
iterations using gradient descent with momentum weight and
bias learning function, the resilient backpropagation training
function and a mean-squared error performance function.
After the network was trained, new predictions were made
by preprocessing the testing data in the same way as the
training data and ﬁnding the output of the network. Predictions
were low-pass ﬁltered with a 10-point moving average ﬁlter
to remove high-frequency deﬂections. This ﬁnal ﬁltering step
was not necessary for the other two models as the outputs were
already highly smoothed.
The particular architecture of the neural network used here
was chosen based on an iterative approach that began with a
single layer network with one neuron and then progressively
increased the number of neurons to 100. Each network was
trained ﬁve times and used to predict a novel data set. The
average error was found for each network and the approximate
number of neurons at which the average error did not appear to
continue to improve appreciably (based on visual inspection)
was selected. An additional layer was then added to the
network, and the same iterative process was performed on
the new layer. This was repeated for all four layers of the
network and for the delay parameter (which ran between 0 and
10). On this basis, we ended up with a ﬁnal network with 20
neurons in the ﬁrst layer, 9 neurons in the second and third
layers, 20 neurons in the fourth layer, and two time delays.
2.9. Over-ﬁtting
It is possible that a model may over-ﬁt the speciﬁc data set used
for training, and thereby may begin to predict noise in the
training set rather than tracking the underlying relationship.
To determine if the Bayesian or polynomial models were
over-ﬁt to the training data, a portion of the training data
was reserved as a validation set and not used in the training.
After the model was trained, predictions were generated for a
series of randomly chosen portions of the training set and the
validation set. For both the Bayesian and polynomial models,
the prediction errors for the training data and the validation
data were not different from one another, suggesting that the
models were not over-ﬁt. Likewise for the neural network, a
portion of training data was set aside to serve as a validation set.
For each iteration of training, the ability of the neural network
to predict the validation set was assessed. If the predictions
of the validation set stopped improving, then training was
halted (called ‘early stopping’). The network, however, always
reached the maximum number of training epochs before it was
terminated by early stopping.
2.10. Data analysis
Kinematic and EMG data were recorded from ﬁve able-bodied
male volunteers during approximately 18 min of random arm
movements in the sagittal plane. Analyses were carried out
using two compositional forms of training data. For one
form, which we refer to as within-subject training, the data
used to train the algorithms, and the data used for testing
4
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predicted for some muscle than others. Post-hoc analyses
using pair-wise multiple comparisons were carried out using
the Holm–Sidak method (Holm 1979). Data are reported as
means (±SD) and the level chosen for signiﬁcance in the
statistical tests was p < 0.05.
Finally, based on these statistical analyses and the mean
values of r2 and RMS error, we identiﬁed one algorithm
that yielded the best predictions of EMG from kinematics.
We then tested the general capacity of that algorithm to
make predictions on a new data set that involved threedimensional arm movements. EMG data from the same
12 muscles monitored for the planar-movement experiments
were recorded for 15 min while a male subject made
random movements of the hand in the three-dimensional
seated workspace. The subject was encouraged to include
supination/pronation, ﬂexion/extension and ulnar/radial
deviation movements at the wrist during this task. Threedimensional (x, y, z) position data as well as pitch, roll
and yaw orientations of the hand were recorded using
small electromagnetic sensors (Liberty System, Polhemus,
Colchester, VT, USA) attached to the back of the hand and
to the shoulder. EMG and kinematic data were then processed
as described earlier. For this three-dimensional data set,
the inputs to the model consisted of the positions, velocities
and accelerations (x, y, z, vx , vy , vz , ax , ay , az ) as well as the
pitch, yaw and roll orientations of the hand. This 15 min data
set was broken into multiple trials in the same way as described
earlier for the two-dimensional experiments, which yielded a
total of seven testing/training sets.
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3. Results
3.1. Within-subject training

0
20 s

Examples of within-subject training predictions generated by
the three models are shown in ﬁgure 2 for three different
muscles, triceps brachii (ﬁgure 2(A)), pectoralis major
(ﬁgure 2(B)) and anterior deltoid (ﬁgure 2(C)). In each panel,
the black traces indicate the actual EMG recorded during a
single 100 s trial, and the red traces indicate the predicted
signals based on hand kinematics. Within each panel, the
actual EMG signal is replicated three times to aid in visual
comparison to each of the predicted signals. The probabilistic
model used for each prediction is indicated immediately above
each trace pair, and the associated coefﬁcient of determination
(r2 ) between predicted and actual EMG is shown for each
case. All three models performed reasonably well in that
the predictions matched both the amplitude and the temporal
dynamics of the recorded signal. This was especially the case
for the triceps brachii (ﬁgure 2(A)) and for the anterior deltoid
(ﬁgure 2(C)). As has been reported previously (Soechting and
Flanders 1997, Anderson and Fuglevand 2008), predictions
for pectoralis major were not as good as for other shoulder
muscles, likely because of the limited activity of this muscle
in the performance of unloaded movements. For all three
muscles, the neural network performed slightly better than
either of the other two algorithms.
Figure 3(A) shows the r2 values, averaged across the
ﬁve subjects, for each muscle and for each algorithm based

Figure 2. Within-subject training predictions for three muscles.
Example predictions made by each of the models (Bayesian density
estimation, polynomial curve ﬁtting and dynamic neural network)
for triceps brachii (A), pectoralis major (B) and anterior deltoid (C).
All three muscles were recorded simultaneously in the same subject;
the models were trained by different data recorded from that same
subject. The black lines correspond to the actual EMG and the red
lines correspond to the predicted EMG. Within each panel, the
actual EMG signal is replicated three times to aid in visual
comparison to each of the predicted signals. The coefﬁcient of
determination (r2 ) between predicted and actual EMG is shown for
each case. The triceps brachii and the anterior deltoid were better
predicted than the pectoralis major. In every muscle, the neural
network made better predictions than the other two models. Vertical
scale—% peak EMG.

on within-subject training data. For clarity, the standard
deviations are not depicted here. Likewise, ﬁgure 3(B) shows
the averaged RMS errors for each muscle and algorithm.
Overall, there was a general tendency for the neural network
to predict EMG with slightly higher r2 values (ﬁgure 3(A))
and with modestly lower RMS errors (ﬁgure 3(B)). Analysis
of variance indicated a signiﬁcant effect of algorithm (p <
0.001) on r2 values and RMS error for the within-subject
predictions of EMG signals. The average r2 values for the
three algorithms were 0.34 ± 0.04, 0.32 ± 0.03 and 0.36 ±
5
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Figure 3. Mean r2 values (A) and mean RMS errors (B) averaged across the ﬁve subjects, for each muscle (abbreviations as used in
ﬁgure 1) and for each algorithm (Bayesian density estimation: circles, polynomial curve ﬁtting: triangles and dynamic neural network:
squares) based on within-subject training data. For clarity, the standard deviations are not depicted. (C) Mean (SD) r2 values and (D) RMS
errors between predicted and actual EMG signals for three prediction models (Bayesian density estimation, polynomial curve ﬁtting,
dynamic neural network) based on within-subject training. The neural network yielded signiﬁcantly larger r2 values (A) and lower error
values (B) than the other two methods (∗ p < 0.01).

0.04 for the Bayesian density estimation, the polynomial curve
ﬁt and the neural network, respectively (ﬁgure 3(C)). Post-hoc
analysis indicated that r2 associated with the neural network
was signiﬁcantly greater (p < 0.01) than that associated with
either of the other methods, and r2 for the Bayes method was
signiﬁcantly greater (p < 0.01) than that for the polynomial
method. Likewise, analysis of variance on RMS error
indicated a signiﬁcant effect of algorithm (p < 0.001). The
RMS error values were 11.7 ± 1.0, 11.7 ± 1.0 and 11.2 ±
1.1% peak EMG for the Bayes, polynomial and neural network
models, respectively (ﬁgure 3(D)). Post-hoc analysis indicated
that RMS error for the neural network model was signiﬁcantly
(p < 0.01) less than that of either of the other two models.
According to both assessment metrics (i.e. large r2 and small
RMS error), the performance of the neural network model was
marginally, though signiﬁcantly, better than the performance
of the other two.
As is evident in ﬁgure 3(A), the activities of some muscles
were better predicted than others. The order of the muscles
presented in this ﬁgure is roughly from most proximal to most
distal. The muscles that operate directly on the shoulder
appeared to be the best predicted (in terms of r2 values),
namely, anterior deltoid, teres major and posterior deltoid,
while the most distal muscles were least well predicted. This
is probably a function of the extent to which such shoulder
muscles were called upon to perform the type of movements

associated with the sagittal-plan task (Soechting and Flanders
1997). Analysis of variance indicated a signiﬁcant effect of
muscle on r2 (p < 0.001). Post-hoc analysis indicated that the
r2 value for anterior deltoid (Ant Delt) was signiﬁcantly greater
(p < 0.001) than that for Bra Rad, ECR and FCR. The only
other signiﬁcant (p < 0.001) pair-wise muscle comparisons
were between teres major (Ter Maj), and ECR and FCR.
There was no signiﬁcant effect of muscle, however, on RMS
error, with all muscles predicted with error of ∼10–13%
(ﬁgure 3(B)).
3.2. Across-subject training
To determine if the solutions generated by the probabilistic
models were transferable across subjects, training data
acquired from each subject were used to predict EMG signals
in the other subjects. Due to an incompatible position
reference scheme used with the ﬁrst subject, only four of
the original ﬁve subjects’ data were included in this analysis.
Figure 4 shows examples of the across-subject predictions
for each of the three algorithms. The same muscles and test
trial are shown in ﬁgure 4 as in ﬁgure 2 to enable comparisons
across the two forms of training data. Not surprisingly, in these
examples, the r2 values tended to be smaller for the acrosssubject training predictions (ﬁgure 4) compared to the withinsubject training (ﬁgure 2), with the exceptions of anterior
6
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(A)

a weak tendency for EMG predictions based on the neural
network to exhibit higher r2 values and lower RMS errors,
these differences were not signiﬁcant (p = 0.124 and p =
0.061, respectively).
The pattern of prediction accuracy for the different
muscles based on across-subject training was generally
consistent with that which was observed for the within-subject
training predictions. Muscles operating primarily on the
shoulder and scapula were better predicted (i.e. higher r2
values, ﬁgure 5(A)) than those acting on the elbow, which
in turn, tended to be more accurately predicted than those
acting at the wrist.
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3.3. Kinematic representation
We applied PCA to the original kinematic input vector as a way
to reduce the computational load and to avoid the problem of
lack of independence among the kinematic variables. For
all of the algorithms tested, we used only the ﬁrst principal
component of the full kinematic vector. Figure 6(A) shows an
example of a short time segment of test data depicting the ﬁrst
principal component (red trace) repeatedly overlaid upon each
of the corresponding kinematic-variable traces. About half
way through this example, the subject paused brieﬂy with the
arm pendant at their side before continuing with movements.
In this example, there was a high correspondence between
the ﬁrst principal component and the horizontal position of
the hand. Indeed, as shown in ﬁgure 6(B), the weighting
coefﬁcients for the ﬁrst principal component were largest for
the horizontal (x) position and next largest for the vertical (z)
position of the hand in all subjects. In addition, there was
a remarkable consistency across the ﬁve subjects in terms of
the pattern of weighting coefﬁcients associated with the ﬁrst
principal component. Overall, these results indicate that for
these sagittal plane movements, the horizontal position of the
hand was the dominant kinematic feature.
In order to evaluate the effect of including higher-order
principal components on the ability of the models to predict
EMG, we re-performed the analyses on the within-subject
training data using the ﬁrst two principal components of the
kinematic vector rather than just the ﬁrst. Inclusion of two
principal components had no signiﬁcant effect when using the
Bayes algorithm on the average r2 value (0.29 ± 0.07, p = 0.18,
paired t test) or RMS error (12.2 ± 0.6%, p = 0.26) compared
to that in which only the ﬁrst principal component was
used (see section 3.1). In contrast, prediction accuracy
improved signiﬁcantly (p < 0.01, paired t tests), in terms
of increased r2 values and lowered RMS errors, when using
two principal components compared to one for the polynomial
algorithm (r2 = 0.40 ± 0.04; RMS error = 10.8 ± 1.0%)
and for the neural network (r2 = 0.42 ± 0.05; RMS error =
10.6 ± 1.2%). Therefore, as might be expected, additional
information tends to increase the accuracy of the predictions,
at least for the polynomial and neural network algorithms.
The probable reason that the Bayes algorithm failed to show
improvement was that there were insufﬁcient data in the
training set to fully characterize the increased dimensionality
of the kinematic space.
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Figure 4. Across-subject training predictions for three muscles.
Example predictions made by each of the models (Bayesian density
estimation, polynomial curve ﬁtting and dynamic neural network)
for triceps brachii (A), pectoralis major (B) and anterior deltoid (C).
The format and the example trials are the same as for ﬁgure 2. As
before, all three muscles were recorded simultaneously in the same
subject; however, the predictions shown here were made by models
that were trained on data recorded from a different subject. The
accuracy of the across-subject training predictions was not as high
as for the within-subject training predictions, but the overall pattern
of predictability was the same: triceps brachii and anterior deltoid
were predicted better than pectoralis major and the neural network
tended to make the best predictions for all three muscles.

deltoid, which was predicted with more or less equivalent
accuracy for the two sources of training data.
Figures 5(A) and (B) show the r2 values and RMS errors,
averaged across four subjects, for each muscle and for each
algorithm based on across-subject training data. Overall,
predictions were not as accurate for across-subject training (r2 :
0.24 ± 0.04, 0.26 ± 0.01, 0.28 ± 0.01; RMS error: 14.8 ± 0.7,
14.4 ± 0.4, 14.1 ± 0.2% peak EMG, for Bayes, polynomial
and neural network algorithms, respectively) (ﬁgures 5(C) and
(D)) as compared to within-subject training. While there was
7
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Figure 5. Mean r2 values (A) and mean RMS errors (B) averaged across four subjects, for each muscle (abbreviations as in ﬁgure 1) and for
each algorithm (Bayesian density estimation: circles, polynomial curve ﬁtting: triangles and dynamic neural network: squares) based on
across-subject training data. For clarity, the standard deviations are not depicted. (C) Mean (SD) r2 values and (D) RMS errors between
predicted and actual EMG signals for three prediction models (Bayesian density estimation, polynomial curve ﬁtting, dynamic neural
network) based on across-subject training.

3.4. Model selection

of across-subject predictions of the neural network model for
a series of ten repeated reaching movements to one of three
targets in the sagittal plane (a high target, a middle-height
target and a low target). For each reaching movement, the
subject started from a rest position with the arm pendent,
and then reached to a self-speciﬁed location as if touching
a target (though no real target existed) with the arm fully
extended, and then returned the hand to the starting position.
For the high target (ﬁgure 7(A)), subjects reached to a location
above the head and in front of the body; for the middle
target, subjects reached to a location about shoulder level
(ﬁgure 7(B)), and for the low-reaching task, subjects reached
to a location about knee level (ﬁgure 7C). As seen for random
movements (ﬁgures 2 and 4), predictions were best for the
anterior deltoid and triceps, and not as good for pectoralis
major (ﬁgure 7). Therefore, as was shown previously
by Fuglevand and Anderson (2008), predictions of EMG
activity for episodic reaching movements are similar to those
associated with continuous random movements.

One of the objectives of this study was to choose the most
appropriate model for predicting EMG amplitude given the
trajectory of the hand. Our results indicate that all three
models were effective. However, the neural network model
performed signiﬁcantly better according to both r2 and RMS
error metrics on the within-subject training predictions, and
there was a non-signiﬁcant trend towards better predictions
for across-subject training. Furthermore, as indicated above,
it may be desirable to increase the dimensionality of the
input vector, particularly when attempting to predict more
complex movements or movements in three dimensions by
including higher-order principal components. The inclusion
of additional components is readily accomplished with the
neural network but is computationally taxing for the other
methods. On the basis of slightly better predictions and
practical considerations related to computational efﬁciency
when dealing with higher dimensionality, we chose the neural
network algorithm as the best model for this type of prediction
task.

3.6. Three-dimensional test
In order to test whether the neural network algorithm would
be as effective for predicting more complex movements, a
three-dimensional data set was also recorded and analysed. In
this experiment, the subject made a series of unconstrained
arm movements, including free wrist movements, in three

3.5. Reaching task
As an extra validation and to provide a reference for
comparison to other work, we used the neural network to
predict simple reaching movements. Figure 7 shows examples
8
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Figure 6. (A) Example time segment depicting the ﬁrst principal
component (red trace) repeatedly overlaid upon each of the
corresponding kinematic-variable traces. (B) The weighting
coefﬁcients for the ﬁrst principal component (PC) associated with
each of the six kinematic parameters in the original input vector. For
each kinematic variable, each dot represents the value of the ﬁrst PC
coefﬁcient for a single subject.
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Figure 7. Examples of across-subject predictions of activities of
three muscles (triceps brachii, pectoralis major and anterior deltoid)
based on the neural network model for a series of ten repeated
reaching movements to one of three targets in the sagittal plane: a
high target (A), a middle-height target (B) and a low target (C). The
black lines correspond to the actual EMG and the red lines
correspond to the predicted EMG.

dimensions. Surface EMG signals from the same set of
muscles were recorded. At the same time, the pitch, yaw
and roll, and the positions (x, y, z), velocities (vx , vy , vz ) and
accelerations (ax , ay , az ) of the hand relative to the shoulder
were measured. To deal with the increased complexity
introduced by these additional kinematic parameters, the
neural network was slightly modiﬁed. Dimensionality was
not reduced with PCA, and the number of neurons in the two
intermediate layers was increased from 9 to 20 each.
Figure 8 shows a small time segment of some of the
kinematic data (x, y and z positions of the hand) and processed
EMG signals from the 12 muscles recorded during this task.
Example predictions generated by this model are shown in
ﬁgure 9. In ﬁgure 9(A), the same three muscles depicted
in previous ﬁgures for two-dimensional movements (i.e.,
ﬁgures 2, 4 and 7) are presented for comparison. Predictions of
EMG activity for these three muscles during three-dimensional
movements were not as good as they were for those associated
with two-dimensional movements. On the other hand, some
other muscles were predicted better in three-dimensional

compared to two-dimensional movements. Examples of three
such muscles are shown in ﬁgure 9(B).
Figure 10 shows the mean (SD) of the r2 values for
all 12 muscles averaged across the seven test trials in
this subject. Overall, muscles that were well predicted
in the two-dimensional tests were not necessarily the same
muscles that were well predicted in the three-dimensional
tests. Most notably, the FCR, a wrist muscle, was the best
predicted muscle in the three-dimensional case while it was
the least well predicted for two-dimensional movements. This
difference can probably be attributed to the additional wrist
movements that were allowed in these tests; increasing the
proportion of the total movement that the muscle was directly
responsible for increased the predictability of the muscle from
the movement. When averaged across all muscles, the r2
value for predictions involving three-dimensional movements
9
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Figure 8. Example segment of training data recorded in one subject during three-dimensional random movements. (A) Hand trajectory
(X-axis: anterior/posterior, Y-axis: medial/lateral, Z-axis: superior/inferior relative to shoulder). (B) Rectiﬁed, ﬁltered EMG signals from
12 arm muscles. Scale bar for EMG signals is the same for all traces and represents 50% peak EMG (abbreviations as used in ﬁgure 1).
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EMG signals across different muscles using the neural network
applied to three-dimensional movements. The best predicted muscle
here (FCR) was the least well predicted for the two-dimensional
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4. Discussion
0

Previous studies have shown that probability-based models
can effectively predict EMG amplitudes given kinematic
parameters representing movements of the hand (Seifert and
Fuglevand 2002, Anderson and Fuglevand 2008). In this
study, we implemented three different types of probabilistic
regression models in order to determine which was best suited
to this type of prediction. The models were chosen to represent
different categories of prediction techniques commonly used:
Bayesian density estimation, polynomial curve ﬁtting and
neural networks. The speciﬁc structures and parameters of
each model were chosen to best accommodate our data set and
computational constraints. Our results strongly suggest that
among the models we tested, the dynamic neural network was
the most effective predictor of EMG activity, both within and
across subjects.

2

50%

FCR

r = 0.57

0
20 s

Figure 9. Predictions for three-dimensional movements made by
the neural network for (A) triceps brachii (top), pectoralis major
(middle) and anterior deltoid (bottom). These muscles are the same
as those shown for the two-dimensional examples in ﬁgures 2, 4,
and 7. The black lines are the recorded signals and the red lines are
the predicted signals. (B) Predictions for a different set of muscles:
latissimus dorsi (top), biceps (middle) and ﬂexor carpi radialis
(bottom), and posterior deltoid (bottom). These three muscles were
better predicted in the 3D experiments than they were in the 2D
experiments.

was 0.40 ± 0.18. The overall average RMS error for
predictions based three-dimensional movements was 5.9 ±
2.2% of peak EMG. Therefore, the neural network model
predicted, with good ﬁdelity, patterns of muscle activity based
on hand-trajectory information associated with complex threedimensional movements.

4.1. Comparison to previous models
The results of our two-dimensional, across-subject tests are
directly comparable to those reported by Anderson and
10
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Fuglevand (2008).
The predictions generated by their
maximum likelihood based model accounted for, on average,
24% of the variance (r2 = 0.24) in the recorded signal. Using
the neural network model, here we were able to achieve
an overall mean r2 value of 0.28. This represents a 17%
increase in overall prediction accuracy. In addition, we were
able to address some of the limitations of the Anderson
and Fuglevand model. For example, that model assumed
independence between all of the kinematic parameters. This
assumption was eliminated by dimensionality reduction in
the models tested here. The neural network model was also
expanded to deal with movements in three dimensions. A
high level of prediction accuracy was maintained (average
r2 = 0.40) in the three-dimensional tests; the predictability
of some muscles even increased with the introduction of
more degrees of freedom. This demonstrates the general
applicability of the model to predict muscle activity during
complex, unconstrained movements of the upper limb.

and with high ﬁdelity. Probability-based methods, therefore,
may be particularly well suited for these types of applications.
4.3. Limitations
While the neural network model presented here represents an
improvement upon the Anderson and Fuglevand model (2008),
the model is still limited in its application to many movements.
For example, the model does not predict the activity of muscles
controlling the digits due to the practical difﬁculty involved in
recording many additional muscles and kinematic parameters.
Theoretically, however, there is no reason why the model could
not be expanded to include ﬁnger movements when such data
become available. Additionally, the model does not presently
predict changes in muscle activity arising from interactions
with objects or external loading, but it should be possible to
incorporate information about contact forces into the model.
Finally, the model does not account for muscle fatigue. This is
a somewhat more difﬁcult problem to address since including
information about fatigue would require knowledge about
the physiological states of the muscles. Therefore, a more
complex network architecture ultimately may be necessary
for real-world implementations. Nevertheless, probabilistic
approaches show promise for predicting patterns of muscle
activity needed to produce complex movements.
Another limitation of the present study was that the
movements tested were relatively slow. Subjects were
instructed to move at a comfortable speed, and most adopted a
moderate pace of movement (see Anderson and Fuglevand
(2008)). Previous studies have shown that EMG activity
in the arm during slow movements primarily reﬂects a
postural component counteracting the effect of gravity (e.g.
Flanders and Soechting (1990), Flanders and Herrmann
(1992), Flanders et al (1996)). Consequently, the ﬁrst
principal component was dominated by the horizontal position
of the hand (ﬁgure 6). Little weighting was given to
coefﬁcients associated with higher-order kinematic parameters
(i.e. velocity and acceleration) suggesting these parameters
were not critical for the prediction of EMG signals in the
movements tested here. It seems likely that had we tested
movements of a more rapid or ballistic nature, higher-order
kinematic parameters would have played a more important
role in predicting EMG.
Related to practical implementation of the approach
outlined here to control an FES-based neuroprosthesis,
the pre-processing of the kinematic inputs, including
ﬁltering, scaling, differentiation and principal component
decomposition, represent non-negligible computational time.
This is especially true when the program is run in a highlevel application as it currently is. However, because
sampling rates are relatively low (30 Hz or less per
channel), there may be sufﬁcient time to carry out such preprocessing operations without introducing signiﬁcant delays.
Furthermore, in a clinical application, the ﬂexibility of a
software implementation might not be necessary, and some
of the delay could be recovered in hardware. Thus, we do
not believe that pre-processing presents a signiﬁcant barrier to
real-world applications.

4.2. Probability versus determinism
The three different types of models we tested were similar in
that they used a large set of training data to determine the most
likely level of EMG activity given the kinematic state of the
hand. The advantage conferred by the neural network derives
from basis functions that are adapted to the particular form of
training data—which is a feature of all neural networks—
and also from the high level of complexity incorporated
into this particular network architecture (many neurons in
multiple layers). However, all of the models performed
reasonably well. This ﬁnding is particularly striking when
compared to the performance of deterministic models. These
models use inverse dynamics in an attempt to predict muscle
torques or muscle activity based on kinematics and physical
characteristics of a limb. Such deterministic approaches tend
to be complex, typically including a large number of input
parameters corresponding to the physical states of the arm and
physiological properties of the muscles. For example, Blana
et al (2008) developed a three-dimensional musculoskeletal
model of the upper limb that included 6 bones, 5 joints and
29 muscles. Several elements were used to represent each
muscle. Parameters included the positions of joint centres,
inertial parameters of the body segments, physiological crosssectional area of the muscles and pennation angle of every
muscle element. This impressive model generated EMG
predictions based on limb kinematics with an average r2 value
of 0.21, which is less than what we obtained here using
relatively simple probabilistic methods.
Probabilistic models, however, work as ‘black boxes’
in that they do not provide information about the physical
mechanisms responsible for EMG production. Indeed, one
important advantage of deterministic models is that they
readily enable predictions of motor function associated with,
for example, changes in tendon insertion location as might
occur with tendon transfer surgery or the outcome associated
with stimulating a subset of muscles in a paralyzed limb (Blana
et al 2008). However, for some FES applications, it may be
more important to be able to predict activity patterns efﬁciently
11
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All three components of the device that we envision
are, therefore, established to some degree. The signiﬁcant
challenge that remains is to link these three components
together into a uniﬁed system that re-establishes functional
communication between the brain and muscles to restore
voluntary movements in paralyzed individuals.

4.4. Application to neuroprosthetics
The long-term objective of this study is to develop a
ﬂexible means to control muscle stimulation in an FES-based
neuroprosthetic. We envision a three-component system in
which (1) the user’s intended movement is identiﬁed from
recordings of activity in the cerebral cortex, (2) such intended
movement is translated into a corresponding pattern of muscle
activities, and (3) the predicted patterns of muscle activity are
realized as a movement of the limb by electrical stimulation
of the muscles. Some experimental evidence is available to
support, in concept, each of these components. For example,
related to the ﬁrst component, it is known that during actual
or imagined movements, the collective activity of populations
of neurons in motor regions of the cerebral cortex appears to
provide a moment-by-moment representation of the planned
trajectory of the limb (Georgopoulos et al 1989, Schwartz
1993, Moran and Schwartz 1999, Schwartz and Moran 1999).
Similar information has also been shown to be derived from
local ﬁeld potentials (Mehring et al 2003, Rickert et al
2005, Scherberger et al 2005), electrocortigrams (Leuthardt
et al 2004, Pistohl et al 2008) and even from surface EEG
signals (Wolpaw and McFarland 2004, Waldert et al 2008).
Furthermore, this information can be used to control external
devices and to interact in real time with the environment
(Chapin et al 1999, Wessberg et al 2000, Serruya et al 2002,
Musallam et al 2004, Velliste et al 2008).
Related to the second component, we have shown here
that given the desired trajectory of the hand, the time-varying
activity patterns in a large number of muscles controlling
the upper limb can be predicted. It remains to be seen
how effectively these predicted EMG patterns can then be
transformed into the desired hand trajectory evoked through
electrical stimulation (i.e. the third component). Small
prediction errors in each of the individual muscles could add
up to signiﬁcant deviations in the overall evoked movement.
Even if the EMG could be perfectly predicted for each
muscle, the evoked movements could vary widely across
subjects, especially in subjects having different biomechanical
properties of the limb. This might be particularly the
case for individuals with spinal cord injuries who present
with signiﬁcant muscle atrophy. Additional errors will
also be introduced in the transformation of EMG activity
into a comparable muscle ‘active state’ through electrical
stimulation. Seifert and Fuglevand (2002), however, were
able to evoke a set of desired ﬁnger movements using a simple
transfer function that converted predicted EMG signals into
frequency-modulated patterns of stimulus pulses in several
subjects. Furthermore, Hoshimiya et al (1989) showed
that complicated, coordinated movements of the arm could
be evoked in spinal cord injured patients using amplitudemodulated stimulus patterns derived from averaged EMG
patterns recorded in healthy subjects. Thus, with respect to the
third component, it is possible, at least in some cases, to convert
predicted patterns of muscle activity into trains of stimulus
pulses needed to evoke desired movements. We are currently
exploring ways to optimize this transfer function in order to
re-enact the active state of muscle as faithfully as possible
represented by EMG signals using electrical stimulation.
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Mimicking muscle activity with electrical
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Lise A. Johnson, Andrew J. Fuglevand

Abstract—Functional electrical stimulation (FES) is a way to
restore some functionality to the upper limb following spinal
cord injury. Due to the difﬁculty in identifying the spatiotemporal patterns of muscle stimulation needed to elicit complex
movements, existing FES-based devices provide only a few preprogrammed outcomes. One way to overcome this limitation is to
predict the EMG based on the kinematics of the hand. However,
this requires a transfer function to convert the predicted EMG
into an electrical stimulation pattern. Here we develop such a
transfer function that maps EMG activity into a stimulation
pattern that modulates muscle output by varying both the pulse
frequency and the pulse amplitude. We show that the stimulation
patterns produced by this transfer function mimic the active state
measured by the EMG insofar as they can be used to reproduce
the force or displacement output associated with the EMG. These
results suggest that using the kinematic state to predict muscle
activity, and then converting this activity to a stimulation pattern
could provide the basis for ﬂexible control of FES based devices.

I. I NTRODUCTION

F

UNCTIONAL electrical stimulation (FES) is a rehabilitative technology that serves to restore some degree of
motor function in paralyzed individuals following spinal cord
injury or stroke. FES devices take advantage of the retained
electrical excitability of the motor axons that innervate most
paretic muscles. This residual structure allows for the induction of muscle contraction through artiﬁcial stimulation. By
stimulating combinations of muscles with a speciﬁc temporal
pattern, functional motor responses can be elicited. However,
identiﬁcation of such stimulation patterns is difﬁcult because
even simple movements involve multiple muscles acting across
multiple joints [1]. Thus, a major barrier to implementing
ﬂexible control of FES is identifying the complex spatiotemporal patterns of muscle stimulation needed to evoke a
large repertoire of movements.
Existing upper-limb FES systems focus on providing a
few motor behaviors such as lateral and palmar grasp of
the hand [2]. These behaviors are operationally deﬁned by
contact forces and segment positions, not by muscle activity
per se. Typically, a rule-based approach is used to identify
the ﬁnal stimulus patterns needed to produce these behaviors
[2] although automated methods have been attempted [3]. For
each muscle, threshold levels (minimum and maximum) of
the controlled stimulus parameter (stimulus pulse duration,
amplitude, or frequency) are ﬁrst determined, and stimulus
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intensity is then varied as a piece-wise, and muscle speciﬁc
linear function of a command signal between the two threshold
levels. The command signal is derived from a motor function retained by the patient (such as shoulder movements or
electromyographic activity from an unaffected muscle, [2],
[4]). The stimulation patterns across muscles are then tuned
to produce the desired outcome (position, grip force, etc.).
Once the stimulation patterns are identiﬁed, they are stored
and subsequently triggered and ”played out” in proportion to
the magnitude of the command signal.
Another approach has been to use electromyographic
(EMG) signals recorded in able-bodied subjects as activity
templates that can be turned into stimulation patterns [5].
The minimum and maximum current levels are determined,
and the time-varying EMG signals are linearly mapped to a
designated stimulation parameter. This approach is particularly
useful when the number of muscles to control is large, as
is the case for high-level spinal cord injuries. An additional
advantage to this method is that it captures the complex
co-activation of prime movers, synergists, antagonists, and
stabilizers thought to contribute to smooth, well-controlled
movements [6]. However, the number of allowed behaviors is
still limited to the speciﬁc set of behaviors that are recorded.
A variation on this method is to predict, rather than record,
the muscle activity associated with a desired movement [7]–
[9]. Using probabilistic approaches it is possible to identify
complex patterns of muscle activity associated with natural
movements of the upper limb (stage 1, Fig. 1). The number
of different behaviors that can be identiﬁed with this method
is theoretically unlimited. The challenge with this approach,
as well as with the approach used by [5], relates to how to
convert a recorded or predicted pattern of muscle activity into
an appropriate stimulus pattern that mimics, to a reasonable
degree, the associated time-varying active state of the muscle
(Fig. 1, stage 2). The primary purpose of this study, therefore,
was to develop a transfer function that transforms predicted
EMG signals into stimulation patterns that evoke desired motor
behaviors with reasonable ﬁdelity. A secondary goal was to
design the transfer function such that it was generalizable
across muscles, subjects, and motor tasks in order to minimize
the laborious process that would otherwise be necessary to
identify such stimulus templates.
II. M ETHODS
A. Overview
The objective of this experiment was to artiﬁcially recreate
the active states of muscles associated with voluntary motor
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behaviors using electrical stimulation. The normalized amplitude of the rectiﬁed EMG signal was used as a measure of
muscle active state during voluntary activity [10]–[12]. The
output measured in response to particular patterns of muscle
activity (either naturally occurring or electrically induced)
was the isometric torque generated about a single joint. We
used the interphalangeal joint of the thumb for this purpose
as it is controlled by a single extensor muscle (extensor
pollicis longus, EPL) and a single ﬂexor muscle; ﬂexor pollicis
longus, FPL), and therefore, we could readily record from and
stimulate the main muscles that act at the joint.
An overview of our experimental design is depicted in
Figure 2 (details are provide in subsequent sections). For
each muscle, we ﬁrst determined the relationship between the
intramuscular EMG magnitude and the torque generated at
the interphalangeal joint (Fig. 2A). Next, we determined the
relationship between the electrical stimulation parameters (in
terms of current pulse amplitude and pulse frequency) and
torque at the joint (Fig. 2B). Having established these two
relationships, and with torque as a common parameter, we
were able to identify a direct transfer function between EMG
and the stimulus parameters (Fig. 2C). We then used this transfer function to convert previously recorded or predicted EMG
signals associated with a desired motor behavior (Fig. 2D)
into a pattern of stimulus pulses that varied both in amplitude
and in frequency (Fig. 2E). The stimulus patterns associated
with each muscle were then delivered concurrently through
the intramuscular electrodes and the evoked torque pattern was
recorded and compared to the desired pattern.
B. Electrode placement and torque recordings
Seven adult male subjects, each of whom gave informed
consent, participated in the study which was approved by the
institutional human subjects committee. The subject’s hand
and proximal phalanx of the thumb were immobilized in a
thermoplastic cast that was ﬁxed to a horizontal platform.
The cast held the hand in a position halfway between full
pronation and full supination. The distal phalanx of the thumb
was enclosed in a hemi-cylindrical ﬁtting and a Velcro strap
secured the digit in the ﬁtting. The ﬁtting was attached to
a force transducer aligned to measure ﬂexion and extension
forces of the distal segment of the thumb. The perpendicular
distance from the center of the interphalangeal joint to the
center of the ﬁtting was measured for each subject and used
to calculate joint torque.
EMG signals were recorded with hook-wire intramuscular
electrodes (stainless steel, 75 μm diameter, 3 - 4 mm denuded
of insulation) and referenced to surface electrodes placed
over the lateral epicondyle of the elbow. Prior to placement
of hook-wire electrodes, muscle locations were identiﬁed by
stimulating at 1 Hz through a tungsten microelectrode ( 5
μm tip diameter, 250 μm shaft diameter) inserted through
the skin and directed toward the target muscle. When the
evoked responses were consistent with the actions of the target
muscle, the tungsten electrode was removed and the hook-wire
electrode was inserted in the same location, using the same
angle of penetration and to the same depth with a hypodermic
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needle (27 gauge). The hypodermic needle was then removed
leaving the hook-wire in place. The placement of the hookwire electrode was then veriﬁed with stimulation. Tungsten
electrodes were not used other than to identify the locations
of target muscles because they proved to be too mechanically
unstable for the present experiments.
The force transducer signal was sampled at 1000 Hz. The
EMG traces were differentially ampliﬁed by a factor of 1000,
band-pass ﬁltered between 100 and 1000 Hz and sampled at
2000 Hz. In addition, acquisition software (Spike2, Cambridge
Electronics Design) was used to remove DC offset and to fullwave rectify and low-pass ﬁlter EMG signals at 50 Hz. In offline (but within-session) processing, EMG signals were further
moving-average ﬁltered with a 0.25 s window (4 Hz) and
down-sampled to 1000 Hz to match the sampling frequency
of the force trace.
C. EMG-torque mapping
Once electrodes were in place in FPL and EPL, subjects
were asked to perform two maximum voluntary contractions
(MVC) of thumb ﬂexion and thumb extension. The trials associated with the largest torque in each direction were considered
the MVCs. These trials were followed by a series of isometric
contractions during which force was slowly increased and
then held constant for about 2 s at one of several levels of
increasing magnitude up to approximately 50% MVC in both
the ﬂexion and extension directions. Approximately 5 s of rest
was provided between each contraction to a different force
level. Mean torque and rectiﬁed EMG values measured over a
1 s window for each step were then normalized to their MVC
values. The relationship between EMG and torque was ﬁt with
a second-order polynomial using the least squares method.
D. EMG templates
Our objective was to recreate via electrical stimulation the
output force associated with recorded EMGs. To test whether
this was possible, we recorded a set of template EMGs which
could be converted into stimulus patterns. During voluntary
ﬂexion or extension of the distal phalanx of the thumb EMG
from FPL and EPL were simultaneously recorded with the
torque that was produced around the joint. Thus, a single template consists of two EMG traces (one for each muscle) and an
output force trace. A variety of voluntary ’test’ behaviors were
recorded, each behavior constitutes one template. Four different isometric test behaviors were performed by each subject:
ﬂexion to different target torques, extension to different target
torques, slow ﬂexion-extension oscillations, and fast ﬂexionextension oscillations. For these tasks, subjects exerted torque
to match a target trace displayed on a computer monitor. Target
torques were scaled to each subject’s maximum voluntary
contraction (MVC) torque; torque targets did not exceed 20%
of MVC. Subjects were given several practice trials.
E. Current-torque mapping
We experimentally determined the relationship between
stimulus current amplitude, stimulus pulse frequency, and the
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isometric torque around the joint (Fig. 2B). First, a working
range of current amplitudes was established. To do this, each
muscle was stimulated repeatedly with 2 s trains of 30 Hz
pulses (pulse width 0.5 ms) (Multichannel Systems). The
current amplitude was incremented by 0.1 mA for each train.
The minimum current amplitude that ﬁrst elicited a detectable
torque response was deemed the threshold current. As the
current amplitude was increased above threshold, typically the
torque initially increased steeply and then reached a plateau
beyond which no further systematic increases in torque were
observed. Therefore, we designated the smallest current that
elicited the maximum torque as the maximum current. This
process was repeated 2 - 5 times to evaluate the stability of
the range.
Once the current amplitude range had been determined,
a set of 75 randomly-generated combinations of stimulus
amplitude (between minimum and maximum current) and
frequency (between 10 and 50 Hz) was generated to sample the
amplitude/frequency space. This frequency range was selected
because it represents a typical range over which motor unit
force in hand muscles is modulated by stimulus frequency
[13]. Torque responses in each muscle were recorded during
repeated 2 s stimulation trains (0.5-ms width pulses, 3 s rest
between trials) with each train using one of the 75 different
amplitude/frequency combinations. In off-line automated processing, the baseline torque was removed, the average steadystate torque evoked by the stimulation was determined, and
the torque was normalized to the maximum torque elicited
by stimulation. Current amplitude was normalized so that
threshold current was set to 0 and maximum current was set
to a value of 1. The three-dimensional relationship between
evoked torque, current pulse amplitude, and stimulus pulse
frequency was then determined by ﬁtting the data with a 3rd
order by 3rd order polynomial surface using the least squares
method.
F. Stimulation patterns
For each test behavior, EMG signals were full-wave rectiﬁed, low-pass ﬁltered, normalized to the MVC EMG, and resampled using 100 ms intervals. For each time point and each
muscle, the derived transfer function (Fig. 2C) was used to
generate a combination of stimulus pulse-frequency and pulseamplitude (using 0.5 ms pulses) based on the EMG signals.
Because a desired EMG value corresponds to a curve in
stimulus amplitude/frequency space (dashed trace, Fig. 2C), a
unique combination of pulse frequency and current amplitude
was chosen by selecting the central value in the allowed
amplitude range and then identifying the corresponding stimulus frequency (ﬁlled circle, Fig. 2C). Pulse frequency values
were rounded to the nearest 1 Hz and amplitude values were
rounded to the nearest 0.1 mA.
Within the same experimental session, the predicted pulse
trains associated with each test behavior were delivered
concurrently to the two muscles through the intramuscular
electrodes using a programmable stimulator (Multichannel
Systems). Subjects were instructed to relax the hand and
thumb during stimulation while the evoked thumb torque
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was recorded. Subjects were not informed of the type of
test behavior elicited. Different test behaviors were evoked
in random order, and 3 - 5 trials were carried out for each
behavior.
G. Generalized transfer function
The experiments described above are based on an idealized
situation in which mapping functions are customized for each
subject, muscle, and electrode placement. Furthermore, derivation of some of the mapping functions involves recording
voluntary EMG and torque signals. Clearly, it would not be
possible to generate such mapping functions in a paralyzed
individual. Consequently, we developed a generalized transfer
function that relied only on identifying the minimum and
maximum threshold currents for each muscle. This generalized transfer function was derived from the normalized
torque/amplitude/frequency relationships obtained over several
recording sessions in one subject (subject A). Figure 3A shows
a brief example segment of data recorded in this subject,
and Figure 3B shows a complete data set obtained for one
recording session. In order to simplify this representation and
to facilitate merging data across sessions, we combined normalized pulse amplitude N ai and normalized pulse frequency
N fi into a single parameter that was simply the product of
the two parameters. We refer to this product as normalized
average current (N c based on the following line of reasoning.
In non-normalized units, the product of pulse amplitude and
pulse width yields charge/pulse. This value multiplied by
pulse frequency (i.e. pulse/s) yields a term that is numerically
equivalent to average current.
Figure 3 shows all the normalized current - torque data
obtained from all eight recording sessions of subject A. These
data were ﬁt with a rising exponential (solid line, Fig. 3B) in
the form T = Tm (1 − e−N c/q ) where T is the normalized
torque, Tm represents the maximum value of normalized
torque, e is the base of the natural logarithms, N c is the
normalized current, and q represents the amount of normalized
current associated with a 63% (i.e. 1 − e−1 ) increase in
normalized torque. The speciﬁc values of Tm and for the
curve shown in Figure 3B were 0.91 and 0.34 (r2 = 0.58,
p <0.0001).
For the generalized transfer function, the relationship between normalized torque and normalized current (shown in
Fig. 3C) was converted into a relationship between normalized
EMG amplitude and normalized current (Fig. 3D) using the
following simplifying assumption. For many muscles, the
relationship between torque and EMG amplitude is best ﬁt as
a linear function [14], [15]. Therefore, when torque and EMG
are normalized to their respective maximal values, a linear
relationship with a slope of 1.0 was assumed to provide a fair
approximation of the EMG-torque relationship for most muscles. Therefore, the normalized current - torque relationship
(Fig. 3C) was readily converted into an equivalent normalized
current - EMG relationship (Fig. 3D). Predicted or actual EMG
values were subsequently transformed into associated values of
normalized current (dashed arrow, Fig. 3D) using the derived
curve.
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To resolve a normalized current value into constituent
normalized amplitude and frequency values (all parameters
represent unitless values between 0 and 1.0), we used the
simple relationship N c = N a × N f . This did not provide an
unambiguous solution as multiple frequency/amplitude combinations satisfy this equation. In order to resolve this ambiguity
it was necessary to deﬁne a relationship between the normalized amplitude (N a) and the normalized frequency (N f ).
These two factors, in a coarse way, represent the modulation of
muscle ﬁber recruitment and rate coding, respectively, enacted
by electrical stimulation. Because natural muscle contraction,
particularly at levels less than 50% MVC, involves concurrent
recruitment and rate coding [16], we chose to introduce a
weighting factor, W , to represent the ratio of normalized
frequency to normalized amplitude, viz., W = N f /N a.
Therefore the relative contributions of recruitment and rate
coding to muscle output could be adjusted by changing the
value of W . A W value of 1.0 would simply imply that
modulation of contraction intensity comes about by varying
recruitment and rate coding in equal measure. Furthermore,
if this expression is rearranged to give N f = N a × W ,
then N c = W × N a2 or N a = (N c/W )1/2 . Nominally,
W was set to 1.0 such that for a given normalized current,
the values of normalized amplitude and frequency were the
same and equal to the square root of N c. For example, if
a desired normalized current had a value N c = 0.2, and
with W = 1.0, then N a = N f = 0.45. For some values
of W , it was possible that the calculated value for N a
or N f could exceed 1.0. In those cases, the value of the
parameter was set at 1.0. Then, based on the experimentally
identiﬁed minimum (Imin) and maximum (Imax) currents for
a particular electrode-muscle placement, the associated current
pulse amplitude (I) could be calculated from the expression:
I = Imin + N a(Imax − Imin ). Likewise, pulse frequency, F ,
was calculated from: F = Fmin + N f (Fmax − Fmin ), where
Fmin was the minimum frequency (10 Hz) and Fmax was the
maximum frequency (50 Hz).
For the generalized transfer function, once the minimum
and maximum currents were identiﬁed for each muscle, the
only parameter that required an input value was the weighting
factor, W . For most subjects, this factor was not adjusted
from its nominal value of 1.0. However, in some subjects,
better results were achieved (the contraction was more fused
and more comfortable) by biasing towards a higher frequency
contribution (i.e W > 1.0).
H. Testing the generalized transfer function
Predicted patterns of EMG activity based on the test motor
behaviors recorded from one subject only (subject A) were
used to generate stimulus patterns derived from the generalized
transfer function. These patterns were then delivered to other
subjects. The evoked motor behaviors in these subjects were
then compared to the original test behaviors recorded in subject A. This approach was taken in order to more realistically
approximate the situation in which a transfer function, which
is developed from recordings in able-bodied subjects, would
be deployed in paralyzed individuals.
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I. Evoking displacement outputs
In order to evaluate whether this method could be generalized to a different mechanical condition, we used the same
transfer function to recreate the muscle active states associated
with unloaded free movements of the distal segment of the
thumb. For these tests, the force transducer and coupling were
removed from the thumb and a light-weight electogoniometer
(Biopac, USA) was ﬁxed over the interphalengeal joint of the
thumb to measure angular displacement. The test behaviors,
recorded in subject A, involved ﬂexion-extension movements
of the interphalangeal joint during which angular displacement
and the EMG signals from the two muscles were recorded.
Because the transfer function was independent of mechanical
variables used to represent behavior, it was possible to transform the EMG signals recorded during free movements into
patterns of electrical stimulation based on the transfer function
originally derived from isometric contractions. The predicted
patterns of electrical stimulation were subsequently delivered
to the muscles in the other subjects and the evoked angular
displacement signals recorded.
J. Data analysis
We compared the evoked output (torque or displacement)
to the desired output (i.e. the torque or displacement that
was measured during the voluntary test behaviors) to assess
how well the active states of the muscle were recreated by
the stimulation. The similarity of the stimulated output to the
desired was assessed using two metrics: the coefﬁcient of determination (r2 ) and the root mean square error (RMSE). The
r2 measures the similarity in shape between the desired output
and the stimulated output, whereas the RMSE measures the
similarity in magnitude. A good outcome would be reﬂected
by a high r2 and a low RMSE. The baseline was subtracted
from both the desired and evoked response but the amplitude
was not normalized.
III. R ESULTS
For two of the six subjects tested (subjects E and F),
evoked torque responses deteriorated or ceased altogether over
repeated trials. We assume that this was due to migration of
electrodes out of the target muscles. Data from these subjects,
therefore, were excluded from the analysis.
A. Torque production with a subject-optimized transfer function
For three of the remaining subjects, the transfer functions
between EMG amplitude and stimulus parameters were individually determined. This involved characterizing the relationship between torque and EMG amplitude, and between
stimulus parameters and torque (see Fig. 2). This process was
performed independently for each muscle and the results were
used to derive an ideal transfer function for each electrode
placement.
These transfer functions were then used to generate stimulation patterns that were intended to re-create a set of desired
test behaviors, in this case, a set of isometric torque proﬁles.
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The EMG signals that were recorded during these voluntary
behaviors served as the inputs to the transfer function. Figure 4
shows an example of a desired torque proﬁle (Fig. 4A), the
associated EMG signals recorded from the thumb ﬂexor, FPL
(Fig. 4B), and from the thumb extensor, EPL (Fig. 4C). Also
shown in Figure 4 are the predicted stimulus patterns for
FPL (Fig. 4D) and EPL (Fig. 4E). The test behavior depicted
in Figure 4 was the slow ﬂexion/extension oscillation task
to target torque levels of ∼ 20% MVC. The asymmetry
between ﬂexor and extensor torques (in non-normalized units)
arose because of the substantially larger MVC torque for FPL
compared to EPL. Flexion torques were positive, and extension
torques negative.
Four isometric test behaviors were elicited: 1) a series of
ﬂexions, 2) a series of extensions, 3) slow ﬂexion/extension
oscillations, and 4) fast ﬂexion/extension oscillations. All
test behaviors involved some degree of co-contraction of the
two muscles, even those that were unidirectional . Each test
behavior was elicited three consecutive times. Figure 5 show
examples of the torque outputs elicited for each test behavior
in one subject. In each panel, the black traces are the repeated
evoked responses, and the red trace is the desired proﬁle.
The mean and standard deviation of the r2 and the RMSE
for each test behavior and for each subject using the optimized
transfer functions are shown in Figure 6. The average r2 over
all subjects and all behavioral conditions was 0.80 ± 0.09;
the corresponding average RMSE was 16 ± 4.1% of the full
range.
B. Torque production with a generalized transfer function
The above results indicate that it is possible to recreate, with
reasonable accuracy, the active state of muscles when their
individual properties and electrode placements of are known.
For spinal cord injured patients, however, it would not be
possible to experimentally measure the EMG/stimulation/force
relationship in each muscle. Thus, we developed a generalized
transfer function that might serve as an initial approximation
to enable EMG signals to be converted into stimulus patterns
for different muscles and individuals. This generalized model
was based on data collected over 8 sessions in one subject
(subject A).
The test behaviors were recorded in subject A and the
EMG signals recorded during these behaviors were used to
generate the stimulus patterns. These stimulus patterns were
subsequently delivered to FPL and EPL muscles in three
other subjects, and then again to subject A for comparison.
Therefore, the test behaviors were identical across subjects.
Each set of stimulus patterns was delivered three consecutive
times.
Figure 7 shows examples of the torque proﬁles elicited
for each test behavior in subject B based on the generalized
transfer function derived from data recorded in subject A.
In this subject (subject B), the evoked responses were quite
similar to the desired trajectories for all four types of test
behaviors. The average r2 and RMSE are shown in Figure 8
for each subject and test behavior. As expected, the best
predictions (i.e. largest r2 and smallest RMSE) tended to occur
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for subject A, the subject from whose data the original transfer
function was derived. Across these four subjects and four
behaviors using the generalized transfer function, the average
r2 value was 0.78 ± 0.13 and the corresponding average
RMSE was 31 ± 19.5% of full range.
C. Evoked movements with generalized transfer function
The same generalized transfer function used to evoke isometric torque proﬁles was also used to elicit desired movement
(angular displacement) proﬁles. The four subjects in whom
isometric behaviors were elicited were used for evoking angular displacement of the thumb. Examples of the movements
evoked in subject B for each test behavior (slow oscillations,
fast oscillations, and random movements) are shown in Figure 9. Note the difference in time scale between Figure 9A
and B. Figure 10 shows the average r2 and RMSE values for
each of the four subjects and for each of the three behaviors.
The average r2 across all subjects and behaviors was 0.78 ±
0.13; and the corresponding average RMSE was 18.5 ± 7.9%
of full range.
IV. D ISCUSSION
These results demonstrate that it is possible to reproduce
behavioral outputs (i.e. torque or displacement proﬁles) by
converting EMG amplitude into patterns of electrical stimulation. The transfer function between EMG amplitude and the
stimulation parameters was derived by measuring the torque
output at a single joint. It is notable that this same transfer
function was also able to produce desired displacements. This
result is encouraging because it suggests that it is possible
to transition between loaded and unloaded muscle activity
without changing the underlying model.
A. Determination of stimulus parameters
The strength of an electrically evoked muscle contraction
can be modulated by varying pulse amplitude, the duration of
the stimulating pulse, and the frequency with which pulses are
delivered. Increasing either the amplitude or the width of the
pulse increases the number of motor units that are recruited
to the contraction. Increasing the frequency of stimulation
increases the contractile strength through temporal summation
of twitches. Varying any of these parameters independently
results in a non-linear force response [17], [18]. Generally, it
has been standard practice in FES applications to use pulse
width to control the muscle output [17]. In the present experiments, amplitude and frequency of the stimulus pulses were
co-varied. The advantage of this somewhat more complicated
approach was that it increased the resolution for generating
torque output. Modulating with two parameters effectively
ﬂattens the slope and allows for a more gradual control of
torque output.
Data from relatively few subjects are reported here. This was
partly due to the arduous nature of these experiments. Both
the EPL and the FPL are deep forearm muscles and required
relatively long needle electrodes to be accessed. In addition,
the EPL is a small muscle and the anatomical location seemed
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to vary across subjects. Therefore, it was difﬁcult to locate and
it was often necessary to try several different locations before
the EPL electrode could be correctly placed. There were some
subjects in whom the EPL could not located at all, and those
experimental sessions were terminated without collecting data.
This combination of factors limited the number of subjects
from whom data were collected.
The interphalangeal joint of the thumb was chosen for
this experiment because it is one of the only joints that is
controlled by a single pair of muscles. Thus, we were able to
map the frequency/amplitude/torque relationship and also the
EMG/force relationship independently for every muscle that
operates at this joint. Using these individualized maps, reasonably accurate torque proﬁles were elicited. However, this
approach would not be feasible for an individual with a spinal
cord injury. One of the objectives of this study, therefore,
was to determine if a generalized transfer function could be
used to produce accurate behavioral outputs across different
subjects. Using data recorded over multiple sessions in one
subject, and using a single parameter (normalized current) to
represent the two original stimulus variables (amplitude and
frequency), a simple transfer function was derived. While an
inﬁnite number of different combinations of amplitude and frequency could theoretically produce the same output response,
a simple weighting factor was used to represent the relative
balance between those two factors. In practice, a bias favoring
frequency was used only in a couple of instances to improve
subject comfort. Nevertheless, the generalized model required
that this weighting factor be set for each muscle. Using a
more sophisticated function to relate the stimulus frequency
and amplitude might generate better results and eliminate
the need for the individually determined weighting factor.
However, ﬁnding the optimal frequency/amplitude relationship
will require further investigation into how the muscle output
responds to joint modulation of stimulus current amplitude and
frequency.
B. Limitations
It is important to note that all of these experiments were
performed in healthy, able-bodied subjects. Muscle physiology
is likely to be different in subjects with spinal cord injury or
stroke [19], [20], and as a consequence, the transfer function
may need to be varied to some degree for individual muscles.
Another potential limitation of this study is that it does not
take fatigue into account. When the muscle is fatigued the
relationship between the force and both the EMG and the
stimulation parameters changes [21]. Because fatigue depends
on the past history of muscle activity, a comprehensive model
would likely need to include a time variable. This may be
particularly important for lower limb prostheses intended for
locomotor applications.
C. Potential application to neuroprosthetics
The objective of these experiments was to reproduce the
active state of muscle associated with recorded EMG signals
using electrical stimulation. To a reasonable degree, the generalized transfer function accomplished this aim for different
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subjects, different muscles, and for different mechanical situations. Therefore, it would seem that this approach holds
promise for use with an algorithm that predicts the EMG activity across multiple muscles associated with a desired motor
behavior [8], [9]. Furthermore, if a patient were equipped with
an appropriate interface to the CNS, it seems feasible that
the kinematic and kinetic features of desired motor behaviors
could be identiﬁed directly from the patients own brain [22]–
[25]. Indeed, we envision a three part system in which (1)
the user’s intended movement is identiﬁed from recordings of
activity in the cerebral cortex, (2) the intended movement is
translated into a corresponding pattern of muscle activities,
and (3) the predicted patterns of muscle activity are converted
to patterns of electrical stimulation that elicit the intended
movement. Here we have shown that it is possible to accurately
reproduce movements (or isometric torque proﬁles) using
electrical stimulation patterns derived from EMG signals. This
result, in conjunction with previous results reported by our lab
and by others, supports the feasibility of this kind of system
for restoring movement in patients with high level spinal cord
injuries.
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Fig. 1. Overview of the Problem. Using probabilistic algorithms, it is possible to predict the activity (as measured by the EMG) in a large group of muscles
given the desired kinematic state (A). To be useful for an FES-based neuroprosthetic these predicted levels of activity need to be converted into a stimulation
pattern that will mimic the active state (B). The purpose of this paper is to determine a transfer function between the EMG (recorded or predicted) and the
stimulation parameters.
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the EMG magnitude and the torque is experimentally determined (A) and then the relationship between the evoked output torque and the variable stimulus
parameters (pulse frequency and pulse amplitude) is also determined (B). Because these two relationships have torque as a common variable, they can be
combined to form a direct relationship between the EMG and stimulus parameters (C). This is performed independently for the FPL and the EPL. In the
second stage, the derived transfer function is used to convert EMG templates (D) into a stimulation pattern (E).
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the relationship between EMG magnitude and the current parameters.
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Fig. 5. Force reproduction with an optimized model. EMG templates were replayed with stimulation patterns based on an individualized model created from
the same subject in the same session. Each template was replayed three times. In each panel the red line is the force associated with the EMG template and
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(C) and fast oscillations (D). Positive forces indicate (arbitrarily) ﬂexion, negative forces indicate extension.
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Fig. 8. R2 and RMSE values for force reproduction with a general model. For four subjects (A,B, C, and G) the average r 2 and RMSE values (columns)
are shown for each of the four templates (rows). The templates were recorded in subject A and replayed in all of the subjects. Error bars indicate the standard
deviation. Each template was replayed three times in each subject.
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Fig. 9. Movement reproduction with a general model. EMG templates corresponding to displacement around the interphalangeal joint were recorded in one
subject and replayed in another subject using stimulation patterns that were based on a general model. The model was derived from force data collected in
a different subject over 8 different sessions. Each template was replayed three times. In each panel the black red is the displacement associated with the
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APPENDIX D
Control of the upper limb of a monkey with FES

Lise A. Johnson and Andrew J. Fuglevand
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D.1 Introduction
Control of the upper limb is severely limited or absent in patients with high level
cervical spinal cord injury (SCI) (Thuret et al., 2006). Reaching and grasping are
an integral part of the activities of daily living, and the loss of these functions has a
profound impact on the quality of life for SCI patients. It is not surprising, therefore,
that recovery of arm and hand function was the top priority among quadriplegics
surveyed in 2004 study (Anderson, 2004). Functional electrical stimulation (FES) is
a rehabilitative technique with the potential to restore function to paralyzed muscles
following SCI. In FES an externally applied electrical current is used to stimulate the
muscles controlling the limb. If the correct spatio-temporal pattern of stimulation
is delivered, functional movements can be generated (Peckham and Knutson, 2005).
After three decades of research, many of the technological barriers to a chronically implantable FES device have been overcome (Ko et al., 1977; Keith et al.,
1988; Handa et al., 1989; Hoshimiya et al., 1989; Peckham and Knutson, 2005), and
many patients world-wide have received FES-based systems (Peckham et al., 2001;
Smith et al., 1987; Triolo et al., 1996). However, even the most advanced devices
provide only a few stereotyped movements to users. This is due in large part to the
diﬃculty associated with identifying the muscle stimulation patterns that produce
unconstrained, natural movements.
To overcome this problem we propose a novel technique for determining the
stimulation patterns that generate desired movements. In this method, muscle activity corresponding to natural movements in able-bodied subjects is ﬁrst predicted.
The predicted activity is then translated into trains of electrical pulses. Finally,
the electrical stimulation pattern is delivered to the muscles to produce the desired
movement. We have shown previously that, using the kinematic parameters of the
hand as an input, probabilistic methods can be used to predict the simultaneous
EMG activity of a group of muscles controlling the scapula, shoulder, elbow and
wrist (Anderson and Fuglevand, 2008; Johnson and Fuglevand, 2009). We have further shown that the muscle activity measured by the EMG can be reproduced with
a stimulation pattern that modulates pulse frequency and pulse amplitude (Johnson
and Fuglevand).
In the present experiment we plan to test whether it is possible to fully control
the upper limb of a monkey by combining the trajectory-based prediction of EMG
with a transfer function that converts EMG into electrical stimulation patterns. The
objective of this study was to demonstrate that spontaneous, natural movements of
the arm can be realized through FES. If successful, this approach opens up the
possibility that FES devices could ultimately be controlled by an interface with the
user’s motor cortex. Here we describe our experimental design, complications, and
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ongoing/future research eﬀorts.
D.2 Methods
D.2.1 Overall experimental design
Figure 1 is a schematic of the experiment. In the ﬁrst stage, training data consisting
of EMG and kinematic information is recorded from an awake and behaving monkey.
This data is used to train an artiﬁcial neural network to predict the EMG given the
kinematics; the prediction quality is assessed using a test data set. If the prediction
quality is suﬃciently high, novel movements (not included in the training data) are
recorded and the EMG is predicted (stage 2, Fig. 1). The predicted EMG is then
converted into stimulation patterns which vary in frequency and amplitude according
to a pre-determined transfer function. The stimulation patterns are then delivered
to an anesthetized monkey. The movements elicited by electrical stimulation are
then compared to the desired movements.
Our initial experimental design called for two monkeys to be implanted with
chronic intramuscular electrodes. The ﬁrst part of the Methods section below is
devoted to explaining the surgery on the ﬁrst monkey (monkey S) and associated
complications. The surgery and subsequent complications related to the second
monkey (monkey T) are then described. Finally, a description is provided of the
planned experiments pending funding.
D.2.2 Subjects
Both monkeys were adult male rhesus macaques. The monkeys had served as subjects in other behavioral experiments and were already habituated to the laboratory
environment and trained to transfer from their home cages to the chair that is used
for experiments. Prior to surgery each of the monkeys was trained to reach with his
right arm to small morsels of food distributed throughout the reach space and to
accept a small electromagnetic sensor taped to the back of his hand.
D.2.3 Muscles
Twenty-nine muscles of the limb were targeted for electrode implantation. This
group included three scapular muscles (rhomboids, trapezius, serratus anterior), ten
shoulder muscles (supraspinatus, infraspinatus, subscapularis, teres major, anterior
deltoid, middle deltoid, posterior deltoid, latissimus dorsi, pectoralis major, coracobrachialis medius), six elbow muscles (biceps brachii, medial, lateral, and long
head of triceps, brachialis, brachioradialis), eight wrist muscles (ﬂexor carpi ulnaris,
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Figure D.1: Schematic of the experiment. In the ﬁrst stage, simultaneously recorded
EMG and kinematic information are used to train a neural network to predict the
EMG given the kinematics of the hand. In the second stage the trained network is
used to turn the kinematics corresponding to a novel set of desired movements into a
predicted EMG pattern. In the ﬁnal stage a transfer function is used to convert the
predicted EMG into a pattern of electrical stimulation co-varying in pulse frequency
and pulse amplitude. This stimulation pattern is delivered to the muscles in order
to evoke the desired movements.
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ﬂexor carpi radialis, extensor carpi ulnaris, extensor carpi radialis, palmaris longus,
extensor digitorum communis, ﬂexor digitorum profundis, ﬂexor digitorum superﬁcialis), and two muscles involved in forearm supination/pronation (supinator, pronator teres). These muscles and muscle compartments were selected because they were
considered to be the primary muscles controlling the joints involved. Other muscles, such as teres minor, pectoralis minor, and levator scapulae were not selected
because of their small sizes in the monkey ( <2 grams) (Cheng and Scott, 2000) and
presumed ancillary roles.
D.2.4 Implant design and surgery, Monkey S
The electrodes were made of Teﬂon-insulated, multi-stranded stainless steel wire
( 300 m diameter) cut to a length appropriate for each of the muscle/muscle compartments to be implanted. To minimize the total number of implanted wires, the
implant was designed for monopolar recording and stimulation of the test muscles.
Four electrodes were designated as reference electrodes for the nearest six or seven
muscle electrodes. These references were to be implanted subcutaneously (not in
the muscle tissue) at diﬀerent locations in the limb. An additional electrode, with
an extensive region of the wire denuded of insulation, was to serve as the ground
electrode. Each electrode wire was color coded to indicate its target muscle (or
reference location).
The electrode wires were connected to larger-diameter copper-core wires with
gold crimp connectors (Fig. 2A). The copper-core wires were soldered to a small 36pin connector (EIB-36, Neuralynx Inc.). This connector was protected by a plastic
chamber with a removable lid designed to sit on top of the skull. The electrode
array, chamber, and connector were gas sterilized prior to surgery.
Under isoﬂurane gas anesthesia and sterile surgical conditions, a rostral-caudal
incision was made in the skin overlying the mid-line of the skull. The skin was
retracted and the surface of the skull scraped to remove periosteal tissue. The
chamber containing the electrode connector was then aﬃxed to the posterior surface
of the skull with acrylic cement anchored with jeweler’s screws inserted into the skull.
A reference electrode, used for test stimulation during surgery, was temporarily
secured under the skin at the skull incision site. The bundle of muscle electrode wires
extended posteriorly from the chamber at the base of the acrylic-cement pedestal
(Fig. 2B).
An incision was made from the base of the skull down the midline of the back
extending to a point between the scapulae. A ﬂap of skin was pulled back so that
the bundle of wires could be placed in the subcutaneous space. The ﬂap was sutured
back, leaving a small incision between the scapulae through which the electrode wires
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A

B

Figure D.2: The implant. In (A) is picture of the electrode interface board mounted
on a soldering jig. Black copper-cored wires are soldered directly to the board;
gold in-line crimp connectors attach the black wires to stainless steel, Teﬂon-coated
wires(these are the smaller diameter, silvery wires taped into loops). For insulation,
the in-line connectors are encased in a material called Sylastic. The connector board
is protected by a white, cylindrical chamber mounted on the monkey’s skull, as can
be seen in (B). The monkey’s head is under the blue drape with his face looking to
the left; the back of his head is on the right-hand side of the picture. The electrode
wires exit through a hole in the base of the chamber and are protected by a sterile
envelope. Later, the envelope is removed and the wires are tunneled down the back
of the monkey’s neck and out to each muscle.
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protruded. Wires were then passed subcutaneously from the incision on the back to
small incisions made in the skin overlying the target muscle. The wires were pulled
through the incision, leaving a few centimeters remaining at the site of the incision on
the back. Muscles located in the forearm required multiple exit and reentry incision
points. The wires were then cut to length, leaving 5-7 cm exteriorized at the muscle
site. The identity of the muscle to be implanted was veriﬁed by stimulating with a
small probe electrode and observing the evoked movements. The tip of the electrode
wire was then stripped of insulation ( 10 mm) and threaded into a curved suturing
needle. The needle was used to pull the electrode all the way through the muscle
belly. A knot was tied in the electrode and the wire was pulled back into the muscle
until the knot lodged within the muscle and held the electrode in place.
Once the wire was in place, proper placement was tested by electrical stimulation
through the electrode. If necessary, the wire was removed and reinserted. At the
wire exit points, additional wire was internalized to accommodate changes in arm
posture. Reference electrodes with 2-3 mm of insulation removed from the tip were
placed in subcutaneous pockets formed with blunt dissection in the forearm, upper
arm, anterior shoulder, and posterior shoulder regions. Excess wire accumulated
at the incision sites was also internalized by creating small subcutaneous pockets
using blunt dissection. The ground electrode was tucked beneath the skin on the
skull. All wounds were closed with sutures and a long-sleeved primate jacket (Lomir
Biomedical) was put on to protect the wounds. The entire surgical procedure lasted
about 12 hours. The animal was then allowed to recover from anesthesia.
D.2.5 Post-surgical complications, Monkey S
Although the surgery itself was successful and the animal initially recovered well and
was able to move his arm easily and naturally, within a few weeks he developed a
tissue reaction to the gold crimp connectors that were implanted in the subcutaneous
space on his back. This reaction not only caused severe tissue necrosis and poor
wound healing, but also caused the electrode wires to detach from the connectors.
As a result, no EMG recordings or stimulation experiments were possible, and the
animal had to be euthanized.
D.2.6 Implant design and surgery, Monkey T
In order to avoid the complications that occurred in the ﬁrst surgery, the implant
was redesigned before the second surgery. Rather than connecting the stainless
steel electrode wires to copper-core wires with gold pins, the electrode wires were
soldered directly to the connector. This not only improved the biocompatibility of
the implant, but also made the bundle of electrodes protruding from the base of the
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chamber signiﬁcantly smaller. Because this was the case, it was possible to tunnel all
of the electrodes from the base of the skull to a small incision between the scapulae;
it was not necessary to cut and suture a ﬂap of skin. In addition, this subject had
an existing chamber already mounted on the surface of the skull. This chamber
was used to protect the electrode connector and it was not necessary to install
any additional hardware on the surface of the skull. These changes signiﬁcantly
decreased the duration of the surgery from 12 to 8 hours. Figure 3 shows an X-ray
image of the electrodes and connector in place in Monkey T.
D.2.7 Post-surgical complications, Monkey T
The second monkey did not recover well after surgery. It was later found that he
had developed idiopathic acute pancreatitis. This resulted in kidney failure, acute
respiratory distress, and death. While the implant surgery did not cause his death,
the severe challenge to his weakened system associated with prolonged anesthesia,
and a host of other drugs, contributed to a system failure from which he could not
recover. The animal died before any data could be collected.
The unfortunate death of both monkeys prevented us from carrying out the proposed experiments. Until additional funding can be secured to support the substantial cost and eﬀort associated with this line of research, the project is temporarily
suspended. The following sections outline the procedures that we intend to follow
once funding is obtained to continue this project.
D.2.8 Testing apparatus and data acquisition
Two weeks after surgery, experiments will be initiated to record hand trajectory
and muscle activity signals during a wide range of upper limb movements. We
plan to use electromagnetic tracking technology (Liberty System, Polhemus Inc.)
to record the six-degrees-of-freedom motion of the hand in real time. Small passive
sensors (0.9 cm x 0.9 cm x 0.9 cm) will be attached with elastic wrap to the back
of the hand. An additional sensor will be aﬃxed to the chair behind the shoulder
so that the position of the hand can be referenced to the shoulder. These sensors
detect the magnetic ﬁeld strength emitted by a ﬁxed electromagnetic source coil.
The source coil is contained within a 6 cm x 6 cm x 6 cm cube that will be ﬁxed
to the monkey chair. The system can be calibrated to take into account artifacts
introduced by the metal monkey chair. The source coil serves as the reference frame
for sensor measurements. The system can track the x, y, z, positions and the roll,
pitch, and yaw orientations of the sensors at 120 Hz per sensor. The position of
the shoulder will be used to represent the origin of a reference frame for measuring
hand position. To record EMG activity, a 32-channel lightweight cable will be
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Figure D.3: X-ray image of the implanted electrodes and connector board. An Xray of Monkey T following surgery shows the implanted electrodes and connector
board (A). The electrode connector was encased in an acrylic chamber mounted to
the surface of the animal’s skull (B). The bundle of electrode wires was tunneled
under the skin on the back of the neck (A) to an incision between the scapulae.
From there, the electrodes were tunneled to their target locations where they were
secured with knots in the muscle tissue (C).
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attached to the connector mounted on the skull of the monkey. The cable (3 m in
length) will be connected to a patch panel (ERP-27, Neuralynx Inc.) that enables
the selection of speciﬁed channels to serve as reference signals for sets of muscleelectrode channels. Each muscle-electrode channel plus its designated reference
signal will then be routed to one of four eight-channel diﬀerential ampliﬁers (Lynx-8,
Neuralynx Inc.). EMG signals are nominally ampliﬁed at a gain of 1000, bandpass
ﬁltered from 30-1000 Hz, and digitally sampled at 2500 samples/s per channel
using a computerized data acquisition and experimental control system (32-channel
Power 1401, Cambridge Electronics Design). A TTL synch pulse generated by
the Polhemus tracking system will be recorded by the data acquisition system to
facilitate synchronization of kinematic data with EMG data.
D.2.9 Training set behavior
The monkey will be enclosed in a monkey chair during transport between the laboratory and his housing area. The rigid collar that the monkey wears permanently
will be secured to a yoke in the chair. The monkey will also wear a primate jacket
with removable sleeves (Lomir Biomedical). The left arm of the monkey will be
restrained with straps attached to the chair. Most of the upper right quadrant of
the chair enclosure will then be removed to enable relatively free movements of the
right arm.
The magnetic sensors will be secured in place on the hand and the EMG cable
attached to the connector on the monkey’s skull. The experimenter will sit facing the
monkey. Six-degrees-of-freedom motion of the hand and EMG signals from the 29
implanted muscles will be recorded while the monkey makes reaching movements to
small food morsels (e.g., raisins) held by the experimenter in blunt plastic forceps.
Once the monkey grasps the morsel (usually in a precision grip using the thumb
and foreﬁnger), the monkey places it in his mouth and returns his hand to the
start position. The correct start position is signaled by interrupting the beam of a
photodiode switch (Med Associates Inc.) that is mounted low on the front of the
chair. The monkey is signaled that the hand is in the start position by activation
of a low-frequency tone. The signal used to drive the tone will be sampled with the
EMG signals on the data acquisition system to indicate periods when the hand is in
the start location. Use of a standard starting position for each trial helps to ensure
that the initial conditions for stimulation experiments are roughly similar to those
associated with voluntary movements.
On repeated trials, food morsels will be positioned at various locations within
the reach space of the monkey. To increase the types of arm movements sampled,
on some trials the position of the food morsel will be displaced unexpectedly after
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the reach is initiated in order to elicit trajectories that are more complex than
those normally taken during reaches. In other trials, a small Plexiglass barrier will
be positioned in front of the food morsel, requiring curved trajectories to avoid
the obstacle while reaching for the food. We will also attempt to induce tracking
movements by displacing a food morsel slowly along a complex three dimensional
path while the monkey follows the trajectory with his hand. When the movement
of the food morsel is halted, the monkey will be allowed to grasp it. Monkeys will
perform these tasks for about 15 - 30 minutes until sated. These procedures will
be repeated over several experimental sessions to ensure that the movement space
is fully sampled. The data sampled in these experiments will then be used as input
to train the algorithm to yield the relationship between muscle activity and hand
trajectory. Data collected in a diﬀerent set of experimental sessions (see below)
serve as ’desired’ trajectories from which patterns of EMG activity are predicted
and compared to the actual EMG signals recorded.
D.2.10 EMG and kinematic signal processing
In oﬀ-line analysis of the training set, EMG signals are full-wave rectiﬁed and lowpass ﬁltered ( 2 Hz). Three-dimensional coordinates of the hand are calculated with
respect to a reference frame centered at the shoulder such that the x-axis indicates
anterior-posterior, the y-axis medial-lateral, and the z-axis the superior-inferior positions of the segment. Roll (θx), pitch (θy), and yaw (θz) angular orientations of
the segment are established relative to the shoulder reference frame. Linear and
angular velocities and accelerations are calculated by digital diﬀerentiation of the
low-pass ﬁltered position and angle data. Limb kinematics and EMG signals are
synchronized and then re-sampled at 100 Hz / signal.
EMG magnitude will be normalized to a percentage of the peak EMG recorded
within the training set and then rounded into 1% increments. Linear displacements
are normalized to arm length whereas angular displacements are measured in radians. Limb kinematics will be binned into 1% increments over the range of values
encountered during the training set.
D.2.11 EMG prediction
The processed EMG and kinematic data will be used to train a dynamic neural network to predict EMG given the kinematic inputs. The network is exclusively feed
forward and incorporates multiple time delays. This kind of prediction algorithm
was chosen based on a previous investigation of diﬀerent prediction methods (Johnson and Fuglevand, 2009). The exact number of layers, neurons per layer, and delays
will be determined by experimenting with the data. An iterative approach will be
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used to determine the most eﬀective network structure. This process starts with
a single neuron in a single layer. The network is trained ﬁve times and each time
predictions of a novel data set are made. The average coeﬃcient of determination
is used as an outcome measure to quantify the prediction quality for that network
structure. The number of neurons in the layer is then progressively increased to
100 with this process being repeated after each iteration. The number of neurons at
which the average r2 does not appreciably improve is chosen. An additional layer is
then added to the network and the same process is repeated for the new layer. This
is repeated for up to 5 layers and for up to 10 time delays. The process is stopped
when the additional complexity fails to improve the prediciton quality. For these
experiments, eﬃciency will not be a prime determinant in choosing the structure,
but the algorithm should produce predictions within a reasonable time frame (1-2
min.). Ultimately, it will be important to reduce the computation time to enable
pseudo on-line prediction of EMG and associated stimulus patterns.
D.2.12 Testing set behavior
Previously recorded movements from the monkey, not included as part of the training
set, will serve as desired trajectories. One set of these movements will consist of
reaches to food-morsels placed in speciﬁed locations. Nine openings in a large,
vertically oriented disk (8 distributed around the perimeter, one in the center) will
serve as target locations to which the monkey will reach to grasp food protruding
from behind the disk. In random sequence, the monkey will reach to each target
location. Several trials will be recorded for each target location. Another set of
movements will involve tracing out speciﬁc geometric shapes while tracking the
experimenter’s hand (ﬁgure-of eight, squares, circles, and triangles).
D.2.13 Analysis of prediction quality
The root mean square (RMS) error and the coeﬃcient of determination (r2 ) for the
predicted EMG relative to the actual EMG recorded during each desired movement
trial will be calculated. In addition, the performance metrics will be calculated
from EMG values predicted by a network model trained on scrambled (i.e. randomly
shuﬄed) versions of the training data. Then, as a ﬁrst level of analysis, a paired t-test
will be performed to test the hypothesis that the errors associated with the properly
trained neural network method are signiﬁcantly smaller than those associated with
randomly-based predictions. A two-way analysis of variance (ANOVA) of the error
would then be performed with muscle and desired movement type as factors. This
analysis will be used to establish whether the match between predicted and actual
activity is better in some muscles than in others, and whether the predictions are
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better for some types of movements than for others. In previous experiments in
human subjects (Seifert and Fuglevand, 2002; Anderson and Fuglevand, 2008) an
RMS error of less than 20% for individual muscles was considered to represent an
acceptable level of error for prediction of activity patterns. For consistency, we will
adopt this criterion as our minimum requirement for a successful prediction.
D.2.14 Muscle stimulation patterns
The transfer function requires the threshold current, where the muscle ﬁrst begins
to twitch, and the maximum current, where the stimulation begins to recruit surrounding muscles, be known. These current levels are measured for each muscle
while the monkey is anesthetized. This is done by progressively incrementing the
amplitude of the current pulses while delivering 1 s trains at 25 Hz to each muscle.
The minimal stimulus current needed to just evoke a detectable response, based
on visual observation and palpation of the muscle, will be identiﬁed. Likewise, the
largest current value that appeared to activate the target muscle in isolation without
engaging nearby muscles will be designated as the maximum current level for that
muscle. During the same session of anesthesia, the gain factors and the frequency
bias factor will be empirically determined for each muscle. Once these values are
known, the transfer function can be adapted to each muscle independently. The set
of predicted EMGs will then be converted into unique stimulus patterns varying in
frequency and amplitude. The pulse width will be ﬁxed at 50 ms.
D.2.15 Stimulation protocol
For conversion of predicted EMG into stimulation patterns, we will adapt the transfer function derived in our previous study (Johnson and Fuglevand, 2010). Implanted monkeys will be preanesthetized with ketamine (8mg / kg IM) followed by
intravenous administration of Propofol (3 ml /kg /hr) for general anesthesia. The
monkeys will be intubated to maintain airway patency. Heart rate and respiration
will be monitored and anesthesia supplemented if necessary. The monkey will be
seated in the monkey chair in the same way as for the awake testing of the monkeys.
The monkey’s upper body will be suspended by cords descending from an overhead
frame that attach to D-rings sewn into the monkey jacket. In addition, padding
inserted between the monkey and the walls of the monkey chair will be used to
maintain body posture similar to that sustained during voluntary reaching behavior. The head will be supported by a frame that attaches to pins cemented to the
monkey’s skull. Magnetic sensors are attached to the hand and to the chair behind
the shoulder for monitoring the evoked movements in three-dimensional space using
the Polhemus Liberty system. A cable is attached to the connector on the monkey’s
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head. Each of the 29 muscle channels carried by this cable is connected to one of 29
independently controlled stimulation channels. We will use four 8-channel STG2008
stimulators (Multichannel Systems, Reutlingen, Germany) running in parallel. Each
STG2008 is an 8-channel arbitrary waveform stimulator capable of delivering 15mA
of current at 100V. All channels are independently controlled by a host computer
at up to 50 KHz/channel. Prior to stimulation experiments the current range to be
used for each muscle will be determined while the monkey is anesthetized. Once
all the current ranges are determined for all muscles, the stored patterns of muscle
stimulation associated with a given desired movement will be delivered simultaneously to the muscles through the computer controlled stimulators. Kinematic data
associated with the evoked movements will be recorded with the Polhemus magnetic
tracking system. Up to ﬁve trials will be evoked for each of the desired movements.
This entire process will be carried out twice, once using stimulus pulse patterns
derived from predicted EMG activity and once using pulse-patterns derived directly
from the actual EMG signals associated with the desired movements.
D.2.16 Data Analysis
The evoked positions (x, y, z) and orientations (θx, θy, θz) of the limb segments will
be compared with the desired hand trajectory by calculating the root mean squared
(RMS) diﬀerence and the coeﬃcient of determination (r2 ) for each variable over
each trial. A two-way analysis of variance of RMS error (and explained variance)
will be performed with direction (x, y, z, roll, pitch, yaw) and movement type
as factors. This statistical analysis will help reveal if the match between evoked
and desired movements is better in some directions or orientations than in others
and whether the correspondence between evoked and desired movement is diﬀerent
across movement types. In addition, the errors for evoked movements arising from
stimulation patterns derived from predicted EMG activity will be compared to those
associated with stimulus patterns derived from the actual EMG signals obtained
during the sessions used to record the desired movements. This analysis should
allow us to distinguish errors associated with EMG prediction from those associated
with transforming the EMG activity into the electrically-induced instantiation of
muscle active state.
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