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1 Introduction

Neurological disorders have substantial societal and economic impacts [1]. In the United States
alone, there are almost 7 million stroke survivors [2], of whom 62% have lost mobility in their
upper extremities (UE) [3]. Other disabilities include spinal cord injury (SCI), which has affected
291,000 individuals in the United States [4]. Neurological disorders can result in a persistent
inability to conduct Activities of Daily Living (ADLs) independently [4—6]. Stroke [2,7,8] and SCI
[4,9,10] usually result in debilitating motor deficits of the UE that persist beyond rehabilitation
discharge [4,8]. Individuals with moderate to severe neurological UE impairment, for instance,
frequently exhibit limited active movement in their paretic elbow and little to no active movement
in their paretic arm, wrists, and fingers [11,12].

Using assistive technologies and equipment, the quality of life for stroke patients can be improved.
A plethora of intelligent assistive devices and technologies have been developed for individuals
with a wide variety of impairments. Most of these solutions rely on residual motor skills or speech
recognition. In contrast, brain computer interface (BCI) systems bypass motor output by measuring
and decoding neural activities, such as specific attention, imagined movement, or speaking
attempts, thus granting patients a degree of autonomy [13]. BCI has developed as an alternative
communication channel between the human brain and output devices by enabling the
communication between the brain and external devices, like a computer or prosthetic limb.
Typically, this is accomplished by recording the brain's electrical activity and then using machine
learning algorithms to decode neural signals and transform them into real time commands for an
external device.

BCI applications were initially designed to enable individuals with disabilities in communicating,
operating computers, and using assistive devices such as wheelchairs, wearable exoskeletons, and
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robotic arms to assist patients with paralysis, amputations, and other causes of loss of central
nervous system functions. Historically, BCI research has focused on assisting individuals with
open-loop systems designed to decode low-degrees-of-freedom movement via neural activities.
Due to recent advances in machine learning and intracortical microstimulation techniques,
researchers can develop BCI systems with additional degrees of freedom and tactile feedback. In
this document, we have investigated three different papers on BCI, in which the first paper is one
of the most recent studies in this field that has been done on a person with an SCI and limited hand
movement ability, aiming to decode 31 characters by his imagining in writing the character with a
pen on paper; the second study aims to provide a prosthetic limb movement with tactile feedback
for an individual with tetraplegia; and the third paper is one of the pioneering studies in this field,

attempting to decode the three-dimensional hand and arm movements of monkeys through BCI.

1.1 Building Blocks of Brain Computer Interface
All BCI systems employ a data and signal flow consisting of the following phases.

1- Signal acquisition: Neural activity is captured by means of electrodes placed in, on, or near
the brain. The electrode type and placement significantly constrain the types of neural
signals that can be captured.

2- Signal processing: The raw signals are processed to retrieve pertinent information.
Typically, this involves filtering the signals to eliminate potential noise and employing
feature extraction techniques to reduce dimensionality.

3- Machine learning: The extracted features are then classified into different categories or
states, such as different types of mental tasks or motor movements, using machine learning

or pattern recognition algorithms.
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Figure 1 - Three types of prominent BCI sensorsBCl is divided into three distinct branches based on sensor
placement: EEG, ECoG, and intracortical microarray. Copyright ©2022 Paradromics

4- Control mapping: The classified signals are subsequently transferred to external device or
system control commands.
5- Device or system control: The control commands are used to control the external device or
system.
1.2 Types of Brain-Computer Interfaces
BCIs may be split into two categories based on the placement of sensors on the brain: invasive and
non-invasive. Noninvasive approaches employ sensors that contact the scalp, such as
electroencephalogram (EEG), without any surgery. Conversely, invasive approaches require
intracranial surgery to implant electrodes or signal receptors. As shown on Figure 1,
Electrocorticography (ECoG) and intracortical neural recordings using microelectrode arrays
(MEA) are two of the most prominent invasive recording technologies. EEG is one of the oldest
and most widely utilized methods for examining the electrical activity of the brain to control

external devices or systems. In an EEG-based BCI system, EEG signals are recorded via electrodes



placed on the scalp. Different states of brain function are associated with the various frequencies
of EEG activity. Principal frequency ranges include:

1. Delta (0.5-4 Hz) — associated with deep sleep.

2. Theta (4-8 Hz) — associated with drowsiness, relaxation, and light sleep.

3. Alpha (8-13 Hz) — associated with wakeful relaxation and a calm, alert state.

4. Beta (13-30 Hz) — associated with wakeful, active, focused attention.

5. Gamma (30-100 Hz) - associated with cognitive processing and perception.
It is important to note that the exact frequency ranges for each group may change depending on
the electrode placement and that the categorization of brain signals is not entirely clear-cut.
Typically, EEG-based BCI applications are restricted to continuous movement control with a
limited degree of freedom and discrete selections [14]. EEG sensors are commonly used to
measure Field Potentials (FPs) to control computer cursors [ 15—18], spelling devices [19], assistive
devices [20], hand orthoses [21], functional electrical stimulation (FES) of a patient muscle [22],
robotic and prosthetic devices [23,24], and wheelchairs [25,26].
Electrocorticography, or ECoG, is a technique for measuring the electrical activity of the cerebral
cortex, the brain's outermost layer. ECoG electrodes, which are thin metal discs or strips as shown
in Figure 2, are surgically implanted onto the surface of the brain. The two primary forms of ECoG

are epidural and subdural. Epidural ECoG involves the placement of electrodes on the surface of
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Figure 2 - Sensors of three different BCI technique



the dura mater, which is the outermost membrane covering the brain. This form of ECoG is less
invasive than subdural ECoG and is often used for shorter-term monitoring or on individuals who
are ineligible for subdural ECoG. However, the signal quality and spatial resolution' of epidural
ECoG are often inferior to those of a subdural ECoG (the spatial resolution for epidural ECoG is
about 1 cm and 0.5-3 mm for subdural). In subdural ECoG, electrodes are placed directly on the
surface of the brain, beneath the dura mater. ECoG has significant advantages over other, lower-
resolution techniques for measuring brain activity, such as EEG. Since ECoG electrodes are in
direct or very close contact with the brain when measuring neural activities, they offer a greater
spatial resolution, a lower noise level, and a higher frequency range (about 0.5 Hz to 300 Hz) than
the EEG [27]. This enables more accurate localization and analysis of neural activity in deeper
brain areas than the EEG. ECoG, on the other hand, is less invasive than intracortical neural
recordings.

While the earliest known use of ECoG recordings on a human patient involved epidural electrodes,
subdural electrodes have become the standard for intraoperative epilepsy monitoring in the twenty-
first century. Epidural ECoG has gained popularity as a high-resolution alternative to invasive
intracortical recordings for brain control of neuro-prosthetic devices, and it has been the focus of
next-generation closed-loop devices capable of modulating therapies based on real-time cortical
recordings [28-30].

Microelectrode arrays (MEAS), also known as the Utah Array, are implantable arrays of electrodes
used to record the electrical activity of neurons within the cortex. They are usually made of thin
wires or strips of conductive material and can be as small as a few millimeters across. MEAs can

be used to record the activity of individual neurons called action potentials (APs) or groups of

! Spatial Resolution refers to the size of the smallest feature that can be detected by a sensor.
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neurons called local field potentials (LFPs) and can be used to stimulate the brain as well as
recording from it. Individual neurons generate APs, also referred to as spikes, when they receive
sufficient stimulus from pre-synaptic neurons. APs are rapid (on the scale of milliseconds) and
large (on the order of millivolts) fluctuations in the neuron's membrane voltage. They allow
neurons to communicate with one another and transmit information throughout the brain.
Recording APs from individual neurons requires small electrodes (micron scale) placed in very
close proximity. Local field potentials LFPs are large-scale electrical signals generated by the
activity of a particular population of neurons in a particular region of the brain.

In general, MEAs are implanted by making a small incision in the scalp and drilling a hole through
the skull over the desired location in the brain. The MEA is then inserted into the brain through
the hole and positioned so that the electrodes are in contact with the brain tissue. The MEA may
be secured in place with a small screw or anchor, or it may be held in place by the surrounding
brain tissue. Once the MEA is in place, it is connected to a wire or cable that runs through the skull
and out of the scalp. This wire or cable is then connected to a recording or stimulation device,
which can be used to monitor the activity of the neurons being recorded by the MEA or to stimulate
specific brain regions.

Importantly, the electrodes in an MEA are not physically placed on top of specific brain cells
(neurons). Instead, they are placed close to the cells, generally within a few hundred micrometers,
and can detect the electrical activity of the neurons as they communicate. This activity is
transmitted through the electrodes and out of the brain via the wire or cable, where it can be
recorded or analyzed. MEAs are able to record individual neuron action potentials, unlike the
previous two technologies, which could only record the average activity of multiple neurons. With

the ability to directly monitor action potentials, the MEA allows for more precise measurements



of brain signals and the ability to target specific brain regions than the EEG and ECoG. MEAs can
record higher frequency ranges than EEG and ECoG due to the fact that brain tissue, scalp, and
brain skin act as a low-pass filter in EEG and ECoG, filtering the higher frequencies of neural
activity. This high spatial resolution of recording neural activity in a specific brain region provides
more information-rich data for machine learning algorithms, theoretically enabling the system to
reach a higher degree of freedom BCI. Recent advancements in MEAs and intracortical surgical
techniques have reduced the risks associated with the implantation of MEAs, and due to the need
for higher quality neural signals, the majority of research in these fields focuses on the application

of MEA-based BCls, which compels us to examine three different studies on this type of BCI.



2 High-performance brain-to-text communication via handwriting

2.1 Introduction
This study [31] investigates whether handwriting, which requires quick and highly dexterous
motor skills, can be identified and decoded via BCI. The participant is a male right-handed, 65-
year-old who sustained a spinal cord injury approximately 9 years before joining the study. Two
96-¢electrode intracortical arrays (NeuroPort™ arrays [32] with 1.5 mm electrode length,
Blackrock Microsystems [33]) were implanted in the participant's dominant left-hemisphere
precentral gyrus, also known as the "hand knob". Attempts at handwriting revealed only a few
little movements of the participant's right hand, but he retained full control of his head, face, and

shoulders.
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Figure 3 - The Black Rock MEA: On the left is the electrode pedestal pinout, on the right-top is the electrode array, and
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The user is encouraged to "attempt" to write by imagining a pen on lined paper, and the system
attempts to decode the writing through BCI. The decoding process may occur in online or offline
mode, with offline mode providing greater precision.

As shown in Figure 3 each MEA comprises 100 land grid array (LGA) needles, of which 96 are
signal detectors, two are connected to the ground, and two serve as reference points. The LGA side
of the MEA is inserted into the gray matter cells on the outermost layers of the cerebrum, with the
connector pins protruding from the scalp in a pedestal-like form. Through this connector, all
signals are transmitted to a NeuroPort™ data aggregation system (Blackrock Microsystems).

2.2 Data Collection Method

This study includes two types of data gathering sessions. First, copy typing sessions (as depicted
in Figure 4a) include data gathering blocks for “supervised single-letters” and “supervised
complete sentences” that are primarily used to train machine learning algorithms. Following a 30
minute break period for algorithm training, evaluation blocks are used to evaluate the performance
of the machine learning algorithms on held-out sentences from the training collection. The second
type of data gathering are free-typing data collection sessions (Figure 4b), which begin with data
collection of unsupervised phrases and unsupervised complete sentences from the participant's
memory. After a break for machine learning training, the session concludes with free answer

a

Copy Typing Session Flow (Sessions 3-9) 30 minutes
Training Data Collection (1 - 1.5 hours) —— Copy Typing Evaluation (45 minutes)
Single Sentences Sentences Sentences Sing‘e Sentences Sentences D:la Comparison COTPUS COIPUS Comparison
Letters Letters ) Sentences Sentences Sentences Sentences
RN
b Time

30 minutes

Free Typing Session Flow (Sessions 10-11) Free Typing Evaluation

Training Data Collection (1.5 hours) (30 minutes)
Process
Data
Phrases Sentences Phrases Phrases Sentences Phrases Phrases Sentences
I-S;r‘l‘gl’es from with from from with E;?tgelri from from with & Aﬁ;}:er Aﬁ:\?veer Aigsveer
Memory Pauses Memory Memory Pauses Memory Memory Pauses Train

RNN

Figure 4 - The blocks of two types of data gathering sessions. Adapted from [31]



blocks, in which the individual is asked a random question and his response is decoded. There may
be differences in neural activity of copying sentences from the screen and of recalling sentences
or phrases from the memory; therefore, the sessions of free-typing data collection were meant to
train machine learning algorithms for these differences. The participant always observes the
decoded characters and indicates any decoder errors.

As depicted in Figure 5 for the supervised single-letter data collection, a monitor in front of the
participant displays a single character. A red cube and a character appear on the screen for two to
three seconds (the period duration was drawn from an exponential distribution with a mean of 2.5
seconds to imitate a realistic setting). The participant must read the character and get ready to write
it when the cube turns green. The participant will have one second to write the character, and after

that, one cycle of character data collection is concluded, and the next character and the red cube

m
! i —

(0]
Delay 10s
(2.0-3.0's)

Figure 5 - The schematic of the system and process of supervised single-characters detection. Adapted from [31]
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are displayed. Several 5-10 minute blocks containing a series of uninterrupted trials were used.
Each of the chosen characters (a to z, a space, a period, an apostrophe, and a question mark) goes
through 10 repetitions of training that is specific to that character in random order.

During the supervised sentence-gathering blocks (Figure 6), an entire sentence is shown to the
participant. After allowing the participant sufficient time for acclimation, the subject is cued to
begin writing the sentence. The participant can commence a new sentence by tilting his head to
the right after completing the present one. This movement of head is optically recorded by the
OptiTrack V120 Trio bar [34], which consists of three infrared cameras that track the location of
markers worn on a headband. Each data recording session required the participant to compose
between 84 and 102 sentences. With the unsupervised phrases or sentences, the primary difference
is that the monitor displays merely a question, and the participant imagines writing a phrase or

sentence from memory.

2.3 Signal Processing

Analog neural signals recorded by MEAs were bandpass filtered between 0.3 Hz and 7.5 kHz and

then digitized with a resolution of 250 nV using a 30 kSps, 16-bits analog to digital converter

6
ho>d1aa':>me>eo>nb>ule>ueo>m>-o-a~

be didn't want to rub salt|

Figure 6 - The screen of supervised sentences detection
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2*96 Analog Filter 16-bit ADC a common average
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\ 4
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3.5 x RMS threshold crossing rates
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$
The binned rates were then z-scored and Decod - o "
smoothed with a Gaussian Kernel filter ~ fmdl “©C9€" aracters

Figure 7- The block diagram of the system

non-overlapping time bins

(ADC). A common average reference filter was employed after digitization to decrease common
mode noise by eliminating the average signal from each electrode in the array. Before threshold
crossing detection, a digital bandpass filter from 250 to 3000 Hz was applied to each electrode.
This is the frequency range where APs and LFPs occur. This filter was applied non-causally (with
a 4ms delay) to enhance spike detection.

Sorting action potentials is computationally expensive and requires a high sampling rate.
Alternative methods, such as thresholding, focus solely on the number of spikes that exceed a
predetermined threshold level in a specific time bin. Various studies have been conducted to
specifically describe the distinction between spike sorting and threshold crossing rates. Recent
studies have shown that neural activities may be accurately distinguished from threshold crossing
rates alone [35] and that neural decoding performance (within 5%) is comparable to that of
employing sorted units [36—38]. Therefore, the rate of threshold crossing happens to be adequate
for the decoder to identify the participant's handwriting attempts.

To accomplish this, the data from each channel was binned into non-overlapping time series of 10
ms for analysis and 20 ms for decoding. The rates of threshold crossing in each time bin were

computed using a threshold of negative 3.5 times the root mean square (RMS) of the entire data
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for that electrode. The rate for each time bin was determined by dividing the number of threshold
crossings on that bin by the bin's duration. The binned rates were then z-scored by subtracting the
average of each electrode and dividing by its standard deviation. Z-scoring helps to determine the
distinctions between the firing of each electrode in idle mode and during the experiment. A
Gaussian kernel with a standard deviation of 30 ms for single-character data and 40 ms for
sentence data was then used to smooth this data. The process has been depicted in Figure 7.
2.4 Time Warping

Detecting each character's start and stop time is essential for predicting participant’s
intended phrases and sentences. The participant's writing pace is inconsistent, and the latency
between the “go” cue and onset of his effort to write is unknown. Consequently, this research used
a novel time-warping technique to estimate the start time of each character writing attempt and to
make each character the same duration. The time-warped principal component analysis (TWPCA)
Python library [39—41] was used to identify the two components of time warping, namely shifting
across time, and stretch/compression. This package generates a predetermined number of principal
component analyses (PCAs) (ten in this case) accompanied with regularized time-warping
functions that align PCAs of each trial with the same character in offline mode. Figure 8b displays
a PCA of time binned, z-scored and Gaussian Kernel smoothed threshold crossing data for 27

repetitions of a single character. Figure 8c shows the time warped version of the same data. In

Learned warping functions

Unwarped Trials Warped Trials

Aligned time
5 B & 2 8
1= w o w b=}
g
(=
(@)

~
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3]

(]
w

Activity in Top Neural Dimension #2
o
Activity in Top Neural Dimension #2

o

0 50 100 150 200 0 50 100 150 200 0 50 100 150 200
Clock time Time Step (10 ms) Time Step (10 ms)

Figure 8 - TWPCA process for one character with 27 repetitions



extremes of the time warping are fixed, and each character has specific endpoints based on the

normal amount of time required to write it.
2.5 Hidden Markov Model

Time warping cannot be used for real-time decoding because it is computationally expensive.
Thus, to determine the start and end times of each character (hidden states) from the binned firing
rates (observed states) without using the TWPCA, a Hidden Markov Model (HMM) is employed.
This model identifies the times in which the participant imagines writing the character on a paper.
The HMM model categorizes other hand movements and hand stillness as idle time. This model
just handles the start and end of active writing times and does not classify the characters. Since the
TWPCA has distinguished the start and stop times of the "single-letter" data, it can be used as a
training data for this HMM. Later, this HMM distinguishes the start and stop times of the
"supervised complete sentences" from the binned firing rates. This technique, known as "forced

alignment," has been applied to speech recognition [42]. The HMM, with states and state transition

Table 1 - Transition probabilities for the HMM Model

Transition

Probabilities
P (Sx,j - lej) =0.2
P (Sy,; > Sxs1;) =0.6
P (Sy,; > Swz;) = 0.2
P (Sn-1,j > Sn-1) = 0.2
P (Sn-1,j—> Sy ) = 0.8
P (SN,/Q SN,,») =0.2
S, Last state for character j P(sy,;~>B)=0.1
P (sy =~ S1j+1) = 0.7

States Description

All states before the second to last, for

s,,; for x<N-1
i character j

SN-1, j Second to last state for character j

j P(B;.—> B;)=0.5
5 Blank state for character j o EBJ 5 sj) =05
j 1,j+1) — Y-
P(sym—>s =0.7
SN, M Last character state in the sentence b ESN' m 5 BN' ’)V’_) 03
N, M ml] — Y.
B Last blank state in the sentence P(By = By)=1.0
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probabilities as shown in Table 1, defines an ordered march over the characters of each sentence
in the training data.
The HMM model's states are represented as S;j, where j stands for the sentence's character number
and 1 iterates through the states within each character. N is the number of states (time bins) in
character j, which is different for each character. Some characters, like "1" are simpler to write and
so require fewer time bins. Other characters, like "m", are more difficult to write and thus require
more time bins. M is the total number of characters for that sentence.

2.6 HMM Viterbi
Once the system knows when each character begins and ends, it is easier to identify the character
itself. To distinguish the character from the series of time bin data, a Viterbi algorithm was
implemented (Figure 9). To reduce the number of iterations for each character, the probable time
of occurrence for each character was calculated based on a table containing rough writing time
estimates for each character, and the Viterbi algorithm was only iterated 0.3 T before and after this
probable time, where T is the total time for each sentence. This constrains the HMM detector based
on known character templates generated by time-warping.
It is possible that the speed of writing each character within the sentence data differ from the

warped data of the individual characters. In order to refine the HMM emission probabilities and

few > black > taxis > drive > up > major > roads > on > quiet > hazy > nights~

P
06600000

Figure 9 - The HMM Viterbi process for time bins of neural data threshold crossing. Each d;iis a 10 ms time bin,
B is the blank period. Adapted from [31]
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the characters’ start time based on these speed variations; a grid search was conducted using a
stretch factor for the time bins of the neural activations to maximize the correlation of each
character with the observed activity. The stretch factor has been calculated in 15 linearly spaced
increments, ranging from 0.4 to 1.5, and illustrates how the character template gets stretched or
shrunk over time to be longer or shorter than its average. The probabilities of HMM emissions
have been adjusted based on this refinement, whereas the probabilities of transition have remained
the same. With the updated HMM emission probabilities, the Viterbi algorithm has been executed
once more to make the results more precise. These character start and stop times and the character

detections are used to train a recursive neural network (RNN).

2.7 Synthetic Data Generation
The amount of data available for this experiment may not be sufficient to train complicated
algorithms such as RNNs. A small sample size may result in the model being overfit. This study
addressed this limitation by producing a new collection of sentence data using the labeled data
from the preceding section. To do this, binned spikes, from the start of one character to the start of
the next, were taken from the database and used to generate new sentences. This ensures the
inclusion of pauses and transition-related activities that are plausible in real-world data,
necessitating their inclusion in synthetic data. Then, with binned spikes for each character and a
predetermined set of 10,000 popular English words selected at random [43], a new collection of
sentences were constructed. The neurological data of handwriting is substantially connected with

the pen trajectories, suggesting that the start and stop time bins of each character may be highly

Table 2 - Starting point of characters divided to four groups.

Start Height 0 0.25 0.5 1
C7d3m9j7ian9p7 btfhkl
r,s,u,V,W,X,Y, )
z, space (>),
period

Character comma a,0,¢,g,q apostrophe,

question mark
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correlated with the character before or after it, depending on their start and end positions. For
example, the letter 'b' begins at highest point and ends at the lowest point. If the next character is
a 'c' that begins in the middle, the brain activity in time bins near to the transition point will be
different than if the next character is an 'l' that begins at the highest point. In order to address this
issue, characters have been separated into four groups based on their starting position (see Table
2). These category discrepancies have been used to generate synthetic data that is as close as
feasible to the actual data. A random selection was made from among all data samples in the library
whose following character in the training data started at the same height as the following character

in the synthetic sentence.
2.8 Real Time Decoder

The neural activities are temporally binned, z-scored, and smoothed using a Gaussian kernel

denoted by x; in Figure 10. Later, a

Arrays of time binned, z-scored, and smoothed

battery of artificial noise was added With a Gaussian kernel Neural Activities

to these signals to prevent the %
. . Decoder " e ;
decoder from over fitting. Details - Adding Artificial Noise
of these artificial noises and their w
linear affine transformation compensation for daily
effects are discussed in section variations in brain activity X; = A;x{ + b;

b

RNN Decoder

implemented to account for daily @ @

Thresholding

2.12. A linear affine filter was then

fluctuations of neural activity as

-

Figure 10 - The block diagram of the Real Time Decoder

below [44-46].
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ftzAiX{-‘l'bi (1)

Where:

x; is a 192-dimensional vector of neural features (one dimension for each electrode) at every
time t, with artificial noise introduced.

Aiis a 192 x 192 coefficient matrix.

biis a 192 x 1 coefficient vector.

These signals are passed to a RNN to determine the probability of each of the 31 characters
occurring (y¢) and the likelihood of a new character occurring (z;). The characters are decoded

based on these probabilities.

2.9 RNN Architecture
The neural activity was transformed into a time series of character probabilities by a gated
recurrent neural network (GRU)-RNN as shown in Figure 11. A GRU is a type of RNN that uses
gates to control the flow of information in the network. Like traditional RNNs, a GRU processes
sequential inputs one step at a time, but it uses gates to control the flow of information between
time steps. This allows the network to better preserve information from earlier time steps and

prevent the vanishing gradient problem that can occur in traditional RNNs. The vanishing gradient

- )

h{t-1] > X + he
A
] rit] - :I:
X W | C,
> 0 |> 0o |)tanh|
\ J J
f \
& J
/N
x[t]

Figure 11 - Architecture of GRU. Copyright @2020 paperswithcode.com
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character new character
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hidden state 1 N 1 1 1 1
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firing rates X, X X0 Xti3 Xt14 Xt+s
T T T T T
firing rates x
(192 x 1) % X1 *r2 Xt43 Xt+4 ++5

Figure 12 - The RNN architecture. Adapted from [31]
problem is a difficulty in training recurrent neural networks (RNNs) that occurs when the gradient
of the loss function regarding the network's weights becomes very small, making it challenging to
update the weights using backpropagation. This issue can arise when the RNN is attempting to
discover long-term dependencies, as the gradient is multiplied by the network's weights as it
propagates back through the layers. Consequently, the gradient can become very small by the time
it reaches the network's early layers, making it difficult to update the weights in these layers. In
this study, a variation of the conventional GRU was employed. This GRU's gating is determined
by the following formulas.

re = o(WX¢ + Rehe _ 1 + bwr + bryp)
ut = 6(WyuX¢ + Ryht _ 1 + bwy + bru)
ct = on(WhX¢ + 1¢* (Rphe _ 1+ brr) + bwh) )
he=(1—u) *ce+uexhe

Where:
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X is the input vector at time step t.
h; is the hidden state vector at time t.
o is the logistic sigmoid function.
on is the hyperbolic tangent.
r; is the reset gate vector at time t.
u; is the update gate vector at time t.
ctis the candidate hidden state vector at time t.
W and R are weight matrices.
b is the bias vector.
* Denotes element-wise multiplication.
The input for the second layer (blue blocks on Figure 12) is the h; of the first layer (green blocks),
which is indicated as h';. First layer runs once every 20 ms and second layer runs once every 100
ms, resulting in a 100 ms delay for the decoder. The GRU-RNN was trained with a significant
output latency, anticipating character probabilities from one second prior; this was required to
ensure that the GRU-RNN had sufficient time to process the complete character before
determining its identity. The following formula was used to derive the output probabilities from
the hidden state of the second layer:

yr = softmax(Wyh.? + by) (3)

z. = o(W,h% + b,)

o is the logistic sigmoid function.
h,2is the hidden state of the second layer.
W and b are weight matrices and bias vectors.

y:1s a vector of character probabilities (one entry for each character).
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b Probability One-Hot Targets

Character #

600
Time Step Time Step

600

Figure 13 - The output of the GRU-RNN
z;1s a scalar probability that represents the probability of any new character beginning at that time
step.
Real-time operation involves thresholding the z; (threshold = 0.3) to determine when to emit a new
character. If z crosses the threshold, the most likely character is emitted 300 ms later in y:. In
Figure 13a, the probabilities of each character at various time steps are represented, and in Figure
13b, the threshold values for releasing one-hot character at a time are shown.

2.10 Comparison of GRU-RNN to an HMM decoder
To evaluate whether an GRU-RNN was required for high performance, the performance of a
simple HMM decoder was investigated. According to the findings, the GRU-RNN outperforms a
basic HMM, especially in held-out blocks where neural non-stationarity is likely to have resulted
in considerable changes in feature means [47,48]. Nonetheless, when feature mean drift is taken
into consideration, even an HMM decoder can perform reasonably well, indicating that brain
activity is highly distinguishable. As with the forced alignment HMM decoders that were used to
label the sentence data, the HMM decoder also contains character states that can transition to
any other character with equal probability instead of marching forward through a fixed sequence

of characters. Evaluating the GRU-RNN and HMM models without a language model cannot be a
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Table 3 - Error rates of the HMM and the GRU-RNN in this study

Decoder Train + Mean Train Test

Subtraction

GRU-RNN 0.23 % 0.23 % 0.70 %

HMM 2.96 % 6.70 % 80.08 %

fair comparison since the GRU-RNN itself could learn character transition probabilities that the
HMM cannot. A comparison of the character error rates in offline performance between the
GRU-RNN decoder and the HMM decoder is presented on Table 3.

Based on the results, GRU-RNN outperforms HMM, significantly when the feature means have
changed over time. As the HMM lacks a mechanism for adapting to changes in the feature means
(drifts over time in baseline firing rates), it performs poorly in generalizing to blocks that are held
out and performs best when subtracting within-block feature means to account for any changes
that have occurred.

2.11 Decoder retraining analysis

Originally, 50 calibrations were used for each session. It is interesting to calculate the performance
of the decoder using fewer calibration data for copy-typing sessions. This was accomplished by
running an offline GRU-RNN for copy typing sessions with fewer than 50 calibration sentences.
The results are shown in Figure 14a, which quantifies the effect calibration sentences in reducing
character error rates. A second question is how the duration of time since the last calibration day
affects the character error rate Figure 14b shows the effect of time since GRU-RNN training on
character error rates. Increasing the time since GRU-RNN training increases the character error

rate significantly.
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Figure 14 - The character error rate for the GRU-RNN : a) when trained with different number of sentences with
and without the language model. b) for the GRU-RNN as a function of number of training sentences. Each trace
refers to period between experimental sessions. Adapted from [31]

2.12 Adding Noise

Two types of artificial noise were added to the system to prevent the GRU-RNN from being
overfit. As demonstrated in Figure 15a, adding white noise directly to the input feature vectors
significantly increased performance. The addition of white noise to the inputs forces the GRU-
RNN to map clusters of similar inputs to the same output, hence enhancing generalization.

In the meantime, the GRU-RNN has been made resistant to non-stationarity in neural data by
introducing artificial alterations to the neural features' means. Intracortical BCIs have been
hindered by the accumulation of drifts in baseline firing rates over time [49-51]. As indicated in
Figure 15b the addition of artificial mean changes significantly enhanced the GRU-RNN's capacity
to generalize to held out (test) data blocks. Constant offset noise and random walk noise were
added to the system to simulate changes to the neural feature means. As indicated by equation ( 4

) the three forms of artificial noises were combined to generate the vector input [54-56].
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£ (4)
x£=xt+et+(p+2vi
t=0
x. are the original neural features.
€; 1s a white noise vector unique to each time step.

@ is a constant offset vector.
v; are white noise vectors that are cumulatively summed to simulate a random walk noise.
2.13 Language model

In a retrospective offline analysis, a custom, large vocabulary language model was employed to
automatically fix decoder mistakes. The language model consisted of two stages: (1) a 50,000-
word bigram model that processes the neural decoder's output to build a collection of candidate
phrases, and (2) a neural network to rescore these candidate sentences [52,53]. Since all language
models employ a complete list of characters, but the decoder is missing parts of them such as
capital letters, hyphens, and newline, the language model must be adjusted and trained for this

system.
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The language model is essentially an HMM, with each hidden state representing a guess for the
next letter and the state transition probabilities encoding the probabilities for which words are
likely to follow others. The language model makes inferences by employing an approximation of
the Viterbi algorithm to locate likely sequences of characters. The Viterbi search combines
information from the language priors (state transition probabilities) and the neural decoder about
which characters are expected to occur at any moment in time (observations).
2.14 Unsupervised Training

Before evaluating the GRU-RNN's performance in real-time, an unsupervised training survey was
conducted only for the offline analysis utilizing all 50 words of training data acquired at the
beginning of each day. This was intended to imitate the effect of running an unsupervised training
method "in the background" that updates the decoder while the user types the normal sentences
(and does not require prior knowledge of the characters in each sentence). The results are depicted

in Figure 14b.
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2.15 Pen trajectory visualization
A pen trajectory function based on neural activity has been developed solely for visualization
purposes. The participant began by describing his handwriting, after which another individual
attempted to replicate it physically on the screen using a mouse. Then, these simulated template
writings were utilized to teach a system to visualize the individual's intended writing.
ve=Dx; +b (5)

vy is a 2 x 1 vector holding the X and Y velocity of the pen tip at time t, D is a 2 x 192 decoding
matrix, x; is a 192 x 1 vector of binned threshold crossing rates, and b is a 2 x 1 offset term.
Importantly, the decoding was cross validated by leaving out one character at a time. Thus, the pen
tip velocities for any particular character were determined using a decoder trained on all previous
characters, preventing the decoder from overfitting to high-dimensional neural input. The
aforementioned templates then specified the target velocity vector for the decoder on each time
step of each trial, similar to how previous research [54—56] has trained decoders to anticipate the
user's "intended" velocity for continuous movement tasks. These templates were only meant to be
a rough approximation of T5's intended pen tip velocities,

Day-Specific Input Layers
based on the premise that an individual drawing the same : :

-
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character form with a computer mouse would naturally

—_
o

follow a similar velocity trajectory. The rough

approximations are plotted on Figure 16.

(&)

o

Day-Specific Error Rate (%)

o

Figure 17 - Error rate comparison between
using a shared and day specific input layer.
Adapted from [31]
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Table 4 - Summary of the performance. Adapted from [31

Without Language | With Language Model | With Language Model
Model (Bigram LM) (Bigram LM + GPT-2)
Test Character error rate 5.32 9%, 1.69 % 0.90 %
Test Word error rate 23.28 % 6.10 % 3.21 %
Learn Character error rate 2.78 % 0.80 % 0.34 %
Learn Word error rate 12.88 % 3.64 % 1.97 %

2.16 Performance
The x-axis in the Figure 17 depicts the error rate while using a shared A; and b; for all days, but
the y-axis depicts the error rate when using a day-specific A; and b;, demonstrating that using the
day-specific input layer reduces the error rate in most cases. The summary of the performance is
depicted in Table 4. Reaching rates of 90 characters per minute with greater than 94% raw accuracy
online and greater than 99% accuracy offline with a general-purpose autocorrect indicates that this
technology can be a highly important tool for integrating paralyzed individuals into society. Even
years after paralysis, the brain representation of handwriting in the motor cortex is presumably

robust enough to be helpful for a BCI, according to these findings.
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3 A brain-computer interface that evokes tactile sensations

improves robotic arm control

Tactile feedback is crucial for enabling BCl-assisted individuals with UE neurological disorders
to perform ADLs independently, as it conveys state transitions such as object contact.
Nevertheless, prosthesis users primarily rely on visual feedback. This study [57] demonstrates that
intracortical stimulation of somatosensory cortex improves functional item transfer activities with

a BCI-controlled prosthetic limb in a tetraplegic individual.

3.1 The participant
The participant is a 28-year-old male with tetraplegia caused by a C5 motor and C6 sensory
American Spinal Injury Association (ASIA) B spinal cord injury sustained 10 years prior to the
device's implantation. The "C5 motor level" corresponds to the fifth cervical (C5) vertebra, which
is located in the spinal cord's neck region. The C5 spinal segment is responsible for shoulder
elevation (deltoid muscle) and elbow flexion (biceps muscle). However, there may be a partial or
complete loss of function below this level, including the hand and wrist-moving muscles. The "C6
sensory level" corresponds to the sixth cervical (C6) vertebra, which resides in the neck region of
the spinal cord. At the C6 sensory level, the thumb side of the forearm and the thumb, index, and
middle digits are sensitive. "ASIA B" is a classification used to characterize the severity of spinal
cord injuries on the ASIA impairment scale. ASIA B indicates some preservation of sensory

function below the level of injury to the nervous system, but no preservation of motor function.

3.2 The Micro Electrode Arrays

Two Blackrock [33] MEAs (88 wired platinum electrodes (1.5 mm long) in a 10x10 array) were
implanted in the motor cortex of the hand and arm to interpret movement, and two other Blackrock

MEAs (32 wired electrodes each, 6x10 array, 1.5 mm long, sputtered iridium oxide) were
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Figure 18 - A block diagram of the system and its various sections. a) The MPL robotic arm, b) The sensor
placements on the brain, c) the effects of each electrode on the pressure feeling of the specific finger, d) The
mapping between the current levels of the stimulation and the recorded torque and e) The mapping of the signals
recorded from the brain with MEAs to the actual directions. Adapted from [57]

implanted in area one of the somatosensory cortex to trigger feelings in the right hand fingers by
intracortical micro stimulation (ICMS) as depicted in Figure 18b. Neural voltage recordings from
each electrode in the motor cortex were bandpass filtered between 0.3 Hz and 7.5 kHz and digitized
at 30 kSps using a NeuroPort signal processor, and microsimulation-induced electrical artifacts
were removed using a combination of digital signal blanking and filtering. During each stimulus
pulse, a sample-and-hold circuit blanked the recorded signals. The signals were then high-pass
filtered with a 750 Hz, first-order Butterworth filter that decreased the effect of additional transient
discontinuities in the signal, allowing for rapid baseline settling of the wideband signal. This
signal’s spike threshold was set to -4.5 times its RMS. The software rejected any transient

threshold crossings that occurred in the sample immediately after the blanking period.
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3.3 Prosthetic Limb
The Modular Prosthetic Limb (MPL) [58] is a bionic limb whose dexterity, weight, range of
motion, and force generation are comparable to those of a human arm. This will assist the system
and participant feel as if he is moving his own hand, without which the brain would not be able to
easily coordinate with the speed, range of motion, or force. Its purpose is to restore full mobility
and functionality to the upper extremities of amputee soldiers. This prosthetic limb was not
wearable, so it was only used as a proof of concept in this study. The system conveys the

MPL’s torque sensors data to tactile feedback via the ICMS.

3.4 Performance Analysis
In this study, two distinct performance analysis tests were conducted. For 1D movements as
depicted in Figure 19b, as an object transfer task, a person must grasp an object and transfer it
from the left box to the right box without lifting it. The second performance evaluation is a
modified variant of the Action Research Arm Test (ARAT) [59,60] in which the subject grasps an
object from the left box, lifts it, and places it on platform in the right box. The 3D movement of
the object is led by the fact that the platform is 6 cm higher than the left box as depicted in Figure

19a. Only ARAT results are addressed in this article.

G,

s

Figure 19 - Overhead view of ARAT (A) and Object Transform (B) tests. Adapted from[57]
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3.5 Data Gathering

The trial was conducted 717 days following the implantation and spanned 27 days, with eight data
collection sessions lasting four hours each. Over the course of these sessions, two feedback
conditions were evaluated using a block-design: for the first four sessions, the bidirectional BCI
with ICMS-evoked tactile feedback was driven by sensors on the MPL, and for the next four
sessions, the same testing protocol was followed with the ICMS disabled. On each experiment
day, a new decoder was trained without ICMS using observation and computer aid [61], and then
the subject completed three blocks of the sequence task, five blocks of the object transfer task, and
one ARAT session using brain control and no computer assistance.
3.6 Intracortical microsimulation

A biphasic, charge-balanced, current controlled pulse wave has been used for the ICMS. Using
biphasic charge balance pulses will prevent injury to brain tissue resulting from unbalanced
electrical charge injection. It indicates that the circuit controls the maximum current of each pulse
while simultaneously stimulating one positive and one negative pulse with the same amount of
electrical charge (the area under each pulse in a plot of current versus time). The cathodal phase
lasted 200 ps, the anodal phase lasted 400 ps, and the amplitude of the anodal phase was tuned to
half the amplitude of the cathodal phase to provide charge-balanced stimulation. The phases were
separated by 100-second intervals resulting in a charge-balanced stimulation pulse wave of 1.25
kHz.

This type of stimulation pulse is chosen to maximize efficiency and minimize stimulation
amplitudes which is essential for keeping the neurons healthy in long term. The stimulation signals
must constantly be charge-balanced to ensure that there is no long-term polarization of the

electrode-tissue interface, which would cause damage to the electrode materials and local tissue.
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The theoretical justification for deploying a recovery (anodic) phase that is twice as long and half
as intense (but has the same charge as the cathodic phase) is to deliberately slow down the recovery
phase.

Detailed explanations of sensory perceptions induced by the ICMS of the somatosensory cortex
have been reported previously [62,63]. This study identifies the area of the brain that, when
stimulated, induces somatosensory activity at a certain body location. To provide somatosensory
input during real-time prosthesis control, electrodes that could trigger perception centered on
specific fingers were stimulated. One electrode with a projected field in the proximal
interphalangeal joint of the index finger was mapped to the output of the torque sensor in the index
finger metacarpal phalangeal joint of the MPL, as depicted in Figure 18c and Figure 20a. The
torque sensor output from the middle finger of the MPL was mapped to four electrodes with
projected fields in either the middle, ring, or little finger. The projected fields from the specified
electrodes collectively included the index, middle, ring, and pinky fingers. MPL finger motor
torques were linearly mapped to ICMS current amplitudes, such that increasing grab force
increased the ICMS current amplitude and, consequently, the perceived stimulus intensity. Current

stimulus amplitude is determined by:

Tt — Trmi 6
A = (w) * (Amax - Amin) + Amin (6)

Tmax — Tmin
where A is the commanded pulse train current amplitude at time step t, Amin and Amax are the
electrode-specific range of stimulus amplitudes, and t is the torque sensor data that was utilized to
transmit grip force. T,,;, and T,,q, are the minimum and maximum torque values corresponding
to the minimum and maximum stimulation amplitudes, respectively. The specified torque levels
were 0.1 Nm and 0.5 Nm, which roughly equate to a soft touch and a firm grip, respectively. These

values were linearly translated to stimulus amplitudes ranging from 14 to 64 pA with 4 or 6 uA
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increments (Figure 18d). The maximum and minimum currents are fixed for the participant.
Another form of this formula can be written as:

Ay — Apin _ Tt~ Tmin (7)

Amax — Amin ~ Tmax — Tmin
According to this formula, a normalization measured torque is translated to a normalization
stimulation current. Every 20 ms, new torque data was collected and utilized to adjust the pulse
train's amplitude. This whole process, from sensor data collection to the generation of fresh
stimulation pulses, happens within 20 ms, establishing a maximum delay between peripheral

mechanical events and cortical stimulation.
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Figure 20 - Torque-to-force conversion example and electrode characteristics. Adapted from[57]

33



Figure 20 indicates a torque-to-force conversion example and electrode characteristics. An
example of the torque and accompanying stimulation amplitude profiles obtained during an ARAT
experiment using a 7.50 cm cube. In Figure 20a, the torque sensor data from the index finger motor
regulated the stimulation amplitude on an electrode that stimulated the index finger proximal
interphalangeal joint. The electrode's detection thresholds and perceptual quality are mentioned.
On Figure 20b, the torque sensor data from the middle finger motor regulated the stimulation
amplitude on four electrodes that elicited feelings at the bases of the second through fifth digits,
as seen on the hand figure. Each electrode's detection thresholds and perceptual properties are
listed. All electrodes were stimulated with the same amplitude.

3.7 Decoder Design
A decoder has been designed to regulate continuously and concurrently five degrees of freedom
(DoF) of the endpoint velocity of MPL based on the threshold crossing rates of the neural activity
of the brain. These five degrees of freedom include wrist pronation and supination as well as three-
dimensional hand aperture, with the thumb always placed opposite the fingers. Using an inverse
kinematic model and additional restrictions, the robotic arm's individual joint angles were
controlled to maintain a realistic elbow position.
To train the decoder, the participant is shown a 3D virtual image of the MPL and instructed to
envision moving it in specific directions until reaching a randomly determined location and
grabbing a target. This activity also included an auditory cue to assist the person in completing it.
Using an encoding model that relates neuronal firing rates to arm kinematics, an optimum linear
estimator decoder was generated after monitoring the completion of 27 trials, which lasted around
seven minutes. The model of encoding was:

f = by + byvy + byvy, + b,v, + bgvg + by (8)
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Where x, y, and z are translation dimension, 6 is wrist rotation dimension, and g is grip
dimensions, f is the square root transformed firing rate of a unit during movement described by 5
dimensional velocity vector V(vx,vy,Vz,Ve,ve) and bo, bx, by, bz, be, beare the coefficients that vary
for each unit. Units that were not tuned to any direction of movement velocity (R?<0.1) were
excluded from further processing. In matrix form, this relationship is written as:
Fitan] = Vitxa] * Blasn] (9)
where t is the number of decoding time points, n represents the number of neural features, and d
represents the number of kinematic dimensions. The coefficient matrix B was solved using indirect
optimum linear estimation (OLE) [64] and ridge regression [65].
B = VTV + Ay * [jgua))\VTF (10)
Where A is the ridge regression optimization parameter and I is a d*d identity matrix. The
following equation is satisfied by the decoding weights, W, that directly translate neuronal firing
rates, F, to kinematic command signals, V.
Vitsa] = Fiesn)Winsa) (11)
and were solved for using ridge regression and variance correction as below:

W = (B Zpun BT + 2, I[d*d])+B Z[nen] (12)
where + represents the Moore-Penrose integral Pseudoinverse, and X is a diagonal matrix with
values equal to the inverse variance of each neural unit's residuals. This effectively increases the
contribution of units that carry more information regarding movement velocity and reduces the
contribution of units that convey less or more variable information.

The weights of decoders were subsequently computed through indirect OLE. Afterward, the
participant repeated the training task using the decoder trained from observation data, but the

computer restricted the decoded movement velocities to those on the optimal path (The closest
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possible routes between the start and target points). After completing this operation, a new decoder
was trained using data from the second training batch. Every test day, a new decoder was trained,
and all decoder training was completed without ICMS. The daily calibration process lasted around
15 minutes.

As depicted in Figure 21, each day began with the training of a new decoder utilizing a two-step
procedure. First, using an observation paradigm, a primary decoder was trained. Next, the subject
was assisted in controlling the robotic limb, and a new decoder was trained. After training the
decoder, the participant completed a sequence task to provide control data from which we could
determine the overall performance of the decoder. The individual then completed object transfer
trials, followed by ARAT trials. On the first four trial days (717-729), ICMS was used to undertake
these functional assessments. On the final four days of the trial (days 731-743), functional
evaluations were performed without ICMS.

With ICMS, the median time spent attempting to grasp an object decreased by 66%, from 13.3 to

4.6 seconds. A one-by-one comparison of two identical actions reveals a decrease in the total time

Decoder [ With ICMS Decoder

Training [ Without ICMS Training

(Assisted) (Assisted)
Decoder Sequence Decoder Sequence
Training Task (Decoder Training Task (Decoder

(Observation) Testing) (Observation) Testing)
Object
Transfer e

Daily Test Schedule Daily Test Schedule

Day 717 Day 721 Day 724 | Day 729

Figure 21 - Experimental timeline displaying the experimental schedule within and across days, noting when
ICMS (blue) was utilized and when it was not (gray). Adapted from [57]
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required to complete an action in 88% of cases. With ICMS, the reaching and transport portions
required 25% less time on average. When a participant successfully grasps an object, they rarely
lose it and all of the drops were caused by an unstable grasp, not because the participant's palm
was opened.

To determine the baseline decoder performance accuracy in the absence of objects and, most
crucially, in the absence of ICMS, a total of three sets of ten trials were conducted using the robotic
limb. The performance of the decoder was evaluated on a daily basis using the MPL in a sequence
task in which the goal was to acquire predetermined combinations of hand endpoint position, wrist
orientation, and grasp posture. A trial was deemed successful if the participant was able to position
the robotic hand within a 5 cm diameter target, orient the wrist to within +0.25 radians, and adjust

the grasp aperture to be at least 80% of the way to maximal flexion or extension of the digits being

used.
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Two tasks, a modified version of the ARAT (Figure 19a) and an item transfer task (Figure 19b),

were performed with and without ICMS while vision feedback was always present.

3.8 Results

As previously noted, the system has been evaluated using the conventional ARAT test. Table 5
includes the median and interquartile range (IQR) timings for successful ARAT trials of each
object, as well as the number of successful completions (N) with and without ICMS-induced tactile
sensations. There were not enough successful water pouring efforts to determine the median and
interquartile range, so the times for all successful attempts are reported. Based on the data
presented on Table 5, it is clear that using ICMS significantly reduces the amount of time required
to accomplish tasks compared to not using it. Figure 22 depicts the impact of ICMS feedback on
ARAT task completion durations for specific objects to illustrate the variations between the
presence and absence of the ICMS. Gray dots represent successful trial times without ICMS, while

blue dots represent successful trial times with ICMS. The median trial times for each object or

Table 5 - The results of ARAT test: The median and interquartile range (IQR) timing and the number of
successful completions (N) of ARAT test with and without ICMS

Without ICMS With ICMS
Object Median IQR (s) N Median IQR (s) N
(s) (s)
10 cm 46.6 24.2 -80.3 8 13.1 9.8-18.6 9
cube
25cm 445 32.8-62.0 10 31.6 15.2-60.1 8
cube
5cm 13.2 10.3-29.0 8 6.8 43-11.5 10
cube
7.5cm 27.6 13.7-38.9 9 10.2 6.0-13.2 11
cube
Sphere 12.3 10.9-17.8 11 5.9 44-123 10
Rock 24 18.7 —40.1 9 21.2 6.3-52.2 8
Large 14.4 11.2-18.3 12 6.6 45-92 11
Cylinder
Small 27 15.4-32.3 10 9.5 57-23.2 11
Cylinder
Water 76 1 24.0, 43.9, 481 3
Pouring
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feedback paradigm are denoted with an “x”. For visualization purposes, median timings for each
object are connected with a red line. When ICMS feedback was provided, five of the nine objects
had significantly shorter trial times, while the remaining four had marginally faster trial times.

Figure 23a depicts the ARAT scores for a previous study with occasional ICMS on the left, the
current study with ICMS in the middle, and without ICMS on the right; when ICMS feedback was
provided, the ARAT scores were significantly higher than in the current experiment without ICMS
feedback with red lines representing the median score. Histogram of effective trial durations with

(blue) and without (gray) ICMS tactile feedback is depicted on Figure 23b. With ICMS, median
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trial times (dotted lines) were substantially faster (p<0.0001). The bars with hatching represent
trials completed in less than five seconds.

The empirical cumulative distribution function (ECDF) describes the distribution of a set of data
points in terms of the proportion of data points that are less than or equal to a specified value.
Figure 23c illustrates the empirical cumulative distribution of trial times, on a log-normalized axis,
where the x-axis represents trial times on a logarithmic scale and the y-axis represents the
proportion of trial times that are less than or equal to each value, with each step representing a
change in the proportion of trial times. Figure 23d depicts the duration of each phase of the ARAT
assignment. The red lines represent the medians, the box outlines represent the interquartile ranges,
and the margins represent the range of the data excluding outliers (red '+'). All phases of a project

were completed faster when ICMS feedback was provided (*p<0.001, **p<0.0001).

3.9 Conclusion

This study demonstrates that ICMS-induced tactile perceptions can enhance task performance to
levels not previously observed and reduce reaching and grasping time in a manner comparable to
that of natural tactile sensations during grasp. These performances appeared to be unrelated to
practice. Artificial tactile sensations significantly improved performance, which will in the future
substantially improve BCI performance. The results of this study are encouraging for helping

individuals with SCI perform ADLs.

4 Real-time prediction of hand trajectory by ensembles of cortical

neurons in primates

This study [66] describes an experiment in which MEAs were implanted in the brains of owl

monkeys performing reaching and grasping actions in order to record their neural activity. This
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neural data was used to train an algorithm capable of predicting the motion of the hand in real
time. The system was trained using data from multiple cortical regions, and the researchers
discovered how employing a collection of neurons from separate areas improved prediction
accuracy. In addition, they discovered the algorithm's predictions were more accurate when a
monkey was performing a simple activity as opposed to a complex one. Overall, the research
demonstrates that ensembles of cortical neurons can be used to predict hand movements in real-
time, which has implications for the development of brain prostheses for paralyzed individuals.
4.1 Implantation Procedure

Microelectrode arrays consisting of 16—32 Teflon-coated, stainless steel microwires (50 mm in
diameter) were implanted into the cortical regions of two owl monkeys (Aotus trivirgatus). The

premotor, primary motor, and posterior parietal cortical areas of owl monkeys were identified
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using stereotaxic coordinates, microstimulation maps, and intraoperative neural mapping
recordings. During the implantation procedure, constant mechanical stimuli were applied to the
arm, face, and legs, such as tapping the muscles and passively moving the joints, to locate the
rostral and caudal borders of cortical regions from which somatosensory responses could be
elicited while the monkey was under anesthesia. The implants were placed in the motor cortex
prior to the rostral most limit of the somatosensory cortex and in the monkey's cortex immediately
posterior to the caudal most limit of the somatosensory cortex once the boundaries of the motor
cortex and the somatosensory cortex were determined. Through each implanted microwire, neural
activities were recorded using a 96-channel neuron acquisition processor (MNAP, Plexon, Dallas,
TX). Left dorsal premotor cortex (PMd, 16 wires) [67,68], left primary motor cortex (MI, 16
wires), left posterior parietal cortex (PP, 16 wires), right PMd and MI (32 wires), and right PP
cortex (16 wires) were implanted with 96 microwaves in the first primate. Thirty-two microwires
were implanted in the left PMd (16 wires) and left MI (16 wires) of the second primate. Figure

24b and ¢ depict synchronized recordings from these regions as well as the hand position.

4.2 Tasks

Two owl monkeys were trained on two behavioral tasks. In the first task, the monkeys were
instructed to center a manipulandum for a variable amount of time before moving it to a left or
right target in response to a visual signal. They received a juice reward for correct responses. The
position of the manipulandum was continuously recorded at 200 Hz using a precision
potentiometer. In the second task, the monkeys were instructed to place their right hand on a
platform attached to a chair at waist height. When an opaque barrier was removed, the monkeys
were to pick a small piece of fruit randomly placed in one of four fixed target positions on a tray

in front of them. The position and orientation of the wrist was continuously recorded in three-

42



dimensional space using a plastic strip containing numerous fiber optic sensors. The bending and
twisting of the plastic strip altered light transmission through the fiber optic sensors (Shape Tape,
Measurand, Inc., Fredericton, NB, Canada), providing a precise description of the wrist position
in the x, y, and z dimensions. The resulting analog data was sampled at 200 Hz and converted to
3D arm trajectories. The arm trajectories were used to control the movements of local and remote

robotic devices[69], as shown in Figure 24a.

4.3 Data Analysis

In this study, the "serial single-neuron recording" technique was used to characterize each
individual neuron using recordings from a single or multiple microwires. This may entail
employing signal processing techniques, such as spike sorting algorithms, to separate the electrical
activity of individual neurons from the surrounding background noise or other neurons. In certain
instances, researchers may perform serial single-neuron recordings by leaving the electrode in
place for extended periods of time to record from the same neuron over the course of multiple
sessions or even days. After identifying individual neurons, the firing rates of the neurons were
extracted and inserted into the input matrix denoted as X(t).

Based on the input neural data, the limb position was predicted using first a linear model and then
an ANN. The recording sessions with both primates were analyzed offline to determine how well
a linear model can manage the predictions. To construct the linear model, which is an extension of
simple linear regression, each column of the input matrix X(t) represents the discharges of
individual neurons, and each row represents a time bin. Arm position denoted as Y(t) which is a
single output vector in the case of a one-dimensional task and a three-column matrix in the case of
a three-dimensional task. Significant coupling between inputs and outputs in this instance is

frequently not restricted to synchronous observations but can occur over a range of time latency
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or delay between signals. The expression for the linear association between neural discharges in
X(t) and arm position in Y(t) is:
- (13)
Y(t) = b + Z a@X(t —u) + e(0)
u=-m

In which:

e X(t) is neuronal firing in time t.

e Y(t)is arm trajectory in time t.

e a(u) is the weights required for fitting X(t) to Y(t) as a function of time lag u between

inputs.and the outputs, it is called as impulse response function in this study, and

e b is the constant.
Equation ( 13 ) approximates the arm trajectory Y(t) by convolving X(t) with the a(u) which
is referred to as impulse response function. In regression, the term b represents the Y-intercept.
For one-dimensional motion, b is a single digit; for three-dimensional motion, b is a vector with
three numbers, one for each dimension. €(t), the final term in the equation, reflects the residual
errors, or any fluctuation in Y(t) that cannot be explained by X(t).
The bounds of the time lag u should be selected so that the model includes time delays for which
there is statistically significant coupling between the signals in X(t) and Y(t). The desired values
of m and n may be calculated first using high numbers (e.g., 5-10 s) and subsequently refined by
statistically analyzing impulse response functions across several data sets. In this study, it was
found that the impulse response functions of some cortical neurons were statistically different from
zero for delays of up to one second.
In this study, neuronal activities were regarded as discrete processes, but the location of the

monkey's wrist in the three dimensions was deemed continuous. The hand trajectory data was
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collected at a rate of 200 Hz, so 5 ms intervals of neural activity were chosen to correspond with
this frequency. Calculating single neuron impulse response functions directly in the time domain
at such a high temporal precision is computationally expensive. As a result, impulse response
functions were calculated offline using the frequency-domain approach. First, the auto spectra for
all input and output signals, as well as the cross spectra between all signal pairs, are computed
using a Fast Fourier Transform (FFT) of synchronous segments of all signals and averaging over
all segments in the data set used to build the model. This yields a spectral density matrix, f(1),
which is the frequency-domain equivalent of the covariance matrix between all input and output
variables.

The auto-spectrum is the spectral analysis of a signal's own power as a function of frequency. To
calculate an auto spectrum using FFT, the FFT of the signal must first be calculated, followed by
the magnitude squared of the FFT. The squared magnitude of the FFT produces the power
spectrum of the signal, which reflects the frequency-dependent distribution of signal power. Cross-
spectra is the spectral representation of the relationship between two signals as a function of
frequency. A cross-spectrum is calculated by taking the FFT of both signals, multiplying them
together, and then calculating the magnitude squared of the resulting product. The magnitude
squared of the product yields the cross-spectrum of the two signals, which is the frequency-
dependent distribution of the relationship between the two signals. The spectral density of a signal
shows how its power or energy is spread across different frequencies.

The spectral density matrix f (1) is divisible into fyx(4) and fyx (1) where A represents frequency,
fxx(A) describes the frequency-domain relationships among all X(t) inputs, fyx(4) describes the
relationships between outputs Y(t) and inputs X(t). Using inverse Fourier transforms, impulse

response functions were derived from transfer functions. Using the sample means for each of the
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input and output signals, the Y-intercept constants were finally determined. The following
equation can be used to calculate the transfer functions between the frequency-domain analog of
the input signals in X(t) and the output signals in Y(t):

A = frxDfexD)71 (14)
where a matrix inverse is denoted by "to the power of minus unity." The gain and phase
relationships between each pair of input-output signals are described as a function of frequency by
the transfer functions in the matrix A(4). The impulse response function a(u) is also easily
calculable using the inverse FFT algorithm because they are equivalent to the inverse Fourier
transforms of the transfer functions. Finally, the relation estimates the Y-intercept constants b can
be calculated as:

b=Y(t)—A0)X(t) (15)
where the overlines represent the sample means for every signal in X(t) and Y (t).
Coherence spectra were calculated to assess the coupling between individual neuron activity and
arm position. As previously mentioned, spectra and cross-spectra for pairs of signals were
calculated by Fourier transforming data segments and averaging over all available segments. A
spectral resolution of 0.5 Hz was attained using 2-second segments. The cross-spectrum between
the two is fyy (1), the spectrum for a single neuron is fyx (A1), and the spectrum for the position is

fyy(A). The definition of the coherence spectrum is:

2 _ |fxy(/1)|2 (]6)
R DI =2 D7, @

In other words, the coherence spectrum is the absolute squared cross-spectrum between the two
signals, which is then normalized by the spectra of the two individual signals. On a scale that goes

from zero to one, the coherence spectrum provides a description of the amount of linear coupling
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that exists between the two signals. This description is based on the frequency. Utilizing standard

practices, a statistical analysis of the significance of the coherence spectrum was carried out.

4.4 Real Time Data Analysis
There were two major obstacles to real time data processing. Always, there is a lag between arm
position data Y(t) and neural activity X(t). Hence, for immediate prediction of Y(t), prior neural
activities must be exploited to predict future arm motions. Given the limited processing resources
available at the time (dual 800MHz Pentium III, PC-compatible microcomputer), it was essential
to reduce the system's computational load. To simplify the process, instead of analyzing neural
activity as a point process at 200 Hz, the number of threshold crossings in ten 100 ms bins was
counted as shown in formula ( 17 ). To overcome the first challenge, the model was trained with
the neural activity of the most recent ten time-bins, which will account for the most recent one

second of data.
9 (17)
Y(O) = b + Z a(X(t —u) + €(t)
u=0
4.5 Artificial neural network model
In this study, the same data structure was utilized as in the real-time linear model, with inputs
consisting of up to ten 100 ms divisions of neuronal discharge counts for each recorded neuron.
The ANNs were feed-forward networks with a nonlinear hidden layer of units whose output
function was tan-sigmoid, feeding a linear output layer that predicted the location signals [66,70].
The most successful approach for training the networks was discovered to be with one hidden layer
comprising 15 to 20 units. They also used an early halting strategy to avoid data over-fitting. It
involves stopping the training process early before the model has had a chance to overfit the

training data. This can be done by monitoring the performance of the model on a validation set,
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and stopping training when the performance on the validation set starts to decrease. Real-time
predictions of hand position generated by ANNs were comparable to those generated by the linear
approach, and the ANN model was often only marginally superior to the linear technique during
offline analysis. The authors used an adaptive procedure to repeatedly fit the linear and ANN
models during each recording session, with the models being computed using the most recent 10
minutes of recorded data. The outcomes of the models were sent over a typical Internet protocol
server to computer clients operating robot arms in their lab and at the Massachusetts Institute of
Technology (MIT). The robots were three-degree-of-freedom, high-precision manipulators, and
their motions were recorded to determine the correctness of the arm trajectory signals provided by
the models. The input command to the robots was the end-Cartesian effector's coordinates, and

standard proportional derivative (PD) control of the end-effector coordinates was implemented in
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Figure 25 - Real-time control of 1D hand movements. Adapted from [66]
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C++ with a new coordinate commanded every 100 ms based on the brain output of a monkey. As
depicted in Figure 25¢ (monkey 1) and Figure 25f (monkey 2), the performance of both algorithms
improved in the first few minutes of recordings for both primates, before reaching an asymptotic
level that was maintained throughout the experiment. For several months, highly significant

predictions of hand movement trajectories were derived for both primates.
4.6 Results

Coherence analysis revealed that the majority of single neurons from the recorded cortical regions
exhibited significant correlations with both one-dimensional and three-dimensional hand
trajectories, although the strength and frequency range of these correlations varied among cortical
regions. Then, experiments were conducted to evaluate the real-time hand position prediction
capabilities of linear and ANN algorithms. Despite the complexity of the trajectories, which
involved varying starting positions and velocities, both algorithms produced highly accurate
predictions for the one-dimensional movements of both primates. In one session, the activity of
multiple neurons enabled monkey 1 to accomplish an average correlation coefficient of 0.61
between observed and predicted hand position, whereas a smaller sample of neurons produced an
average correlation coefficient of 0.72 for monkey 2. The accuracy of predictions improved within
the first few minutes of recordings and then stabilized at an asymptotic level that was maintained
throughout the experiment, with significant predictions obtained in both primates over the course
of several months. Figure 25c¢ and d illustrate that there were no significant differences in
performance between linear and ANN algorithms for either animal. (With linear prediction shown

as the green line and ANN as the red line).
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Throughout the recording sessions, both linear and ANN models were continuously updated to
reduce the influence of dynamic variations in the coupling between neuronal activity and
movement, as well as other non-stationary influences. This strategy significantly enhanced the
ability to predict hand trajectories. For example, when predicting the last 10 minutes of 50-100
minute sessions, the adaptive algorithm outperformed a fixed model based on the first 10 minutes
by 55% (median) in 20 sessions, and by 20% compared to a model based on the first 30-40 minutes
of the session.

Later, the ability of the same cortical ensemble activity and models to predict the complex
sequences of three-dimensional hand movements employed by primates in a food-reaching task
(task 2) was investigated. These movements consisted of four phases: reaching for the meal,

grasping it, bringing it to the mouth, and returning to the starting position. (Figure 26a and b). Due
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to the animals were not overtrained, their movement trajectories were highly variable. In the
session depicted in Figure 26a (monkey 1), the hand trajectories displayed a dispersion of
7.0%7.5%6.0 cm (or 315 cm?), whereas in Figure 26b (monkey 2), the dispersion was even greater,
measuring 11.5%10.5%10.0 cm (or 1,207.5 cm?).

The same linear and ANN models described above provided accurate predictions of three-
dimensional hand trajectories in four distinct orientations during 25-60-minute experimental
sessions (60-208 trials) for both animals. Figure 26d and e present examples of observed (black
lines) and predicted (red lines) sequences of three-dimensional movements produced by monkey
1 and monkey 2, respectively. After initial advancements, asymptotic levels of prediction accuracy
were achieved and maintained throughout the experiments for three-dimensional hand trajectories.
(Figure 26f and g). The accuracy of three-dimensional predictions was found to be comparable to
that of one-dimensional movements, with correlation coefficients (r) ranging from 0.54 to 0.77 for
the x-, y-, and z-dimensions and averaged over 20-minute intervals, depending on the primate.
The results demonstrate the validity of the study's real-time methodology. The model parameters
obtained from training with hand movements directed to one set of targets (e.g., targets on the
right) reliably predicted hand trajectories directed to a different set of targets. (e.g., targets on the
left). Similarly, accuracy was comparable when using parameters derived from movements to one
set of targets to predict movements to the opposite set of targets (e.g., proximal to distal or vice
versa). Using parameters trained with right movements to predict left movements, the correlations
(r) between predicted and actual hand trajectories were 0.80, 0.70, and 0.67 for the x-, y-, and z-
dimensions, respectively, in monkey 1. For macaque 2, the correlations for the x, y, and z
dimensions were 0.68, 0.53, and 0.81, respectively. Similar accuracy was observed when

predicting distal movements using proximal movement parameters and vice versa, with
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correlations ranging from 0.69 to 0.81 for various dimensions and primates. These results indicate
that the linear model used in the real-time approach is capable of generalizing across various hand
movement directions, indicating its robustness and potential for practical applications in predicting
hand trajectories in real-time tasks.

Neuron-dropping analysis is a method for determining the contribution of individual neurons to a
specific neural computation or behavior. It entails systematically removing one neuron at a time
from the neural population being analyzed, followed by measuring the effect of the neuron's
absence on the performance or behavior of the entire system. Typically, neuron-dropping analysis
is conducted by simulating the neural system or model with and without every neuron and
comparing the performance or behavior in both cases. This enables the determination of the

relative significance of each neuron in the computation or behavior of interest.
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Figure 27 - Neuro Dropping Analysis. Adapted from [66]
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Using a neuron-dropping analysis, the study examined the contributions of various cortical regions
to the prediction of one-dimensional hand movements. This analysis involved determining the
average effect of removing individual neurons from the neuronal population utilized in each real-
time session. The analysis was conducted offline separately for each cortical area, as well as for
all cortical areas combined, neuron-dropping curves were obtained, and simple hyperbolic
functions were used to fit them with. The results indicated that hyperbolic functions could
accurately fit the curves derived from the neuron-dropping analysis, with correlation coefficients
(r) ranging from 0.9966 to 0.9996, using both the linear and ANN models for both animals. Figure
27a-e illustrates typical neuron-dropping curves and their hyperbolic fits. Extrapolations of the
hyperbolic curves revealed that theoretically, 90% accurate real-time prediction of one-
dimensional hand movements could be attained by applying the linear model to a specified number
of neurons in each cortical region. As shown in Figure 27f and g for monkey one 480+65.7 PMd,
666+83.0 M1, 629+64.2 PP and 1,195+142 ipsilateral MI/PMd neurons is required to get 90% of
accuracy. For monkey 2, the same level of accuracy would require either 376+42.3 PMd neurons
or 869+127.4 M1 neurons. Theoretically, significantly fewer PMd (red) neurons would be required
in both primates to attain the same level (90%) of one-dimensional hand movement prediction
accuracy, i.e., PMd neurons contributed the most to the predictions on average. MI (light blue) and
PP (dark blue) ensembles contributed comparably less variance, whereas ipsilateral MI cortical
neurons accounted for the least variance. (Yellow line). When all recorded cortical neurons were
combined, extrapolation of hyperbolic functions yielded identical 90% prediction accuracy
estimates for both primates (monkey 1, 625+64 neurons; monkey 2, 619+73 neurons).

This study proves that as it was hypothesized the motor control signals for arm movements occur

simultaneously in large regions of the frontal and parietal cortices, and that each of these cortical
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regions may produce hand trajectory signals in real time. Nonetheless, the estimated neuronal
sample necessary to predict hand trajectories using a single cortical region may vary, indicating
functional specializations of these regions. According to previous findings, the activity in these
cortical regions is influenced by motor parameters and other factors, such as visual information or
motor periphery.

This study demonstrated that neural ensemble activity recorded from numerous cortical regions
can be used to generate both one-dimensional and three-dimensional signals for controlling robot
movement in real time. This real-time approach, unlike previous offline algorithms, did not rely
on a priori presumption regarding the physiological properties of solitary neurons or the
homogeneity of the neuronal population sample. Instead, random samples of cortical neurons were
used to predict arm movements accurately. These findings support the notion that motor signals
from ensembles of cortical neurons could potentially be used to govern the movements of
prosthetic limbs over the long term. A combination of denser multi-wire arrays and implantable
integrated circuits for real-time signal processing could form the foundation of a brain-machine

interface for paralyzed patients to control prosthetic limbs voluntarily.

5 Conclusion

Each of the three papers we examined had been selected for a particular purpose. The first one was
chosen as one of the most recent and innovative BCI systems with the highest reported degrees of
freedom (31 character). The second one was chosen due to its uniqueness as a close-loop BCI
system that can provide tactile feedback to the individual, the second system. The third paper was
chosen to compare the methodologies of a pioneering paper from the past with those of

contemporary research.
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The methods of older studies are different from those of modern studies in two major ways. The
first difference is that older papers looked at different parts of the brain to figure out what each
part did. In newer studies, however, since most parts of the brain have already been studied in
depth, researchers are less concerned with figuring out what each part does and tend to carefully
implant MEAs in parts of the brain that have already been studied. The second distinction is that
older studies use spike sorting to ascertain the activities of all the neurons adjacent to the
electrodes, whereas newer approaches tend to use threshold crossing rates of neural activities
without regard for individual neurons. This is possible due to the development of MEAs with
reduced cross-section areas and shortened distances between electrodes, as well as the
improvement of computer and machine learning algorithm processing capabilities. In the
meantime, because thresholding is computationally cheaper than spike sorting, it enables the use
of intricate machine learning algorithms in real time.

Since data was always recorded at sampling rates such as 30 kSps on each electrode, data
transmission to the outside of the brain was always a challenge. Using any wireless system would
require a large amount of power, producing excess heat that could damage the tissues. With basic
circuitry, it is possible to threshold neural activity and only transmit threshold crossing rates out
of the brain using thresholding techniques. The new BCI system implanted by Neuralink [71] in
primates appears to be based on this concept, which transmits data over Bluetooth at low data
rates. Considering the advancements in hardware and machine learning algorithms, it is beneficial
to conduct research on stroke patients. As mentioned in chapter 1, the majority of people with UE
disability are stroke patients, and there is a growing demand for BCI devices that are compatible

with stroke patients.
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